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Abstract: The investigation related to the serviceability
analysis, particularly in terms of crack spacing predic-
tion, has remarkably increased recently. In addition,
the prediction of serviceability analysis is highly depen-
dent and influenced by different physical and material
factors that contribute to the crack spacing of reinforced
concrete (RC) structures. As a result, the cracking phe-
nomenon has not been fully grasped due to these factors’
wide variety and complexity. Recently, soft computing
techniques have gained considerable popularity due to
their capability of learning and producing generalized
solutions and exhibiting desirable performance in terms
of time, effort, and cost. However, the literature on crack spa-
cing prediction using various machine learning approaches is
limited and insufficient. Therefore, this article is dedicated
to estimating the primary crack spacing of RC structures
using different machine learning methods. As a part of the
study, the findings of these approaches will be computed
and compared to the benchmark experimental results.
Besides, the results of the developed models will be com-
pared against that of available approaches in the literature
to highlight their reliability. Furthermore, a parametric
assessment will be conducted to emphasize the most influ-
encing input parameter on the primary crack spacing of RC
structures.

Keywords: reinforced concrete, serviceability analysis,
crack spacing prediction, machine learning techniques

1 Introduction

Concrete is considered a globally important structural
material in the field of construction due to its advantages
in tolerating intense compressive loads, adequately resisting
hostile conditions, and possessing the capability to be
molded into various shapes and forms [1]. However, the
tensile strength of concrete poses a critical detriment since
the tensile strength is much smaller than the compressive
strength of concrete. Accordingly, the considerable increase
in the tensile stresses is accompanied by the development of
cracks in the concrete where these cracks mainly depend on
different factors, including the bond properties between the
concrete and reinforcement, the rebar diameter and spa-
cing, the amount of steel in the tensile zone, and the con-
crete cover relative to the reinforcing steel. Moreover, the
width and spacing of cracks are directly associated with the
discretizationmechanism, which can be described as separ-
ating material into small-scale particles forming small-scale
cracks with random spacings [2]. The serviceability design
of concrete structures is inevitably influenced by the crack
width and spacing evaluation. Hence, reliable and coherent
modeling of crack width and crack spacing of reinforced
concrete (RC) structures is highly essential in producing
precise outcomes for the prediction of crack spacing of RC
to assure sustainable serviceability design [3]. Nonetheless,
the accuracy of serviceability analysis estimation based on
the several design codes and cracking methods showed low
values, where the error of these values was recorded to
occasionally be 100% [4–6]. In general, the majority of
analytic models utilized for estimating the behavior of
cracks in RC structures are developed according to the
typical concrete elements leading to limitations in accu-
rately predicting oversized concrete slabs implemented in
special structures such as power plants and offshore oil
platforms. These drawbacks and limitations can be parti-
cularly attributed to the RC’s mechanical characteristics,
including the disparity of values in the mechanical char-
acteristics and the bond-slip behavior of concrete and
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steel. In addition, the complexity of establishing reliable
analytic approaches is related to the complicacy of the
material, which is the result of the arbitrary behavior of
the composite structure in the concrete and the arbitrary
development of cracks. In fact, the development of crack
widths and spacing in the RC structure can be investigated
based on three types of crack models: rate-dependent,
gradient, and fracture-based energy crack models [7].
Thus, the conduction of the sensitivity analysis is highly
necessary for assessing contributive variables of cracks,
such as the exfoliation of concrete, steel reinforcement
exposure to various damage sources and levels, and the
maximum width of cracks [8].

The development of cracks in the concrete occurs
when an extensive amount of tensile stress is transferred
using the bond action where the resistance to these load-
ings is performed via the reinforcement, and the concrete
cannot endure the tensile stress. As a result, the tensile
stress is transmitted through the reinforcement to the
concrete, where the reinforcement exhibits a reduction
in the stress, and an equivalent increase in the stress is
expressed by the concrete, which is accompanied by an
increase in the distance from the crack, leading to a spa-
tial difference of stress up until the tensile strength of
concrete is achieved, and hence, a crack is formed.
Various cracking models have been developed over the
previous decades as attempts to precisely evaluate and
predict the most crucial factors in forming cracks in RC
structures. Generally, the experimental data represent
the mainstay for most developed cracking models based
on bond action between concrete and reinforcement bar
or empirical/semi-empirical methods [9–11]. The investi-
gation of the bond action method was originally pre-
sented in the work of Saliger [12] and Noakowski [13],
where the suggested mathematical expressions comprised
factors such as the compressive strength of concrete, the
bond stress, mean crack spacing, and the reinforcement
ratio. Another study by Broms [9] investigated the influ-
ence of the concrete cover on the development of cracks,
where he found that the relationship between the thick-
ness of the concrete cover and the mean crack spacing is
considered directly proportional. Borges [14] and Farra
and Jaccoud [15] evaluated the linearly proportional corre-
lation between the crack spacing with concrete cover
and the ratio of bar diameter-to-effective reinforcement
ratio and suggested experimental expressions based on
these independent parameters. The effective reinforcement
is directly associated with the effective concrete area,
demonstrating the ultimate empirical nature of the rela-
tionship. Despite the fact that there is no definite agree-
ment regarding the impact of the bar diameter-to-effective

