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Abstract 
This paper presents a data-driven modeling methodology based on 
Explainable Artificial Intelligence (XAI) integrated with Genetic 
Programming (GP), called XAI-GP, to develop a transparent and 
practical model for predicting the shear strength of High-Strength 
Concrete (HSC) beams without shear reinforcement. First, three AI 
models were trained using empirical data from the literature, and the 
most accurate model was selected. XAI techniques (SHAP and 
Breakdown explainers) were then applied in a structured manner to 
identify key input parameters influencing ultimate shear stress, 
ensuring model robustness and preventing misleading conclusions. 
Using these insights, a new shear strength expression was formulated 
via GP, balancing accuracy, safety, and compliance with design 
standards. The XAI-GP model was evaluated against empirical models 
from concrete design codes and previous studies, explicitly 
considering both safety and accuracy. Results demonstrate that XAI-
GP enhances predictive performance while ensuring usability and 
trustworthiness for engineers.
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1. Introduction
According to the American Concrete Institute, High-Strength Concrete (HSC) is defined as concrete with a speci-
fied compressive strength of 55 MPa (8000 psi) or greater1. This remarkable material has a significant impact on 
modern structural design due to its superior mechanical performance, including not only higher compressive  
strength but also long-term durability and higher stiffness, among others2–4. All tallest buildings and several  
long-span bridges constructed in the last 20 years have some structural contribution from HSC1. However, 
many empirical models used to predict concrete properties or design structural members are based on tests using  
concrete with compressive strengths lower than 55 MPa1. The current availability of data for higher strength con-
cretes requires that the models be re-evaluated to determine their applicability to HSC. Therefore, caution should  
be exercised when extrapolating empirical models from lower to higher strength concretes1,5. In the particular 
case of the shear strength, there is general agreement among researchers that the expressions provided in major  
design codes for the contribution of concrete to shear resistance are conservative for HSC1,6,7. This conservatism  
can be seen as beneficial in terms of reliability but unfavorable in terms of sustainability and cost, especially 
when dealing with tall buildings and long-span bridges. This calls for the need of further research to better  
represent the actual shear resistance of HSC, which can be distilled into future versions of the design codes.

Over the years, extensive experimental work has been carried out to determine the shear strength of HSC.  
Zsutty (1968)8 pioneered this field of research, proposing prediction models based on data combining dimen-
sional analysis and statistical regression. Following Zsutty’s work, other authors have developed new shear  
strength models based on their own experiments, offering valuable insights into the various geometry and mate-
rial parameters influencing the shear resistance of HSC2,9,10. However, statistical and numerical models have 
limited validity because they rely on small datasets and simplifications. These models become inadequate to  
understand the influence of other input parameters not included in the models, or when trying to extrapolate 
results to different datasets11,12. In this sense, modern Artificial Intelligence (AI) techniques have become a viable 
and powerful alternative to exploit the full potential of the existing databases13. Recent literature reviews in the  
context of AI-based modeling of HSC shear strength are found in 11,14. One of the pioneering works in this area 
is by Cladera and Marí (2004)15, who developed an Artificial Neural Network (ANN) model for shear resistance  
in slender beams and, based on a parametric study using the ANN model, they derived a new expression for 
shear strength in Normal Strength Concrete (NSC) and HSC. In line with this study, subsequent research works  
have corroborated the superior performance of diverse AI modeling methodologies when compared to conven-
tional models, including those given by the design codes. Some examples can be found in 4,16–19 using ANNs, 
or using other AI strategies including Genetic Programming (GP)20–25, Support Vector Regression (SVR)26, Extreme  
Learning Machine (ELM)27,28, Model Tree Algorithm 529, Gradient Boosting Regression Tree (GBRT)30, and  
Gaussian Process Regression (GPR)31, among others. These AI-based models are developed using large data-
bases, leading to higher accuracy, flexibility, and robust generalization capability when fed with other datasets.  
Nevertheless, the majority of these models suffer from the black-box problem32, being opaque to most end users and 
therefore increasing the risk of incorrect predictions33. In this context, recent studies have focused on eXplainable  
Artificial Intelligence (XAI) techniques1 to shed light on input parameter contributions to the output of the AI  
model. This knowledge is crucial for understanding the relative influence of various internal mechanisms govern-
ing the shear strength (e.g., aggregate interlock), as represented by input parameters (e.g., maximum aggregate  
size), on model prediction. The pioneering contribution in this field is by Mangalathu et al. (2020)34, who employed 
the SHapley Additive exPlanations (SHAP) explainer technique to identify and rank the significant input param-
eters affecting various failure modes of reinforced concrete columns and shear walls. Their study concluded 
that geometric input parameters and reinforcement indices are the critical parameters influencing failure modes. 
In subsequent research, Mangalathu et al. (2021)35 used different AI models such as Ridge Regression (RR),  
SVR, Decision Tree (DT), K-Nearest Neighbours (KNN), Random Forest (RF), Adaptive Boosting (AB), and  
eXtreme Gradient Boosting (XGBoost), which were coupled with the SHAP technique to analyze the importance 
and contribution of the factors that influence the punching shear strength in concrete slabs without transverse  
reinforcement. They found that the material parameters have a greater influence on the shear strength of flat 
slabs than the geometric parameters. In line with these pioneering works, other authors have recently adopted the 
SHAP technique as explainer to understand the role of various parameters in the shear strength in application to  
deep beams36, flat slabs37,38 and slender steel fiber-reinforced concrete beams30,39.

1XAI is a broad field that includes various techniques aimed at interpreting and explaining AI models, encompassing all types of machine 
learning (ML) models. According to the taxonomy proposed by Arrieta et al. (2020)40, XAI techniques can be applied to both AI and  
ML models. To ensure consistency in terminology, we will refer to all ML models simply as AI models throughout this work.
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These previous works on XAI have brought a significant advance in the AI modeling of shear resistance with 
emphasis on the use of SHAP explainer, but they also pose some limitations. A number of these worksare focused  
on using the SHAP model as a global explainer across the entire dataset30,36,41–43. A major issue with this approach  
is that although the SHAP explainer is designed to provide explanations both for individual samples as well 
as at a global model level44, it is not elucidating nor representative enough interpreting global model explain-
ers via mean absolute value or any averaging processes of the individual SHAP results45. Furthermore, when the  
SHAP model is applied globally, small changes in the datasets and input distributions can lead to different results 
and conclusions45–47. In addition to implementing the SHAP explainer on a global scale based on averaging  
processes, a few studies also use it as a local explainer. These studies focus explainability analyses on a few 
samples for the input parameters and provide interpretation results without considering the behavior of the  
AI model in the vicinity of those points35,43. A reliable and explainable model should ideally produce similar  
results around the selected samples. However, most of the cited studies above have overlooked this aspect when 
using explainer techniques in their analysis. Also, in real case studies, where multiple input parameters with 
wide ranges of definitions are involved (e.g., compressive strength, shear span, etc.), explainers may behave  
differently in certain sub-ranges of the inputs45. Therefore, focusing the explainability analysis on just a few 
samples can lead to incomplete or misleading conclusions if the selected points do not cover well the entire  
range of definitions of parameters.

