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Abstract: Accurately predicting the fatigue life of concrete is crucial for ensuring the safety
and durability of structural elements subjected to cyclic loading. Traditional empirical
models often struggle to capture the complex interactions between mechanical properties
and loading conditions, particularly the influence of frequency. This study introduces a
hybrid machine learning model based on the stacking ensemble strategy, integrating Sup-
port Vector Regression (SVR), Random Forest (RF), and Artificial Neural Networks (ANNs)
to enhance prediction accuracy. A dataset of 891 experimental results from the literature
was utilized, incorporating four key input variables: compressive strength, stress ratio,
maximum stress-to-strength ratio, and loading frequency. The hybrid model demonstrated
superior performance (R2 = 0.965, RMSE = 0.19), outperforming individual models and
established predictive equations. SHAP analysis validated the model’s interpretability and
emphasized the necessity of accounting for loading frequency. This study contributes a
robust and generalizable tool for fatigue life prediction within the defined input domain,
offering valuable insights for engineering design and structural assessment.

Keywords: concrete; fatigue life; forecasting; hybrid models; ensemble learning

1. Introduction
Concrete structures experience cyclic loads derived from several sources, including

static and dynamic loads, such as dead and live loads in building settings and traffic-
induced loads in civil engineering applications. Furthermore, these structures are vulnera-
ble to climatic factors, such as temperature and humidity variations.

Concrete’s mechanical strength decreases when exposed to repetitive cyclic loading.
This phenomenon, known as fatigue, is widely recognized in the field of structural and
material engineering and extensively documented in the literature [1–5].

Fatigue is a phenomenon that causes localized, permanent, and progressive damage
when the composite is subjected to cyclic loads. The degradation of concrete by fatigue
is associated with its deterioration when subjected to repeated loading and unloading,
causing the initiation and propagation of cracks in the material [6].

Callister and Rethwisch [7] indicated that the cracks caused in concrete due to fatigue
are fragile, with little or no plastic strain associated with the damage’s evolution. From the
first micro-crack until the failure, concrete damage due to fatigue can be characterized in
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three stages, based on the strain levels: (i) crack initiation, which occurs when the micro-
cracks appear due to high stress concentrations at points of discontinuity in the crystalline
structure or regions with pre-existing discontinuities; (ii) crack propagation, associated
with the accumulation of energy at the ends of existing cracks; and (iii) material failure,
which occurs abruptly, due to the quasi-brittle nature of the composite.

To estimate concrete’s fatigue life (i.e., the number of cycles to failure, N), it is necessary
to understand the material’s mechanical behavior under cyclic loads. Materials’ fatigue life
is usually defined by experimental test results, where the specific stress or strain is plotted
as a function of the logarithm of the cycle number, characterizing the S-N and ε-N curves,
respectively, known as Wöhler curves.

Several models exist in the literature for predicting the fatigue life of concrete.
Equations (1)–(6) present some of them, where σmax is the maximum stress applied, N
is the number of cycles to failure, and d and e are material parameters obtained by data
fitting. R is the minimum-to-maximum stress ratio, fest is the compressive or tensile strength,
.
εsec is the secondary creep rate, σb,d,max is the design value of the maximum stress, fb,v is
the fatigue reference strength, Υ is a parameter defined in the fib Model Code [8], Sc,max

is the maximum stress-to-strength ratio, and Sc,min is the minimum stress-to-compressive-
strength ratio.
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) (6)

Equation (1) represents a traditional linear correlation between the highest level of
stress and the logarithm of the fatigue life, known as the Wöhler curve. Equations (2)–(4),
proposed by Raithby and Galloway [9], Sparks [10], and Tepfers and Kutti [11], respectively,
are derived from the Wöhler curve and were defined with data from the experimental
results.

According to the Dutch National Code NEN 6723:2009 [12], the fatigue life can be
estimated by Equation (5). The formulation specifies that if the ratio of the maximum
compressive strength to the fatigue reference strength does not surpass 0.25, the concrete’s
fatigue life could be considered infinite. According to the fib Model Code [8], Equation
(6) forecasts the fatigue life of concrete under compression cycles. The formulation was
generated based on experimental results from a fatigue test performed on ultra-high-
strength concrete. Equation (6) was also validated for estimating the fatigue life of high-
and conventional-strength concrete.

Most earlier investigations have examined these equations, and the results have
demonstrated that formulations based on the S-N curve cannot generalize performance and,
in most cases, are inadequate to characterize the fatigue behavior of plain concrete [13–15].
Lee and Barr [16] presented multiple reasons why models based on the Wöhler curve are
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impractical. The primary challenge arises from the need to calibrate the model parameters
using experimental data. Thus, numerous models developed based on the Wöhler curve are
limited by certain boundary conditions, thereby restricting their applicability. Furthermore,
there is the challenge of accurately adjusting the input parameters of the models due to the
significant deviations in fatigue life results obtained under tests with identical boundary
conditions [14,17,18].

Ortega et al. [14] described how the significant deviation observed in the fatigue life
results can be attributed to the fact that fatigue strength is highly influenced by multiple
variables associated with the boundary conditions of the experimental tests and the ma-
terial’s heterogeneity. These parameters, such as concrete molding and cure conditions,
specimen alignment in the test machine, specimen shape, precise imposition of maximum
and minimum stress values, loading frequency, and positioning of strain gauges, are
difficult to control.

Additionally, one of the most significant issues in characterizing concrete’s fatigue life
using models based on S-N or ε-N curves is the requirement to test numerous samples for
each stress level, as the results have a high degree of deviation. An alternative approach
to addressing this issue is the application of probability and reliability theories to assess
the confidence level associated with the sample size used in analyses [19–23]. Additionally,
machine learning techniques [15,24,25] offer the advantage of incorporating multiple pa-
rameters related to the phenomenon, capturing the intricate and nonlinear relationships
between them, and ultimately mitigating the high variability in results.

The first publication about machine learning in civil engineering was by Adeli and
Yeh [26]. They presented a perceptron ANN to design steel beams. After that, some research
using machine learning in civil engineering was developed, focusing on pattern recognition,
data mapping, and classification.

