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ARTICLE INFO ABSTRACT
Keywords: Reinforced concrete (RC) slabs are fundamental structural elements widely employed in both
Punching shear strength general and marine engineering applications, where they are required to ensure load distribution

Reinforced concrete slabs
Automated machine learning
Structural failure prediction
Marine structures

and in-plane stability under various environmental and mechanical stresses. In marine environ-
ments, these slabs are particularly vulnerable to degradation mechanisms such as chloride-
induced corrosion and cyclic wave loading, which significantly increase the risk of brittle
punching shear failures. Such failures, typically resulting from unbalanced shear forces and
insufficient reinforcement detailing, can lead to abrupt and catastrophic structural collapse.
Existing empirical approaches for predicting punching shear strength often lack the capacity to
account for the complex, nonlinear interactions among geometric, material, and environmental
parameters, thereby limiting their reliability in marine contexts. To address these limitations, this
study proposes an automated machine learning (AutoML) framework that leverages data-driven
modeling for accurate and efficient prediction of punching shear strength in RC slabs. The
framework integrates automated model selection, hyperparameter optimization, and feature se-
lection within a self-optimizing multi-layer stacking ensemble, eliminating the need for manual
intervention and enhancing predictive performance. Model interpretability is achieved through
SHapley Additive exPlanations (SHAP) analysis, which identifies the most influential predictors
and provides insights into underlying structural behaviors. The proposed methodology is vali-
dated using an extensive dataset comprising RC slabs with varying reinforcement configurations,
material properties, and exposure conditions, including those specific to marine environments.
Results demonstrate superior generalization capability and improved prediction accuracy
compared to traditional approaches, highlighting the framework’s potential as a practical tool for
structural design, assessment, and durability analysis of RC elements in marine infrastructure
systems.
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1. Introduction

Reinforced Concrete (RC) slabs play a crucial role as structural components in construction and civil engineering, characterized by
the synergistic interaction between concrete and steel reinforcement to form flat elements [1-5]. These slabs are primarily designed to
support and distribute loads, providing essential horizontal stability and load-bearing capabilities. In marine structures—such as
offshore platforms, coastal bridges, and quay decks—RC slabs are particularly critical due to their exposure to harsh environments
involving salt spray, wave impact, and long-term chloride-induced corrosion. These conditions significantly accelerate deterioration
mechanisms, thereby increasing the vulnerability of RC slabs to punching shear failures.

RC flat slabs are vulnerable to brittle punching and shearing failures when exposed to unbalanced shear forces and bending mo-
ments between the slab and its supporting columns [6]. Such failures often arise from inadequate shear resistance or the lack of
transverse reinforcing bars, which can lead to localized stress concentrations. In the event of brittle shear failure, shear cracks develop
on the surface of the slab, following the direction of the shear force. This results in a sudden and rapid failure, characterized by minimal
plastic deformation [7]. The localized nature of this failure not only reduces the load-bearing capacity but may also trigger progressive
collapse, compromising the overall structural integrity. This risk is particularly heightened in marine structures, where combined
mechanical and chemical stressors can reduce residual strength far below design expectations. Therefore, accurate prediction of
punching shear strength is essential to ensure the safety and long-term durability of RC slabs in both conventional and marine
environments.

Through a significant number of studies, the punching shear resistance of reinforced concrete (RC) flat slabs has been researched
since the 1950s [8,9]. Einpaul et al. [10] created an empirical formula for punching shear strength, which is frequently used in ACI’s
specifications, after conducting a significant number of experiments and having several researchers analyze the data. Additionally,
they carried out field experiments on RC slabs with various shear reinforcement, various shapes, and various parameters, as well as
slabs with various materials and various types of reinforcement, to look into the variation of punching shear strength [11-15]. By using
numerical simulation and the theory of critical shear fractures as a foundation, they proposed a new criterion of punching-shear
damage for the research of shear cracks, and the performance of reinforced concrete flat slabs was improved by various reinforce-
ment techniques [16-19]. While these traditional approaches have advanced design practice, they often rely on empirical assumptions
that may not fully capture the nonlinear interactions between influencing variables. This limitation is even more pronounced under the
complex exposure conditions encountered in marine environments. As structural systems and loading conditions become more
complex, there is a growing demand for advanced predictive tools that can accommodate multivariate dependencies.

