Supplementary material
Data Collection and Description
The data used in this study was meticulously collected from various academic papers and technical reports related to radiation hardening, spanning from 1985 to 2024 [1-41]. The collected steel types include Eurofer97, F82H, T91, OPTIFER, JLM, JLF, and CLAM. This dataset includes detailed information on the chemical composition of reduced-activation steels, the conditions of radiation exposure, and the yield strength.
Fig. 1 presents the distribution of various input variables within the dataset. These variables encompass the chemical elements, Carbon (C), Chromium (Cr), Tungsten (W), Molybdenum (Mo), Tantalum (Ta), Vanadium (V), Silicon (Si), Manganese (Mn), Nitrogen (N), Aluminium (Al), Arsenic (As), Boron (B), Cobalt (Co), Copper (Cu), Oxygen (O), Phosphorus (P), Titanium (Ti), and Zirconium (Zr). Additionally, it includes irradiation conditions such as Irradiation Dose (Dose), Helium Production (He), and Irradiation Temperature (Tirr), as well as Yield Stress.
Table 1 offers a statistical summary of these variables, displaying their minimum, maximum, mean, and standard deviation values. The elements commonly used in reduced-activation steels include C, Cr, W, Mo, Ta, V, Si, and Mn. Other elements such as N, B, As, Co, Cu, Ni, Al, P, Pb, S, Ti, and Zr are present in relatively low amounts in the samples. The mean and standard deviation values of these elements show their distribution across different samples. Although these elements are present in low concentrations, they can significantly impact the properties of the steel in trace amounts. The data also includes radiation conditions and yield stress.
The collected data covers a wide range of RAFM steel samples and their performance under various irradiation conditions. This comprehensive statistical summary not only provides the fundamental characteristics of the materials but also lays a solid foundation for subsequent analysis and modelling. We aim to gain valuable, data-driven insights into the behaviour of these materials under irradiation exposure.
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Fig. 1. Histograms displaying the distribution of variables such as elements, irradiation dose, helium production, irradiation temperature and yield stress.
Table 1
Statistical summary of variable measurements (Composition elements in wt.%).
	Variables
	Mean
	Standard Deviation
	Maximum
	Minimum

