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Modeling of the fatigue lifetimes in 3D-printed biomaterials of Polylactic acid (PLA) is presented in this article
based on machine learning (ML) techniques of interpretable extreme gradient boosting (XGBoost) and Shapley
additive explanations. For this objective, standard testing samples were additive-manufactured from PLA under
different 3D printing parameters. Then, the fatigue experiments were performed on specimens under various
stress levels. Based on these data, three ML methods were utilized for modeling the PLA fatigue lifetimes,

including XGBoost, random forest, and support vector regression, besides a common nonlinear regression
analysis. The obtained results indicated that XGBoost had superior modeling results, compared to other ML
techniques and the regression analysis. The coefficient of determination was 97.66 % with a scatter-band of
+1.3, which was a narrow scatter in fatigue modeling.

1. Introduction

Additive manufacturing (AM) by 3D printing provides the possibility
of producing parts with complex geometry or functional materials with
layered construction [1]. Moreover, the technology causes less envi-
ronmental damage due to the reduction of waste materials [2]. There-
fore, AM has revolutionized the design and manufacturing processes [3].
However, there are challenges, such as porosity due to poor bonding
between materials [4], deformation due to residual stresses resulting
from rapid cooling [5], and anisotropy [6]. It is necessary to overcome
these challenges to ensure the appropriate performance of additively
manufactured parts.

Research works have been conducted to cover various aspects of
printing parameters. Abeykoon et al. [7] performed a comparative study
to optimize fused deposition modeling (FDM) parameters for improved
Polylactic acid (PLA) and Acrylonitrile butadiene styrene (ABS)
3D-printed structures. Such investigations could be expensive and
time-consuming [3]. In addition, it is extremely difficult to investigate
the whole AM parameters, quickly and accurately. Data-driven models
can predict the behavior of parts made with AM by processing the data
collected by machine learning (ML) algorithms. These models are
beneficial in decision-making [8]. ML techniques improve the efficiency
of the 3D printing process by covering various aspects, including part
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design, manufacturing parameters, and product quality [9]. Therefore,
they have been used to understand the relationship between the prop-
erties, structure, and process parameters. Kumar et al. [10] developed a
ML algorithm to characterize various stages of the 3D printing process
by Long Short-Term Memory Algorithm (LSTM), suitable for PLA, ABS,
and PETG (polyethylene terephthalate glycol) filaments. The model
enabled the decision support in improving energy and time in-
efficiencies in 3D printing. Moreover, different studies have utilized
machine learning techniques in FDM 3D printing of the PLA material for
the purpose of minimizing the support waste [11] and predicting the
geometric accuracy [12].

In the area of additive manufacturing, optimizing the performance of
printed materials is an ongoing challenge, and understanding the rela-
tionship between printing conditions and material behavior is of para-
mount importance.

The fatigue behavior of PLA components fabricated with 3D-printing
has been studied in the existing literature. Decreasing the nozzle
diameter increased the fatigue lifetime, enhancing the structural density
and resolution [13]. Conversely, larger diameters promoted the inter-
layer cohesion but reduced the surface quality [14]. The effect of
printing speed was reported to vary with the nozzle diameter. However,
higher print speeds improved the tensile properties by enhancing
bonding and reducing the print time [15]. The increased nozzle
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temperature reduced the fatigue properties: for instance, samples prin-
ted at 240°C exhibited the lowest lifetime due to the material overflow
near the melting point [13]. The optimal parameters for ABS-enhanced
PLA were 215°C, 90 mm/s of the speed, and 100 % of filling [7].
Notably, the tensile strength of 3D-printed PEEK varied with the nozzle
temperature, while PEEK (polyether ether ketone) outperformed PEI
(polyethylenimine) in this regard [16].

However, there is a lack of models considering fabrication parame-
ters on fatigue properties of the material [17]. Most of the existing
models for fatigue of PLA are based on empirical or simplified ap-
proaches that have several limitations neglecting the effects of process
parameters. These models may not be able to capture the complex and
nonlinear fatigue mechanisms and failure modes of additively manu-
factured products, especially under long-term service conditions.
Moreover, the existing machine learning models for fatigue of PLA also
have some drawbacks, such as overfitting, lack of interpretability, and
insufficient use of runout data. Researches have been conducted to
address these challenges [18-20]. In this study, a new machine learning
model that can accurately and reliably predict the fatigue properties of
PLA, based on the print parameters using advanced experimental tech-
niques. Such a model would enable design and optimization of PLA
products with the enhanced fatigue performance and durability [21].
The extreme gradient boosting (XGBoost) algorithm employed in this
research incorporates regularization techniques to mitigate the risk of
overfitting.

