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ABSTRACT: The long-term reliability of 1.25Cr-0.5Mo steels in high-temperature service critically depends on
their creep rupture behavior, which is strongly influenced by alloy composition, microstructural characteristics, and
testing conditions. In this study, an advanced Artificial Neural Network (ANN) model was developed to accurately
predict the creep-rupture life of 1.25Cr-0.5Mo steels, offering a data-driven framework for alloy design and service-
life assessment. The model incorporated eleven compositional variables (C, Si, Mn, P, S, Ni, Cr, Mo, Cu, Al, N),
average grain size, non-metallic inclusions (NMI), steel properties including hardness measured on the Rockwell B
scale (HRB) yield strength (MPa), ultimate tensile strength (MPa), elongation (%), reduction in area (%), and test
conditions including temperature (○C) and stress (MPa) as input features, with rupture time as the output. A total
of 276 experimental datasets were compiled, of which 219 were used for training and 57 for testing. To optimize
predictive performance, a systematic hyperparameter evaluation was performed. Network architectures with one to
three hidden layers and 10–30 neurons per layer were examined. The optimal configuration—three hidden layers
with 21 neurons—achieved outstanding predictive accuracy, yielding an RMSE of 0.00007, an adjusted R2 of 0.9930,
a Pearson’s r of 0.9965, and a minimum MAE of 0.0504. Further optimization of training parameters showed that a
momentum coefficient of 0.6 and a learning rate of 0.7 provided the most stable convergence behavior, while 9000
training iterations produced the lowest RMSE (0.000021). Five-fold cross-validation was employed to further assess
the model’s predictive reliability and generalization. The predictive performance of the developed ANN model was
further compared with multiple established machine-learning approaches to demonstrate its relative accuracy and
generalization capability. The optimized ANN model was deployed in a user-friendly graphical interface (GUI) to
facilitate practical implementation. Sensitivity analyses using both single-variable and two-variable approaches revealed
the dominant role of key alloying elements, as well as the strong effects of test temperature and rupture stress on rupture
life. The developed data science framework provides a powerful and reliable tool for predicting creep-rupture life across
a broad compositional and testing window, enabling accelerated design and optimization of 1.25Cr-0.5Mo steels for
high-temperature applications.
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1 Introduction
Extreme service conditions, especially elevated temperatures in heaters, pressure vessels, boilers, and

many components of power generation systems, demand structural materials that can endure sustained
mechanical loading [1]. Among the available candidates, steels belonging to the chromium-molybdenum
(Cr-Mo) family have long been regarded as reliable materials for such environments because they offer
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excellent resistance to corrosion, pronounced resistance to high temperature oxidation, and remarkable
creep strength [2,3]. The steels containing approximately 1.25 (wt.%) Cr and 0.5 (wt.%) Mo are a widely
employed low alloy heat-resistant steel of this family. The oxidation resistance imparted by Cr and the
creep strength contributed by Mo arise from the characteristic equiaxed ferrite and lamellar pearlite
microstructure of 1.25Cr-0.5Mo steel [4]. Prolonged exposure to high temperatures under sustained loading
can induce substantial microstructural evolution in 1.25Cr-0.5Mo steel, leading to consequential changes in
mechanical performance [5]. Such conditions often trigger phase transformations and the precipitation of
various carbide and intermetallic phases that influence long-term stability and serviceability [6]. Numerous
studies have demonstrated that thermal exposure promotes precipitation in Cr-Mo steels [7–10], with
time–temperature–precipitation diagrams [6] offering insight into the nature and kinetics of these phases.

