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Featured Application

The proposed AI framework can be used to predict creep time behaviour of austenitic
stainless steel employed in high-temperature applications such as boilers, heat-exchangers
and steam piping systems, thereby supporting creep life assessment.

Abstract

High-temperature structural components are susceptible to creep deformation, which can
ultimately lead to failure. In this work, an AI-based framework was developed capable of
predicting the creep time of 316 austenitic stainless steel. Here, creep time refers to both the
time to reach specific strain levels and the time to rupture. However, the scope of the present
work is limited to rupture-time prediction, while the application of the framework to strain-
level prediction will be reported in future work. The dataset consisted of creep strain curves
from four heats, including both rupture and non-rupture curves. Random Forest (RF),
Gradient Boosting (GB), Extreme Gradient Boosting (XGB), Support Vector Regressor (SVR),
Gaussian Process Regressor (GPR), and Neural Network (NN) were employed. The effects
of square-root and cube-root transformations on data distribution and model learning
behaviour were analysed using model learning curves. An Optuna (version 4.3.0)-based
hyperparameter tuning strategy was employed. The cube-root transformation improved
the learning performance of SVR, GPR, and NN, whereas RF, GB, and XGB remained
unaffected. Learning curves revealed mild overfitting for RF, GB, and XGB, and very
minimal overfitting for SVR, GPR, and NN. NN achieved the best predictive performance
(R2 = 0.92, RMSE = 0.195, deviation factor of 1.57). The findings demonstrated that the
combined useof creep strain curves, data transformation, learning curve guided model
selection, and rigorous hyperparameter tuning can improve the prediction accuracy under
a limited dataset.

Keywords: machine learning; creep time prediction; austenitic stainless steels; Optuna;
learning curves

1. Introduction
316 austenitic stainless steel (ASS) is widely used in high-temperature components,

such as heat exchanger tubes and other components in power, chemical, or petrochemical
plants, owing to its combination of excellent mechanical strength and outstanding cor-
rosion resistance [1,2]. A low-carbon, nitrogen-alloyed variant, 316LN, offers improved
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performance through reduced carbide precipitation and enhanced solid-solution strength-
ening [3]. Still, 316LN steels remain susceptible to creep deformation during prolonged
service under loading at elevated temperatures [4]. Creep, the time-dependent plastic
strain under constant stress, progresses through primary, secondary, and tertiary stages
before culminating in the final rupture of components [5,6], which should be avoided in
structural parts.

In the past, several strategies have been developed to assess component life under
creep conditions. Most of them are related to rupture times under given temperature
and stress conditions. These include time–temperature parameter (TTP) models, such
as the Larson–Miller parameter [7], Manson–Haferd method [8], Sherby–Dorn parame-
ter [9], and Monkman–Grant relationship [10], as well as phenomenologically or mixed
physical/phenomenological based models such as the Theta Projection Method [11] and
BJF model [12]. However, both model categories have critical limitations. TTP-based ap-
proaches strongly depend on the availability and quality of experimental data and typically
consider only the constant stress and temperature adopted as creep testing conditions,
conditions for which model lifetime predictions will also be provided. Therefore, the role
of additional important features, such as the actual chemical composition and information
on the initial microstructure (resulting from processing and heat treatments) and its evo-
lution during service, is neglected. On the other hand, physically based models require
good knowledge of creep processes and parameter fitting. Their parameters are often
alloy-specific and valid only under limited operating conditions, which limits their wide
applicability [13–17].

In recent years, Artificial Intelligence (AI) has appeared as a strong alternative to
conventional creep life prediction models. AI algorithms can capture complex, nonlinear
relationships directly from data, potentially improving prediction accuracy [18]. Bhardwaj
et al. [1,2] demonstrated the capability of Deep Neural Networks (DNNs) and ensemble
models to predict the creep and fatigue life of 316 ASS, achieving accuracies above 95%.
Baraldi et al. [6] further combined an Artificial Neural Network (ANN) with a phenomeno-
logical model for 316LN steels, highlighting the potential of hybrid approaches. Similarly,
Zhang et al. [19] and Wei et al. [16] showed that machine learning algorithms such as
Random Forest (RF), Support Vector Regressor (SVR), and Gaussian Process Regressor
(GPR) consistently outperformed conventional time–temperature parameters in predicting
rupture life for heat-resistant austenitic alloys. In addition to austenitic stainless steels,
comparable success has been reported in other alloy systems. Chai et al. [15] applied re-
gression and kernel-based methods to 9Cr–1Mo steels. Qin et al. [18] demonstrated the use
of Convolution Neural Network (CNN) and Support Vector Machine (SVM) for classifying
creep regimes, and Sakurai et al. [20] applied RF, Extreme Gradient Boosting (XGB), SVR,
and ANN for ferritic steels.

Despite these advances, several gaps remain. For instance, most previous investiga-
tions have primarily focused on rupture-time prediction using datasets based on rupture
time and operational parameters such as stress and temperature. Furthermore, existing
investigations predominantly rely on logarithmic transformations due to their physical
basis, rooted in Arrhenius-type equations [21,22]. However, the role of transformation
in machine learning is mainly to reduce the data skewness. In fact, ML models tend
to perform better when the data is more symmetric or more Gaussian-like [23]. Thus,
beyond logarithmic transformations, investigating the influence of other power transfor-
mations, such as the square-root and cube-root, on dataset distribution (skewness) and
model performance is crucial. To the best of the author’s knowledge, use of such alternative
power transformation is not well documented, especially in the creep-related literature.
Moreover, a systematic evaluation of how these transformations affect model learning
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behaviour, particularly through learning curve analysis, is also less explored. Addition-
ally, hyperparameter optimisation has largely been restricted to conventional techniques
such as grid and random search, which often fail to fully utilise the potential of other ML
optimisation strategies.

Furthermore, a common challenge across creep-domain investigations is the limited
data availability of long-term experimental data. This motivates the development of
robust data-driven modelling approaches. Similar efforts have been implemented in other
high-temperature engineering domains. For instance, Fan et al. [24] recently employed
reduced-order modelling combined with multi-objective optimisation for high-temperature
engineering applications, highlighting the broader applicability of data-driven models
under data availability limitations.

To address these gaps, the present work proposes an AI-based framework in which
several AI models are trained to predict the creep time, where creep time refers to the
time to reach specific strain levels and the time to reach final rupture, using creep strain
curves of 316 austenitic stainless steel. However, at present, only the results corresponding
to rupture time are reported and discussed. The application of the present framework to
predict time to reach specific strain levels will be reported separately in future work.

More broadly, the use of complete signal histories as inputs to data-driven models are
receiving increased attention. The recent work of Qiao et al. [25] on digital-twin utilising the
full signal histories is one of the example. In the present work, full creep strain curves are
employed rather than only the rupture time as the model input. Several machine learning
models, including Random Forest, Gradient Boosting, Extreme Gradient Boosting, Support
Vector Regression, Gaussian Process Regression, and Neural Network, were employed.
Alternative power transformations, including the square-root and cube-root, are system-
atically analysed to quantify their influence on model learning behaviour and predictive
accuracy. For advanced hyperparameter optimisation, the Optuna framework [26] was
used to achieve more efficient model tuning. Model performances were evaluated using
the commonly employed statistical parameters in machine learning such as Coefficient of
Determination (R2), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE).

2. Materials and Methods
2.1. Data Description

The present study focuses on austenitic stainless steel, AISI 316 grade (18Cr13NiMo).
Creep strain data were available from the European Creep Collaborative Committee (ECCC)
and were the same ones on which previous assessments of creep models were applied,
providing a more conventional analytical creep description [27]. From the complete dataset
of 98 creep curves, 3 curves were excluded, since only a single data point was present
for each curve. These single data points correspond to the isolated rupture measure-
ment and hence lag the associated creep curve information. Of the remaining 95 curves,
73 were associated with specimens that reached the final fracture. The curves that remained
ongoing at the time of data extraction are classified as non-rupture curves. These curves
are particularly valuable because they provide information on the early stages of creep,
specifically the primary and secondary regimes.

