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INTRODUCTION  
 

luminum-silicon alloys have been extensively utilized in internal combustion (IC) engines as a substitute for cast 
iron and steel components to decrease the weight, resulting in the reduction of emissions and fuel consumption 
[1]. The piston must be robust and durable to withstand thermomechanical fatigue while being lightweight and 

resistant to wear [2]. Considering the remarkable mechanical properties and lightness, aluminum alloys emerge as one of the 
best choices for piston manufacturing [3]. 
There are several approaches for predicting fatigue lifetimes. Sun and Shang [4] examined the fatigue lifetime estimation of 
tubular and notched specimens by employing the finite element method (FEM), compared to experimental data under 
multiaxial loading conditions. Shivachev and Myagkov [5] developed an ANSYS-based method to calculate the transient 
temperature and strain fields of a piston under different loads, with a focus on evaluating its fatigue lifetime. The fatigue 
lifetime estimation was executed with a linear regression modeling (LRM) [6] and the neural network technique [7]. 
Furthermore, Pearson correlation coefficient, permutation feature importance, and accumulated local effects were 
investigated for the sensitivity analysis of fatigue life modeling inputs [8]. For this objective, SHAP values, known as Shapley 
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Additive Explanations, provide a valuable method for determining the significance of each feature on output prediction. 
Moreover, numerous research studies have been performed using this approach in various fields, such as material 
engineering [9,10], environmental engineering [11], and mineral engineering [12]. 
Data science methods were employed to estimate the fatigue characteristics of aluminum alloys. In a study, Abdullatef et al. 
[13] assessed the accuracy of different machine learning (ML) and artificial intelligence (AI) approaches in predicting the 
fatigue lifetime of an aluminum alloy based on bending fatigue data. They compared artificial neural networks, support 
vector machines (SVM) with different kernels, extreme gradient boosting (XGBoost), random forest (RF), and additive 
neuro-fuzzy inference. They reported that for estimating the fatigue lifetime of 2090-T83 aluminum alloys, the neuro-fuzzy 
inference method was an accurate model, but XGBoost, due to its simple floating-point nature, was deemed the optimum 
and fastest one. Yasnii et al. [14] used ML approaches to analyze the fatigue fracture and load ratio effects on D16T 
aluminum alloys, achieving accurate predictions with the lowest error of 3.2% and 2.5%. Additionally, Lian et al. [15] utilized 
a dataset generated for plotting S-N (stress-life) curves for seven types of aluminum alloys. Firstly, using XGBoost, they 
investigated the effect of each element in the alloys to predict their fatigue lifetimes based on SHAP values, revealing that 
aluminum and magnesium had the most significant impact on the fatigue lifetime of the alloys. Secondly, they conducted 
feature engineering to identify the most influential feature on the fatigue lifetime estimation, utilizing SHAP values for this 

analysis. They reported that the Stussi feature (a functional attribute related to the fatigue lifetime) and 1.5
max  (the maximum 

stress with the power of 1.5) had the most significant impact on the fatigue lifetime of aluminum alloys. Matin and Azadi 
[16] estimated the transition fatigue lifetime of an aluminum alloy by utilizing unsupervised machine-learning modeling. 
Moreover, they cluster the S-N curves from high-cycle fatigue to low-cycle fatigue to show the influence of stress variation 
on fatigue lifetime. Azadi and Parast [17] investigated the effects of assumed inputs, consistent with those in this study, on 
rotational bending fatigue tests using regression models. In their findings, stress had the most impact on the fatigue lifetime 
with a score of 1, the fretting force with a score of 2, and the corrosion time with a score of 3. The results of the 
aforementioned studies emphasized the benefits of employing ML techniques, serving as an inspiration to extend the 
application of ML techniques to other research domains like the fatigue estimation of aluminum alloys. Moreover, a 
common sensitivity analysis cannot interpret a model with high variation, and it is not helpful for nonlinear variations. The 
motivation for this work could be the utilization of an accurate ML model with a precise interpretation, such as SHAP 
values. One of the extra motivations for employing ML approaches was the lack of a simple physical-based solution for the 
mentioned work [17].  
Nowadays, researchers demonstrate that because of the variation in fatigue lifetime and the experimental nature of fatigue, 
physics-based ML models can estimate the fatigue problem better than traditional ML methods, achieving high accuracy 
with low-trained data [18,19]. However, the present work aims to propose the interpretation of the impact of certain binary 
and continuous physical features, demonstrating their effect on the estimation of fatigue lifetime and its logarithm value 
directly, without using feature engineering, constraint enforcement, hybrid models, or optimizers, as represented in the 
literature [20], to build higher accuracy models. Furthermore, a study demonstrated the effect of preprocessing methods 
and data normalization on the dataset used in this paper. It shows that employing preprocessing methods aligned with the 
physics of fatigue could enhance the performance of the models [21]. 
This work innovatively investigates the influence of various experimental and manufacturing factors on piston aluminum 
alloy specimens under rotational bending fatigue tests, utilizing ML techniques to assess their significance and interactions 
affecting fatigue lifetime values. It also introduces a novel approach to estimating the fatigue lifetime under the assumed 
conditions, particularly significant for the piston and automotive manufacturing industries. 
 