Experimental characterization to elucidate the effects of chemical composition and test conditions
on the creep rupture life of 1.25Cr-0.5Mo steels is inherently time-consuming and resource-intensive,
requiring advanced equipment, technical expertise, and detailed metallurgical knowledge. Moreover, an
incomplete understanding of microstructural evolution can lead to inaccurate assessment of life, increasing
the risk of unexpected component failure with serious safety and economic consequences. To complement
experimental investigations and improve predictive efficiency, data-driven methodologies, particularly
machine learning (ML) approaches, have been increasingly adopted to model mechanical [11], thermal [12],
fatigue [13], and creep responses [14] of steels with enhanced accuracy and efficiency. Several attempts
have been made to predict the creep rupture life of 1.25Cr-0.5Mo steels using methods such as the
Omega approach [15], Orr-Sherby-Dorn parametric techniques [16], and Larson Miller parameters [17].
However, these methodologies involve extensive calculations, numerous parameters, and complex statistical
treatments, which limit their practicality for industrial applications. ML-based creep life prediction models
have also been explored previously, but the reported accuracies remain relatively low. For instance, Sakurai
et al. [18] employed support vector regression (SVR), random forest (RF), and gradient boosting models
to predict creep rupture life, but the resulting root mean squared error (RMSE) values were compara-
tively high: 0.14 for SVR, 0.28 for RF, and 0.22 for gradient tree boosting. Moreover, these studies did
not provide insights into the combined effects of multiple variables and test conditions or quantify the
relative importance of the contributing factors, leaving a significant gap in understanding the underlying
composition–microstructure–creep relationships. Chai et al. [19] proposed a machine-learning-based creep
life prediction model for 2.25Cr-1Mo steel using optimal feature selection, showing that an SVR model
outperformed the traditional Larson–Miller approach. Their study demonstrated that accurate creep life
prediction is achievable with a limited number of key input variables and can be implemented as a
practical engineering tool. Recently, Chen et al. [20] demonstrated that ML, particularly a multi-layer
perceptron model, can reliably predict the long-term creep rupture life of P91 steel with errors below 4%,
outperforming other algorithms. Their sensitivity analysis further highlighted the dominant influence of
chemical composition and heat-treatment conditions, underscoring the potential of ML frameworks as
practical tools for supporting creep-resistant steel design.

Leveraging insights from prior ML-based studies on creep life prediction, this study aims to develop a
user-friendly, knowledge-based artificial neural network (ANN) model for predicting the creep rupture life
of 1.25Cr-0.5Mo steel by leveraging existing experimental datasets. The predictive capability of the developed
ANN framework is evaluated against several established ML models to justify model selection and assess
generalization. While the model does not explicitly encode metallurgical mechanisms, it effectively captures
the combined influence of alloying elements and service temperature on creep behavior through data-driven
learning. The predictions implicitly reflect underlying metallurgical trends and kinetic effects governing
creep performance. In addition, the study provides quantitative insights and an intuitive graphical user
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interface, offering a practical decision-support tool to assist engineers and researchers in assessing creep
performance and guiding alloy design within the bounds of available experimental knowledge.

2 Materials and Methods

2.1 Data Acquisition and Variable Selection
A comprehensive dataset comprising 276 entries was obtained from the National Institute for Materials

Science (NIMS), Japan [21]. The dataset includes the chemical composition of 1.25Cr-0.5Mo steel, austenite
grain size number (AGSN), Rockwell hardness (HRB), non-metallic inclusion (NMI) content, yield strength
(MPa), ultimate tensile strength (MPa), elongation (%), reduction in area (%), test temperature (○C), applied
stress (MPa), and creep life (log(tr)). The chemical composition ranges and representative values of the steel
are summarized in Table 1.

Table 1: The typical chemical composition (wt.%) of the 1.25Cr-0.5Mo steel dataset used in this study.

C Si Mn P S Ni Cr Mo Cu Al N
≤0.15 0.50–1.00 0.30–0.60 ≤0.030 ≤0.030 ≤0.12 1.00–1.50 0.45–0.65 ≤0.07 ≤0.012 ≤0.114

According to the NIMS dataset documentation, creep testing was conducted using dog-bone-shaped,
round tensile specimens machined from a 3000 kg industrial ingot. The material was subjected to a standard
heat-treatment schedule consisting of solution treatment at 910 ○C for 10 min, followed by aging at 670 ○C for
70 min and subsequent air cooling. It is emphasized that all experimental data, including specimen geometry,
processing history, mechanical properties, and creep rupture results, were sourced directly from the NIMS
database, and no additional experiments were performed in the present study.

