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1. Introduction 

 
Generation IV reactors are being developed to achieve 

enhanced safety and economic competitiveness 
compared with Generation III/III+ reactors [1]. As high-
temperature and high-burnup operation is considered, 
nuclear fuel cladding is exposed to harsh service 
environments, including long-term high-temperature 
exposure and neutron irradiation [2]. As the neutron 
irradiation dose (displacements per atom, dpa) increases, 
cladding materials undergo irradiation-induced 
degradation [3, 4]. In this context, 9–12Cr 
ferritic/martensitic (F/M) steels such as HT9 and Gr.92 
are regarded as important comparative cladding 
candidates for evaluating applicability in reactor 
environments [5].  

Reliable characterization and prediction of irradiation 
effects require systematic acquisition of tensile property 
data over a wide range of irradiation dose and 
temperature combinations. However, neutron irradiation 
testing and post-irradiation examination (PIE) are time- 
and cost-intensive. Inaddition, they are constrained by 
the limited availability of research reactors capable of 
neutron irradiation and by hot-cell testing facilities [6]. 

Empirical models, such as dispersed barrier hardening 
(DBH) and saturation-type relations, have been used to 
interpret irradiation-induced property changes [7, 8]. 
However, tensile property evolution is a 
multidimensional outcome governed by coupled effects 
of alloy composition, heat treatment, and irradiation 
conditions; thus, simplified relations alone are 
insufficient to consistently describe trends across diverse 
materials and conditions. Accordingly, a machine-
learning (ML) approach provides a practical route to 
predict tensile properties under multidimensional 
irradiation conditions and to identify the primary 
governing factors [9]. In addition, applying explainable 
artificial intelligence (XAI) enables quantitative 
evaluation of feature contributions [10].  

In this study, we develop ML models to predict the 
tensile properties of HT9 and Gr.92 (Mod) under neutron 
irradiation conditions and use XAI to analyze their 
sensitivity to irradiation damage and temperature effects, 
and to quantify key factor contributions. 

 
2. Experimental procedure 

 
2.1 ML dataset 

In this study, a total of 1,569 tensile data points were 
collected from public literature and reports, and the basic 
statistics of the collected data are summarized in Table 1. 
The 9–12Cr FMS dataset includes alloy chemistry, heat 
treatment, irradiation and test conditions, and tensile 
properties. The ML models used 26 input variables, and 
the output variables were three tensile propertiesultimate 
tensile strength (UTS), yield strength (YS), and 
elongation (El). The dataset was randomly split into 
training (64%), validation (16%), and test (20%) sets, 
and model performance was evaluated on the test set 
using RMSE and R2. 
 
2.2 Regression ML modeling 

Five regression algorithms were employed, including 
Elastic Net (EN), Support Vector Regression (SVR), 
Random Forest (RF), eXtreme Gradient Boosting (XGB), 
and an Artificial Neural Network (ANN) [11–15]. 
Hyperparameters were optimized using Optuna with 
1,000 trials per model, where the objective function 
minimized the mean validation RMSE across the three 
standardized outputs [16]. In addition, to reduce split-
dependent variation, the final performance was further 
evaluated using repeated 10-fold cross-validation (three 
repeats, 30 evaluations total). All pipelines were 
implemented in Python 3.11. 

 
2.3 Explainable Artificial Intelligence (XAI) 

To enhance interpretability, XAI methods were 
applied to quantify the extent to which input variables 
contributed to the predictions. In this study, Shapley 
Additive exPlanations (SHAP) was adopted as the 
primary method because it can evaluate both the 
direction and magnitude of feature contributions at the 
sample level [17]. To reduce computational cost, SHAP 
values were estimated using dropout- and gradient-based 
approximation methods. To clearly isolate irradiation 
effects, a non-irradiated baseline was defined, and 
relative contributions under neutron-irradiation 
conditions were evaluated against this baseline. 
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2.4 Experimental validation 

Independent tensile datasets for HT9 and Gr.92 (Mod) 
were obtained for validation and were not included in 
model training. Heat treatment for HT9 and Gr.92 steels 
consisted of normalizing at 1050 ℃ for 30 min and 
tempering at 750 ℃ for 60 min, followed by air cooling. 
Tensile specimens were machined into miniature dog-
bone geometries with a gauge section of 7.62 × 1.52 × 
0.79 mm, and the strain rate was set to 1 × 10-3 s-1. 
Neutron irradiation was conducted in the BOR-60 
reactor at an irradiation temperature of 600 ℃ with doses 
up to 33 dpa. 
 
