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Abstract

The paper leverages existing literature on fatigue life prediction in additive manufacturing components within the realm of
artificial intelligence (AI) and machine learning methods. The first key contribution is a meticulous methodology for dataset
preparation. It aims to convert features from natural language to a format suitable for Al algorithms, minimizing over-fitting
risks. This process is not limited to Al-specific scalers, but leverages authors’ expertise in the problem’s physics. Additionally,
the article evaluates the performance of various machine learning and Al algorithms. This constitutes the second contribution
of the paper. Typically, the performance of different algorithms is assessed based on the root mean square comparison of
predicted versus true data. However, this widely accepted methodology overlooks the fact that data points are not independ-
ent entities; rather, they are grouped into subsets, each associated with a specific fatigue Wohler curve. From a practical
standpoint, the engineering entity of interest for prediction is the complete curve, not just the single point belonging to the
curve. Therefore, a methodology based on this concept is proposed to reliably assess algorithm performance, serving as a
complementary technique to standard performance assessment metrics.

Keywords Fatigue - Additive manufacturing - Machine learning - Fatigue life - Fatigue dataset - High cycle fatigue

Additive manufacturing (AM) is the most popular manu-
facturing process in Industry 4.0, which enables on-demand
production, unlocks digital design tools, and offers break-
through performance and high flexibility. Other advantages
consist in the manufacturing of components with complex
geometry and with a minor amount of material waste and
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energy consumption, with respect to the subtractive manu-
facturing processes. The use of AM parts in the engineer-
ing fields is limited due to the difference and uncertainty
observed in the mechanical properties of AM components
compared to traditionally manufactured ones [1, 2]. This
uncertainty is especially detrimental when considering
the fatigue behavior, as it directly impacts the capability
of effectively predicting the life of AM components. Such
uncertainty is mainly due to two contributing factors:

e large number of process parameters, each of which may
impact the mechanical properties;

e lack of control on process parameters, resulting in lack
of repeatability in the manufacturing process.
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While the second factor is connected to technology and
beyond the scope of the present work, the first one has been
the focus of recent scientific research in the field [3, 4]. In
detail, different authors have evaluated the influence of
AM process parameters such as scan speed, energy beam
power, hatch space, layer thickness, surface roughness, yield
strength, ultimate strength, elongation, stress amplitude, etc.
[5, 6]. Other relevant parameters, not directly connected to
AM, are the processing sequence of heat treatment, Hot
Isostatic Pressing (HIP) treatment, fatigue test temperature,
fatigue test environment, porosity, residual stresses, etc. By
taking action on these parameters, it is feasible to enhance
the strength of these materials. Nevertheless, the limited
understanding of this emerging technology continues to hin-
der its widespread implementation in the industrial sector.
It is evident that developing models to accurately measure
and forecast the impact of these characteristics on the final
product’s properties is a challenging task, especially when
it comes to estimating fatigue strength, which is inherently
stochastic.

In recent years, thanks to the increased availability of dig-
italized data, machine learning (ML) techniques have started
to play an important role in materials research [7]. ML is a
programming technique where a system learns from data to
make predictions or classifications automatically. Namely,
the statistical interrelation occurring between engineering
inputs and outputs does not necessarily need to be repre-
sented by physical models, which might be otherwise limited
by our capability to model physical phenomena. Instead,
links and relations can be accurately derived by resorting to
data-driven models, including in particular ML techniques.
This involves uncovering the relationships between labeled
data points within a specific training dataset, then the trained
models are tested under new unlabeled data.

Over the past decades, several ML models and algorithms
were applied to carry out the prediction of the fatigue life
of AMed components. Indeed, ML algorithms such as
Super Vector Machine (SVM), eXtreme Gradient Boost-
ing (XGBoost), Linear Regression (LR), Random Forest
(RF), Artificial Neural Networks (ANN), and Deep Neu-
ral Networks (DNN) have been employed to predict the
fatigue life for different AM alloys [5, 8—11]. Zhang et al.
[8] constructed two models utilizing distinct input features,
employing 139 S-N data points obtained from experimental
research on 316 L stainless steel manufactured through laser
powder bed fusion (L-PBF). The first model utilizes process
parameters and stress state, whereas the second model inte-
grates tensile and elongation properties in addition to the
stress state. Linguistic labels are employed to apply adaptive
neuro-fuzzy inference to the model. The model evaluation is
performed using cross-validation and the root mean square
error (RMSE) serves as the criterion for error assessment.
Balamurugan et al. [12] developed a data-driven approach
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for fatigue prediction of Ti-6Al-4V parts fabricated by laser
powder bed fusion, combining a classification model with a
Probabilistic Physics-Guided Neural Network for accurate
and physically consistent predictions. Gao etl al. [13] intro-
duced a novel neuro-fuzzy-based machine learning method
for predicting multiaxial fatigue life of metallic materials
by combining fuzzy inference and neural networks. Zhu
et al. [14] performed high cycle fatigue life prediction of
titanium alloys based on a deep learning approach incorpo-
rating advanced attention mechanism and explored key fac-
tors influencing HCF life by using Shapley value. Luo et al.
[9] adopted mean absolute error (MAE), mean squared error
(MSE), and the coefficient of determination R? as evalua-
tion metrics to assess several ML models for Inconel 718
produced using selective laser melting (SLM). These met-
rics were generated on the global dataset. In addition, the
authors augmented the dataset by using data from prior stud-
ies to strengthen the reliability of the model. He et al. [10]
evaluated individual S-N curves and compared the predicted
values with the actual values. They employed overall evalu-
ation criteria, such as global RMSE and life factor, to assess
ML models. Bao et al. [11] employed X-ray tomography to
analyze defect characteristics and develop Support Vector
Machine (SVM) models for Ti-6Al-4V produced by SLM.
There is no mention of specific S-N curves, and the assess-
ment metrics are derived on a global scale due to the small
size of the dataset. Also, the effect of manufacturing defects
on fatigue life of selective laser melted Ti-6Al-4V structures
was investigated. For instance, Han et al. [15] investigated
the effect of defects on fatigue life prediction of additive
manufactured Ti-6Al-4V by using micro-computed tomog-
raphy and fracture-mechanics-based simulation, Markham
et al. [16] investigated mixed-mode small fatigue crack
growth rates focusing on Ti-6Al-4 V and 17-4 PH stainless
steel and Li et al. [17] proposed physics-informed neural
network framework based on fatigue indicator parameters for
very high cycle fatigue life prediction of additively manu-
factured titanium alloy.