Machine learning has also been widely applied in geotechnical engineering. Williams
and Gucunski [27] used backpropagation neural networks to estimate average soil thickness
and elastic properties, while Goh [28] showed that ANNs could correlate soil parameters
obtained from laboratory tests. Subsequent studies further confirmed that machine learning
techniques are effective in defining soil constitutive models and predicting the mechanical
behavior of geomaterials [29–33].

Nevertheless, since the pioneering work of Adeli and Yeh [26], the application of
Artificial Neural Networks has predominantly focused on structures and materials within
civil engineering. In structural engineering, ML has been employed for the design and
analysis of structural components [34–41] and analyses involving structural dynamics,
impacts, and earthquake effects [42–45]. ANNs have also proven valuable for damage
assessment and risk management [46–49].

The use of machine learning techniques to predict concrete’s mechanical prop-
erties has recently gained popularity, including the use of Support Vector Machines
(SVMs) [50–52], decision trees (DTs), Artificial Neural Networks (ANNs) [53–56], Ran-
dom Forests (RFs) [57–60], and ensemble algorithms [61–65].

Abambres and Lantsoght [53] mapped the strength reduction of concrete when sub-
jected to cyclic compression by Artificial Neural Networks. The authors utilized a dataset
with 203 results extracted from the literature. An optimal neural network architecture was
identified by systematically exploring and optimizing 14 neural network features. The
model demonstrated its efficacy, achieving a maximum relative error of 5.1% and a mean
relative error of 1.2% when predicting the reduction in strength due to the fatigue phe-
nomenon. Furthermore, the proposed model surpassed existing code expressions, yielding
a mean tested-to-predicted value of 1.00, with a coefficient of variation of 1.7%.
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Zheng et al. [56] utilized Artificial Neural Networks to predict fatigue failure mech-
anisms in cementitious materials by analyzing a dataset of 314 cases from the literature.
The ANN model integrated seven cement variables and seven test boundary parameters as
input parameters. The authors conducted a thorough feature selection analysis, exploring
150 combinations, and refined the ANN through backpropagation tuning. The model
achieved an impressive accuracy of up to 90.78%, demonstrating its efficiency in mapping
the fatigue failure mechanisms.

Using Artificial Neural Networks, Support Vector Machines, and Random Forests,
Zhang et al. [24] generated models to predict the residual strength of concrete under cyclic
loading, in which a strength degradation model was proposed to evaluate the residual
strength. The authors utilized over 1000 experimental data points gathered from various
sources in the literature. The results indicated that the Random Forest algorithm is the
most effective strategy for mapping fatigue life, as it has superior performance metrics.
Specifically, it achieved a mean squared error of 0.44 and a determination coefficient (R2)
of 0.72. The results of this study demonstrate the significant challenges in establishing a
correlation between input parameters and fatigue life when dealing with a large dataset.
The metric performances highlight the high complexity involved in this process.

Using the same dataset as Zhang et al. [24], Son and Yang [15] developed models to
forecast concrete’s fatigue life using Random Forests, Artificial Neural Networks, gradient
boosting, and AdaBoost techniques. Due to the high deviation in the experimental results
of fatigue life, the modeling was performed considering three strategies for structuring
the database and evaluating its influences on the learning process: (i) all of the data were
used to map the fatigue life (1298 data), (ii) the dataset was reduced by excluding outliers
(1252 data), and (iii) the model was developed with average fatigue life excluding outliers
(resulting in 310 data). To evaluate the model’s generalization, 10% of the data were used
for the test set. With this procedure, the model’s prediction performance was significantly
enhanced, with the coefficient of determination (R2) increasing to 0.635 when trained on
the entire dataset using the ANN, and to 0.730 for the average data, excluding outliers.

In recent years, ensemble learning techniques have gained significant attention for
improving the predictive performance of machine learning models in civil engineering
applications, particularly in mapping the mechanical properties of concrete [62,64–68].
Ensemble methods combine the predictions of multiple base models to enhance accuracy,
robustness, and generalization. Among the most common ensemble strategies are bag-
ging, boosting, and stacking. Bagging, or bootstrap aggregation, trains several models
independently on different random subsets of the training data and averages their outputs,
effectively reducing variance and mitigating overfitting; Random Forests are a classical
example of this approach [60]. Boosting, in contrast, sequentially trains models, with
each new model focusing on correcting the errors of its predecessor, which tends to re-
duce bias and achieve higher accuracy, although it may be more sensitive to noise and
overfitting. Models based on XGBoost and LightGBM have shown remarkable results
in predicting concrete’s strength [69–71]. Stacking, however, builds a hybrid model by
training a meta-learner to optimally combine the outputs of several base learners, offering
a flexible framework that is capable of capturing complex data patterns across different
types of models [68,72–74]. Unlike bagging and boosting, which usually use homogeneous
base models, stacking often employs heterogeneous models, such as combining neural
networks, decision trees, and Support Vector Machines, resulting in more versatile and
powerful predictive tools.

Considering the recent developments in concrete fatigue life prediction models based
on machine learning techniques, and given the current application of ensemble learning
techniques to enhance models’ accuracy, this study explores the use of Artificial Neural
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Networks (ANNs), Random Forests (RFs), and Support Vector Regression (SVR) coupled
through the stacking fusion strategy to generate a new approach to forecasting concrete’s
fatigue life. The stack fusion strategy combines multiple base machine learning models’
strengths while mitigating their weaknesses [66]. The models were proposed based on a
dataset comprising 891 experimental results of concrete tested with constant amplitude
and loading frequencies ranging from 1 to 10 Hz (high frequency). The models were
built to attend to the different demands of the design or construction phases, considering
four input parameters that are easily obtained and processed: the concrete’s compressive
strength (FC), the maximum stress applied–concrete compressive strength ratio (SMAX),
the minimum-to-maximum stress ratio (R), and the load frequency (FHZ).

2. Data Processing and Modeling
Following the procedure depicted in Figure 1, the ensemble learning technique with

the stacking fusion strategy was applied to create a hybrid machine learning model for
forecasting the fatigue life of plain concrete.
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The methodology used to design the hybrid model considers coupling the fatigue
life values predicted by the SVM, ANN, and RF base models. The dataset definition and
processing, development of the base machine learning models, creation of the hybrid
model, and analysis of the model’s performance are described below. The code was built in
Python (version 3.11.4), and the machine learning models were trained with the Scikit-learn
package (version 1.5.2) [75].

