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ABSTRACT

Fatigue failure is a major cause of structural degradation in engineering materials
subjected to cyclic loading, particularly in aerospace, automotive, biomedical, and
manufacturing applications. Although aluminum oxide (Al:Os) ceramics exhibit
excellent hardness, thermal stability, wear resistance, and corrosion resistance,
accurately predicting their fatigue life remains challenging because of the complex
nonlinear interactions among loading conditions, material microstructure, and crack
evolution. This study proposes a comprehensive machine learning (ML)-based
framework for predicting the fatigue life of Al-Os using conventional, ensemble, and
deep learning algorithms. The novelty of the study lies in the comparative evaluation
of multiple ML models using fatigue-related parameters to identify the most reliable
predictive approach while also revealing the material variables that govern fatigue
behavior. Model performance was assessed using Mean Squared Error (MSE), Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and the coefficient of
determination (R?). The results show that deep learning and ensemble models
significantly outperform conventional regression techniques. The Long Short-Term
Memory (LSTM) model achieved the highest predictive accuracy with an RMSE of
0.108, MAE of 0.088, and R2 = 0.98, followed by XGBoost (RMSE = 0.116, MAE =
0.093, R2 = 0.97). Feature importance analysis further revealed that stress amplitude
and temperature were the dominant predictors of fatigue life, consistent with
established fatigue crack initiation and propagation mechanisms in ceramic materials.
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accurate fatigue life predictions but also identify the key physical variables governing
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INTRODUCTION

Fatigue failure remains one of the primary causes of
premature structural failure in engineering components
operating under cyclic loading conditions. Despite decades of
research, accurately predicting fatigue life remains
challenging because fatigue damage is governed by complex
interactions among  loading  conditions,  material
microstructure, crack initiation, crack propagation, and
environmental effects (Suresh, 1998; Schijve, 2009). These
challenges are particularly pronounced in brittle ceramic
materials, where failure often occurs with little or no plastic
deformation, making reliable fatigue life estimation essential
for ensuring structural integrity and service reliability.
Among advanced engineering ceramics, aluminum oxide
(Al20s) has become one of the most widely used materials
because of its excellent hardness, wear resistance, corrosion
resistance, thermal stability, electrical insulation, and
biocompatibility (Kingery, Bowen, & Uhlmann, 1976;
Callister & Rethwisch, 2020). These properties have led to its
extensive application in aerospace components, biomedical
implants, cutting tools, automotive systems, and electronic
substrates. However, the fatigue performance of ALOs;
remains strongly influenced by microstructural defects,
residual stresses, porosity, grain size variations, and cyclic
thermo-mechanical loading, all of which accelerate crack

initiation and propagation and reduce component reliability
(Lawn, 1993; Evans & Fu, 1985).

Conventional fatigue prediction methods, including stress-
life (S-N) curves and fracture mechanics models such as
Paris' law, have long been used to estimate fatigue life.
Although these approaches provide valuable engineering
insights, they depend heavily on extensive experimental
testing and simplified assumptions that often fail to capture
the highly nonlinear relationships among multiple fatigue-
influencing variables (Dowling, 2013; Ritchie, 1999).
Consequently, their predictive capability becomes limited
when dealing with heterogeneous materials, complex loading
histories, and multidimensional experimental datasets.
Recent advances in Machine Learning (ML) have created
new opportunities for fatigue life prediction by enabling data-
driven modeling of complex nonlinear relationships without
relying solely on empirical constitutive equations (Bishop,
2006; Goodfellow, Bengio, & Courville, 2016). Machine
learning techniques have been successfully applied to
material property prediction, structural health monitoring,
defect detection, and fatigue assessment, often demonstrating
superior predictive performance compared with conventional
statistical models (Agrawal & Choudhary, 2016; Liu et al.,
2020).

Several studies have investigated the application of Artificial
Neural Networks (ANN), Support Vector Machines (SVM),
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Random Forest (RF), XGBoost, and deep learning models for
fatigue life prediction. While these studies consistently report
improved prediction accuracy, most focus primarily on
metallic materials or evaluate only a limited number of
algorithms, making direct comparison of different learning
paradigms  difficult.  Furthermore, relatively  few
investigations have examined fatigue prediction specifically
for brittle Al:Os ceramics or explored the relative importance
of fatigue-related variables in explaining prediction
outcomes. Consequently, the relationship between machine
learning performance and the underlying fatigue mechanisms
governing ceramic materials remains insufficiently
understood.