reinforcement ratio on the crack spacing was reached,
some prominent design codes such as Eurocode 2 [16]
and CEB-FIP [17] consider this variable. Beeby [18] con-
cluded the crucial impact of the spacing between reinfor-
cing bars on the magnitude of crack spacing. Moreover,
the dominance of concrete cover thickness on the cracking
behavior of concrete compared to the bar diameter-to-
effective reinforcement ratio was shown. Another study
conducted by Oh and Kang [19] proposed a semi-experi-
mental expression for the crack spacing in reference to the
axial strain and bar diameter. A comprehensive assess-
ment concerning the most influential independent para-
meters, such as concrete cover thickness, bar diameter to
effective reinforcement ratio, and spacing of bar reinforce-
ments, on the crack spacing presented in the majority of
international codes, was carried out by Lapi et al. [20]. A
distinctive group of crack spacing models that depends on
the fracture mechanics was introduced by Oh and Kang
[19] and Wang et al. [21]. The direct and indirect investiga-
tion of the cracking phenomenon is still considered a com-
plex process nowadays due to the variety of physical and
material variables where only partial comprehension of
the cracking phenomenon is achieved [22,23]. This can
be partially attributed to the limited compatibility between
the physical/mechanical variables, such as concrete com-
pressive strength, concrete cover thickness, or spacing
of bar reinforcement and the empirical ones such as bar
diameter-to-effective reinforcement ratio, resulting in the
lack of harmonization between the deformed RC element
and the cracking and hence, incapability to conclude the
dispersed outcomes of the cracking analysis [20,24]. None-
theless, a novel approach based on the strain compli-
ance of the reinforcing bars, which demonstrates the
equality of the mean strains via mean strain and stress
transfer approaches, was suggested by ref. [25] and later
improved by refs. [26,27]. This innovative technique
showed an adequate and precise embodiment of RC ele-
ments’ crack spacing and mean strain behavior. Accord-
ingly, the application of this approach can be extended
to include the serviceability analysis of the cracking of
the concrete as far as strain compliance is guaranteed
since it presents a uniquely versatile framework com-
posed of diverse sets with various principles. However,
further investigations and comparisons with other methods
via experiments and examinations are required to expand
this approach’s applications and reduce its drawbacks.
Currently, multiple methods to estimate the primary crack
spacing exist, including code-based methods such as the
Eurocode 2 [16] and CEB-FIP [17], strain compliance
approach (Figure 1), and artificial neural network (ANN)-
based method.
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Indeed, the numerical approaches reflected their sub-
stantial capability in accurately forecasting the crack spa-
cing of RC elements in case the proper understanding
of the reinforcement and concrete behavior is ensured
regardless of the complexity and time consumption for
applying these techniques [28]. Implementing numerical
models can be expanded to include the cracking models
associated with fracture mechanics [29] and the complex,
large-scale RC structures such as power plants and dams
[30]. Recently, the utilization of ANNs as one of the numer-
ical approaches for predicting crack spacing has slightly
increased. ANN can be described as an adaptive mathe-
matical model composed of many interlinked artificial
neurons that simulate the processes of biological neural
networks in the brain to model complicated relationships,
detect existing patterns in the data, or calculate outputs
[31]. The early application of ANN and machine learning
targeted the estimation of concrete mechanical character-
istics, including the strength of the concrete mix [32]. The
superiority of ANN stems from its capability to develop and
determine the relationship between the evaluated factors
based on the investigated data, hence allowing for gener-
alizations of the estimations for new cases. Furthermore,
these models can improve over time by constantly feeding

