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ABSTRACT: The available datasets provided by our previous works on creep life for nickel-based single crystal
superalloys were analyzed through supervised machine learning to rank features in terms of their importance for
determining creep life. We employed six models, namely Back Propagation Neural Network (BPNN), Gradient Boosting
Decision Tree (GBDT), Random Forest (RF), Gaussian Process Regression (GPR), XGBoost, and CatBoost, to predict
the creep life. Our investigation showed that the BPNN model with a network structure of “24-7(20)-1” (which consists
of 24 input layers, 7 hidden layers, 20 neurons, and 1 output layer) performed better than the other algorithms. Its
accuracy is 1.82% higher than that of the second-best CatBoost regression model, with a mean absolute error reduction
0f 93.07% and a root mean square error reduction of 88.12%.
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1 Introduction

Nickel-based superalloys are crucial in aerospace due to their superior high-temperature strength,
oxidation resistance, fatigue resistance [1], and creep resistance [2]. These properties make them ideal for
components like aero-engine blades, turbine disks, and combustion chambers [3]. The creep rupture life, a
key measure of creep resistance, is influenced by factors such as alloy composition, processing parameters,
experimental conditions, and microstructure, and serves as a vital performance metric in high-temperature
environments [4].

Several theoretical approaches have been developed to accelerate the prediction of creep rupture life
in engineering alloys. For instance, Dang et al. [5] proposed a method to estimate the long-term creep
rupture life of alloys under low-temperature conditions. Similarly, the isothermal extrapolation method [6]
developed an empirical correlation between stress and rupture time, enabling the prediction of long-term
creep behavior through extrapolation. However, these time-temperature parameter (TTP) methods rely on
empirical analysis of experimental data. These methods not only lack a robust theoretical foundation but also
involve complex development processes, face significant delays in transitioning from research to practical
application, and frequently fail to achieve the anticipated performance outcomes. In recent years, data-
driven machine learning approaches have been effectively utilized for predicting material properties [7-9],
accelerating the discovery of novel materials [10], and addressing a wide range of other applications [11].
These approaches have shown significant advantages in both time efficiency and predictive accuracy [12].
Zou et al. [13] utilized the composition, thermodynamic parameters, and phase structure of cobalt-based
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superalloys as inputs to construct classification and regression models using gradient boosting trees,
respectively. Ultimately, they successfully designed a novel cobalt-nickel-based superalloy featuring a )’
strengthening phase volume fraction of 79.8%, which exhibited no detrimental phase precipitation after aging
at 1000°C for 24 h. Artificial neural networks (ANNs) simulate biological neural networks and are widely
used in machine learning and cognitive science. Various statistical models have been applied to predict the
creep rupture life of superalloys [14-18]. Venkatesh et al. [19] utilized a Back Propagation Neural Network
(BPNN) to predict the creep rupture life of INCONEL 690 alloy at 1000°C and 1100°C, achieving 100% and
90% accuracy within a +2-h error range. Yoo et al. [20] applied a Bayesian neural network integrated with the
Markov Chain Monte Carlo (MCMC) method to analyze the mechanistic drivers of creep behavior. Key input
parameters included chemical composition, applied stress, and testing temperature, with the model accuracy
of 93.2%. Islam et al. [21] utilized a neural network model to classify and predict the phase selection of
multi-principal element alloys (MPEAs) based on experimental datasets. The accuracy of the trained neural
network model surpassed 99%. However, the accuracy of phase prediction in alloys may vary depending on
the specific algorithm used. For instance, Hou et al. [22] proposed integrating empirical knowledge models
into the prediction process, achieving a prediction accuracy for high-entropy alloys that exceeds 83.3%. Zhou
et al. [23] employed an ANN model to predict the amorphous (AM), intermetallic compound (IM), and
single-phase solid solution (SS) phases for high-entropy alloy phase design, achieving accuracies of 98.9%,
95.6%, and 97.8%, respectively.