2.1. Dataset Definition, Analysis, and Processing

The definition of a database containing reliable and representative data is the first
and foremost step for developing a model. Thus, a database was set up considering
experimental campaigns published in the last three decades [3,11,14,15,19,24,76–88]. In
total, 891 data points referring to concrete with a compressive strength between 20 and
120 MPa were collected, whose fatigue tests were conducted at loading frequencies ranging
from 1 to 10 Hz, with maximum stress levels varying between 50% and 95% of the com-
pressive strength. To attend to the different demands of the reinforced concrete’s design
or construction phases, in the dataset collection, four input parameters were defined as
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possible input parameters: the concrete’s compressive static strength (FC), the maximum
stress applied–compressive strength ratio (Smax), the minimum-to-maximum stress ratio
(R), and the load frequency (FHZ). The output N, representing the number of cycles to
failure, was converted to LOG(N) to reduce the domain of the variable. Table 1 presents the
statistical features of the original data, providing the information needed to describe the
data distribution pattern and identify outliers.

Table 1. Data on statistical parameters.

Feature Minimum Maximum Standard
Deviation Mean Q1

(25%)
Q2

(50%)
Q3

(75%)

FC (MPa) 23.10 116.00 29.02 57.47 31.60 55.80 72.70
SMAX 0.52 0.95 0.06 0.79 0.75 0.80 0.84

R 0.01 0.50 0.13 0.17 0.06 0.10 0.30
FHZ (Hz) 1.00 10.00 3.65 5.84 2.00 5.00 10.00
N (cycles) 5.00 2.00E6 3.31E5 1.09E5 9.18E2 4.20E3 2.50E4
LOG(N) 0.69 6.30 1.14 3.72 2.96 3.62 4.39

The interquartile range (IQR) outlier detection method was applied to the original
dataset to enhance the training performance of the machine learning techniques. Outliers
are observations that deviate from the norm. The IQR is calculated by the difference
between the third (Q3) and first (Q1) quartiles, as indicated in Equation (7). After computing
the IQR, it is advisable to remove data from the database with attributes that have values
either above the upper limit (UPLIM) or below the lower limit (LOWLIM), as calculated by
Equations (8) and (9), respectively.

IQR = Q3 − Q1 (7)

UPLIM = Q3 + 1.5(IQR) (8)

LOWLIM = Q1 − 1.5(IQR) (9)

Figure 2 depicts a data distribution boxplot for the input features and LOG(N), as the
values of IQR, UPLIM, and LOWLIM. Data exceeding the upper and lower limits were
removed, resulting in a reduced initial database of 870 samples. As can be observed in
Figure 2, only the minimum values of Smax and LOG(N) were changed. The minimum
value of Smax changed from 0.52 to 0.62, while the minimum of LOG(N) assumed a value
of 1.0. Figure 3 shows the data distribution after removing the outliers, and Figure 4 shows
the Pearson correlation matrix.

For the values presented in Figure 4, most of the input variables exhibit low-to-
moderate linear correlations with each other, with the highest absolute value being −0.64
between SMAX and LOG(N). This suggests that multicollinearity is not a critical concern
among the predictors, supporting their simultaneous use in the model. It is important
to emphasize that low Pearson correlation coefficients do not necessarily imply that a
variable is unimportant for the predictive model. Rather, such variables may contribute
through nonlinear or interaction effects, which are effectively captured by machine learning
algorithms. Therefore, even features with weak linear associations, such as FC and LOG(N)
(r = −0.05), can still significantly improve the model’s performance.
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After eliminating outliers from the original dataset, instances where input attributes
were repeated but linked to different target values (LOG(N)) were analyzed. In these
specific cases, the mean, Q1, Q3, mode, and median of LOG(N) were computed, generating
five information for each case, and then the duplicate entries were removed. The input
features were standardized, and the dataset was divided into two subsets: 80% for training
and internal cross-validation, and 20% for testing. Stratified sampling was applied based
on the LOG(N) target variable to ensure a balanced representation of the response variable
across both subsets. Specifically, the continuous LOG(N) values were discretized into
15 bins, uniformly spaced between 0.9 and 6.5, to preserve the overall distribution profile
in the stratification process. This strategy helped maintain the statistical consistency of the
response variable across the training and testing sets, thereby improving the robustness of
the model evaluation.

2.2. Machine Learning Algorithms

Support Vector Machine (SVM) is a supervised machine learning algorithm that is
used for classification tasks and can be adapted for regression. SVM works by finding
the hyperplane that best separates the data points into different classes or predicts the
target variable in the topic studied by fitting a hyperplane to the data (Figure 5a). The key
concept is to maximize the margin between the hyperplane and the closest data points from
each class, referred to as support vectors. Maximizing the margin aims to achieve better
generalization performance, making the model less sensitive to outliers.

In regression tasks, SVM aims to find a hyperplane that best fits the data points
within a specified tolerance margin, minimizing the deviation of the predicted values
from the actual values. SVM can handle linear and nonlinear relationships between the
input features and the target variable using kernel functions, such as linear, polynomial,
radial basis function (RBF), or sigmoid kernels. These kernels allow for the mapping of the
input features into higher-dimensional spaces, where the data may become more separable
or better approximated. A key parameter in the SVM formulation is the regularization
parameter C, which controls the trade-off between the model’s complexity and the degree
to which deviations larger than the margin are tolerated. A small C value encourages a
smoother function that tolerates larger errors. In contrast, a large C penalizes deviations
more heavily, potentially leading to overfitting if the model tries to fit the training data
too closely.



Buildings 2025, 15, 1618 9 of 27Buildings 2025, 15, x FOR PEER REVIEW 9 of 28 
 

 

Figure 5. Base algorithms: (a) SVM, (b) Multi-Layer ANN and (c) Random Forest. 

