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A B S T R A C T

Additive manufacturing (AM) and in particular laser-powder bed fusion has become a popular manufacturing
techniques in recent years due to its significant advantages; however, the mechanical behavior of AM
components often varies from components fabricated using conventional processes. For example, the fatigue
behavior of components made by AM processes is heavily influenced by process-related defects and residual
stresses in addition to applied stress amplitudes, stress ratio and surface conditions. Accounting for the
interaction of these effects in fatigue design is difficult by means of traditional fatigue assessment concepts.
Machine learning algorithms offer a possibility to account for such interactions and are easily applied
once trained and validated. In this study, machine learning algorithms based on gradient boosted trees with
the SHapley Additive exPlanation framework are used to predict defect location and fatigue life of additive
manufactured AISI 316L specimens in as-built and post-treated manufacturing states, while also facilitating
the understanding of the importance and interactions of various influencing factors.
1. Introduction

In recent years, additive manufacturing (AM) technology has expe-
rienced a rapid development and widespread application across various
industries, including engineering, medicine, architecture, and educa-
tion [1]. In comparison to conventional processing techniques, AM
offers the capability to produce intricate geometries, reduce production
time and costs, and enable customization and human interactions [2]

Among the various AM technologies, laser-based powder bed fusion
(L-PBF) stands out as one of the most prevalent processes for 316L [3].
L-PBF utilizes a high-energy source to melt the metallic powder within
a powder bed system [4]. 316L stainless steel is extensively used as a
metal in AM applications due to its high corrosion resistance [5,6], high
thermal conductivity [7], high melting point [8], and strong infrared
absorptivity [9]; however, AM-produced components may generally
exhibit significant characteristic imperfections when compared to other
manufacturing methods. These imperfections include higher porosity
and surface roughness [10–12], resulting from gaps left by powder
shape and flow, which may impact the fatigue properties of the AM
components [9,13]. In addition, the L-PBF process often leads to tensile
residual stresses in AM components [14–16]. Thus, post-processing is
frequently applied to mitigate these effects. Several studies have shown
that the fatigue strength of L-PBF 316L components can be enhanced
through post-processing, i.e., heat, machining or polishing [17–20].
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Under external loading, force- and stress-related parameters, such as
cyclic stress amplitude, stress ratio also influence the fatigue strength
and number of cycles to failure. Traditional assessment methods, such
as stress-life [21,22], strain-life [23,24], or fracture mechanics ap-
proaches [25–27], are commonly employed for the analysis of fatigue
behavior and prediction of fatigue life; however, additively manufac-
tured parts involves numerous influencing factors, various and uneven
distributed defects [28] and complex interactions, which increases the
complexity and challenges in predicting fatigue behavior using tradi-
tional assessment methods. Often, conventional assessment methods
are unable to elucidate the interactions among influencing factors and
their impact on the predicted results.

Due to the limitations of traditional assessment methods, machine
learning (ML) approaches have provide an alternative for handling
multivariate data, analyzing complex relationships between variables
and performing prediction. Extensive literature supports the efficacy of
ML models, showcasing their excellent performance and strong predic-
tion accuracy [29,30]. Studies have investigated the advantages of ML
models in predicting fatigue life and optimizing fatigue performance
for AM-built parts and steel spring manufacturing [31–34]. In addition,
ML models performed also well with relatively small experimental
datasets in predicting fatigue life for L-PBF AlSi10Mg alloy [35,36].
Furthermore, ML methods were found effective in investigating the
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Fig. 1. The flowchart of fatigue strength assessment of AM specimens in this study.
influence of post-treatments on AM parts [37]. Moreover, ML models
can be used to explore the relationship between defect features and
the fatigue life of L-PBF specimens and different steels [38,39]. On
the other hand, the interpretation of results can become difficult as
model complexity increases, and the cooperative game theory-based
SHapley Additive exPlanation (SHAP) framework technique provides a
way to measure the importance of each input attribute for the model
output [40,41]. Braun et al. [42,43] employed ML models based on
gradient boosted trees to analyze fatigue behavior and used the SHAP
framework to investigate feature importance and their interactions on
predictions.

Therefore, building upon the analysis of fatigue strength using con-
ventional fatigue assessment methods, this study further uses advanced
ML techniques to predict both fatigue location and lifetime, subse-
quently conducting a comparative analysis, a practice seldom observed
in previous studies. In addition, there is limited research that utilizes
ML to analyze the impact of certain parameters on the prediction of
AM specimens as well as the interactions between these influencing
parameters. Thence, this work delves into an investigation of the mu-
tual influence between various parameters and their importance on the
outcomes of predictions by combining XGBoost with SHAP value.

The aim of this study is to integrate machine learning models with
fatigue data analysis to enhance predictive ability using limited exper-
imental data. By combining ML models with detailed characterization
data, such as defect size, defect location, and post-treatment conditions,
this approach provides deeper insights beyond traditional stress-life (S-
N) curve analysis. Additionally, the use of SHAP values facilitates an
intuitive understanding of the importance and interaction of various
factors on fatigue strength.

This study is structured as follows. First, stress-life (S-N) curves are
fitted to analyze the fatigue strength of all 80 specimens under different
manufacturing and test conditions (including as-built (AB), heat-treated
(HT), and turned and heat-treated (THT) specimens). Second, Pearson
correlation coefficients (PCC) are used to select the features, reducing
redundant input variables that are dependent on each other. Then,
ML models are built to predict fatigue failure location and fatigue life
of the AM specimens. In addition, the SHAP value theory is used to
rank the main potentially important influencing parameters of fatigue
life prediction and analyze their interactions. Meanwhile, the effective
mean stress approach is introduced to understand the effect of residual
stresses and mean stresses on fatigue life prediction.

