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Abstract: Stainless-steel is extensively utilized in the key structural components of the main equip-
ment in the nuclear island of pressurized water reactor nuclear power plants. The operational
experience of nuclear power plants demonstrates that stress corrosion is one of the significant factors
influencing the long-term safe operation of stainless steel in the high-temperature water of pressur-
ized water reactor nuclear power plants. This study is based on the stress corrosion crack growth rate
data of 316SS and 304SS stainless steel in the simulated primary water environment of pressurized
water reactor nuclear power plants. Data mining and modeling were conducted using multiple
machine learning algorithms, including Random Forest (RF), eXtreme Gradient Boosting (XGBoost),
Support Vector Regression (SVR), and Gaussian Process Regression (GPR), and the Sharpley Additive
explanation (SHAP) method was employed to analyze the interpretability of the model. The results
indicate that the stress corrosion crack growth rate prediction model based on XGBoost outperforms
other models in all assessment indicators. Compared with empirical equations, XGBoost exhibits
high flexibility and excellent data-driven learning capabilities. In the test set, 90% of the prediction
errors are within the range of experimental values, with the maximum error multiple being 2.5,
which significantly improves the prediction accuracy. Moreover, the distribution of SHAP values
is consistent with the theoretical study of the stress corrosion behavior of stainless-steel, effectively
reflecting the impact of cold working, temperature, and stress intensity factor on the stress corrosion
crack growth rate, thereby proving the reliability of the model’s prediction results. The achievements
of this study hold significant reference value and application prospects for the prediction of the stress
corrosion behavior of stainless-steel in a high-temperature and high-pressure water environment of
pressurized water reactor nuclear power plants.

Keywords: stress corrosion cracking (SCC); 316 and 304 stainless steel; pressurized water reactor
(PWR); machine learning

1. Introduction

The safe and efficient operation of nuclear power plants is inseparable from the
reliability of the service of nuclear power materials. Stainless steel is widely used in the
main equipment, pipelines, and welds of the nuclear island of pressurized water reactors,
due to its outstanding mechanical properties and corrosion resistance [1,2]. Operating
experience indicates that stress corrosion cracking (SCC) is one of the important factors
affecting the long-term safe operation of stainless steel in the high-temperature water of
pressurized water reactors (PWR), and the failure accidents of key components caused
thereby seriously threaten the safe operation of nuclear power plants [3–6]. Therefore,
establishing a prediction model for the SCC behavior of stainless steel in a simulated
high-temperature and high-pressure water environment of nuclear power plants is of great
significance for the safety evaluation of the long-term service of nuclear power plants.

The SCC behavior of nuclear power materials in high-temperature water is the result
of the coupling effect of materials, stress, and the environment [7,8]. Currently, SCC crack
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propagation prediction models can be divided into two categories. One is theoretical
prediction models, proposed based on the SCC mechanism, such as the slip oxidation
model [9], FRI model [10], coupled environment fracture model (CEFM) [11], internal
oxidation model [12], etc., which have good interpretability of SCC phenomena; the other
is empirical prediction models established based on a large amount of laboratory data and
engineering data, such as the PMScott model [13], MRP-55 model [14], etc., which have
a strong application basis. Due to the fact that there are more than 20 influencing factors
for SCC behavior in high-temperature and high-pressure water environments [12–17], and
there are multi-factor coupling effects among various parameters, the existing parametric
models either cannot accurately express the correlation between each influencing factor,
or are highly complex with numerous parameters, making them difficult for engineering
applications. Therefore, how to establish an SCC prediction model with wide coverage of
influencing factors, wide applicability, and high accuracy is the current challenge.

Machine learning has a powerful ability to discover and process information. It di-
rectly studies the data through algorithms to obtain the dependencies between the data,
thereby making predictions and judgments on unknown data. Because machine learning
is data-driven and has no fixed model structure requirements, it is more applicable to
handling complex problems compared to theoretical or empirical (semi-empirical) meth-
ods [18–22]. Therefore, in recent years, data-driven machine learning has gradually been
more widely used in the prediction of material service behavior. Churyumov et al. [18]
constructed an artificial neural network (ANN) model with high accuracy to describe the
high Mn steel deformation behavior in dependence on the concentration of the alloying ele-
ments, the deformation temperature, the strain rate, and the strain. Li et al. [19] established
four different prediction models of machine learning algorithms, including Support Vector
Regression based on radial basis kernel function (SVM-RBF), ridge regression (RR), Ran-
dom Forest (RF), and back propagation neural network (BPNN), to predict the formation
energy, thermodynamic stability, crystal volume, and oxygen vacancy formation energy of
perovskite materials. Mei et al. [21] developed a Knowledge-Based Random Forest (KBRF)
model to predict the SCC growth rate of the nicked-based 690 alloy through combining RF
with a domain knowledge-based MRP-386 parameterized model. Rao et al. [22] combined
the Gaussian mixture models with the density-based spatial clustering of applications
with a noise clustering algorithm to process the orientation data acquired through electron
backscatter diffraction, establishing a machine learning method for the segmentation and
characterization of the micro-texture regions of near-α titanium alloys.