 
RESEARCH METHODS 
 
Experimental Dataset  

his section explains the experimental dataset [17], which was utilized in the present work. Parast and Azadi [17] 
examined the performance of various standard specimens, following ISO-1143, for conducting corrosion fatigue 
(CF), pure fatigue (PF), and fretting fatigue tests (FF), under different inputs. Moreover, these specimens were 

fabricated with an alloy commercially known as AlSi12CuNiMg, which is commonly applicable in the piston manufacturing 
industry. The variables were as follows: the stress level (90-210 MPa), the existence of nanoparticles for the reinforcement 
(True or False), the presence of T6 heat treatment (True or False), the existence of lubrication (True or False), the pre-
corrosion time in H2SO4 (0-200 hours), and the fretting force (0-20 N) [17]. These experiments involved six different 
parameters, and a dataset with 147 samples was generated, with the fatigue lifetime as the output. Tab. 1 briefly demonstrates 
the dataset used in this paper for 147 data points.    

T 



 
 
 

M. Matin et alii, Frattura ed Integrità Strutturale, 68 (2024) 357-370; DOI: 10.3221/IGF-ESIS.68.24 
 

359 
 

Mean  Max Value  Min Value  Units/Boolean  Label   

4.83  20  0  N  Fretting Force   
 
 

Features 

76.19  200  0  hr  Corrosion Time  

158.57  210  90  MPa  Stress  

-  True  False  Boolean  Nano-particle  

-  True  False  Boolean  Heat-treating  

-  True  False  Boolean  Lubrication  

77336 1398100 500 Cycle Fatigue lifetime Target 
 

Table 1: The dataset in brief. 
 
Fig. 1 illustrates the standard ISO-1143 specimens used in the rotational bending fatigue testing machine, within this 
experimental dataset [17]. Additionally, Fig. 2 depicts the rotational stress-controlled fatigue testing machine under bending 
loads and equipped with a fretting module [17]. 
 

 
Figure 1: The shape and dimensions of specimens in the experimental dataset for the rotary bending fatigue test (units in mm) [17]. 

 
 

 
 

Figure 2: The rotational stress-controlled fatigue testing machine under bending loads with a fretting module [17]. 
 
Modeling techniques 
Pearson's correlation coefficient is described to measure the linear relationship between variables to predict the value of one 
attribute based on another. In order to calculate the Pearson correlation coefficient between two variables (a, b), The 
following equation can be utilized [22]: 
 

    , 
, 

a b

E a b
p a b

 
           (1) 

 
where  ,P a b  represents the Pearson correlation coefficient between a and b,  ,E a b  denotes  cross correlation, in addition 

to 2
a  and 2

b  are variances of a and b. 
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Shapely additive explanations (SHAP) values consumption is a method grounded in cooperative game theory to model 
interpretability [23].  
Eqn. (2) can be utilized to determine SHAP values ( i ) for each feature [24], as follows, 
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where F represents the model with all of its including features, S is a specific subset of the model,   S i   denotes the union 

of S and every single feature (i feature), as well as the model prediction including i feature is represented by     s i s if x  , 

by contrast,  s sf x  is prediction without i feature consideration, moreover predicted value from all features can be obtained 

by [24], 
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where ŷ  represents the estimated value, while ŷ 0 determines the prediction regardless of features impact. XGBoost is a 
scalable tree-boosting algorithm, which is very powerful and fast for applications in ML challenges. The operation of this 
algorithm builds decision trees one after the other and corrects the mistakes of the previous trees. Eqn. (4) represents the 
objective which is to minimize the regularization [25], 
 