Lastly, a new current in the XAI field criticizes game theory-based explainability techniques such as SHAP due to 
their ability to provide features with little actual impact on a prediction—according to SHAP scores—with more  
importance than features with a meaningful impact on the same prediction48. This discrepancy raises con-
cerns about the continued practical use of tools that approximate SHAP scores, especially in high-risk 
and safety-critical fields. To address these challenges, this paper introduces a three-stage approach called  
XAI-Genetic Programming (XAI-GP). First, three stacked ensemble AI models for shear strength are obtained 
based on published datasets49–53, and the best-performing AI model is selected based on performance metrics. 
Second, the datasets are clustered based on the compressive strength of concrete '

cf , which is a key parameter  
representing the mechanical behavior of the HSC. This allows for the systematic selection of different samples  
within each cluster. Then, SHAP and Breakdown (BD) explainers are applied to shed light on the non-linear  
contribution of each input parameter to the ultimate shear stress results, as predicted by the AI model. Third, 
based on the results of the explainers in the local stage using multiple samples covering different ranges of the  
compressive strength of concrete ( '

cf ) and genetic feature selection, the most influential parameters are selected 
to serve as input for a newly generated expression for shear strength using symbolic regression by GP54.  
The overall methodology is demonstrated using a dataset comprising 250 samples of shear strength for HSC 
slender beams without shear stirrups, gathered from various published sources49–53. The input parameters con-
sidered in this study include the effective depth of the beam (d), the maximum aggregate size (a

g
), the width of 

the beam (b), the shear span (a), the compressive strength of concrete ( '
cf ), and the percentage of tension  

reinforcement (ρ). The results show that ρ and a stand out as the most influential parameters, followed by 
other input parameters d,� '

cf , b, and a
g
, respectively. Also, it is shown that the newly derived mathematical  

expression for estimating shear strength demonstrates superior performance compared to existing models in 
the literature, including those from building standards. This new mathematical expression incorporates a safety  
factor, which enhances the safety margin, providing more reliability when used for structural design.

The remainder of the paper is organized as follows: Section 2 provides an overview of the mechanism of shear 
strength in concrete and an overview of the explainable techniques; the methodology to predict the ultimate 
shear stress of HSC through the explainable AI is discussed in Section 3; the results and discussion are presented  
in Section 4; finally, conclusions are provided in Section 5.

2. Background
2.1. Overview of shear strength modeling in HSC concrete without transverse reinforcement
According to the literature and the design standards, the shear strength provided by concrete is taken as the shear 
causing inclined cracking55–57. After cracking, the shear-transfer actions that contribute to the shear strength of  
reinforced concrete members without transverse reinforcement are the beam, and the arch actions. The beam  
mechanism can transfer the shear by the cantilever action, the aggregate interlocking, the residual tensile strength 
of concrete, and the doweling action of the longitudinal reinforcement bars. With respect to the arch mecha-
nism, the shear is transferred through the inclined compression chord. All these shear-transfer mechanisms 
ultimately depend on a set of known physical parameters, mainly the concrete compressive strength ( '

cf ), the  
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effective depth (d) and width of the beam (b), the shear span (a), the maximum aggregate size (a
g
), and the per-

centage of tension reinforcement (ρ), among others. Nevertheless, there is still no general consensus on the rela-
tive importance of these parameters and their associated shear transfer mechanisms in governing the overall  
shear strength in either NSC or HSC58. In particular, it is known that the way in which these mechanisms, and 
therefore their representative parameters, contribute to the ultimate shear strength varies from one experiment  
to another, depending on the crack pattern and its kinematics at failure, although the overall shear strength 
may be similar59,60. It may also vary from NSC to HSC2. This lack of knowledge is also reflected in the design 
codes, whose provisions for shear design are based on empirical models, which may differ from one code to  
another, as shown in Table 1. In particular, it is evidenced in Table 1 that two of the most significant building 
standards codes, namely, ACI-318-1961 and Eurocode 2 (EN 1992-1-1)62, respectively, propose markedly dif-
ferent empirical models for determining the shear strength of concrete beams without shear reinforcement.  
Moreover, these codes do not distinguish between NSC and HSC, which may result in an underestimation the 
shear strength of HSC18,63,64. In contrast, the recently revised Eurocode 2 (FprEN (1992-1-1:2023))65 offers a  
specific expression for shear capacity of beam elements without shear reinforcement in HSC. The same 
lack of consensus about influential shear transfer mechanisms and the role of their associated parameters 
is also observed in the literature. For example, Taylor (1970)66 proposed that in NSC with a compressive  
strength between 26 and 49 MPa, the aggregate interlocking, the inclined compression chord, and the dowel-
ing action contribute to shear strength within ranges of 33–50%, 20–40%, and 15–25%, respectively. In contrast,  
in HSC, cracks appear suddenly in a relatively smooth fracture surface2,67,68, which affect the shear strength of 
concrete by reducing69 or even neglecting70 the influence of the aggregate interlock. In this context, Mphonde  
(1988)71 proposed that in HSC with a compressive strength between 62 and 90 MPa, the aggregate interlocking,  
the inclined compression chord, and the doweling action contribute to shear strength within ranges of 0%,  
16–26%, and 31–74%, respectively. Regarding modeling, Zsutty (1968)8 conducted a pioneering work in this 
field. He used dimensional analysis and statistical regression methods to propose two models for shear capacity  
estimation based on the ratio ad . To this end, he categorized the data based on the� ad  values and applied the regres-
sion method separately for� a

d  ≥ 2.5 and� a
d  < 2.5. This categorization of data was useful because samples with�  

a
d  ≥ 2.5 were influenced by beam action, while those with� a

d  < 2.5 were influenced by arch action. Several 

Table 1. The suggested models exist in the literature to estimate shear strength.

Author Model Description

ACI-318-1961 . '=
c

λ f0 11V bd

λ: modification factor 
'
cf  : compressive strength of concrete 

b: width of the beam 
d: depth of the beam

Eurocode 2 (EN 
1992-1-1)62 , ( )'=

 
 
 
 

Rd c ρ
1
3100 cV C k f bd

C
Rd,c: safety coefficient, C

Rd,c = γ
0.18

c
 

γ
c
: partial safety factor 

k: size effect coefficient, k = 1 + 200
d  ≤ 2.0 with d in 

mm 
ρ: tension reinforcement ratio, ρ = s

A

bd
 ≤ 0.02 

A
s
: area of tensile reinforcement

FprEN (EN 
1992-1:2022)65 ( )'=

 
  c

v

ρf
γ

1

30.66
100 dgd

V bd
d

d
dg

: failure zone property 
d

dg
 = 16mm + D

lower
 ≤ 40mm for '

cf  ≤ 60 MPa 
d

dg
 = 16mm + D

lower
 '

 
 
  cf

60
2

 ≤ 40 mm for '
cf  ≥ 60 MPa 

D
lower

: smallest sieve size in aggregate 
γ

v
: safety factor

El-sanadadey  
et al. (2016)4 ( )'