In regression tasks, SVM aims to find a hyperplane that best fits the data points 
within a specified tolerance margin, minimizing the deviation of the predicted values 
from the actual values. SVM can handle linear and nonlinear relationships between the 
input features and the target variable using kernel functions, such as linear, polynomial, 
radial basis function (RBF), or sigmoid kernels. These kernels allow for the mapping of 
the input features into higher-dimensional spaces, where the data may become more sep-
arable or better approximated. A key parameter in the SVM formulation is the regulariza-
tion parameter C, which controls the trade-off between the model’s complexity and the 
degree to which deviations larger than the margin are tolerated. A small C value encour-
ages a smoother function that tolerates larger errors. In contrast, a large C penalizes devi-
ations more heavily, potentially leading to overfitting if the model tries to fit the training 
data too closely. 

A Random Forest (RF) is a versatile machine learning algorithm for classification and 
regression tasks. It belongs to the ensemble learning family and is known for its effective-
ness in handling complex datasets. A Random Forest consists of a collection of decision 
trees, each trained on a random subset of the training data and using a random subset of 
the features (Figure 5b). During the training process, the algorithm constructs multiple 
decision trees independently, allowing them to work in parallel. This process introduces 
diversity into the model, as each tree learns different aspects of the data. 

When making predictions, each tree in the forest independently predicts the target 
variable, and the final prediction is determined by aggregating the predictions of all trees. 
Then, in regression tasks, this aggregation is carried out by averaging the individual pre-
dictions of the trees. The randomness helps to mitigate overfitting, as each tree is trained 
on a different subset of the data and features. Additionally, RFs can handle high-dimen-
sional datasets with many features, making them suitable for various applications. 

An Artificial Neural Network (ANN) is a computational model inspired by the struc-
ture and functioning of the human brain’s neural networks. It is a versatile and powerful 
machine learning algorithm that is capable of learning complex patterns and relationships 
from data. Information flows through interconnected nodes organized into distinct layers: 

Figure 5. Base algorithms: (a) SVM, (b) Multi-Layer ANN and (c) Random Forest.

A Random Forest (RF) is a versatile machine learning algorithm for classification
and regression tasks. It belongs to the ensemble learning family and is known for its
effectiveness in handling complex datasets. A Random Forest consists of a collection of
decision trees, each trained on a random subset of the training data and using a random
subset of the features (Figure 5b). During the training process, the algorithm constructs
multiple decision trees independently, allowing them to work in parallel. This process
introduces diversity into the model, as each tree learns different aspects of the data.

When making predictions, each tree in the forest independently predicts the target
variable, and the final prediction is determined by aggregating the predictions of all trees.
Then, in regression tasks, this aggregation is carried out by averaging the individual
predictions of the trees. The randomness helps to mitigate overfitting, as each tree is
trained on a different subset of the data and features. Additionally, RFs can handle high-
dimensional datasets with many features, making them suitable for various applications.

An Artificial Neural Network (ANN) is a computational model inspired by the struc-
ture and functioning of the human brain’s neural networks. It is a versatile and powerful
machine learning algorithm that is capable of learning complex patterns and relationships
from data. Information flows through interconnected nodes organized into distinct layers:
an input layer, one or more hidden layers (such as Multi-Layer Perceptron ANNs), and an
output layer. Each node, also known as a neuron, receives input signals, processes them
using an activation function, and passes the output to the next layer (Figure 5c).

During the training phase, the weights and biases of the connections between neu-
rons are adjusted iteratively using optimization algorithms, such as gradient descent, to
minimize the difference between the model’s predictions and the actual target values.
This process is known as backpropagation. ANNs can be applied to various machine
learning tasks, including classification, regression, and clustering. They are particularly
well suited for tasks involving complex, nonlinear relationships between the input and
output variables.

In this work, machine learning models based on Support Vector Machines (SVMs),
Random Forests (RFs), and Artificial Neural Networks (ANNs) were developed to serve
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as base learners in the hybrid modeling framework. For the SVM models, a systematic
search was conducted involving 2000 configurations generated by varying the kernel
type (polynomial and radial basis function (RBF)) and the regularization parameter C,
which ranged from 1 to 1000. Each model was evaluated under identical conditions
to identify those providing the best trade-off between bias and variance. The epsilon-
insensitive loss function was employed, and the remaining hyperparameters followed
standard configurations, including automatic gamma scaling and the shrinking heuristic to
improve computational efficiency.

Regarding the Random Forest models, 396 different configurations were trained and
evaluated. The study considered four distinct split criteria—squared error, absolute error,
Friedman MSE, and Poisson error—to assess the quality of the node divisions. Forests
composed of varying numbers of decision trees (from 2 to 100) were analyzed. The final
training strategy employed parameters such as absolute error as the split criterion, a
maximum tree depth of 50, and using all features per split to enhance generalization while
maintaining model interpretability.

For the ANN, 400 architectures were tested using a Multi-Layer Perceptron framework
with two hidden layers. The number of neurons in each layer varied from 1 to 20, and the
activation function was set as logistic. The networks were trained using the backpropaga-
tion algorithm with the Adam optimizer, employing an adaptive learning rate initialized at
0.4. Regularization was applied through an L2 penalty (α = 0.0001). Additional training
settings included a momentum of 0.9, with training for up to 106 iterations or until the
convergence criteria were met. The weight initialization was set to 0.5, following the same
strategy used in [89].

Hyperparameter tuning was conducted using a grid search strategy for all base mod-
els. Each configuration was evaluated through 10-fold cross-validation, applied to the
same training dataset (80% of the full dataset), with stratified sampling based on the
target variable to preserve the distribution of fatigue life (LOG(N)). This consistent evalu-
ation framework ensured fair comparisons among the models and robust generalization
performance, as described in the data preprocessing section.

2.3. Hybrid Model Development

The hybrid model was constructed using a stack fusion strategy, an ensemble learning
technique that linearly combines the outputs of multiple base models to enhance predictive
performance while reducing individual model weaknesses [66]. Specifically, the hybrid
prediction of LOG(N) is obtained as a weighted linear combination of the outputs predicted
by the best-performing SVM, RF, and ANN models. This combination is represented by
Equation (10), and its structure is shown in Figure 6. Specifically, the predictions of each
base model for the training and test set—LOG(N)SVM, LOG(N)RF, and LOG(N)ANN—are
used as explanatory variables in a multiple linear regression model, while the observed
values of LOG(N) from the test set serve as the response variable.