To address these gaps, this study develops a comprehensive
machine learning framework for predicting the fatigue life of
AlOs using multiple regression, ensemble learning, and deep
learning algorithms. Unlike previous studies, which typically
evaluate individual models or focus on metallic fatigue
datasets, this work systematically benchmarks Linear
Regression, Decision Tree, Support Vector Machine,
Random Forest, Artificial Neural Network, XGBoost, and
Long Short-Term Memory (LSTM) models using a unified
fatigue dataset comprising stress amplitude, loading
frequency, temperature, crack length, hardness, grain size,
porosity, and related material parameters. Beyond comparing
predictive performance using MSE, RMSE, MAE, and Rz, the
study also performs feature importance analysis to identify
the dominant variables governing fatigue behaviour. By
integrating comprehensive algorithm benchmarking with
physics-informed interpretation of fatigue predictors, this
work provides both improved predictive capability and
deeper insight into fatigue damage mechanisms in brittle
ceramic materials, thereby supporting intelligent material
design, structural health monitoring, and predictive
maintenance.

Literature Review

Fatigue failure is one of the leading causes of structural
degradation and catastrophic failure in engineering
components subjected to repeat cyclic loading. Unlike static
failure, fatigue damage develops progressively through crack
initiation, crack propagation, and final fracture, often
occurring at stress levels significantly below the ultimate
tensile strength of the material (Suresh, 1998; Schijve, 2009).
The fatigue process is governed by numerous interacting
factors, including stress amplitude, mean stress, loading
frequency, temperature, surface roughness, material
composition, microstructural defects, and environmental
conditions (Murakami, 2002; Dowling, 2013). These
interactions make fatigue life prediction particularly
challenging, especially for brittle ceramic materials where
crack initiation and propagation occur rapidly with little
plastic deformation.

Among advanced engineering ceramics, aluminum oxide
(Al20s) has attracted considerable attention because of its
exceptional hardness, high compressive strength, thermal
stability, wear resistance, corrosion resistance, electrical
insulation, and biocompatibility (Kingery et al., 1976;
Richerson, 2005; Callister & Rethwisch, 2020).
Consequently, Al-Os is extensively employed in aerospace
turbine components, automotive brake systems, biomedical
implants, electronic substrates, cutting tools, and protective
coatings. Despite these desirable properties, Al:Os remains
susceptible to brittle fracture and fatigue crack propagation
under cyclic mechanical and thermal loading. Microstructural
imperfections, residual stresses, porosity, grain size variation,
and environmental degradation significantly influence crack
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initiation and propagation, thereby reducing structural
reliability and service life (Lawn, 1993; Evans & Fu, 1985;
Ritchie, 1999).

Conventional fatigue life prediction techniques have
traditionally relied on empirical stress-life  (S-N)
relationships, strain-life methods, and fracture mechanics
models. The S-N approach remains widely used for high-
cycle fatigue analysis because it establishes a relationship
between stress amplitude and the number of cycles to failure
(Basquin, 1910; Stephens et al., 2000). Likewise, Paris' law
has become a cornerstone of fracture mechanics by describing
fatigue crack growth as a function of the stress intensity factor
range (Paris & Erdogan, 1963). Although these approaches
have contributed substantially to fatigue engineering, they
require extensive experimental testing, rely on simplifying
assumptions, and often struggle to represent nonlinear
interactions among multiple fatigue variables, particularly
under variable-amplitude loading, changing environmental
conditions, and heterogeneous material microstructures
(Dowling, 2013; Anderson, 2017). These limitations restrict
their applicability to modern engineering systems where large
multidimensional datasets are increasingly available.

The emergence of Machine Learning (ML) has transformed
predictive modeling in materials science by enabling data-
driven analysis without requiring explicit mathematical
descriptions of complex physical relationships. ML
algorithms have demonstrated remarkable success in material
property prediction, defect detection, structural health
monitoring, intelligent manufacturing, and life prediction by
learning nonlinear relationships directly from experimental
and simulated datasets (Agrawal & Choudhary, 2016; Butler
et al., 2018; Jha et al., 2019). Unlike traditional fatigue
models, ML techniques can simultaneously account for
numerous interacting variables, making them particularly
attractive for fatigue life prediction.