    
1 1

 ˆ,
n K

i i k
i j

Obj l y y f
 

  Ω          (4) 

 

where    ,i il y y  presents the discrepancy between the actual and predicted values,  fjΩ  and K are determined as 

regularization terms and additive numbers of trees, respectively. 
RF is a supervised learning algorithm. RF has appeared as a versatile method for classification and regression problems, as 
well as it integrates weak classifiers to provide optimal outcomes for complex tasks [26]. Random forest builds a collection 
of J number of decision trees; consequently, the overall prediction for input x, as well as the prediction for the j-th decision 
tree for input x, can be demonstrated as  f x  and  jh x , respectively, in the following equation [27]. 

 

    
1

1
 

J

j
j

f x h x
J 

            (5) 

 
SVR belongs to the category of supervised ML techniques. Moreover, the effective proficiency of the generalization is one 
of its distinguishing features [28]. The SVR prediction target for a given input x represents  f x , and it can be calculated 

using the following equation [29]: 
 
  y w x b              (6) 

 
where w represents the weight vector,   x  denotes the feature mapping of the input x, and b is the bias term. 

Nonlinear regression modeling (NRM) represents a type of statistical regression. This method analyzes the relationship 
between dependent parameters and one or more independent parameters when they do not follow a straight-line pattern. 
By contrast, LRM assumes a linear combination of input features. The target variable, as the NRM model, is employed as 
the following equation: 
 
  ,y f x              (7) 
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where y represents the target variable, x is the input feature,   denotes nonlinear regression parameters, and  ,f x  is 

the prediction function [30]. 
 
Hyperparameter tuning and data splitting 
In ML, hyperparameters are external configuration settings that are not learned from the data but are set prior to the training 
process. They play a crucial role in determining the performance of an ML model and are often tuned through a process 
called hyperparameter tuning [31]. In other words, fine-tuning hyperparameters can control the ML algorithm to prevent 
model overfitting, resulting in improved accuracy in both training and testing datasets. The hyperparameters for XGBoost, 
and RF were chosen from the literature [31], and the grid search cross-validation method was utilized as one of the common 
hyperparameter tuning methods for the present work. Moreover, to choose the best kernel function, linear kernel function, 
radial basis kernel function, polynomial kernel function, and sigmoid kernel function were utilized to train the kernel-based 
algorithms, and the grid search cross-validation method was employed to find the best kernel constants.  
Before evaluating the performance of ML methods, the data were split into 20% and 80%, representing the testing and 
training subsets, respectively. The metrics (R2 and RMSE), which will be explained in the next section, were obtained by 
changing the random state of the models 20 times. The reported metrics in this work are the average values obtained from 
these 20 runs. Tab. 2 demonstrates the number of data points, training data percentage, and testing data percentage utilized 
in the results of this paper. Furthermore, the best hyperparameters in this work represent the models with the highest 
training score and lowest score variation between training and testing data. 
 

Testing data percentage Training data percentage Total number of data points Figure/ Table 

20% 80% 147 Tabs. 3, and 4 

0 100% 147 Figs. 4, 5, 6, 7, 8, and 9 
 

Table 2: The number of data points, training, and testing percentages of the data in the results of the paper. 
 
 
Modeling evaluation 
The effectiveness of prediction in modeling can be evaluated by the root mean square error (RMSE), the coefficient of 
determination (R2), as well as the scatter band, which provides a valuable representation for visualizing a factor that 
encompasses the entire dataset of experimental lifetimes in comparison to the predicted values [32]. 
Briefly, a low RMSE indicates that the model's predictions are, on average, close to the actual values in the dataset. In 
contrast, a high RMSE suggests that the model predictions deviate significantly from the actual values. Eqn. (8) represents 
the RMSE value [24]. 
 