Recently, machine learning algorithms have gained traction in structural engineering research for predicting shear strength and
quantifying damage in concrete structures. One of the pioneering artificial neural network (ANN) models for estimating the punching
shear capacity of RC slabs was developed by Elshafey et al. [20] and Said et al. [21]. Concurrently, Gandomi and Roke [22] focused on
identifying variables related to punching shear that could lead to overfitting in ANN models. Tran and Kim [23] made significant
contributions by proposing new ANN-based equations for forecasting punching shear resistance. Additionally, Chetchotisak et al. [24]
introduced an innovative punching shear strength equation and its corresponding strength resistance factor, tailored specifically for
practical design applications, utilizing the RA1 approach. The recent popularity of machine learning methods for predicting punching
shear strength is further exemplified by Nguyen et al. [25], who explored the gradient boosting technique XGBoost, demonstrating its
superior performance compared to traditional ANN and random forest (RF) models. Supporting this, Mangalathu et al. [26] compared
the performance of seven machine learning techniques, including support vector machine (SVM), decision tree (DT), RF, AdaBoost,
XGBoost, k-nearest neighbors (kNN), and RA5, highlighting the effectiveness of advanced algorithms. Furthermore, machine learning
techniques have been adapted to estimate the punching shear strengths of various concrete slab types, including RC slabs reinforced
with steel fibers [27-29] and those incorporating fiber-reinforced polymer (FRP) bars [30]. Faridmehr et al. [31] developed a unique
information bat neural network model to forecast the punching shear capacity of RC flat slabs without shear reinforcement.

Despite advancements in machine learning (ML)-based shear strength prediction models, their implementation often requires
manual modeling processes, compromising efficiency and accuracy in engineering applications. Typically, multiple ML models are
deployed on a given dataset, with the one yielding the highest accuracy selected as optimal. This process must be repeated for different
structural elements or materials, and a single model may not consistently deliver satisfactory accuracy across diverse shear strength
prediction scenarios. Such manual modeling not only proves inefficient but can also introduce model bias [5,32-36], diminishing the
reliability of ML-based predictions. In contrast, automated machine learning (AutoML) streamlines the entire modeling process,
encompassing data preprocessing, feature selection, model selection, and hyperparameter tuning [37-39]. AutoML systems efficiently
explore a broad array of algorithms and hyperparameters, optimizing model performance with minimal human intervention, which
accelerates model development while enhancing prediction accuracy and generalization capability. These benefits are also can be
advantageous for marine infrastructure, where real-time decision-making, limited data quality, and the need for robust prediction
under uncertainty are prevalent challenges. This study proposes an AutoML-based framework for predicting the punching shear
strength of RC slabs, utilizing a multi-layer stacking ensemble to integrate multiple base learners. Unlike traditional single-model
approaches, this method eliminates manual intervention and enhances prediction performance by leveraging model diversity. Its
design is intended to be applicable across a variety of structural conditions, including those influenced by marine exposure, thus
contributing to safer and more resilient coastal and offshore infrastructure systems.

This study aims to conduct a comprehensive analysis of reinforced concrete (RC) slab shear strength prediction using automated
machine learning (AutoML) techniques. Section 2 provides an overview of the database sources, outlining the data collection methods
and the characteristics of the dataset utilized in this research. In Section 3, we offer a detailed description of the various machine
learning methodologies employed, including both base machine learning models and AutoML approaches, along with the criteria used
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to select the optimal method for the prediction task. Section 4 focuses on the performance evaluation of the machine learning models,
featuring an extensive error analysis and a thorough assessment of their predictive accuracy. Section 5 presents the AutoML-based
SHAP (SHapley Additive exPlanations) analysis, which includes an in-depth examination of feature importance and sensitivity
analysis to gain insights into the factors influencing shear strength predictions. Finally, Section 6 describes the development of a
graphical user interface (GUI) that enables shear strength predictions from user-specified input parameters, highlighting the model’s
usability in both research and practice.

2. Database description
2.1. Database

The dataset underpinning this investigation is sourced from an established repository housing 380 two-way RC slabs lacking
transverse reinforcement at internal supports, accessible at https://datacenterhub.org/resources/256. Within this comprehensive
database, 519 meticulously documented test samples encompass detailed information pertaining to test configurations, sample ge-
ometries, material properties, and test outcomes. The principal aim of this study is to develop a bespoke machine learning model
designed to accurately estimate the maximum shear strength of plate elements when subjected to punching shear damage in the
absence of transverse reinforcement. Specifically, from the extensive dataset, a subset comprising 380 samples was thoughtfully
selected to delve into the nuanced shear strength characteristics of these plate elements. In this research study, eight distinct design
factors were meticulously selected as the primary variables for examination. Table 1 shows the characteristics of the input variables.
These parameters encompass the equivalent column width (b), slab height (h), effective depth (d), critical perimeter (bo), shear span
(a), density (rho), yield strength of flexural reinforcement (fy), and compressive strength (fc).