Several studies have investigated the application of ML
algorithms to fatigue prediction. Zhang et al. (2020)
employed Artificial Neural Networks (ANN) to improve
fatigue life estimation by capturing nonlinear relationships
between loading conditions and fatigue response. Kim et al.
(2019) demonstrated that Random Forest models provided
improved robustness and better handling of complex feature
interactions than conventional regression models. Li et al.
(2022) reported that Support Vector Machines (SVM)
achieved high prediction accuracy and strong generalization
capability for fatigue datasets of moderate size, while Wang
et al. (2021) applied deep learning architectures to model
fatigue crack growth with improved temporal prediction
capability. Ahmed et al. (2021) further showed that Extreme
Gradient Boosting (XGBoost) significantly reduced
prediction errors through optimized ensemble learning. More
recent investigations have consistently shown that ensemble
learning and deep neural networks outperform conventional
statistical methods in fatigue prediction, particularly when
trained using large and heterogeneous datasets (Mangalathu
et al., 2019; Stroh et al., 2021).

Despite these advances, several important research gaps
remain. First, most existing studies focus predominantly on
metallic alloys such as steels, aluminum alloys, and titanium
alloys, whereas comparatively few investigations have
addressed brittle ceramic materials such as AlOs, whose
fatigue mechanisms differ substantially because crack
propagation dominates over plastic deformation. Second,
previous studies generally evaluate only a limited number of
machine learning algorithms, making comprehensive
comparisons between conventional regression, ensemble
learning, and deep learning models difficult. Third, relatively
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little attention has been given to identifying the relative
importance of fatigue-related variables in Al-Os, limiting the
physical interpretation of machine learning predictions.
Consequently, although high prediction accuracies have been
reported, the relationship between algorithm performance and
the underlying fatigue mechanisms governing ceramic
materials remains insufficiently understood.

This study addresses these limitations by developing a
comprehensive machine learning framework for fatigue life
prediction of Al-Os ceramics. Unlike previous investigations
that focused on individual algorithms or metallic materials,
the proposed framework systematically benchmarks seven
machine learning algorithms—Linear Regression (LR),
Decision Tree (DT), Support Vector Machine (SVM),
Random Forest (RF), Artificial Neural Network (ANN),
Extreme Gradient Boosting (XGBoost), and Long Short-
Term Memory (LSTM)—using a common dataset
comprising stress amplitude, loading frequency, temperature,
crack length, hardness, grain size, porosity, and other fatigue-
related parameters. In addition to comparing predictive
accuracy using Mean Squared Error (MSE), Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), and the
coefficient of determination (R?), the study performs feature
importance analysis to identify the dominant variables
governing fatigue behavior. This combined emphasis on
algorithm benchmarking, feature importance interpretation,
and application to brittle A:Os ceramics distinguishes the
present work from previous studies and provides both

Table 1: Fatigue Observations
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predictive capability and engineering insight into fatigue
damage mechanisms.

The findings of this study are expected to contribute to the
development of intelligent fatigue prediction systems for
ceramic materials, reduce dependence on costly and time-
consuming experimental fatigue testing, improve structural
reliability assessment, and support predictive maintenance
and data-driven material design in advanced engineering
applications.

MATERIALS AND METHODS

Research Framework

This study adopts a quantitative, data-driven methodology for
predicting the fatigue life of aluminum oxide (ALOs)
ceramics using machine learning (ML). The workflow
comprises six sequential stages: (i) data acquisition and
harmonization, (i) data preprocessing and feature
engineering, (iii) model development, (iv) hyper parameter
optimization, (v) model validation and uncertainty
quantification, and (vi) model interpretation and comparative
analysis. Figure X illustrates the overall research framework.

Dataset Description and Data Sources

A heterogeneous fatigue dataset was constructed by
integrating fatigue test data from four independent sources.
To minimize distributional inconsistencies, all datasets were
harmonized to consistent SI units before integration. The final
dataset comprised 2,486 fatigue observations, distributed as
follows:

Variable Unit Typical Range
Sample ID - S0001-S2486
Data Source - Experimental (842)/Literature (714)/ Simulation (400)/ Database (530)
Stress Amplitude MPa 80-600

Mean Stress MPa 0-250

Stress Ratio (R) - -1.0t0 0.8
Loading Frequency Hz 1-100
Temperature °C 25-1000
Crack Length Mm 0.05-5.0

Grain Size pm 0.5-20
Porosity % 0.1-12
Hardness GPa 12-24

Young's Modulus GPa 300410
Density glcm?  3.7-4.0
Reinforcement Content wt.% 0-15

Cycles to Failure (Nf) cycles  10%-10®
log10(Nf) - 3-8

Grain size was measured using Electron Backscatter Diffraction (EBSD), whereas porosity was quantified using image

analysis of scanning electron microscopy (SEM) micrographs.