The tests cover temperatures from 500 ◦C to 700 ◦C, while the stress (MPa) range
is about 2 orders of magnitude and the time (hours) range is about 3 orders of magni-
tude. Moreover, the dataset comprises four heats: H1 (green), H2 (red), H3 (blue), and
H4 (orange). The distribution of creep curves per heat is shown in Figure 1a. H1 yields the
most curves (44), followed by H3 (21), H4 (16), and H2 (14). In addition, the available data
points per heat are reported in Figure 1b. On average, H1 provides the most rows per test
(543), whereas H2 provides the fewest (107).
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Figure 1. Distribution of the dataset across heats: (a) number of creep curves per heat; (b) number of
available time–strain rows per heat. To improve the graphical difference between the two distribution
classes, different hatch patterns are included in (b) corresponding to different heat.

2.2. Methodological Pipeline

The overall methodology adopted in this study is summarised in Figure 2. In the
following subsections, each stage of the pipeline is described in detail.

Figure 2. Methodology pipeline for rupture-time prediction. (a) Phase I: Data setup and feature
selection. (b) Phase II: Model training and hyperparameter optimisation. (c) Phase III: Creep
time prediction.

2.2.1. Phase I—Dataset Setup and Feature Selection

The creep data used in this study were originally available as time–strain rows for each
creep test performed at a particular stress and temperature. Afterwards, the dataset was
reorganised into a tabular format, where each row represents a single measurement point
along a creep curve. The columns include identifiers such as heat, creep curve type, test
condition (true stress in MPa and temperature in K), and recorded outputs (time in hours
and true strain in percent). In general, most conventional machine learning algorithms are
not inherently capable of handling missing or duplicate entries within the dataset [23,28].
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In the current dataset, a proper check confirmed that no missing values were present in the
total 1023 rows of the dataset.

The next step involved feature selection. Feature selection aims to identify the input
variables that are most important to the target variable. Among the commonly used
methods, the Pearson Correlation Coefficient (PCC) is widely employed to quantify the
strength of a linear relationship between two variables (input and features). The correlation
coefficient ranges from −1 to +1, where values close to +1 or −1 indicate strong positive or
negative correlations, respectively. Such methods are mainly useful when dealing with a
large number of potential input features [23]. However, in the present study, the dataset
comprises only a few variables, including stress, temperature, strain, heat information, and
curve type, which serve as the model inputs and have a direct and physical significance
with the output, creep time. Furthermore, since no microstructural, chemical, or other data
are available for the investigated austenitic stainless steel, they have not been considered in
the present investigation.

Heats (H1–H4) representing the categorical data were encoded as numerical data
using One-Hot Encoding (OHE) [23]. After the application of OHE, the categorical heat
variable was transformed into a binary vector format (e.g., Heat 1 represented as). Simi-
larly, to distinguish data from rupture or non-rupture creep curves, a binary flag variable
(is_rupture) [23] was introduced, allowing the model to identify whether a data point
corresponds to a rupture or non-rupture test. All numerical input features and the target
variable were normalised to the range [0, 1] using the Min–Max scaling technique, as
expressed in Equation (1). Data scaling is necessary to remove bias and variance that may
be caused by variables with different physical units and magnitudes (e.g., MPa, Kelvin,
millimetres [23].

Xscaled =
X − Xmin

Xmax − Xmin
(1)

where X is the original unscaled value, Xscaled is the normalised value, and, based on
the training dataset, Xmin and Xmax represent the minimum and maximum values of the
feature, respectively.

Data transformations (the final step of Phase I) are then widely employed to bring the
distributions of variables closer to the Gaussian distribution (minimal skewness). Gener-
ally, variables with a Gaussian distribution tend to improve model performance [23,29].
Logarithmic transformation has been predominantly used for data transformation in the
field of creep behaviour [28,30,31], and it also follows the classical representation of creep
strength plots, where a logarithmic scale is adopted for the time axis, and in some cases
also for the stress axis. In the present work, in addition to the logarithmic transformation,
two alternative power-based transformations were investigated: the square-root (

√
x ) and

the cube-root ( 3
√

x ). The impact of these transformations was systematically analysed in
terms of their ability to reduce skewness in the data, and afterwards their effect on model
learning performance, analysed by their learning curves.

2.2.2. Phase II—Model Training and Hyperparameter Optimisation

Phase II begins by splitting the 95 curves into training and testing curves, respectively.
In the present work, a quite conventional 80:20 split ratio was adopted [29]. The data rows
(829) originating from the 76 training curves were used for the model training, and the
data rows (194) corresponding to the 19 test curves were used for testing and assessing the
generalisation performance of the model.

To compensate for the issue of data imbalance (see Figure 1a,b), stratified sampling [20]
was incorporated into the data-splitting procedure. Stratification was performed at the
curve level based on the heats (Heat 1, Heat 2, Heat 3, and Heat 4) to ensure that samples
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from each heat were proportionally represented in both the training and test sets. In fact,
this approach aims to reduce bias in model learning caused by uneven heat distribution.
It is important to highlight that stratification could alternatively have been performed by
combining heats and curve type (is_rupture flag). However, the distribution of non-rupture
curves was non-uniform across the heats. For instance, Heat 2 and Heat 4 contained
only two non-rupture curves each. Under such conditions, combined stratification would
have resulted in several heat-curve type subgroups containing very few datasets. This
will potentially increase the risk of unstable train–test partitions, resulting in reduced
representativeness of individual heats within each subgroup.

Nevertheless, since curve status (is_rupture flag) was not considered for the stratifica-
tion process, slight differences in the distribution of rupture and non-rupture curves may
exist between the training and testing data subsets. To provide a quantitative assessment
of the resulting distribution, Table 1 summarises the number of rupture and non-rupture
curves in each subset. The training subset contained 60 rupture and 16 non-rupture curves,
while the testing subset contained 13 rupture and 6 non-rupture curves. Although slight
differences exist between the two subsets, these variations are consistent with the adopted
heat-based stratification methodology and the limited availability of non-rupture curves
for Heat 2 and Heat 4. Therefore, some level of evaluation bias cannot be entirely ruled-out,
and the reported performance metrics should be interpreted in the context of this chosen
methodological approach of the present work.

Table 1. Quantitative comparison of rupture and non-rupture curve distribution in training and
testing subsets.

Subset Rupture Non-Rupture Total Curves

Training 60 16 76
Testing 13 6 19

To make the models training more robust, training was performed using a 5-fold cross-
validation (CV) strategy, following the initial test-train split strategy. The CV strategy has
been discussed in the subsequent Section 2.4. and the process is schematically represented
in Figure 3. Model behaviour during training was monitored using learning curves, which
provided information about model convergence, overfitting, and model generalisation.
Based on the learning curves, the most appropriate models were selected for the final
prediction on the test dataset.

2.2.3. Phase III—Creep Time Prediction

In the final phase, selected models were used to model the creep time on the unseen
20% test dataset. The generalisation abilities of the models were assessed using three
standard performance metrics: the Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), and the Coefficient of Determination (R2), defined by Equations (2)–(4) [29].

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (2)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (3)

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (4)
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where yi represents the actual values, ŷi denotes the predicted values, y is the mean of
the actual values, and n is the total number of data points.

Figure 3. Depiction of the applied 5-fold cross-validation procedure. The training dataset is divided
into five equal subsets. In each iteration, 4 folds (blue) were used for training, while the remaining
fold (green) was used for validation. The final performance is computed as the average of the mean
squared errors across the five validation runs (MSE1–MSE5).

2.3. Models

The present investigation employs three classes of machine learning models: (i) Tree-
based ensemble models (Random Forest (RF), Gradient Boosting (GB), Extreme Gradient
Boosting (XGB)), (ii) Kernel-based regressors (Support Vector Regressor (SVR), Gaussian
Process Regressor (GPR)), and (iii) Neural Network (NN). A detailed explanation of the
models, along with their respective hyperparameters, is provided in Appendices A and B.

2.4. Hyper Parameter Optimisation (HPO)

In contrast to the model parameters that a model learns automatically during training
(such as the weights in neural networks), hyperparameters must be defined before the
training process begins. Selecting appropriate hyperparameters is crucial for determining
model performance and thus requires careful tuning. In fact, a well-designed and systematic
HPO can improve the model’s accuracy and generalisation by several times [32].