2.2. Input and output variables

Fig. 1 shows distribution and correlation of input and output variables. These specified inputs are integral in determining the
study’s output, namely the shear strength.

3. Machine learning-based punching shear strength models
The fundamentals of seven prevalent machine learning algorithms are elaborated upon (Fig. 2).
3.1. Machine learning (ML)

This study employs seven machine learning models - Neural Network (NN), K-Nearest Neighbors (KNN), Extra Trees (XT), XGBoost,
LightGBM, Random Forest (RF), and AutoML - selected for their complementary strengths in predicting shear strength of marine
concrete structures. The ensemble methods (XT, XGBoost, LightGBM, RF) excel at capturing complex nonlinear relationships while
mitigating overfitting, crucial for handling noisy marine environment data. KNN provides local pattern verification, NN models high-
dimensional nonlinear mappings, and AutoML optimizes hyperparameters objectively. This diversified approach, validated in struc-
tural engineering applications, ensures robust prediction across varying marine conditions.

The NN model is a powerful approach capable of capturing intricate patterns in high-dimensional data through a layered archi-
tecture that iteratively adjusts weights via gradient descent, allowing it to generalize well across a range of input features [40]. KNN
complements this by classifying or predicting target values based on proximity to known data points, making it particularly effective in
scenarios where local data density plays a crucial role [41-43].

XT and RF both excel in ensemble learning, utilizing multiple decision trees to boost model performance by reducing overfitting
and enhancing stability. XT differs from RF in its randomization during both feature selection and splitting criteria, leading to a more
diverse set of trees [44], while RF aggregates predictions from a large number of decision trees to enhance robustness and predictive
consistency [45].

XGBoost and LightGBM represent advanced gradient-boosting techniques that efficiently handle non-linear relationships in data
through an ensemble of weak learners. XGBoost is known for its regularization capabilities, which prevent overfitting and enhance

Table 1

The data distribution of each variable in the database (kN).
Inputs mean std max min mode median
b 181.42 92.39 707.64 40.06 200.00 173.57
h 137.83 67.72 550.00 0.00 152.00 130.00
d 112.91 58.30 500.00 30.00 114.00 107.00
bo 1177.30 515.36 3904.00 312.62 562.00 1116.00
a 648.16 318.60 2320.00 38.00 270.00 675.00
rho 0.01 0.01 0.04 0.00 0.01 0.01
fy 469.79 118.28 749.00 250.00 550.00 471.00
fc 368.41 18.51 118.70 8.66 24.89 28.00
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Fig. 1. Input and output variables distribution and correlation.

model accuracy [46,47], while LightGBM is optimized for high-speed training and low memory consumption, making it especially
well-suited for large-scale datasets and real-time prediction scenarios [45]. Both models excel in addressing the challenges posed by
the high-dimensional and multi-variable datasets commonly encountered in wind prediction studies.

3.2. Automatic machine learning (AutoML)

AutoML streamlines machine learning development by automating tasks such as data preprocessing, feature engineering, model
selection, hyperparameter tuning, and ensembling, making machine learning accessible to non-experts. Techniques like Bayesian
optimization, genetic algorithms, and neural architecture search help identify optimal model configurations, minimizing human
intervention and accelerating deployment [45].

This study utilizes a multi-layer stacking framework, where predictions from lower-layer models feed into higher layers, combining
base models’ strengths and original features to enhance performance. k-fold bagging further reduces overfitting, and hyperparameters
are automatically tuned via Bayesian optimization, allowing for rapid implementation without specialized ML knowledge.

3.3. Evaluation metrics

In the pursuit of optimizing the machine learning model, the dataset undergoes partitioning into distinct subsets: a training set and
a test set. The training set, encompassing 70 % of the data, is harnessed for constructing the predictive model, while the model’s
performance evaluation unfolds on the remaining 30 % of the data. This evaluation scrutinizes the model’s ability to forecast unseen
instances, concurrently monitoring for indications of overfitting. Central to this assessment are pivotal metrics such as root mean
square error (RMSE), variance (Rz), and mean absolute error (MAE), computed on the randomly allocated training set. These metrics
furnish essential insights into the model’s accuracy, resilience, and generalization prowess [48-50]. The calculation formulas for these
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where x; and y; stand for the iy, output’s expected and experimental values, respectively; X;and ¥; also stand for the mean of the
predicted and experimental values, respectively; and n stands for the quantity of data points. The R? number should be close to 1 for
best accuracy. An R? of more than 0.8 has previously been shown to be acceptable, and studies have shown that this is associated with
decreased MAE and RMSE values and higher prediction accuracy for the chosen model [51,52].