The coefficients βSVM, βRF, and βANN , along with the intercept term ε, are estimated
using the Ordinary Least Squares (OLS) method. This procedure enables the hybrid model
to learn the optimal weighting of each base model’s prediction, resulting in a final estimate
that leverages the strengths of each individual model based on their actual performance on
unseen data.

LOG(N) = βSVMLOG(N)SVM + βRFLOG(N)RF + βANN LOG(N)ANN + ε (10)

SVM’s strength is finding optimal hyperplanes to separate data points or predict
continuous values. This is particularly useful for its robustness to outliers and ability to
handle nonlinear relationships. Random Forests leverage multiple decision trees to mitigate
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overfitting and handle high-dimensional datasets, contributing to their robustness. With
its capacity to learn complex patterns, the ANN complements the ensemble by effectively
modeling nonlinear functions.
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By combining these techniques, the hybrid ensemble model leverages the diverse
perspectives and strengths of each method. This enables the model to capture a wide
range of patterns in the data, resulting in more accurate predictions of concrete’s fatigue
life. Moreover, ensemble methods often outperform individual models by mitigating their
weaknesses while leveraging their collective strengths, making them an ideal choice for
predictive modeling in complex scenarios.

2.4. Performance Analysis

To assess the performance of all of the trained models, the mean absolute error (MAE),
root-mean-square error (RMSE), coefficient of determination (R2), and mean absolute
percentage error (MAPE) were calculated and evaluated.

The mean absolute error is a widely used metric in regression analysis to measure the
absolute average magnitude of errors between predicted and actual values, as shown in
Equation (11). It is advantageous when it is necessary to understand the average absolute
difference between a prediction model and the observed values in a straightforward and
interpretable manner.

MAE =
n

∑
i=1

(yi − ti)

n
(11)

where ti represents the observed values, yi represents the model outputs, and n is the
amount of data samples evaluated.

As presented in Equation (12), the root-mean-square error calculates the average size
of the errors, giving more weight to larger errors. This makes it particularly suitable for cir-
cumstances where large errors are more critical or destructive. The RMSE is useful because
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it quantifies the average prediction error and highlights the importance of significant errors
by squaring the differences.

RMSE =

√√√√ n

∑
i=1

(yi − ti)
2

n
(12)

The determination coefficient, presented in Equation (13), and sometimes known as
R-squared, is a statistic used in regression analysis to assess how well a regression model
fits the observed data. The R-squared (R2) indicates the proportion of variance in the
dependent variable that the model’s independent variables can explain.

R2 =

 ∑I−1
i=0

(
ti − t

)
(yi − y)√

∑I−1
i=0

(
ti − t

)2
(yi − y)2

2

(13)

Equation (14) presents the mean absolute percentage error in percentage terms, making
it simple to understand. Compared to other error metrics, such as MSE or RMSE, MAPE
is less sensitive to outliers. It provides a more balanced perspective on forecast accuracy,
particularly in cases where high values may significantly influence other error measures.

MAPE =
1
n

n

∑
i=1

∣∣∣∣ ti − yi
ti

∣∣∣∣ (14)

2.5. SHAP Analysis

This study adopted SHAP (Shapley Additive Explanations) analysis as a method to
enhance the interpretability of machine learning models. While such models are powerful
in capturing nonlinear relationships and delivering robust predictive performance, they
are often criticized for their black-box nature, which limits the understanding of how
individual input features influence the output.

To address this issue, SHAP provides a comprehensive approach that quantifies the
individual contribution of each input variable to the model’s prediction. This enables a
detailed assessment of feature importance, allowing researchers to identify which variables
have a significant impact on the outcome.

As highlighted by Mangalathu et al. [40], SHAP enhances models’ transparency by
offering intuitive explanations of complex predictive behavior. According to Huo et al. [66],
this method estimates the effect of each variable by observing how changes in its value
influence the prediction, while keeping the other variables constant. Features that cause
greater variation in output are considered to be more important.

3. Results and Discussion
3.1. Models’ Performance

Initially, the performance of the individual machine learning techniques—Support Vec-
tor Machines (SVMs), Random Forest (RF), and Artificial Neural Networks (ANNs)—will
be discussed separately. Subsequently, the performance of the proposed hybrid ensemble
model, created using the stacking fusion strategy [68,73,74,90], will be examined. A SHAP
analysis and comparison with other models from the literature were conducted to assess
the model’s applicability and performance.

A strategy was employed to simplify and standardize the evaluation process to iden-
tify the best-performing base learning models for composing the hybrid predictor. For
this purpose, a performance metric named R2

WEIGHTED (Equation (15)) was employed,
integrating the training and testing performance. This metric was calculated by assigning
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a weight of 40% to R2
TRAIN and 60% to R2

TEST , reflecting the importance of generalization
performance when selecting the best-performing models. The decision to prioritize testing
performance (60%) over training performance (40%) was based on the understanding that
high training accuracy alone may indicate overfitting, compromising the model’s predictive
ability on new, unseen data. By giving greater emphasis to the R2

TEST value, the R2
WEIGHTED

metric promotes the selection of networks with the best generalization.

R2
WEIGHTED = 0.4R2

TRAIN + 0.6R2
TEST (15)

where R2
TRAIN is the determination coefficient achieved during the training phase, while

R2
TEST is the determination coefficient calculated in the test phase.

Considering the results obtained during the training of the Support Vector Machine
(SVM) base models, Figure 7 illustrates the variation in the determination coefficient (R2)
as a function of the regularization parameter (C), evaluated for both polynomial and radial
basis function (RBF) kernels. It is evident from the figure that the RBF kernel consistently
outperformed the polynomial kernel across all tested values of C. Specifically, the R2 values
for the RBF kernel were significantly higher, indicating superior predictive performance
and better generalization capability compared to the polynomial kernel. Moreover, as
the regularization parameter increased, the performance of the SVM with the RBF kernel
stabilized around a maximum value, reaching approximately 0.80 for the training data and
around 0.72 for the test data, demonstrating good stability and generalization.
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In contrast, the polynomial kernel showed notably lower R2 values, remaining rel-
atively stable and lower than 0.65. This outcome highlights the limited capability of the
polynomial kernel to model the complexity and nonlinear characteristics inherent to pre-
dicting concrete’s fatigue life based on the input parameters used. Therefore, based on
these observations, the RBF kernel was selected for further development of the hybrid
ensemble model, due to its significantly superior performance, robustness, and ability to
capture the nonlinear relationships present in the dataset.