2. Methodology

Fig. 1 shows the general flowchart on fatigue strength assessment
of additive manufactured AISI 316L samples based on experimental
fatigue tests and machine learning.
2 
2.1. Data collection

As described in the study from Braun et al. [17], all AISI 316L
specimens were prepared using laser-based powder bed fusion tech-
nique in a Renishaw AM250 L-PBF machine. The selection of standard
specimen geometry follows ASTM E466-15 [1]. To investigate the effect
of residual stress as well as the benefit of surface treatment, some as-
built samples were machined and then heat-treated at 650°C for 2 h,
followed by furnace cooling. The specimen geometry with its image is
shown in Fig. 2. Since the surface condition cannot be changed with
heat treatment [17], the surface of AB specimens was presumed to
exhibit similarities to that of HT specimens. The measured maximum
roughness 𝑅t and arithmetic mean roughness 𝑅a for HT (same as AB)
and THT specimens are listed in Table 1. In addition, the impact of heat
treatment on microstructure in dry air can be considered negligible,
since heat treatment at 650°C primarily aims to reduce residual stresses
without significantly altering the grain boundary microstructure [44].
Although grain boundary sensitization occurs within 10 nm according
to the study by Tekin et al. [45], this effect is not significant enough to
influence fatigue performance in dry air.

2.2. Basic relations of fatigue strength assessment

The most commonly used statistical method for estimating the
fatigue strength of tested specimens is linear regression, represented
by an S-N curve. The S-N curve typically delineates the relationship
between stress range 𝛥𝜎 or stress amplitude 𝜎a and fatigue life 𝑁f, using
the material constant 𝐶.

log𝑁f = log𝐶 + 𝑚 log𝛥𝜎 (1)

Stress amplitude 𝜎a is half the stress range 𝛥𝜎, 𝜎a = 𝛥𝜎∕2 and stress
ratio 𝑅 is defined as:

𝑅 =
𝜎min
𝜎max

=
𝜎m − 𝜎a
𝜎m + 𝜎a

(2)

where 𝜎min and 𝜎max are the minimum and maximum applied stresses,
respectively. 𝜎m represents the mean stress.

Considering that mean stress will also be used in this study, the
relationship between mean stress, stress amplitude, and stress ratio is
described as follows:

𝜎m = −𝑅 + 1
𝑅 − 1

⋅ 𝜎a (3)

2.3. Data preprocessing

To enhance the accuracy of the subsequent ML models, prepro-
cessing of the test dataset was conducted before training the models.
Outliers (runouts in fatigue tests) were removed from the dataset,
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Fig. 2. Specimen geometry and image after turning and heat treatment.
Source: Taken from Braun et al. [17]
Table 1
Measured roughness for HT and THT samples, taken from [17].

Test series Maximum roughness 𝑅t Arithmetic mean roughness 𝑅a
[μm] [μm]

Heat-treated 41.93 6.30
Turned and Heat-treated 5.06 1.02
and force-related features were excluded due to their correlation with
stress-related features. Categorical features, such as the state of speci-
mens and defect location, were encoded into numerical features. Fur-
thermore, Murakami [46] emphasized the relationship between pre-
diction of maximum defect size and the prediction of fatigue strength.
Thus,

√

𝑎𝑟𝑒𝑎, the square root of defect projected area to the maximum
stress direction is used as the defect size parameter, because the mate-
rial defects cannot be described as a simple circle [46]. As an example,
Fig. 3 illustrates a pore defect on the fracture surface of an AB specimen
and the measurement of its defect size.

2.4. Feature extraction

Due to the potential impact of causal dependency on the perfor-
mance of ML prediction models [47], it is essential to ensure that
the input features are independent of each other [31] to avoid over-
complex model [39]. Thus, the Pearson correlation coefficient (PCC) is
used to evaluate the correlation between features. The PCC is calculated
as the ratio of the covariance to the product of the standard deviations
of two features.

𝑃𝐶𝐶 =
∑𝑛

𝑖=1(𝑋1i −𝑋1)(𝑋2i − 𝑋̄2)
√

∑𝑛
𝑖=1(𝑋1i − 𝑋̄1)2

√

∑𝑛
𝑖=1(𝑋2i − 𝑋̄2)2

(4)

Here 𝑛 is the sample size, 𝑋1 and 𝑋2 are the features with their
mean value 𝑋̄1 and 𝑋̄2

According to Eq. (4), PCC takes values between −1 and 1. A PCC
value closer to zero indicates a lower correlation between features. A
value of 0 signifies no linear dependency between these two features.
PCC values of −1 or 1 indicate perfect negative or positive correlation
between the chosen features, respectively.

Fig. 4 represents the heat map of PCC of all features that may
influence the defect of location. All samples are classified into three
states according to their post-processing: as-built, heat-treated, as well
as turned and heat-treated. These categorical features are then encoded
in alphabetical order and utilized as input for the machine learning
model. It is well known that the state of the specimens and the temper-
ature of heat treatment are closely related. For as-built specimens, the
temperature of treatment is set to 20°C; however, for both HT and THT
specimens, the temperature of treatment is 650°C. Therefore, state of
3 
specimens is selected for further assessment. As Eq. (3) shows, a mean
stress of 0MPa yields a stress ratio 𝑅 = −1, regardless of the value of
stress amplitude. This could possibly explain the PCC value of 0.024
between 𝜎a and 𝜎m, and a PCC of 0.93 for 𝜎m and 𝑅. On the other
hand, regardless of the individual magnitudes of 𝜎m and 𝜎a, as long as
they are equal, the stress ratio 𝑅 will always be 0. Hence, to further
investigate the influence of 𝜎a, 𝜎m, and 𝑅 on fatigue life prediction
model, this study separately analyzes the following two cases due to
the strong correlation between 𝜎m and 𝑅: (1) using 𝜎a and 𝜎m as input
parameters; (2) taking 𝜎a and 𝑅 as influencing parameters. In addition,
the remaining features can all be used as input, because their PCCs are
less than 0.5 [35].