Table 1. Data used for machine learning modeling of 
mechanical properties damaged by neutron irradiation. 
 

 
 
 

3. Results and Discussion 
 

In ML modeling, not only predictive accuracy but also 
generalization performance to prevent overfitting is 
important. Table 2 presents the objective-function 
RMSE of each ML model and the k-fold cross-validation 
results of R² for each output. The tree-based models, RF 
and XGB, showed strong predictive and generalization 
performance. However, because these models rely on 
rule-based splitting, they may have limitations in 
representing continuous nonlinear trends. Therefore, this 
study selected the ANN as the final model. The ANN 
achieved the second-lowest RMSE and R2 values above 
0.9, indicating robust performance. 

Table 2. Objective values and K-fold cross-validation 
results for each regression model. 
 

 
 
Fig. 1 compares the ANN predictions with experimental 

tensile properties of HT9 and Gr.92 under unirradiated 
and irradiated conditions. The experimental data used for 
comparison were independent data not included in model 
training, confirming that the ANN provides sufficient 
predictive accuracy for both alloys. The model also 
captured the nonlinear behavior associated with dynamic 
strain aging in the temperature range of approximately 
250–450 ℃.  

In addition, the tensile properties measured after 
neutron irradiation at 600 ℃ were in good overall 
agreement with the ANN predictions (red-boxed region, 
unpublished data). Meanwhile, no clear irradiation 
hardening was observed over the irradiated data range 
analyzed in this study (12–33 dpa). This behavior is 
attributed to the combined effects of relatively low 
neutron flux depending on in-core position and long-
term high-temperature exposure, which together promote 
microstructural degradation and defect recovery, thereby 
offsetting the strengthening effect. 

 

 
 
Fig. 1. Comparison between experiments and ANN 
predictions. (a, b) unirradiated HT9 and Gr.92 and (c, d) 
neutron irradiated specimens at room temperature. 

 
Fig. 2 shows the SHAP analysis results for the ML 

dataset. The features were ranked in order of contribution, 
and the color of each data point represents the feature 
magnitude, with higher values indicated in red. For yield 
strength, the dominant factors were test temperature, dpa, 
and irradiation temperature. Temperature is considered 
to affect yield strength by influencing deformation and 
fracture mechanisms and by driving microstructural 
changes such as recovery and precipitation behavior. In 
addition, increasing dpa contributes to higher yield 
strength by promoting the development of dislocation 
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structures and the accumulation of point defects, 
including vacancies and defect clusters, which impede 
dislocation motion. 

 

  
 
Fig. 2. SHAP summary (beeswarm) plots for yield 
strength (MPa). 
 

4. Conclusion 
 

This study developed a machine learning model to 
predict the tensile properties of FM steels. Model 
performance and interpretability were also evaluated. 
The optimized ANN provided high predictive accuracy 
and reasonably reproduced the temperature-dependent 
and nonlinear behavior observed in independent 
experimental data. SHAP analysis identified test 
temperature, dpa, and irradiation temperature as the 
dominant factors. These results indicate that irradiation 
damage and temperature-driven microstructural 
evolution govern tensile property changes. Machine 
learning can not only predict mechanical property 
changes under neutron irradiation effectively but also 
provide interpretable insights by separating the key 
factors through XAI. Future work will focus on 
quantifying the contribution of each factor and 
evaluating alloy-specific sensitivities to these factors.  
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