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A B S T R A C T

EUROFER97 and other Reduced Activation Ferritic-Martensitic (RAFM) steels are candidate structural materials 
for fusion reactors. Qualification of these steels requires the assessment of their performance under fatigue 
loading especially after exposure to neutron irradiation. However, the significantly high costs and engineering 
complexity of performing such tests make the experiments on irradiated material difficult. Therefore, alternative 
methods to predict the fatigue life of RAFM steels are deemed beneficial. In this study, machine learning was 
used to predict the fatigue life of irradiated and non-irradiated RAFM steels utilizing published experimental 
data. Four algorithms were benchmarked: Random Forest Regression (RF), Support Vector Regressor (SVR), 
Gradient Boosted Regressor (GBR), and MultiLayer Perceptron (MLP). Predictions were made based on two 
scenarios: one scenario with yield strength as input along with the fatigue test condition, and the second scenario 
without the yield strength. The results showed that RF and GBR were the best performing algorithms, with R2 

score between 0.9522 and 0.9696 on the training set and between 0.9058 and 0.9249 on the validation set. The 
Mean Absolute Percentage Error (MAPE) score was between 0.3 and 0.43 % on the training set and 0.7 and 1.2 % 
on the validation set. The quality of prediction of fatigue life without using the yield strength was shown to be 
almost equal to that in the first scenario. SHAP analysis revealed that strain range was the most influential input 
feature, while GBR showed greater sensitivity to secondary features such as temperature and diameter. GBR also 
captured more nuanced interactions between input variables, particularly in irradiated datasets, confirming its 
superior ability to model complex fatigue behaviour. The ability of these algorithms to predict the fatigue life 
corresponding to test conditions not used for training was checked using 15 % of the collected database as a 
prediction set, which included fatigue life of irradiated materials. Results indicated that these algorithms were 
able to predict the fatigue life of this set with 83-87 % of the points lying within the factor of two from the 
experimental value.

Introduction

Thermomechanical fatigue is considered to be one of the main fac
tors defining the lifetime of structural components in fusion reactors [1]. 
The European fusion roadmap includes major milestones for the future: 
ITER and DEMO. These tokamak-type fusion reactors have a cyclic 

work-mode. Besides that, plasma instabilities such as Multifaceted 
Asymmetric Radiation From the Edges (MARFEs) are expected to 
accompany plasma discharges [2,3]. Structural materials in the 
In-Vessel Components (IVC’s) will have to withstand these operating 
conditions under 14 MeV neutron irradiation in a vacuum environment.

Qualification of EUROFER97 and other Reduced Activation Ferritic- 
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Martensitic (RAFM) steels [4–9] requires extensive Low Cycle Fatigue 
(LCF) experimental campaigns under different testing conditions (tem
peratures, media) and under relevant neutron irradiation doses. Several 
experimental campaigns [10–14] were performed to assess the ageing of 
RAFM steels under low and high dose neutron irradiation corresponding 
to the expected doses in the ITER test blanket module (3 dpa), and the 
DEMO breeder blanket (20-50 dpa). The aim of these studies was to aid 
the development of specific design codes, for example the DEMO Design 
Criteria for In-Vessel Components (DDC-IC) by the EUROfusion Con
sortium [15,16]. However, the availability of LCF results for neutron 
irradiated specimens is limited due to the complexity and high cost of 
performing such tests. Therefore, methods to predict fatigue life are 
deemed beneficial [17].

The fatigue performance of RAFM steels under cyclic loading is 
governed by test medium, specimen geometry, and irradiation effects 
[18]. These factors interact in complex ways to influence crack initia
tion, propagation, and fatigue life. Experiments showed that fatigue life 
is reduced when specimens are tested in air compared to vacuum. This 
degradation was attributed to oxidation-driven mechanisms that accel
erate both crack initiation and propagation [19,20]. Specimen diameter 
also affects fatigue life. Specimens with a diameter of 1 mm demon
strated significantly shorter fatigue lives that those with a 7 mm diam
eter. This disparity is due to the increased proportion of oxidized volume 
in the smaller specimens [21].

Irradiation introduces more complexity to fatigue behaviour. At 
lower strain amplitudes, irradiated RAFM steels tend to show higher 
fatigue life compared to the unirradiated steels, which is attributed to 
irradiation-induced hardening. However, at higher strain ranges, the 
effect of irradiation becomes inconsistent. Some studies report a 
reduction in fatigue life after irradiation, while others observe an 
improvement [22].

In the current age of big data and high computation powers, machine 
learning (ML) uses computers to build models, predict, and quantify the 
uncertainties related to these predictions. ML algorithms are able to 
efficiently build correlations between data inputs and the desired output 
(s) [23–25]. Another advantage is their higher computational accuracy 
and efficiency for non-linear regression compared to conventional sta
tistical methods [26–28].

The aim of this study is to predict the fatigue life of irradiated and 
non-irradiated RAFM steels. The performance of widely used ML algo
rithms from literature was assessed to select the best algorithm for 
prediction. Random Forest (RF), Support Vector Regression (SVR), 
MultiLayer Perceptron (MLP) as an ANN algorithm, and Gradient 
Boosting Regression (GBR) as a boosting algorithm were used for this 
purpose. A brief literature study on the prediction of fatigue life in RAFM 
steels is presented in section 2. The gathered LCF database is shown in 
section 2.1. The different ML algorithms used in the benchmarking 
process are presented in section 2.2 using the framework in section 2.3. 
Feature selection results are shown in section 3.1. The method bench
marking results are shown in section 3.2. The quality of the prediction of 
unseen test conditions are shown in section 3.3.

Related works

Traditional fatigue life prediction methods can be broadly catego
rized into physics-based, and data-driven, approaches. Physics-based 
methods rely on empirical equations and simulation models to 
describe fatigue damage evolution. On the other hand, data-driven 
methods rely entirely on the data and tries to numerically model the 
relationship between the influencing factors and the target outcome. 
Among these methods are machine learning models that use the avail
able data to extract important features from the input data to predict the 
required behaviour such as fatigue life.

Physics-based methods

This subsection lists the contributions by previous works for physics- 
based methods predicting the fatigue life of RAFM steels. 