Considering the effect of residual stress which occurs in the produc-
tion processes, mean stress effect and their interaction, effective mean
stress 𝜎m,eff and effective stress ratio 𝑅eff are introduced for ML fatigue
life prediction models.

𝜎m,eff = 𝜎m + 𝜎RS,stab (5)

𝑅eff =
𝜎min + 𝜎RS,stab
𝜎max + 𝜎RS,stab

=
𝜎m,eff − 𝜎a
𝜎m,eff + 𝜎a

(6)

in which 𝜎RS,stab represents the cyclically stabilized residual stress at
𝑁f = 106, as suggested by Hensel [48]; however, the current study used
initial residual stresses 𝜎RS that were measured before testing. With the
help of 𝜎m,eff and 𝑅eff, the effective mean stress approach in this study
offers an alternative to evaluate the combined effect of nominal mean
stresses (due to external loading) and residual stresses for each state of
specimens.

According to Fig. 5, the state of specimens, applied stress amplitude
𝜎a, effective defect area

√

𝑎𝑟𝑒𝑎 as well as the distance of defect center
to surface 𝐿 are uncorrelated features and should therefore be used for
the ML models. In addition, the residual stress is perfectly correlated
to state of specimens, rendering it unnecessary to be considered as
an independent input parameter; however, given its significance and
following the effective mean stress approach [48], residual stress is
analyzed in conjunction with the state of specimens, mean stress and
stress ratio. Therefore, 𝑅 and 𝜎 are chosen for the evaluation.
eff m,eff
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Fig. 3. (a) Defect surface of AB specimen no.4 with failure initiation from a subsurface lack of fusion defect. (b) Zoomed view. (c) Measurement of defect size.
Fig. 4. PCC of all features for defect location prediction.

2.5. Model training and evaluation

ML models are increasingly used in the fatigue field for fatigue
life estimation [49] and can be applied for prediction after train-
ing [43,50]. Furthermore, while in this study, the defect sizes used as
input values are ascertained through examination of fracture surfaces
using scanning electron microscope (SEM), the application of ML mod-
els in practical scenarios becomes feasible if fracture dimension data
can be obtained through non-destructive computer tomography scans.
Certainly, traditional fatigue assessment methods can also perform
4 
Fig. 5. PCC of all features for fatigue life prediction.

predictions based on the input data, but have limitations, e.g. they
cannot provide insights into the interactions between different pa-
rameters or their influence on the outcome. In contrast, ML has the
capability to analyze complex relationships between input variables
and make predictions while also identifying which parameters have
the most significant impact on the predicted outcome. Therefore, ML
offers a more comprehensive and insightful approach to prediction than
other methods. Thus, ML methods are used in this study to evaluate
the fatigue behavior of AM parts and SHAP values are employed to
investigate the interactions between the main influencing features, as
illustrated in Fig. 6.
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Fig. 6. Flowchart presenting the ML approach for defect location and fatigue life prediction via ML models. Both models are combined with an additional explainer model to
generate SHapley Additive exPlanation (SHAP) values. These can be used for model agnostic interpretation, e.g., to determine feature rankings and interaction effects. Figure based
on Braun and Kellner [42].
2.5.1. XGBoost models
Among all ML approaches, a decision tree (DT) is one of the most

popular tools for classification and prediction problems. Although DT
models perform well for small datasets [51] and are interpretable, there
have certain limitations. Song et al. [52] highlighted that decision trees
can result in overfitting and underfitting for small database, which can
restrict generalizability and robustness of the resulting models. There-
fore, the utilization of ensemble methods involving the construction of
a collection of individual decision trees was employed to enhance the
accuracy of classification outcomes [53]. In addition, tree-based gra-
dient boosting models create a strong estimator during the averaging
combination of weak estimators, using iterative learning with adjusted
instance distribution [35,54]. Unlike traditional gradient boosting tech-
niques, XGBoost utilizes a Taylor expansion to approximate the loss
function, achieving a superior balance between bias and variance [55].
The loss function of XGBoost is defined in Eq. (7).

𝐿(𝑦i, 𝑦̂
(𝑚)
i ) =

𝑛
∑

𝑖=0
𝐿(𝑦i, 𝑦̂

(𝑚−1)
i + 𝑓m(𝑥i)) +𝛺(𝑓k) (7)

where 𝑛 the numbers of samples, 𝑦̂(𝑚−1)i is the current estimate of the
true value 𝑦i after the previous iteration, 𝑓 (𝑥) is the tree that used for
final predicted value after 𝐾 trees: 𝑦̂i =

∑𝐾
𝑘=0 𝑓k(𝑥i). 𝛺(𝑓k) is used to

set the penalty of the complicated trees.
In addition, XGBoost exhibit superior performance compared to

conventional deep models when applied to tabular-style datasets [56].
Due to their elevated precision and interpretability, tree-based models
have emerged as prominent non-linear predictive models in contem-
porary research [57]. On the other hand, XGBoost is noted for its fast
computation and excellent performance, outperforming other tree algo-
rithms in both accuracy and time for both classification and regression
problems [58,59]. Additionally, due to its capability to accept sparse
matrices as input [60], XGBoost is well-suited for handling the fatigue
data used in this study, which includes categorical variables such as the
state of specimens. Moreover, among all gradient boosting models, the
XGBoost model has been demonstrated to be applicable for assessing
the fatigue behavior of AM components [35] and effective in estimating
the fatigue life of AM parts [61]. Furthermore, in conjunction with
SHAP framework, the XGBoost model performed also well for the
5 
fatigue behavior prediction of welded joints [43]. Thus, XGBoost was
chosen in this study to investigate the fatigue behavior of AM parts.

The hyperparameters of the model were chosen as follows: 800
gradient boosted trees with a learning rate of 0.08, a subsample size
of 60%. The total data was split into 85% training samples and 15%
testing samples, in order to ensure sufficient test data because of limited
given data. In addition, five-fold cross-validation was used in order to
estimate the performance of the model, which means that the training
set was again split into 5 subsets for training and testing. To avoid
overfitting and improve the generalization, the ML training would be
stopped if no improvement was detected over 3 training iterations.