Sai et al. [22] demonstrated the promising performance of popular
ML techniques, including Random Forest (RF), Support Vector Machine
(SVM), and boosting algorithms like GBoost and XGBoost in estimating
the fatigue lives within a reasonable margin of error. They also explored
the application of machine learning algorithms for predicting the fatigue
phenomenon in the glass fiber reinforced aluminum laminate [23]. This
study aimed to solve the complex interaction between 3D printing pa-
rameters and the fatigue lifetime of additively-manufactured PLA
biomaterial samples. The fatigue lifetime, a crucial mechanical prop-
erty, signifies the durability and reliability of these samples when sub-
jected to cyclic loading conditions. By using the power of ML models, a
comprehensive exploration to estimate the fatigue lifetime with
different 3D printing conditions can be provided. The primary goal in
this study was to explore which printing parameters significantly in-
fluence the fatigue lifetime, providing valuable insights into strategies
for enhancing the fatigue resistance of 3D-printed PLA specimens.
Through modeling, analysis, and comparison, factors that influenced
PLA fatigue lifetimes were introduced, bridging the gap between 3D
printing technology and material performance prediction.

The novelty of this work lies in its pioneering attempt to find out the
behavior of 3D-printed biomaterials, specifically PLA, using advanced
ML techniques. By coupling the power of interpretable extreme gradient
boosting (XGBoost) and Shapley additive explanations, this study takes a
remarkable leap forward in understanding the intricate world of PLA
fatigue lifetimes. Such insights help to understand the way performance
and durability of 3D-printed biomaterials can be optimized.

2. Materials and methods
2.1. Experimental dataset

The data for this study was collected through a systematic process
designed to investigate the impact of various 3D printing parameters on
the bending fatigue properties of standard PLA specimens. The goal was
to gain a comprehensive understanding of the mechanical behavior of
these specimens under different printing conditions. The total number of
162 standard dog-bone samples were fabricated in accordance with the
ISO-1143 standard as shown in Fig. 1. The standard is designed for
metallic materials but it is also used in this study due to the absence of a
standard for fatigue testing method of additive manufactured polymers.
A specific setup was designed for FDM process, ensuring consistent and
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Fig. 1. The (a) printed and (b) schematic geometry of dog-bone stan-
dard samples.

accurate printing of samples [13]. The samples were 3D printed using
the FDM method and subjected to cyclic bending loads through fatigue
tests. The transparent PLA filaments with a diameter of 1.75 mm,
sourced from YouSu Company, China, were utilized for 3D printing. The
choice of PLA as the base material was made to represent a commonly
used polymer in FDM processes. [24,25].

To examine the influence of specific 3D printing parameters on the
bending fatigue properties of the PLA specimens, a controlled experi-
mental setup was employed. This fatigue testing was done under the
load-controlled fully-reversed cyclic condition, using a rotary bending
fatigue testing device, manufactured by Santam Company, Iran. Ac-
cording to Fig. 2, the device can apply bending stresses to the rotating
specimen at a 100 Hz of frequency. The specimens were tested in the
high-cycle fatigue (HCF) regime at room temperature and under
2.5-17.5 MPa of the bending stress [24,25]. These stress levels refer to
the magnitude of cyclic stress applied to the specimens.

The FDM printer was employed for the fabrication of test specimens.
The printer capabilities allowed us to precisely control key printing
parameters, namely the print speed, nozzle diameter, and nozzle tem-
perature. These variables were selected to span a range of values in order
to assess their impact on fatigue behavior [12,13].

e Print speed: varied from 5 to 15 mm/s.
e Nozzle diameter: ranged from 0.2 to 0.6 mm.
o Nozzle temperature: set within the range of 180-240°C.

The data collection process involved systematically printing and
testing the specimens under different combinations of the mentioned
printing parameters. Each combination was replicated to ensure statis-
tical significance. For each unique set of printing parameters, a series of
dog-bone specimens were 3D-printed. These specimens were then sub-
jected to bending fatigue tests to evaluate their mechanical properties.
Table 1 lists the statistical description of the dataset. Notably, 162
specimens were fabricated and tested; however, 47 outliers were
excluded from the analysis due to high scatter bands (or variations).
Therefore, the dataset consists of 115 samples and four features. The
preliminary analysis suggests that the out of scatter-band data might be
attributed to defects arising from the poor quality in the 3D-printed
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Fig. 2. The image of SFT-600 Santam rotating bending fatigue testing device [16].