−
 
  =

 
  c

ρ
f

0.62 0.45
0.18 275000.73

d
V bd

a

d

a: shear span 
ρ: tension reinforcement ratio, ρ =� s

A

bd

Hamrat et al. 
(2010)2

'= <   
      cf ρ

0.47

3.88 2.5d a
V bd

a d

'= ≥   
      cf ρ

0.41

2.40 2.5d a
V bd

a d
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attempts to refine and build upon the Zsutty (1968)8 work have arisen in the literature to improve the existing  
shear capacity models49,70,72–74. In particular, Hamrat et al. (2010)2 conducted a study using video recording and 
laboratory experiments to investigate the role of ρ,� a

d  and� '
cf  on specimens. They found that most building code 

models perform well when a /d ≥ 2 and that shear capacity depends more on the shear-span/depth ratio (ad ) and  
the longitudinal steel ratio (ρ) and relatively less so on the compressive strength ( '

cf ) in the case of HSC. In  
addition to these valuable insights about the influence of factors on shear capacity, they suggested a new 
model generated by multiple linear regression analysis that can be used for both NSC and HSC samples. In line  
with previous studies, a subsequent research effort was carried out by El-sanadedy et al. (2016)4. They utilized 
their sensitivity analysis findings, obtained via ANN, to derive a model for shear capacity that outperforms other 
models. In 2022, the European Committee for Standardization published a new version of the Eurocode (FprEN  
(1992-1-1:2023))65 for concrete structures, which includes several modifications to the shear capacity model, 
particularly regarding the impact of aggregate size. The new model proposed by the Eurocode (FprEN  
(1992-1-1:2023)), along with the previously discussed models, is summarized in Table 1 and is further compared  
with the model proposed in this study.

From observation of Table 1, it is evident that although different models account for different governing  
shear-carrying actions in different ways, the final expressions account for similar parameters with similar  
influences and, in most cases, fit in a similar manner compared to available datasets58.

2.2. Overview of eXplainable Artificial Intelligence techniques
This section briefly explains the eXplainable Artificial Intelligence (XAI) techniques adopted in this research 
to unveil the subtle contributions of the various input parameters in the prediction of the ultimate shear stress. 
Explainability techniques attempt to clarify the consistency of AI models’ prediction and the influence of each 
input parameter on the AI model’s results75,76. This valuable information is further used in this study to propose an  
alternative expression for shear strength in HSC based on the most influential parameters as identified by XAI.

In this research, SHapley Additive exPlanations (SHAP) and the Breakdown (BD) techniques have been selected 
for their robustness and efficiency77. The SHAP model is based on game theory, while BD is based on the greedy 
approximation approach. Also, these methods are frequently used in the XAI community, offering flexibility,  
model-agnostic features, and data independence78. Validating results with this dual approach highlights poten-
tial discrepancies, reinforces interpretation stability, and provides a well-rounded understanding of feature  
importance. BD works by decomposing the AI model’s prediction into different parts based on the contributions 
of the specific input parameters. Mathematically; this decomposing is achieved using a scoring function, which  
is expressed as a linear combination of the input parameters. In this explainer, the contributions of each input 
parameter are sequentially added to a baseline prediction (intercept) until the total prediction of the AI model is  
fully explained79. The scoring function is expressed mathematically as follows:

                                              ( ) ( , )( , )= = + + +…T
p pF µ µ x β x βx xnew new new new

1 11 β                                               ���(1)

where F(xnew) is the model prediction (ultimate shear stress in this case) for xnew = , ,..., ,  px x xnew new new
21   

where xnew
1 ,  i = 1,2, . . . , p represents one of the input parameters used in this work, including ρ, b, d, a, a

g
,  

and� '
cf ; µ is the intercept that refers to the model prediction when input parameters are set to their reference 

values (e.g., mean, median, or when all xnew are zero); and β = [β
1
, β

2
, ..., β

p
] refers to the weights assigned to  

each independent input parameter. A detailed description of the BD technique is available in 79.

Author Model Description

Cladera and 
Marí (2004)72

'=
c

ξ ρ f
1/2 0.2

0.225 100V bd
ξ: size effect coefficient, ξ = 1 +  

  

0.5
200

xs
 = 2.75 

s
x
: mechanical depth, s

x
 = 0.9d

Zsutty (1968)8

/

.
'

= ≥
   
     

cf ρd
V bd

a
2.5

1 3

2 2 a
d

/

.
'

= <
    
        

cf ρd
V bd

a
2.5

1 3

5 1
d a

da
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On the other hand, SHAP is a technique inspired by game theory80 where the contribution of each input param-
eter on the predicted results (v) by the AI model is obtained based on their marginal contribution81,82. To this 
end, SHAP employs an additive feature attribution method to find the contribution of each input parameter  
to the predictions34, which is expressed as follows:

                                       ������������������������������������        ����������������������������                            ( ) '
=

′ = + ∑
n

i i
i

g φ φ z0
1

z                                                                           ���(2)

where z' is a binary vector of input parameters, '
i

z  is zero when an input parameter is not observed; other-
wise, it is 1; n denotes the number of input parameters, φ0 is a constant value that represents the model’s predic-
tion in the absence of any input parameters or when all input parameters are zero. Since tree-based models  
such as Gradient Boosted Machines (GBM) and RF are used in this research as prediction models, φ0 is defined 
similarly to the intercept term (µ) in Equation (1) and φ

i
 is the assigned weight or contribution of input parameter  

i on model’s predictions (val), which can be calculated as follows:

                                           
{ ,..., }\{ }

!( )!
( ) ( ( { }) ( ))

!⊆

− −
= −∑ ∪

S

i
p i

S p S
φ val val S i val S

p1

1
                                         ���(3)

where S represents the subsets of all input parameters excluding feature i, p denotes the total number of input 
parameters, and |S| refers to the number of elements (cardinality) in subset S. The term p! represents the fac-
torial of the total number of features, accounting for all possible feature orderings. The function val(S ∪ {j})  
denotes the model’s prediction when using the features in subset S along with feature i, while val(S) denotes the 
model’s prediction when using only the features in subset S. The fraction !( )!

!

− −S p S

p

1  is a weighting factor that 
ensures a fair distribution of feature contributions across all possible subsets. Equation (3) sums the effects of all 
input parameters on the predictions made by the AI model. More details about SHAP analysis can be found  
in 44,80.

3. Methodology
This study presents a multi-step approach referred to as XAI-GP for predicting shear strength. First, open-source  
datasets from the literature49–53 were collected, and input parameters (b, d, a, a

g
,� '

cf , ρ) were selected to pro-
vide a comprehensive representation of the problem. Then, three candidate AI-based models are trained 
using gathered datasets, and the most accurate model is selected based on performance metrics. In the next  
step, the datasets are grouped based on the� '

cf  values, and SHAP and BD explainers are employed to ana-
lyze how input parameters non-linearly influence ultimate shear stress predictions. As an outcome, the most 
influential parameters are identified through explainers and genetic feature selection, considering data from  
various compressive strength groups. This process allows for discovering a new shear strength model using sym-
bolic regression with GP based on the most influential input parameters. A safety factor is then determined  
and incorporated into the new model to ensure the safety of the proposed model for end-users. Finally, the new 
model is compared with existing models in literature and design standards, and it is validated using additional 
external datasets to evaluate its performance. Figure 1 shows a flow chart of the different stages of the proposed  
methodology.