While there is a significant amount of scientific literature
on the topic, existing research primarily focus on datasets
that are limited to specific materials, process parameters,
stress conditions, or include comparable data points from
similar tests. The limitation is mostly due to the inherent
experimental challenges involved in obtaining large amounts
of data that investigate a wide range of scenarios for AMed
materials. In light of this, Zhang and Xu [18] conducted an
extensive review of the existing experimental literature on
the subject to obtain a comprehensive dataset. In order to
accomplish this, the authors utilized automated literature
search methods, text categorization, as well as information
retrieval from images and tables and compiled a compre-
hensive dataset that represents the existing experimental
research on the topic. However, the existing literature shows
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scant evidence of work investigating ML modeling on wide-
ranging datasets that portray general distributions regarding
fatigue of AMed materials. One of the goals of the present
paper is to leverage the general dataset proposed in [18],
rather than focusing on specific datasets, to the purpose of
gauging the influence of different processing parameters and
stress conditions on AMed alloys.

Furthermore, the pertinent literature frequently dis-
cusses model evaluation metrics that are comprehensive
and assessed on randomly selected data points, even from
distinct S-N curves. This approach aligns with ML meth-
odologies, but it fails to consider metrics that evaluate the
models’ abilities to operate on individual S-N curves or
predict new S-N curves whose points are not present in the
training dataset. For this reason, the authors of this paper
claim that an approach solely based on metrics that do not
take into account the stratification of the dataset into differ-
ent fatigue curves may not be reliable enough to estimate the
capabilities of predictive models in real-world contexts and
applications. In this regard, it is beneficial to assess metrics
that apply to full S-N curves in addition to those frequently
employed and related to points randomly extracted from dif-
ferent curves. Then, the second contribution of this paper
is related to model evaluation, specifically which metric is
best suited to assess the performance of ML algorithms in
the context of fatigue data prediction. In detail, two different
techniques are used, and their performances are compared
in Sect. 3. On one hand, a state-of-the-art cross-validation
technique based on the RMSE is used. On the other hand, a
second metric is proposed to take into account the fact that,
from a practical engineering point of view, data are grouped
into single material curves. It is argued that the performance
of an algorithm should be assessed on its capability to pre-
dict an entire fatigue strength curve not used during train-
ing (rather than a single point). This metric constitutes, in
the authors’ opinion, a necessary indicator of whether ML
algorithms can partially replace experimental campaigns.
Namely, in this study, the authors propose the utilization
of the Weighted Average Percentage Error (WAPE) metric
to assess the prediction capabilities of machine learning on
complete S-N curves. By employing this statistic, the authors
find that the evaluation of algorithms can diverge from the
assessment based solely on global metrics. The robustness
and reliability of the methodology also comes from the use
of cross-validation, which reduces the risk that a randomly
chosen test set is not representative of the actual operating
conditions of the model. Through this approach, all data are
alternately used for training and validation, ensuring that
the reported performance is more indicative of that expected
on real data. Moreover, robustness is also understood as the
ability to avoid overfitting, ensuring that the model does not
overfit the training data.

The paper is organized as follows. Section 1 introduces
the topic of material fatigue and ML methodologies in this
field, stating the objectives of the work. Section 2 recounts
the methodology used to apply ML algorithms to fatigue
data of AM components. Moreover, the section presents
dataset preparation technique that ensures an optimized data
format to enhance the performance of ML algorithms while
maintaining a strong connection to the underlying physical
phenomena, thereby reducing the risk of over-fitting. Sec-
tion 3 presents the results and discusses the implications
related to the use of metrics and the prediction of completely
unseen S-N curves. Finally, conclusions are drawn in Sect. 4.

2 Methodology

The methodology employed in this study involves a series of
processes designed to render the data suitable for the appli-
cation of ML models. The process of feature selection and
feature transformation is implemented in conjunction with
data cleaning. Similarly, the process of standardizing data
and encoding categorical features is essential for effective
implementation. Once the target variable was identified, var-
ious models were subsequently evaluated, ensuring that they
were cross-validated. Namely, the research aims to leverage
wide-ranging fatigue data from AMed samples found in the
literature [18] and apply ML algorithms to construct a pre-
dictive framework capable of linking relevant input variables
to the fatigue behaviour. Input features available in the litera-
ture are diverse and heterogeneous across different sources.
Drawing on the well-known literature on fatigue phenomena,
this work eliminates non-relevant features while retaining
those proven to influence fatigue behavior. These include
the AM process type, heat treatment processing sequence,
surface finish characteristics, fatigue test parameters, and
material mechanical properties. This section outlines the
methodology employed in this study.