data to the models to establish relationships indepen-
dently from users and clear of any preliminary presump-
tions. Some research articles aimed to derive mathematical
equations and formulas for the fracture energy of concrete
using ANN [33]. The current orientation of studies is
toward deploying deep convolution networks for identi-
fying cracks via image sources compared to serviceability
analysis, such as forecasting crack spacing and crack
width of concrete [34–38]. Even though numerous studies
investigated the performance of ANN in predicting crack
width [39,40], the incorporation of ANN in the evaluation
of crack spacing is excessively scarce. Elshafey et al. [31]
performed a study to estimate the mean crack spacing of
concrete using ANN and concluded to be limited due to the
insufficiency of adequate network calibration and reliable
data. The behavior of ANN is highly sensitive to the
number of data points where alternation of the initial
weights is considerably impactful [41]. On the other hand,
new soft computing techniques, known as ensemble
machine learning models, have been extensively applied
over the past few years. On the other hand, the capability
of these models in estimating the primary crack spacing is
unclear andmust be highlighted to understand the various
methods that can be used in such tasks. Thus, this study

Figure 1: The principles of the strain compliance approach.
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extensively investigates the performance of various machine
learning models to predict the primary crack spacing of RC
elements. Besides, it compares the estimation results to
available alternatives to report the reliability of the devel-
oped approaches. Ultimately, the study conducts a para-
metric assessment that investigates the impact of each input
variable on the output of the models.

2 Research significance

The significance of this research lies in the application of
soft computing techniques to estimate the primary crack
spacing in RC structures, which is a critical aspect of
serviceability analysis. Accurate predictions of crack spa-
cing are essential for ensuring the structural integrity,
durability, and safety of such structures. The complex
interplay of various physical and material factors affecting
crack spacing has made it challenging to develop a com-
prehensive understanding of the cracking phenomenon.
This study addresses this gap by employing different
machine learning methods for predicting crack spacing
in RC structures. By comparing the results of these
methods with benchmark experimental data, the research
provides valuable insights into the effectiveness and relia-
bility of machine learning-based models in this context.
Furthermore, the comparison of the developed models
with existing approaches in the literature will showcase
the advantages and potential improvements offered by the
proposed methods. The parametric assessment conducted
as part of this study also contributes to a deeper under-
standing of the most influential input parameters on pri-
mary crack spacing. This knowledge can inform the design
and construction of RC structures, leading to better control
of cracking behavior and enhanced serviceability perfor-
mance. Finally, while this study offers more theoretical
rather than application information, its findings have
potential implications for curved RC structures, which
are often used in the construction of bridges, tunnels,
and other infrastructure projects. These structures have
unique geometries that can lead to complex cracking
patterns, making crack spacing prediction particularly
challenging. Therefore, the use of the best soft com-
puting model that will be suggested at the end of this
study can learn and produce generalized solutions and
exhibit desirable performance in terms of time, effort,
and cost, which can be particularly beneficial for such
structures. Hence, the ability to accurately predict crack
spacing in such structures can contribute to their long-
term durability and safety, ultimately benefiting the

broader civil engineering community and society as a
whole. By demonstrating the applicability and potential
advantages of soft computing techniques in estimating
primary crack spacing, this study paves the way for
further research and development in this crucial area
of structural engineering.

3 Research methodology

In this section, a comprehensive discussion of different
machine learning models utilized for estimating crack
spacing of concrete is conducted. This article aims to inves-
tigate the performance and adequacy of these machine
learning models in predicting the crack spacing of concrete.
In addition, a comparison between the tested machine
learning models’ results is carried out to determine the
best model. The general methodology adopted in this study
is shown in Figure 2.

3.1 Database selection

This study utilizes the large dataset prepared and collected
previously by Kaklauskas [1,27] to developmachine learning
models that can forecast the crack spacing of concrete. The
dataset comprises 96 rectangular sections of RC beam and
slab samples evaluated experimentally. The descriptive sta-
tistics of the database are shown in Table 1.

3.2 Machine learning approaches

A decision tree (DT) can be considered one of the most
important and powerful machine learning approaches

Figure 2: Demonstration of the implemented research methodology.
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used for classification and prediction. The learning of the
DT can be achieved by dividing source data into subsets
depending on the attribute value test, and recursion of
this splitting process is performed for each resulting
subset, known as recursive partitioning. The recursion
process is terminated when the division of the subsets
contributes to no additional value or when the same
value is observed in each node. One of the critical merits
of the DT method is the evaluation of all potential out-
comes and tracing each path to a conclusion by per-
forming an extensive investigation of the results for all
branches to specify the decision nodes that demand more
analysis. The most fundamental advantages of the DT
approach are the classification without demanding much
computation time and the capability of dealing with con-
tinuous and categorical variables. The primary disadvan-
tages of this method are the possibility of producing errors
in the classification problems and the expensive computa-
tions for training the DT model.