	C
	0.09719 
	0.01307 
	0.2
	0.0092

	Cr
	8.37662 
	0.83372 
	12
	2.25

	W
	1.49473 
	0.77203 
	3
	0

	Mo
	0.14963 
	0.35411 
	1
	0

	Ta
	0.06326 
	0.10049 
	0.54
	0

	V
	0.18353 
	0.05377 
	0.3
	0

	Si
	0.05564 
	0.05114 
	0.37
	0

	Mn
	0.15650 
	0.20740 
	1.13
	0

	N
	0.00268 
	0.00800 
	0.06
	0

	Al
	0.00111 
	0.00413 
	0.054
	0

	As
	0.00002 
	0.00028 
	0.005
	0

	B
	0.00074 
	0.00142 
	0.0085
	0

	Co
	0.00015 
	0.00088 
	0.01
	0

	Cu
	0.00056 
	0.00308 
	0.035
	0

	Nb
	0.01594 
	0.10509 
	1.6
	0

	Ni
	0.05615 
	0.30222 
	2
	0

	O
	0.00015 
	0.00103 
	0.009
	0

	P
	0.00136 
	0.00140 
	0.007
	0

	Pb
	0.00002 
	0.00028 
	0.005
	0

	S
	0.00123 
	0.00116 
	0.005
	0

	Ti
	0.00977 
	0.04504 
	0.25
	0

	Zr
	0.00023 
	0.00325 
	0.059
	0

	Tirr (℃)
	137.06 
	182.33523 
	652
	0

	Dose (dpa)
	3.85271 
	10.37125 
	90
	0

	He (appm)
	55.99097 
	577.83253 
	6315
	0

	Ttest (℃)
	280.94598 
	208.85996 
	732
	-150

	Yield Stress (MPa)
	544.03315 
	189.58747 
	1539
	117


Data preprocessing
Generally, the original data obtained is incomplete and may contain a significant number of missing values, outliers, and duplicate entries. If these unprocessed data are directly used to build a prediction model, the prediction accuracy of the model would be adversely affected [42, 43]. Therefore, normalisation was applied as a data preprocessing method in the current study as shown in Eq. (1).
 				            	  	                      (1)
where  is the normalised value,  is the original value, and  and  are the minimum and maximum values of the dataset respectively.
This normalisation process scales the data to a range between 0 and 1, ensuring that all variables contribute equally to the analysis and model training, thus improving the overall prediction accuracy.
Outliers can significantly affect the accuracy and robustness of prediction models [43]. Therefore, it is crucial to detect and treat outliers appropriately. In this study, boxplot analysis was conducted to identify outliers in the dataset. Fig. 2 illustrates the boxplots for various input variables, including chemical elements, irradiation conditions and Yield Stress. Each boxplot provides a visual representation of the distribution of values for a particular variable, highlighting the central tendency and spread of the data, as well as identifying any outliers.
From the boxplots, it was evident that several variables contained outliers. These outliers appear as individual points that lie significantly outside the range of the majority of the data. To address the presence of these outliers, the Interquartile Range (IQR) method was employed. The IQR method involves calculating the range between the first quartile (Q1) and the third quartile (Q3) of the data. Data points that lie below Q1 - 1.5IQR or above Q3 + 1.5IQR are considered outliers.
By applying the IQR method, outliers were systematically identified and removed from the dataset. This process ensured that the remaining data is more representative of typical conditions and reduced the likelihood of skewed analysis or model performance. The removal of outliers contributes to the overall robustness and accuracy of the predictive models developed in this study.
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Fig. 2. Boxplots representing the spread and central tendency of variables, with values on the vertical axis. Each plot corresponds to a different variable, such as elements or conditions. The red line within each box indicates the median of the data.
Hyperparameter Optimisation
In the hyperparameter optimisation stage, the data was split into a training set and a testing set in an 8:2 ratio. For the neural network models, we used grid search to optimise the hyperparameters, and the results are shown in Table 2. 
Table 2
Optimised Hyperparameters for 1D-CNN, and ResMLP Models Using Grid Search.
	Hyperparameter
	1D-CNN
	ResMLP

	Batch Size
	32
	64

	Dropout Rate
	0.3
	0.5

	Hidden Size
	/
	512

	Input Size
	26
	26

	Learning Rate (lr)
	0.01
	0.0005

	Loss Function
	MSELoss
	MSELoss

	Number of Epochs
	1500
	1000

	Number of Layers
	/
	/

	Optimizer
	Adam
	Adam

	Fully Connected Layers
	2 layers: Linear (64*input_size → 128), Linear (1 → 281)
	/

	Convolutional Layers
	3 layers: Conv1d (1 → 16), Conv1d (16 → 32), Conv1d (32 → 64)
	/


For the ensemble algorithms, instead of using automated hyperparameter optimisation methods, which can be inefficient and do not always guarantee the best results while also increasing the risk of overfitting, we manually selected the three most important hyperparameters for each model and fixed the remaining hyperparameters. Table 3, lists the key hyperparameters chosen for each model and their respective ranges.
Table 3
Hyperparameter selection and range specification for XGBoost, GBDT, and RF models.
	Model
	Hyperparameter
	     Range

	XGBoost
	n_estimators
	5000, 10000, 15000, 20000

	
	max_depth
	5 to 20 (incrementing by 1)

	
	eta
	0.00035 to 0.0015 (5 evenly spaced values)

	GBDT
	n_estimators
	5000, 10000, 15000, 20000

	
	learning_rate
	0.0001 to 0.001 (5 evenly spaced values)

	
	max_depth
	5 to 12 (incrementing by 1)

	RF
	n_estimators
	50 to 1000 (incrementing by 50)

	
	max_features
	1 to 17 (incrementing by 1)

	
	max_depth
	5 to 20 (incrementing by 1)