In this study, a Back-Propagation Neural Network (BPNN) was employed to develop a creep life predic-
tion model for nickel-based single-crystal superalloys. The model overcomes the limitations of analytical and
empirical descriptions of nonlinear interactions among high-dimensional variables in engineering, enabling
accurate creep life prediction while reducing experimental costs.

2 Models and Methods
2.1 Datasets and Descriptors

The experimental data utilized in this study comprises a 550-item dataset derived from my previous
research [24]. Table 1 presents the 24 input features included in the dataset sample, which encompasses 14
alloy elements (Ni, Re, Co, Al, Ti, W, Mo, Cr, Ta, C, B, Y, Nb, Hf), 8 microscopic parameters (y/y" mismatch,
effective diffusion coefficient, ' volume fraction, ’ solid solution temperature, antiphase domain boundary
energy, shear modulus, stacking fault energy, and y matrix channel width), and 2 processing parameters
(creep test temperature and creep test pressure). The output parameter is creep life. Consequently, the BPNN
model’s input and output layers contain 24 and 1 neuron nodes, respectively.

Table 1: Enter the descriptors corresponding to the feature label

No. Input feature label Parameter
1 Mass percentage of Ni/% Ni
2 Mass percentage of Re/% Re
3 Mass percentage of Co/% Co
4 Mass percentage of Al/% Al
5 Mass percentage of Ti/% Ti
6 Mass percentage of W/% w
7 Mass percentage of Mo/% Mo
8 Mass percentage of Cr/% Cr
9 Mass percentage of Ta/% Ta

(Continued)
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Table 1 (continued)

No. Input feature label Parameter
10 Mass percentage of C/% C

11 Mass percentage of B/% B
12 Mass percentage of Y/% Y
13 Mass percentage of Nb/% Nb
14 Mass percentage of Hf/% Hf
15 y/y Mismatch 8/% LM
16 Effective diffusion coefficient EDC

lg(x)/(m?-s71)
17 y’ Volume fraction/% vy
18 y' Solution temperature/°C Ty
19 Antiphase boundary APDB
energy/(mJ-m2)

20 Shear modulus/Gpa SM
21 Stacking fault energy/(mJ-m™?) SFE
22 Matrix channel width of y/nm Dy
23 Creep test temperature/°C Test.T
24 Creep test pressure/MPa Test.S

Dataset segmentation plays a vital role in machine learning and data preprocessing. In this study, the “10-
fold cross-validation” method was employed for data segmentation. A total of 550 samples were considered,
with 495 randomly assigned to the training set and the remaining 55 reserved for testing.

2.2 Machine Learning Methods

The artificial neural network (ANN) model is a computational system inspired by how neurons in the
human brain process information. It is capable of processing vast amounts of data simultaneously across
multiple threads [25]. The BPNN is a commonly used artificial neural network that adjusts weights and
thresholds to minimize total error. Fig. | shows a schematic representation of the BPNN [26].

Figure 1: BPNN network diagram
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The BPNN is composed of input, hidden, and output units, each playing a crucial role in the network’s
structure and function. The output can be expressed as follows: y = f(b + >."xiwi). In this formula, x;
represents the input, w; denotes the weight, which indicates the influence of the input on the neuron’s
output, b is the bias parameter that adjusts the neuron’s decision threshold, and the final output y is obtained
through an activation function f. The ReLU activation function is classified as a “non-saturated function”,
which effectively addresses the issue of gradient vanishing, enhances the sparsity of the neural network,
significantly improves computational speed, and reduces parameter interdependence, thereby mitigating the
risk of overfitting. Therefore, the creep life prediction model for nickel-based single-crystal high-temperature
alloys utilizes the ReLU activation function within the BPNN architecture.