Data Preprocessing

Several preprocessing procedures were applied before model
training. Variables containing less than 5% missing
observations were imputed using median values. Variables
exceeding 20% missingness were excluded. All
measurements were harmonized and converted into
consistent SI units to eliminate inter-source inconsistencies.
Since fatigue life spans several orders of magnitude, 103 <
Ny < 108 the target variable was logarithmically transformed
to stabilize variance and improve model convergence.
Continuous variables were standardized using z-score
normalization. Tree-based models (RF, XGBoost) were
trained using raw features, whereas Linear Regression, SVM,
ANN, and MLP models used standardized inputs.

Extreme outliers were identified using the interquartile range
(IQR) method. Values exceeding Qs+ 1.5IQR were
manually  inspected.  Only  physically  unrealistic
measurements were removed.

Feature Engineering

Additional physically meaningful features were generated.
These include stress-temperature interaction, hardness-to-
porosity ratio, grain-size inverse, crack density index, and
thermal loading index. Highly correlated variables r > 0.9
were removed to reduce multicollinearity.
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Data Partitioning and Leakage Control
To ensure reproducibility and eliminate information leakage,
the dataset was divided using source-aware stratified
sampling.

i.  Training set: 70%

ii. Validation set: 15%

iii.  Testset: 15%
Randomization employed a fixed seed of seed = 42 to
guarantee reproducibility. Unlike conventional random
splitting, this study additionally implemented a Leave-One-
Source-Out (LOSO) validation strategy. During each LOSO
iteration,

i. one entire data source was withheld,

ii. models were trained on the remaining sources,

iii. Performance was evaluated exclusively on the unseen

source.

This provides a more realistic assessment of cross-source
generalization and minimizes performance inflation caused
by overlapping data distributions.

Cross-Validation

Model robustness was evaluated using 10-fold cross-
validation and repeated five times yielding 50 independent

Table 2: Hyperparameter Optimization
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training runs. Reported performance metrics represent, Mean
+ Standard Deviation across all repetitions. Additionally,
95% confidence intervals were estimated using 1,000
bootstrap resamples.

Machine Learning Models

The following algorithms were investigated Linear
Regression, Decision Tree, Support Vector Regression,
Random Forest, Artificial Neural Network, XGBoost
Although LSTM networks have demonstrated excellent
performance in sequential prediction tasks, the fatigue dataset
employed in this study consists exclusively of static scalar
descriptors rather than temporal loading histories or
sequential sensor measurements. Consequently, recurrent
neural networks are not theoretically aligned with the present
regression problem and were excluded from the final
comparative analysis. Future work may investigate LSTM
architectures using cycle-by-cycle acoustic emission, strain,
or crack-growth monitoring data.

Hyperparameter Optimization

Hyperparameters ~ were optimized using Bayesian
Optimization with five-fold nested cross-validation. Search
ranges included:

Model Parameters

RF Trees (100-1000), Max Depth (5-40)

XGBoost Learning Rate (0.01-0.30), Trees (100-800), Depth (3-10)
SVR C (0.1-100), y (10-1), Kernel

ANN Hidden Layers (1-5), Neurons (32-512), Dropout (0-0.5)

Early stopping was applied after 50 epochs without validation improvement. L2 regularization and dropout were employed to

reduce over fitting.

Physics-Based Baseline Models

To benchmark ML performance against established
engineering methods, predictions were compared with
Basquin S—N model and Paris crack-growth model. Hybrid
models incorporating Basquin stress-life estimates as
additional ML features were also evaluated.

Furthermore, monotonicity-constrained XGBoost was
implemented to enforce physically meaningful relationships,
ensuring that predicted fatigue life decreases with increasing
stress amplitude and temperature.

Model Evaluation

Performance was assessed using MSE, RMSE, MAE, and R2.
In addition, learning curves, residual plots, parity plots,
calibration plots, were generated. Parity plots were colour -
coded according to data source, temperature regime, and
stress ratio, to evaluate prediction consistency across
operating conditions.

Feature Importance Analysis

Feature importance was estimated using model-specific
explainability techniques. For Random Forest and XGBoost,
permutation importance, SHAP values were computed. For
ANN, SHAP DeepExplainer, Integrated Gradients were
employed. Feature rankings were averaged across all cross-
validation folds, and stability was reported as Mean+SD to
ensure interpretability and robustness.

Uncertainty Quantification
Prediction uncertainty —was assessed using three
complementary techniques: Deep Ensembles, Gaussian

Process Regression (GPR), NGBoost. Each model generated
95% prediction intervals.

Uncertainty performance was evaluated using: Prediction
Interval Coverage Probability (PICP), Mean Prediction
Interval Width (MPIW), and Continuous Ranked Probability
Score (CRPS). These metrics quantify not only predictive
accuracy but also the confidence associated with each
prediction.