In this study, a defect location classifier was built to predict where
the defect initiated, i.e., center, subsurface and surface. The objective
employs the softmax function as defined in Eq. (8), while multiclass
logloss serves as the evaluation metric for early stopping calculated,
see Eq. (9).

𝑦̂ij =
𝑒𝑧ij

∑𝑐
𝑘=1 𝑒

𝑧ik
(8)

LogLoss = −1
𝑛

𝑛
∑

𝑖=1

𝑐
∑

𝑗=1
𝑦ij log(𝑦̂ij) (9)

with 𝑛 the numbers of samples, 𝑐 the number of classes, 𝑦̂ij is the
predicted probability of sample 𝑖 belonging to class 𝑗, 𝑧ij is the score
for class 𝑗 of instance 𝑖, 𝑦ij is a binary indicator (0 or 1) if class label 𝑗
is the correct classification for sample 𝑖.

In addition, a regression model was used for the fatigue life pre-
diction. Squared error (SE) is used as the objective 𝐿SE = 1

2 (𝑦i − 𝑦̂i)2,
root-mean-square error (RMSE) is used as the evaluation metric for
early stopping, see Eq. (13).

The evaluating parameters for the defect location classifier include
the accuracy (ACC) and the Matthew correlation coefficient (MCC),
which are based on the number of true positive predictions (TP), true
negatives (TN), false positives (FP), and false negatives (FN) [43]. The
accuracy represents the percentage of correct predictions among all
predictions, ranging from 0 to 1 and it can be obtained by:

𝐴𝐶𝐶 = 𝑇𝑃 + 𝑇𝑁 (10)

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
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On the other hand, MCC was used because it can handle un-
balanced datasets, i.e. different size of samples for each class. For
binary classifier, MCC yields a high value only if the model correctly
predicts all positive or negative instances [62]. MCC rangs from −1
o 1, where −1 indicates complete misclassification and 1 indicates
omplete classification. Additionally, in this study, MCC also addresses
he multiclass scenario. It can be viewed as a discrete multivariate
ersion of the Pearson Correlation Coefficient (PCC) [63], as introduced
n Section 2.4, where prediction and true label serve as two features.

𝐶𝐶binary = 𝑇𝑃 + 𝑇𝑁
√

(𝑇𝑃 + 𝐹𝑃 )(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃 )(𝑇𝑁 + 𝐹𝑁)
(11)

To assess the predictive performance of the XGBoost model, two
metrics, R-squared (𝑅2) and root-mean-square error (RMSE) are uti-
lized.

𝑅2 = 1 −
∑

(𝑦i − 𝑦̂i)2
∑

(𝑦i − 𝑦̄)2
(12)

𝑅𝑀𝑆𝐸 =
√

1
𝑛
∑

(𝑦i − 𝑦̂i)2 (13)

where 𝑦i is the true value, 𝑦̂i is the predicted value, 𝑛 is the number of
amples and 𝑦̄ is the average value of generated dataset. 𝑅2 represents
he similarity between predicted and true value, with a range from 0 to
. The closer 𝑅2 to 1 is, the more accurate the model is. RMSE indicates

the average deviation between observed value and predicted results. A
smaller RMSE indicates better model performance.

2.5.2. Explanation of SHAP value
While many machine learning models are designed for accurate pre-

dictions, it is equally important to understand why a model makes cer-
tain predictions and the quantitative relationships between the model’s
predictions and input features. Therefore, the need for model inter-
pretability arises. Some machine learning models, like linear regression
or decision trees, are inherently interpretable, but more complex mod-
els often act as black boxes, making their prediction methods hard to
interpret. In such cases, as a personalized model-agnostic interpreter,
SHAP can be used to explain the original model by accessing input data
and prediction results. By leveraging concepts from game theory, the
process used by the original model to make the prediction is mimicked.
SHAP has been used in a number of studies for feature analysis and
importance ranking [31,42,43,50,64]. The calculation of SHAP values
can be found in Appendix.

3. Results

3.1. S-N curves

All test data for different states and manufacturing conditions with
a stress ratio of 𝑅 = 0 are presented in Fig. 7 and analyzed using
esigned S-N curve with best-fit slopes. In addition, the mean fatigue
trength amplitude at 𝑁f = 2 × 106 cycles for a probability of survival

of 𝑃𝑠 = 50% is noted in the figure. Comparing to as-built specimens,
the mean fatigue strength amplitude of the heat-treated specimens was
improved from 89.2 MPa to 104 MPa, corresponding to an increase
of 16.6% because of a reduction of residual stress. Furthermore, an
87.5% improvement in fatigue strength was achieved through the
implementation of the additional turning treatment; however, it was
proved by Braun et al. [17] that surface roughness changes would
only result in an approximately 7.1% variance in fatigue strength,
significantly lower than the impact of residual stresses. In addition,
turning treatment induces compressive residual stresses on the surface,
which contribute to improved fatigue strength [65]; however, this
effect caused by turning is typically small, and the residual stresses are
further reduced by subsequent heat treatment. Hence, process-related
defects have more significant impact on the fatigue strength of L-PBF
components because most defects are located in the region that was
removed by turning treatment.
6 
Fig. 7. S-N curves for different L-PBF production conditions with a stress ratio of 𝑅 = 0.