• Numerical simulations based on Chaboche viscoplasticity equations 
and continuum damage mechanics have been performed to predict 
the fatigue life of RAFM steels in the nonirradiated [29–31] and 
irradiated conditions [32]. However, these models are time 
consuming in terms of running and parametrization times. In addi
tion, parametrizing these models requires the availability of several 
LCF results at each temperature. This is a challenge when it comes to 
testing irradiated specimens as explained in the introduction section.

• Another way to solve this problem was to estimate the parameters of 
the Manson, Coffin, and Basquin equation [33–35] from tensile 
properties. Some studies were able to use this method to predict the 
fatigue life of non-irradiated RAFM steels in air and vacuum [36–38]. 
A study by Zahran et al. predicted the fatigue life of irradiated and 
non-irradiated RAFM steels using the same methodology [18]. In this 
study, it was established that test medium (air or vacuum) and 
specimen size have an effect on fatigue life. Therefore, they have to 
be accounted for when making the predictions.

The main problem with these previously mentioned physics-based 
methods is that they are knowledge-based, which means they rely on 
physics-based models or experiences in assuming the parameters of the 
equations. The challenge is that the effect of irradiation on the fatigue 
behaviour of RAFM steels is not yet fully understood. Initially, it was 
observed that fatigue life increases after irradiation especially for 
smaller strain ranges. In the study by Petersen et al., the behaviour of 
EUROFER97 after neutron irradiation was described as ‘ambiguous’ 
[39]. In another review study by the same authors, a scatter of fatigue 
life of irradiated RAFM steels was observed around the non-irradiated 
ones indicating little influence of irradiation on fatigue life [22].

Data-driven methods

• Few works were found on the use of ML for prediction of mechanical 
properties of RAFM steels, such as yield strength, ultimate tensile 
strength, total elongation, and impact energy after irradiation 
[40–44]. No studies were found on the prediction of the fatigue life of 
RAFM steels.

• ML has recently been used to predict the fatigue behaviour of 
metallic alloys in several studies [45–52]. Hei et al. [47] applied the 
RF and ANN methods to different steels, while Sai et al. [48] relied on 
RF, SVR, and boosting algorithms for multiprincipal element alloys.

Although several studies were done to predict the fatigue life of 
metallic alloys in literature, no studies were found on the prediction of 
the fatigue life of RAFM steels. In addition, no studies were found in the 
literature predicting the fatigue life of irradiated metallic alloys in 
general.

The different methods predicting fatigue life of RAFM steels in 
literature are summarized in Table 1.

From this table, the gap in literature is obvious. Therefore, the 

Table 1 
Summary of related works in literature predicting the fatigue life of RAFM steels.

Approach Method Non-irradiated 
RAFM steels

Irradiated RAFM 
steels

Physics- 
based

Numerical simulations [29–31] [32]
Manson, Coffin, and 
Basquin equation

[36–38] [18]

Data- 
driven

ML None 
Scope of this study
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novelty of this study is that this is the first study to apply ML methods to 
predict the fatigue life of RAFM steels, particularly including data from 
irradiated materials.

LCF database and ML algorithms

LCF database

The strain-controlled LCF results of various RAFM steels were gath
ered from open literature. There are various steels to be qualified as 
candidates for structural components in fusion reactors. The gathered 
database included LCF results of EUROFER97 [53], JLF-1 [54], F82H, 
[55] ARAA [56], In-RAFM [57], and CLAM steels [5]. The gathered 
database and the sources are summarized in Table 2 and Table 3 for the 
non-irradiated and irradiated RAFM steels respectively.

As mentioned in the introduction, the fatigue life of RAFM steels is 
affected by the specimen diameter, test medium, and irradiation dose. 
This is in addition to the test temperature and strain range with their 
well-known effects on fatigue life. Therefore, these parameters were 
used as input to the ML algorithms.

The database includes a total of 458 fatigue tests with 408 tests for 
non-irradiated material and 50 tests for irradiated material. It covers 
also different specimen diameters (1 – 10 mm), test media (air and 
vacuum), and irradiation doses (2.5 – 71 dpa). The distribution of input 
parameters and the output variable (fatigue life) are shown in Fig. 1 and 
Fig. 2 respectively. It can be observed that the number of tests for non- 
irradiated material (irradiation dose equal to zero in Fig. 1(d)) is 
significantly higher than those for irradiated material due to the engi
neering difficulties discussed in the introduction section). It is worth 
mentioning that this is the same LCF results database gathered for a 
previous study by authors [18] to which the reader might refer for the 
detailed test conditions, and for a statistical analysis of the effect of 
specimen diameter and test medium on fatigue life for RAFM steels.

Previous studies predicting fatigue life using ML used only the fa
tigue test conditions as input for the models [28,79] which is the essence 
of ML. Also, some recent studies used material properties such as tensile 
properties or chemical composition as inputs as well [47,80–82]. This 
was claimed to help generalize the application of the ML models on 
different materials within the same class. In this study, both scenarios 
were tested.

In Scenario 1, yield strength was chosen as the material parameter 
representing the material tensile properties. The reason for this choice is 
the possibility to extrapolate the yield strength of the material at irra
diation doses under which tensile tests are not yet available through the 
irradiation induced hardening curves [32]. In addition to this, the effect 
of thermo-mechanical heat treatment plays a more significant role in the 
resulting yield strength of RAFM steels compared to the chemical 
composition. The solid solution contribution to yield strength is minor 
compared to the dislocation forest hardening, dislocation-precipitate 
pinning, and the Hall-Petch effect due to laths. In this case, yield 

strength would represent the chemical composition and the 
thermo-mechanical heat treatment of the RAFM steels [83–87]. Yield 
strength would then be an input in addition to the fatigue test condi
tions: specimen diameter, irradiation/test temperature, test medium, 
irradiation dose, and applied strain range.

Since the difference in yield strength at a given temperature was 
found to be relatively small between the different RAFM steels, Scenario 
2 was considered in the present work disregarding yield strength and 
using only the mentioned fatigue test conditions as inputs to the ma
chine learning model.

The yield strength of the RAFM steels at the same test conditions of 
the gathered LCF database were gathered from literature as well and 
their values are listed in Table 4 and Table 5 for the non-irradiated and 
irradiated RAFM steels respectively.