The Gradient Boosting Decision Tree (GBDT) algorithm utilizes decision trees as base learners and
iteratively combines the predictions from a sequence of trees to improve model accuracy. In each iteration, a
new tree is trained to minimize the residuals between the actual values and the current predictions [26]. The
Random Forest (RF) algorithm has become a widely used nonparametric method for both classification and
regression tasks. It generates predictive models by leveraging diverse predictor variables without imposing
any prior assumptions regarding the form of their relationship with the response variable [27]. Gaussian
Process Regression (GPR) is a nonlinear, nonparametric regression method that is particularly effective
for interpolation tasks involving data points distributed across a high-dimensional input space [28]. GPR
addresses the modeling challenge by incorporating a priori assumptions about the smoothness of the
underlying function, thereby allowing explicit and quantitative control over the locality of the interpolation.
XGBoost significantly enhances both the training speed and predictive performance of models through
system optimizations, such as distributed computing and cache-aware algorithms, as well as algorithmic
improvements, including second-order optimization and multi-objective regularization. It is widely utilized
in both industrial and academic settings [29]. CatBoost is a gradient boosting framework specifically
designed to optimize the processing of categorical features. It mitigates data leakage through its sequential
statistics technology for target encoding and enhances training speed and model stability by employing
an efficient structure based on symmetric trees. Additionally, its unique gradient bias correction method
effectively addresses the issue of gradient estimation bias, thereby improving the model’s generalization
capability [30].

For all six models (GBDT, RE, GPR, XGBoost, CatBoost, and BPNN), hyperparameter optimization was
conducted via grid search and cross-validation. The optimal parameters (Table 2) were selected to minimize
the RMSE on the validation set, ensuring the weight coeflicients and model structures are optimized for
creep life prediction.

Table 2: Optimal parameters of 5 traditional machine learning models and BPNN models

Model Parameter
GBDT Learning_rate = 0.1, n_neighbors = 68,
max_features = auto
RF Max_depth = 41, min_samples_leaf = 1,
min_samples_split = 2, n_neighbors = 184
GPR Kernel = DotProduct, random_rate = 42

XGBoost  Colsample_bytree = 0.9633, learning_rate = 0.1899,
max_depth = 3, n_neighbors = 42, subsample =
0.6147, base_estimator = gbtree
CatBoost Depth = 6, iteration = 43, learning_rate = 0.3

(Continued)
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Table 2 (continued)

Model Parameter

BPNN Epoch =500, Ir = 0.001, BATCH_SIZE = 256,
in_features = 24, hidden_dim = 140, out_features =1

2.3 Construction and Evaluation of Creep Life Prediction Model Based on BPNN

Fig. 2 illustrates the process of predicting creep life using a BPNN. Initially, the creep life dataset is
analyzed, followed by the preprocessing of input data and feature extraction. Subsequently, various com-
binations of hidden layers and neurons within those layers are employed to modify the network structure,
resulting in different neural network models tailored to process the creep life data of complex structures.
Finally, the weights of each model are fused, the results are evaluated, and the neural network structure that
demonstrates the best performance is selected.

Adjusting the

( Alloy ) hidden layer structure
composition —»{ Structure 1 analysis results |
Alloy Preprocessing [ Number of hidden layers ] ch&tmg +—»{_Structure 2 analysis results ]
microstructure Feature extraction - —>| Structure 3 analysis results
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Figure 2: BPNN creep life prediction process

Fig. 3 illustrates the structure of the BPNN developed using the creep life data. The preparatory work
before establishing the BPNN model primarily involves determining the network architecture and various
parameters based on the creep life data.
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Figure 3: BPNN creep life prediction model

In this study, the BPNN model comprises a total of 24 input parameters, with the output parameter
being creep life. This indicates that the BPNN model has 24 neurons in the input layer and 1 neuron in the
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output layer. There are no strict design rules regarding the number of hidden layers in a neural network.
The process typically starts with a single hidden layer and gradually increases the number of layers until the
optimal configuration is identified. The design of the number of neuron nodes within the hidden layers is
primarily based on empirical experience and is guided by the following empirical Eq. (1):

ok Jr 9o,

Aby = —q 28 =y 28 %0 )
e, T a0, o,

where N is the number of input units, M is the number of output units, and a is a constant between 0 and 10.