Table 1

The statistical description of the dataset.
Variable Min Max Mean STD
Nozzle Diameter 0.20 0.60 0.41 0.16
Print Speed 5.00 15.00 10.17 4.13
Nozzle Temperature 180.00 240.00 209.48 24.16
Stress Level 2.50 17.50 8.59 3.52
Average Fatigue 1400.00  1,500,000.00 128,857.00  338,018.70

Lifetime

specimens [24]. Table 1 summarizes the distribution of the data and
provides a concise representation of its central tendency and spread. As
suggested in the literature [26], a dataset should have at least 10 sam-
ples for every variable fed into a regression model. More details of such
regression analysis could be found in the literature [24,25].

2.2. Modeling techniques

Model interpretability is a critical issue for ML techniques. Lundberg
and Lee [27] suggested the Shapley additive explanation (SHAP) to
solve this problem. SHAP uses Shapley values to interpret the pre-
dictions of ML models [26]. The Shapley values measure the importance
of each feature in predicting an outcome. Shapley values (¢;) can be
calculated, as follows,

b= oy MBI Dl 1)) - 09)) @

where f represents the model, M is the number of variables, N denotes
the set of all inputs, and S is a subset of M that excludes the i-th variable
from N [28]. Shapley values offer insights into the importance and
impact of each feature on the model output. By considering all possible
combinations of features and their contributions, SHAP values estimate
the fair allocation of the prediction outcome among the features. They
calculate the marginal contribution of each feature to the prediction
compared to all other possible combinations of features. A positive
SHAP value for a feature indicates that the presence of that feature in-
creases the prediction value, while a negative value suggests its absence
decreases the prediction. The magnitude of the SHAP value represents
the extent of influence a feature has on the prediction. Features with
larger absolute SHAP values have a more significant impact on the
outcome [26].

XGBoost is a highly efficient, scalable implementation of gradient-
boosting decision trees (GBDT). The loss function employed by

XGBoost uses second-order Taylor expansion, compared to first-order
one in GBDT [29]. This issue allows XGBoost to produce more accu-
rate results than GBDT [30,31]. Moreover, XGBoost uses regularization,
which helps reduce the risk of overfitting. Regularization adds a penalty
to the objective, which reduces the complexity of the model, preventing
it from memorizing or fitting too closely to the training data [32]. The
objective is shown in Eq. (2) [33],

¢= Z i3 +Zsz(f @)

where 1(y;,y;) denotes the difference between the output (¥;,) and the
target value (y;). Moreover, Q (f,) and K represent the penalty term and

the number of regression trees, respectively [33].

Random forest (RF) is a nonparametric ensemble learning technique
capable of solving regression and classification problems [34]. This
approach generates multiple decision trees on random subsets of the
data, allowing each tree to use a different feature subset. The RF model
then aggregates the predictions of each tree, resulting in an improved
generalization performance [35,36].

RF builds an ensemble of N decision trees. Then, the trees calculate
the final output for an input sample (x), based on Eq. (3) [37],

N
Z ( ©)

2 I

where T, (x) represents the n-th tree output [37].

Support vector regression (SVR) is a supervised ML technique. SVR is
based on the idea of creating a regression model that not only fits the
data well but also maximizes the generalization performance by finding
the most appropriate hyperplane to separate the data samples [38].

To compare the ML methods with usual regression modeling, the
ANOVA analysis was used with Design-Expert [39,40]. The confidence
level was 95 % in this non-linear regression modeling with a natural
logarithmic function and two-way interactions. Using a sensitivity
analysis, F-Value and P-Value were reported plus the coefficient of
determination (R?). Another examiner of modeling was the scatter-band
(SB), which shows a factor that cover the whole data of experimental
lifetimes versus prediction values. The width of the SB indicates the level
of agreement between the experiments and predictions; a narrower band
suggests a more accurate model, while a wider band indicates greater
disparity.
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3. Results and discussion

Based on Fig. 3, the experimental fatigue lifetimes of the manufac-
tured PLA specimens under different 3D-printing parameters are shown,
such as the layer thickness, infill density, and print speed. Additional
information regarding the dataset and parameters was published,
providing more detailed insights [24]. The samples, out of scatter band
points, which significantly deviated from the general trend, were filtered
in this S-N curve. In addition, the run-out tests, which are the tests that
did not result in failure even after 1.5 million cycles, were indicated by
an arrow next to the corresponding point. These tests were terminated
since they exceeded the failure criterion.