2.1 Dataset preparation

The dataset [18], depicted in Fig. 1, reported the stress
amplitude o, versus the cycles of failure Nf, and collects
more than 1500 fatigue sub-datasets for different AM alloys.
The starting dimension of the mined dataset is [15,146 X
33], i.e. 15,146 data points characterized by 33 features.
The dataset, first structured in [18], is not optimized for
ML applications, therefore a dataset preparation phase is
necessary.
The common tasks steps for data preparation are:

e Feature selection. Taking advantage of the authors’

knowledge of the physical phenomenon, further sup-
ported by relevant literature [19, 20], only the features

@ Springer
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Fig. 1 Data points represented
on the life-alternating stress
plane

Stress amplitude, o; [MPa]

Ti
Ni

NITi
Co

Cu
MPEA
Mg
Hybrid

o000 0 00
=

102

that are truly relevant to fatigue life prediction have been
included. Others, useful to identify the specific experi-
mental campaign, but irrelevant to fatigue life prediction
(e.g. frequency and load control of the fatigue test), have
been removed to reduce the number of input variables.
This step is important because irrelevant and redundant
input variables can distract or mislead learning algo-
rithms. In addition, the columns (i.e. features) that had a
single data observation or value were useless for model-
ling and they were removed. These columns are referred
to as zero-variance predictors because the measured vari-
ance is zero. Ultimately, the information about the “Pro-
cessing sequence and parameters” characteristics was
divided into eight detailed features: hot isostatic pressing
(HIP) treatment, temperature HIP, pressure HIP, time of
HIP, heat treatment (HT), maximum temperature of HT,
time of HT, and surface finish, for which the categorical
information was converted into mean roughness values.
Table 1 details the features which have been deemed sig-
nificant for fatigue strength/life prediction.

e Data cleaning. Once the relevant features have been
selected, it was here decided to remove all data rows
with missing features along with rows with duplicate
data. Duplicate data are not useful for the modeling pro-
cess and can be misleading during model validation. In
the literature, there are options, known as data imputa-
tion [21-23], to provide incomplete data with an esti-
mate of the missing features. It was here decided not to
take advantage of such techniques, to avoid introducing
bias during the training process. However, models with
varying degrees of significance could be constructed by
incorporating the missing rows after purposely developed
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data imputation technique has been performed. The final
size of the dataset was [1184 x 27] [24—43].

After the initial steps of data cleaning (Fig. 2), the sub-
sequent stages of data preparation involve encoding and
standardization. Data encoding is crucial in machine
learning as it transforms categorical data into numeri-
cal format, which algorithms can easily interpret. In the
present case, the ordinal nature of the Label Encoder
method could potentially cause issues for some algo-
rithms. However, none of the models showed significant
performance degradation. Additionally, models such as
Random Forests and XGBoost are not sensitive to the
artificial hierarchies introduced by Label Encoding, as
they split data based on feature values rather than relying
on distances or ordinal relationships label encoding was
used, assigning a unique integer value to each categori-
cal data. It was decided not to use one-hot encoding in
the given scope. This decision was made because using
one-hot encoding for certain features with multiple pos-
sible manifestations could result in a significant increase
in the number of columns in the dataset. This increase
in columns could lead to overfitting issues, especially
when there is a small amount of data available. Also, ML
models generally perform better when input variables are
scaled to a standard range of values. To achieve this, we
normalized the dataset on the base of the standard score.
This technique scales each input variable independently
by subtracting the mean (centering) and dividing by the
standard deviation, resulting in a distribution with a mean
of zero and a standard deviation of one.
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Table 1 Features bef.ore and Original feature New feature Data type
after data preprocessing
Material Categorical
Types of AM process Categorical
Beam power energy Numerical
Scan speed Numerical
Hatch space Numerical
Layer thickness Numerical
Specimen growth direction Numerical
Processing sequence and parameters HIP treatment Categorical
Temperature HIP Numerical
Pressure HIP Numerical
Time HIP Numerical
Heat treatment (HT) Categorical
Maximum temperature HT Numerical
Time HT Numerical
Surface roughness Numerical
Type of fatigue test Categorical
Temperature of fatigue test Numerical
Load ratio Numerical
Specimen description Categorical
Critical cross-section area Numerical
Elastic modulus Numerical
Yield strength Numerical
Ultimate strength Numerical
Elongation Numerical
Cycles to failure Numerical
2.2 ldentification of the target variable fatigue failure (N;), as depicted in Fig. 2. Thus, it is logical

to anticipate that the target variable

will be either o, or N,.

At this stage of the analysis, it becomes crucial to deter-  Since metallic materials exhibit infinite life, characterized
mine the target variable. Typically, in fatigue analysis, the by a ¢, threshold below which no fatigue failure is expected
technical diagram illustrates the fatigue limit (¢,) plotted  to occur, this characteristic is evident in the dataset where
against the number of cycles (V) needed to induce specimen some experimental points are designated as run-outs. In such
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Fig. 3 Data points represented on the life-alternating stress plane

cases, no failure is observed, and the fatigue test is termi-
nated after a specific number of cycles. Consequently, the
corresponding fatigue limit 6, remains valid for any N equal
to or greater than the value associated with the run-out entry.
As multiple values of N can correspond to the same o, it
was decided to select o, as the target variable. Also, later in
the paragraph 2.5, a statistical rationale will be introduced
to justify the inclusion of N as an independent variable.
Additionally, the categorical binary feature representing
the occurrence of run-out was eliminated, and instead, ten
synthetic points with identical characteristics but increasing
values of N were introduced. This adjustment, graphically
represented in Fig. 3, not only reduced the number of fea-
tures but also effectively conveyed the concept of infinite
life to the algorithms.

2.3 Machine learning techniques

The machine learning approaches chosen for this research
were evaluated based on their ability to reliably forecast
fatigue life in different AM metals. This choice was informed
by previous studies that identified ML algorithms best suited
for this purpose [8, 9, 20, 44-46]. The algorithms commonly
utilized for this purpose include Support Vector Regression
(SVR), Kernel Ridge Regression (KRR), Random Forest
Regression (RF), XGBoost, k-Nearest Neighbors (kNN),
and Artificial Neural Networks (ANN). A brief overview
of these algorithms is provided in the following. A more
in-depth description is provided in Appendix.