In previous studies, mainly related to creep behaviour of materials, several re-
searchers [18,33,34], employed Grid Search (GS) and Random Search (RS) for hyperpa-
rameter optimisation. GS searches over all possible hyperparameter combinations within
a predefined search space, making it computationally intensive. On the other hand, RS
randomly samples hyperparameter combinations and evaluates the model’s performance
for each set. While RS is faster than GS as it does not evaluate every possible combination,
both methods can still be computationally challenging. They may fail to identify the very
optimal regions of the search space [32].
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In the present work, HPO was performed using the Optuna framework (version
4.3.0) [26], a state-of-the-art Python library. Optuna consists of three essential components:
(i) a search space, which defines the range of selected hyperparameters. The candidate
hyperparameters and their ranges were based on the recommendations reported in [35,36];
(ii) an objective function, evaluates model performance during the optimisation process;
and (iii) a search strategy, which guides the selection of optimal hyperparameters [26].

For each model class, a trial corresponds to one complete evaluation of the objective
function using a specific combination of hyperparameters. In this study, the number of
trials for each model class was initially fixed to 20, progressively increasing to 100. After
100 trials, no further improvement in the objective function was noticed. Eventually, the
number of 100 trials yielded a good trade-off between required optimisation accuracy and
the computational feasibility. During each trial of Optuna, the training dataset was first
divided into five equal folds, which were reused for all trials in turn. Figure 3 illustrates
the application of this process. Within each trial, a 5-fold CV procedure was applied. For
instance, in each iteration, four folds were used for model training, with the remaining fold
functioning as the validation set. In fact, the model was trained five times per trial, each
time using a different fold as the validation fold.

The final performance of a trial was computed as the average validation error (MSE)
across the five folds. Based on this averaged MSE, Optuna revised its internal probabilistic
model using a Bayesian optimisation strategy [37] coupled with the Tree-structured Parzen
Estimator (TPE) sampler [38]. This mechanism enabled Optuna to propose new hyperpa-
rameter combinations that were more likely to improve model performance in successive
trials. Furthermore, the Optuna-based search strategy enabled computational resources
to be focused on the most promising areas of the hyperparameter search space, resulting
in better convergence and effective optimisation efficiency than conventional GS and RS
strategies [35].

2.5. Training and Learning Curves (LC)

Learning curves (LC) provide fundamental understanding into three essential aspects
of model behaviour: (i) whether the available amount of data is sufficient for effective
model training, (ii) whether the model performance stabilises with increasing data, and
(iii) whether the model exhibits signs of overfitting or underfitting, critical issues that needs
to be dealt, before using the models for the final prediction on the test dataset.

In this study, LC were constructed for the selected machine learning models (RF, GB,
XGB, SVR, and GPR) to systematically investigate the effect of training set size on model
generalisation. Additionally, LC were generated separately for different data transforma-
tion strategies in order to assess whether, and to what extent, the choice of transformation
(log(x),

√
x, 3

√
x
)
, influences model accuracy. Importantly, the present approach allowed

the identification of the best-performing transformation strategies that result in the maxi-
mum reduction of skewness and later analysed the effect of this skewness reduction on the
model learning behaviour.

For each model–transformation combination, LC were constructed by progressively
increasing the size of the effective training data subset from 10% to 100% of the available
training data in each cross-validation split. To avoid ambiguity, we distinguish between
the terms “training data” and “training data subset”. The training data comprises 80% of
the complete dataset (i.e., 829 out of 1023 dataset) and is reserved for model development.
During internal 5-fold CV, this training data is further partitioned so that approximately
80% (663 dataset) is used for model fitting in each fold. At the same time, the remaining
portion serves as the validation fold. Consequently, the maximum effective training size
in the LC corresponds to this per-fold training portion rather than the full 828 samples.
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Notably, the test set, comprising the remaining 20% of the original dataset (194), is never
used during either model training or validation.

The LC are therefore generated by progressively increasing the size of this training
data subset, from 10% of the 663 dataset up to 100%. At each training fraction (e.g., 10%,
20%, . . ., 100%), model performance was evaluated using 5-fold CV.

In particular, at a specified fraction, the selected training data subset is partitioned into
five equal-sized subsets, called folds. In each iteration, one fold is used as the validation
set, and the remaining four are used for model training. This procedure is repeated
5 times, with each fold serving once as the validation set. The corresponding training and
validation R2 scores are recorded for each split and thereafter averaged to obtain the mean
performance at that training fraction.

The final training and validation performance at each fraction (e.g., 10%, 20%, . . .,
100%) is then obtained by averaging the R2 scores across all folds. Moreover, the standard
deviation (±1σ) across folds is computed and visualised as a band in the LC. As train-
ing progresses, the width of the band region indicates the model’s stability for a given
data partition.

3. Results & Discussion
3.1. Data Transformation Strategies

The following section examines the effect of power transformations (
√

x and 3
√

x) on
reducing the skewness of the target variable, time (h), as well as the two numerical input
variables, true strain (%) and true stress (MPa). The distributions of the untransformed
variables are shown in Figure 4a–c. All distributions are visualised using histograms, where
the y-axis shows the count of observations and the x-axis shows the variable intervals. For
each variable, the range between its minimum and maximum values was divided into ten
equal-width bins.

As evident from Figure 4a,b, the untransformed time and true strain distributions
exhibit pronounced right-skewed behaviour, with skewness values of 2.193 and 2.563,
respectively. This behaviour is expected in creep data, as most observations tend to cluster
at lower values, with a limited number of large-magnitude values extending the right tail.
Such heavy-tailed distributions lead to high skewness and strong asymmetry. In contrast,
the untransformed true stress distribution shows comparatively mild asymmetry, with a
skewness of 0.786, closer to the ideal Gaussian value of 0.

Figures 5–7 summarise the effects of the different transformation strategies on the
distributions of the variables. On the other hand, Figure 8 further completes this analy-
sis by presenting a skewness profile plot that shows the skewness values computed for
both the original, untransformed data and the transformed datasets. This representation
provides a quantitative assessment of the degree to which each transformation reduces
distributional asymmetry.

Figure 5a–c summarises the effects of the log(x) transformation on the variable distri-
butions. For consistency, the exact interval strategy adopted for the original untransformed
data was applied to the transformed variables, that is, dividing the range between the
minimum and maximum transformed values into 10 equal intervals. This uniform-interval
approach allows a direct, visible comparison of how each transformation transforms the
underlying distributions.
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Figure 4. Frequency distributions of the untransformed variables: (a) time, (b) true strain, and (c) true
stress. The histograms represent the count of observations within equal-width intervals spanning the
respective minimum and maximum values of each variable.

  
(a) Time (log Transformation) (b) True Strain (log Transformation) 

 
(c) True Stress (log Transformation) 

Figure 5. Frequency distributions of the log(x) transformed variables: (a) time (log transformation),
(b) true strain (log transformation) and (c) true stress (log transformation). The histograms represent
the count of observations within equal-width intervals spanning the respective minimum and
maximum values of each transformed variable.
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Figure 6. Frequency distributions of the
√

x transformed variables: (a) time (square-root transforma-
tion), (b) true strain (square-root transformation), and (c) true stress (square-root transformation). The
histograms represent the count of observations within equal-width intervals spanning the respective
minimum and maximum values of each transformed variable.

Compared to the untransformed variables, the log(x) resulted in a noticeable decrease
in skewness for all studied features, i.e., time, true strain, and true stress. As noted
earlier, the original variables displayed strong positive skewness, with values of +2.193 for
time, +2.563 for true strain, and +0.786 for true stress. Importantly, after the logarithmic
transformation, the skewness values decreased for all variables, reaching approximately
−1. This demonstrates a considerable change in distribution shape. In addition, the
log(x) transformation reduced the initial right skewness, leading to an overcorrection and
distributions that were relatively left-skewed. In fact, the final transformed values of all the
variables were outside the preferred skewness range of −0.5 to +0.5 [39], considered in the
present investigation, as highlighted by the shaded region in Figure 8. These results imply
that while the log(x) is highly effective in reducing skewness, it does not yield optimal
Gaussianity in the present scenario.