3.2. Analysis of mean stress and residual stress effect

It is widely known that mean stresses have a significant impact
on mean fatigue strength. Increased mean stress generally leads to a
decrease in fatigue strength and cycles to failure [66]. Furthermore, in
AM processes, residual stresses combined with external stress can result
in high effective mean stresses, but as the external stress increases,
residual stress relaxation occurs [17]. In this case, to analyze the effect
of mean stress, residual stress as well as their interaction on fatigue
strength, tests with alternating load 𝑅 = −1 and 𝑅 = 0.5 were conducted
for both as-built and heat-treated specimens. The results of tests are
presented in Fig. 8 and the results of mean fatigue strength at 𝑁f = 2×
106 cycles as well as best-fit slopes of the S-N curve are summarized in
Table 2. The residual stresses of AB and HT specimens were measured
before testing. Unfortunately, the residual stresses of THT specimens
could not be measured as all specimens were tested. Thus, the value of
THT residual stress is assumed to be 0MPa. This assumption is based
on the fact that the turning induces compressive residual stresses close
to the surface, where the majority of cracks initiate. In addition, as
indicated in Fig. 7, heat treatment contributes again a reduction of the
residual stress state.

For as-built specimens, the mean fatigue strength for 𝑅 = −1 is
higher than for 𝑅 = 0, which agrees with the general knowledge that
higher mean stress results in a decrease of fatigue strength. Moreover,
Fig. 8(a) shows that the best-fit slope exponent of mean curve for
𝑅 = −1 is lower, indicating that in the absence of load-related mean
stress, residual stress has a higher impact on low-stress levels than on
high-stress levels. Comparing with the results for as-built and heat-
treated specimens with 𝑅 = −1, it can be concluded that heat treatment
is relative effective in reducing residual stress and improving fatigue
strength; however, there is no great difference between the mean
fatigue strength and the best-fit slopes for both states with 𝑅 = 0.5.
One possible explanation for this observation is that at higher mean
stresses, the maximum stress is also higher, which leads to a residual
stress relaxation. As a result, the effect of residual stresses is reduced
compared to that of mean stresses. This also explains the higher best-
fit slope for both states for 𝑅 = 0.5, compared to 𝑅 = −1 or 𝑅 = 0.
Furthermore, this phenomenon also explains the reduction in fatigue

strength for heat-treated specimens from 𝑅 = −1 to 𝑅 = 0.
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Fig. 8. Comparison of S-N curves with 𝑅 = 0, 𝑅 = −1 and 𝑅 = 0.5 for L-PBF samples in as-built state (a) and in heat-treated state (b).
Table 2
Fatigue test data with calculated mean fatigue strength at 𝑁f = 2 × 106.

Test Stress Best-fit Residual stress Mean fatigue Mean stress
series ratio 𝑅 slope level 𝜎RS[MPa] strength 𝜎R,50% at 𝜎m[MPa]

𝑁f = 2 × 106[MPa]

As-built 0 3.69 159.2 89.2 90–240
−1 3.23 91.8 0
0.5 6.36 103.3 330–423.8

Heat- 0 4.04 76.8 104 110–215
treated −1 3.29 110.9 0

0.5 6.93 104.9 326.5–426.9

Turned 0 9.27 0* 195 200–245
and heat-
treated

* Assumed value.
e
c

.3. Performance of ML models

To judge the precision of an ML model, different metrics can be
sed, see Section 2.5.1. As explained in Section 2.4, the defect location
lassifier model was trained separately with (1) 𝜎a and 𝜎m; (2) 𝜎a and
. Table 3 shows the performance of defect location classifier with
ase (1), which was run 5 times with different random seeds. For case
1), the model showed the best performance and achieved an accuracy
ACC) score of 0.80±0.06 and MCC of 0.36±0.31, indicating a relatively
igh accuracy level. Meanwhile, the classifier after cross-validation
CV) had an ACC value of 0.70 ± 0.15 and MCC of only 0.17 ± 0.25. A

lower MCC means that it is slightly better than random prediction. The
likely reason for this outcome is data deficiency. Additionally, despite
data cleaning and preprocessing, including outlier removal and feature
selection to reduce dimensionality, overfitting still occurs due to the
limited size of the training set and the complexity of the classifiers [67].
Furthermore, Subramanian and Simon [68] suggested that overfitting
can be a significant issue when the relationship between the outcome
and the predictor variables is weak. The results of prediction are
reflected in the confusion matrix depicted in Fig. 9(a). As shown in
Fig. 9(a), only eight data points were available for testing the built
classifier model. Among these tested values, six of them were classified
as defect location at surface although their input features varies greatly.
Consequently, when using cross-validation or different random seeds,
it is possible that all predicted values fall into the ‘‘surface’’ category.
7 
In such cases, the MCC value equals 0, as the confusion matrix becomes
all zeros except for one column [69]. This explains why the mean value
of MCC is relatively low. Hence, the defect location prediction cannot
be assessed adequately, despite the prediction results aligning well with
expectations. In such a case, further investigation of fracture location
by XAI is not meaningful. To evaluate defect location and defect type
more accurately, additional tests are required.

The performance evaluation of the fatigue life prediction model is
summarized in Table 4, presenting the results of R-squared (𝑅2) and
root-mean-square error (RMSE) for both cross-validation and test data.
For the model considering effective mean stress 𝜎m,eff and stress ratio
𝑅, the 𝑅2 was found to be 0.83 and root-mean-square error (RMSE) was
0.17. These values were consistent with the average results obtained af-
ter cross-validation, which showed 𝑅2 = 0.78±0.03, RMSE = 0.17±0.03.
These outcomes indicate that the machine learning model performed
well for fatigue life prediction despite the small dataset. Moreover,
the higher 𝑅2 value and lower RMSE value for the model using the
ffective mean stress approach demonstrate its superior performance
ompared to the model utilizing the nominal stress ratio 𝑅. Twelve

data points were used for testing. The results of predictions based
on 𝜎m,eff with 𝑅eff and 𝑅 are listed in Table 5 and compared to the
actual number of cycles to failure in Fig. 9(b). Fig. 9(b) illustrates that
the deviation between true and predicted number of cycles to failure
is mostly below a factor of two. Notably, the model using effective

mean stresses which considers the effect of residual stress shows an
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Fig. 9. (a) Confusion matrix for true versus predicted defect location with decision tree classifier. (b) Comparison of tested versus predicted number of cycles to failure based on
𝑅eff and 𝑅.
Table 3
Test and cross-validation performance of the defect location prediction model considering 𝜎a and 𝜎m as
input parameters.