A statistical summary of the dataset is presented in Table 2, showing the minimum, maximum, mean,
and standard deviation for all input and output variables. The chemical composition, AGSN, hardness, and
NMI, mechanical properties at room temperature including yield strength (YS), ultimate tensile strength
(UTS), elongation (El), reduction in area (RA) along with test conditions including temperature and
stress, were designated as input variables, while the log(tr) was assigned as the output variable of the
prediction model.

Table 2: Statistical summary of the 1.25Cr-0.5Mo steel dataset used in this study.

Parameter Minimum Maximum Mean Std. Deviation
C (wt.%) 0.1 0.15 0.112 0.014
Si (wt.%) 0.63 0.79 0.699 0.042

Mn (wt.%) 0.44 0.51 0.474 0.022
P (wt.%) 0.007 0.021 0.016 0.004
S (wt.%) 0.005 0.018 0.009 0.005

Ni (wt.%) 0.022 0.12 0.053 0.033
Cr (wt.%) 1.15 1.28 1.234 0.046
Mo (wt.%) 0.52 0.56 0.544 0.016
Cu (wt.%) 0.04 0.07 0.058 0.011
Al (wt.%) 0.004 0.012 0.009 0.002
N (wt.%) 0.008 0.0114 0.009 0.0008

(Continued)
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Table 2 (continued)

Parameter Minimum Maximum Mean Std. Deviation
AGSN 6 8 6.824 0.583

Hardness (HRB) 75 83 80 2.714
NMI (wt.%) 0.18 0.3 0.239 0.042

YS (MPa) 281 328 303 14.474
UTS (MPa) 477 544 511 18.712

El (%) 28 34 30.77 1.675
RA (%) 69 76 73.34 2.282

Test Temp. (○C) 500 650 560 53
Rupture Stress (MPa) 29 373 139 96

Creep Life (log(tr) 0.732 5.304 3.514 1.047

2.2 Data Distribution
Fig. 1 illustrates the log(tr) distribution of the 1.25Cr-0.5Mo steel dataset used for creep-life prediction,

displayed with a probability density curve. The data show a distinctly right-skewed distribution, with the
majority of observations concentrated between log(tr) values of approximately 2.5 and 4.5, where bin counts
reach their peak (around 40–45 occurrences). Lower log(tr) ranges contain comparatively fewer samples,
and only a small number exceed log(tr) ≈ 5, indicating that very long rupture times are less common in
the dataset. This distribution highlights the variability inherent in creep-rupture behavior for 1.25Cr-0.5Mo
steel and underscores the importance of using statistical or machine-learning models capable of capturing
non-uniform, asymmetric data patterns when predicting creep life.

Figure 1: Histogram showing the data distribution of the 1.25Cr-0.5Mo steel dataset used in this study.

2.3 Construction of the Back-Propagation Knowledge-Based ANN Model
The ML model was developed using a Feedforward Neural Network (FFNN) trained with the standard

backpropagation algorithm to capture the nonlinear relationships between the input variables and the creep-
rupture life of 1.25Cr-0.5Mo steel. The network architecture comprises an input layer containing all predictor
variables, one or more hidden layers serving as the computational core, and an output layer providing the
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predicted creep life. A sigmoid activation function was employed throughout the network to ensure smooth
gradient propagation and stable convergence during training. To avoid symmetry in learning and facilitate
effective optimization, the network weights were randomly initialized within the range −0.5 to +0.5. Prior
to training, all input and output variables were normalized using a min–max scaling scheme, mapping
the minimum and maximum values to 0.1 and 0.9, respectively. This normalization improved numerical
stability and prevented saturation of the sigmoid activation function. Model training was performed by
iteratively updating the network weights through backpropagation to minimize the error between predicted
and experimentally observed values.

