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Abstract: This study is focused on the punching strength of fiber-reinforced polymer (FRP) concrete
slabs. The mechanical properties of reinforced concrete slabs are often constrained by their punching
shear strength at the column connection regions. Researchers have explored the use of fiber-reinforced
polymer reinforcement as an alternative to traditional steel reinforcement to address this limitation.
However, current codes poorly calculate the punching shear strength of FRP-reinforced concrete
slabs. The aim of this study was to create a robust model that can accurately predict its punching
shear strength, thus improving the analysis and design of composite structures with FRP-reinforced
concrete slabs. In this study, 189 sets of experimental data were collected, and six machine learning
models, including linear regression, support vector machine, BP neural network, decision tree,
random forest, and eXtreme Gradient Boosting, were constructed and evaluated based on goodness
of fit, standard deviation, and root-mean-square error in order to select the most suitable model
for this study. The optimal model obtained was compared with the models proposed by codes
and the researchers. Finally, a model explainability study was conducted using SHapley Additive
exPlanations (SHAP). The results showed that random forests performed best among all machine
learning models and outperformed existing models suggested by codes and researchers. The effective
depth of the FRP-reinforced concrete slabs was the most important and proportional to the punching
shear strength. This study not only provides guidance on the design of FRP-reinforced concrete slabs
but also informs future engineering practice.

Keywords: punching shear strength; fiber-reinforced polymer; reinforced concrete slabs; machine
learning; SHapley Additive exPlanations

1. Introduction

The use of reinforced concrete in combination with composite structures has become
increasingly popular. Reinforced concrete slabs, as a crucial component in modern building
structures, not only bear the load of the building but also exemplify the seamless integration
of material science and structural engineering [1-4]. In the composite material system
of reinforced concrete, high-strength steel and durable concrete work together to resist
external forces, ensuring the safety and stability of the structure [5-7]. Reinforced concrete
slabs are widely used in flooring, roofing, and special structures such as staircases and
bridge slabs, owing to their unique mechanical properties and ease of construction [8-11].

To enhance the punching shear strength of reinforced concrete slabs, various tech-
niques such as enclosed loops, bent steel reinforcements, and shear connectors have been
widely implemented. Recently, there has been a surge in scholarly attention toward using
fiber-reinforced polymers (FRPs) as a reinforcing medium in concrete slabs, aiming to
improve their capacity to resist punching shear forces. This innovative approach addresses
some of the limitations associated with traditional steel reinforcement. The use of FRPs in
concrete slabs represents a significant advancement in construction materials technology,
providing enhanced durability and performance in structural applications. Researchers
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have conducted numerous studies and experiments to investigate the behavior and benefits
of FRP-reinforced concrete slabs under various loading conditions. These efforts have led
to a deeper understanding of how to effectively incorporate FRPs into concrete structures,
optimizing their strength and longevity [12-16]. Compared with traditional concrete slabs,
FRP-reinforced slabs offer several advantages, including being lightweight, having excel-
lent corrosion resistance, high strength, insulation properties, and fatigue resistance. These
characteristics make them particularly suitable for building structures with specific require-
ments, such as a high load-bearing capacity, enhanced corrosion resistance, or electrical
insulation, and they have promising prospects for broader application [17,18].

Various models have been proposed by both codes and researchers to estimate the
punching shear strength of concrete slabs reinforced with FRP. CSA, JSCE, and ACI have
proposed punching shear strength prediction models considering the effect of loading
area dimensions, effective depth, and concrete strength [19-21]. In addition, Deifalla [17]
proposed a punching shear strength prediction model based on critical shear crack theory.
These models have significantly advanced the study of FRP-reinforced concrete slabs.
However, the complex structure of these slabs, coupled with the interplay of multiple
parameters, makes it challenging to accurately predict their punching shear strength using
existing mathematical models. The applicability of these models remains limited, as their
coefficients of variation are large compared with experimental values, indicating a need
for further refinement. In addition, Badra et al. [18] constructed a predictive model for the
punching strength of FRP-reinforced concrete slabs using ANN and SVM. Although the
accuracy of this model is better than that of the codes” and Deifalla’s model, its coefficient
of variation is large (0.25 for ANN and 0.2 for SVM), which makes it difficult to guarantee
the reliability of the application and lacks explainability. Based on this, a predictive model
for punching shear strength of FRP-reinforced concrete slabs with higher accuracy and
explainability is required to be proposed.