This study aimed at the SCC problem of stainless-steel materials under the service
environment conditions of the PWR primary water. Four machine learning algorithms
were utilized to establish the prediction model of the SCC crack growth rate of stainless
steel, and the process is shown in Figure 1. First, the dataset of the SCC crack growth rate
of stainless steel was randomly divided into two parts. Among them, 70% of the data was
used as the training set for the training of the machine learning model, and the remaining
30% of the data was used as the test set to evaluate the performance of the model. Next, the
method combining the eXtreme Gradient Boosting (XGBoost) feature importance ranking
and the Pearson correlation coefficient was adopted for feature selection. Four machine
learning algorithms, namely RF, XGBoost, Support Vector Regression (SVR), and Gaussian
Process Regression (GPR), were used for data mining to establish the prediction model
of the SCC crack growth rate of stainless steel, and the prediction accuracy of the models
was compared and evaluated. Finally, the Sharpley Additive explanation (SHAP) method
based on game theory was used to explain the best model and explore the influence of each
feature on the model’s prediction results. The achievements of this study have important
reference value and application prospects for the prediction of the stress corrosion behavior
of stainless steel in the high-temperature and high-pressure water environment of PWR.
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Figure 1. Flow chart for predicting stress corrosion crack growth rate based on machine learning. 
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2. Methods
2.1. Dataset

During the manufacturing process of nuclear power equipment and structural compo-
nents, to enhance the strength of the materials they are typically subjected to cold working
(CW) treatment. The operational experience from nuclear power plants has indicated that
materials with CW have a higher tendency for stress corrosion cracking (SCC) [23,24].
Investigating the SCC performance of pressure boundary materials after CW in the pri-
mary coolant environment is of significant importance for the safe operation and life cycle
management of nuclear power stations. Terachi et al. [25] have systematically quantified
the SCC crack growth rate of CW stainless steel in a simulated PWR primary water environ-
ment. The data used in this study originate from the research conducted by [25], comprising
a total of 99 data points, which are shown in Table A1. The elemental composition of the
stainless steel used in the experiments is shown in Table 1, and the characteristics of the data
are presented in Table 2. The materials were solution-treated at 1060–1080 ◦C for 10 min
then water quenched. To examine the influence of CW, the materials were cold-rolled in one
dimension to produce 5%, 10%, 15%, and 20% reductions in thickness at room temperature.
The SCC test uses 0.5T compact tension specimens and is carried out in simulated PWR
primary water that contained 500 ppm boron as boric acid, 2 ppm lithium as LiOH and
30 cm3-STP/kg-H2O of dissolved hydrogen. The crack growth rate is measured by the
direct current potential drop method described in ASTM standard E647-11. Prior to the
crack growth rate measurement, each specimen was pre-cracked in air by fatigue stress by
applying a symmetrical triangle wave equal to or less than 10 Hz.

Table 1. Compositions of alloys (mass%).

Element C Si Mn P S Ni Cr Mo

316SS 0.047 0.45 1.42 0.024 0.001 11 16.45 2.07
304SS 0.04 0.31 1.59 0.031 0.001 9.21 18.34 0.37

Table 2. Characteristic parameters of the stainless-steel SCC crack growth data set.

No. Characteristic Parameters Value

1 Cold Work 5–20%
2 Yield Strength 256–587 MPa
3 Vickers Hardness 184–270 HV
4 K 13–42.2 Mpa

√
m

5 Temperature 250–360 ◦C
6 Crack Growth Rate 2.3 × 10−9–3.4 × 10−7 mm/s

2.2. Machine Learning Algorithm
2.2.1. RF

RF is an ensemble learning algorithm based on decision trees. It uses the random
repeated sampling technique to randomly and repeatedly sample the data set Hi with
replacement to obtain N subsets θk each containing m samples. For each subset, a decision
tree h(xi, θk) is established. All the decision trees are integrated to form RF. The arithmetic
mean of the prediction results of the N decision trees is calculated as shown in Equation (1),
to obtain the RF prediction output [26]. The constructed model can reduce the correlation
between decision trees, effectively handle high-dimensional data, has a high tolerance for
outliers and noisy data, and has good generalization ability and accuracy.

ai
RF =

1
N

N

∑
k=1

h(xi, θk) (1)
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2.2.2. XGBoost

XGBoost is an ensemble learning algorithm based on the theory of gradient boosting.
Its principle is to integrate a large number of weak classifiers together by using the idea
of iterative operation to convert them into strong classifiers, and determine the weight
of each classifier by calculating residuals. Shrinkage and regularization techniques are
used to handle sparsity and avoid overfitting [27,28]. After performing the corresponding t
iterations on the XGBoost model, the expression is as follows:

⌢
y
(t)
i =

⌢
y
(t−1)
i + ft(xi) (2)

At this point, the objective function of XGBoost is

λ(t) = L
(

yi,
⌢
y
(t−1)

+ ft(xi)

)
+ Ω( ft) (3)

In the formula, xi is the feature, yi is the true value,
⌢
y
(t)
i is the predicted value,

L
(

yi,
⌢
y
(t−1)

+ ft(xi)

)
is the loss function, Ω( ft) is the regularization term to avoid overfit-

ting, and ft is the t-th regression tree.
To prevent overfitting, the error function is expanded using the second-order Taylor

formula at point
⌢
y
(t−1)
i . After integration, the final objective function is obtained as

⌢
λ
(t)

=
n

∑
i=1

[
gi ft(xi) +

1
2

hi f 2
i (xi)

]
+ Ω( ft) (4)

In the formula, gi and hi are the first-order and second-order derivatives obtained

from
⌢
y
(t−1)
i .

2.2.3. SVR

Support Vector Machine (SVM) is an important method in data mining. It is based on
the Vapnik–Chervonenkis dimension theory in statistical learning theory and the principle
of structural risk minimization. Its essence is to solve the convex quadratic programming
problem. SVR is a method for regression problems in SVM. SVR can obtain the global
optimal solution, avoiding the problem of local extremes, and has strong generalization
ability and good performance in application scenarios such as small samples and high-
dimensional spaces [29,30]. Suppose the linear regression function established in the
high-dimensional feature space is:

f (x) = ωTϕ(x) + b (5)

where, b represents the bias, ωT is the weight vector, and ϕ(x) is the nonlinear mapping func-
tion. Introducing the non-relaxation factor α∗i and the Lagrange factor

αi, ωT =
n
∑

i=1

(
αi − α∗i

)
ϕ(xi) can be obtained. After the corresponding changes, the re-

gression function is

f (x) =
n

∑
i=1

(αi − α∗i )K(xi, x) + b (6)

where, K(xi, x) is the kernel function. Common kernel functions include polynomial kernel
functions, radial basis kernel functions, and Sigmoid kernel functions.

2.2.4. GPR

GPR can effectively handle nonlinear multi-dimensional parameter regression prob-
lems with small sample data. The essence of this algorithm is to model nonlinear systems
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based on multivariate Gaussian processes and Bayesian inference [31]. Assume that a
space with any finite number of samples is D = {(X, yi)|i = 1, 2, · · ·, n} = {X, YD}, where
X = [x1x2 · · · xn]

T is an n-dimensional input matrix, xi ∈ Rk is a k-dimensional input vec-
tor, yi ∈ R is the corresponding output scalar, and YD is the output vector. The regression
process will develop the nonlinear mapping relationship between the input X and the input
YD based on the sample set, and this regression model is expressed as:

y = f (x∗) + ε (7)

where, y is the observed value considering noise, x* is the input vector, f (x∗) is the predicted
value without considering noise, ε is the noise, and ε ∼ N

(
0, σ2

n
)
. A noise of 0 indicates

that Gaussian Process Regression completely interpolates the original sample. Therefore,
σ2

n can prevent overfitting in regression.
The multivariate Gaussian process can be defined as that any input variable x, xθ ∈ Rd

satisfies the Gaussian process Bayesian prior distribution:

f (x) ∼ GP
(

m(x), k
(

x, xθ
))

(8)

where, m(x) is the mean function and k
(

x, xθ
)

is the kernel function. In practical use, m(x)
is generally set to 0 to simplify the solution of the posterior probability distribution.

2.3. Feature Selection

Rich-featured datasets are beneficial for mining information from data and improving
the predictive accuracy of models. However, when there are redundant features in the
dataset, it will increase the complexity of model analysis and reduce the model’s generaliza-
tion performance. The XGBoost algorithm can calculate the optimal feature variables for the
decision tree split based on the gain of the structure score, and rank the importance of the
feature variables. Since this ranking result only reflects the degree of influence of a single
feature variable on the predictive outcome, it cannot eliminate redundant features with
significant linear relationships; Pearson’s correlation coefficient is a statistical method that
accurately evaluates the degree of linear correlation between two continuous variables [32].
The Pearson correlation coefficient p is defined as:

p =
∑n

i=1(xi − x)(yi − y)√
∑n

i=1(xi − x)2 ∑n
i=1(yi − y)2

(9)

where, xi and yi are feature variables, and x and y are the average values of n data points,
respectively. The value of p is in the range [−1, 1], with a positive value indicating a
positive correlation and a negative value indicating a negative correlation between the two
variables. The magnitude of the absolute value indicates the degree of correlation between
the variables. This study uses a method that combines XGBoost importance ranking with
the Pearson correlation coefficient to select feature variables.