  
1

1
 

n

actual predicted
i

RMSE Y Y
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          (8) 

 

where actualY  represents the experimental value of fatigue lifetime in the present work, predictedY   denotes the estimated fatigue 

lifetime, and n  is the number of samples. 
Basically, R2 ranges from 0% to 100%. A higher value of R2 represents strong fitting to the data, while a value near 0% 
indicates poor fitting. However, a negative value signifies that the model fails to capture any variability in the dependent 
variable. Eqn. (9) denotes R2 value [9]. 
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         (9) 

 
in which, actualY  represents the experimental values of fatigue lifetime in the current study, predictedY   denotes the estimated 

fatigue lifetime, actualY  illustrates the average value of fatigue lifetime based on the experimental dataset, and n is number of 
samples. 
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Scatter band plots depict actual and predicted values using a logarithmic scale for the axes. The line y=x symbolizes strong 
accuracy in modeling, and the scatter band values correspond to the slopes of lines that encompass the data points. A 
narrower scatter band suggests higher accuracy, indicating minimal deviation of the data from the y=x line [32].  
 
 
 
RESULTS AND DISCUSSION 
 
Selecting an optimal machine-learning algorithm 

his section compares different ML approaches to evaluate their accuracy in predicting both the fatigue lifetime and 
the logarithm of the fatigue lifetime. In addition, the Pearson correlation matrix is commonly used as a simplified 
non-machine learning way to do sensitivity analysis on the mentioned dataset. 

Tab. 3 presents comparison results for various ML techniques, providing mean R2 and mean RMSE for estimating the 
logarithmic value of fatigue lifetime in both training and testing sets. The results in this table indicate a close alignment of 
mean metrics between the testing and training sets. Notably, XGBoost demonstrates the highest accuracy in predicting the 
logarithm of fatigue lifetime. However, despite its overall effectiveness compared to other methods, Tab. 4 reveals that 
XGBoost does not exhibit robust accuracy in estimating the testing values of fatigue lifetimes, as indicated by a mean R2 

value of 39% for the testing sets. 
Based on the information provided, Fig. 3 presents the Pearson correlation between variables for fatigue lifetime and its 
logarithm. The results suggested that there was an insignificant correlation between the lubrication and the target variable. 
Specifically, the lubrication had a positive effect on the logarithmic value of fatigue lifetimes but a negative effect on the 
modeled fatigue lifetimes. These results aligned with the previous regression research [17]. Moreover, in the logarithmic 
model, the coloration coefficient between heat treatment and the logarithmic value of fatigue life was +0.32, indicating a 
more potent relationship than in the regular model, where it was +0.06. 
 

Mean RMSE (%) 2RMean   Hyperparameters  Models 

Testing Training Testing  Training      

0.31 0.25 84.95 90.09 

n_estimators=100  

XGBoost  

max_depth=3  
learning_rate=0.2  
subsample=1.0  
reg_lambda=1  

colsample_bytree=0.6  

0.36 0.28 80.79 87.59 
max_depth= 5 

RF  'max_features= 'log2 
min_samples_leaf= 1 

0.42 0.37 74.17 78.12 
Kernel='linear'  

SVM  
C=10  

0.35 0.25 80.66 
 
89.83 
 

alpha=1 
NRM Kernel='poly' 

degree=3 
0.41 0.37 75.00 78.86 - LM 

Note: The bold value means the superior achievement.  
 

Table 3: The accuracy for ML-based modeling of the logarithm value of fatigue lifetimes. 
 

Fig. 4 (a) illustrates the difference between fatigue lifetime and estimated fatigue lifetime for different ML algorithms. 
Moreover, Fig. 4 (b) depicts the difference between the experimental logarithm value of fatigue lifetime and the estimated 
logarithm value of fatigue lifetime for different ML algorithms. In this boxplot, the best model is the one with the lowest 
error from zero. Therefore, in both figures, XGBoost has the lowest error from the zero value. Comparing the differences 
between estimated values and actual values for the target variable using a box plot, it becomes evident that XGBoost exhibits 
superiority over RF and SVR methods [12,33]. Moreover, the SVR results were the worst method in Fig. 4. As an agreement, 
Zhu et al. [30] indicated that the support vector techniques had lower R2 values and higher RMSE compared to RF, for the 
high-cycle fatigue prediction of titanium alloys used in aero-engines. 
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Mean RMSE  (%) 2RMean   Hyperparameters  Models 