On the other hand,
√

x transformation (Figure 6a–c) resulted in a near-Gaussian sym-
metry for true stress, with a final skewness value of −0.033, corresponding to a reduction
of nearly 96% compared to the original skewness. However, both time and true strain
transformed to positive skewness of around +1, placing them well outside the acceptable
range of −0.5 to +0.5. Interestingly, the response of

√
x transformation for time and true

stress was qualitatively opposite to that achieved by the log(x) transformation, in which
both variables were overcorrected towards negative skewness.
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Figure 7. Frequency distributions of the 3
√

x transformed variables: (a) time (cube-root transforma-
tion), (b) true strain (cube-root transformation), and (c) true stress (cube-root transformation). The
histograms represent the count of observations within equal-width intervals spanning the respective
minimum and maximum values of each transformed variable.

Figure 8. Effect of transformation on the original skewness of true strain, time and true stress.
The blue-shaded band between +0.5 and −0.5 skewness indicates the near-symmetric region [39],
corresponding to a data distribution close to Gaussian behaviour.

In contrast to the
√

x transformation, the 3
√

x transformation (Figure 7a–c) produces
a more balanced reduction across all the investigated variables. In fact, leading both true
strain and true stress within the acceptable skewness band, with final skewness values
of +0.353 and −0.352, respectively, indicating almost a near-symmetric band distribution.
Meanwhile, time skewness reduced to +0.668, representing a significant correction of 70%,
although it remains slightly above the ideal Gaussian range. Overall, 3

√
x transformation
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demonstrates strong skewness reduction without overcorrection. Consequently, it offers
the best overall performance in normalising the distributions, with all variables either
within or close to the Gaussian symmetry range.

It is quite evident from the earlier discussion that, from a purely Gaussian distribu-
tional perspective, the 3

√
x transformation emerges as the most consistent approach, as it

simultaneously reduces skewness across all variables and aligns them closer to Gaussian-
like behaviour. Before proceeding to understand the effect of selcted transformation on
the model learning behaviour, it is pertinent to highlight one important consideration.
As evident from Figure 8, at a given time, we have applied the same transformation to
all variables. However, it is acknowledged that a different transformation to individual
variables could have been applied. For instance, at the variable level, for true stress,

√
x

transformation resulted in almost zero skewness (Figure 8). Nonetheless, such variable-
specific transformation strategies were not adopted in the present work. Instead, a uniform
transformation was selected based on its overall impact on skewness and the model’s
learning performance. This was, in turn, done to facilitate systematic model comparison
and reduce the additional complexity associated with applying such a strategy.

3.2. Transformation Effects on Model Learning

The present section examines the effect of the different transformation strategies on
the learning behaviour of the models employed. The effects of the transformation, along
with the no transformation (NT) case, are summarised in Figures 9 and 10, respectively.
Figure 9 reports the 5-fold CV R2 values (at the full validation dataset) for each model class,
under the different applied transformation. As illustrated in Figure 9, RF and GB, were
almost insensitive to the type of transformation applied. In fact, RF and GB maintain nearly
constant performance, with R2 values of 0.82 and 0.86, respectively. In contrast, XGB shows
a modest dependence on the applied transformation. For instance, while its performance
under the NT case is comparatively lower (R2 of 0.76) than that of RF and GB, but the
application of transformations leads to noticeable improvements, with R2 increasing to
0.84 for 3

√
x transformation.

Figure 9. Validation R2 at full training size for each model (rows) under different target transforma-
tions: NT (no transformation), log(x),

√
x, and 3

√
x (columns). The colour scale follows a sequential

scheme, where darker blue–purple tones indicating lower validation performance and brighter
yellow–green tones indicating higher values.
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Figure 10. Relative change in validation performance (∆% R2) for each model (rows) when using the√
x or 3

√
x transformations, computed with respect to the log(x) baseline (columns). The colour scale

depicts the percentage gain or loss relative to the one achieved with logarithmic transformation for
each class of model. The red tone signifies the increase while the blue tone represents the decrease
and white being the neutral.

The general behaviour of tree-based models remains quite stable across transforma-
tions, confirming their insensitivity to the applied transformation. This observation aligns
with the commentary reported in [23]. In contrast, kernel-based models (SVR and GPR)
and the NN are highly sensitive to the chosen transformation. As shown in Figure 9, the
performance of SVR improves dramatically from an R2 of 0.65 in the NT case to 0.85 under
both the

√
x and 3

√
x transformations. Furthermore, a slight improvement of 0.13 in R2 was

observed with the log(x) transformation.
GPR, following similar trends to SVR, shows a sharp rise in R2 from 0.75 (NT case)

to 0.89 with the log(x) transformation, reaching even higher values for the
√

x and 3
√

x
transformations (0.92 and 0.94, respectively). NN does not benefit from all the transforma-
tions, achieving an R2 value of 0.91 under the

√
x transformation and 0.90 under the 3

√
x

transformation. This behaviour suggests that, as with kernel-based models, NN also benefit
from smoother, less skewed target distributions, which facilitate more stable gradient-based
optimisation and improved generalisation.

Evidently, the alternative transformation strategies employed in the present investi-
gation outperform the traditionally used log(x) transformation. However, to quantify the
model performance gains, Figure 10 presents the relative changes in validation performance
(∆% R2) obtained using the

√
x and 3

√
x transformations, compared with the log(x) refer-

ence baseline. As evident from Figure 10, no change in performance was observed for RF
and GB, whereas for XGB, application of

√
x, a slight depreciation (−1.2%) in performance

yields an improvement of +3.7%.
Both

√
x and 3

√
x result in identical performance gains of +11.6% for SVR. In the

case of GPR, although both transformations enhance performance, the 3
√

x transforma-
tion produces a larger improvement (+5.6%), indicating a superior effectiveness for this
model. Conversely, for the NN model, the

√
x transformation provides the largest ben-

efit, resulting in a performance increase of 16.7%. Nevertheless, despite these slight
model-specific differences, the 3

√
x transformation delivers the most consistent performance

improvement overall.
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Based on the combined findings of Sections 3.1 and 3.2, several important conclusions
can be drawn. First, the selection of transformation represents the main objective of the pre-
processing stage and a critical step in the machine learning pipeline, apart from tree-based
models (RF, GB, and XGB). Therefore, this choice should not be random. Rather, for the
given dataset and models employed, the correct choice of transformation should be guided
by both the resulting distributional characteristics (Gaussianity) plus the corresponding
impact on model learning performance. As discussed earlier, in the present investigation,
3
√

x transformation yields near-Gaussian distributions for the examined variables (time,
true strain, and true stress) and simultaneously delivers the most consistent learning per-
formance across the majority of models. The results indicate that an appropriate choice
of transformation enhances predictive performance. In particular, SVR, GPR, and NN
achieved the highest validation accuracy when Gaussian-like transformed variables were
used. In contrast, tree-based models (RF, GB, and XGB) showed limited sensitivity to
transformation and maintained consistent performance.

3.3. Learning Curves (LC): Generalisation and Model Selection

In this section, the role of LC in identifying the most suitable models for the creep time
prediction is investigated. The LC illustrate the evolution of both training and validation
performance as a function of training subset size.

They provide key insights into model convergence behaviour (overfitting versus un-
derfitting), generalisation ability (the gap between training and validation performance),
and the model stability (fold-to-fold cross-validation performance). Together, these as-
pects enable an informed and systematic selection of the optimal predictive model [40].
Figure 11a–e illustrates the LC for each model class, where the black and red curves
represent the training and validation performance, respectively. The respective shaded
region indicates the standard deviation across the five cross-validation folds. Across all
models, the training performance remains consistently high, with R2 values exceeding
0.80 even for the smallest training subset and approaching 1.0 at the full training data
subset. This indicates that during the training phase, models can capture the complex
underlying relationships in the data.

In contrast, validation performance improves rapidly with increasing training set
size, then gradually saturates, particularly beyond 400 samples. This behaviour is much
more prominent for kernel-based models. For instance, in SVR and GPR (Figure 11d,e),
the validation performance reaches a plateau roughly around 400 samples, indicating that
further data addition beyond this threshold will only provide borderline improvement in
validation performance. This suggests that these models can extract most of the appropriate
underlying information from the available data, rather early during the training phase.