The performance evaluation of the BP neural network model utilizes three indicators: the coefficient of
determination (R-squared, R?), the Root Mean Square Error (RMSE), and the Mean Absolute Error (MAE),
as defined by the following Eqs. (2)-(4):

n Y
R®2=1- 2:1:1()’—1)_’)2 2)
Xia(ri=y)

RMSE = 4 ‘ %Z(y,-—y)z (3)
i=1

1 )
MAE = —3 [y -7 (4)
i=1

where 7 is the number of samples in the test set, y; is the true value, y is the model prediction value, and y is the
average value in the test set. These indicators can assess the model’s performance from various perspectives.
The R* value emphasizes the explanatory power, while the RMSE and the MAE focus on the magnitude of
the errors.

3 Results and Discussion
3.1 Feature Importance Ranking

Fig. 4 illustrates the SHAP value distribution of the key input features in the training dataset. Each data
point represents a creep life data sample, where positive SHAP values increase the predicted value relative to
the mean, while negative SHAP values decrease it.

As illustrated in Fig. 4, the test temperature, solubility of the )’ phase in the alloy, test stress, Mo
composition, and lattice mismatch are the characteristics most closely associated with creep life performance.
Among the factors examined, the test conditions—specifically, test temperature (Test.T) and test stress
(Test.S) are negatively correlated with the SHAP value. Higher Test.T and Test.S facilitate the energy and
driving force required for dislocation motion in the alloy, leading to a shorter creep life. Consequently, this
results in a reduced creep life of the alloy. Furthermore, elevated temperatures facilitate the diffusion of
elements within the alloy. This diffusion leads to rapid structural evolution (such as rafting), a swift decline
in the alloy’s properties, and a significant reduction in its creep life.

The y’ phase solubility serves as an indicator of the stability of the y’ strengthening phase within the
alloy. A higher dissolution temperature indicates greater stability of the strengthening phase, making it less
susceptible to instability and deformation during creep. This stability effectively preserves the strengthening
effect, thereby enhancing the creep properties of the alloy and prolonging its lifespan.

Asillustrated in Fig. 4, test temperature (Test.T), y’ phase solubility (T)"), test stress (Test.S), Mo compo-
sition, and lattice mismatch (LM) are the characteristics most closely associated with creep life performance.
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Figure 4: Distribution of SHAP values for different features

Test.T/Test.S: Elevated temperature accelerates dislocation climb and elemental diffusion, promoting
y' coarsening [31], while high stress directly enhances dislocation glide driving force [32]. Ty": Higher
dissolution temperature stabilizes the y’ phase, inhibiting dislocation cutting and maintaining strengthening
efficacy [33]. LM: A positive correlation exists between lattice mismatch and SHAP values. Moderate
mismatch (8 = 0.5%-1.0%) strengthens creep resistance via coherent strain fields that obstruct dislocation
motion [34], but excessive § (>1.2%) destabilizes the y/y’ interface and accelerates y’ rafting [35], reducing
creep life. Mo: As a crucial solid-solution strengthener, Mo dissolves into the y matrix, causing lattice
distortion and elastic stress fields that impede dislocation movement [31], thereby enhancing creep resistance.

A positive correlation exists between lattice mismatch (LM) and SHAP values. As lattice mismatch
increases, so does its contribution to creep life. However, excessive lattice mismatch can destabilize the two-
phase coherent interface and promote the coarsening of the y’ phase. This instability adversely affects the
structural integrity of the alloy, ultimately leading to a reduction in creep performance [31].

The alloying element Mo is a crucial solid solution component in high-temperature alloys. It typically
dissolves into the y matrix phase, leading to considerable lattice distortion, the formation of an elastic stress
field, and the obstruction of dislocation motion during the deformation of the alloy. Consequently, this
enhances the high-temperature strength and creep properties of the alloy [36].