Testing  Training  Testing  Training      

156422.97 108528.67 39.00 63.68  

n_estimators=100  

XGBoost  

max_depth=7  
learning_rate=0.03  

subsample=1.0  
reg_lambda=1  

colsample_bytree=0.8  

161984.83 121085.32 33.09 54.88 
max_depth= 7 

RF  'max_features='log2 
min_samples_leaf= 3 

21300.34 179868.89 -3.69 0.76 
Kernel='linear'  

SVM  
C=10  

156899.54 111648.85 37.76 
 
61.62 
 

alpha=1 
NRM Kernel=’rbf’ 

gamma=0.1 
180328.61 145450.26 -31.19 35.09 - LM 

Note: The bold value means the superior achievement.  
 

Table 4: The accuracy for ML-based modeling of the fatigue lifetimes 
 

(a) (b) 

  
Figure 3: The Pearson correlation matrix, ranging from -1 to +1, illustrates the correlation between variables and the target for (a) 
fatigue lifetimes and other unchanged variables, and (b) the logarithmic value of fatigue lifetimes and other unchanged variables. 
 
To compare the accuracy of fatigue lifetime modeling and the logarithmic value of fatigue lifetimes with XGBoost modeling, 
Fig. 5 represents the scatter bands for both of them. The fatigue lifetimes had a scatter band of ±8 for 95% of data points, 
while the scatter band for the logarithmic value of fatigue lifetimes was ±1.25, covering all data points. Thus, the logarithmic 
values of the fatigue lifetime model demonstrated a higher accuracy. Comparing these results with the literature, it is essential 
to mention that the scatter band for regression modeling of the logarithmic value of fatigue lifetime estimation was 
approximately ±1.5 when using the same dataset as the literature [17]. This suggests that XGBoost demonstrates its 
superiority over traditional regression modeling in this context. Long et al. [35] showed that the scatter band was narrower 
(less than ±2.0) when using boosting methods, compared to the support vector techniques in predicting the logarithmic 
values of low-cycle fatigue lifetimes in lead-free solders [35], compared to the results through the high-cycle fatigue regime 
in this work. Unlink that work, Hao et al. [36] illustrated that physics-informed ML techniques had proper simplicity and 
high accuracy for estimating the notch fatigue lifetime of polycrystalline alloys. They demonstrated that the accuracy of RF 
was higher than XGBoost. Moreover, the SVR accuracy was lower than others, which was in agreement with the results of 
the present work for aluminum alloys.  
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(a) (b) 

  
Figure 4: Difference between trained experimental target value and estimated target value for different ML methods: (a) Target: fatigue 
lifetime (b) Target: logarithm value of fatigue lifetime. 
 
 

(a)                    (b) 

  
 
Figure 5: The scatter band plots comparing experimental data to predicted values, generated by training the entire dataset using 
XGBoost with mentioned hyperparameters for (a) fatigue lifetime modeling and (b) modeling the logarithmic values of fatigue 
lifetimes. 
 