In recent years, ensemble learning has gained popularity in structural engineer-
ing due to its superior performance compared with single learning methods and its
enhanced explainability [22,23]. For instance, Khodadadi et al. [10] introduced a pio-
neering machine learning approach for predicting the compressive strength of Carbon-
Fiber-Reinforced Polymer-Confined Concrete (CFRP-CC) specimens. Utilizing a Particle
Swarm Optimization-Categorical Boosting (PSO-CatBoost) algorithm, their model, based
on an extensive database of 916 experimental outcomes from 105 scholarly articles, demon-
strated superior predictive performance compared with six contemporary machine learning
models and six empirical models. Their approach uniquely incorporated SHapley Ad-
ditive exPlanations (SHAP) and Permutation Feature Importance (PFI) methodologies
to elucidate feature importance, establishing a new benchmark in CFRP-CC predictive
modeling. Taffese et al. [24] collected 170 sets of data, used CatBoost to predict the ultimate
moment of UHPC-strengthened beams, and conducted a feature importance study based
on SHAP. Sapkota et al. [25] collected 226 data sets, used five ensemble learning models to
predict the effective stiffness of rectangular reinforced concrete columns, and used SHAP
to study the sensitivity between input and output parameters. Pal et al. [26] predicted a
slump of fiber-reinforced concrete containing waste rubber and recycled aggregates based
on 464 data sets using 12 models, including single and ensemble learning. The results
showed that XGBoost performed best among all the models. Alyami et al. [27] predicted
the compressive strength of concrete containing rice husk based on 348 data sets using
three ensemble models and one single model. They carried out an interpretable study of
the model using SHAP. The results showed that the ensemble model outperformed the
single model, and SHAP explained the key indicators affecting the compressive strength.

This research explored the application of artificial intelligence algorithms in predicting
the punching shear strength of concrete slabs reinforced with FRP materials. Advanced
machine learning techniques were employed, building upon previous studies, with a partic-
ular emphasis on model interpretability. Methodologies such as SHAP and importance and
sensitivity analyses were utilized to clarify the ML results. Specifically, 189 sets of experi-
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mental data were collected, and six machine learning models, including linear regression,
support vector machine, BP neural network, decision tree, random forest, and eXtreme
Gradient Boosting, were constructed and evaluated based on goodness of fit, standard
deviation, and root-mean-square error in order to select the most suitable model for this
study. The optimal model obtained was compared with the models proposed by codes
and the researchers. Finally, a model explainability study was conducted using SHapley
Additive exPlanations (SHAP). The developed ML model was compared against existing
formulas. Ultimately, the study identified the paramount variables influencing punching
shear capacity and formulated enhanced predictive equations with improved accuracy.

The follow-up study consists of the following sections: Section 2 is the database
construction, including statistical analysis and distribution of features. Section 3 is the
model construction and evaluation, including the selection of models most applicable to
this study, the evaluation of the codes and the researcher’s model, and the interpretable
study of the features. The last section is the conclusion, which evaluates the codes and the
researcher’s model and specifies the machine learning model that is most applicable to
this study.

2. Database Construction
2.1. Parametric Study

Researchers have analyzed the parameters affecting the punching shear strength of
FRP-reinforced concrete slabs through a number of experiments. Ahmad and Banthia
et al. showed that the punching strength of FRP-reinforced concrete slabs decreased with
increasing concrete strength. Bank and Ospina found that the punching strength increased
with increasing FRP reinforcement ratio. Louka and El-gendy investigated the relationship
between the modulus of elasticity and the punching strength, and the results showed
that a positive relationship between the modulus of elasticity and the punching strength.
Bouguerra’s study showed that the punching strength increased with an increase in loading
area dimensions. In addition, Bouguerra and Tom’s study showed that the punching
strength increased with an increase in effective depth.