For SVR, the low validation performance at a smaller training size rises to ≈0.87
on the full dataset, with its train–validation gap restricted to ≈0.04, indicating strong
generalisation abilities. In addition, GPR achieves good performance, reaching a validation
R2 of ≈0.94 at the largest training size, accompanied by a comparably small generalisation
gap (≈0.03). This small gap between the training and validation curves indicates minimal
overfitting and strong generalisation behaviour. Significantly, although both SVR and GPR
demonstrate strong generalisation abilities, GPR narrowly outperforms SVR, both in terms
of high validation performance and low generalisation gap.

https://doi.org/10.3390/app16136283

https://doi.org/10.3390/app16136283


Appl. Sci. 2026, 16, 6283 16 of 32

Figure 11. Learning curves for (a) RF, (b) GB, (c) XGB, (d) SVR, and (e) GPR models, depicting
the evolution of training (black) and validation (red) performance as a function of training dataset.
All curves are obtained using the selected 3

√
x transformation. The red shaded band represents the

standard deviation of the validation scores across 5-fold cross-validation.
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In contrast, in Figure 11a–c, the tree-based models do not reach a plateau even beyond
600 samples. Their validation performance continues to improve with increased training
samples, suggesting that tree-based models can still benefit from additional data, making
them data hungry, compared to kernel-based models. Among them, RF reaches a validation
R2 of ≈0.82 at the largest training size, with a generalisation gap of ≈0.16, nearly four
to five times higher than observed in SVR (≈0.04) and GPR (≈0.03) respectively. This
larger gap reflects the mild overfitting, compared to the minimal overfitting, observed in
kernel-based models. Observing the similar trends of RF, GB improves steadily, but to a
slightly higher validation performance of ≈0.86, accompanied by a lower gap of ≈0.12,
almost 25% lesser than RF, however still higher than kernel-based models, reflecting the
mild overfitting again. Lastly, XGB performs comparably, showing a similar gap of ≈0.15,
slightly lower than that of RF but higher that of GB. Among the tree-based models, GB, due
to its lowest gap (≈0.12), outperforms the counterparts, RF and XGB. Nevertheless, due to
the persistent gap between the training and validation curves, tree-based models are not
considered reliable and are excluded from the final model selection.

Another key feature of the learning curves is the fold-to-fold stability (shaded bands in
Figure 11a–e). RF, GB, and XGB deliver consistent performance across the folds, indicated by
the narrow shaded region. This suggests that tree-based models show uniform stability over
the folds. In contrast, for SVR, the initial-middle wide fold-to-fold stability progressively
narrows, demonstrating that SVR stabilises as more data become available. On the other
hand, GPR shows a fine region of fold-to-fold stability, depicting consistent performance
across both stability and generalisation.

Figure 12a,b reports the learning curves of the NN. Unlike tree- and kernel-based
models, whose performance is evaluated as a function of training set size, NN learning
curves are analysed as a function of epochs, where each epoch corresponds to one complete
pass over the entire training dataset during the optimisation process [24]. The MSE curve
represents the objective function, minimised during training and provides a direct measure
of the prediction error magnitude. A decreasing MSE with the increase in epochs indicates
refined learning, while divergence between training and validation MSE would suggest
overfitting [29].

 
(a) (b) 

Figure 12. Learning curves for the NN model: (a) training (black) and validation (red) R2, and
(b) training and validation loss (MSE) as functions of epochs. The dashed vertical line denotes the
optimal epoch (163), selected based on validation performance.
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As shown in Figure 12a, both training and validation loss curves display a sharp
vertical decline within 20 epochs, reflecting fast error reduction as the NN learns the
underlying patterns in the data. Furthermore, both training and validation MSE curves
remain overlapping throughout the training process, with only a small, stable gap between
the two curves. Nevertheless, no apparent deviation is observed even at subsequent epochs
(after 150 epochs). The absence of any divergence is a strong indicator of exceptional
learning, which is highly stable and has effective generalisation [29], confirming the absence
of overfitting. In addition, the best performance is achieved at epoch 163, highlighted by a
dashed vertical blue line (Figure 12a,b), indicating the minimum loss (MSE).

Figure 12b further validates the MSE performance by showing the evolution of the R2

performance. Both training and validation R2 values increase rapidly in the early epochs,
followed by a gradual saturation toward a plateau. At epoch 163, validation performance
reached 0.90 with a generalisation gap of ≈0.04, comparable to SVR (≈0.04) and GPR
(≈0.03), indicating strong generalisation with minimal overfitting. Broadly, NN depicts a
learning performance consistent with the kernel-based models, along with SVR and GPR,
is identified as a reliable candidate for the final rupture-time prediction task.

Table 2 summarises the results of the above discussion. The model selection criterion
was implemented based on three complimentary aspects: (i) validation performance (R2),
(ii) train–validation R2 gap (quantitative measurement of overfitting), and (iii) convergence
behaviour (plateau reached or not).

Table 2. Summary of model selection criteria. Note: The reported Test R2 values correspond to the
rupture-time prediction task using the test dataset containing both rupture and non-rupture curves.

Models Validation R2 Train–Validation Gap Plateau Reached Test R2

RF 0.82 0.16 No 0.50
GB 0.86 0.12 No 0.64

XGB 0.84 0.15 No 0.44
SVR 0.87 0.04 Yes 0.90
GPR 0.94 0.03 Yes 0.87
NN 0.90 0.04 Yes 0.92

As evident from Table 2, among the tree-based models, GB emerged as the most com-
petitive candidate, depicting a validation performance (R2 = 0.86), which is comparable to
that of SVR (R2 = 0.87). However, GB does show a substantially larger train–validation
gap of 0.12 compared to 0.04 of SVR. Furthermore, unlike SVR, GPR, and NN, the valida-
tion performance of GP did not reach a clear plateau within the investigated training size
range, suggesting that additional training data may still improve its performance. Similar
observations were made for RF and XGB. Hence, considering all three criteria, SVR, GPR,
and NN emerged as the most suitable candidates and therefore were selected for the final
prediction task.

It is pertinent to note that this model selection strategy is further supported by the
performance on the independent test dataset. As shown in Table 2, all three tree-based
models (RF, GB, and XGB) depicted lower test performance when applied to rupture-time
prediction using the dataset containing both rupture and non-rupture curves. This obser-
vation independently validates the conclusions drawn from the learning curve analysis
and reinforces the robustness of the proposed methodology of the present work. The test
performance of the selected SVR, GPR, and NN models is discussed in detail in Section 3.5.

3.4. Hyperparameter Optimisation

The hyperparameters tuned by Optuna for each model class are summarised in Table 3.
The search space for parameter tuning was guided by the recommendations from [35,36].
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It is pertinent to note that the optimisation results illustrated in Table 3 define only the
internal structure and learning behaviour of the respective models. These hyperparameters
do not contain information about, nor can they be used to reproduce, the confidential
creep rupture dataset employed in this investigation. A detailed explanation of the tuned
hyperparameters and their functional roles is provided in Appendices A and B.

Table 3. Selected and tuned key hyperparameter values of the selected model, optimised for time
predictions using the Optuna framework.