The best-performing SVM model identified here utilized the radial basis function
(RBF) kernel with a regularization parameter (C) equal to 900. The performance of this
optimized SVM is presented in Figure 8, which includes both residual and dispersion plots.
The residual plot (Figure 8a) shows that the residuals are relatively randomly distributed
around the zero line, without trends or systematic patterns. Additionally, the training
and test sets exhibited median determination coefficient (R2) values of 0.816 and 0.729,
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respectively, indicating the selected SVM model’s good predictive capability and reasonable
generalization ability. The dispersion plot (Figure 8b) indicates a median linear correlation
between the predicted and observed values, achieving an overall R2 of 0.804. The MAPE
was 8.05%, with an MAE of 0.274.
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Continuing with the analysis of the base models, Figure 9 illustrates the performance
obtained using Random Forest (RF) regression, where different split criteria—squared error,
absolute error, Friedman mean squared error, and Poisson—were evaluated with varying
numbers of decision trees (ranging from 2 to 100). The plot demonstrates that all of the
criteria showed a rapid initial improvement in performance (R2) as the number of trees
increased, stabilizing after approximately 20 trees were considered. Among the tested
criteria, all of the error criteria demonstrated good performance in training (R2 above 0.98).
However, when analyzing the generalization capacity, the absolute error performed better,
with stable values for both the weighted and test datasets (R2 above 0.90), indicating an
excellent generalization capability.
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The best-performing RF base model, as defined by the absolute error criterion, con-
sisted of 46 trees, and its performance is presented in Figure 10. The residual plot
(Figure 10a) confirms the suitability of this model, with the residuals randomly dispersed
around zero. This indicates the absence of clear patterns or bias, which is indicative of an
adequate fit. The determination coefficient (R2) also achieved values of 0.982 for training
and 0.907 for testing, reflecting a good, accurate, and generalizable model.
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Furthermore, the regression plot (Figure 10b) displays an excellent correlation between
the predicted and observed values, achieving a general R2 of 0.971. The MAPE was 3.36%,
with an MAE of 0.105. The predictions closely align with the identity line, further confirming
the good performance of this selected RF model.

Figure 11 provides an overview of the performance of the ANNs trained with
400 distinct topologies. The weighted determination coefficient (R2

WEIGHTED), represented
by color intensity, and the root-mean-square error for the test set (RMSE-Test), indicated by
bubble size, depict how network performance varies with the number of neurons in each
hidden layer. The plot reveals that ANNs with fewer neurons, especially in the first hidden
layer, exhibited lower R2 values and larger RMSEs, highlighting inadequate complexity
to model the underlying relationships. However, as the number of neurons increased,
particularly beyond 10 neurons in each hidden layer, performance markedly improved, as
reflected by higher R2

WEIGHTED and smaller RMSE values.
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Based on Figure 11, the ANN model exhibiting the best performance was identified as
having the [4-13-20-1] topology (identified with the purple dashed box), comprising four
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input neurons, thirteen neurons in the first hidden layer, twenty neurons in the second
hidden layer, and a single output neuron. Figure 12 indicates the performance of the ANN
[4-13-20-1]. The residual plot (Figure 12a) shows randomly dispersed residuals centered
around zero, indicating no evident systematic bias, which supports good homoscedasticity
and an appropriate model. The training and test sets yielded excellent R2 values of 0.914
and 0.921, respectively, indicating high accuracy and good generalization capabilities. The
dispersion plot (Figure 12b) confirms this performance, achieving an overall R2 of 0.915,
with the predicted values closely aligned with the identity line. The MAPE was 4.89%, with
an MAE of 0.168. The observed points consistently follow the best-fit line, validating the
ANN model’s capability to effectively capture and predict complex, nonlinear patterns
within the data.
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After defining the optimal base models (SVM with an RBF kernel and C = 900, RF
with 46 trees and the squared error split criterion, and ANN with the topology [4-13-20-1]),
the next step involved building the hybrid ensemble model using the stacking fusion
strategy [90]. This strategy was implemented by applying a linear regression model based
on the least squares method, where the predictions from the three selected base models
were used as inputs. Equation (16) represents the final formulation of the hybrid model,
where the output fatigue life prediction, expressed as LOG(N), is calculated as a weighted
combination of the individual model predictions:

LOG(N) = 0.08LOG(N)SVM + 1.03LOG(N)RF − 0.13βANN LOG(N)ANN − 0.046 (16)

The performance of the hybrid model is indicated in Figure 13. The residual plot
(Figure 13a) shows a very tight and symmetric distribution of errors around the zero line for
both the training and test sets, with minimal dispersion and no evident pattern, indicating
high consistency and low bias. The determination coefficients obtained were R2 = 0.967
for training and R2 = 0.958 for testing, confirming the hybrid model’s strong predictive
performance and excellent generalization capability. The regression plot (Figure 13b)
emphasizes this, with a global R2 of 0.965, and the predicted values align closely with the
identity line. The MAPE was 2.39%, with an MAE of 0.084. This result demonstrates that
the stacking ensemble approach effectively combines the strengths of each model while
mitigating their weaknesses.
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Figure 14a,b presents a comparative analysis of the base models (SVM, RF, and ANN)
against the hybrid ensemble model using two radar plots, while Figure 14c presents the
Taylor diagram plots. The radar chart in Figure 14a displays key error metrics, including
the mean absolute error (MAE), mean squared error (MSE), root-mean-square error (RMSE),
mean absolute percentage error (MAPE), and the maximum error divided by 10 (MAX×0.1).
The radar chart in Figure 14b displays the determination coefficients (R2) for both the
training and test datasets, along with the R2

WEIGHTED and the explained variance score
(EVS).
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The hybrid model outperformed all of the base models across every metric. The
hybrid model achieved a low value of 0.19 (in LOG(Cycles)) for the RMSE, which is
significantly lower than the RMSE values of the SVM (0.47), RF (0.28), and ANN (0.26)
models, confirming the hybrid model’s superior ability to predict the R2. The MAE and
MSE values also followed this trend, with the hybrid model occupying the smallest area in
the radar chart, indicating the lowest absolute and squared errors among the models.