2.2. Data Collection

In conjunction with the researcher’s findings in Section 2.1 and taking into account the
collectability of data, an aggregation of 189 experimental data sets was compiled from a
thorough examination of 36 distinct research endeavors [12-16,28-57], including key input
variables: loading area shape (A, B), loading area dimensions (b, c), effective depth (d),
concrete strength (f'c), FRP Young’s modulus (E), FRP reinforcement ratio (p); and output
variable: punching shear strength (V). The statistical analysis of the data is shown in Table 1.
The distribution of the data is shown in Figure 1.

Table 1. Statistical characterization of features.

A B b c d fe P E
Unit mm mm mm mm mm MPa % GPa
skew —0.43 —-0.28 0.69 —0.97 0.94 3.43 1.74 1.31
max 3000 4000 635 300 284 179 3.76 230
min 300 300 25 25 45 222 0.18 28.4
mean 1960.90 1735.77 300.95 212.20 131.43 45.78 0.94 79.91

As can be seen in Figure 1, the distribution of the features is wide but uneven across
the intervals.
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Figure 1. Distribution of parameters.

3. Model Construction and Evaluation
3.1. Modeling

The 189 sets of data collected in Section 2.2 were used for model construction, of
which 80% of the data were used as the training set and 20% as the test set. Six machine
learning algorithms, linear regression (LR), support vector machine (SVM), BP neural
network (BPNN), decision tree (DT), random forest (RF), and eXtreme Gradient Boosting
(XGBoost), were used to construct the machine learning model. The reason for choosing
these models is that the above six models have been widely used, and LR, SVM, and BP
are the early classical machine learning models. DT, RF, and XGBoost, on the other hand,
are all tree-based models; XGBoost was proposed in 2016 and is widely used due to its
excellent performance on different data sets. All the above models were run on Python.
The hyperparameters for each machine learning were obtained using grid search and
five-fold cross-validation. Grid search is a method to find the best model hyperparameters
by traversing different parameter combinations. Five-fold cross-validation is a commonly
used method for model evaluation, and its principle is shown in Figure 2. The data set
is partitioned into five equally sized segments, where four portions serve as the training
dataset, and the residual segment constitutes the test set. The iteration process is repeated
five times to get the average of the five sets of model performance evaluation results, which
can be more accurate in evaluating model performance.
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Figure 2. Five-fold cross-validation.

3.2. Machine Learning Model Evaluation

The comparison of the predicted and experimental values of each machine learning
model is shown in Figure 3. The performance evaluation metrics are shown in Table 2.
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Figure 3. Predicted values of machine learning models.
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Table 2. Performance of machine learning models.
Training Test
R? SD RMSE R? SD RMSE
LR 0.81 91.34 143.76 0.8 90.81 131.81
SVM 0.75 132.25 166.53 0.79 105.94 134.81
BP 0.89 106.98 107.13 0.87 104.89 105.34
DT 0.98 35.15 37.27 0.86 93.1 109.34
RF 0.98 37.35 46.30 0.89 86.75 99.24
XGBoost 0.98 34.55 42.67 0.88 88.61 100.34

3.3. Codes’ and Researcher’s Model Evaluation

The existing models for calculating the punching shear strength of FRP-reinforced
concrete slabs are shown in Table 3.

Figure 4 illustrates the comparative performance of the model developed within this
research against existing models.

Table 3. Existing models.

Ref. Formula Symbols
1
JSCE V = BaBoBr freabosad Ba= (192)" <158, = (1000E/Es)* < 156,
= PdPpPr]Pcdt05d =1+ 7(1+o.zlsho_5d)fl’cd =02\/fi <1.2bys4 = 4(c +4d)
d
0.028(1+ £ (Epfl)’
1
con V = bysads 0.147(EpfL)’ (0.19 + as i)
0.056(Epf.)*
Be=1uas=4
b0.5d = 4(C + d)
ACI V = 0.8/ fckdbg s k = \/20n + (on)?* — pnn = 4750/ flby 54 = 4(c + d)
ECSCT 02850 ()™ Viier = 27mg L, mp = d2pfp | 1— —2

% (3)

As can be seen in Figure 4, the goodness of fit of both the codes and the researcher’s
model is below 0.8. In addition, the coefficient of variation between the calculated and
experimental values of their models is more than 60%. However, the RF model constructed
in this study has a very high goodness of fit and coefficients of variation within 20%, which
is much better than existing models.