ML algorithms

In this study, four different ML algorithms were benchmarked to 
assess their ability to predict the fatigue life of RAFM steels. The four 
algorithms are RF, SVR, MLP, and GBR. The input features and the 
output targets were extracted from the gathered LCF database as 
described in section 2.1. The following subsections outline the theoret
ical background of each algorithm with details on the method of 
handling the input features. The full implementation of these algorithms 
is then described in section 2.4.

RF
RF is an ensemble supervised ML algorithm that combines the 

ensemble learning and the non-linear statistical approaches [94,95], and 
it builds multiple decision trees (a hierarchical supervised-learning al
gorithm) to improve the overall accuracy and robustness. Each tree is 
trained on a random subset of the data using a bootstrap aggregation 
method [96] ensuring diverse model perspectives and reducing 

Table 2 
Test conditions and sources for the database of LCF tests of nonirradiated RAFM steel specimens as obtained from open literature.

Material Test medium Test temperature (◦C)

RT 150 250 300 330 350 400 450 500 550 600 650

E97-1 Air [1] ​ ​ [58] [59] ​ ​ [60,61] [60,62] [61] ​ [61]
Vacuum ​ [1] [63] [1] ​ [63] ​ [63] ​ [1] ​ ​

E97-2 Air [64] ​ ​ ​ [59] ​ ​ ​ ​ [64–66] ​ ​
E97-3 Air [67,68] ​ ​ [68] ​ [67,68] ​ [68] ​ [68] ​ ​
F82H ​ [69,70] ​ ​ [69] [59] ​ [69] [69] [69] [69] ​ ​

Vacuum [36,71] ​ [71] ​ ​ ​ [72] ​ [72] [36] [72] [72]
JLF-1 Air [73] ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Vacuum [73] ​ ​ ​ ​ ​ [73] ​ ​ ​ [73] ​
ARAA Air ​ ​ ​ [74] ​ ​ ​ ​ ​ [74] [74] ​
In-RAFM Air [75] ​ ​ ​ ​ ​ [75] [75] ​ [75] [75] ​
CLAM Air [76] ​ ​ ​ ​ ​ ​ [77] ​ [77,78] ​ ​

Table 3 
Test conditions and sources for the database of LCF tests of irradiated RAFM steel 
specimens as obtained from open literature.

Material Test 
medium

Irradiation 
campaign

Irradiation 
dose (dpa)

Irradiation/test 
temperature (◦C)

E97-1 Air SOSIA-02 2.5 300 [58]
Vacuum HFR Phase-IIb 

(SPICE)
16.3 250 [63]

350 [63]
450 [63]

Air ARBOR 1 30.2 330 [59]
ARBOR 2 71 330 [22]

E97-2 Air ARBOR 1 30.2 330 [59]
ARBOR 2 71.0 330 [22]

F82H Vacuum N/A 3.8 Tirr=250, Ttest=RT 
[71]
250 [71]

Air ARBOR 1 30.2 330 [59]
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prediction variance. In the context of this study, RF is particularly ad
vantageous as it efficiently handles non-linear relationships and reduces 
sensitivity to outliers. These considerations are key given the hetero
geneous test conditions and material variability in the LCF database.

A decision tree is divided into three parts: the root node for the input, 

the leaf node for the output, and the intermediate node. In the RF al
gorithm, a large number of decision trees is produced. The predictions of 
all decision trees are then averaged to give the final predicted value.

In the case of the LCF database, the RF algorithm receives an input 
feature vector composed of the LCF test conditions. By training on 

Fig. 1. Distribution of values of input parameters to the ML model: (a) Yield strength, (b) diameter, (c) temperature, (d) irradiation dose, (e) test medium, and (e) 
strain range.
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various bootstrapped subsets of the data, each tree learns a slightly 
different mapping from the data to the predicted fatigue life. The 
averaging step for the predictions of all the different trees makes the RF 
algorithm more robust against outlier and noisy data in the LCF dataset. 
This is useful due to the variety of RAFM steels and test conditions 
included in this study. In particular, the ensemble nature of RF helps 
capture nonlinearities in how the different inputs interact to influence 
the fatigue life.

The main parameters to be defined for RF are the number of decision 
trees (200-2000), and the maximum depth of the tree (10-110) as shown 
later in Table 6.

SVR
SVR is a supervised ML algorithm designed to find the optimal 

regression line (or hyperplane) by maximizing the margin between 
predicted and actual values, using a kernel to model complex, non-linear 
relationships [97,98].Support vectors are the specific datapoints in the 
training set that lie closest to the regression hyperplane and directly 
determine its position and orientation. In SVR, only these points (rather 
than the entire dataset) influence the final model, making SVR both 
efficient and robust to capture intricate patterns within the fatigue life 
data by focusing on the most informative datapoints. This makes it 
well-suited for datasets with limited but diverse samples as in this study. 
The radial basis function (RBF) is chosen as the kernel model due to its 
high efficiency and accuracy, and the kernel parameter was chosen with 
a value of 0.1.

In the case of the LCF database, the kernel model captures the 
complex relationships between the input features vector and fatigue life. 
The parameter kernel parameter controls the kernel’s reach, while the 
penalty parameter C manages the penalty for large errors. For instance, 
if certain datapoints deviate strongly from the rest, the SVR model can 
either allow for that deviation (when the value of C is small) or try to fit 
it more tightly (when the value of C) is large. The end result is a 
continuous function f(x) that predicts the fatigue life for a given set of 
input parameters.

The main parameter to be defined for SVR is then the penalty 
parameter C (1-1000) as shown later in Table 6.

MLP
Artificial Neural Network (ANN) has widely been used to solve non- 

linear problems by acquiring knowledge through experience [99,100]. 
The key advantage of ANN is their flexibility to model subtle, 
high-dimensional interactions between test conditions allowing for ac
curate fatigue life predictions even when input-output relationships are 
not explicitly defined. A MLP-ANN [101] was used in this study.

Fig. 2. Distribution of the output variable (fatigue life).

Table 4 
Yield strengths of the analysed nonirradiated RAFM steels.