Fig. 4 depicts the Pearson correlation between variables for linear
and nonlinear considerations. In Fig. 4(a), the strongest linear correla-
tions involve the fatigue lifetime, with the nozzle diameter and stress
level showing moderate negative linear correlations. Moreover, the
stress level had a positive correlation with the print speed and a negative
correlation with the nozzle temperature. This issue could imply that
these parameters were significant predictors for the fatigue lifetime. The
relationships between other parameters were generally weak to mod-
erate, suggesting that while there was some linear association, it was not
particularly strong. Incorporating nonlinear considerations into the
analysis, as shown in Fig. 4(b), revealed that not only the individual
parameters were important, but also their squared and interaction terms
played a significant role in the behavior of the system.

Table 2 summarizes the parameters used for each model. The first
model, XGBoost, employs a base learner in the form of gradient boosted
trees with an exact greedy tree construction algorithm. In total, 100
gradient boosted trees are used in this model. The second model, RF,
comprises 20 trees and requires a minimum of 2 samples to split an
internal node. The quality of splits in the RF model is evaluated using the
Squared Error function. SVR, as the third model, adopts a radial basis
function kernel and sets the tolerance for the stopping criterion at 0.001,
with an epsilon value of 0.1. Moreover, Table 3 presents the comparison
results of various techniques, including 20 independent runs and the
value of averages and standard deviations. The root mean squared error
(RMSE), R?, and SB were reported. The dataset was randomly split into a
training set and a testing set using an 80:20 ratio, with 80 % of the data
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allocated for training and 20 % for testing. For a fair comparison be-
tween different models, the same train and test sets were used for all
techniques. Optimizing hyperparameters is essential for refining ma-
chine learning models, as they dictate the model behavior and perfor-
mance. A methodical tuning process can enhance accuracy and the
ability to generalize. Furthermore, while the SVR model uses a radial
basis function kernel, investigating alternative kernels is crucial.
Different kernels can detect unique data patterns, potentially improving
model efficacy. Such exploration might uncover a kernel that optimally
balances bias and variance, boosting predictive strength.

The obtained results implied that XGBoost could accurately estimate
the average fatigue lifetime based on various printing parameters, which
outperformed other methods. Moreover, to find the superiority of
models, a two-tailed Welch’s statistical t-test was considered for RMSE
between XGBoost and other techniques, with a confidence level of 95 %
[41]. Welch’s t-test is a nonparametric univariate statistical test, useful
when the two samples have unequal variances [42]. As Table 3 illus-
trates, the null hypothesis was rejected based on P-Value (lower than
0.05) and therefore, the results were statistically meaningful. Scatter
band (SB) is a statistical tool used to assess the reliability of predictions.
As shown in Fig. 5, by comparing the predicted values with the actual
fatigue lifetime, the parameter quantifies the dispersion, providing in-
sights into the accuracy of models and their predictive performance. For
XGBoost, a +1.3 range indicated predictions were closely aligned with
actuals, suggesting high model accuracy. The RF model also showed a
+1.3 variance, however the lower R? value implied less precision.
Nonlinear regression and SVR with tight bands of +1.4 scatter band, had
lower performance.

The findings presented in the mentioned table, suggest that the
number of experimental specimens was indeed sufficient. The successful
performance of these models in analyzing the data and generating
meaningful results underscored the robustness of the dataset and its
suitability for the research objectives. The ML techniques, XGBoost and
RF, along with the nonlinear regression modeling, produced highly
precise and statistically significant results, as indicated by their high R?
values. The outcome demonstrates the robustness and reliability of the
dataset, indicating that the number of specimens was logical and pro-
vided sufficient information to draw meaningful and statistically
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Fig. 3. The S-N diagrams for PLA samples, 3D-printed with different process parameters.
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significant conclusions. The small standard deviations further supported
the consistency and accuracy of the results across multiple runs.

To comprehend the impact of a single variable on the model output,
the SHAP value of that variable versus the parameter value for all
samples is demonstrated (Fig. 6). The x-axis represents the value of each
parameter, and the y-axis represents the SHAP value, which measures
how much each parameter contributes to fatigue lifetime. The color of
the samples indicates the interaction effect of another parameter that
has the strongest influence on the SHAP value. For example, the red dots
in Fig. 6(a) shows that there was no correlation between the nozzle
temperature and stress level. The plots reveal the complex and nonlinear
relationships between the printing parameters and the stress level, as
well as the potential interactions among them. Moreover, based on Fig. 6
(b), there is no correlation between the nozzle diameter and the stress
level.