2.4. Evaluation Method

In order to effectively evaluate the prediction accuracy of the model, the model
evaluation indicators adopted are Mean Absolute Percentage Error (MAPE), Mean Absolute
Error (MAE), Median Absolute Error (MAB), and Coefficient of Determination (R2). The
smaller the MAE, MAB, and MAPE, and the larger the R2 and the closer it is to 1, the better
the prediction effect of the model.

MAPE =
1
n

n

∑
i

∣∣∣∣∣yi −
⌢
y i

yi

∣∣∣∣∣× 100% (10)
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MSE =
1
n

n

∑
i

(
yi −

⌢
y i

)2
(11)

MAB = Median
(∣∣∣yi −

⌢
y i

∣∣∣) (12)

R2 = 1 −

n
∑
i

(
yi −

⌢
y i

)2

n
∑
i
(yi − y)2

(13)

where
⌢
y i is the predicted value, yi is the true value, and yi is the average value of yi.

3. Results and Analysis
3.1. Feature Selection Result

Figure 2 shows the Pearson correlation heatmap of the stainless-steel crack propagation
data. The matrix values corresponding to the features are the Pearson coefficients. The
darker the color of the matrix, the stronger the correlation. It can be seen that the Pearson
coefficient values between all input vectors and the crack propagation rate are greater than
zero, ranging from 0.12 to 0.5, indicating that they have a certain promoting effect on the
growth of the crack propagation rate. The linear correlation is below the medium level, and
there may be a complex nonlinear relationship. The Pearson coefficient values among CW,
yield strength, and hardness are above 0.9, indicating an extremely strong linear correlation.
Figure 3 shows the results of feature importance scores. The feature importance from
high to low are the stress intensity factor, temperature, yield strength, CW, hardness, and
carbon content. Among them, the feature importance score of yield strength is 209 points,
which is greater than 184 points of the CW and 71 points of hardness. In addition, the
feature importance score of carbon content is only 25 points. Therefore, when building a
machine learning model, the three feature variables of CW, hardness, and carbon content
are selected to be eliminated, and the final feature set is determined to be stress intensity
factor, temperature, and yield strength. Based on the above analysis results, these feature
parameters all have different degrees of influence on the stress corrosion crack propagation
rate, which is consistent with the previous experimental research results [33–39]. For
example, the increase in the stress intensity factor leads to an increase in the strain rate at
the crack tip, and the crack propagation rate increases accordingly. Since the ion diffusion
rate, interface reaction rate, and electrochemical potential involved in the crack propagation
process are all functions of temperature, the influence of temperature T on the crack
propagation rate is extremely complex. An increase in yield strength will limit the size of
the plastic zone, increase the strain gradient at the crack tip, and promote stress corrosion
cracking, etc.
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3.2. The Result of Machine Learning Modeling

GPR, SVR, RF, and XGBoost were used to train the training set data of the SCC
crack propagation rate. Grid search was used to optimize the hyperparameters of the
machine learning algorithms to improve the model accuracy. The optimization results of
the hyperparameters of the four machine learning algorithms are shown in Table 3.

Table 3. Optimization results of hyperparameters of machine learning algorithms.

Model Hyperparameter

GPR kernel = DotProduct + RBF
SVR kernel = “RBF”, C = 40
RF max_depth = 10, n_estimators = 50, max_features = 4

XGBoost learning_rate = 0.085, max_depth = 9, min_child_weight = 3, n_estimators = 60

The prediction performance of each model was evaluated using the test set. The
evaluation indicators of each model were plotted as a radar chart, as shown in Figure 4.
The closer the quadrilateral formed by each model in the radar chart is to the lower half of
the coordinate axis center, the better the performance of the model. The predicted values
of the model and the experimental values of the crack propagation rate were plotted as
a scatter plot, as shown in Figure 5. The closer the data points are to the y = x diagonal
line in the figure, the more consistent the predicted values and the experimental values are,
thereby proving the better the fitting effect of the model. It can be seen that most of the
predicted values of GPR are distributed in scatter band 2x, and the degree of dispersion
is relatively large. GPR is based on the assumption that the objective function obeys
Gaussian distribution. Stress corrosion crack growth is affected by many factors, such as
material characteristics, environmental conditions, stress levels, etc. The complexity of
these factors makes the distribution of crack growth data often uncertain and does not
satisfy Gaussian distribution, which leads to the deterioration of the learning performance
of GPR. Compared with GPR, all evaluation indexes of SVR are slightly improved. For
the nonlinear prediction problem of crack growth rate, SVR uses kernel function to map
the data to high-dimensional space, so as to perform linear regression in high-dimensional
space. By minimizing the model complexity and error through the objective function,
it helps to improve the generalization ability of the model. It can be clearly seen from
Figure 4 that the model evaluation indicators of XGBoost and RF are significantly better
than those of SVR and GPR. The R2 is above 0.75, and the MSE, MRE, and MAB have
decreased significantly. The data points are closer to the y = x diagonal line, indicating
that the ensemble learning algorithm based on decision trees has significant advantages
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in learning SCC crack propagation rate data. Compared with SVR and GPR algorithms
based on a single model, it is more robust and has a better fitting effect for complex features.
Among them, XGBoost adds regularization terms and gradient boosting strategies to
the cost function, which can simplify the model during the training process, enhance the
generalization ability of the model, and effectively prevent overfitting. Therefore, compared
with RF, XGBoost has a 5% increase in R2, a 14% reduction in MSE, a 11% reduction in
MRE, and a 37% reduction in MAB. For the prediction problem of the stainless-steel stress
corrosion crack propagation rate, XGBoost has higher prediction accuracy and fitting
degree, and the model reliability is stronger.
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Terachi et al. [25] proposed an empirical equation for crack propagation rate prediction
applicable in engineering based on the experimental results, as shown in Equation (14).
This equation can well encompass three important engineering parameters: temperature,
yield strength, and stress intensity factor. Through comparison with the accuracy of this
model, the engineering applicability of the crack propagation model established based on
XGBoost is further analyzed in the study.