Model Hyperparameters Search Range Tuned Values

RF

n_estimators 100–500 475
max_dept 5–15 15

min_samples_split 2–20 3
min_samples_leaf 2–10 2

max_features sqrt, log2, None sqrt
bootstrap True, False False

GB

n_estimators 100–250 236
learning_rate 0.001–0.1 (log scale) 0.083

max_dept 4–10 8
min_samples_split 10–20 20
min_samples_leaf 10–20 10

subsample 0.1–0.9 0.85
max_features sqrt, log2, None log2

XGB

n_estimators 50–300 187
learning_rate 0.001–0.1 (log scale) 0.061

max_dept 4–10 7
min_child_weight 1–10 3

gamma 0–5 0.0005
subsample 0.2–0.8 0.73

colsample_bytree 0.5–1.0 0.88
L1(reg_alpha) 1 × 10−6–10 0.0437

L2(reg_lambda) 1 × 10−6–10 0.0102

SVR
C 1 × 10−2–300 (log scale) 298.78

epsilon 1 × 10−2–10 0.0168
kernel rbf, sigmoid rbf

GPR

kernel rbf, Matérn Matérn
constant_value 0.1–6 (log scale) 0.510

length_scale 0.01–6 (log scale) 0.109
alpha 1 × 10−5–1 × 10−1 (log scale) 0.031

NN

units_1 32,512 352
units_2 32,512 416
dropout 0–0.5 0.0165
L2_reg 1 × 10−6, 0.01 (log scale) 1.318 × 10−6

learning_rate 1 × 10−4, 1 × 10−2 (log scale) 0.00154
optimizer_name adam, rmsprop, nadam nadam

activation function not tuned ReLU
batch size 16, 32, 64 16

In the present work, the optimal RF configuration selected 475 estimators, suggesting
that a relatively large ensemble size is required. The maximum tree depth reached the
upper limit of the search space (15), suggesting that deeper trees were needed to capture
the complex and highly nonlinear relationships among stress, temperature, and strain.
Relatively small values of min_samples_split = 3 and min_samples_leaf = 2 allowed fine-
grained partitioning of the feature space, enabling the model to learn localised patterns
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while keeping a minimum number of samples per node. Also, the optimised configuration
set bootstrap = False, meaning that each tree was trained on the full dataset rather than
on bootstrap-resampled subsets. This choice ensures that all available data contribute to
training each tree, which can be beneficial in small-data regimes. In this case, diversity
within the ensemble was primarily maintained through random feature subsampling
max_features = “sqrt”, which introduces variability in the split selection process [36].

For the GB model, the number of boosting steps converged to 236, almost half that of
those in the RF (475). Unlike RF, which counts on a large ensemble of independent trees,
GB builds trees successively, with each new tree focusing on correcting the residual errors
of the previous ensemble [36]. The fact that GB converges with fewer estimators suggests a
more efficient learning process and a compact model structure, which is further confirmed
by its maximum depth of 8 (lower than that of RF). The learning_rate was optimised to a
relatively low value of 0.083. A smaller learning rate allows the model to make gradual
updates to the residuals, thereby reducing the risk of overfitting.

On the other hand, parameters such as min_samples_split = 20 and min_samples_leaf
= 10, both higher than those observed for the RF, further reflect the formation of less deep-
branched trees. As a result, the GB model prefers simpler, better generalised tree structures
that reduce the tendency to overfit local changes in the training data. Also apparent from
the low generalisation gap (≈0.12), in fact, the lowest among all the tree-based models. The
subsample, optimised to 0.85, shows that the model benefited from a randomly selected
portion of the data, where each tree is trained on roughly 85% of the available data. Finally,
the tuned max_features = log2 suggests that the model achieved the best performance
when a smaller subset of features was considered at each split.

For the XGB model, the optimised number of estimators (187), learning rate (0.061),
and maximum depth (7) indicate a level of model complexity comparable to that of the
GB model, with both relying on a gradual, stage-wise learning process. However, unlike
GB, XGB incorporates two more regularisation terms to control model complexity. These
are L1 (reg_alpha = 0.0437) and L2 (reg_lambda = 0.0102), which both add the penalties,
making the model less complex. Like gamma, min_child_weight also restricts the number
of splits at each tree [36]. Both parameters contribute to improved generalisation on
small, heterogeneous datasets such as the present creep dataset. The subsample (0.73) and
colsample_bytree (0.88) parameters were optimised to values below 1, indicating that each
tree was trained using only a subset of samples and features.

In the case of kernel-based models (SVR and GPR), the relatively high value of the
regularisation parameter C = 298.78 indicates that the SVR model assigns a strong penalty
to training errors, thereby favouring a close fit to the data. Along with C, the parameter
epsilon = 0.0168 represents the width of the insensitive zone around the regression function,
within which prediction errors are not penalised [35]. The small value of epsilon implies
a narrow tolerance region, forcing the model to penalise even for small deviations. The
combination of a high C and a low epsilon suggests that the model is configured to achieve
high precision, while still maintaining controlled regularisation. This balance promotes ac-
curate fitting without inducing overfitting, as confirmed by strong validation performance
(R2 = 0.87) and a low generalisation gap. Another key component of kernel-based models
is the choice of kernel function. In the present work, the SVR kernel was tuned to the radial
basis function (rbf), which is well-suited for capturing nonlinear relationships [35].

In contrast to the SVR kernel, the GPR model was tuned to a Matérn kernel, which
defines the shape of the fitted function and is known to be less smooth than the rbf ker-
nel [41]. This property makes the Matérn kernel more natural for physical phenomena
such as creep. Therefore, selecting the Matérn kernel is a physically significant option
for the present situation. The parameter constant_value, which controls the overall ver-
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tical scale of the predicted function, was tuned to a moderate value of 0.510 [41]. This
indicates that the GPR model allows moderate output fluctuations, suggesting that the
underlying relationship is neither too oscillatory nor too flat, a behaviour that is consis-
tent with typical creep data. The optimised length_scale of 0.109 further indicates that
the model’s predictions vary moderately with slight changes in the input features [41].
In fact, it allows the capture of localised nonlinear trends without introducing excessive
complexity. The parameter alpha was tuned to 0.031, corresponding to a low noise level
added to the kernel matrix [41], thereby preventing overfitting and enhancing the model’s
generalisation capability.

Finally, for the NN model, the activation function, which determines how the weighted
input at each neuron is converted into an output signal, introducing nonlinearity into the
network [36], has not been tuned. In fact, the Rectified Linear Unit (ReLU) was adopted, as
it is the most widely used activation function in creep-domain analysis. Nevertheless, all
remaining major hyperparameters were tuned. Specifically, the number of neurons in the
two hidden layers was set to 352 and 416, respectively.

The dropout rate, which serves as a regularisation mechanism, randomly deactivates
a fraction of neurons. It was optimised to a very small value (≈1.60%). This indicates that
strong regularisation was not required for the present NN configuration. This behaviour can
be attributed to the limited network depth and the small learning rate (0.00154). In addition,
constrains the magnitude of weight updates and encourages stable convergence. Moreover,
the optimised L2_reg (regularisation coefficient) of 1.318 × 10−6 provides an extra, yet
mild penalty on large weights, further supporting the idea that only weak regularisation
was necessary. Among the tested optimisers (Adam, RMSprop, and Nadam), the Nadam
optimiser emerged as the most effective. Lastly, the batch size, which represents the subset
of the entire dataset used to determine the gradients for the network weights, was tuned to
a lower value of 16. In general, a low batch size value leads to slightly higher run time but
can result in better learning performance [36].

3.5. Creep Time Predictions: Rupture-Time Results

In the last phase (Phase III) of the machine learning pipeline, the best-performing
models, identified from the learning curve analysis, which include SVR, GPR and NN
were employed to predict the creep time on the test dataset. As anticipated before, creep
time includes both the time to reach specific strain levels and time to rupture. However,
at this stage, only the results for the rupture time are presented. Furthermore, including
creep curves for both rupture and non-rupture type is an important highlight of the present
investigation. Therefore, the effect of including or excluding the non-rupture creep curves
on the mode’s performance in predicting the rupture time is also investigated.

Figure 13 illustrates this comparison: Column I corresponds to the full dataset contain-
ing both types of curves; on the other hand, Column II presents the case of only rupture
curves in the dataset. For excluding the non-rupture curves from the full dataset, the
is_rupture flag was used, and all the corresponding non-rupture creep curves were re-
moved from the entire dataset. For each scenario, the predicted rupture times are compared
with the corresponding original values using log–log plots, normalised by the maximum
rupture time. Since the predictions were compared on the basis of original time values,
the applied preprocessing steps of Phase I, such as Min–Max scaling and applied 3

√
x

transformation were removed, restoring the time (target variable) to the original physical
units (hours).
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Figure 13. Predicted versus original rupture time using log–log plots. For confidentiality reasons,
both original and predicted rupture times were divided by the maximum rupture time in each figure.
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Column I represents the case where both rupture and non-rupture curves are included, while
Column II corresponds to the case with only rupture curves. Data points are colour-coded according
to the four material heats considered in the present investigation. The dashed black line represents
the ideal case of perfect prediction, while the grey shaded region denotes the ±20% error band.
Factor-of-two and factor-of-four reference lines are also included. Global model-level performance
metrics (R2 and RMSE), computed in the logarithmic domain, are reported in each subfigure. (a) SVR.
(b) SVR. (c) GPR. (d) GPR. (e) NN. (f) NN.