Based on the differences between actual (experimental) and

predicted values of the average fatigue lifetimes of PLA by ML methods,
XGBoost had the lowest average error. Then, SHAP was applied to
XGBoost model (i.e., the best model based on RMSE and R?). As an
agreement, this issue was also reported for XGBoost in the literature
[28], which can significantly boost both the estimation performance and
also the computational speed.

Zhou et al. [32] indicated that XGBoost, light gradient boosting
machine (LightGBM), and categorical boosting (CatBoost) outperformed
the RF model in predicting outcomes when using the synthetic minority
oversampling technique (SMOTE) oversampling. Specifically, the pre-
diction results of the retention fraction were significantly lower than the
other models, with the R? value of 0.8530 and the mean square error
(MSE) of 0.0165. On the other hand, XGBoost, LightGBM, and CatBoost
achieved good regression prediction effects, with R? greater than 0.93
and MSE less than 0.008. These findings suggested that XGBoost,
LightGBM and CatBoost were more suitable for predicting outcomes,
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Table 2
Model parameters used in ML techniques for predictions.

Parameters Values

Model: XGBoost
Base Learner Gradient boosted
tree

Tree construction algorithm Exact greedy

Learning rate 0.3

Lagrange multiplier 0

Number of gradient boosted trees 100

Model: Random Forest (RF)

Number of trees 20

Minimum number of samples required to split an internal 2
node

The function to measure the quality of a split
Model: Support Vector Regression (SVR)

Squared Error

Kernel Radial basis function
Tolerance for stopping criterion 0.001
Epsilon 0.1
Table 3
Comparison results of ML techniques and the regression analysis.
Modeling techniques RMSE R? P-value SB
ML: XGBoost 47,937.18 0.9766 - +1.3
(15,332.28) (0.0117)
ML: RF 75,244.05 0.9430 1.00E-4 +1.3
(22,988.28) (0.0307)
ML: SVR 245,254.53 0.4488 7.13E-13 +1.4
(57,251.50) (0.0773)

Nonlinear regression modeling - 0.8120 <0.0001 +1.4

Note: The bolded text is the best model. Moreover, the values in parenthesis are
the standard deviations for 20 times of running

100
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e di
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5 .
1
3 10 100
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Fig. 5. The scatter-band analysis of different models.

when using SMOTE oversampling than the RF model. The differences
between XGBoost, gradient boosting, RF, and LightGBM were statisti-
cally insignificant [44,45]. What sets XGBoost apart is its versatility
when it comes to hyper-parameter tuning, particularly its randomization
hyper-parameters like subsampling rate and the number of features
selected at each split. By setting these values appropriately, Bentejac
et al. [46] demonstrated that the XGBoost performance can be signifi-
cantly improved while reducing the hyper-parameter search complexity,
making it a compelling choice for those seeking a powerful and adapt-
able gradient boosting algorithm.

Based on the literature [36], it was found that both XGBoost-based
and RF-based models had a superior predictive performance,
compared to baseline models. The order of prediction accuracy was

Materials Today Communications 39 (2024) 109054

XGBoost, RF, support vector machine (SVM), multi-layer perceptron
(MLP), and multivariate adaptive regression spline (MARS). However,
when comparing the performance of XGBoost and RF, XGBoost was
found to be superior to RF in terms of predictive accuracy. Notably, the
XGBoost algorithm is based on the decision trees and gradient boosting,
which allows it to handle complex data and achieve a better accuracy
than other models.

Additionally, XGBoost was shown to be superior to RF and SVR
models in predicting outcomes in complex scenarios [33,47]. Specif-
ically, XGBoost was able to accurately estimate the results based on
monitored operational parameters with significantly higher accuracy
than the other two models. This issue suggested that XGBoost was better
suited for predicting outcomes in complex scenarios, which were often
encountered in various industries. Moreover, XGBoost was shown to
significantly improve both computational speed and performance [43].
This note was due in part to its advanced algorithms and optimization
techniques, which enabled faster training and inference times,
compared to other machine learning models. XGBoost is also capable of
handling missing data and feature interactions, which can increase the
model accuracy. Generally, the superior performance of XGBoost may be
attributed to its advanced boosting algorithms, which enable efficient
model training on complex datasets. Additionally, the ability of XGBoost
to handle missing data and feature interactions contributes to its supe-
rior performance. These findings highlighted the potential of XGBoost as
a reliable and effective tool for predicting outcomes in various fields
where accuracy was of utmost importance. However, it is essential to
recognize that the performance of ML algorithms appeared to be
case-dependent. Further research is required to explore the full potential
of XGBoost and its applications across different domains, taking into
account the unique characteristics and requirements of each case.