3.2 Creep Life Prediction Using BPNN Model

Tables 3 and 4, and Fig. 5 present the MAE and R? results of the BPNN model with varying numbers
of hidden-layer neuron nodes. Firstly, based on empirical Eq. (1) in Section 2.3, the recommended range for
the number of hidden-layer neuron nodes is between 5 and 15. Secondly, according to the first two of the
three guiding principles, the suggested range extends from 1 to 24, which aligns with the third principle.
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In summary, the number of hidden-layer neuron nodes is selected from 5 to 28. The MAE and R* were
calculated after each model was trained three times.

Table 3: The absolute error results of the BPNN model with different numbers of hidden-layer neuron nodes

Number MAE for a single training run MAE  Number MAE for a single training run MAE

of nodes No.1 No.2 No. 3 of nodes No.1 No.2 No. 3
5 0.0552 0.0637 0.0691 0.0626 17 0.0383 0.0200 0.0326 0.0303
6 0.0614 0.0669 0.0661 0.0648 18 0.0400 0.0329 0.0367 0.0365
7 0.0630 0.0642 0.0523 0.0599 19 0.0381 0.0214 0.0319 0.0305
8 0.0419 0.0486 0.0448 0.0452 20 0.0135 0.0132 0.0139 0.0135
9 0.0487 0.0535 0.0477 0.0499 21 0.0337 0.0393 0.0336 0.0356
10 0.0403 0.0399 0.0402 0.0402 22 0.0281 0.0291 0.0291 0.0288
11 0.0471 0.0484 0.0421 0.0459 23 0.0327 0.0332 0.0367 0.0342
12 0.0347 0.0407 0.0370 0.0374 24 0.0419 0.0415 0.0435 0.0423
13 0.0203 0.0245 0.0182 0.0209 25 0.0489 0.0474 0.0496 0.0487
14 0.0368 0.0333 0.0330 0.0344 26 0.0454 0.0498 0.0490 0.0481
15 0.0186 0.0207 0.0246 0.0214 27 0.0557 0.0621 0.0638 0.0650
16 0.0348 0.0325 0.0397 0.0356 28 0.0425 0.0451 0.0420 0.0431

Table 4: The coeflicient of determination results of the BPNN model with different numbers of hidden layer neuron
nodes

Number R? for a single training run R2 Number R? for a single training run R2

of nodes No.1 No.2 No. 3 of nodes No.1 No.2 No. 3
5 0.8239 0.8214  0.8346  0.8267 17 0.8211 0.8254  0.8296  0.8253
6 0.8645 0.8634  0.8591  0.8623 18 0.8105 0.8103  0.8129  0.8113
7 0.8230 0.8351  0.8165  0.8248 19 0.8091 0.8088  0.8054  0.8077
8 0.8545 0.8273  0.8187  0.8335 20 0.8917 0.8892  0.8894  0.8910
9 0.8228 0.8231 0.8118 0.8193 21 0.8517 0.8525 0.8538 0.8527
10 0.8401 0.8623 0.8555 0.8527 22 0.8184 0.8168 0.8199 0.8184
1 0.8341 0.8243  0.8410  0.8331 23 0.8184 0.8154  0.8196  0.8178
12 0.8155 0.8266  0.8207  0.8209 24 0.7612 0.7689  0.7629  0.7643
13 0.8194 0.8296  0.8208  0.8233 25 0.8123 0.8155  0.8095  0.8125
14 0.8479 0.8481  0.8392  0.8450 26 0.7936 0.7883  0.7970  0.7929
15 0.8687 0.8643  0.8677  0.8670 27 0.7999 0.7922  0.7739  0.7886

16 0.8184 0.8271 0.8165 0.8207 28 0.8025 0.8184 0.8039  0.8082
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Figure 5: BPNN model with different numbers of hidden layer neuron nodes: (a) MAE, (b) R?