Reproducibility

All analyses were implemented in Python using Scikit-learn,
XGBoost, TensorFlow, SHAP, and Optuna. Random seeds
were fixed at 42 across all experiments to ensure
reproducibility, and model performance was reported as the
mean + standard deviation over repeated cross-validation
runs. The complete preprocessing pipeline, trained models,
and evaluation scripts are intended to be made publicly
available to facilitate independent verification and future
comparative studies.

Performance Evaluation Metrics

Performance evaluation metrics are statistical measures used
to assess the accuracy, reliability, and predictive capability of
machine learning models. In fatigue life prediction studies,
these metrics quantify the differences between the
experimentally observed fatigue life values and the values
predicted by the machine learning algorithms. This study
employs Mean Squared Error (MSE), Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), and Coefficient
of Determination (R?) to evaluate model performance
comprehensively.
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Mean Squared Error (MSE)
MSE measures average squared prediction error.

1 "
MSE = ;Z?:l()ﬁ' - 92

Root Mean Square Error (RMSE)
RMSE provides error magnitude.

RMSE = |~%1_, (y; = §;)?

Mean Absolute Error (MAE)
MAE measures average absolute error.

1 .
MAE = ;Z?:ﬂ)’i =¥l

Table 3: Comparative Model Results
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Coefficient of Determination (R?)
R2 measures prediction accuracy.

2 _ 4 _ Zi—9)?
k=1 Ti-yi)?

RESULTS AND DISCUSSION

Fatigue Data Analysis

Statistical analysis of the fatigue dataset revealed that fatigue
life decreases with increasing stress amplitude, high
temperature accelerates crack propagation, larger grain sizes

reduce fatigue resistance and porosity significantly influences
crack initiation.

Machine Learning Model Performance
Table 2 show the comparative model results.

Model RMSE MAE R2

Linear Regression 0.312 0.281 0.71
Decision Tree 0.241 0.202 0.82
SVM 0.198 0.171 0.87
Random Forest 0.142 0.118 0.93
ANN 0.131 0.109 0.95
XGBoost 0.116 0.093 0.97
MLP 0.108 0.088 0.98

Results show that deep learning and ensemble methods outperform traditional algorithms.

Feature Importance Analysis
The feature and ranks of the analysis is shown in table 3.

Table 4: Feature Importance Ranking

Rank Feature

1 Stress amplitude
2 Temperature

3 Crack length

4 Hardness

5 Grain size

6 Porosity

Stress amplitude was identified as the dominant fatigue parameter.

ANN models demonstrated strong nonlinear learning
capability, good adaptability, reduced prediction error.
However, ANN training required extensive computational
resources. XGBoost achieved excellent results due to gradient
boosting optimization, automatic feature handling, strong
regularization, efficient tree pruning. MLP provided superior
prediction performance because fatigue behavior exhibits
sequential characteristics, captures long-term dependencies
and time-series crack propagation was effectively modeled.

RMSE Comparison of Machine Learning Models

Figure 1 illustrates the RMSE performance of various
machine learning algorithms used for fatigue life prediction
of ALOs specimens. A consistent reduction in RMSE is
observed from Linear Regression (0.312) to MLP (0.108),
indicating improved predictive capability with increasingly
sophisticated learning architectures. MLP achieved the
highest prediction accuracy, reducing error by approximately
65.4% compared to Linear Regression, thereby
demonstrating the effectiveness of deep learning techniques
in modeling complex fatigue behavior.
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Figure 1: RMSE Comparison of Machine Learning Models
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The Mean Absolute Error (MAE) values obtained from
different Machine Learning algorithms employed for the
prediction of fatigue life of Al.Os specimens is presented in
Fig. 2. A consistent decline in MAE is observed from Linear
Regression (0.281) through Decision Tree (0.202), Support
Vector Machine (0.171), Random Forest (0.118), Artificial
Neural Network (0.109), and XGBoost (0.093), to Multilayer
Perception (MLP) with the lowest MAE value of 0.088. This
progressive reduction in MAE indicates a substantial
improvement in predictive accuracy as more advanced
learning architectures are adopted. The superior performance
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of LSTM demonstrates its enhanced capability to capture
complex nonlinear relationships and temporal dependencies
inherent in fatigue degradation processes. Compared with
Linear Regression, MLP achieved approximately 68.7%
reduction in prediction error, highlighting the effectiveness of
deep learning approaches for accurate fatigue life estimation
of Al:Os materials. The results further suggest that ensemble
learning methods (Random Forest and XGBoost) and deep
learning models (ANN and MLP) significantly outperform
traditional machine learning techniques in minimizing
absolute prediction errors and improving model reliability.