The complete dataset was randomly divided into a training subset comprising 80% of the data (219
datasets) and an independent testing subset containing the remaining 20% (57 datasets). The training
data was used to optimize the network parameters, while the testing data was reserved exclusively for
evaluating the predictive performance and generalization capability of the model. Backpropagation was
selected due to its proven effectiveness in modeling complex multivariate metallurgical systems, where
strong nonlinear interactions exist between composition, processing conditions, and creep behavior, as
reported in previous studies [22]. The detailed working principles of the back-propagation algorithm are well
documented in the literature [23]. All simulations were conducted under consistent computational settings
to ensure reproducibility. Fig. 2 presents a schematic overview of the data-science framework adopted in this
study, illustrating the workflow from data preprocessing to ANN-based prediction of creep-rupture life at
elevated temperatures.

Figure 2: Schematic workflow of the data-science framework adopted for predicting the creep-rupture life of 1.25Cr-
0.5Mo steel.

3 Results and Discussion

3.1 Training Behavior of the Developed Data Science ANN Model
3.1.1 Optimal Layers and Neurons

To optimize the performance of the developed model, various network architectures were systematically
evaluated. The number of hidden layers was varied from one to three, and for each architecture, the number
of neurons per layer was adjusted from 10 to 30. Model performance was assessed using four statistical
indicators, such as RMSE, Adjusted R2 (adj. R2), Pearson’s r, and mean absolute error (MAE). Among all
tested configurations, the architecture comprising three hidden layers with 21 neurons demonstrated the
highest predictive accuracy, as illustrated in Fig. 3. This optimized model yielded the lowest RMSE of 0.00007
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(Fig. 3a), the highest adj. R2 of 0.9930 (Fig. 3b), a maximum Pearson’s r of 0.9965 (Fig. 3c), and the minimum
MAE of 0.0504 (Fig. 3d). The training behavior and performance trends for the single-layer and two-layer
architectures are provided in Supplementary Figs. S1 and S2, respectively.

Figure 3: Performance evaluation of ANN models with different neurons. The three-layer architecture with 21 neurons
demonstrates superior predictive capability, achieving (a) The lowest RMSE, (b) The highest adj. R2, (c) The highest
Pearson’s r, and (d) The lowest MAE.

3.1.2 Optimal Momentum, Learning Rate, and Iterations
To optimize the hyperparameters of the developed ANN model, specifically the momentum term,

learning rate, and number of iterations, systematic trials were conducted using the architecture with three
hidden layers and 21 neurons. The momentum term was varied from 0 to 1, and the corresponding RMSE
values were recorded to identify the optimal setting. As shown in Fig. 4a, a momentum value of 0.6 resulted
in the lowest RMSE, indicating the most stable convergence behavior. Furthermore, the adj. R2 values were
evaluated for all datasets. The model achieved an adj. R2 of 0.9930 for the complete dataset, 0.9966 for the
training set, and 0.9817 for the test set, as presented in Fig. 4b. Pearson’s r and MAE were also computed
to further assess predictive accuracy. Pearson’s r reached 0.9965 for all data, 0.9983 for the training set, and
0.9908 for the test set, while the corresponding MAE values were 0.0504, 0.0432, and 0.0779, respectively.
The full trends in Pearson’s r and MAE as a function of the momentum term are provided in Supplementary
Fig. S3a,b, offering a comprehensive view of the model’s sensitivity to this hyperparameter.
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Figure 4: Performance evaluation of ANN models with different hyperparameters, (a) Change in RMSE by changing
momentum term, (b) Change in Adj. R2 by changing momentum term, (c) Change in RMSE by changing learning rate,
and (d) Change in RMSE by changing number of iterations.