The model performance is examined using the R2 and RMSE, both computed in the
logarithmic domain. Importantly, both R2 and RMSE are computed at the global level,
considering all heats together to assess the overall predictive model performances, as well
as at the per-heat level to examine the model predictive performance specific to individual
heats. The results of per-heat analysis (performed only for the case of the full dataset,
Column I) are summarised in Table 4. It is worth noting that only RMSE values are reported
for the per-heat analysis, as the R2 metrics become less stable and reliable when computed
on very small sample sizes.

Table 4. Per-heat rupture-time prediction performance (RMSE in the logarithmic domain) for each
selected model in the case of the full dataset (rupture and non-rupture curves combined).

Models SVR GPR NN

Heat 1 0.172 0.193 0.209
Heat 2 0.292 0.357 0.152
Heat 3 0.198 0.189 0.120
Heat 4 0.206 0.206 0.277

The results of Column I are discussed first. As evident from Figure 13e, the NN
exhibits the highest predictive accuracy of (R2 = 0.92) along with the lowest RMSE of 0.195,
indicating good agreement between the predicted and original rupture times. The majority
of NN predictions closely followed the ideal trend line, with nearly all data points lying
within the ±20% error band. Furthermore, the inclusion of factor 2 and factor 4 lines further
highlights the robustness of the model, as almost all data points remain within the factor
2 bound. Only one data point each from Heat 1 (green coded) and Heat 4 (yellow coded)
slightly exceeds the factor 2 limit but still falls well within the factor 4 bounds. On a global
level, the NN predictions deviates from the experimental rupture times by an average factor
of ≈1.57 (≈10RMSE), confirming the high reliability of NN model for creep rupture time
predictions. Sakurai et al. [20] reported a slightly lower RMSE of 0.14, corresponding to an
average factor of 1.38, for commercial creep-resistant steels. The slightly higher prediction
error observed in the present study can be attributed to the limited dataset and the absence
of additional features, such as microstructural information.

From an engineering perspective, the obtained prediction errors (RMSE of 0.195 and
deviation factor of 1.57) indicate that the NN can provide reasonable estimates of creep
rupture life. Practically, the predictions on average will be within a factor of ≈1.57 of the
experimental creep rupture time, demonstrating the potential applicability of the present
NN for preliminary creep life assessment.

Compared to the NN model, SVR (Figure 13a) exhibits a slightly lower predictive
accuracy, with an R2 of 0.90 and a higher RMSE of 0.223. Except for the single data
point corresponding to Heat 2 (coded in red), all the predictions lie well within the factor
2 bounds. Furthermore, on a global scale, SVR predictions deviate from the original rupture
time, by an average factor of ≈ 1.64, which is only marginally higher than that observed
for the NN model. On the other hand, the GPR model (Figure 13c) exhibits the lowest
predictive performance among the tested approaches, with an R2 value of 0.87 and the
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highest RMSE of 0.251. At the global level, this corresponds to an average deviation factor
of ≈1.78, which is the largest among all considered models. Similar to the SVR results,
Heat 2 (red-coded) shows the most pronounced deviations, with one prediction falling
outside the factor 4 bounds, while the remaining data points are largely confined within the
factor 2 region.

Continuing with the discussion on results presented in Column I. Table 4 presents the
per-heat RMSE values. Overall, the NN model demonstrates the most consistent behaviour,
achieving the lowest RMSE values for Heat 2 (0.152) and Heat 3 (0.120), indicating strong
predictive capability across varying data subsets. In contrast, SVR and GPR exhibit higher
variability, particularly for Heat 2, where RMSE increases to 0.292 and 0.357, respectively,
confirming the larger deviations observed in the corresponding prediction plots.

The observed differences can mainly be attributed to the non-uniform distribution
of creep curves across the heats. For instance, Heat 1, owing to the highest number of
creep curves (44), demonstrates relatively low RMSE values across all models. Respec-
tively, Heat 3, with 21 curves, also shows good predictive performance, particularly for
the NN model. On the other hand, Heat 2 and Heat 4 have fewer curves, leading to
decreased model robustness. For Heat 4, despite the limited data availability, all mod-
els maintain comparable RMSE values, suggesting reasonable generalisation within this
subset. However, the consistently higher errors for Heat 2 across all models highlight the
combined effects of greater variability in creep behaviour for this heat. Taken together, the
per-heat analysis supports the superior robustness of the NN model, followed by SVR,
while GPR shows comparatively weaker generalisation, particularly for heats with limited
data. This further underscores the importance of balanced data distribution for reliable
rupture-time predictions.

In the column II of Figure 13, Figure 13b,d,f illustrate the effect of the removal of non-
rupture creep curves from the full dataset on the predictive performance for each model.
As evident from the comparison between Figure 13a,b, the SVR experienced only a slight
reduction in model performance. The R2 decreases from 0.896 to 0.869 (≈3% reduction),
while the RMSE increases from 0.223 to 0.297, corresponding to a moderate increase of
33%. The relatively robust performance of SVR against the reduction in the dataset can be
attributed to the underlying working mechanism of SVR, which relies on support vectors,
a subset of data points of the entire dataset [42].

On the other hand, NN (Figure 13f) suffered from a major impact of the non-rupture
creep curves removal, evident by the low R2 of 0.84 (reduction of ≈9%) and RMSE of
0.328 (sharp increase of ≈68%), depicting the substantial loss in predictive accuracy. The
reason for this behaviour of NN lies in its structure, which typically requires large and
diverse datasets, making it data hungry by nature [43,44]. In fact, the removal of non-
rupture creep curves resulted in the approximate loss of 35% dataset.

Unlike the SVR and NN, the GPR (Figure 13c) benefited largely from the exclusion
of non-rupture creep curves, evident by the sharp rise in R2 from 0.87 to 0.97 (increase
of ≈11%) and decline in RMSE from 0.251 to 0.140, leading to a substantial decrease of
44%. One possible explanation for this behaviour can be attributed to the reduction in data
heterogeneity following the removal of non-rupture creep curves, which, in turn, might
have limited the performance of the Matérn kernel (Section 3.4 and Table 3), hypertuned
by Optuna. In general, Matérn kernels provide flexibility in mapping relationships with
varying smoothness. However, single kernel performance could be affected under the
heterogeneous dataset [45].

This interpretation is further partly supported by the comparison between the vali-
dation and held-out test performance of 0.94 (Figure 9) and 0.87 (Figure 13c), respectively,
computed on the full dataset. In contrast to this behaviour, SVR and NN maintained
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consistency from validation to held-out test conditions. Although this observation may
suggest that GPR is comparatively more sensitive to the changes in the dataset composition.
However, additional experimental investigation, including dedicated kernel comparisons
and ablation studies, would be required to verify the hypothesis and the underlying causes
of such GPR behaviour.

Overall, the results indicate that the influence of non-rupture curve on rupture-time
prediction is model dependent and is not uniform across the machine learning approaches
considered in the present work.

4. Conclusions
This study developed an AI-based framework for predicting creep time, referring

to the time required to reach specific strain levels and the time to rupture. However, the
results for time to rupture predictions are presented only at this stage. Furthermore, the
framework is limited to four heats of austenitic stainless steel, grade 316, within specific
stress–temperature regimes, thereby restricting its direct applicability to other alloys or
broader service conditions.

• The cube-root transformations resulted in higher validation performance for SVR,
GPR, and NN.

• The tree-based models (RF, GB, and XGB) were insensitive to the choice of transformation.
• Learning curve analysis revealed mild overfitting for the tree-based models, while

SVR, GPR, and NN demonstrated minimal overfitting.
• During time to rupture prediction, the NN model achieved the highest overall predic-

tive accuracy (R2 = 0.92), followed by SVR (0.90) and GPR (0.87).
• The per-heat evaluation (individual heat performance) revealed that SVR provided

the most accurate predictions for Heats 1 and 4, and NN performed best for
Heats 2 and 3.