da
dt

= 9.5 × 10−10 × σ2.9
y × K1.0

a × exp
−84×103

RT (14)

where da/dt is crack growth rate (mm/s), σy is yield strength at test temperature, Ka is
apparent stress intensity factor, R is gas constant (8.314 kJ/mol·K), and T is absolute test
temperature.

Figure 6 presents the prediction results of XGBoost and the empirical equation on the
test set of stainless-steel stress corrosion crack propagation. It can be observed that XGBoost
demonstrates better convergence compared to the empirical equation. Figure 7 displays
the distribution frequency of the ratio between the prediction error and the experimental
data. Among them, 77% of the prediction errors of the empirical equation fall within the
range of the experimental value, with the maximum error ratio being 3.5 and the average
error ratio being 0.75. Whereas, 90% of the prediction errors of XGBoost are within the
range of the experimental value, with the maximum error ratio being 2.5 and the average
error ratio being 0.5. The prediction effect of XGBoost is significantly superior to that of
the empirical equation. In contrast to the empirical equation, XGBoost, based on the data-
driven learning strategy, establishes a non-parametric prediction model by exploring the
relationship between SCC characteristic parameters and the crack propagation rate. It can
continuously adjust and optimize the model parameters and structure from a large amount
of data, possessing high flexibility and excellent learning ability. However, parametric
models typically require presetting the model structure. For complex nonlinear problems, it
is challenging to determine the accurate expression, thereby restricting the model accuracy.

Crystals 2024, 14, x FOR PEER REVIEW 11 of 18 
 

 

10-8 10-7 10-6

10-8

10-7

10-6

 XGBoost
 The empirical formula
 y=x
 Scatter band 2x

Pr
ed

ic
te

d 
va

lu
es

(lo
g(

da
/d

t))
/(m

m
/s)

Experimental values(log(da/dt))/(mm/s)  
Figure 6. Prediction results of XGBoost and empirical equation on the test set. 

27

1 2

23

3 3
1

0–1 1–2 2–3 3–4
0

5

10

15

20

25

30

Fr
eq

ue
nc

y 
of

 d
ist

rib
ut

io
n

|Error|/Measured CGR

 XGBoost
 The empirical formula

 
Figure 7. Distribution frequency of the ratio between prediction error and experimental data. 

3.3. Model Interpretations 
Although machine learning models have demonstrated excellent performance in var-

ious complex tasks, they usually operate in the form of a “black box,” and users cannot 
understand the decision-making process inside the machine learning model, as well as the 
importance of feature parameters to the decision results and the interaction relationship 
between different feature parameters. SHAP is a global interpretation method that ex-
plains the results of machine learning models by evaluating the contribution of each input 
feature to the model output [40–42]. Differently from the existing feature importance at-
tributes in machine learning, SHAP can identify whether the contribution of each input 
feature is positive or negative, which helps to understand the reasons why the model 
makes specific predictions, thereby better explaining and optimizing the model, and en-
hancing the credibility of the model and the acceptance of the model by users. The SHAP 
value obeys the following equation: 

Figure 6. Prediction results of XGBoost and empirical equation on the test set.



Crystals 2024, 14, 846 11 of 17
Crystals 2024, 14, x FOR PEER REVIEW 11 of 17 
 

 

27

1
2

23

3 3
1

0–1 1–2 2–3 3–4
0

5

10

15

20

25

30

F
re

qu
en

cy
 o

f 
di

st
ri

bu
ti

on

|Error|/Measured CGR

 XGBoost
 The empirical formula

 
Figure 7. Distribution frequency of the ratio between prediction error and experimental data. 