Figure 1. Scheme of the proposed methodology to generate a mathematical expression.
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In regards to the AI modeling of the I/O data, this research used a stacked ensemble approach to estimate  
ultimate shear stress (output) based on the input data. This approach minimizes overfitting and reduces the gener-
alization error in regression tasks. This study proposes three stacked ensemble models as predictor candidates 
by integrating different base learners. RF, GBM, and MLP are adopted as base learners to capture various pat-
terns in the dataset. Stacked ensemble 1 is obtained by combining RF + GBM; stacked ensemble 2 is based on  
GBM + MLP; stacked ensemble 3 is obtained as RF + GBM + MLP. Base learner RF reduces variance through 
an ensemble approach83, while GBM is used to adapt better to our datasets with mixed features in an efficient  
manner84. Lastly, MLP has the ability to model non-linear relationships within the dataset85. The meta-learner 
(GBM) was trained on the outputs from the base learners, effectively combining their outputs to maximize their  
strengths. This choice resulted in a significant performance improvement compared to any single model.

To find the best-performing stacked ensemble AI model, performance metrics such as the coefficient of  
determination (R2), the Root Mean Square Error (RMSE), and the Mean Absolute Error (MAE) are calculated  
in both training and test stages. Subsequently, as explained before, the effect of the input parameters on the 
results generated by the most effective AI model is examined using XAI techniques detailed in Section 2.2. The  
XAI analysis was conducted using DALEX86, DALEXtra87, and H2O88 packages in R software. To this 
end, 15 I/O samples are selected so that they represent different ranges of� '

cf  using the univariate k-means  
clustering method89. These samples are utilized as representatives to carry out the XAI analyses. Finally, a 
new mathematical expression to calculate the shear strength is obtained through GP modeling, using most  
important input parameters obtained from the explainer techniques and genetic feature selection.

GP is inspired by the principles of natural selection and genetics. Similar to Genetic Algorithms (GA)90, the GP 
model uses genetic operators such as crossover, mutation, and selection integrated into a tree-structure approach  
to produce a symbolic model that contains mathematical operators such as +, −, ×, log to represent the rela-
tionship between input and output parameters in a dataset. In the GP modeling process, each generation of 
individuals is evaluated using a fitness function, such as Mean Squared Error (MSE), with higher-scoring  
individuals more likely to be selected for reproduction. Reproduction involves crossover, where segments from 
two parents are combined, and mutation, which, introduces random changes to improve individuals. Over suc-
cessive generations, the population evolves, gradually improving solutions based on the fitness function.  
This process continues until a stopping criterion is met, such as reaching a target fitness level or completing a  
specified number of generations.

4. Results and discussion
4.1. Description of the data set
The methodology proposed in this paper is illustrated here for a data set from open-access literature about 
HSC slender beams longitudinally reinforced without shear stirrups4. This data set is composed of 250 sam-
ples that have reached shear failure during the experiments. It is randomly split into training and testing sub-
sets with a 60/40 ratio. The samples are defined by the following input parameters: effective depth of the beam 
(d), the maximum aggregate size (a

g
), the width of the beam (b), shear span (a), compressive strength of concrete 

( '
cf ), and percentage of tension reinforcement (ρ); the output is the ultimate shear stress (v). Figure 2 represents  

the histograms of the input and output parameters to visualize the relative variability of such data.

4.2. AI model selection
In this section, the performance of each stacked ensemble model as defined in Section 3 is evaluated and com-
pared using different performance metrics such as R2, RMSE, and MAE. Then, the model with the best per-
formance is selected based on these metrics. Table 2 presents the results for various AI models during both the  
training and testing stages.

As it can be observed from Table 2, the stacked ensemble models generate reliable results at both the train-
ing and the test stages, however, stacked ensemble model 3 is the best-performing AI model. In this sense, all the  
results presented henceforth are calculated for this selected AI model.

4.3. Explainable Artificial Intelligence techniques
The BD and SHAP techniques, as discussed in Section 2.2, are applied to the stacked ensemble 3 using differ-
ent samples. To select samples, the uni-variate k-means clustering was applied to segment data based on the  

'
cf , identifying four distinct clusters according to the Bayesian Information Criterion (BIC)89. The specified  

values of� '
cf  ����������������������������������������������������������������������������������           in each cluster are adjusted to comply with international building standards. The� '

cf  ���is  
divided into four clusters. Cluster 1 encompasses strengths ranging from 35 to 55 MPa. Cluster 2 covers strengths  
from 55 to 75 MPa. Cluster 3 ranges from 75 to 120 MPa, and Cluster 4 has strengths greater than 120 MPa. 
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Figure 2. Histograms of the input parameters in the dataset: (a) shear span (mm), (b) width of the beam (mm),  
(c) maximum aggregate size (mm), (d) effective depth of the beam (mm), (e) the percentage of tension reinforcement 
(%) (f) compressive strength of concrete (MPa), (g) ultimate shear stress (MPa).
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This clustering allowed identifying a group of similar samples to efficiently analyze the explainers’ performances  
based on reflecting mechanical characteristics. Table 3 details the selected samples and their associated clusters.

Figure 3 illustrates the BD profile for sample 1. The first row, denoting the intercept, displays the mean value of 
the predicted ultimate shear stress ( )predictedv  using all test samples (e.g., sample 1 to 15). The last row, denoting  
the prediction and representing by a purple bar, shows the predicted ultimate shear stress (v

predicted
) specifi-

cally for the selected sample (e.g., sample 1). Between these rows are representations of predictions where each  
input parameter is sequentially fixed one by one, while the other input parameters are allowed to vary, as illus-
trated by vertical lines. Here, pink bars indicate a negative impact (i.e., a decrease in the prediction value),  
while green bars signify a positive impact (i.e., an increase in the prediction value). The numerical values next to 
the pink and purple bars provide insights into the magnitude of these impacts. Furthermore, the x-axis portrays  
the model prediction value, while the y-axis displays the input parameters and their values for the observation. 
Finally, the input parameters and their contribution values are listed, starting with the one that has the highest  
relative importance on the y-axis.

For instance, it can be observed from Figure 3 that the contribution value of each input parameter on prediction 
(v = 1.278MPa), based on intercept value ( predictedv =1.75 MPa) for ρ,� '

cf , b, d, a
g
, and a, is -0.262, -0.082, -0.087,  

-0.033,-0.008 and +0.001, respectively. This highlights the relative importance of each explanatory input 
parameter, denoted by its rank: ρ (1st rank),� '

cf  (2nd rank), b (3rd rank), d (4th rank), a
g
 (5th rank), and a (6th 

rank). Finally, it is notable that BD profiles and the rank of each input parameter vary among the differ-
ent selected samples. Additional details for the BD results of other samples can be found in Appendix A.1.  
Additionally, Figure 4 represents the SHAP profile for selected sample 1 and visualizes the contribution of 
each input parameter based on the mean attribution values. The blue box plots summarize the distribution of 
the attributions for each input parameter across its ranking. The red and green bars display the SHAP contri-
bution values and their negative and positive impacts, respectively. The x-axis portrays the contribution and  
the y-axis shows the input parameters and their values for the observation. Like the BD profile, the input  
parameters are written starting with the one with higher relative importance.