Studies have shown a relationship between the neuron numbers in the hidden layers and the accuracy
of the BPNN. Reducing the number of neurons typically lowers accuracy and can cause training issues,
while increasing the number of neurons generally improves the network’s performance. However, this also
results in a significant increase in time complexity [37-40]. It can be observed from Tables 3 and 4, and Fig. 5
that as the node numbers increase, the average absolute error of the BPNN exhibits fluctuations, initially
decreasing and then increasing. The model achieves its lowest average absolute error and optimal prediction
performance when the number of nodes is set to 20. In contrast, when the number of neuron nodes falls
within the ranges of 5 to 10 and 25 to 30, the average absolute error is elevated due to either an insufficient
or excessive number of nodes, resulting in underfitting or overfitting of the model. As the number of nodes
continues to increase, the coefficient of determination for the BPNN fluctuates around 0.8, suggesting that
the influence of the number of nodes on model performance is inconsistent. After reaching 20 nodes, the
coefficient of determination decreases significantly, hitting its lowest point at 24 nodes, before experiencing a
slight rebound. This fluctuation indicates that as the number of nodes increases, the model’s tendency toward
underfitting or overfitting varies.

Studies have shown that reducing the hidden layer numbers in a neural network directly affects its
accuracy. For complex problems, having fewer hidden layers may result in inadequate training of the network.
Conversely, when the hidden layer numbers exceed the optimal threshold, the time complexity increases
significantly, often outweighing any gains in accuracy [41].

As illustrated in Tables 5 and 6, and Fig. 6, an increase in the hidden layer numbers in the BPNN
correlates with a decrease in the MAE. This trend suggests that augmenting the hidden layer numbers
can effectively reduce model error and enhance predictive performance. The mean absolute error reaches
its minimum value of 0.0135 when the number of hidden layers is set to 7. However, when the hidden
layer numbers are increased to 8, the mean absolute error experiences a slight increase, indicating that
further augmentation may lead to slight overfitting or instability in training. Moreover, as the hidden layer
numbers increase, the R* for the BPNN exhibits fluctuations across different configurations, highlighting
the significant impact of hidden layer count on model performance, albeit in a non-monotonic manner. The
coefficient of determination reaches 0.8910 with 7 hidden layers, indicating this setup provides the best fit
and strong predictive power. In contrast, when the hidden layers are set to 1, the coefficient of determination



3796

remains relatively high; however, it is reduced by 0.43% compared to the configuration with 7 layers, and the

mean absolute error is higher.

Comput Mater Contin. 2025;85(2)

Table 5: The absolute error results of BPNN models with different numbers of hidden layers

Number of hidden layers MAE for a single training run  MAE
No.1 No.2 No. 3
1 0.0562  0.0562 0.0563 0.0563
2 0.0566  0.0558 0.056 0.0561
3 0.0472 0.0471 0.0475 0.0473
4 0.0452  0.0449 0.0445 0.0448
5 0.0309 0.0395 0.0367 0.0358
6 0.024  0.0273 0.0282 0.0265
7 0.0139  0.0127 0.0139 0.0135
8 0.0122  0.0122 0.0122 0.0194

Table 6: The coefficient of determination results of the BPNN model with different numbers of hidden layers

Number of hidden layers

R? for a single training run R2

No.1 No. 2 No. 3
1 0.8895 0.8881 0.8826 0.8867
2 0.8196  0.8193 0.8180 0.8190
3 0.7727 0.7716 0.7717 0.7720
4 0.8154 0.8142 0.8141 0.8145
5 0.8019 0.8059 0.8033 0.8037
6 0.8490 0.8443 0.8407 0.8446
7 0.8917 0.8892 0.8894 0.8910
8 0.7917 0.8063 0.7998 0.7993
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Figure 6: BPNN models with different numbers of hidden layers: (a) MAE, (b) R?
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In summary, with 7 hidden layers, each containing 20 neurons, the model achieves the highest determi-
nation coefficient and the smallest absolute error. This configuration indicates optimal model performance,
with an R? of 0.8910, a MAE of 0.0135, and a RMSE of 0.0249.