3.3. Model Interpretations 
Although machine learning models have demonstrated excellent performance in var-

ious complex tasks, they usually operate in the form of a “black box,” and users cannot 
understand the decision-making process inside the machine learning model, as well as the 
importance of feature parameters to the decision results and the interaction relationship 
between different feature parameters. SHAP is a global interpretation method that ex-
plains the results of machine learning models by evaluating the contribution of each input 
feature to the model output [40–42]. Differently from the existing feature importance at-
tributes in machine learning, SHAP can identify whether the contribution of each input 
feature is positive or negative, which helps to understand the reasons why the model 
makes specific predictions, thereby beĴer explaining and optimizing the model, and en-
hancing the credibility of the model and the acceptance of the model by users. The SHAP 
value obeys the following equation: 

     ikiimi xfxfxfyy  21  (15) 

In Equation (15), ix  represents the i-th sample, ijx  represents the j-th feature of ix

, iy  represents the predicted value of the model, my  represents the baseline of the en-

tire model (usually the mean value of the target variable of the total sample),  ijxf
 
is 

the SHAP value of ijx , indicating the contribution degree of the j-th feature in the i-th 

sample to the final predicted value: If  ijxf  > 0, it indicates that this feature mainly plays 

a positive promoting role in the increase of the predicted value; conversely, if  ijxf  < 0, 
it indicates that this feature mainly has a negative effect on the increase of the predicted 
value. The larger the absolute value of  ijxf , the higher the degree of influence of this 
feature on the overall. 

The prediction model of stainless-steel stress corrosion crack growth rate established 
in this research contains a total of three input features. Figure 8 shows the feature influ-
ence distribution map calculated by the SHAP method. From top to boĴom, it indicates 
that the importance of the features gradually decreases. The color of the scaĴer points 
from blue to red represents that the feature value increases from small to large. The ab-
scissa of the scaĴer points, the SHAP value, represents the positive or negative correlation 

Figure 7. Distribution frequency of the ratio between prediction error and experimental data.

3.3. Model Interpretations

Although machine learning models have demonstrated excellent performance in
various complex tasks, they usually operate in the form of a “black box”, and users cannot
understand the decision-making process inside the machine learning model, as well as the
importance of feature parameters to the decision results and the interaction relationship
between different feature parameters. SHAP is a global interpretation method that explains
the results of machine learning models by evaluating the contribution of each input feature
to the model output [40–42]. Differently from the existing feature importance attributes
in machine learning, SHAP can identify whether the contribution of each input feature
is positive or negative, which helps to understand the reasons why the model makes
specific predictions, thereby better explaining and optimizing the model, and enhancing
the credibility of the model and the acceptance of the model by users. The SHAP value
obeys the following equation:

yi = ym + f (xi1) + f (xi2) + · · ·+ f (xik) (15)

In Equation (15), xi represents the i-th sample, xij represents the j-th feature of xi, yi
represents the predicted value of the model, ym represents the baseline of the entire model
(usually the mean value of the target variable of the total sample), f

(
xij

)
is the SHAP value

of xij, indicating the contribution degree of the j-th feature in the i-th sample to the final
predicted value: If f

(
xij

)
> 0, it indicates that this feature mainly plays a positive promoting

role in the increase of the predicted value; conversely, if f
(
xij

)
< 0, it indicates that this

feature mainly has a negative effect on the increase of the predicted value. The larger the
absolute value of f

(
xij

)
, the higher the degree of influence of this feature on the overall.

The prediction model of stainless-steel stress corrosion crack growth rate established
in this research contains a total of three input features. Figure 8 shows the feature influence
distribution map calculated by the SHAP method. From top to bottom, it indicates that
the importance of the features gradually decreases. The color of the scatter points from
blue to red represents that the feature value increases from small to large. The abscissa of
the scatter points, the SHAP value, represents the positive or negative correlation between
the feature value and the target value, and the absolute value indicates the contribution
degree of the influence. It can be seen from the figure that the order of feature importance
affecting the prediction results of the model from large to small is K, yield strength, and
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temperature. All three features show a significant positive influence on the predicted value
of crack growth rate. With the increase of the feature value, the SHAP value shows an
upward trend.
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Figure 8. Feature influence distribution map.

To further explain the influence of each feature value on the crack growth rate, the
prediction interpretation diagram of the SHAP value for a single sample is drawn, as shown
in Figure 9. The left axis represents the feature name and feature value. The arrow direction
of the bar graph indicates the influence direction of the feature value on the predicted value.
The value represents the SHAP value of the feature value. E[f(x)] is the average value of the
prediction of the entire data by the XGBoost model established in this paper, representing
the baseline value of the entire model. The predicted result of the current sample can be
obtained by accumulating the SHAP values of each feature value to the baseline value.
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Taking the sample closest to the model’s baseline value as the reference baseline
(Figure 9a), when K increases to 23.6 and the yield strength rises to 580, the predicted value