Figure 4 indicates that ρ (1st rank) and a (6th rank) played the most and least important roles in estimating v in 
the selected sample 1, aligned with the BD technique results (see Figure 3). To obtain the contribution of each  
feature, SHAP values were calculated 25 times with different feature orderings and averaged to provide a more  
reliable estimate. It is worth noting that similar to BD profiles, SHAP profiles reveal the variability in the rank 
of each input parameter across different samples. Additional details for the SHAP results of other samples can  
be found in Appendix A.2.

The ranking of each input parameter in each sample using the BD and SHAP techniques is depicted in Figure 5.  
As observed, the ranks of input parameters a (Figure 5a) and ρ (Figure 5e) exhibit close similarity between BD 
and SHAP techniques, with the highest ranks being 1st or 2nd. Figures 5b, 5d, and 5c present the comparison  
between both XAI models for b, d, and� '

cf , respectively. These figures illustrate that these input parame-
ters are normally ranked between 3 and 5, with minimal differences in both techniques across most samples.  
One notable discovery of this study is the significance of maximum aggregate size (a

g
) in both explainer  

Table 2. Performance metrics of different AI 
models and different training and testing 
stages.

Train Stage

Model Name RMSE R2 MAE

Stacked ensemble 1 0.158 0.960 0.101

Stacked ensemble 2 0.147 0.964 0.094

Stacked ensemble 3 0.158 0.965 0.095

Test Stage

Stacked ensemble 1 0.290 0.841 0.201

Stacked ensemble 2 0.297 0.834 0.212

Stacked ensemble 3 0.286 0.845 0.200
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Table 3. Selected samples for the explainer techniques (input parameters: d, b, 
a

g
, cf

', a; output parameter: v).

Sample (Cluster) d (mm) a (mm) a
g
 (mm) cf

' (MPa) ρ (%) b (mm) v (MPa)

1 (Cluster 1) 278 812 19 50.10 1.57 360 1.19

2 (Cluster 1) 230 805 9.5 50.70 3.10 160 1.73

3 (Cluster 1) 267 1334 19 50.10 0.87 152 1.03

4 (Cluster 2) 208 562 12.7 66.30 2.25 127 3.03

5 (Cluster 2) 202 807 12.7 66.30 5.04 127 2

6 (Cluster 2) 359 1081 12 66.50 2.24 200 1.39

7 (Cluster 2) 202 545 12.7 66.30 5.04 127 3.91

8 (Cluster 2) 202 605 12.7 66.30 5.04 127 2.69

9 (Cluster 2) 465 1600 9.5 66 1 135 0.86

10 (Cluster 2) 208 624 12.7 66.30 2.25 127 1.77

11 (Cluster 3) 925 2664 10 91.60 0.51 300 0.60

12 (Cluster 3) 208 549 18 90 0.74 262 1.39

13 (Cluster 3) 718 2628 16 91.30 1.72 300 1.20

14 (Cluster 3) 690 2629 16 91.70 3.57 300 1.85

15 (Cluster 4) 250 1000 19 183 3.04 200 2.11

Figure 3. Breakdown (BD) profile for sample 1.

techniques. As evident from Figure 5c, the ranks of a
g
 are almost placed last in both BD and SHAP profiles. These 

findings are consistent with previous literature69 which suggests that in HSC, aggregate interlocking becomes  
less significant as cracks do not propagate around aggregate particles66,71.

Finally, the selection of the most important input parameters is determined by attaining lower or higher 
mode values across both models. Through mode analysis, ρ, a, d,� '

cf , b, and a
g
 are ranked as the most to least  

important input parameters, respectively for both XAI approaches. This ranking aligns with prior research findings4.
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Figure 4. SHAP profile with the average contributions for 25 random orderings using the sample 1.

Figure 5. Rankings (1 to 6) across each of the 15 samples, employing both the BD and SHAP XAI techniques, 
considering various input parameters: (a) shear span (mm), (b) width of the beam (mm), (c) maximum aggregate size 
(mm), (d) effective depth of the beam (mm), (e) percentage of tension reinforcement (%), and (f) compressive strength 
of concrete (MPa).

Page 12 of 39

Open Research Europe 2025, 5:114 Last updated: 27 MAY 2025



To assess the robustness of the explainer models, the runs are replicated nine times for each sample to evaluate  
the variation in explanation outputs across different runs. This approach aids in understanding the sensitivity  
of the results. In several replications, ρ, a, and� '

cf  were consistently identified as the most important parameters  
in both SHAP and BD. Other input parameters exhibited similar variations as shown in Figure 5. In addi-
tion, different datasets63,91,92 are used to assess the consistency of the explainers further, providing a com-
prehensive evaluation of their generalization. The analysis revealed that ρ, a,� '

cf , and d were the most  
influential factors compared to b and a

g
.

The results from these additional runs and evaluations are included in Appendix B, offering more pro-found 
insights into the stability and reliability of the explainer models across diverse conditions. Finally, to evaluate the  
consistency of the performance of both explainers in almost similar samples (those in the same cluster), a mode 
analysis of the rank positions of each parameter was carried out separately for each cluster, as visualized in  
Figure 6.

Figure 6 clearly shows that the rankings of each input parameter can vary across different ranges of� '
cf .  

This suggests that the importance of each input parameter is not static across the entire dataset but varies depend-
ing on the range of� '

cf  and the specific samples being analyzed. Furthermore, increasing the number of input 
parameters can further increase this fluctuation, which is common in real case studies. This variation also 
raises questions about the reliability of using SHAP as a global explainer, particularly in datasets sourced from  
diverse resources, since a global SHAP explainer relies on the mean absolute of such variable SHAP values.

The approach proposed in this study involves using explainer techniques on a local scale and different clus-
ters and increasing the number of samples instead of using a global scale to address the mentioned issues. This  
approach allows for a more specific analysis of the importance of input parameters within each group.

One of the benefits of the proposed approach is presenting detailed information to structural engineers without  
an AI background, who are required to understand the precise impact of input parameters on predictions at a 
local level, for instance, specific concrete beam samples. This requirement has not been fully covered in earlier  
investigations, in which the authors tend to visualize SHAP value dependency plots against input parameters.

Figure 6. Mode analysis of rank positions for model parameters using Breakdown and SHAP explainers 
across different clusters.
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4.4. Proposing a model based on XAI input parameter selection and GP
In this section, a new mathematical expression is proposed to calculate the shear strength V, derived from GP 
and focused on the importance of input parameters obtained in Section 4.3. To do this, first, the ultimate shear  
stress (v) is derived through a GP model utilizing the open-source Python package gplearn93 and based on training  
data, which are available in a GitHub repository. To train the GP, a 60/40 train-test ratio similar to Section 4.2  
was used. GP was limited to using only basic mathematical operators: power, multiplication (×), cube root  
( )x3 , square root ( )x , and division (/) to ensure that the mathematical operators used by GP were aligned 
with those found in standard design codes to maintain compliance. In addition, the depth of the tree  
structure was limited to 5 and the length to 10 to generate a short and fairly accurate model. In this research, 
the most critical input parameters were identified as ρ, a, d, and� '

cf . Then, the genetic feature selection was acti-
vated to simplify the model while achieving similar results with fewer terms. This process leads to the  
following equation for calculating v:

                           �����������������������������������������������������     ������������������������������������������������                                                ( )'
c= ρf

v
a

3
2

.2 2                                                                                ���(4)

where a represents the shear span in mm, ρ stands the percentage of tension reinforcement (non-dimensional)  
and� '

cf  denotes the compressive strength of concrete in MPa.