Based on the outcomes of the hidden layer structure design, the “24-7(20)-1” BPNN model has been
selected as the core model for forecasting the creep life. This model’s predictive performance has been
confirmed through validation with a test set. Table 7 displays the prediction results for 55 test samples,
while Table 8 presents an error analysis that compares the actual creep life with the predicted values from the
model. The largest observed error is 9.41%, the smallest is 0.03%, and the average error is 4.47%. Fig. 7 shows
a comparison between the predicted and expected creep life values, illustrating that the model’s predictions
closely match the actual data.

Table 7: The creep life prediction results of nickel-based single crystal superalloy based on the “24-7(20)-1” type BPNN
model

No. Actual value/h Predicted value/h Error No. Actual value/h Predicted value/h Error

1# 3.3300 3.3722 4.22% 294# 2.6400 2.5714 6.85%
2# 2.9445 2.9790 3.45% 30# 2.4082 2.4382 3.00%
3# 1.9170 1.8629 541% 31# 2.7657 2.7056 6.01%
4# 2.6335 2.5488 8.47% 32# 1.7924 1.8175 2.51%
5% 3.3780 3.4137 3.57% 33# 2.5163 2.4928 2.34%
6# 2.3890 2.3238 6.51% 34# 2.0342 2.0201 1.41%
7# 1.9325 1.8383 9.41% 35% 2.0934 2.0871 0.64%
8# 2.8229 2.8021 2.08% 36# 2.4360 2.3729 6.31%
o# 3.7226 3.7064 1.62% 37# 2.5046 2.4220 8.26%
10# 3.3324 3.3938 6.14% 38# 2.6191 2.6541 3.50%
11# 1.8116 1.7960 1.56% 39# 1.7443 1.7280 1.63%
12# 1.8651 1.8275 3.76% 40# 4.0682 3.9920 7.62%
13# 2.7731 2.7010 720%  41# 1.8837 1.7950 8.86%
14# 2.7206 2.7256 0.51% 42# 1.7443 1.7796 3.53%
15# 1.7427 1.8025 598% 43# 2.3284 2.4116 8.33%
16# 3.5349 3.5651 3.01% 44# 2.2103 2.2896 7.93%
17# 2.9227 2.8576 6.51% 45# 1.9186 1.9529 3.44%
18# 2.4166 2.3808 3.59% 46# 2.3838 2.3762 0.76%
19# 1.8267 1.8632 3.64% 47# 2.3655 2.3771 1.16%
20# 2.7375 2.6502 8.73% 48# 2.2167 2.2849 6.82%
214 2.1239 2.1097 1.41%  49# 1.7443 1.7741 2.98%
22# 2.0913 2.1058 1.45% 50# 2.1323 2.0924 3.98%
23# 1.8808 1.8239 5.69% 5l# 1.5623 1.6302 6.79%
24# 1.9652 1.9621 0.31% 52# 2.9628 2.9780 1.52%
25# 2.0026 2.0868 8.42%  53# 1.6866 1.7399 5.32%
26# 2.6749 2.7022 2.73% 54# 3.6776 3.6779 0.03%
27% 1.8470 1.7973 4.96% 55# 2.4420 2.3815 6.05%

284# 2.7731 2.6964 7.67%
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Table 8: Testing set error analysis

Test Set Minimum error Maximum error Average error

1#~55# 0.03% 9.41% 4.47%
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Figure7: “24-7(20)-1” type BPNN model. (a) Comparison between predicted and true value; (b) Evaluation parameters

Significant prediction errors (e.g., samples 7#, 20#, 43#) were traced to material-specific anomalies:
Sample 7# (Error: 9.41%): Contains 0.018 wt.% B (top 2% of dataset). Excess B induces grain boundary
embrittlement [42], accelerating creep fracture beyond model prediction. Sample 20# (Error: 8.73%): )
volume fraction (68.5%) nears a critical threshold (~70%). Near this value, the dominant deformation
mechanism shifts from dislocation bypassing (Orowan) to cutting [43], introducing nonlinearity unlearned
by the model. Sample 43# (Error: 8.33%): Exceptionally low stacking fault energy (SFE = 45 mJ/m? vs. avg. 80
+15m]J/m?*). Low SFE inhibits cross-slip [44], altering creep behavior. These cases highlight model limitations
at material criticality thresholds, guiding future data augmentation for such scenarios.