ACC after CV MCC after CV ACC tested MCC tested

Defect location classifier 0.70 ± 0.15 0.17 ± 0.25 0.80 ± 0.06 0.36 ± 0.31

The results specify mean value ± standard deviation for 𝑘 = 5.
Table 4
Test and cross-validation performance of the fatigue life prediction model with 𝑅eff and 𝑅.

𝑅2 after CV RMSE after CV 𝑅2 tested RMSE tested

Fatigue life prediction 0.78 ± 0.03 0.17 ± 0.03 0.83 0.17
model based on 𝑅eff

Fatigue life prediction 0.76 ± 0.03 0.20 0.70 ± 0.02 0.22 ± 0.01
model based on 𝑅

The results specify mean value ± standard deviation for 𝑘 = 5.
even better accuracy. This supports the conclusion that the ML model
performed well, although there is a slight trend of underpredict for
the number of cycles to failure around 𝑁f = 106. Hence, effective
mean stress 𝜎m,eff and effective stress ratio 𝑅eff are applied for further
investigation, instead of nominal mean stress 𝜎m and nominal stress
ratio 𝑅.

In addition, Table 5 shows percentage change between tested and
predicted value based on 𝑅eff; however, this value is not ‘‘symmetrical’’,
which means that the change from tested value to predicted value is
not same as that from predicted to tested value. Thus, log difference are
used as an alternative to percentage change. Unlike percentage change,
the log difference is symmetrical, regardless of which parameter we
use as the base for calculation. The results further highlight the high
accuracy of the fatigue life prediction model.

Log difference = log10(𝑁f,predicted) − log10(𝑁f,tested) (14)

where 𝑁f,predicted is the predicted fatigue life by XGBoost and 𝑁f,tested
is the experimental fatigue life for testing.

3.4. Explanation of fatigue life regressor

3.4.1. Importance ranking of all features
In addition to predicting the fatigue life of the additively man-

ufactured specimens, explainable AI (XAI) is employed to gain in-
sights into the influencing factors and their interactions. This approach
8 
proves valuable for practical applications and the advancement of AM
techniques in industrial production.

The analysis of the relationship between the predictors and the
output variable is based on the mean value of absolute SHAP values.
In the case of the fatigue life regressor, the output is represented
by the logarithmized number of cycles to failure (𝑁f). Therefore, a
higher value of log(𝑁f) corresponds to a larger 𝑁f value. Similarly,
a higher SHAP value indicates a stronger effect of the corresponding
input feature on achieving a higher number of cycles to failure [17].
By analyzing these SHAP values, we can understand how each predic-
tor impacts the fatigue life prediction and the relative importance of
different input features in determining the number of cycles to failure.

Fig. 10(a) displays the ranking of feature importance concerning
fatigue life prediction. A higher rank indicates that the corresponding
feature has a strong influence on the prediction; however, using average
absolute SHAP values alone does not allow us to differentiate between
the magnitude and prevalence of each feature’s impact on the predic-
tion [17]. In other words, while we can identify which features are
relatively more important, we cannot ascertain whether their impact
on the fatigue life prediction is larger or more widespread compared
to other features. For a comprehensive understanding of the predictor’s
significance, Fig. 10(b) provides the SHAP values corresponding to each
sample with respect to different features. This explain the impact of
each feature more in detail. Each dot represents a single sample. Pile
dots indicate that there is more than one sample with the same or
similar value.
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Table 5
List of tested versus predicted number of cycles to failure based on 𝑅eff and 𝑅.

Number and state Tested 𝑁f Predicted 𝑁f Predicted 𝑁f Percentage Log difference
of specimens based on 𝑅 based on 𝑅eff difference

53 THT 135 184 158 711 149 396 11% 0.04
78 HT 1 645 125 1 938 435 1 738 302 6% 0.02
75 HT 431 371 477 265 536 136 24% 0.09
37 AB 226 544 357 638 356 058 57% 0.20
6 AB 211 900 140 442 157 471 −26% −0.13
21 AB 756 673 940 869 904 082 19% 0.08
9 AB 137 388 112 778 109 484 −20% −0.10
57 HT 1 234 319 715 499 703 256 −43% −0.24
70 HT 901 056 723 767 712 673 −21% −0.10
81 HT 112 598 137 500 120 510 7% 0.03
43 THT 700 283 373 947 484 641 −31% −0.16
42 THT 1 185 390 290 650 473 765 −60% −0.40

Percentage change is difference between tested and predicted value based on 𝑅eff, divided by tested value.
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Stress amplitude is ranked highest and is followed by the specimen
tate, i.e, as-built, heat-treated, or turned and heat-treated. A high stress
mplitude has a substantial negative contribution to lifetime prediction,
hile low values have a significant positive impact, which aligns with
eneral expectations. The beeswarm plots for different states demon-
trate that turned and heat-treated specimens have positive impact on
igher number of cycles to failure (red dots). Heat-treated specimens
erform also well (purple dots), whereas as-built specimens show a
egative influence on fatigue life prediction (blue dots). These findings
re in line with the study from Braun et al. [17], which suggests that
urface roughness and residual stress reduction, as well as removal of
ub-surface defects during HT and THT positively influence the fatigue
ehavior of AM components.

Similarly to stress amplitude, a high effective mean stress has a
egative effect on fatigue life prediction; however, some samples with
oderate values (purple dots) exhibit a dispersion of both negative and
ositive SHAP values. The negative purple dots represent HT specimens
ubjected to high mean stress and stress amplitude, resulting in a
etrimental effect on the predicted fatigue life. In addition, defects
loser to the surface negatively impact the number of cycles to failure.