The influence of learning rate and the number of iterations on the model’s RMSE performance is
presented in Fig. 4c,d. The learning rate systematically varied from 0.05 to 0.95, and the analysis revealed
that a learning rate of 0.7 produced the lowest RMSE value of 0.000032. The corresponding variations in
adj. R2, Pearson’s r, and MAE for different learning rates are provided in Supplementary Figs. S4a–c. These
results indicate that a learning rate of 0.7 yields an adj. R2 of 0.9818, a Pearson’s r of 0.9974, and an MAE
of 0.0738 for the test dataset, with the full behavior for the training and overall datasets detailed in the
Supplementary Information. Similarly, the number of training iterations were varied between 1000 and
15 000. An optimal performance was observed at 9000 iterations, which resulted in an RMSE of 0.000021, as
shown in Fig. 4d. The complete trends for all data subsets (training, testing, and combined), along with their
associated adj. R2, Pearson’s r, and MAE values, are illustrated in Supplementary Figs. S5a–c.

3.2 Performance Evaluation of the Developed Model with Optimum Architecture
The predictive performance of the optimized ANN model with three hidden layers, 21 neurons, 0.6

momentum term, 0.7 learning rate, and 9000 iterations is illustrated in Fig. 5, where the experimental creep
rupture lives are plotted against the model-predicted values alongside a 1:1 reference line. For the entire
dataset, the model demonstrates excellent fidelity, achieving an RMSE of 0.000048, an adj. R2 of 0.993346,
a Pearson’s r of 0.9967, and MAE of 0.0471. A detailed breakdown of the training and testing performance
further confirms the performance of the framework. For the training subset, the model attains an adj. R2 of
0.9975, a Pearson’s r of 0.9987, and MAE of 0.0382, indicating exceptional agreement with the reference data
(Fig. 5a). For the unseen testing subset, the model retains strong generalization capability, exhibiting an adj.
R2 of 0.9789, a Pearson’s r of 0.9894, and MAE of 0.0134 (Fig. 5b). Collectively, these metrics substantiate
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the reliability and predictive strength of the developed model for estimating creep rupture life across a wide
range of compositions and testing conditions.

Figure 5: Performance evaluation of the optimum model architecture. Scatter plots showing the comparison between
experimental and model-predicted creep rupture life of 1.25Cr-0.5Mo steel for (a) Training dataset, (b) Testing dataset.
The red line represents the ideal 1:1 correlation between experimental and model-predicted values.

3.3 Cross-Validation and Statistical Performance Analysis
A 5-fold cross-validation procedure was applied to the dataset of 276 samples to evaluate model

generalization. The data were randomly partitioned into five folds with test sizes of 55, 55, 55, 55, and 56
samples, and the remaining folds were used for training in each iteration. Model training and testing were
conducted independently for each fold. The fold-wise training and testing performance metrics are presented
in Table 3, including RMSE, adj. R2, Pearson’s r, and MAE. Across all folds, the testing results show low
RMSE and MAE together with high adj. R2 and Pearson’s r values. The average testing adj. R2 (0.9816) and
Pearson’s r (0.9908) indicate a strong correspondence between predicted and experimental hardness values.
The close agreement between training and testing metrics and the limited inter-fold variability indicate that
the model performance is stable across different data partitions, supporting the generalization capability of
the proposed ANN model under the adopted validation framework.

Table 3: Fold-wise training and testing performance metrics obtained from 5-fold cross-validation of the ANN model.

Fold RMSE Adj. R2 Pearson’s r MAE

Training Testing Training Testing Training Testing
F1 0.000073 0.9954 0.9895 0.9977 0.9947 0.0526 0.0728
F2 0.000026 0.9984 0.9693 0.9992 0.9845 0.0310 0.1154
F3 0.000068 0.9959 0.9828 0.9980 0.9914 0.0373 0.1021
F4 0.000069 0.9958 0.9773 0.9979 0.9886 0.0364 0.1185
F5 0.000073 0.9954 0.9892 0.9977 0.9946 0.0542 0.0735

Average 0.0000618 0.9962 0.9816 0.9981 0.9908 0.0423 0.0965

3.4 Comparison with Baseline ML Models
To evaluate the predictive capability of the developed ANN model and to justify its selection, a

comparative assessment was conducted against several widely used ML models. The benchmarked models
included linear regression (LR), Gaussian process regression (GPR), multilayer perceptron (MLP), extra
trees (ET), stochastic gradient descent (SGD), k-nearest neighbors (KNN), support vector machines (SVM),
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XGBoost, random forest (RF), and decision tree (DT). All models were trained and evaluated using identical
training and testing datasets to ensure a fair and unbiased comparison.