SHAP analysis of the XGBoost model 
This section presents the results of the SHAP analysis conducted on the XGBoost model trained to predict the logarithm 
value of fatigue lifetime. Before this analysis, the best model for predicting fatigue lifetime and its logarithm was determined, 
and it was found that the algorithm performed better when trained with the logarithm value of fatigue lifetime. This analysis 
demonstrates the impact of variables on the logarithmic value of fatigue lifetime. 
Fig. 6 illustrates a one-dimensional scatter plot, displaying individual feature contributions to model predictions. The fretting 
force factor had the most significant contribution to the estimation of the target, while the lubrication had the lowest 
contribution. Moreover, several prior studies, including references [11, 12, 15, 24, 25, 33], have employed a similar approach 
to interpreting feature significance for estimating the target and visualizing the distribution of SHAP values, as seen in the 
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beeswarm diagram presented in Fig. 7. Based on Eqns. (2) and (3), each specified feature in a sample has a SHAP value that 
collects to the regardless of the feature predicting value of the target. In Fig. 6, the SHAP value distribution of each feature 
in the entire dataset is demonstrated. However, Fig. 7 depicts the mean absolute SHAP value among all the data. This 
finding can aid in classifying each feature by showcasing the average impact of each feature on fatigue lifetime, as shown in 
Fig. 7(a), and the logarithm of fatigue lifetimes, as shown in Fig. 7b), serving as the target of the modeling process. 
Meanwhile, Fig. 7 displays the ranking of variable impacts on model predictions. According to the sensitivity analysis in the 
regression model [17], stress was identified as the most influential variable in predicting the logarithmic value of fatigue 
lifetimes. In contrast, in the SHAP modeling, the fretting force was recognized as the dominant factor. Chelgani et al. [12] 
used a method similar to that shown in Fig. 6 to represent the correlation between features and the target variable, as well 
as to rank the features based on SHAP values and the XGBoost algorithm. In the bar plots in Fig. 7, the color is sensitive 
to changes in the features and their consequences changing the SHAP values, not positive and negative signs of the SHAP 
values [12,33]. The difference, seen in the bar plots between Figs. 7 (a) and (b) for the lubrication, is also evident in Figs. 3 
(a) and (b) for the lubrication, illustrating the sensitivity of regression modeling and XGBoost to logarithmic transformations 
[37]. 
 

(a) 

 
 

(b) 

 
 

Figure 6: The beeswarm diagram illustrates the SHAP distribution among the variables in all of the trained samples using XGBoost for 
(a) fatigue lifetimes and (b) the logarithmic value of fatigue lifetimes. 
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(a) 

 
(b) 

Figure 7: The mean SHAP value of different inputs modeled with XGBoost using all of the samples as trained data for (a) fatigue 
lifetimes modeling and (b) the logarithmic value of fatigue lifetimes modeling. 
 
 
To understand how an individual variable affects the target, Fig. 8 illustrates the SHAP values of that variable across all 
samples for different parameter values. In Fig. 8, another variable, such as stress, was employed to color the samples, 
illustrating the relationship between stress and other variables. The concentration of data points in Figs. 8 (c), (e), and (f) in 
scatter plots is noticeable in certain regions linked to categorical features. Additionally, the distribution of various values 
among these features was not uniform across samples, consistent with previous research on categorical features [33]. 
Based on the points mentioned in Modeling Techniques Section, SHAP values rely on the game theory. According to Eqn. 
(3), each sample, after interpretation with SHAP values, is assigned a prediction value regardless of other features. 
Furthermore, each feature has a corresponding SHAP value, and these values are aggregated for predictions. If there is no 
interaction between variables, a figure like Fig. 8 can provide readers with an overall estimation of the logarithm value of 
fatigue lifetimes for their assumed variables, without resorting to complex computational methods. To support this claim, 
considering Fig. 8(a), which illustrates how the SHAP value for estimating the logarithm value of fatigue lifetimes changes 
with the fretting force. For instance, when the fretting force is zero, the SHAP value is approximately +0.5, while at +10 
N, it becomes about -0.5. Notably, the SHAP value decreases further to about -1 when the fretting force increases from 10 
N to 15 N. However, the SHAP value does not significantly change from 15 N to 20 N at low stress levels. This observation 
highlights the non-linear behavior of the fretting force in the estimation of the logarithm value of fatigue lifetimes. Moreover, 
the interpretation of SHAP values for corrosion time in Fig. 8(b) demonstrates that when time changes from zero to 100 
hrs, the SHAP values for corrosion time approximately change from 0.2 to -0.2. While the change in the corrosion time 
from 100 hrs to 200 hrs is observed, the SHAP values for corrosion time change from approximately -0.2 to -0.4. This 
finding illustrates that there is non-linearity in the behavior of the distribution of SHAP values for the corrosion time when 
changing from zero to 100 hrs, while the time changed from 100 hrs to 200 hrs exhibits linearity, as can be concluded from 
this figure. These findings consistently hold across all sections of Fig. 8. Through the analysis of SHAP values, the utilization 
of the Pearson correlation matrix, and an understanding of the physics of the dataset variables, it becomes evident that there 
is no interaction between variables. Therefore, based on the game theory, the overall change in the estimated logarithm 
value of fatigue lifetimes can be derived from this figure for each specified sample. 
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(a) 