The algorithms described Appendix typically require the
setting of characteristic hyperparameters. In this study, the
default parameter values available in standard ML libraries
were chosen. This decision aligns with the paper’s primary
objective of assessing the suitability of the algorithms for
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fatigue life prediction. While ad-hoc optimization could
potentially enhance algorithm performance, it is not the
primary focus of this article. Furthermore, the optimiza-
tion of hyperparameters may necessitate the utilization of
grid-search techniques or Bayesian approaches. During the
first phase, these improvements may conflict with the overall
purposes of this work, may require significant computational
resources, and leading to biased comparisons between algo-
rithms. The authors of this paper utilize ML models in their
original form as they are readily available in common ML
libraries. This means that no modifications or adjustments to
hyperparameters are made. Nevertheless, the application of
such methodologies is of fundamental importance in prac-
tical cases. The main topics related to usage libraries and
hardware architectures are given in the Sect. 2.4.

2.4 Frameworks and hardware for implementing
ML models

For the construction of ML algorithms, many open-source
library, frameworks, and application programming interfaces
(API) such as scikit-learn, TensorFlow, Keras, and PyTorch
have been developed [7]. Scikit-learn is a Python library that
integrates a wide range of ML algorithms. The framework
scikit-learn is built on top of SciPy which is an ecosystem
for mathematics, science, and engineering libraries: numpy
which is the base package to create the N-dimensional array,
pandas that is used for the manipulation and analysis of data,
and Matplotlib which is a comprehensive library for creating
2D Plotting. TensorFlow is a software library for ML and
Al TensorFlow with the API Keras is a high-level program-
ming language that provides a strong tool for the fast coding
of ML and deep learning algorithms, mainly for industrial
applications. PyTorch is a low-level programming language
for developing and training neural networks and deep learn-
ing models. The low-level syntax involves a more verbose
programming language which makes it more used in the
research field.

The development of ML software also necessitated the
development of more advanced computing technology.
Indeed, a computer with a Central Processing Unit (CPU)
could be not fast enough for the computing inference phase
of ML projects that implement ANN algorithms. Moreover,
even multi-core CPUs are not fast enough when process-
ing large amounts of data. Therefore, accelerator comput-
ing devices composed of multiple Arithmetic Logic Units
(ALUs) could improve computing performance. Two dif-
ferent types of these devices are Graphics Processing Units
(GPUs) and Tensor Processing Units (TPUs). GPUs were
designed to handle massive amounts of parallel computing
processes and have proven particularly effective in tasks
involving image processing and convolutional neural net-
works (CNNs). However, they consume a lot of energy. On
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the other hand, TPUs were developed specifically for neu-
ral network ML, providing high computing efficiency but
with lower precision. The main advantage is that TPUs use
less energy compared to GPUs. TPUs run on Application-
Specific Integrated Circuits (ASICs) and are optimized for
TensorFlow. The choice of hardware depends on the dimen-
sion of the dataset and model characteristics. For small data-
sets (i.e., fewer than 2000 rows) and less complex models,
a modern CPU with multiple cores may be adequate. CPUs
are adequate for ML applications that require more sequen-
tial or logical operations, such as decision trees. However,
for larger datasets and complex models like Deep Neural
Networks, the use of GPUs reduce significantly the train-
ing times. Cloud solutions such as Amazon Web Services
(AWS), Google Colab, Google Cloud Platform (GCP), and
Microsoft Azure provide access to computing resources,
allowing users to choose the hardware device based on their
needs and budget. Another important factor is the memory
storage for the ML training. These can influence the speed
and quality of the training. Therefore, is important to choose
memory and storage that can accommodate the size and
complexity of the dataset and ML model, frequency, and
duration of training steps. In this study, the training and
the algorithm assessment were conducted on a personal
computer equipped with an Intel Core i7-8750H CPU with
a base frequency of 2.20 GHz, (capable of 4.1 GHz with
Turbo Boost used for the high workloads, such as the train-
ing phases of ML algorithms) and a 64-bit operating system.
The Python environment was configured with scikit-learn
version 1.7 and PyTorch version 2.5.1 for DNN algorithm,
running on Windows 10. This local hardware configuration
was chosen to simulate conditions for ML development in
small-scale environments.

2.5 Models’ evaluation

The models analyzed in the study were validated by means
of cross-validation techniques. Cross-validation is a statis-
tical method employed to evaluate the ability of a predic-
tive model to generalize its outcomes. Cross-validation is
beneficial in scenarios when the goal is to assess the practi-
cal performance expected by a predictive model. Also, this
methodology is highly efficient and valuable when applied to
predictive models utilized for data-driven decision-making
[47]. The technique is executed in accordance with the fol-
lowing description.

1. Dataset partitioning. In the process of cross-validation,
the dataset is partitioned into two or more distinct sets.
The most prevalent approach is the k-fold method, which
involves dividing the information into k groups, known
as folds. For instance, in a 5-fold cross-validation, the
dataset is partitioned into five distinct subsets.

2. During each iteration of cross-validation, a distinct fold
is designated as the test set, while the remaining folds
are combined and utilized as the training sets. The afore-
mentioned procedure is iterated k times, with each fold
being utilized precisely once as a test set.

3. Performance assessment. The model undergoes k itera-
tions of training and testing, with the performance of the
model being recorded in each iteration. Performances
can be assessed using many indicators. For problems
involving continuous variables, such as estimating the
fatigue life of mechanical components [48] or determin-
ing the maximum allowable alternate stress, the most
commonly used evaluation metrics are the mean square
error (MSE), root mean square error (RMSE) and the
coefficient of determination R2[11, 49, 50]. However, a
variety of metrics exist.