Material Test 
temperature 
(◦C)

Yield 
strength 
(MPa)

Material Test 
temperature 
(◦C)

Yield 
strength 
(MPa)

E97-1 
[53]

23 532 F82H 
[69]

23 540
150 503 250 476
250 487 300 472
300 473 330 469
330 462 400 452
350 454 450 434
450 403 500 400
500 370 550 353
550 331 600 288
650 194 650 201

E97-2 
[88]

23 531 JLF-1 
[89]

23 497
330 460 400 404
550 317 600 316

E97-3 
[90,
91]

23 532 ARAA 
[74]

300 445
300 465 550 356
350 458 600 323
450 440 In- 

RAFM 
[92]

23 509
550 339 400 424

CLAM 
[93]

23 576 450 413
450 404 550 373
550 364 600 337

Table 5 
Yield strengths of the analysed irradiated RAFM steels.

Material Irradiation dose 
(dpa)

Irradiation/Test 
temperature (◦C)

Yield strength 
(MPa)

E97-1 2.5 300 [58] 735
16.3 250 [63] 877

350 [63] 676
450 [63] 415

30.2 330 [59] 930
71 330 [22] 947

E97-2 30.2 330 [59] 916
71.0 330 [22] 998

F82H 3.8 RT [71] 823
250 [71] 684

30.2 330 [59] 913

Table 6 
Hyperparameters determined for every algorithm for Scenario 1 and Scenario 2.

Algorithm Hyperparameter Grid 
range

Tuned value 
for scenario 1

Tuned value 
for scenario 2

RF Number of decision 
trees

{200 – 
2000}

1400 200

Max depth of the tree {10 – 
110}

100 50

SVR Penalty parameter {1 – 
1000}

100 10

MLP Number of hidden 
layers

{1 – 5} 4 4

Number of neurons in 
each hidden layer

{5 – 50} 45, 30, 20, 5 35, 30, 25, 5

GBR Min samples to be a 
leaf node

{1 – 5} 3 4

Min samples to split a 
leaf node

{1 – 50} 30 10

Number of boosting 
iterations

{100 – 
500}

200 200

Subsample {0.8 – 
1.0}

0.9 0.9

H. Zahran et al.                                                                                                                                                                                                                                 Fusion Engineering and Design 221 (2025) 115394 

5 



A typical ANN consists of three types of layers: input, output, and one 
or more hidden layers, and each layer consists of a number of neurons. In 
this study, the rectified linear unit (ReLU) activation function was 
chosen passing the output of the neuron to the next layer. The learning 
rate was set at 0.001.

In the case of the LCF database, the input layer contains a number of 
neurons equal to the number of input features (five for scenario 1 and 
four for scenario 2). The output layer contains a single neuron whose 
activation represents the predicted fatigue life.

By stacking multiple hidden layers between the input and output 
layer, the MLP algorithm is capable of learning complex, highly non- 
linear relationships. This is beneficial where interactions between the 
different input features leads to significant variability in fatigue life. 
Once trained, the MLP algorithm an take any combination of these input 
features and yield a direct numerical prediction of fatigue life. The 
network’s parameters (weights and biases) are iteratively update during 
the training process so that the difference between the predicted and 
actual fatigue life is minimized.

The main parameters to be defined for MLP are the number of hidden 
layers (1-5) and the number of neurons in each hidden layer (5-50) as 
shown later in Table 6.

GBR
GBR is an ensemble learning technique that builds a series of shallow 

decision trees (weak learners), each one correcting the errors of its 
predecessor in a stage-wise fashion [102]. Decision trees are used as 
prediction models here. The idea here is that the algorithm initializes the 
weak prediction model including the loss function to be minimized by 
the output parameter of the initial leaf nodes k. After each iteration, the 
pseudo-residuals are calculated as the negative gradient of the loss 
function of every sample where the learning rate (shrinkage parameter) 
in this study is set at 0.2.

In the case of the LCF database, each weak learner is a decision tree 
that uses the same input vector to give an estimate for the fatigue life. 
GBR starts with this simple estimate and iteratively refines it by fitting 
new trees to the residuals at each step. By adding weak learners in a 
stage-wise manner, the final model can capture subtle relationships such 
as how slight increments in the input features affect the overall fatigue 
performance. The learning rate controls how fast or slow the model 
corrects itself. Therefore, a moderate value (0.2 in this case) helps bal
ance overfitting versus underfitting of the dataset.

The main parameters to be defined for GBR are the number of 
boosting iterations (100-500), the fraction of samples to be used for 
fitting (subsample of 0.8-1.0), the minimum number of samples required 
to split an internal node (1-50), and the minimum number of samples 
required to be a leaf node (1-5) as shown later in Table 6.

Feature selection

Mutual information assessment
An initial assessment was made on the whole dataset to quantify the 

importance of the different input vectors. Mutual information assess
ment was done to measure the dependency between the input vectors, 
and the target vector (fatigue life). This technique is based on the en
tropy estimation using k-nearest neighbours distances [103,104]. 
Mutual information assessment is calculated using the following equa
tion [50]: 

MI(Class, Attribute) = S(Class) − S(Class|Attribute) (1) 

where S(x) represents the information entropy. In mutual information, 
the higher the value, the higher the dependency. A value of zero rep
resents no dependency. The input vectors included one tensile property 
that differentiates the different RAFM steels included in this study. The 
rest of the vectors were the fatigue test conditions.

Correlation matrix
The correlation analysis was performed on the input variables x, and 

the output variable (fatigue life) y in this study. The correlation coeffi
cient is a value ranging from -1 to 1. A value of zero indicates no cor
relation at all, and a value of 1 or -1 indicates perfect positive or negative 
correlation respectively. It is calculated using the following equation: 

PCC =

∑
(x − x)(y − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(x − x)2 ∑
(y − y)2

√ (2) 

ML framework

The algorithms described in section 2.2 were implemented using 
scikit-learn library in python [105]. The database of LCF specimens was 
imported with the values of input features and targets as listed in section 
2.1. The ML workflow then consisted of several steps: (i) Data loading 
and splitting, (ii) Data pre-processing (standardization), (iii) Hyper
parameter tuning, (iv) Model training, (v) Model validation, and (vi) 
Final prediction. The ML workflow is summarized in the flow chart in 
Fig. 3. In the following subsections, each step is detailed in context of the 
LCF database.