4. Performance of ML models
4.1. The deployment process of AutoML

The deployments process of an ML model mainly consists of model selection and hyperparameter optimization. Both steps are
performed automatically without manual intervention for the proposed model. The number of layers for the multi-layer stacking
framework is determined based on the complexity of the dataset. The single hyperparameter that needs to be discussed in this section
for AutoML is training time. With more provided training time, the AutoML model will repeat the bagging process. The default training
time enables all base models to finish training without repeating bagging. The values of 5-fold cross-validation against training time
are illustrated in Fig. 3. R2 of the train set reaches the peak value of 0.995 at 50 s, while the validation set yields the peak value of 0.957
at 300 s. The default training time for one circle is 150 s, indicating that stacking impacts more largely the model performance than
bagging. Considering the balance between accuracy and efficiency, 150 s is an appropriate training time. In all trials, AutoML
maintains the best model performance compared with other models, which demonstrates the usefulness of the adopted stacking
framework in AutoML to avoid manually choosing a single model and improving model accuracy at the same time. The AutoML model
enables the researchers to just focus on the training time to deploy the model, which will improve the efficiency for shear strength
prediction.

4.2. ML model error analysis

Based on previous description, R%, RMSE and MAE are used to identify performance of seven models.

Fig. 4 shows values of metric error of seven ML models (red histogram is R?, orange represent RMSE and green is MAE).
Remarkably, the AutoML model surpasses all other models, demonstrating an R? value of 0.977, RMSE is 55.61 and an MAE value of
36.75 KN. Conversely, the foundational machine learning model, KNN, presents less favorable results with an R? of 0.877, RMSE of
128.57, and MAE of 69.85. Other models like XT, NN, RF, XGBoost and GBM also have commendable performance.

Table 2 illustrates the model error margins for different models. The statistical properties of the model error, including its mean and
standard deviation, serve as crucial indicators of the bias and dispersion inherent in model predictions. In our investigation, the
application of Automated Machine Learning (AutoML) demonstrates superior performance concerning model error, exhibiting mean,

1.00
—®— Train set
—#— Validation set

0.98 4

2 0.96 4
0.94 4
0.92 T T T T T
0 50 100 150 300 450

Training time (s)

Fig. 3. Model performance versus the provided training time.
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Fig. 4. Metrics error of ML model. Performance metrics comparison of machine learning models for shear strength prediction: (a) R?, (b) RMSE, and
(c) MAE. The models evaluated include AutoML, XT, NN, RF, XGBoost, GBM, and KNN. Higher R? values (closer to 1) and lower RMSE/MAE values
indicate better predictive performance.

standard deviation and coefficient of variation of 0.999, 0.191 and 0.191, respectively. Conversely, the individual K-Nearest Neighbors
(KNN) model displays the least favorable outcomes among the ensemble base models evaluated. Following AutoML, Gradient Boosting
Machines (GBM) emerge as the next most effective model, yielding a mean, standard deviation and coefficient of variation of 0.982,
0.198 and 0.201, respectively. The findings underscore the efficacy of the AutoML model in mitigating both bias and variance inherent
in base models via its integration strategy. This enhancement substantially bolsters the accuracy and reliability of AutoML, particularly
evident in its predictive capabilities for shear strength.

Fig. 5 shows a violin diagram depicting the model error distribution of seven machine learning methods. The red dots at the center
of each violin represent the average value, while the scattered dots of various colors represent the distribution of error values. The error
values for all models cluster around 1, as depicted in Fig. 5, yet the mean error value for AutoML is the closest to 1. The red dot,
symbolizing the mean, closely aligns with 1.0, coinciding with the red line (median), and revealing smaller upper and lower quartiles.
This indicates a more centralized and homogeneous distribution of error values, resulting in a more concentrated violin shape. The XT
model closely follows suit, with a red dot and red line near 1.0, but with a larger lower quartile and a relatively more erratic overall
distribution. In contrast, other models, while marginally more accurate than KNN, exhibit skewed error distributions, extended tails,
and broader upper and lower quartiles.

4.3. ML predictive performance analysis

This section discusses the results of the seven models on the test set in detail to verify the accuracy and generalization of the
proposed model.