The predictive performance of each model was quantified using the adj. R2, RMSE, and MAPE for
both the training and testing datasets. The comparative results are summarized using radar (spider) plots
in Fig. 6a for the training dataset and Fig. 6b for the testing dataset. As evident from these plots, the
ANN demonstrates consistently high R2 values combined with low RMSE and MAPE in both training and
testing phases, indicating robust learning and superior generalization capability. Among the selected models,
ensemble-based approaches such as RF, ET, and XGBoost exhibit competitive performance, particularly
during training; however, a noticeable reduction in predictive accuracy is observed for some of these models
on the testing dataset, suggesting comparatively weaker generalization. Kernel-based models such as SVM
and instance-based learning (KNN) show moderate predictive capability but remain inferior to the ANN,
especially in terms of error metrics. In contrast, simpler models, including LR and SGD, display the lowest
predictive accuracy, reflecting their limited ability to capture the complex nonlinear relationships between
the input variables and the output response log(tr).

Figure 6: Comparative radar plots of predictive performance metrics (R2, RMSE, and MAPE) for the ANN and
benchmark machine-learning models on (a) Training and (b) Testing datasets.

Beyond predictive accuracy, the ANN framework offers additional advantages, including systematic
single- and multi-variable sensitivity analyses and the development of a user-friendly GUI. These features
are not readily achievable with many alternative machine-learning approaches and further motivated the
selection of ANN as the primary model for in-depth analysis in this study.

3.5 Graphical User Interface (GUI) of ANN Model
The model, developed using Java version 1.4, provides a user-friendly interface with several function-

alities accessible in a single click. The screenshot of the GUI is presented in Fig. 7. The prediction module
enables users to input the chemical composition of any steel and obtain the logarithmic creep life. For
representation purposes, the predicted creep life is shown for a specific alloy composition under a defined
set of testing conditions. However, the developed model is capable of generating predictions for an unlimited
number of input combinations, as the alloy composition and test parameters can be varied freely within the
model’s permissible range. The sensitivity analysis 1 module allows the evaluation of the influence of a single
variable on creep life, while the sensitivity analysis 2 enables exploration of the combined effect of any two
variables. The optimization function facilitates the adjustment of composition or test conditions to achieve
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a desired creep life. Additionally, the index of relative importance quantifies the contribution of each input
variable to the creep life. Detailed explanations of these functionalities, along with predictions supported by
metallurgical insights, are provided in the subsequent section.

Figure 7: Screenshot of the graphical user interface of the data science framework to predict the creep rupture life of
1.25Cr-0.5Mo steel.

3.6 Single Variable Sensitivity Analysis
Chemical composition plays a critical role in governing the high-temperature performance of steels,

primarily through alloying elements that contribute to solid-solution strengthening and carbide precipita-
tion. These effects are well known to enhance creep resistance by impeding dislocation motion and stabilizing
grain boundaries. Fig. 8a shows the model-predicted influence of carbon on the creep rupture life of 1.25Cr-
0.5Mo steel, indicating that an increase in C content from 0.10 wt.% to 0.15 wt.% is associated with improved
creep life. This trend is consistent with established metallurgical understanding, where carbon promotes
the formation of strengthening carbides in combination with alloying elements such as Cr and Mo [24].
Similarly, the predicted effect of chromium shown in Fig. 8b indicates enhanced creep rupture life at higher
Cr contents, which aligns with the role of Cr in stabilizing M23C6 and M6C carbides that are known to
retard grain boundary sliding and dislocation motion [25]. In addition to compositional effects, creep
rupture life is strongly influenced by test conditions. As shown in Fig. 8c, increasing temperature leads to a
reduction in predicted creep life, consistent with accelerated atomic diffusion, enhanced dislocation activity,
and grain boundary sliding at elevated temperatures [26]. Microstructural degradation mechanisms such
as carbide coarsening, grain boundary weakening, and void nucleation further contribute to reduced creep
resistance [27]. Applied stress also exhibits an inverse relationship with creep life, as higher stress levels
increase the driving force for deformation and damage accumulation, resulting in shorter rupture times, as
illustrated in Fig. 8d [28].
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Figure 8: Single variable sensitivity analysis showing how the creep life of 1.25Cr-0.5Mo steel is changed by changing
(a) Carbon content, (b) Chromium content. (c) Test temperature (○C), (d) Rupture stress (MPa).