The hybrid model also excelled in terms of generalization and overall predictive capa-
bility, achieving an overall R2 of 0.965. Notably, the R2 values were 0.967 for training and
0.956 for testing. These values are higher than those of the ANN model (0.914 train/0.921
test), the RF model (0.982 train/0.907 test), and the SVM model (0.816 train/0.729 test),
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indicating better alignment between the predicted and actual values across both training
and unseen data.

Figure 14c shows that all of the base models (SVM, RF, ANN) and the hybrid model
exhibit strong correlations with reference data, as indicated by their proximity to the angle
of 0◦, corresponding to a correlation close to 1.0. However, the differences in radial distance
highlight variations in the standard deviation of their predictions relative to the observed
data. The Random Forest and Artificial Neural Network models slightly overestimate the
standard deviation, positioning themselves further away from the reference arc. In contrast,
the SVM model aligns more closely regarding the standard deviation, but it exhibits a
slightly lower correlation than the hybrid model.

Most notably, the hybrid model, represented in blue, is the closest to the reference
point in both angular and radial coordinates. This indicates that it achieves a higher
correlation and maintains a standard deviation that is more consistent with the observed
data, reflecting better calibration. This overall proximity to the reference point confirms
the hybrid model’s superiority in capturing the underlying distribution and trends of the
dataset, effectively integrating the strengths of the base learners.

These findings indicate that while the base models individually offer reasonable
performance, the hybrid model, with a stacking fusion strategy, demonstrates a better
balance between correlation and variability representation, making it the most suitable
approach for predicting the fatigue life of concrete.

3.2. AI4SNConcrete App with Graphical Interface and Model Analysis

Figure 15 presents a performance comparison between the proposed model and
empirical formulations from the literature (Equations (2), (3), (5), and (6)). These equations
were selected based on their compatibility with the input parameters available in the
dataset, such as the maximum stress ratio, compressive strength, and stress ratio. The
performance of each model was evaluated in terms of the coefficient of determination (R2),
which is shown in the respective plots.

Equations (2) and (3), derived from the classical Wöhler approach, show the lowest
predictive capability, with R2 values of 0.349 and 0.382, respectively. These formulations
typically incorporate only two input variables: the stress level and compressive strength,
and do not account for the nonlinear effects of load frequency or stress ratio. As a result,
they tend to oversimplify the fatigue phenomenon and fail to capture the full variability
observed in the experimental data.

Equation (5), described in the Dutch National Code NEN 6723:2009 [12] recommenda-
tions, incorporates the stress ratio R and the design and reference strengths. It performs
slightly better than the previous equations, achieving an R2 of 0.51. Equation (6), as de-
scribed in the fib Model Code [8], which includes parameters such as the maximum and
minimum stress ratios, achieved the best performance among the formulations from the lit-
erature, with an R2 value of 0.57. Nonetheless, all of these models presented performances
lower than that of the hybrid model. The hybrid model achieved an R2 of 0.965, indicating
a tight distribution of the predicted values along the identity line, with minimal dispersion.
This indicates its superior ability to generalize and capture complex, nonlinear interactions
among the input parameters.

Abambres and Lantsoght [53] compared the performances of machine learning mod-
els and analytical formulations to assess the fatigue behavior of concrete subjected to
compressive cyclic loads using Artificial Neural Networks (ANNs). The proposed model
demonstrated superior predictive performance, with a mean tested-to-predicted ratio of
1.00 and a coefficient of variation of 1.7%. This performance was superior to that of existing
code-based expressions, particularly Equations (5) and (6) [8,12]. Among these current
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code methods, the fib Model Code [8] showed the best performance, with an average
tested-to-predicted stress ratio of 1.37 and a coefficient of variation of 20.5%.
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The findings highlight a key limitation of analytical models: the lack of consideration
for loading frequency. None of the empirical equations explicitly accounts for the loading
frequency, even though it is widely recognized that fatigue performance is highly sensitive
to cyclic frequency, especially at higher rates (e.g., 1–10 Hz, as in the dataset used here). The
hybrid model, on the other hand, directly incorporates frequency as an input, allowing for
more accurate predictions under real loading conditions. This is particularly valuable for
the design and safety assessment of structural elements subjected to dynamic or repetitive
loading, such as bridge decks, industrial floors, and railway sleepers.

A key consideration in evaluating the applicability of the proposed hybrid model is the
definition of its domain of validity. As with any data-driven model, its predictive reliability
is inherently limited to the range of values represented in the training dataset. The ranges
observed in the dataset define the valid domain for model applications, which includes
compressive strength values from 23.10 MPa to 116.00 MPa, SMAX values between 0.62
and 0.95, R values ranging from 0.01 to 0.50, and frequencies between 1.00 Hz and 10.00 Hz.
Predictions made outside these intervals should be interpreted cautiously, as the model
was neither trained nor validated under such conditions.
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Figure 16 presents the SHAP summary plot, where each point represents the SHAP
value for a particular prediction and feature. The color gradient indicates the actual feature
value, ranging from low (blue) to high (red). At the same time, the horizontal axis displays
the SHAP value, reflecting each feature’s impact on the predicted output (LOG(N)). SMAX
exhibited the highest influence on the model’s predictions among the analyzed features.
Higher SMAX values consistently led to lower predicted fatigue life. In contrast, lower
SMAX values (indicated in blue) were associated with increased fatigue life, in agreement
with well-established principles of fatigue mechanics [19,86,91].
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Compressive strength (FC) emerged as the second-most influential variable after
SMAX. Higher compressive strengths tended to increase the predicted fatigue life, indicat-
ing that stronger concretes can sustain higher stresses over more load cycles due to their
improved mechanical properties. The stress ratio (R) also demonstrated a moderate impact
on the predictions, with its influence depending on the interaction with other input features.
Meanwhile, the loading frequency (FHZ) exhibited a noticeable yet moderate effect on the
model outputs. Its SHAP values suggest that frequency remains an important parameter,
reinforcing findings from experimental studies that emphasize the effect of loading rate on
fatigue behavior [18,19,77].