Random forest (RF) is the combination of tree pre-
dictors where the selection of a random vector is con-
ducted individually for each tree. This method is based
on the simultaneous training of multiple DTs with boot-
strapping, where different subsets of the training dataset
using various subsets of existing features are maintained.
The overall variance of RF is typically minimal due to the
uniqueness of each single DT. Accordingly, the aggrega-
tion of the individual DTs aims to generate adequate
generalizations with high accuracy and devoid of any
overfitting issues. The intersection between DT and RF
classifiers is the lack of feature scaling and the ease of
tuning the hyperparameters. In contrast, the difference
between these two approaches is that the RF classifier
is considered more robust in terms of training samples
and noise in the training dataset, and the RF classifier is
more complex in interpreting the results.

Extremely randomized trees (ERT), also known as
extra trees, are an approach for randomly selecting the
splits inside the tree’s nodes. This method develops
numerous trees with several feature subsets where boot-
strapping can later be incorporated into the ERT structure.
The most paramount advantage of ERT is the minimization
of different biases, which are produced in various subsets
of the data during the sampling of the whole dataset
during the building of the trees. Moreover, another advan-
tage of the ERT method is the minimization of variance
produced during the splitting of the nodes within the
DTs, indicating no significant impact by particular features
or patterns in the dataset.

Adaptive boosting (Ada) is one of the most prevalent
machine learning models that is implemented as anTa
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ensemble method. This approach adopts the DTs algo-
rithm with only one split, which is known as decision
stumps. This approach aims to combine numerous weak
classifiers to generate one strong classifier. Even though
estimating by a single tree is usually low, the incremental
learning performed within different weak classifiers can
lead to constructing one strong model. The fitting of the
Ada classifier is conducted over the entire dataset, fol-
lowed by additional classifier fitting where the wrong
weights of the examples are adjusted.

Stochastic gradient boosting (GB) is a well-known
repeated version used for regression and classification.
This method was originally developed to reduce the
loss function, where the main difference between this
method and the Ada approach is that the objective of
GB is to minimize the loss function of the learner via the
addition of weak learners using gradient descent. The
primary merits of this approach are the high flexibility in
optimizing several loss functions and providing various
hyperparameter options, as well as the suitability in dealing
with numerical and categorical values. On the contrary, the
main disadvantages of this method are the possibility of
causing overfitting due to the continuous reduction in errors,
which demand cross-validation to neutralize this, and the
requirement for many trees exceeding 1,000, leading to
expensive computation in time and memory.

Extreme gradient boosting (XGB) is a machine
learning approach that implements DTs as base learners,
where any individual learning algorithm can be utilized in
an ensemble method. This approach assigns a particular
weight to each independent parameter, which is later
placed in the DT for predicting the outcomes. The wrongly
predicted parameters are assigned more weight before the
second placement in the DT. A combination of these
unique classifiers and predictors is performed to generate
a robust model, indicating the significant influence of
weights in the algorithm. Thus, XGB utilizes a normalized
model formalization to handle the overfitting issues and
produce far higher accuracy.

3.3 Model development and
hyperparameters tunning

This section discusses the method adopted in this study
for developing the machine learning model. In general,
the grid search approach with k-fold cross-validation was
adopted for optimizing the hyperparameters during the
training stage, where a set of 10 folds and many para-
meters were implemented for each machine learning

model. Afterward, the optimal results were used for
testing the model, in which 80% of the database was
used for training each model, and the remaining 20%
was used for testing them. The model development and
estimation were entirely handled in python. Thereafter, the
optimal hyperparameters is selected and the model perfor-
mance is controlled using the testing dataset. Finally, the
model’s performance is reported in this study by compar-
ison with other machine learning approaches. The flow-
chart of the approach implemented for constructing these
models is summarized in Figure 3.

3.4 Models’ performance assessment

The goodness of fit of the linear regression model was
determined using the coefficient of determination (R2)
where the fraction’s numerator is related to the undeter-
mined differences by the response-independent para-
meters and the fraction’s denominators are related to
the differences in the response, Eq. (1) [42]. The coeffi-
cient values range varies between 0 and 1, where 1 repre-
sents the strongest linear relationship. Generally, the
root-mean-square error (RMSE) is widely utilized for
computing the difference between the observed and pre-
dicted values, Eq. (2). Another error analysis used in this
study is the mean absolute error (MAE), which measures
the variance between the absolute estimated and mea-
sured values, Eq. (3).
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Figure 3: The methodology used for developing the machine
learning model.
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Figure 4: Performance of the selected results.
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where xi is the measured value, xi̅ is the mean of the
measured values, yi is the predicted value, yi̅ is the
mean of the predicted values, and n is the number of
observations.