To evaluate the models, we used metrics such as coefficient of determination (R²), Pearson Correlation Coefficient (PCC), and Root Mean Square Error (RMSE). The formulas for these metrics are as shown in Eqs. (2-4).
 	                        (2)
                      	(3)
                   (4)
Where, is the actual value of the i-th observation,  is the predicted value of the i-th observation,  is the mean of the actual values, and  are the first and second sets of data.
To see the relationship between the three selected hyperparameters and the evaluation metrics, ternary contour plots were used, Figs. 3-5. Each axe represents one of the normalised hyperparameters and the colours indicate the evaluation metrics. We prioritise regions where both the training and testing sets exhibited good performance, ensuring the model’s effectiveness on new data and avoiding overfitting. Selecting overlapping regions enhances the model's stability and reliability, ensuring consistent performance across different datasets. 
Figs. 3-5 show the three-dimensional contour plots for the GBDT, XGBoost and RF models on the training set (a, c, e) and the test set (b, d, f). Each pair of plots represents different evaluation metrics.
For the GBDT Mode, Fig. 3 depicts model performance metrics visualized through colour gradients, each correlating with hyperparameter variations. Fig. 3(a) and Fig. 3(b) illustrate R² values, showing a range from 0.49 to 0.96 in the training set and 0.49 to 0.86 in the test set, peaking in regions with higher n_estimators and max_depth, and moderate learning_rate. Fig. 3(c) and Fig. 3(d) represent PCC, with the training set values between 0.90 to 0.98 and the test set from 0.89 to 0.93, also favouring similar hyperparameter settings. Fig. 3(e) and Fig. 3(f) display RMSE, indicating lower errors under higher n_estimators and max_depth in the training set, with moderate n_estimators and max_depth showing benefits in the test set, consistently with a moderate learning_rate.
Based on the detailed chart interpretation, the red dashed areas in the test set plots denote the overlapping regions between the training and test sets, indicating the optimal hyperparameter combinations. 
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Fig. 3. Ternary contour plots for the GBDT model on training (a, c, e) and test (b, d, f) sets. Optimal hyperparameter ranges are indicated by the overlapping regions.
For the XGBoost model, Fig. 4(a) and Fig. 4(b) illustrate R2 values, which in the training set are optimized with high n_estimators (0.75 to 1.00), max_depth (0.50 to 1.00), and moderate eta (0.25 to 0.50). Conversely, the test set shows optimal R2 with more moderate n_estimators (0.50 to 0.75), high max_depth (0.75 to 1.00), and lower eta (0.00 to 0.25). Fig. 4(c) and Fig. 4(d) present PCC values, peaking in the training set under high n_estimators and max_depth with a moderate eta, while the test set finds higher PCC values under moderate n_estimators settings, high max_depth, and low to moderate eta. Fig. 4(e) and Fig. 4(f) show RMSE patterns, where the training set exhibits lower errors with high n_estimators and max_depth, and moderate eta. In the test set, lower RMSE is achieved with moderate n_estimators, high max_depth, and low to moderate eta, marking a notable contrast to the training set settings.
The absence of overlapping optimal regions between the training and test sets indicates that the XGBoost model is overfitting, showing high performance on the training data but poor generalisation to new data. Consequently, XGBoost is not well-suited for this dataset.
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Fig. 4. Ternary contour plots for the XGBoost model on training (a, c, e) and test (b, d, f) sets. The plots reveal that the optimal hyperparameter regions differ between training and test sets, indicating overfitting.
For the RF model, Fig. 5(a) and Fig. 5(b) show that higher R2 values in the training set correlate with high n_estimators (0.75 to 1.00), high max_depth (0.75 to 1.00), and low max_features (0.00 to 0.25), whereas in the test set, optimal R2 values occur with moderate n_estimators (0.50 to 0.75), max_depth (0.50 to 0.75), and max_features (0.50 to 0.75). Fig. 5(c) and Fig. 5(d) indicate that the training set's PCC is highest under similar high settings, while the test set achieves higher PCC with moderate settings. Finally, Fig. 5(e) and Fig. 5(f) illustrate that the training set achieves lower RMSE values with high settings, and the test set shows lower RMSE with moderate settings of n_estimators, max_depth, and max_features. The red dashed areas in the test set plots highlight overlapping regions indicating the optimal hyperparameter ranges.
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Fig. 5. Ternary contour plots for the RF model on training (a, c, e) and test (b, d, f) sets. The red dashed areas in the test set plots highlight overlapping regions with the training set, indicating optimal hyperparameters.
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