Data loading and splitting
All data points (fatigue test results on RAFM steels) were gathered 

into a single database, where each row correspond to one fatigue test. 
The features (input variables) and the target (fatigue life) were sepa
rated out and labelled according.

The entire database was then randomly splits into three sets: training 
set (70 % of the datapoints) used for both training the model and per
forming the hyperparameter tuning, validation set (15 % of the data
points) used after the model has been trained to check for overfitting and 
guide final hyperparameter adjustments, and prediction set (15 % of the 
datapoints) which is put aside and only used after the final hyper
parameters have been chosen to provide an unbiased estimate of the 
model’s performance on truly unseen data. This three-way split ensures 
that the final performance metrics are not overly optimistic due to 
repeated exposure of the data during hyperparameter tuning.

Data pre-processing
Before training, it is crucial to normalize or scale the input features 

and the target variable (fatigue life) so that large-values variables do not 
prevail over the smaller-valued ones during optimization. For this 
reason, their values were pre-processed using scikit-learn’s Stand
ardScaler function. This function normalizes each column in the dataset 
to have a mean of zero and a standard deviation of one [106]. Each input 
feature x is scaled according to the following equation: 

xscaled =
x − μ

σ (3) 

where μ and σ are the mean and standard deviation of that feature, 
computed only on the training set.

Specifically, the implementation of the pre-processing starts with 
computing the mean and standard deviation of each feature from the 
training set. Then the training set features are scaled accordingly. 
Finally, the same scaling is applied to both the validation and prediction 
sets. This procedure avoids any data leakage (i.e., ensures the informa
tion in the validation or prediction sets does not influence the model 
training or feature scaling).

Hyperparameter tuning
Each of the four algorithms (RF, SVR, MLP, and GBR) described in 

section 2.2 require a set of hyperparameters that strongly affects its 
performance (e.g., the number of estimators for RF, or the penalty 
parameter C for SVR). Therefore, the selection of these hyperparameters 
has to be done with care.
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In order to systematically search for the optimal hyperparameter 
values, Scikit-learn’s GridSearchCV [107] was used in combination with 
a 5-fold cross-validation on the training set [108]. GridSearchCV was 
chosen as it exhaustively evaluates all combinations over the 
moderate-sized hyperparameter grids, which guarantees the reproduc
ibility of results, and integrates seamlessly with scikit-learn’s 
cross-validation pipeline. For each algorithm, a dictionary of possible 
hyperparameter values is created. For instance, in SVR, a dictionary of 
the penalty parameter C with values {1, 10, 100, 1000} is created. 
Similarly for all the hyperparameters of the rest of the algorithms. These 
values were chosen based on the typical values recommended in liter
ature, expertise based on similar problems, and computational 
feasibility.

During the 5-fold cross-validation, the training set was further 
divided into five folds (subsets) of approximately equal size. In each 
iteration, four of the five folds were used to train the model with a 
specific hyperparameter combination, and the remaining fold was used 
for internal validation. This process is repeated five times, each using a 

different fold as the internal validation fold, ensuring all data in the 
training set was once used for internal validation.

For each hyperparameter combination, an average R2 across the five 
folds was calculated. The average R2 reflects how well each combination 
generalizes within the training set, mitigating the risk of overfitting a 
single subset. The best hyperparameters were then selected as those 
providing the highest average R2 score over the five folds.

Model training and validation
Once the optimal hyperparameters were found via GridSearchCV, 

each algorithm was training using the training set. Scikit-learn’s training 
routine has a built-in stopping criteria for each algorithm where training 
automatically stopped once the improvement per iteration slowed down 
below a preset threshold.

The trained algorithms were then evaluated on the validation set to 
assess whether their performance was significantly lower than on the 
training set. If a strong discrepancy was observed, the hyperparameters 
were finely tuned to avoid the problem of potential overfitting or 

Fig. 3. Flowchart of the ML framework in this study.
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underfitting. The final tuned hyperparameters and the ranges used for 
GridSearchCV for every algorithm are listed in Table 6.

Final prediction
After confirming an acceptable performance on both the training and 

validation sets, the trained algorithms with the chosen hyperparameters 
were fixed. These algorithms were then evaluated on the prediction set 
which has been completely put aside.

The scoring methods used to assess the final predictions of the four 
algorithms were R2 and the mean absolute percentage error (MAPE) 
scores calculated using equations 20 and 21 respectively [109]. 

R2 = 1 −

∑N
i=1

(
yi − ypred

i

)2

∑N
i=1(yi − y)2 (4) 

MAPE =
1
N

∑N

i=1

⃒
⃒
⃒yi − ypred

i

⃒
⃒
⃒

yi
× 100 % (5) 

These two metrics complement each other: R2 highlights the vari
ance explained by the model, while MAPE shows the relative prediction 
error, which is crucial in fatigue life predictions since they can span over 
several orders of magnitude.

Results and discussion

In this section, the results of running the ML algorithms on the fa
tigue database of irradiated and non-irradiated RAFM are shown in 
detail:

Feature selection

The mutual information assessment was performed separately on the 
irradiated and non-irradiated material datasets as shown in Fig. 4.

In Fig. 4a, it is shown that fatigue life has almost the same de
pendency on temperature, and yield strength for non-irradiated mate
rial. A similar observation was obtained from Fig. 4b where fatigue life 
has almost the same dependency on yield strength and irradiation dose 
for irradiated material. A reason for this could be the high correlation 
between yield strength and temperature, and yield strength and irradi
ation dose leading to these inputs providing the same information to the 
prediction of fatigue life. For non-irradiated material (Fig. 4a) it is 
shown that fatigue life has higher dependency on specimen diameter 
compared to the rest of the input vectors. Several studies confirmed that 
specimens with smaller diameters showed shorter fatigue lives [18,21,
110]. This dependency was less evident for irradiated material (Fig. 4b) 
since LCF tests were always performed on irradiated specimens of di
ameters 4 mm or smaller. Medium is shown to have the smallest effect 

on fatigue life. It is important to mention that all the calculated de
pendencies were relatively low, as they all depend on the strain range as 
well. It is well known that strain range is the most influential parameter 
on fatigue as it directly contributes to the accumulated plastic strain. In 
order to fully capture the dependencies, LCF test performed at the same 
strain ranges under all test conditions should be available in the data
base which might not be the case in the gathered database.