Furthermore, the shear strength values as given by GP, denoted as (V0), are obtained using Equation (4) as follows:

                                                                            ( )
.

'
c= ρf

V bd
a

3
2

0 2 2                                                                              ���(5)

To address material and loading uncertainties, a Safety Factor (SF) was applied to Equation (5) in order to  
obtain the design shear strength, denoted as V, as follows:

                                                                             ( ). '
c= ρf

V bd
SF a

3
22 2                                                                             ���(6)

To determine the safety factor (SF), the ratio V0/Vdata
 was calculated for each sample, and the median was 

obtained, giving a value SF = 1.34. The median was selected because it provides a robust measure of central ten-
dency, effectively minimizing the influence of outliers or extreme values in the data. Finally, Equation (5) and  
Equation (6) were compared with empirical models commonly found in structural engineering standards and pre-
vious studies. These include ACI-318-1961, Eurocode 2 (EN 1992-1-1)62, revised Eurocode 2 (named as FprEN  
(1992-1-1:2023))65, El-sanadadey4, Hamrat2, Zsutty8 and Cladera and Marí15. The corresponding models are 
referenced in Table 1. The utilized dataset corresponds to the data employed during the testing stage of GP. 
However, certain samples were omitted to ensure conformity with the specified range recommended by the  
standards. (e.g.,� '

cf  ≤ 80 MPa).

Figure 7 shows the experimental shear strength (V
data

) plotted against the calculated shear strength (V
calculated

) 
using different models, including XAI-GP (Figures 7a and 7b), Cladera and Marí (Figure 7c), ACI-318-19  
(Figure 7d), Eurocode2 (EN 1992-1-1) (Figure 7e), FprEN (1992-1-1:2023) (Figure 7f), El-sanadadey (Figure 7g),  
Hamrat (Figure 7h), and Zsutty (Figure 7i) (see Table 1). It is clear from Figure 7a that most of the samples fed 
to the XAI-GP model are closer to the perfect fit line when compared to samples from other mathematical  
expressions.

This superior performance of the proposed model is also reflected in the performance metrics calculated and 
shown in Table 4. To ensure a fair comparison between models, the level of safety provided by the model should  
be considered in addition to accuracy. To this end, a new metric called the Accuracy-Weighted Safety Score 
(AWSS) is designed. First, a penalty factor is calculated based on the relative number of overestimated samples  
(the ones that are above the perfect fit line (diagonal black dashed lines in Figure 7)) over the total samples, 
referred to as the Degree of Safety (DoS). The DoS is obtained as − over

total

N

N
1 , where N

over
 represents the number of 

overestimated data points calculated by the model, and N
total

 indicates the total number of data points. The range of  
DoS is from 0 to 1, where 1 indicates maximum conservativeness and safety, whereas 0 indicates the opposite. 
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Figure 7. Experimental shear strength plotted against calculated shear strength with test data.
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Table 4. Performance metrics of different models to estimate shear 
strength with test data.

Model RMSE (KN) MAE (KN) R2 DoS AWSS

XAI-GP (SF=1) 28.57 21.29 0.759 0.84 0.638

XAI-GP (SF=1.34) 45.72 36.39 0.385 1 0.386

Cladera and Mar´15 21.65 15.97 0.862 0.79 0.681

ACI-318-1961 50.01 41.20 0.257 0.231 0.90

Eurocode 2 (EN 1992-1-1)62 43.44 34.37 0.340 0.72 0.245

FprEN (1992-1-1:2023)65 33.29 25.86 0.613 0.84 0.514

El-sanadadey4 45.33 35.01 0.394 1 0.394

Hamrat2 38.89 20.69 0.555 0.56 0.310

Zsutty8 38.89 20.71 0.620 0.65 0.403

This DoS value is then multiplied by R2 to obtain the AWSS, presented in Table 4. Therefore, the AWSS ranges  
from 0 to 1, giving higher values to models with relatively high accuracy R2 and safety (DoS). Oppositely, low  
AWSS values will be attributed to models given relatively low values for accuracy and/or safety. According to  
the performance metrics, the newly proposed model outperforms the standard codes (ACI-318-19, FprEN  
(1992-1-1:2023), Eurocode 2 (EN 1992-1-1)) and empirical models by Zsutty, Hamrat, and El-sanadadey. 
Although the results from Cladera and Marí’s model were slightly better than the proposed model in this study  
(Equation (5)), the proposed one is simpler and more conservative.

4.4.1. Model validation with a different dataset. To ensure the robustness and generalization ability of the pro-
posed model, a verification process was conducted using additional datasets presented by 63,91,92. These  
datasets encompass 31 HSC samples with� '

cf  ranging from 50.5 MPa to 83.4 MPa, ρ fluctuating from 0.35% 
to 6.64%, a ranging from 450 mm to 851 mm, b varying from 100 mm to 200 mm, d ranging from 150 mm to 
250 mm, and V

data
 ranging from 13.3 kN to 83.4 kN. To ensure a fair comparison, samples outside the recom-

mended ranges for� '
cf  �������������������������������������������������       as specified by standard codes such as ACI-318-1961, FprEN (1992-1-1:2023)65, and  

Eurocode 2 (EN 1992-1-1)62, as well as those based on empirical models by Zsutty, Hamrat, and El-Sanadadey,  
were excluded of the analysis. The results of comparative analysis with these new datasets are visualized in  
Figure 8.

The performance metrics were calculated similarly to Section 4.4, which are shown in Table 5.

Based on the results obtained, the proposed model (Equation (5)) yields the maximum AWSS value of 0.604, 
which indicates the healthiest balance between accuracy and conservativeness compared to other models. Cladera  
and Marí’s model15 ranked second with an AWSS value of 0.577. Despite its high level of accuracy, it has 
resulted in relatively lower DoS values compared to the proposed model Equation (5). Regarding the stand-
ard codes, FprEN (1992-1-1:2023)65 outperformed other standard codes such as ACI-318-1961 and Eurocode 2  
(EN 1992-1-1)62, based on the AWSS value. This standard demonstrated better accuracy and a higher level 
of DoS, as reported in Table 5. In contrast, ACI-318-1961 and Eurocode 2 (EN 1992-1-1)62 did not perform well  
in terms of accuracy, exhibiting a highly conservative nature compared to FprEN (1992-1-1:2023)65. These codes 
provided the highest RMSE and MAE values, along with the lowest R2 values, which were reported as N/A due 
to the significantly underfitted predicted results (Figures 8d and 8e). In the case of empirical models, Hamrat’s  
model2 provides the best accuracy, but it yields the lowest DoS (Figure 8h). This means that most calcu-
lated shear strength values are overestimated, which is impractical for real case studies. This verification anal-
ysis showed that the proposed model based on XAI-GP (Equation (5)) achieves the best balance between  
conservativeness, interpretability, and accuracy compared to other models for estimating the shear strength of HSC.
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Figure 8. Experimental shear strength plotted against calculated shear strength with verification data.
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5. Conclusions
This paper develops a rational methodology, referred to as XAI-GP, for estimating shear strength in High-Strength 
Concrete (HSC). By integrating eXplainable Artificial Intelligence (XAI) techniques at the preprocessing stage,  
the proposed method effectively identifies the most influential input parameters of an AI-based model. The con-
sistency of the generalizations made by XAI’s results was evaluated under multiple conditions designed to 
minimize misinterpretation, following best practices recommended by data scientists. First, the model was run  
multiple times to assess the stability of the input parameters rankings produced by different explainers. Sec-
ond, the performance of XAI methods was tested by analyzing how the results for each sample aligned with 
those of its almost similar data points. To achieve this, clustering was applied to examine whether similar sam-
ples yielded consistent explanations. Finally, additional samples outside the primary dataset were introduced, and 
the analysis was repeated five times to ensure the robustness of the rankings generated by the explainers. XAI  
revealed that ρ, a, d,� '