Interestingly, low 𝑅eff values have almost no contribution to the
rediction (blue dots), while a 𝑅eff value around 0 shows a negative

impact on fatigue life prediction (purple dots with negative SHAP
value). Conversely, higher 𝑅eff values exhibit a positive effect on fatigue
life predictions. This is thought to be related to the relaxation of tensile
residual stresses at high stress levels and inline with the S-N curves
presented in Section 2.2.

Compared with other considered parameters, the effective area of
main defect has a lower impact on the fatigue life of AM parts, which
also demonstrates the significance of residual stresses and the locations
of defects (parameter 𝐿). In addition, no clear relation of effective area
of main defect on fatigue life is observed. The possible reason for this
may be the small size of the dataset, so further investigation is not
pursued.

3.4.2. Interactions between features on lifetime
Fig. 11(a) presents the SHAP dependence plot for the two most

important features that have the highest effect on the fatigue life of the
tested specimens. The plot reveals a clear trend: the number of cycles
to failure decreases with increased stress amplitude. Furthermore, for
the stress amplitude ranging from 200 to 250 MPa, the fatigue life can
be improved by implementing additional turning and heat treatment.
These results emphasize the significant influence of stress amplitude
and the potential benefits of post-processing treatments in enhancing
the fatigue performance of the tested components.

From Fig. 11(b), it is evident that high mean stresses in the range
of 200 to 600 MPa have a negative effect on fatigue life, which is
onsistent with the observations in Fig. 10(b) (negative SHAP values).
oreover, high stress amplitude amplifies this negative effect. When
ombining Fig. 11(b) with Fig. 11(c), it becomes apparent that heat and f
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machining treatment have stronger effects on increasing the fatigue life
of samples that were loaded with mean stress less than 250 MPa. On the
other hand, for effective mean stress larger than 300 MPa, AB and HT
specimens perform similarly. As explained in Section 3.2, high loads
result in a relaxation of residual stresses, similar to what is achieved
through the HT process. Consequently, heat treatment does not result
in a significant improvement in fatigue strength at high stress levels. In
addition, compared to the stress amplitude in the Fig. 11(a), the range
of SHAP value of effective mean stress is smaller. This observation
corroborates the common assumption that mean stress has a lower
impact on fatigue life compared to stress amplitude, regarding to all
states of specimens. This finding is consistent with the results reported
by Braun and Kellner [42] for welded joints using XAI.

Analyzing Fig. 11(d)–11(f) together is meaningful since stress am-
plitude, mean stress, and stress ratio are interrelated; however, it is
important to note that the dots representing the SHAP values for each
state are on the same vertical line and may overlap with each other. To
enhance plot readability, random jitter was added to the feature values
(see Fig. 11(d)). In the case of as-built additive manufacturing parts, a
higher effective stress ratio (𝑅eff) leads to a reduced negative effect on
fatigue life due to the relaxation of tensile residual stresses. Conversely,
for heat-treated (HT) specimens, a higher 𝑅eff indicates higher mean
stress, resulting in a reduction of fatigue life.

In addition, it is apparent in Figs. 11(e) and 11(f) that for effective
stress ratio less than 0.2, higher mean stress (up to about 250 MPa)
nduces higher negative influence on fatigue life. On the contrary, for
oints with effective stress ratio larger than 0.2, higher mean stress
hows increasingly positive impact on fatigue life. For red points with
ean stress over 400 MPa (see Fig. 11(f)), the maximum stress for these
oints exceeds the yield strength of the used material 𝜎YS = 510 MPa.
his effect causes a plastic deformation and again a subsequent cyclic
esidual stress relaxation, leading to increased fatigue life.

Fig. 11(g) presents the dependence plot for the fatigue life regres-
or with the distance of the defect center to the surface (𝐿) as the
rimary feature with 𝐿 < 200 μm (surface and subsurface defects).
he plots indicate that an increasing distance of the main defect 𝐿
as a negative effect on fatigue life. In other words, the closer the
efect is to the center of the specimens, the lower the number of
ycles to failure; however, this effect is strongly related to the effective
rea of defects. The defects close to the surface are all comparably
mall. This observation can be supported by the findings of Solberg
t al. [70]. They demonstrated the existence of a transition of crack
nitiation between low and high loading levels in their study of 316L
pecimens produced by L-PBF. For higher load levels, fatigue initiation
s predominantly influenced by porosity and internal defects rather
han surface defects [70]; nevertheless, it is important to note that

urther testing and investigation are necessary to support these findings.
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Fig. 10. SHAP summary plot for the lifetime regressor with (a) Feature importance ranking according to average SHAP value and (b) SHAP value of all selected features.
Fig. 11. Dependence plot for lifetime regressor with primary feature on horizontal axis and its SHAP value on vertical axis. The color of dots represents the value of secondary
feature, showing the interaction between the primary and secondary feature. (a) Stress amplitude and state. (b) Effective mean stress and stress amplitude. (c) Effective mean
stress and state. (d) State and effective stress ratio.(e) Effective stress ratio and state. (f) Effective stress ratio and effective mean stress. (g) Distance of the defect center to the
surface (𝐿) for 𝐿 < 200 μm (surface and subsurface defects) and effective area.
4. Discussion

In general, machine learning models have shown a sound per-
formance in predicting defect location and fatigue life of additive
10 
manufactured specimens, despite the relatively small databases. Fur-
thermore, cross-validation has revealed the robustness of the models
for further evaluation regarding input data and features, making them
suitable for new data samples. In addition, Braun et al. [42,43] had
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shown that XGBoost is suitable for large databases with a greater
number of features. Therefore, the models are expected to exhibit even
better performance with more extensive training datasets.