An interesting observation is that the available dataset on irradiated 
material showed that fatigue life did not show any dependency on 
temperature or medium (values were below 10− 3) (Fig. 4b). The reason 
for this could be attributed to the relatively small database for irradiated 
RAFM steels gathered from literature. Several irradiation doses were 
included at a small temperature range (most of the tests were performed 
between 300 and 350◦C) which enabled the assessment to capture the 
dependency the fatigue life on the irradiation dose. In addition to this, 
more tests would be required in a vacuum at the same test conditions of 
those performed in air to better capture the dependency of fatigue life on 
test medium. Still, as mentioned in the introduction, LCF tests performed 
on irradiated specimens are limited due to the technical and cost 
problems This further proves the need for alternative methods such as 
ML which are capable for capturing complex non-linear dependencies 
between the input features and fatigue life.

In order to analyse the similar dependency of fatigue life on yield 
strength and temperature for non-irradiated material, and yield strength 
and irradiation dose for irradiated material, a correlation analysis was 

Fig. 4. Mutual information assessment done on (a) non-irradiated dataset and (b) irradiated dataset.

Fig. 5. Correlations between the input and output variables.
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made. The correlation matrix shown in Fig. 5 indicates low correlation 
between the different input variables. The exception is the yield strength 
which shows high correlation with temperature, and irradiation dose. It 
is well known that yield strength decreases with increased temperature. 
Yield strength was also reported to increase with irradiation. This in
crease is steep at low irradiation doses (<10 dpa) as the defect density 
increases with the irradiation dose. Then, the increase becomes less 
steep due to the annihilation of some of the newly formed defects by the 
already existing ones. The result is less newly formed defects until 
saturation is reached at high irradiation dose [22]. The aim of this study 
is to predict the fatigue life of RAFM steels at different irradiation doses. 
Thus, yield strength might not be the best representative at high doses 
and the direct use of the irradiation dose as input to the model in this 
case is preferred. This indicates that using yield strength along with the 
fatigue test conditions might be a source of redundancy in the inputs for 
the ML algorithms. The difference in yield strength was observed to be 
relatively small between the different RAFM steels at the same testing 
conditions.

An unexpected, high negative correlation was observed between 
yield strength and diameter. It can be attributed to the fact that LCF tests 
on irradiated material (with higher yield strength) were done on spec
imens with smaller diameters compared to non-irradiated material, 
introducing a bias. Another observation which confirms this statement is 
a large negative correlation between irradiation dose and diameter. 
Again, the correlation between the different input variables (except for 
strain range) and the output variable (fatigue life) are low. This is due to 
the fact that fatigue life highly depends on the applied strain range, so 
any effect of the rest of the input variables is combined with the effect of 
strain range.

Predictions using different algorithms

As described in section 2, the benchmarking of the different algo
rithms listed in section 2.2 were done using two scenarios (with and 
without yield strength as input). The performance of these algorithms 
assessed by R2, and MAPE scores is shown in Fig. 6 and Fig. 7
respectively.

Typically, the accuracy scores are better on the training set compared 
to the validation set for all algorithms. As mentioned in section 3.4, the 
objective is to have the smallest difference between these accuracy 

scores as an indication for reduced overfitting. Hence, proving the 
ability of the algorithm to predict unseen test conditions.

Results show that RF gives the highest R2 score on the training set 
(0.9696) closely followed by GBR (0.9552). However, the difference 
between the R2 score on the training and validation sets is higher for RF 
compared to GBR (R2 score on the validation set is 0.90577 for RF and 
0.9247 for GBR) . This gives GBR an advantage over RF in the ability of 
the algorithm to predict unseen data. SVR shows the smallest difference 
between the R2 score of the training and validation sets but overall lower 
scores than the two algorithms (0.9077 for training set and 0.9049 for 
validation set).

Another key observation is that the difference in the performance of 
the algorithms between Scenarios 1 and 2 is negligible. R2 score for RF 
was 0.9623 and 0.9130, and for GBR was 0.9542 and 0.9249 on the 
training and validation sets respectively. This is in line with the fact that 
the difference in yield strength of the different RAFM steels at different 
temperatures and irradiation doses is small compared to the variance of 
the fatigue life of these steels even at identical testing conditions.

This was further observed in the MAPE scores on the training and 
validation sets where RF gave the lowest error score on the training set 
(0.3 % for Scenario 1 and 0.35 % for Scenario 2) while GBR gave the 
second lowest (0.4 % for Scenario 1 and 0.43 % for Scenario 2) but with 
significantly lower error score on the validation data (1 % and 1.2 % for 
RF compared to 0.7 and 0.75 % for GBR for Scenarios 1 and 2 respec
tively). Again, the difference between the MAPE scores for Scenarios 1 
and 2 was very small.

The assessment of the prediction of RF and GBR algorithm was done 
by plotting the actual vs predicted fatigue lives using both scenarios 
(Fig. 8 using RF and Fig. 9 using GBR). In these Fig.s, the central diag
onal solid line represents the one-to-one correspondence (meaning 
perfect prediction). The dashed lines were constructed as a sleeve 
limiting the spread by a factor of two from the central line. The predicted 
values of fatigue life represented by datapoints lying within this sleeve 
were considered accurate enough for the purpose of this study. In 
addition to this, points lying above the central line correspond to 
underprediction of fatigue life (conservative) and vice versa. The points 
were coloured to distinguish irradiated (red points) and non-irradiated 
(blue points) specimens.

It was observed that the datapoints lie around the central line indi
cating good fitting for the training set. Most of the points lay within the 

Fig. 6. R2 score for the predictions of the ML algorithms on the training and validation sets on (a) Scenario 1 and (b) Scenario 2.
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prediction sleeve within a factor of two for both the prediction and the 
validation sets. It was also observed that the variation in prediction was 
higher toward high number of cycles (higher than 50,000 cycles) cor
responding to small strain ranges (smaller than 1 %). The distribution of 
fatigue life in Fig. 2 demonstrates that the database included less num
ber LCF tests with very small or very high fatigue life. Still, the both 
models were able to predict the small fatigue life with higher accuracy. 
At these small strain ranges, the fatigue tests get closer to the high cycle 
fatigue regime with less plastic strain per cycle. Therefore, the fatigue 
life becomes more affected by the microstructural features (grain size, 
inclusions, dislocations, etc.) leading to larger variation in the experi
mental fatigue life.