Variables were ranked by SHAP values according to their level of
importance for predicting the average fatigue lifetime (Fig. 7(a) and
(b)). Results demonstrated that the nozzle diameter and the print speed
had the highest and lowest effectiveness for predicting the fatigue life-
time, respectively. Considering mean SHAP values indicated that except
for the nozzle temperature, which had a positive impact on the fatigue
lifetime, other parameters showed a negative effect on the output. There
was considerable agreement between Pearson correlation assessments
(Fig. 4) and SHAP (Fig. 7). As it can be seen in Fig. 4(a), the nozzle
diameter had the highest correlation with the fatigue lifetime. In addi-
tion, in Fig. 7(a), the nozzle diameter had the highest mean SHAP value.

This negative correlation between the nozzle temperature and fa-
tigue lifetime can be attributed to the layer overflow induced by higher
temperatures specifically near the melting point of material [13]. Based
on the results in Fig. 7, the print speed has the lowest mean SHAP value,
which had agreement with the regression analysis, where the P-Value of
this factor was obtained as 0.7775 (higher than 0.05, non-significant
factor). Other variables were significant with P-Value less than 0.05.
Besides, the importance order of these parameters was the stress level
(F-Value: 110.68), the nozzle diameter (F-Value: 87.48), and the nozzle
temperature (F-Value: 18.79). This result was different from the SHAP
analysis for the first-ranked important parameter, which was the nozzle
diameter.

One possible cause of the difference between the model analyses is
the assumption of the feature independence that SHAP values make. On
the other hand, the regression coefficients do not make such an
assumption and directly measure the effect of a unit change in a feature
on the prediction, holding all other features constant. In other words,
SHAP values may not fully account for the interdependencies between
features, which can lead to an overestimation or underestimation of a
feature influence, whereas regression coefficients consider the change in
context with other variables held fixed. Consequently, regression co-
efficients and SHAP values may yield different importance rankings
when features are correlated. One way to address the differences be-
tween the regression and SHAP analyses in design is to use both methods
as complementary tools for understanding the effects of the input
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parameters on the PLA fatigue lifetimes. By comparing the outcomes of
the insights from SHAP and regression analyses, one can identify
whether the parameters have significant or insignificant influence on
PLA fatigue lifetimes. This comparison can guide model selection,
inform feature engineering, and optimize design processes.

4. Conclusions

In this study, machine learning models were used to estimate the
fatigue lifetime of additive-manufactured PLA samples under various 3D
printing conditions. The results of this study provided valuable insights
into the relationship between 3D printing conditions and the fatigue
lifetime of PLA samples. The following results were found from
modeling can be summarized,

e The superior model for predicting the fatigue lifetime of PLA samples
was found to be XGBoost, with RMSE of 47,937.18, R? of 97.66 %,
and the scatter-band of +1.3. These metrics indicated that the
XGBoost model provided accurate and reliable predictions of PLA
fatigue lifetimes.

The SHAP analysis was conducted to determine the relative impor-
tance of various 3D printing conditions on the fatigue lifetime of PLA
specimens. This analysis revealed that the nozzle diameter had the
highest influence on the fatigue lifetime, while the 3D printing speed
had the lowest effect. This issue suggested that optimizing the nozzle
diameter could be an effective strategy for improving the fatigue
resistance of 3D-printed PLA samples.

A usual regression analysis was also performed to compare the re-
sults with the SHAP analysis. The result showed that the print speed
was a non-significant factor in predicting PLA fatigue lifetimes,
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indicating that it had a little impact on the fatigue resistance of PLA
specimens.

The order of important parameters in estimating PLA fatigue life-
times differed between the regression and SHAP analyses. In the
regression analysis, the stress level was the most important factor,
followed by the nozzle diameter and the nozzle temperature. How-
ever, in the SHAP analysis, the nozzle diameter was found to be the
most important factor, followed by the stress level and the nozzle
temperature. This behavior suggested that different factors may be
more or less important depending on the specific ML models used
and the analysis technique employed.
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