cf , b, and a
g
 are ranked from the most important to the least important input parameters.  

The first four parameters are used to develop a new mathematical expression for estimating shear strength in  
high-strength concrete (HSC) using a Genetic Programming (GP) model. The GP model is limited to a spe-
cific set of mathematical operators to ensure that the generated model is consistent with those recommended 
in standard codes. The efficacy of the methodology is demonstrated using an experimental dataset comprising  
250 samples of ultimate shear stress for HSC slender beams without shear stirrups, which included a wide range 
of geometry/material properties. The XAI-GP model was compared with several standard codes and empiri-
cal models in terms of accuracy and level of alignment with the conservative design principle. The findings 
revealed that the XAI-GP model produces more accurate performance metrics with an appropriate level of safety  
and covers a broader range of concrete samples compared to other standard codes and empirical models. 
This study can be used as a methodological reference for further investigations on applying AI models to pre-
dict concrete strength with greater transparency and understanding of the relative importance of the various  
mechanisms represented by model’s input parameters.

6. Data availability statements
The datasets and codes used in this study are available on GitHub at the following link: https://github.com/ 
ipmlab-ugr/ShearbyXAI.git

The GitHub project has been registered here: https://doi.org/10.5281/zenodo.15189660. Data and code are  
available under the terms of the Creative Commons Attribution 4.0 International license (CC-BY 4.0).

7. Responsible AI statement
This research follows the European Commission’s Ethics Guidelines for Trustworthy AI94, by promoting transpar-
ency through explainability in predicting shear strength in concrete based on data. The methodology focuses on  
an AI model trustworthy specifically for structural engineering applications.

Table 5. Verification of the proposed model with other datasets.

Model RMSE (KN) MAE (KN) R2 DoS AWSS

XAI-GP (SF=1) 9.35 7.293 0.787 0.766 0.604

XAI-GP (SF=1.34) 18.19 15.65 0.198 1 0.198

Cladera and Marí15 8.75 7.20 0.814 0.700 0.570

ACI-318-1961 23.78 28.37 N/A 0.800 N/A

Eurocode 2 (EN 1992-1-1)62 24.21 19.81 N/A 1 N/A

FprEN (1992-1-1:2023)65 16.13 11.49 0.397 0.830 0.333

El-sanadadey4 14.94 12.55 0.460 1 0.460

Hamrat2 7.02 6.06 0.880 0.466 0.411

Zsutty8 9.38 7.83 0.786 0.566 0.445
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Appendix A. Supplementary Material-A
Appendix A.1. Results of Breakdown techniques for all samples

Figure A.9. BD profile for sample 1.

Figure A.10. BD profile for sample 2.
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Figure A.11. BD profile for sample 3.

Figure A.12. BD profile for sample 4.

Figure A.13. BD profile for sample 5.
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Figure A.14. BD profile for sample 6.

Figure A.15. BD profile for sample 7.

Figure A.16. BD profile for sample 8.
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Figure A.17. BD profile for sample 9.

Figure A.18. BD profile for sample 10.

Figure A.19. BD profile for sample 11
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Figure A.20. BD profile for sample 12.

Figure A.21. BD profile for sample 13.

Figure A.22. BD profile for sample 14.
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Figure A.23. BD profile for sample 15.

Appendix A.2. Results of SHAP techniques for all samples

Figure A.24. SHAP profile with the average contributions for 25 random orderings using the sample 1.
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Figure A.26. SHAP profile with the average contributions for 25 random orderings using the sample 3.

Figure A.27. SHAP profile with the average contributions for 25 random orderings using the sample 4.

Figure A.25. SHAP profile with the average contributions for 25 random orderings using the sample 12.
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Figure A.29. SHAP profile with the average contributions for 25 random orderings using the sample 6.

Figure A.30. SHAP profile with the average contributions for 25 random orderings using the sample 7.

Figure A.28. SHAP profile with the average contributions for 25 random orderings using the sample 5.
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Figure A.32. SHAP profile with the average contributions for 25 random orderings using the sample 9.

Figure A.33. SHAP profile with the average contributions for 25 random orderings using the sample 10.

Figure A.31. SHAP profile with the average contributions for 25 random orderings using the sample 8.
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Figure A.35. SHAP profile with the average contributions for 25 random orderings using the sample 12.

Figure A.36. SHAP profile with the average contributions for 25 random orderings using the sample 13.

Figure A.34. SHAP profile with the average contributions for 25 random orderings using the sample 11.
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Figure A.38. SHAP profile with the average contributions for 25 random orderings using the sample 15.

Appendix B. Supplementary Material-B
Appendix B.1. Assessing explainer reliability via replication of results
In this section, each explainer technique was run nine times, and the SHAP and BD explanations for each data 
point were generated to ensure the results’ consistency. After gathering the results of the explainers, the average  
rank of each input parameter after nine runs is calculated (gray columns), then rounded and compared 
with the primary results (black columns). The results revealed that ρ, a, '

cf  and a
g
 have consistent ranks,  

but there was variation in the ranks for d and b. Figure B.39 shows the fluctuation of SHAP and BD ranks for  

input parameters after nine running times.

Figure A.37. SHAP profile with the average contributions for 25 random orderings using the sample 14.
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Figure B.39. Comparison of ranks of SHAP and BD techniques for various parameters after nine runs (black 
columns: primary results, gray columns: average of ranks).
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Table B.6. Selected data points from other 
datasets for evaluating the explainer 
techniques.

Samples d a a
g cf

' ρ b v

1 211 485 13 64.3 0.53 127 0.493

2 211 844 13 64.3 0.53 127 0.145

3 265 450 19 70.9 2.65 100 0.742

4 207 475 13 64.3 3.26 127 0.943
Note: d, a, a

g
, and b are in millimeters (mm). '

cf  and v are in 
megapascals (MPa). ρ is expressed as a percentage (%).

Appendix B.2. External dataset testing of SHAP and BD explainers
In this section, we utilize various data points from different datasets63,91,92 to assess the performance of SHAP and BD 
explainer techniques. The characteristics of these selected data points are presented in Table B.6.

The stacked ensemble 3 model was rerun five times, and the performances of SHAP and BD were evaluated in  
the same manner as in the previous section.