3.7 Two-Variable Sensitivity Analysis
The influence of a single variable on creep rupture life is generally straightforward and can often be

anticipated with basic metallurgical understanding. However, the combined effect of more than one variable
is highly complex, nonlinear, and not easily predictable. The developed data-driven model is capable of
capturing complex, nonlinear interactions between variables based on the underlying experimental data,
without explicitly encoding metallurgical mechanisms as inputs. The contour plot in Fig. 9a illustrates the
combined influence of the alloying elements Al and N, indicating a positive association with the predicted
creep rupture life of 1.25Cr-0.5Mo steel according to the model. The positive trend associated with N is con-
sistent with its known role in promoting fine nitrides or carbonitrides (e.g., Cr2N, MX-type precipitates) that
strengthen the matrix and grain boundaries, pin dislocations, and reduce grain-boundary sliding [29,30].
The presence of Al may contribute to improved creep resistance through solid-solution strengthening or
interactions with existing carbide/nitride phases; however, the formation of specific intermetallic precipitates
is not explicitly confirmed within the present dataset. The predicted combined effect of Cu and N on creep
rupture life is shown in Fig. 9b. At higher levels, Cu is associated with reduced creep resistance, potentially
due to the formation of coarse Cu-rich precipitates or interacting with other non-metallic inclusions,
which act as stress concentrators at high temperatures. As a result, the positive effect of N is progressively
diminished at higher Cu levels, highlighting the need to carefully control Cu content to maximize the
beneficial contribution of N to creep life [29]. The combined effect of grain size and Si is captured in the
ANN-predicted contour plot presented in Fig. 9c. Although increasing Si content generally enhances creep
rupture life through solid solution strengthening and carbide formation [31], thereby slowing dislocation
motion and improving creep resistance.



12 Comput Mater Contin. 2026;87(3):34

Figure 9: Contour plots obtained from two variable sensitivity analysis data showing the combined effect of (a)
aluminum and nitrogen, (b) copper and nitrogen, (c) silicon and austenite grain size number, (d) test temperature and
rupture stress.

Si is reported to act as an austenite stabilizer and may be associated with increased austenite grain
size [32]. Larger grains reduce the grain-boundary area available for carbide precipitation [33], which may
weaken the beneficial contribution of Si to creep resistance. The contour plot in Fig. 9d illustrates the effect
of test conditions on the creep rupture life of 1.25Cr-0.5Mo steel. Steel can withstand lower stresses for
longer periods at lower temperatures; however, increasing both stress and temperature leads to a considerable
reduction in creep rupture life. This trend is consistent with the fact that higher temperatures accelerate
diffusion and dislocation motion, while higher stress increases the driving force for creep deformation, both
of which promote cavity formation and grain-boundary sliding, consistent with previous findings [34].

3.8 Index of Relative Importance
To quantify the relative contribution of input parameters such as composition, material properties, and

test conditions, the model-derived Index of Relative Importance (IRI) is shown in Fig. 10. Fig. 10a corresponds
to a typical composition of 1.25Cr-0.5Mo steel, tested at 500 ○C under 333 MPa stress. Except for S and Cu,
all other alloying elements show a positive association with the predicted creep rupture life, whereas the
test conditions (temperature and stress) exhibit the most pronounced negative contribution, indicating their
dominant influence within the model predictions. The negative contribution associated with S and Cu is
consistent with established metallurgical understanding, where S is known to embrittle grain boundaries
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through sulfide formation, while Cu may form coarse Cu-rich precipitates or inclusions that act as stress
concentrators at high temperature.