In addition to this, the scatter of data for scenario 1 and scenario 2 
was very similar for both algorithms. According to these observations, it 
can be concluded that GBR and RF are the best algorithms to predict the 
fatigue life of the irradiated and non-irradiated RAFM steels without the 
need to perform further tensile tests.

Shapley additive exPlanation (SHAP analysis)

The findings in the previous subsection revealed that RF and GBR 
algorithms showed the best training and validation scores. To further 
understand the performance differences between GBR and RF, SHAP 
analysis was conducted. The aim of the SHAP analysis is to assess how 
these algorithms handle the input data to make predictions. The SHAP 
analysis was performed separately on irradiated and non-irradiated 
datasets which allowed to identify distinct patterns in feature impor
tance and model sensitivity. The summarized SHAP analysis for all input 
features (scenario 2) are shown in Fig. 10 and Fig. 11 for both RF and 
GBR on the non-irradiated and irradiated datasets respectively. These 
plots show a series of points for each input variable with each point 
represents a fatigue test from the gathered database. The x-axis repre
sents SHAP value which represents the change in the mean of pre
dictions due to the value of the input variable. A positive SHAP value 
means increasing the predicted fatigue life compared to the mean of 
predictions and vice-versa. The wider the spread, the more influential 
the input value is to the algorithm prediction.

Both algorithms identified the strain range as the most influential 
input variable whether for the irradiated or non-irradiated datasets. For 
the non-irradiated dataset, the SHAP summary plots showed that GBR 

assigned slightly higher importance to secondary features such as tem
perature and diameter, and captured clearer interaction gradients. The 
RF model, while consistent in ranking strain range as dominant, 
exhibited more compressed SHAP distributions, indicating a more con
servative modelling of feature effects. This can be attributed to the 
sequential learning strategy of GBR, which enables it to iteratively refine 
predictions by focusing on difficult-to-predict samples. In contrast, RF 
averages over independently trained trees, which may dilute the influ
ence of rare but important patterns in the data.

Further details on the way both algorithms process the interaction 
between the different input variables, SHAP dependence plots were 
generated. These plots are made for one input variable at a time but the 
points are coloured based on the values of another input variable which 
can reveal the interaction between these two variables. For instance, the 
plots in Fig. 12 show the interaction between the irradiation dose and 
strain using RF and GBR on the irradiated dataset. The x-axis in these 
figures represent the scaled value of the strain range and the y-axis 
represent the SHAP value of the strain range. The points are coloured 
based on the irradiation dose.

As expected, these plots show a decrease in the SHAP value with 
increasing strain range indicating the well-known observation that fa
tigue life becomes shorter at larger strain ranges. The coloured points 
reveal that the model tends to increase the predicted fatigue life for the 
same strain range after irradiation. This is similar to the observation by 
Gaganidze et al. [22]. The plots using RF and GBR show similar trends 
but still with a smaller range of SHAP values for RF compared to GBR. In 
addition to this, the colour pattern is stronger in GBR compared to RF.

These observations were made from the dependence plots of the 
different input variables whether on irradiated or non-irradiated data
sets. From these observations, it can be concluded that GBR was more 
precisely able to capture the non-linear interactions between the fea
tures. The observed performance advantage of GBR over RF can be 
theoretically explained by their fundamental learning strategies. GBR is 
more sensitive to feature interactions and non-linearities, while RF tends 
to average out such interactions unless they are dominant across many 
trees. Furthermore, GBR’s regularization mechanisms and adaptive 
focus on difficult samples make it more robust to the imbalanced nature 
of the dataset, particularly the limited number of irradiated specimens.

As indicated in section 4.1, the irradiation and test temperature 
range in the gathered database was relatively small. Therefore, the 

Fig. 7. MAPE score for the predictions of the ML algorithms on the training and validation sets on (a) Scenario 1 and (b) Scenario 2.
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SHAP dependence plots were used to assess the sensitivity of the ML 
algorithms to the change in temperature. The plots are shown in Fig. 13
for temperature and its dependence on strain range for both RF and GBR 
on the irradiated dataset.

The dependence plots show that temperature still contributes to the 
fatigue life predictions. Moreover, the interaction with strain range (as 
indicated by colour gradients) suggests that the model captures complex 
dependencies even within this narrow band. The SHAP values of tem
perature on the irradiated dataset were slightly lower but still compa
rable to those obtained on the non-irradiated dataset and with a similar 
trend. This supports the robustness of the models’ learned relationships 
despite the small temperature range. Again, GBR gave slightly larger 
SHAP value range compared to RF which further confirms the ability of 
GBR to capture the non-linear complex interactions between the input 
variables.

Assessment of the prediction of unseen data

As discussed in section 2.3, 15 % of the total dataset was put aside as 
a prediction set with a total of 69 datapoints. This means that this set was 
not used during the hyperparameter tuning of the algorithms. This set 
was used to assess the prediction capabilities of RF and GBR since they 
showed the best performance on the training and validation sets. The 
predicted vs actual fatigue life using RF and GBR are shown in Fig. 14
and Fig. 15 respectively using both scenarios. Again, the points were 
coloured to distinguish irradiated (red points) and non-irradiated (blue 
points) specimens.

The results in Fig. 14 and Fig. 15 show the capability of both algo
rithms with the chosen hyperparameters to predict the fatigue life of 
irradiated and non-irradiated RAFM steels. The datapoints seem to be 
distributed inside the sleeve with no systematic over or underprediction. 
Also, few datapoints lie outside the sleeve for both scenarios which was 

Fig. 8. Predicted vs actual fatigue life using RF on the training set using (a) Scenario 1 and (b) Scenario 2, and on the validation set using (c) Scenario 1 and (d) 
Scenario 2.
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Fig. 9. Predicted vs actual fatigue life using GBR on the training set using (a) Scenario 1 and (b) Scenario 2, and on the validation set using (c) Scenario 1 and (d) 
Scenario 2.