In addition, the outcomes obtained from the explanation models
using SHAP values align well with theoretical expectations. Using
the explanation model, all input features were ranked based on their
influence on predicting the number of cycles to failure. For additive
manufactured specimens, stress-related features (stress amplitude and
mean stress) were found to have the most important impact on fatigue
lifetime regressors, which agrees with the findings from Braun and
Kellner [42] for butt-welded joints. The process state of the specimens
(as-built, heat and turning treatment) also have a high impact. The
combination of SHAP values and S-N curves has demonstrated that
heat treatment and turning treatment can significantly improve the
fatigue life of AM parts. In contrast, fatigue life appeared to be less
influenced by defect-related parameters, namely the distance of defect
center to the surface and effective area of the defect; nevertheless, more
research is required on the interaction of defects with other properties
such surface conditions, AM processes and size of components, see,
e.g., [71,72].

Moreover, a more detailed investigation of the interactions between
primary and secondary features was conducted using SHAP depen-
dence plots combined with the mean stress approach. The results
further validate the consistency with theoretical expectations, laying
the groundwork for future studies that can incorporate more advanced
techniques, such as combining fatigue mechanisms/physics with ML
tools. This could further improve prediction performance and provide
deeper insights into the fatigue behavior of L-PBF metals. Moreover,
leveraging data obtained from computer tomography scans, ML models
can be applied to reduce the need for numerous fatigue tests in the
future.

In summary, by using XAI, we can better comprehend the underly-
ing factors that affect fatigue life and understand how they interact with
each other. This knowledge can be leveraged to enhance the reliability
and performance of AM components in practical applications, thereby
facilitating the successful implementation and further development of
AM technologies in industrial settings.

5. Conclusions

Additive manufacturing has demonstrated substantial advantages
over conventional manufacturing processes and is extensively em-
ployed in diverse industries for production purposes. To predict defect
location and fatigue life of additively manufactured metal components,
an analysis was conducted using 80 fatigue test results on 316L stainless
steel specimens in as-built and post-treated state. In addition, this
study also helped to comprehend the influence of surface roughness,
mean stress, and residual stress on fatigue life prediction. To this goal,
explainable artificial intelligence based on SHAP values was utilized
to investigate the primary influencing factors affecting fatigue strength
and lifetime. The following conclusions are drawn from this study:

• The fatigue strength and lifetime of the additively manufactured
specimens can be significantly improved by post-treatment, which
causes residual stress relaxation, surface roughness reduction and
also removes near-surface defects.

• The gradient boosted tree model, employed in this study, per-
formed well for the prediction of number of cycles to failure,
despite the small database; however, to improve fatigue failure
locations prediction of additively manufactured 316L specimens
and to evaluate its influencing features, more tests should be
performed.

• Explainable machine learning based on the SHAP framework have
proven to be a useful tool to rank influencing parameters and
helped to investigate their mutual influence on the fatigue life

predictions. 𝑖

11 
• Fatigue life predictions of additively manufactured AISI 316L
samples are primarily influenced by stress-related features (stress
amplitude), followed by process state (as-built, turning and/or
heat treatment) . On the other hand, the impact of defect location
and effective area size is lower than that of other evaluated
variables.

• The efficacy of the effective mean stress approach using initial
residual stresses has been demonstrated in its application to ML
models and the SHAP framework, explaining the influence of
mean stress and residual stress on the fatigue life of additively
manufactured samples. As the mean stress increases, the fatigue
life initially decreases until the maximum stress surpasses the
yield strength of the materials. Subsequently, the fatigue life
increases again with higher mean stress, due to cyclic residual
stress relaxation.
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Appendix

Calculation of SHAP value

SHAP value for a single feature F can be defined as the average of
the marginal distribution of F:

𝜑(𝜐) =
∑

𝑆⊆𝑁∖{𝑖}

|𝑆|!(𝑛 − |𝑆| − 1)!
𝑛!

(𝜐(𝑆 ∪ {𝑖}) − 𝜐(𝑆)) (15)

here 𝑛 is the number of features with 𝑆 the coalition subset of all input
eatures. The characteristic function 𝜐(𝑆) describes the total expect
alue of coalition 𝑆.

The sum of SHAP values of all features equals the value of grand
oalition:
∑

𝜑𝑖(𝜐) = 𝜐(𝑁) (16)

⊆𝑁
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Table A.6
Nomenclature.

Symbol Description Unit

𝛥𝜎 Stress range MPa
𝜎a , 𝜎max , 𝜎min Stress amplitude, maximum stress, minimum stress MPa
𝜎m , 𝜎m,eff Cyclic mean stress, effective mean stress MPa
𝜎RS , 𝜎YS Residual stress, Yield strength MPa
𝜎RS,stab Cyclically stabilized residual stress MPa
𝜎R,50% Reference mean fatigue strength at 2 × 106 cycles to failure MPa
√

𝑎𝑟𝑒𝑎 Square root of effective area of main defect μm
𝑑 Diameter of specimens mm
𝑚 Slope of S-N curve –
𝑛 Number of specimens –
𝑦i , 𝑦̂i True value, predicted value –
𝑦̄ Mean value of generated dataset –
𝐿 Distance of defect center to surface μm
𝑁f Number of cycles to failure –
𝑃s Survival probability –
𝑅,𝑅eff Stress ratio, effective stress ratio –
𝑅a , 𝑅t Arithmetic mean roughness, maximum roughness μm
𝑅2 R-squared –
𝑇heat Heat treatment temperature °C
𝑋1 , 𝑋2 First and second feature for PCC –
𝑋̄1 , 𝑋̄2 Mean value of first and second feature for PCC –

AB As-built specimens
ACC Accuracy
AM Additive manufacturing
CV Cross-validation
FN, FP False negative and false positive predictions
HT Heat-treated specimens
L-PBF Laser-based powder bed fusion
MCC Matthews correlation coefficient
ML Machine learning
PCC Pearson correlation coefficient
RMSE Root-mean-square error
SEM Scanning electron microscope
THT Turned and heat-treated specimens
TN, TP True negative and true positive predictions
XAI Explainable artificial intelligence
XGBoost Extreme gradient boosting

Nomenclature and abbreviations

See Table A.6 for the nomenclature and abbreviations.
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