3.3 Comparison of Different Models

Using 550 sets of creep life data from nickel-based single crystal high-temperature alloys, five distinct
algorithms were utilized to construct predictive models for creep life estimation. The prediction accuracy of
each model is illustrated in Fig. 8. As shown in Fig. 8, the R? value of the CatBoost algorithm reached 0.8750,
the highest among the five traditional algorithms, while its RMSE was the lowest. This indicates that the
CatBoost algorithm exhibits the best fitting performance and the highest prediction accuracy. This superior
performance can be attributed to CatBoost’s effective handling of categorical features through techniques
such as ranking learning and goal-oriented coding. Additionally, it prevents overfitting, enhances model
performance, and demonstrates robustness in addressing issues like class imbalance and data noise, resulting
in more stable model performance.
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Figure 8: Prediction accuracy of various machine learning models on the test set

Through experimentation, the five traditional machine learning models, along with the BPNN model,
attained their respective optimal evaluation indices under the ideal parameters listed in Table 2. Fig. 9
presents a comparison of the optimal evaluation indicators for all models. The BPNN prediction model
demonstrates the highest R?, reaching 0.8910, which is 1.79% greater than that of the suboptimal CatBoost
prediction model. Additionally, the MAE is reduced by 93.07%, and the RMSE is decreased by 88.13%.
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Figure 9: Prediction accuracy of various machine learning models on the test set

The advantages of the BPNN over other models are as follows: First, the BPNN possesses robust nonlin-
ear mapping capabilities, enabling it to accurately model nonlinear input-output relationships by adjusting
weights. This characteristic makes it particularly suitable for datasets lacking clear mathematical equations,
as demonstrated in this study. Second, the BPNN exhibits exceptional generalization ability, allowing the
trained model to accurately map newly input data. Third, the BPNN exhibits strong fault tolerance, allowing
for a certain level of data error without significantly affecting the model’s overall performance. In summary;,
this study explored the hidden layer structure of the BPNN, leading to an improvement in the accuracy of
the creep life prediction model for nickel-based single-crystal high-temperature alloys and a reduction in
the associated error.

4 Conclusions

This paper proposes a creep life prediction model based on the BPNN. By analyzing the hidden layer
numbers and the neuron numbers within each layer, the proposed model demonstrates improved prediction
accuracy and significantly reduced error when compared to five traditional models. This advancement offers
a straightforward and practical approach for the future prediction of creep life.

(1)  According to the neural network architecture with varying numbers of hidden layers and neurons, a
creep life prediction model was developed. The BPNN model with the highest accuracy was ultimately
identified as “24-7(20)-1".

(2) As the number of hidden layers in the BPNN increases, the model’s accuracy tends to improve;
however, this improvement is not linear throughout the learning process. Occasionally, a temporary
stagnation occurs, known as the neurons’ numbers increase, the accuracy of the BPNN model
generally exhibits a downward trend. Therefore, to achieve optimal accuracy in the BPNN model,
both the hidden layer numbers and the neuron numbers within those layers are crucial factors in the
construction of the neural network.

(3)  Theaccuracies of the five traditional machine learning regression models of GBDT, RF, GPR, XGBoost,
and CatBoost are 0.8532, 0.8080, 0.7760, 0.8735, and 0.8750, respectively. Due to its robust nonlinear
mapping capabilities, the BPNN model can effectively fit nonlinear input-output relationships by
adjusting weights. This makes it particularly suitable for datasets lacking clear equations in this
study. Consequently BPNN model demonstrates superior accuracy and stability compared to the five
traditional machine learning regression models. The “24-7(20)-1” BPNN model achieved the highest
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R? of 0.8910, which is 1.82% greater than that of the second-best model, CatBoost regression. This
model also recorded an MAE of 93.07% and an RMSE of 88.12%.
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