3.5 Feature importance and partial
dependence analyses

Indeed, understanding the impact of each input para-
meter on the prediction is a vital task to achieve a good
estimation model. There are several innovations in machine
learningmodels, such as the ability to do parametric assess-
ments by evaluating the importance of each input para-
meter. Numerous articles have applied feature importance
and partial dependence assessments in machine learning
parametric analysis. The idea of partial dependence ana-
lysis is the calculation of the model’s loss in terms of the
degree of fitting caused by variations in a particular input.

On the other hand, the relevance of feature importance
analysis stems from its capacity to determine the impact
of deleting a particular input variable on the quality of
the model and, consequently, the value of the prediction
output. To analyze the effect of each input parameter on
primary crack spacing, feature importance and partial
dependence analysis were performed in this work.

4 Results and discussion

The performance and efficiency of variousmachine learning
models for predicting the primary crack spacing of RC struc-
tural elements were comprehensively discussed and inves-
tigated, and a comparative evaluation of these models was
conducted to determine the best model. In general, the effi-
cacy of machine learning models in the training dataset
reflected higher results and better performance than the
testing dataset indicated by the concentration of the values

Figure 5: Comparative of the machine learning models’ outcomes.
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near the equity line, as shown in Figure 4. The performance
of the XGB machine learning models showed the best
results among all models, whereas the DTmachine learning
performance demonstrated the worst case.

A comparison of the estimated outcomes of the machine
learning models with the observed outcomes for the training
and testing datasets was conducted, as illustrated in Figure 5.
In fact, the highestmean crack spacing in the training dataset

was exhibited by the Ada model reaching the value of
0.387m followed by DT, RF, ERT, and GB models as well
as the measured case, which all marked the same mean
crack spacing value of 0.35m. Furthermore, the lowest
mean crack spacing value was recorded in the case of
the XGB model, which displayed a slightly smaller value
than the remaining models, with a value of 0.349m. The
highest mean crack spacing value in the testing dataset
was represented by all machine learning models with an
approximate value of 0.342m, whereas the lowest mean
crack spacing was expressed by the measured case with a
value of 0.31m.

The difference between the observed and predicted
values was computed using the residual analysis approach
for validating the unspecified outcomes, Eq. (4).

( )= −e y ŷ .i i i (4)

Regarding the training dataset, the residual of the sev-
eral machine learning models was demonstrated over the
entire observation numbers, as shown in Figure 6. In fact,

Figure 6: Residuals of the machine learning models for the training and testing datasets.

Table 2: Performance of the selected machine learning models

R2 MAE RMSE

Training Testing Training Testing Training Testing

DT 0.997 0.888 0.001 0.022 0.004 0.030
RF 0.997 0.898 0.001 0.022 0.004 0.028
ERT 0.997 0.927 0.001 0.019 0.004 0.024
Ada 0.993 0.907 0.003 0.022 0.006 0.027
GB 0.997 0.927 0.001 0.019 0.004 0.024
XGB 0.997 0.949 0.002 0.016 0.004 0.020
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the concentrated values of the tested machine learning
models were represented over the entire observation
number except for the Ada model. Accordingly, the RF
model observed the highest residual result roughly at
0.021 m, while the lowest residual result was recorded
in the Ada model exactly at −0.02 m.

As can be seen in Table 2, R2 was determined for the
training and testing datasets of the examined machine

learning models. In general, the values of R2 for the
training and testing datasets are, to a certain extent,
similar. All tested machine learning models scored a
value of 1 during the training stage except for the Ada
model, which reached a value of 0.99. Regarding the
testing dataset, the values of R2 varied considerably.
The XGB model achieved the highest R2 value of 0.95,
while the lowest R2 value of 0.89 was observed in the

Figure 7: Performance of the machine learning models against other techniques.