 

(b) 

 
(c) 

 

(d) 

 
(e) 

 

(f) 

 
Figure 8: The histogram and scatter plot for the SHAP values of the logarithmic value of fatigue lifetimes modeling with XGBoost using 
all of the samples as trained data for different variables: (a) the fretting force, (b) the corrosion time, (c) nano-particles, (d) the stress, (e) 
the lubrication, and (f) the heat treatment. 
 
To illustrate how the game theory, in conjunction with SHAP values, can provide an overview for estimating the logarithm 
value of fatigue lifetimes, Fig. 9 showcases samples numbered 20 and 65 from the experimental dataset. In this figure, each 
feature is assigned a specified SHAP value, where  f x  represents the estimated logarithm value of fatigue lifetimes and 

 E f x    denotes the predicted logarithm of fatigue lifetimes irrespective of features. Notably,  E f x     remains 

constant across all samples, equivalent to  0 y   in Eqn. (3). The collected SHAP values for each specified sample are 
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represented by 
1

n

i
i

 . Therefore, in each specified sample, the collected SHAP values can be summed to 4.128 to obtain 

an estimated fatigue lifetime based on the assumed inputs. 
In future research, it would be beneficial to explore physics-based models and examine the influence of physical 
characteristics derived from feature engineering methods on fatigue lifetimes. 
 

(a) (b) 

  
Figure 9: Waterfall plots for the XGBoost estimating of logarithm value of fatigue lifetime for two different samples using game theory 
and SHAP values: (a) Sample number of 20 from the experimental dataset, (b) Sample number of 65 from the experimental dataset. 
 
 
CONCLUSIONS 
 

his study focused on utilizing multiple ML models to predict the fatigue lifetime of various specimens made from 
an aluminum-silicon alloy, commonly used in engine pistons. Additionally, the prediction considered the impacts of 
various inputs on the fatigue lifetime. The modeling process produced the subsequent results, as follows, 

 The top-performing model for predicting fatigue lifetimes and their logarithmic values was XGBoost. The 
evaluation of algorithms was compared in training and testing sets with two metrics, determination coefficient (R2), 
and root mean square error (RMSE). The mean metrics for predicting the logarithmic value of fatigue lifetime with 
testing sets were notably strong for XGBoost, with a mean RMSE of 0.31 and a mean R2 of 84.5% among 20 
different testing sets. However, the XGBoost model was not accurate in predicting fatigue lifetime values with the 
same testing sets, as evidenced by a mean RMSE of 156,422.97 and a mean R2 of 39%.  

 From the scatter band, as another modeling evaluation, it illustrates, based on assumed hyperparameters, that the 
scatter band value for the fatigue lifetime prediction with XGBoost was ±8 (covering 95% of the data) and ±1.25  
(for all data) for the logarithm of fatigue lifetimes with XGBoost. This indicates the accuracy of the logarithmic 
value of fatigue lifetimes. It is concluded that it is better to take the logarithm of the fatigue lifetime and then train 
it in machine learning (ML) models. 

 The estimated baseline value of the logarithm of fatigue lifetimes based on the game theory is reported with a value 
of 4.128. To predict a logarithmic value of fatigue lifetimes with an assumed input, the reader can derive 
approximate SHAP values for each feature one by one and sum them with 4.128. 

 In the regression analysis, the stress and fretting force, among others, were significant variables. However, the 
SHAP analysis demonstrated that fretting force was the most essential variable. 

 According to the SHAP values, the fretting force had the most significant impact, while lubrication had the slightest 
significant influence on the fatigue lifetime and its logarithms. 

 
 

DATA AVAILABILITY 
 

he raw experimental data are available at M. Azadi and M.S.A. Parast, “HCF testing raw data on piston aluminum 
alloys”, Mendeley Data, V2, 2021,  
DOI: 10.17632/cghj3vw67j.2 (https://data.mendeley.com/datasets/cghj3vw67j/2). 
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