Fig. 10. SHAP summary for all input variable for the non-irradiated dataset using (a) RF, and (b) GBR.
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considered a good prediction given the spread of the fatigue lives even 
for the same test conditions from the database included in this study.

The difference in prediction between Scenario 1 and Scenario 2 were 
negligible. This is a further observation confirming that the prediction of 
fatigue life could be done without the need for yield strength. This is 
beneficial when it comes to the prediction of fatigue life for RAFM steels 
at irradiation doses that have not yet been achieved.

The quality of the prediction of the GBR and RF algorithms for un
seen test conditions using both scenarios is quantified in Table 7. The 
mean signed error and the standard deviation of the signed error were 
very close for both scenarios with a slight advantage for Scenario 2 using 
RF and Scenario 1 using GBR. The advantage of GBR over RF is the 

smaller scatter in the predicted fatigue life especially for the test con
ditions not included during the training process. The advantage of GBR 
over RF was also observed through the better R2 and MAPE scores 
(0.9332 and 0.58 % for GBR compared to 0.9003 and 0.77 % for RF). 
This is an indication for the reduced overfitting of the training set by 
GBR leading to better accuracy when predicting the fatigue life under 
unseen test conditions. The values presented in the table demonstrate 
high accuracy of the proposed approach: 83-87 % of the predicted values 
of fatigue life (corresponding to unseen test conditions) lie within the 
factor of two sleeve. This is considered to be very good given the scatter 
of experimental fatigue life. Based on that, RF and GBR algorithms (with 
a slight advantage for the accuracy scores of GBR) are expected to give 

Fig. 11. SHAP summary for all input variable for the irradiated dataset using (a) RF, and (b) GBR.

Fig. 12. SHAP dependence plots between strain range and irradiation dose using (a) RF, and (b) GBR on the irradiated dataset.

Fig. 13. SHAP dependence plots between strain range and irradiation dose using (a) RF, and (b) GBR on the irradiated dataset.

H. Zahran et al.                                                                                                                                                                                                                                 Fusion Engineering and Design 221 (2025) 115394 

13 



good prediction for unseen test conditions within the range of values of 
the attributes covered in this study. A separate study would be required 
for the extrapolation of the predictions on test conditions out of these 
ranges.

Conclusions

The aim of this work was to evaluate and provide new methods to 
characterise materials for structural components for fusion reactors 
without the need for performing numerous complicated LCF tests after 

Fig. 14. Predicted vs actual fatigue life using RF on the prediction set (a) Scenario 1 and (b) Scenario 2.

Fig. 15. Predicted vs actual fatigue life using RF on the prediction set (a) Scenario 1 and (b) Scenario 2.

Table 7 
Quantification of the prediction accuracy of GBR algorithm for both scenarios.

Algorithm Number of data points Scenario R2 MAPE Mean signed error Standard deviation of signed error Number of outlier points

RF 69 Scenario 1 0.9003 0.77 % 15.82 % 130.77 % 10
Scenario 2 0.9005 0.69 % 15.50 % 125.13 % 12

GBR Scenario 1 0.9332 0.58 % 18.78 % 92.29 % 9
Scenario 2 0.9129 0.77 % 20.31 % 112.12 % 9
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neutron irradiation. Modern ML techniques were chosen to predict the 
fatigue life of RAFM steels under different test conditions could be made.

A total of 458 tests were gathered from literature with 408 tests on 
non-irradiated, and 50 on irradiated specimens. These tests cover a wide 
range of test temperatures (RT – 650◦C), and irradiation doses (0-71 
dpa). RF, SVR, MLP, and GBR algorithms were trained on 70 % of the 
database with 15 % used for the validation. The predictive power was 
finally assessed on the unseen 15 % of the dataset.

The findings demonstrate that using ML, it was possible to predict the 
fatigue life with high accuracy even without the need for tensile prop
erties. Below, the main conclusions from this study are listed: 

• GBR and RF algorithms gave the best prediction with high R2 and 
MAPE scores. RF showed the highest scores on the training set (R2 of 
0.9696, and MAPE of 0.3 %), and GBR showed the highest scores on 
the validation set (R2 of 0.9247, and MAPE of 0.7 %).

• The prediction of fatigue life for RAFM steels using Scenario 2 
(without yield strength) was comparable to Scenario 1 (with yield 
strength). This was due to the high correlation between yield 
strength and test temperature for non-irradiated material, and yield 
strength and irradiation dose for irradiated material. The differences 
in yield strength of RAFM steels under the same test conditions were 
observed to be small.

• GBR and RF algorithms with the tuned parameters were able to 
predict the fatigue life of the irradiated and non-irradiated RAFM 
steels at unseen test conditions with 83-87 % of the points within a 
prediction sleeve within a factor of two.

• The advantage of GBR over RF is the smaller scatter in the predicted 
fatigue life, particularly for test conditions not included during 
training. This was attributed to the better ability of GBR to predict 
the complex non-linear interactions between the input variables.

• This study was limited by the LCF tests available in literature, 
especially for the irradiated specimens where most irradiated tests 
were conducted between 300-350◦C. This limits the ability of the 
algorithms to generalize the predictions across broader temperature 
ranges. The more available tests, the better prediction capability of 
the ML algorithms.

• Future work can be done by integrating microstructural features 
before and after irradiation to improve model accuracy. Specifically, 
dislocation density, and the formation of dislocation loops and voids 
can be quantified using Transmission Electron Microscopy (TEM). 
Grain size distribution can also be characterized by Electron Back
scatter Diffraction (EBSD). Incorporating these microstructural fea
tures into the ML models may enhance their predictive capability, 
particularly in capturing the effects of irradiation-induced micro
structural evolution, such as vacancy and interstitial clustering, he
lium bubble formation, and swelling, on fatigue life.
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[4] R. Lindau, A. Möslang, M. Rieth, M. Klimiankou, E. Materna-Morris, A. Alamo, A. 
A.F. Tavassoli, C. Cayron, A.M. Lancha, P. Fernandez, N. Baluc, R. Schäublin, 
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