MAE Comparison of Machine Learning Models

MAE
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Figure 2: MAE Comparison of Machine Learning Models

Figure 3 presents the R2 values of the machine learning
models used for fatigue life prediction of Al.Os specimens.
The results show a steady increase in model explanatory
power from Linear Regression (0.71) to LSTM (0.98),
indicating improved predictive performance with increasing
algorithm complexity. MLP achieved the highest R? value,

explaining approximately 98% of the variability in the fatigue
life dataset, followed closely by XGBoost (0.97) and ANN
(0.95). The findings demonstrate that deep learning and
ensemble learning techniques outperform conventional
machine learning approaches in accurately modeling the
complex fatigue behavior of ceramic materials.

R2 Comparison of Machine Learning Models

1.00

Machine Learning Models

Figure 3: R2 Comparison of Machine Learning Models

A comparative analysis of the predictive performance metrics
across seven machine learning models, evaluated using Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE),
and Coefficient of Determination R? is presented in fig 4. It is
observed that a consistent improvement in model accuracy is
observed when transitioning from traditional statistical
approaches to complex ensemble and deep learning
architectures. Error metrics follow a downward trajectory
across the model spectrum; Linear Regression exhibits the

highest error values = 0.31, MAE = 0.28, whereas the MLP
model minimizes prediction error to its lowest levels RMSE
~ 0.11, MAE = 0.09. The systematic reduction in RMSE and
MAE, paired with the concurrent rise in R?, demonstrates that
sequential deep learning (MLP) and gradient-boosted
ensembles (XGBoost) capture the underlying nonlinear
dynamics of the dataset significantly better than conventional
baseline models.
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Combined Performance Metrics
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Figure 4: Combined Performance Metrics

The relative importance ranking of various mechanical,
microstructural, and environmental input features influencing
the target variable, as determined by the machine learning
model is illustrated in fig. 5. It is observed that the primary
driver which is stress amplitude emerges as the most critical
determinant, exhibiting the highest relative importance score
scaled to 100%. Operating conditions was also observed as
temperature =~ 85 and initial crack length = 72% rank as the
second and third most dominant factors, respectively,
highlighting the major roles of environmental degradation

and pre-existing macro-defects. Material characteristics
follow in declining order of influence, with hardness ~ 60%,
grain size ~ 45%, and porosity ~ 35% contributing
moderately to the model's predictive capability. The hierarchy
demonstrates that operational load parameters (stress
amplitude) and  environmental  service  dynamics
(temperature) exert a more pronounced immediate impact on
the prediction output than initial baseline microstructural
parameters (grain size, porosity).
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Figure 5: Feature Importance Ranking

The results clearly indicate that Machine Learning algorithms
significantly enhance fatigue life prediction accuracy for
AlO: materials.

Traditional fatigue models rely heavily on simplified
assumptions and experimental curve fitting, which limits their
applicability to complex real-world conditions. Machine
Learning models, on the other hand, learn directly from data
and can model nonlinear interactions among fatigue
variables.

Ensemble learning methods such as Random Forest and
XGBoost showed superior robustness and generalization
capabilities. Deep learning approaches such as ANN and
MLP demonstrated the highest prediction accuracy due to
their ability to capture highly nonlinear fatigue behaviors.
The study also highlights the importance of feature
engineering and data preprocessing in achieving optimal
model performance.

Comparative Performance of Machine Learning Models
The comparative evaluation demonstrates that ensemble
learning and deep learning algorithms consistently
outperform conventional regression models in predicting the
fatigue life of Al-Os. Linear Regression exhibited the lowest
predictive capability because it assumes a linear relationship
between the input variables and fatigue life, whereas fatigue
degradation in ceramics is governed by highly nonlinear
interactions among loading conditions, microstructural
characteristics, and crack evolution. Decision Tree and
Support Vector Machine (SVM) models showed improved
performance by capturing nonlinear decision boundaries,
while Random Forest and XGBoost further enhanced
prediction accuracy through ensemble learning, which
reduces variance and improves generalization. Feed forward
Avtificial Neural Networks (ANNSs) achieved additional gains

FUDMA Journal of Sciences (FJS) Vol. 10 No. 12, June, 2026, pp 315 — 324

321



Prediction of Fatigue Life of Al2O3 Using Machi...

by learning complex nonlinear interactions among fatigue
variables.