Given the relevance of compressive strength (FC) and loading frequency (FHZ) high-
lighted in the SHAP analysis, additional investigations were conducted to further explore
their relationships with the predicted fatigue life. Thus, Partial Dependence Plots (PDPs)
and Individual Conditional Expectation (ICE) curves were generated for these variables, as
shown in Figure 17. Notably, PDPs and ICE plots were not constructed for SMAX and R,
as their strong influence on fatigue behavior is already well documented in the literature,
making their critical role self-evident.
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For loading frequency (Figure 17a), the PDP analysis reveals a clear and consistent
trend: as FHZ increases from 1 Hz to 10 Hz, the predicted fatigue life (LOG(N)) also
increases. The dashed line, representing the PDP, captures the average effect across the
dataset, showing that higher loading frequencies are associated with extended fatigue life.
This result is physically interpretable, as higher frequencies typically reduce the exposure
time per load cycle, thereby moderating damage accumulation mechanisms. The ICE
curves reinforce this observation, illustrating that individual instances predominantly
follow the same increasing trend, which indicates a stable and generalized influence of
frequency across the data.

In contrast, the analysis of compressive strength (Figure 17b) presents an intriguing
trend. The PDP suggests a slight decrease in the predicted LOG(N) as FC increases. While
this behavior may initially appear counterintuitive, it is consistent with experimental
evidence indicating that high-strength concretes, despite their superior performance under
static loading, tend to exhibit increased brittleness and reduced energy dissipation capacity
under cyclic compressive stresses. The ICE curves support this interpretation by showing a
coherent trend across individual predictions, reinforcing that although high compressive
strength improves the ultimate capacity, it may also adversely affect fatigue endurance due
to the material’s inherent fragility under repetitive loading.

Together, these findings emphasize the need for predictive models of fatigue life—
or S-N curves for cyclic compression in concrete—to account for mechanical resistance
properties (such as compressive strength) and loading characteristics (such as frequency).
Neglecting either parameter may limit the model’s generalization ability across different
concrete types and loading scenarios. The model developed in this study proved capable
of capturing these nonlinear and interacting effects, reinforcing its applicability as a robust
and interpretable tool for fatigue analysis in reinforced concrete design and durability
assessments.

To promote the practical application of the proposed model and facilitate its adoption
by engineers and practitioners, a user-friendly web-based interface, AI4SNConcrete, was
developed and is now publicly available on the research group’s website (https://ai4
snconcrete.dasmae.com/, accessed on 20 April 2025). This application allows users to
easily generate S-N curves to evaluate the fatigue life of concrete elements subjected to
cyclic compressive loading. The user must input three key parameters to use the tool: the
material’s compressive strength, the ratio between the minimum and maximum applied
stress, and the loading frequency. Based on these inputs, the application returns red points
representing the predicted LOG(N) values for different maximum stress-to-strength ratios.
A regression line is then fitted to these points, accompanied by an error margin of ±4%,
forming a complete S-N curve that can be directly used for fatigue design and assessment.
Figure 18 illustrates the web application’s interface, highlighting its simplicity and usability.
This platform bridges the gap between machine learning and engineering practice, offering
an accessible means of incorporating data-driven fatigue predictions into structural analysis
workflows.

https://ai4snconcrete.dasmae.com/
https://ai4snconcrete.dasmae.com/
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4. Conclusions
This study proposed a hybrid predictive model for estimating the fatigue life (LOG(N))

of plain concrete under cyclic compressive loading by integrating Support Vector Regres-
sion (SVR), Random Forest (RF), and Artificial Neural Network (ANN) models through a
stacking ensemble strategy. This approach successfully addressed key limitations observed
in conventional empirical models, offering higher predictive accuracy and better general-
ization capacity. Through the analysis conducted here, several important contributions and
results can be highlighted:

• Development of a highly accurate stacking-based hybrid model combining SVR, RF,
and ANN approaches to predict the fatigue life of plain concrete, achieving R2 = 0.965
and RMSE = 0.19.

• Identification that only four input variables—compressive strength (FC), maximum
stress ratio (SMAX), stress ratio (R), and loading frequency (FHZ)—are sufficient to
model concrete’s fatigue behavior accurately.

• Applying SHAP analysis to interpret the model, confirming SMAX as the most in-
fluential variable, followed by FC, with R and FHZ also playing significant, albeit
secondary, roles.

• Generation of Partial Dependence Plots (PDPs) and Individual Conditional Expecta-
tion (ICE) curves for FC and FHZ, providing a detailed and physically interpretable
understanding of how these features affect the predicted fatigue life.

• Developing and publicly releasing a user-friendly web application based on the
proposed hybrid model, allowing engineers and practitioners to easily generate
S-N curves for plain concrete under cyclic loading. This tool simplifies the ap-
plication of machine learning techniques in practice and can be accessed at https:
//ai4snconcrete.dasmae.com/ (accessed on 20 April 2025).

https://ai4snconcrete.dasmae.com/
https://ai4snconcrete.dasmae.com/
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The interpretability techniques applied here, including SHAP values and PDP/ICE
curves, not only validated the physical consistency of the model’s predictions but also
enhanced our understanding of the relative importance of the inputs considered. The
compressive strength (FC) and loading frequency (FHZ) were particularly influential,
highlighting the necessity of carefully considering these parameters in fatigue durability
models for concrete structures.

However, it is important to recognize some limitations. The predictive applicability
of the model is restricted to the ranges covered by the training dataset: compressive
strengths between 23.10 MPa and 116.00 MPa, maximum stress ratios between 0.62 and
0.95, stress ratios between 0.01 and 0.50, and loading frequencies between 1.00 Hz and
10.00 Hz. Extrapolations outside these domains may not maintain the same reliability.
Furthermore, the model was trained using data for plain concrete only. Therefore, it
does not account for the behavior of fiber-reinforced concretes or concretes subjected to
aggressive environmental exposures.

Future work should expand the database to incorporate a wider range of concrete
types, loading patterns (including variable amplitude fatigue), and exposure conditions
(such as freeze–thaw cycles and chemical attacks). Additionally, integrating uncertainty
quantification methods into the predictions would provide users with confidence intervals,
supporting safer engineering decisions. Expanding the web application’s functionalities to
accommodate different concrete classes, environmental exposures, and loading protocols
would further enhance its practical relevance for fatigue durability assessments in structural
engineering.
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