Figure 8: Benchmarking the residuals of the machine learning models against other techniques.
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case of the DT model. The MAE results of the evaluated
machine learning approaches for the training and testing
datasets were represented. The MAE of the machine
learning models for the training dataset reflected excellent
values, where the MAE value for all machine approaches
was 0.001–0.003m. On the contrary, the lowest MAE
value was recorded in the XGB model with a value of
0.016–0.02m, while the highest was recorded in the DT,

RF, and Ada models. Another error analysis method
(RMSE) was computed to evaluate the efficiency of all
machine learning models for the training and testing
datasets, as presented in Table 2. The RMSE of the
training dataset showed a perfect value for all machine
learning models with a result of 0.004m, except for the
Ada model with a result of 0.006m. On the other hand,
the highest RMSE value during the testing stage was

Figure 9: Statistical visualizations of the machine learning models against other techniques.

Figure 10: Parametric assessment using feature importance of the input parameters in the XGB model.
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expressed at 0.03m in the case of the DT model, whereas
the lowest RMSE value was reached at 0.02m in the case
of the XGB model.

Figures 7 and 8 compare the performance of the
machine learning models against five prediction methods
presented by Ramanauskas et al. [3], which are Reineck,
strain compliance, Eurocode 2, CEB-FIP (model code
2010), and ANN approaches. The first approach was pro-
posed by Reineck [43], where he discussed the structural
performance of the prestressed concrete slabs from cracking
where the shear force is fundamentally transferred in the
web. He derived a mathematical equation for detecting the
crack width in the web by determining the ultimate shear
force within the web. The second method is strain compli-
ance based on the average strains’ equality via average
strain and stress transfer techniques. In addition, the third
prediction method is Eurocode 2 [16], which provides a
mathematical expression for computing the average crack
spacing considering the effect of the concrete cover. The
fourth prediction method is model code 2010 by the CEB-
FIP [17], which calculates the crack spacing based on the
bond-slip length. Finally, the last prediction method is a
feed-forward back-propagation ANN with the Levenberg–
Marquardt training function. The highest residual values

representing the lowest accuracy and worst efficiency were
recorded precisely at 0.4m in the case of Eurocode 2, fol-
lowed directly by the model code 2010 and Reineck, where
the results of these prediction methods were scattered and
dispersed. On the other hand, the examined machine
learning models exhibited the lowest residual values repre-
senting the highest accuracy and best efficiency, where the
results were concentrated and condensed. Finally, the
results of machine learning models act as a benchmark
for other prediction techniques.

A comparative assessment of the performance of the
investigated machine learning models with the prediction
methods provided in ref. [3] is illustrated in Figure 9. The
testedmachine learningmodels were observed tomark the
exact mean crack spacing of the experimental measure-
ments with a value of 0.394m. The lowest mean crack
spacing values were expressed in the case of Eurocode 2,
followed by model code 2010 and strain compliance with
values of 0.199, 0.265, and 0.3m.

Finally, a parameter assessment of the impact of the
input variables on the prediction of the machine learning
models is given in Figures 10 and 11. It can be seen that
the concrete elastic modulus holds the highest impact on
the prediction decision of the machine learning model,

Figure 11: Influence of input parameters using partial dependence curves through the XGB model.
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whereas the tensile strength of concrete holds the lowest
impact. In addition, it can be seen from the partial depen-
dence curves that there is a positive relationship between
the section height and the crack spacing, whereas there is
a negative relationship between the area of compression
bars and the crack spacing. Conversely, the other vari-
ables have a flaunting trend with respect to the crack
spacing.

5 Conclusion

This article aims to study and examine the effectiveness
and performance of different machine learning models in
predicting the primary crack spacing of RC structures. In
addition, a comprehensive comparison between the out-
comes of these machine learning models with the other
prediction techniques and the experimental measure-
ments was performed.

On the basis of the aforementioned statement, the
following conclusions are drawn:
• The tested machine learning models showed satisfac-
tory capability in accurately estimating the primary
crack spacing.

• The DT, RF, and Ada models provide the highest MAE
errors, while the XGBmodel achieves the best performance.

• The residuals of the evaluated machine learning models
demonstrated concentrated values about zero over the
entire observation numbers in the training dataset in
contrast to the testing dataset, which displayed scattered
values, with DT and RF having the worst results.

• Compared to other techniques available in the litera-
ture, the highest residual value, and hence the lowest
accuracy of the mean crack spacing, was produced in
the case of the Eurocode 2 followed by model code 2010
and Reineck methods. On the contrary, the lowest resi-
dual, and hence the highest accuracy of the mean crack
spacing, was seen in the case of the XGB model, which
represents the reliability of this technique.

• The concrete elastic modulus holds the highest impact
on the prediction decision of the machine learning
model, whereas the tensile strength of concrete holds
the lowest impact on the decision of the machine
learning models.
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