Crystals 2024, 14, 846 13 of 17

of the crack growth rate increases to −7.388 compared to the baseline value (Figure 9b).
K and the yield strength mainly contribute to the increase of the predicted value of the
crack growth rate. Among them, the contribution value of the yield strength is 0.21 and
that of K is 0.18. When the temperature further rises to 320 ◦C, the predicted value of the
crack growth rate increases further (Figure 9c), and the temperature becomes the main
factor promoting the growth of the crack growth rate, with a SHAP value of 0.26, followed
by the yield strength and K, with SHAP values of 0.19 and 0.09 respectively. When K
further increases to 41.7, the predicted value of the crack growth rate increases to −6.769
(Figure 9d), and K becomes the main factor promoting the growth of the crack growth
rate, followed by the temperature and the yield strength, with SHAP values of 0.19 and
0.17 respectively.

The prediction interpretation and analysis of SHAP values for a single sample show
that with the increase of K, yield strength, and temperature, the predicted value of crack
growth rate by XGBoost increases. The influence degree of the feature values on the crack
growth rate varies with the different increments of the features, indicating that the stainless-
steel stress corrosion crack growth is a multi-factor competitive process, and the influence
mechanism is consistent with the SCC mechanism. Through the global interpretation of
feature importance and the local interpretation of feature contribution values, the prediction
mechanism of XGBoost for the crack growth rate is revealed. It also indicates that the crack
growth rate prediction model established in this study can accurately reflect the influence
of each influencing factor on the SCC crack growth rate, further proving the reliability of
the model’s prediction results.

4. Conclusions

In this study, four machine learning algorithms, namely RF, XGBoost, SVR, and GPR,
were utilized to establish the prediction model of the stainless-steel SCC crack growth
rate in the simulated PWR primary water environment. The prediction accuracies of
different models were compared and evaluated. The results show that XGBoost and RF,
based on decision trees, have significant advantages in learning SCC crack growth rate
data. Among them, XGBoost adds regularization terms and gradient boosting strategies to
the cost function, which can simplify the model during the training process, enhance the
generalization ability of the model, and effectively prevent overfitting. Therefore, XGBoost
has the best prediction performance, with a corresponding R2 of 0.815, MSE of 0.061, MRE
of 2.5%, and MAB of 0.124. Compared with the empirical equation, XGBoost possesses
high flexibility and excellent data-driven learning ability. Ninety percent of the prediction
errors in the test set are within the experimental values. The maximum error ratio is 2.5,
and the average error ratio is 0.5. The prediction effect has been significantly enhanced.
The interpretive analysis results of XGBoost based on the SHAP method indicate that the
established model can accurately reflect the influence of each influencing factor on the
SCC crack growth rate, further verifying the reliability of the prediction results. It holds
significant reference value and application prospects for the prediction of stainless-steel
stress corrosion behavior in the high-temperature and high-pressure water environment
of PWR.
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Appendix A. Training Database

Table A1. The database for stress corrosion crack growth rates in 316 and 304 stainless steels.

Cold Work (%) Vickers
Hardness

Carbon
Content
(mass%)

Temperature
(◦C) K (Mpa

√
m) Yield Strength

(MPa)
Crack Growth
Rate (mm/s)