4. Average performance. Ultimately, the model’s perfor-
mance across all k iterations is aggregated to yield a
more reliable and unbiased evaluation of the ability to
generalize.

It was observed that the dataset employed in this study con-
tained fatigue tests with wide-ranging characteristics. Then,
the variance in the number of cycles to failure (N,), or their
logarithmic values, was found to be significantly high. Even
after normalization, this high variance could pose challenges
for the training of machine learning algorithms. Conse-
quently, the models were built by employing N, as an input
variable to predict the maximum allowable alternate stress.
The calculation is performed using the logarithmic values.
Two quality metrics were employed in this study for overall
evaluation, namely the RMSE and R reported respectively
in Eqgs. (1) and (2). The weighted average percentage error
(WAPE) reported in Eq. (3), instead, is employed to assess
the ability to predict entire S-N curves. The definitions are
provided below, where n is the number of observations, y; is
the true value of the logarithmic alternate stress, J, is the pre-
dicted logarithmic alternate stress, and y is the mean value
of the true logarithmic alternate stresses.

N EE PR
RMSE =4 | ~ gl,(yi ) (1)
n . —_— AA 2
Rz =1 _ Zl'nzl(yl )il) (2)
Zi=1(yi _y)2
WAPE _Zizi i1 3)

Z?:l |yi|

Cross-validation is crucial in building data-driven mod-
els. It mitigates selection bias by ensuring that each data
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point in the dataset is utilized for both training and testing.
This approach minimizes the possibility of the model being
excessively optimized for a specific subset of data, enabling
a fairer evaluation of its performance. Also, it offers a more
reliable assessment of the model’s behavior on new and
unexplored data, which is essential for providing a compre-
hensive overview of the outcomes, thereby avoiding poten-
tial bias towards a specific scenario. This aids in drawing
accurate and general conclusions. To assess the presence
of over-fitting in cross-validated models, one can examine
the performance variation over multiple folds, as there are
more than just two sets used for training and testing. If the
variation is small (i.e. small standard deviation of judgment
metrics), it may be confidently stated that the model is not
influenced by over-fitting. Cross-validation is further is
applicable to nearly all forms of predictive models and can
be utilized across a diverse array of fields. Nevertheless,
it is important to emphasize that the computational effort
can be consistent when dealing with extremely large deep
learning models, making the application of cross-validation
impractical.

This study employs a 5-fold cross-validation technique.
Hence, the outcomes pertaining to actual and predicted
maximum alternate stresses are showcased using a unified
chart, as opposed to the conventional approach of employing
two distinct graphs to exhibit training and testing phases.
This comprehensive chart presents the aggregated results
of all the data used as tests in the multiple cross-validation
folds. This approach guarantees a comprehensive assessment
of the model’s performance on the full dataset, eliminat-
ing the necessity to distinguish between training and test
outcomes. It is crucial to highlight that this does not imply
that the training and test have not been conducted. Instead,
five distinct training and test cycles were conducted, with
each cycle corresponding to a different fold. Also, the charts
display the results in the form of mean values and standard
deviations, which are determined based on the outcomes of
all k-folds. This yields a comprehensive statistical depic-
tion of the model’s performance, encompassing its ability to
apply the acquired knowledge to fresh data during testing.
By employing this approach, we can offer a general evalu-
ation of the model’s efficacy, considering its variability in
performance across various subsets of data.

3 Results and discussion

The objective of this research is to assess the predictive
capacities of ML algorithms in determining the performance
of materials produced through AM under fatigue conditions.
This is carried out by leveraging the general dataset pro-
posed by Zhang and Xu [18]. Also, this work introduce the
use of metrics that evaluate the models’ abilities to operate
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on individual S-N curves or predict new S-N curves whose
points are not present in the training dataset. Prior to ana-
lyzing the performance of predictive models for foreseeing
fatigue strength curves, particularly those that are not present
in the training dataset, it is essential to evaluate the capabili-
ties of each algorithm by comparing their performance using
the metrics and methodologies outlined in Sect. 2.5.
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3.1 Algorithm comparison

Figure 4 shows the coefficients R> computed for the vari-
ous models using cross-validation. More precisely, the
bars depicted in the graph indicate the measured values for
different folds, together with the 95% confidence interval
(CI). Similarly, the black line refers to the axis of calculated
training time for each model, with the 95% CI underlined
by shaded area adjacent to the line. It is noteworthy that
all the algorithms successfully achieve favorable R? values.
Additionally, the CI width is rather narrow, indicating that
the generated models with their parameters are less likely to
suffer from overfitting in this particular scenario. The linear
regression model was assessed to see whether the problem
being analyzed requires the use of statistical learning and
ML techniques, and is not readily solvable by linear regres-
sion models alone. The top-performing models include
XGBoost, RF, and the ANN (Fig. 5). However, when taking
computing time into account, the XGBoost model proves to
be significantly more advantageous because of its capability
of constructing several decision trees simultaneously, mak-
ing it more efficient than the basic RF model. The accuracy
of the ANN is influenced by the user’s architecture design
choices and the selection of specific hyperparameters, which
can either accelerate or decelerate the training process, as
well as impact the model’s performances due to the pecu-
liarities of the gradient descent method in its search for an
optimal minimum.