Figure 10: Index of relative importance of input parameters affecting the creep rupture life of 1.25Cr-0.5Mo steel
predicted by the model: (a) influence of alloying elements and test conditions at 500○C and 333 MPa; (b) influence
of alloying elements, hardness, and test conditions. Positive values indicate parameters that enhance creep life, while
negative values indicate parameters that reduce it. Test conditions (temperature and stress) have the most pronounced
negative effect.

Similarly, in Fig. 10b, both hardness and the applied test conditions (temperature and stress) show
a negative contribution to the predicted creep rupture life, with temperature and stress exhibiting the
most dominant influence within the model. The relatively minor contribution associated with hardness
may be attributed to the fact that hardness measurements are obtained over a short timescale, and the
underlying deformation mechanisms differ fundamentally from those governing long-term creep behavior.
Among the alloying elements, C and Al show a moderate positive association with the predicted creep
rupture life, consistent with their known roles in matrix and grain-boundary strengthening, while the
dominating effect of stress and temperature underscores the critical role of service conditions on the
material’s high-temperature performance.

It should be noted that the ANN employed in this study is a purely data-driven predictive model and
does not explicitly encode physical or metallurgical mechanisms. The sensitivity and parametric analyses
presented are therefore post hoc interpretations of the ANN outputs, intended to provide qualitative insight
into compositional and processing trends rather than mechanistic descriptions embedded within the model.
While these analyses are interpreted in light of established creep and diffusion theories, the inherent black-
box nature of conventional ANN models limits direct physical interpretability. The integration of more
explainable or physics-informed ML approaches represents an important avenue for future work.

4 Conclusions
The present study successfully establishes a user-friendly data-science framework based on an optimized

Artificial Neural Network (ANN) model for reliable prediction of the creep rupture life of 1.25Cr-0.5Mo steel.
The model integrates eleven alloying elements (C, Si, Mn, P, S, Ni, Cr, Mo, Cu, Al, N), average grain size,
hardness, non-metallic inclusions, and test conditions (temperature and stress) as input features, providing a
comprehensive representation of the factors governing long-term creep behavior. A total of 276 experimental
datasets were compiled, and a systematic hyperparameter optimization, covering network architecture,
neuron selection, learning rate, momentum coefficient, and number of iterations, identified the optimal
configuration as a three-hidden-layer ANN with 21 neurons, a momentum coefficient of 0.6, a learning rate
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of 0.7, and 9000 training iterations. This architecture demonstrated strong predictive performance within the
studied dataset, achieving an RMSE of 0.00007, an adj. R2 of 0.9930, a Pearson’s r of 0.9965, and a minimum
MAE of 0.0504. The predictive performance of the developed ANN model was evaluated in comparison
with several established machine-learning approaches, confirming its robust generalization capability. The
optimized ANN model was implemented into a user-friendly graphical interface (GUI), enabling practical
and rapid prediction of creep rupture life for any combination of alloy composition and test conditions within
the studied range. Sensitivity analyses highlighted the dominant influence of key alloying elements, alongside
the strong effects of test temperature and applied stress. The framework also demonstrated its capability to
quantify the impact of individual compositional changes, supporting data-driven assessment and screening
of alloy compositions.

In summary, the developed ANN-based predictive framework demonstrates strong predictive capability
within the studied data range and provides a useful data-driven tool to support alloy optimization and
creep performance assessment for high-temperature applications. The approach shows promising potential
for assisting the design and screening of Cr-Mo steels, while further validation with broader datasets will
enhance its general applicability.
Limitations and Future Work:

The present model is developed using a limited dataset and is primarily applicable within the range of
the available data. Future work will focus on expanding the dataset and applying additional dropout and
L1/L2 regularization to further improve prediction reliability and interpretability.
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