15 254 0.047 270 36.9 509 1.20 × 10−7

20 270 0.047 270 40.8 583 1.70 × 10−8

5 184 0.047 300 34.0 259 4.20 × 10−9

20 270 0.047 270 35.1 583 1.80 × 10−8

15 243 0.04 290 19.0 446 1.80 × 10−8

20 270 0.047 340 32.9 572 3.40 × 10−7

5 184 0.047 290 34.1 260 6.30 × 10−9

20 267 0.04 300 33.4 497 5.70 × 10−8

20 267 0.04 280 31.2 500 6.50 × 10−9

15 254 0.047 290 13.0 506 4.10 × 10−9

10 214 0.04 320 31.1 383 2.90 × 10−8

20 267 0.04 310 31.6 496 3.30 × 10−8

15 243 0.04 310 33.0 443 2.40 × 10−8

15 243 0.04 290 32.1 446 2.90 × 10−8

5 184 0.047 320 26.1 256 5.50 × 10−9

15 254 0.047 250 30.1 513 2.30 × 10−9

10 219 0.047 330 31.7 376 1.30 × 10−8

15 243 0.04 300 32.7 444 6.10 × 10−9

20 267 0.04 340 32.8 491 1.50 × 10−7

15 254 0.047 290 30.8 506 6.10 × 10−9

20 267 0.04 290 32.9 499 3.80 × 10−8

20 270 0.047 290 26.9 580 7.10 × 10−8

10 219 0.047 320 27.9 377 1.80 × 10−8

20 270 0.047 290 14.4 580 1.90 × 10−8

15 254 0.047 290 13.5 506 2.00 × 10−8

20 270 0.047 290 29.7 580 9.10 × 10−8

20 267 0.04 290 18.5 499 2.40 × 10−8

20 270 0.047 290 42.2 580 1.80 × 10−7

15 254 0.047 320 39.7 501 5.00 × 10−8

20 267 0.04 280 31.1 500 5.10 × 10−9

20 270 0.047 290 38.6 580 3.80 × 10−8

15 254 0.047 320 13.0 501 5.60 × 10−9

15 243 0.04 320 31.5 441 7.70 × 10−8

10 214 0.04 310 30.0 385 1.70 × 10−8

10 219 0.047 320 34.6 377 4.40 × 10−8

20 270 0.047 320 25.8 575 9.50 × 10−8

20 270 0.047 290 24.0 580 5.10 × 10−8

20 270 0.047 290 34.9 580 3.70 × 10−8

20 270 0.047 320 31.1 575 1.10 × 10−7

10 219 0.047 320 28.2 377 4.70 × 10−8

15 254 0.047 290 25.7 506 1.40 × 10−8

15 254 0.047 320 20.8 501 4.40 × 10−8

10 219 0.047 320 25.8 377 3.60 × 10−8

5 205 0.04 290 31.2 278 3.30 × 10−8
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Table A1. Cont.

Cold Work (%) Vickers
Hardness

Carbon
Content
(mass%)

Temperature
(◦C) K (Mpa

√
m) Yield Strength

(MPa)
Crack Growth
Rate (mm/s)

15 243 0.04 340 34.2 438 9.20 × 10−8

20 267 0.04 310 31.4 496 2.90 × 10−8

20 270 0.047 290 13.6 580 5.60 × 10−9

20 270 0.047 320 21.6 575 6.50 × 10−8

10 219 0.047 290 40.2 382 2.30 × 10−8

20 270 0.047 320 29.6 575 1.10 × 10−7

15 254 0.047 320 29.1 501 6.90 × 10−8

20 267 0.04 310 31.8 496 1.00 × 10−7

20 270 0.047 250 31.7 587 7.90 × 10−9

20 267 0.04 290 18.8 499 2.70 × 10−8

20 267 0.04 290 27.8 499 4.30 × 10−8

15 254 0.047 290 21.9 506 2.00 × 10−8

20 267 0.04 290 22.9 499 3.10 × 10−8

20 270 0.047 310 34.4 576 4.00 × 10−8

20 270 0.047 300 30.1 578 1.40 × 10−7

10 214 0.04 290 25.1 388 1.40 × 10−8

5 184 0.047 320 31.9 256 1.70 × 10−8

10 219 0.047 310 30.2 379 9.60 × 10−9

20 267 0.04 320 31.1 494 1.10 × 10−7

10 214 0.04 290 30.5 388 3.80 × 10−8

15 254 0.047 310 30.7 502 1.30 × 10−8

15 243 0.04 290 23.1 446 6.00 × 10−8

15 254 0.047 330 30.9 500 2.10 × 10−8

10 214 0.04 280 31.6 389 1.00 × 10−8

20 267 0.04 320 14.0 494 3.70 × 10−9

20 270 0.047 320 39.3 575 1.40 × 10−7

5 205 0.04 320 30.9 273 4.60 × 10−9

15 243 0.04 330 31.8 440 2.40 × 10−8

15 243 0.04 250 30.1 453 2.80 × 10−9

5 184 0.047 320 33.9 256 1.50 × 10−8

20 270 0.047 290 20.6 580 1.50 × 10−8

20 270 0.047 360 32.1 570 1.40 × 10−7

20 270 0.047 320 32.4 575 1.20 × 10−7

20 270 0.047 290 40.2 580 3.40 × 10−8

20 270 0.047 340 32.9 572 2.70 × 10−7

20 267 0.04 290 31.0 499 1.90 × 10−8

20 270 0.047 360 32.5 570 2.00 × 10−7

20 267 0.04 270 33.3 502 1.60 × 10−8

10 219 0.047 300 30.9 380 5.80 × 10−9

15 254 0.047 290 25.7 506 1.60 × 10−8

15 254 0.047 290 30.1 506 3.40 × 10−8

15 254 0.047 320 25.3 501 4.50 × 10−8

20 270 0.047 350 32.9 571 3.30 × 10−7

20 267 0.04 290 23.6 499 4.10 × 10−8

10 214 0.04 290 31.4 388 2.90 × 10−8

15 254 0.047 290 17.3 506 2.20 × 10−8

20 270 0.047 290 19.3 580 3.80 × 10−8

20 270 0.047 320 41.7 575 1.70 × 10−7

20 267 0.04 250 29.2 506 9.90 × 10−9

15 254 0.047 290 30.4 506 1.70 × 10−8

20 267 0.04 290 13.8 499 1.80 × 10−8

20 270 0.047 290 26.6 580 5.00 × 10−8

20 270 0.047 290 25.7 580 6.80 × 10−8

20 267 0.04 320 30.5 494 8.70 × 10−8
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