3.2 Prediction of S-N data points

All previous ML algorithms (i.e., LR, SVR, KRR, RF,
XGBoost, kNN, ANN) have been also used to predict all
points of a stress-life curve (S-N curve). The complete
development of these types of algorithms could become
very useful in predicting a S-N data points for different
types of AMed materials, avoiding carrying out experimen-
tal tests (or reducing these), and reducing the consumption
of material and energy. The operating mechanism of these
algorithms consists of not using for the training the sub-
dataset that we want to predict (i.e. all S-N data points for an
AMed material identified inside the dataset by a unique ID).
Therefore, each algorithm was trained on a large amount
of data because no split operation was applied, and at the
end of the training each algorithm was asked to predict the
stress amplitude for a given subset of data that contains the
experimental cycles to failure with other information (ID not
used for training). The prediction is considered good when
the evaluated WAPE is less than 0.15 (Fig. 6). The authors
made this choice because a WAPE of 0.15 is comparable to
a condition where the entire predicted curve deviates by 15%
from the true curve. This suggests that, on average, a curve
with a WAPE of 0.15 is equivalent to a curve that is shifted

by 15% from the true curve. However, we acknowledge that
this approach does not provide a means to determine if the
model estimate is cautious or too optimistic in relation to
what may be observed in reality. The ML algorithms that
are able to predict a major number of ID (i.e., with WAPE
< 0.15) for different types of AM materials are KRR and
XGBoost (Fig. 7). This finding is intriguing since when
assessing the capability to forecast whole curves, a basic
unoptimized ANN performs less effectively than a poorly
performing KRR, which instead shows to be one of the top
performers when evaluating WAPE. However, when using
global judgment metrics like RMSE and R?, KRR was found
to be one of the lowest performers, second only to simple
linear regression. RMSE and R? could be not suitable to
assess the ability to forecast specific curves. However, the
authors acknowledge that the findings achieved using global
metrics and cross-validation are more robust from a statis-
tical point of view with respect to the results concerning
WAPE. This is due to the increased quantity of test data used
and the averaging process employed in cross-validation. On
the other hand, the fatigue curves used to calculate WAPE
have low numerosities. However, the statistical relevance
of WAPE is inherent in the fact that it already contains
information on several experimental-predicted points. The
trends of the percentage of the predicted IDs using these
two algorithms are shown in Fig. 8, and we can observe that
for smaller WAPE (i.e., < 0.05) the XGBoost algorithm is
able to predict a major number of IDs. Therefore, consider-
ing these last results (Figs. 4, 5, 6, 7) we can conclude that
XGBoost is the ML algorithm that offers the best perfor-
mance in terms of quality of prediction and training time.

These results highlight how the choice of metrics for
evaluating predictive algorithms can influence the conclu-
sions drawn from the analyses. However, an equally relevant
aspect concerns the quality of the data, since it is well known
that most fatigue data in the literature do not always follow
recognized standards and do not necessarily include detailed
information for design applications [51].

In spite of these critical issues widely discussed in the
literature, our study shows that, based on a heterogeneous
dataset, it is possible to generate fatigue curves that are com-
pletely absent in the training set, and not only partially so.
Although this result is preliminary, it suggests some promis-
ing directions for further investigation. In parallel, the use of
machine learning techniques can be further developed not
only for the improvement of the predictive model, but also
to implement strategies to evaluate and certify the quality
of the data used, thus contributing to greater reliability of
the predictions.
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4 Conclusions e the potentials of wide-ranging datasets were investigated
and a procedure for preparing the dataset was proposed.
This paper introduces a reliable approach for preparing data- Namely, features from natural language were transformed
sets and evaluating the effectiveness of machine learning into inputs suitable for machine learning models. The
models in forecasting the fatigue life of additively manu- strategy further mitigates the dangers of overfitting;
factured components. The research centers on two primary ~ ® the evaluation of performances is carried out by con-
contributions: sidering complete fatigue life curves instead besides

individual data points. This methodology was enhanced

@ Springer



Engineering with Computers (2025) 41:2937-2952

2947

94.8%

93.1% 94.8%

82.8%
80

60

Predicted ID %

40

20 A

LR SVR KRR RF
Algorithms

XGBoost kNN ANN

Fig. 7 Prediction of S-N data points for the different AMed material
(WAPE < 0.15)

—— XGBoost
901 —— KRR

80

70 A

60

50 A

Predicted ID %

40

30 A

20 A

10

0.02 0.04 0.06 0.08 0.10 0.12 0.14
WAPE

Fig.8 Trend of predicted ID by KKR and XGBoost algorithms

by incorporating the weighted average percentage error
(WAPE) as a statistic, which provides a more pragmatic
engineering viewpoint compared to conventional meth-
ods like root mean square error (RMSE). The methodol-
ogy is proposed as robust and reliable depending on the
validation technique used and the metrics introduced to
evaluate algorithms for their practical use.

Also, a wide range of machine learning methods was investi-
gated to assess their efficacy in forecasting the fatigue life of
different metals manufactured using additive manufacturing.
XGBoost has proven to be the best performing model on all
the judging metrics. Overall, this study provides insights to
the field of materials science and engineering by suggest-
ing approaches that can enhance the accuracy and feasibil-
ity of predicting fatigue life. These findings will encourage

additional research and development in this field. Additional
validations are required to develop models that can utilize
the complete dataset and employ reliable methods for includ-
ing missing values, especially those in categorical features.
Additionally, it is necessary to deploy hyperparameter opti-
mization strategies and conduct validation on external data-
sets. Moreover, further validations will be conducted using
new experimentally obtained external datasets. This proce-
dure will strengthen the conclusions of the present study
and increase its generalizability.Such a validation process
could also be aimed at analytically assessing the quality
of the training data, using the variability of performance
obtained on datasets from different sources as an indicator.
To further improve the quality of the extracted data, it might
be useful to explore more advanced extraction and filtering
techniques to ensure greater consistency and reliability in
the analyses. Then, future developments could include the
use of language models not only for data collection but also
to evaluate and interact with the knowledge and documents
needed to develop the models developed in this paper.