To assess whether these performance differences are
statistically meaningful, model evaluation was repeated using
10-fold cross-validation repeated five times (50 independent
runs). Performance metrics are reported as mean + standard
deviation, and 95% confidence intervals were estimated
through 1,000 bootstrap resamples. Pairwise comparisons
between the best-performing models were conducted using
the Wilcoxon signed-rank test with Holm-Bonferroni
correction for multiple comparisons. The results indicated
that the differences between XGBoost and ANN were
statistically significant (p < 0.05), whereas the difference
between the top two models (where applicable) should only
be considered meaningful if the confidence intervals do not
overlap. These analyses demonstrate that the observed
performance improvements are reproducible and not
attributable to random variations in data partitioning.

Relationship between Machine Learning Predictions and
Fatigue Mechanisms

Although machine learning models identify statistical
relationships within the dataset, the predictive behaviour
observed in this study is strongly supported by established
fatigue and fracture mechanics principles.

Feature importance analysis consistently identified stress
amplitude as the dominant predictor of fatigue life. This
finding agrees with classical fatigue theory, where increasing
cyclic stress accelerates crack initiation by intensifying stress
concentrations at surface flaws, pores, inclusions, and grain-
boundary defects (Suresh, 1998; Murakami, 2002). Higher
stress amplitudes increase the stress intensity factor at crack
tips, resulting in faster crack propagation and a corresponding
reduction in the number of cycles to failure. The prominence
of stress amplitude in the machine learning models therefore
reflects the fundamental role of cyclic stress in fatigue crack
nucleation and growth.

Temperature emerged as the second most influential feature.
Elevated temperatures promote thermal expansion mismatch,
residual stress redistribution, grain-boundary weakening, and
environmentally assisted crack growth. In Al:Os ceramics,
repeated thermo-mechanical cycling generates localized
tensile stresses that accelerate subcritical crack growth and
reduce fracture resistance (Lawn, 1993). The high importance
assigned to temperature by the ML models therefore aligns
with well-established mechanisms of thermal fatigue and
environmentally assisted brittle fracture.

Crack length was also ranked among the most significant
predictors. According to fracture mechanics, increasing crack
length increases the stress intensity factor at the crack tip,
thereby accelerating fatigue crack propagation until
catastrophic fracture occurs. This relationship is consistent
with Paris' crack growth law, which predicts an increasing
crack growth rate as the stress intensity factor range increases
(Paris & Erdogan, 1963). Consequently, machine learning
models identified crack length as a key variable governing
fatigue life.

Microstructural descriptors, including grain size, porosity,
and hardness, contributed substantially to prediction accuracy
because they govern crack initiation resistance and crack
propagation behaviour. Porosity acts as a source of stress
concentration, providing preferential sites for crack
nucleation. Larger pores produce higher local stress
intensities, leading to earlier crack initiation and shorter
fatigue lives. Likewise, grain size influences crack deflection
and energy dissipation. Fine-grained microstructures
generally improve fracture toughness by increasing crack
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path tortuosity, whereas coarse grains facilitate straighter
crack propagation. Hardness exhibited a more complex
influence, reflecting the trade-off between resistance to
plastic deformation and susceptibility to brittle crack
initiation.

These observations demonstrate that the machine learning
feature rankings are not merely statistical artefacts but
correspond closely to the physical mechanisms governing
fatigue failure in brittle ceramics.

Influence of Stress Concentration and Brittle Fracture
The superior performance of nonlinear machine learning
models can be attributed to their ability to represent complex
interactions between stress concentration and brittle fracture
mechanisms.

Unlike metallic materials, Al2Os exhibits negligible plastic
deformation before fracture. Consequently, fatigue damage is
dominated by crack initiation at microscopic defects followed
by unstable crack propagation. Stress concentrations
generated by pores, inclusions, machining defects, and grain-
boundary irregularities significantly amplify local stresses,
producing highly nonlinear fatigue behaviour.

Conventional linear models cannot adequately represent these
coupled interactions because the relationship between stress
concentration and fatigue life is inherently nonlinear.
Ensemble learning algorithms such as Random Forest and
XGBoost capture these interactions through recursive
partitioning of the feature space, while neural networks
approximate nonlinear functional relationships through
multiple hidden layers. Their improved predictive
performance therefore reflects the underlying fracture
behaviour of brittle ceramics rather than merely increased
computational complexity.

Influence of Microstructural Heterogeneity

The heterogeneous microstructure of AlLQOs contributes
substantially to the variability observed in fatigue life.
Variations in grain morphology, porosity distribution,
residual stresses, and manufacturing defects generate
significant scatter even among specimens subjected to
identical loading conditions. Such heterogeneity increases
uncertainty in fatigue prediction because local crack initiation
depends on the most severe microstructural defect rather than
average material properties.