• Importantly, the effect of incorporating the non-rupture creep curves on the respective
model performance in predicting the rupture time was not uniform across the models.
It depends mainly on the choice of model, like SVR and NN, which benefited from
their incorporation, while GPR performance was hindered.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
ML Machine Learning
HPO Hyperparameter Optimisation
CV Cross-Validation
LC Learning Curves
RF Random Forest
GB Gradient Boosting
XGB Extreme Gradient Boosting
SVR Support Vector Regressor
GPR Gaussian Process Regressor
NN Neural Network

Appendix A. Models
Appendix A.1. Random Forest

Random Forest (RF), introduced by [46], is an ensemble learning method that combines
multiple decision trees (DT) [29]. While a single DT (Figure A1a) is easy to interpret, it can
often suffer from severe overfitting, limiting its ability to generalise to unseen data [47]. RF
addresses this limitation by constructing a forest of trees (number of independent trees)
on random subsets of both the training data and the feature space, thereby introducing
diversity among trees [48]. Figure A1b illustrates the schematic of RF, where bootstrapping
(sampling with replacement) is used to generate multiple sub-datasets, and each tree
is trained in parallel. The “random” aspect arises from both random sampling of data
and random selection of features at each split, ensuring diversity among trees. The final
prediction is obtained by averaging the outputs of all trees in regression tasks using bagging
(bootstrap aggregating). This ensemble approach reduces variance, improves robustness,
and allows RF to handle large datasets effectively [48].

Figure A1. (a) Schematic representation of a single decision tree (DT); (b) Random Forest (RF).

Appendix A.2. Gradient Boosting

Gradient Boosting (GB) [49] is a boosting ensemble method that combines multiple
weak learners to build a strong predictive model. These weak learners are typically shallow
decision trees trained (not deep) sequentially, where each new tree aims to fix the errors of

https://doi.org/10.3390/app16136283

https://doi.org/10.3390/app16136283


Appl. Sci. 2026, 16, 6283 27 of 32

the previous tree. Figure A2 illustrates the schematic of GB. The process begins with a first
decision tree fitted to the training data; the residuals (differences between observed and
predicted values) then become the target for the next tree. This iterative procedure continues
until the maximum number of trees (boosting steps) is reached. The final prediction is
obtained as an additive combination of all trees, scaled by a learning rate that controls the
contribution of lowering the weights of each tree and thereby reducing overfitting [36,50].

Figure A2. Schematic representation of the Gradient Boosting process.

Appendix A.3. Extreme Gradient Boosting

Extreme Gradient Boosting (XGB) [51] builds on the concepts of the Gradient Boosting
(GB) framework. However, with further improvements in speed, efficiency, and gen-
eralisation. Unlike standard GB, XGB incorporates advanced features such as built-in
regularisation (L1 and L2) to reduce overfitting.

Appendix A.4. Support Vector Regressor

Support Vector Regression (SVR) [42] uses the concept of Support Vector Machines
(SVM) and extends it to the regression tasks. Figure A3 illustrates a schematic of the 1D
SVR model, where the line (or hyperplane in a multidimensional space) represents the
predicted function.

Figure A3. A schematic representation of the one-dimensional Support Vector Regression (SVR)
model, where only the data points lying outside the ε-tube (in black) are considered for determining
the predictions (adapted from [52]).

SVR describes a tolerance region, known as the ε-tube (epsilon), where small prediction
errors are considered acceptable and do not significantly influence the model. In fact,
instead of trying to predict every data point, SVR uses the data points outside the tube
(black data points in Figure A3) to build the model. This prevents the SVR from overfitting
to small noise and deviations within the dataset. Moreover, enabling it to focus on the
critical data points, which are far from the main line or hyperplane [52]. Apart from
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the parameter ε, the kernel and cost (C) parameters play an important role in defining
the performance of SVR. Kernels transform the input data into a higher-dimensional
feature space, where the relationship becomes approximately linear, even if it appears
highly nonlinear in the original space. Some of the common kernel types include linear,
polynomial, radial basis function (RBF), and sigmoid. Parameters such as cost parameter
(C), L1, and L2 act as regularisation terms, controlling the balance between the required
model complexity and the degree to which deviations larger than ϵ are tolerated [36].

Appendix A.5. Gaussian Process Regressor

Gaussian Process Regression (GPR) [53] is a non-parametric model, meaning it does
not assume any predefined function between the input (feature) and output (target) vari-
ables. Instead, GPR assumes that there could be an infinite number of smooth functions
that might explain or fit the data. Each of these possible functions is assigned a probability
based on how well it matches the experimental data. In fact, to predict new conditions,
GPR assesses how similar the new point is to the points in the training data. This similarity
is measured using a kernel or covariance function, which makes the predictions smooth
and consistent, so that similar inputs yield similar outputs [53].

Appendix A.6. Neural Network (NN)

Neural networks (NN) are motivated by the structure of biological neurons [54–56].
A single artificial neuron takes multiple inputs, applies weights and a bias, and passes
the weighted sum through an activation function to generate an output. NN are formed
by interconnecting many such neurons into layers, generally comprising an input layer,
hidden layers, and an output layer. Figure A4 illustrates the schematic of the NN used in
the present investigation, where stress, temperature, strain, heat, and curve type (rupture or
non-rupture) serve as input features. During the feed-forward phase, as input signals pass
through the network, predictions are made at the output. However, during the training
phase, a phenomenon known as backpropagation is activated. This iteratively adjusts the
weights and biases, minimising error and improving model accuracy over time [56,57].

Figure A4. Schematic of a neural network (NN) for time prediction used in the present investigation,
showing input features (σ, T, ϵ, heats, is_rupture), hidden layers, and the output layer.
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Appendix B. Description of Model Hyperparameters

Model Hyperparameters Description

RF

n_estimators Total number of independent trees in the ensemble model

max_dept
Represents the depth of the tree from the root node (first) to the leaf node
(terminal node), controlling the maximum number of splits along any path

min_samples_split Minimum number of samples required to split an internal node

min_samples_leaf
Minimum number of samples required at a leaf node

(end node of the tree)

max_features
Number of randomly selected and considered for finding the best split

(the choice is made at each node)

bootstrap
Determined whether sampling of data is done with replacement (True) or

without replacement (False) for each tree

GB/XGB

n_estimators Number of boosting steps (like number of trees in RF)

learning_rate
Shrinkage step which controls the lowering of the weights in each

boosting step
max_dept Same as that for RF

min_child_weight Like max_dept and gamma (restricts the number of splits of each tree)

gamma (XGB)
Minimum loss reduction required to make a split

(regularisation parameter)
subsample Fraction of data used for training at each boosting step

colsample_bytree Fraction of features (the choice is made once for each tree)
reg_lambda (XGB) L1 regularisation coefficient (controls the strength of penalty)
reg_alpha (XGB) L2 regularisation coefficient (controls the strength of penalty)

SVR

kernel
Real valued symmetrical function (linear, polynomial, radial basis and

sigmoid are some of the common kernel functions)

epsilon
Width of the margin (ε-tube) around the regression line within which

errors are ignored, controlling models’ sensitivity

C
Regularisation parameter that controls model complexity by weighting

the penalty for constraint violations

GPR

kernel Function defining similarity points (radial basis, Matérn)

constant_value
Scaling factor controlling the overall signal magnitude of the

Gaussian process

length_scale
Determines how smooth or flexible the fitted function is, smaller value fits

the data more closely

alpha
Noise variance term added to the kernel matrix for numerical stability and

regularisation, preventing overfitting

NN

units_1 & units_2 Number of neurons in hidden layer 1 and hidden layer 2

activation
Determines how the input to each node is mathematically transformed

into its output for each layer, governing the nonlinear behaviour
of the network

dropout
Randomly deactivates a fraction of neurons during training to prevent

overfitting (regularisation parameter of NN)
L2_reg L2 regularisation coefficient (controls the strength of penalty)

learning_rate
Controls the size of weight updates during training, determining how

quickly or slowly a neural network learns from errors

optimizer_name
Algorithm that updates the network weights to minimise loss

(Nadam, Adam)
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