Appendix: Machine learning algorithms
Linear regression algorithm

The linear regression algorithm finds the linear relation-
ship between a dependent variable (i.e., target variable)
and one or more independent features. In this last case,
the method is known as multivariate linear regression. The
equation for multiple linear regression is:

y= 6+ B X; + Xy + -+ B,X, 4

where y is the dependent variable, X, are the independ-
ent variables, f, is the intercept, #,, f,,... f, are the slopes.
The goal of the algorithm is to find the best-fit line that can
predict the values based on the independent variables. The
limit of this algorithm is that fails when there are too many
independent variables to take into account. Linear regres-
sion continues to be among the most prevalent algorithms
owing to its straightforwardness and ease of interpretation.
Nevertheless, the efficacy of this model rely on foundational
assumptions that may prove to be unsuitable for exceedingly
intricate or nonlinear phenomena.

Random Forest algorithm

The Random Forest algorithm used in our case is a super-
vised decision regression tree. The algorithm is based
on an ensemble bagging technique, also known as boot-
strap aggregation. Bagging is a technique where multiple
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subsets are created for the training by sampling with
replacement. Each subset is used to train a separate deci-
sion tree. The Bagging technique helps to reduce overfit-
ting and leads to more robust and generalized predictions.
Therefore, the RF algorithm creates multiple random deci-
sion trees during the training, each trained on a random
subset of data. The final prediction f(x) result to be the
average of the predictions from all trees:

B
1
fo =% ; T, (x) ®)

where B are the different bootstrapped training data-
sets, T, are the regression tree predictors, and x are the
unseen samples. One of the key advantages of the bag-
ging technique used in Random Forest is its ability to
reduce variance. This can be expressed mathematically as
Var(frp(x)) = éVar(T(x)),where Var(frr(x)) is the variance
of the overall Random Forest prediction, B is the number of
trees in the forest and Var(T(x)) is the variance of a single
decision tree predictor. This equation illustrates that increas-
ing the number of trees B helps to reduce the overall vari-
ance of the model.

The main hyperparameters for random forest are the
number of trees, the maximum number of features, the
minimum number of samples required to split a node in a
decision tree, the minimum number of samples required to
be in a leaf node, the maximum depth of the decision trees
in the forest, and the random number generator seed that is
used to initialize the random forest algorithm.

XGBoost algorithm

The eXtreme Gradient Boosting is a supervised optimized
boosting algorithm based on a gradient boosting minimiza-
tion technique, similar to a neural network. It uses a regu-
larization term which makes it efficient for most different
types of datasets. In particular, the objective function L(¢)
which needs to be optimized is given by the sum of the loss
function and regularization term [46]:

L(¢) = Z G y) + ; B 6)

where [ is the loss function representing the difference
between the actual target value ¥, and the predicted target
value y;; f(f,) is the regularization term that is given by:

pf)=yT+05 -1 & (7)

where y is the pruning index, 7 is the number of trees, 4 is

the scaling factor of the weights and w is the leaf weight.
The algorithm tries to minimize / and optimizing regulari-

zation f leads to a smaller variance and makes the prediction
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Table 2 Key XGBoost hyperparameters and default setting

Hyperparameters Default value
objective 'reg:squarederror’
learning rate 0.3
n_estimators 100
subsample 1

booster 'gbtree’
max_depth 6
colsample_bytree 1

gamma 0
min_child_weight 1

reg_alpha (L1 Regularization) 0
reg_lambda (L2 Regularization) 1

stable. The algorithm during the training generates decision
trees in series in a manner that the residuals of the previous
tree are used for the training of the following one. The effi-
ciency of the XGBoost algorithm is influenced by a lot of
hyperparameters and the wrong choice of these can lead to
poor performance. Key hyperparameters include: objective,
learning_rate, n_estimators, booster, max_depth, min
child weight, gamma, subsample, colsample
bytree, reg alpha (L1 Regularization)
and reg lambda (L2 Regularization).lItis
decided to use the default hyperparameters also because in
this case find the best combination is computationally expen-
sive (Table 2).

Super Vector Regression algorithm

Support Vector Regression (SVR) is a regression algorithm
based on Support Vector Machines (SVM) that finds the
optimal hyperplane in a high-dimensional space with the
maximum margin such that the data points (or as many as
possible) lie within the margin and on the correct side of the
hyperplane. The regression equation in the feature space is:

fx) =< w,x > +bias ®)

where f(x) is the predicted output, x is the input feature
vector, w is the weight vector, and < -, - > denotes the dot
product.

SVR can find nonlinear relationships by mapping the
input features into a higher-dimensional space using a ker-
nel function. It is useful for problems where the relation-
ship between the independent variables and the dependent
variable is nonlinear or complex. SVR aims to minimize the
empirical risk while ensuring errors for each data point are
within a tolerance ¢, formulated as:
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w,x)+b—y, <e+& (10
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where C is the regularization parameter, &; and & are slack
variables representing deviation from the true value. The
parameter e controls the width of the margin. It allows some
tolerance for errors, known as e-insensitive loss.

Data points within the margin or on the correct side of the
hyperplane but outside the margin are considered to have no
error. The regularization parameters allow the balance of the
trade-off between maximizing the margin and minimizing
the error. This helps prevent overfitting and ensures better
generalization to unseen data.