Figure B.40. Comparison of SHAP and BD results for various parameters after five runs (black columns: 
SHAP technique, gray columns: BD technique).

Figures B.40a,B.40b, B.40c, B.40d, B.40e and B.40f reveal that the parameters d, '
cf , a, and ρ have a greater 

impact on the prediction compared to b and a
g
 from other datasets which is inline with the previous findings in  

the current study.
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While the manuscript outlines the limitations of prior XAI applications, it could better 
articulate the specific novelty of the proposed structured implementation (beyond sample 
clustering and local explainability).

1. 

The dataset is drawn from literature (n = 250), but the inclusion/exclusion criteria, quality 
control, and normalization procedures are insufficiently described.

2. 

The stacked ensemble models show high training R² (>0.96) and a noticeable drop in test R² 
(~0.845), indicating potential overfitting.

3. 

The paper critiques global SHAP aggregation but offers limited statistical justification for the 
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4. 

The GP-derived equation (Equation 4) appears interpretable, but its dimensional consistency 
and physical interpretability are not addressed.

5. 

The comparison with design codes is useful, but the selection of models and datasets for 
comparison might bias results toward better performance of the proposed model.

6. 

While the GitHub repository is referenced, the code structure, data annotation, and 
documentation are not discussed in the paper.

7. 

At times, terms like "accuracy" and "performance" are used interchangeably without 
precision. This can obscure the evaluation of trade-offs between safety and prediction 
fidelity.

8. 

Figures (BD and SHAP plots) are informative but suffer from visual clutter and lack of 
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9. 

The responsible AI statement is appreciated, but further discussion is warranted on the 
implications of incorrect predictions in critical infrastructure.

10. 
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11. 
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Ensure compliance with Open Research Europe formatting guidelines (abstract structure, 
section numbering).
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This paper presents a data-driven methodology adopting Explainable Artificial Intelligence - 
Genetic Programming approach (XAI-GP) to develop a practical model for predicting the shear 
strength of HSC beams without shear reinforcement. The structured implementation of XAI to 
guide Genetic Programming is a notable contribution, and the attempt to balance accuracy with 
interpretability and safety is commendable. While the findings are significant for both academic 
and practical applications in structural engineering for the design of high-strength concrete 
elements, there are several aspects where the manuscript can be improved. Below are the 
detailed comments and suggestions for enhancing the quality of the paper: 
1. In section 1 “Introduction”: The authors mentioned that they collect a dataset comprising 250 
samples of shear strength for HSC "gathered from various published sources". It is recommended 
that the authors provide more detail on how these 250 samples were collected. Was there a 
systematic review protocol? What were the inclusion/exclusion criteria? The authors are also 
recommended to briefly discuss the potential biases in the dataset which could affect the final 
model's generalizability. 
 
2. In section 4.4.1 “Model validation with a different dataset”: The authors mentioned that the 
validation dataset comprises only 31 HSC samples. While acknowledged, this is a very small set to 
validate the generalization capability of the proposed model across a wider range of HSC 
parameters not seen in the primary dataset. The authors are advised to discuss this issue and its 
potential implications more explicitly in the limitation section (to be added). 
 
3. In section 4.4 “Proposing a model based on XAI input parameter selection and GP”: The GP was 
constrained to basic mathematical operators and a limited tree depth/length "to maintain 
compliance" and generate a "short and fairly accurate model." The authors are advised to discuss 
in more details how sensitive is the final equation is to these constraints. Did the authors explore if 
relaxing these constraints (e.g., allowing more complex operators or deeper trees) could yield a 
more accurate model? 
 
4. In section 4.4: The form of the derived equation (v = 2.2 (ρ * f_c^' )^1.5/a) is quite specific. The 
authors are strongly recommended to underly the mechanical or theoretical basis that might 
support this particular combination and power law, rather than presenting it solely as purely a 
result of the GP optimization. 
 
5. In section 4.4: The authors need to justify the determination of the SF of 1.34 as the median of 
V_o⁄V_data  over a more established reliability-based calibration method. This approach appears to 
be a superficial attempt to address reliability concerns. The authors are strongly urged to 
reconsider this method. Simply applying a median ratio does not equate to a robust reliability 
calibration and can be highly misleading to the engineering community, potentially implying that 
this SF value ensures a target reliability level comparable to those embedded in national or 
international design standards. A proper reliability-based calibration (e.g., FORM, SORM, Monte 
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Carlo simulation targeting a specific reliability index β) considering the statistical distributions of 
all input variables and model uncertainty is the established and expected methodology for 
deriving safety factors intended for design. If such a rigorous analysis is beyond the scope of the 
current dataset or study, this limitation must be explicitly stated, and the authors should refrain 
from presenting the current SF as a design-ready safety factor. They should clearly articulate that 
it serves as an initial, indicative measure of conservativeness rather than a calibrated partial safety 
factor. 
 
6. The authors are recommended to to provide a clearer justification for the choice of the specific 
stacked ensemble structure (Ensemble 3: RF+GBM+MLP with GBM meta-learner) over other 
potential combinations or simpler models. 
 
7. In section 4.4 and Table 4: The comparison between the proposed XAI-GP model and existing 
models, particularly Cladera and Marí's, needs to be conducted on a consistent basis to ensure a 
fair "apple-to-apple" evaluation. Currently, the XAI-GP model is presented with SF=1 (representing 
mean or characteristic predictive capability) and SF=1.34 (intended as a design value). When 
comparing predictive accuracy (R², RMSE, MAE), the XAI-GP (SF=1) is indeed slightly outperformed 
by Cladera and Marí's model (which is presumably also a mean value predictor). The statement 
that "the proposed one is simpler and more conservative" is true for XAI-GP with SF=1.34 when 
compared to the mean prediction of Cladera and Marí. However, this mixes mean value prediction 
with an attempted design value. The authors are recommended to discuss this comparison more 
clearly to avoid potential misinterpretation. Ideally, all models in the comparison should be 
presented either as mean value predictors (i.e., without any applied safety factors beyond those 
inherent in their original formulation) or, if design values are being compared, then comparable 
safety/reduction factors (calibrated consistently, if possible) should be applied or discussed for all 
models. This would allow for a more transparent assessment of both the inherent predictive 
power and the achieved level of safety/conservatism across different approaches.  
 
8. The authors are recommended to better clarify the ability of the proposed method to 
accommodate diverse beam typologies and HSC mix designs, specifically those characterized by 
varying span-to-depth ratios, different aggregate types, or a wider range of reinforcement 
percentages. A comprehensive examination of the technique's adaptability to various structural 
and material configurations is imperative for a thorough evaluation of its generalization capability, 
credibility, and applicability across different engineering scenarios. 
 
9. The limitations of the proposed framework should be more clearly and comprehensively 
outlined in a dedicated section. Specifically, the authors should discuss how the framework might 
be extended to include beams with shear reinforcement, different failure modes (e.g., flexural 
failure), or other types of structural elements. 
 
10. Authors are advised to provide a full list of notations/nomenclature for all parameters 
appearing in the text, figures, tables, equations, and captions. Furthermore, please ensure that all 
parameters are clearly defined upon their first introduction in the text.
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