Tree-based ensemble methods and neural networks
successfully accommodate this variability by simultaneously
modelling interactions among multiple microstructural
descriptors. Their superior predictive accuracy therefore
reflects an enhanced ability to capture the stochastic nature of
crack initiation and propagation in heterogeneous ceramic
microstructures.

Model Validation and Generalization

To ensure that model performance was not inflated by data
leakage or favourable train—test partitions, rigorous validation
procedures were employed. In addition to repeated cross-
validation, a Leave-One-Source-Out (LOSO) validation
strategy was used, whereby models were trained on all but
one data source and evaluated on the excluded source. This
approach assesses the ability of the models to generalize
across experimental, literature-derived, simulation, and
database datasets.

Prediction uncertainty was quantified using bootstrap
confidence intervals and ensemble-based uncertainty
estimation. The resulting confidence intervals remained
narrow for the best-performing models, indicating stable and
reproducible predictions. Residual analysis further showed no
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systematic bias across stress levels or temperature regimes,
supporting the robustness of the proposed framework.
Comparison with published fatigue prediction studies
revealed that the predictive accuracy achieved in this work is
consistent with or exceeds previously reported values for
ceramic fatigue modelling while providing the additional
advantage of comprehensive algorithm benchmarking and
physics-based interpretation of feature importance.

Clarification on the Use of LSTM

The initial inclusion of Long Short-Term Memory (LSTM)
networks was motivated by their proven ability to model
sequential degradation processes. However, the fatigue
dataset used in this study consists primarily of static material
descriptors, including stress amplitude, temperature, crack
length, hardness, grain size, and porosity, rather than cycle-
by-cycle loading histories or time-series measurements.
Under these conditions, the problem is formulated as static
regression, for which recurrent architectures offer limited
theoretical advantage over feedforward models.
Consequently, if only static descriptors are available, a
Multilayer Perceptron (MLP) or other feedforward deep
neural network is a more appropriate deep learning baseline.
LSTM networks become conceptually justified only when
sequential inputs such as stress—strain histories, acoustic
emission signals, crack-growth measurements, or sensor time
series are incorporated. Future work will therefore investigate
recurrent neural networks using temporally resolved fatigue
monitoring data, where their memory mechanism can capture
cumulative damage evolution more effectively.

Engineering Implications

The results demonstrate that machine learning models can
provide highly accurate fatigue life predictions while
simultaneously identifying the physical variables governing
fatigue degradation. The prominence of stress amplitude,
temperature, crack length, and microstructural heterogeneity
agrees with established fracture mechanics and ceramic
fatigue theory, providing confidence that the models have
learned physically meaningful relationships rather than
spurious statistical correlations. Integrating rigorous
validation, uncertainty quantification, and physics-based
interpretation enhances the credibility of the proposed
framework and supports its application to intelligent material
design, structural health monitoring, reliability assessment,
and predictive maintenance of advanced ceramic
components.

CONCLUSION

This study developed and evaluated a machine learning
framework for predicting the fatigue life of Al:Os ceramics
using multiple regression, ensemble learning, and deep
learning models. The results showed that advanced machine
learning algorithms outperformed conventional regression
methods, with feature importance analysis identifying stress
amplitude and temperature as the primary factors influencing
fatigue life, followed by crack length, porosity, grain size, and
hardness. These findings are consistent with established
fatigue and fracture mechanics, confirming that the models
captured physically meaningful relationships rather than
purely statistical trends.

The proposed framework complements, rather than replaces,
conventional fatigue prediction methods such as S—N curves
and Paris' law by effectively modelling complex nonlinear
interactions among material properties and loading
conditions. This integration offers significant potential for
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rapid fatigue assessment, structural health monitoring, and
intelligent decision support.

However, the study has several limitations, including the use
of heterogeneous datasets, potential variability in data quality,
limited experimental validation, and assumptions inherent in
the selected input features. Consequently, the findings should
be interpreted within the context of ALOs ceramics and
should not be generalized to other ceramic systems without
further validation.

Future research should focus on developing physics-informed
machine learning (PIML) models that integrate fracture
mechanics with data-driven approaches, incorporate real-time
monitoring data, quantify prediction uncertainty, and validate
the framework using independent datasets and additional
ceramic materials. Overall, the study demonstrates that
machine learning can substantially enhance fatigue life
prediction while reinforcing established fatigue mechanics
principles, providing a robust foundation for reliable fatigue
assessment in advanced engineering applications.
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