Kernel Ridge Regression algorithm

The structure of the KRR algorithm is identical to the SVR
[52]. The substantial difference consists in the adopted loss
function. The SVR algorithm uses e-insensitive loss com-
bined with the L2 regularization (or ridge regularization)
method [53]. KRR combines ridge regression with the Ker-
nel trick to build a decision surface to map all data points
randomly distributed in a multidimensional space. The
Kernel trick is a method that allows finding a surface with
the maximum margin that separates the data (not linearly
separable), converting the problem into a higher-dimen-
sional feature space where the data may be linearly sepa-
rated. Mathematically, the Kernel trick allows to operate in
the multidimensional feature space without calculating the
coordinates. When an algorithm based on the Kernel trick
is used, it is important to choose the adequate Kernel func-
tion K(X,, X,) that maps the input data vectors in the higher
dimensional space [54]. There are several Kernel functions
to do this: linear, polynomial, radial basis, Gaussian, Lapla-
cian, exponential chi2, and sigmoid. The Kernel function
that best performs to take low-dimensional input space and
transform it into a higher-dimensional space for our problem
is the radial basis function (RBF):

K(X,.X,) = e TIIX=X 117 (11)

where X, and X, are input data points and ||X, — X, || is the
squared Euclidean distance. y is a hyperparameter that is
defined as #, where o is a parameter known as the band-
width of the kernel function. In this case, we set RBF as the
kernel function whereas other hyperparameters are in the
default set.

Another point is that the KRR technique generally slips
into overfitting, but this problem can be prevented by adopt-
ing the cross-validation technique. In addition, KRR became
faster than SVR for medium-sized datasets, i.e., less than one
thousand samples, whereas SVR is better for larger training
datasets. Considering the training time SVR is faster for all
sizes of datasets because the learned solution is sparse [53].

k-Nearest Neighbors regression

k-nearest neighbors (kNN) regression is a non-parametric
supervised learning method for prediction problems. The
kNN regressor uses the proximity of data points in the fea-
ture space for the prediction. In particular, the kNN algo-
rithm calculates its distance (e.g., by Euclidean distance,
Manhattan distance, Minkowski distance, Hamming dis-
tance, etc.) from the “k” nearest data points to determine
which group of data points it belongs to [53]. The default
metric Minkowski was used for the distance computation:

d(X.Y) = <Z |xi—yi|p>p (12)
i=1

where X = (x;,x,,...,x,) and Y = (y,¥,,...,¥,) are data
points with n features and p is the power parameter for the
Minkowski metric equal to 2 (default value). The kNN algo-
rithm is based on the principle that similar data points tend
to have similar target values. By finding the k nearest neigh-
bors to a new data point, it makes predictions considering
the average of these neighbors’ target values.

Artificial Neural Network

The structure of an ANN is similar to a human brain. This
is generally composed of an input layer of artificial neurons,
one or more hidden layers, and an output layer. The input
layer receives the information from the environment, but
it is not processed. The information from the input layer is
sent to the first hidden layer. Each neuron of a hidden layer
receives inputs from all neurons of the previous layer. Each
input information p; is multiplied with a weight w;, adds
a bias term, and then passes the result through an activa-
tion function. The neural response can be mathematically
expressed as:

k
n= Zpiwl- + bias (13)
i=1

The bias is considered a systematic error that occurs in the
ANN algorithm due to incorrect assumptions that occur
during the training process. Technically, bias is defined as
the error between the average algorithm prediction and the
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ground truth. The activation function has an important role
in the learning capability of ANN because it allows us to find
non-linear relationships between the input and output. Com-
mon activation functions are the sigmoid, tanh, and ReLLU
(Rectified Linear Unit). Usually, the ReLU is the most used
function because is able to converge faster compared to tra-
ditional activation functions since the derivative of ReLU
is 1 for a positive input. The output of the ReLU function
is the maximum value between 0 and the input value. The
output layer receives the information from the previously
last hidden layer and provides the output answer. The train-
ing is based on a backpropagation process that involves
adjusting the weights and biases of the neurons. During
the backpropagation process, the gradient of the loss func-
tion with respect to each weight and bias is calculated and
then adjusted using Gradient Descent. The gradient descent
is an optimization technique and the most popular are the
stochastic gradient descent (SGD), the root mean squared
propagation (RMSProp), and the adaptive moment estima-
tion (Adam). The latter was used to minimize the loss func-
tion of our ANN. In this study, the ANN was constructed and
trained using the framework PyTorch. The structure (i.e.,
number of neurons and layers) of an ANN is often found
through a trial and error procedure. Generally, is important
to have a large enough network for good learning but small
enough to make a fast learning. A common issue for this
type of algorithm is overfitting which represents the learning
case where the performance of training is better than valida-
tion. This can be prevented by adopting techniques such as
regularization methods (i.e., L1 or L2), dropout layer, and
early stopping that help the algorithm to generalize better.
The structure of our ANN was built using the Sequential
module, which creates a stack of layers where each layer has
exactly one input tensor and one output tensor. The ANN
was built using the trial and error procedure, starting from a
network made with a few resources (i.e., a few neurons and
hidden layers) that are progressively increased until the test
error does not improve anymore. This procedure allowed
us to achieve the best one in performance and fast learning.
The network consists of three hidden layers and one Dropout
layer. The Dropout layer turns off the 30% of neurons helping
to avoid overfitting (Table 3).

The hyperparameters as the learning rate are set before
the training. The value of the learning rate defines the speed
with which the network updates its parameters. For instance,
a larger batch size might require a smaller learning rate to
prevent overshooting of the optimal point, whereas a smaller
batch size might require a larger learning rate to escape local
minima. In our case, the best learning rate was set equal to
0.0001. The number of training epochs was 2500. An epoch
is a hyperparameter that represents how many times a learn-
ing algorithm iterates over the entire training dataset during
the training. At the end of each training of a single batch
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Table 3 Sequenze of hidden

Layer Neurons
layers of the ANN

Hidden layer 1 450

Hidden layer 2 400

Dropout layer -

Hidden layer 4 400

of samples, the algorithm learning is reset and the training
starts again.
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