3.4. Model Explainability

From Section 3.2, it can be seen that RF performs the best among all machine learning
models, and therefore, an explainable study of the model is performed using RF. The
explainability of the model is performed through SHAP, a method for interpreting machine
learning models that combines Shapley values from game theory and local interpretive
techniques to provide global and local interpretations of model predictions. The global
explainability of RF is shown in Figures 5 and 6, and the local explainability is shown in
Figure 7 using the SHAP force plot. It is important to note that in these figures, yellow
indicates a positive impact, and green indicates a negative impact.
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Figure 4. Model evaluation.

Figure 5 analyzes the importance of the parameters in terms of the entire data set. As
can be seen in Figure 5, overall, effective depth (d) had the greatest impact on punching
shear strength, while FRP Young’s modulus (E) and loading area dimensions (c) had a
lesser impact on punching shear strength. Figure 6, on the other hand, provides a sensitivity
analysis of the parameters from the perspective of the entire dataset. Taking the first four
parameters with higher importance as an example, it can be seen from Figure 6 that all four
parameters with higher importance had a positive effect on the punching shear strength,
i.e., the punching shear strength improved as d, b, B, and p increased.

Figures 5 and 6 analyze the importance and sensitivity of the parameters from a global
point of view. However, the parameters’ importance and sensitivity tended to differ for
different samples. Figure 7 gives the predicted overlay for two different samples. The
former sample is from Bouguerra [16], and the latter is from Hussein [57].
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B

Figure 7 demonstrates that the importance and sensitivity of features to punching shear

strength are different in different samples. For example, for the two samples mentioned
above, p was inversely related to punching shear strength in the first sample and the
opposite in the second sample. Similarly, E had a positive effect on punching shear strength
in the first sample but a negative effect in the second sample. It is important to note that
even though the effects of the features were not exactly the same in both samples, RF
predicted them both better. The experimental value of the first sample was 181 KN, and the
model predicted 190.21 KN with an error of 5.08%. The second sample had an experimental
value of 218 KN, and the model predicted 219.567 KN with an error of 0.72%.
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4. Conclusions

In this study, a punching shear strength prediction model for FRP-reinforced RC
slabs was constructed using six machine learning algorithms, and an explainable study of
the model was carried out using SHapley Additive exPlanations (SHAP). The following
conclusions were obtained:

(1) SVM performs worst among all models, and tree-based models (DT, RF, XGBoost)
performed significantly better than LR, SVM, and BP on training and test sets. RF is
the most suitable model for predicting the punching shear strength of FRP-reinforced
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RC slabs. Among all the machine learning models, its performance was the most
balanced on the training and test sets.

The existing codes and the models suggested by researchers for calculating the punch-
ing shear strength of FRP-reinforced concrete slabs had low goodness of fit (below
0.8) and coefficients of variation exceeding 60%, which are not conducive to practical
engineering applications. The RF prediction model constructed in this study had a
high goodness of fit (0.96) and a low coefficient of variation (13%).

The effective depth (d) of the FRP-reinforced concrete slabs was the most important
and proportional to the punching shear strength. FRP Young’s modulus (E) and
loading area dimensions (c) had less influence on punching shear strength and had a
more complex relationship with punching shear strength.

The conclusions on the significance and sensitivity of the features obtained in this

study can be used as a reference for code revision and engineering design of FRP-reinforced
concrete slabs. However, this study is data-driven and does not incorporate knowledge of
the mechanics of FRP-reinforced concrete slabs, and further refinement of the model with
professional knowledge is required in the future.
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Aand B Slab dimensions
band ¢ Loading area dimensions
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Effective depth

Concrete compressive strength

Flexure reinforcement ratio

Young’s modulus of FRP longitudinal reinforcements
Young’s modulus of steel reinforcements

bgsq/d  Ratio between failure surface and depth

Ts
Viiex
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Te
mgR

fr

The distance between the centerline of the loading area and the inflection point

The two-way shear for flexure failure

The distance between the centerline of the loading area and the loading point

The distance between the centerline and the edge of the loading area

The resisting slab flexure strength

The stress of the FRP longitudinal reinforcements at failure due to concrete crushing
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