Fig. 6 presents a scatter plot comparing six predicted shear strength values (Vpreq) with their corresponding experimental coun-
terparts (Vexp), with the diagonal line representing perfect prediction parity. Points below this line denote conservative predictions.
The broad distribution in the training set promotes model generalization, while the test set’s broad distribution mitigates bias towards
specific shear strength intervals. Most data points align closely with the ideal fit line, indicating strong agreement between predicted
and experimental values, highlighting model’s efficacy in shear strength prediction.

In Fig. 7, the histogram presents the distribution of model errors for the AutoML model, complemented by a corresponding kernel
density estimate (KDE) curve. Notably, the average errors for both the training and test sets, registering at 0.999 and 0.977 respec-
tively, closely approach unity, affirming the strong statistical alignment between AutoML-predicted values and experimental obser-
vations, indicative of exceptional model performance. Furthermore, scatter points from alternative models within the test set exhibit a
tight clustering around the regression line, with the ranking based on the accuracy metric R%as XT>NN>RF>XGBoost>GBM>KNN,
highlighting the superior predictive prowess of AutoML while also showcasing competitive performance from other models.

Table 2
Model error of ML models.
mean std cov

AutoML 0.999 0.191 0.191
XT 0.986 0.203 0.206
NN 1.057 0.258 0.244
RF 1.002 0.210 0.210
XGBoost 0.964 0.254 0.264
GBM 0.982 0.198 0.201
Knn 1.018 0.285 0.280
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Fig. 5. Model error of ML models. The red dots at the center of each violin represent the average value, while the scattered dots of various colors
represent the distribution of error values.

5. SHAP analysis

Incorporating AutoML and SHAP analysis in scientific papers offers significant benefits. SHAP analysis provides deep insights into
each feature’s contribution to a machine learning model’s predictions, enhancing understanding of the model’s decision-making
process [53,54]. Meanwhile, AutoML simplifies tasks such as model selection, hyperparameter tuning, and feature engineering,
reducing manual effort and time [55]. Together, AutoML and SHAP analysis enable researchers to efficiently explore complex models,
identify key features, validate findings, and improve interpretability and transparency of research outcomes [56]. This integration
facilitates informed decision-making, enhances reproducibility, and promotes the adoption of machine learning techniques across
scientific domains.

5.1. Feature importance

As depicted in Fig. 8 below, SHAP analysis reveals that critical factors influencing shear strength are ranked as bo, h, d, fc, rho, fy, a,
and b. Notably, the critical perimeter (bo), slab height (h), and effective depth (d) emerge as pivotal determinants of shear strength.
The critical perimeter (bo) delineates the section in a structural element experiencing peak shear forces, pivotal for shear stress dis-
tribution. Slab height (h) directly impacts shear strength by providing a larger area to resist shear forces, with increased height
correlating to greater strength. Effective depth (d), measured from compression fiber to tensile reinforcement centroid, enhances shear
resistance efficiency. A larger effective depth augments the lever arm against shear forces, thus elevating shear strength. Importantly,
the critical perimeter (bo) stands out as the most influential factor in SHAP analysis, with variations in bo significantly impacting shear
stress distribution and consequent shear strength, surpassing the influence of alterations in slab height or effective depth.

Fig. 9 presents a comprehensive visualization encompassing a heatmap matrix displaying model output atop a grey dashed
baseline, alongside a bar graph illustrating the global importance of each input factor in influencing shear strength. This depiction
elucidates the hierarchical order of input significance, corroborating with the ascending importance exhibited in Fig. 8. Additionally,
the heatmap encapsulates all 380 data points, unveiling the intricate relationship between selected factors and shear strength, aided by
a color scale indicating relative impact. Notably, critical perimeter (bo) emerges as the foremost determinant of shear strength, with a
discernible positive correlation observed within instances 0-130 and a subsequent negative trend. Fig. 10 further reinforces this,
highlighting critical perimeter’s pivotal role, while also delineating the contrasting impacts of other parameters, such as slab height (h)
and effective depth (d), which positively influence shear strength, and shear span (a) and equivalent column width (b), which exhibit
negative effects in alignment with conventional understanding.

SHAP can also provide a local explanation for each individual prediction, which can be particularly useful in understanding the
impact of specific features on the prediction. Two instances of local explanation for shear strength prediction are illustrated in Fig. 11
using a waterfall plot. Each arrow in the figure denotes the direction and size of the influence of a feature on the prediction. The plot
begins with the average of the output values E[f(x)] at the bottom. According to the principle of linear additivity, the outcome of each
feature’s contribution is added together to provide the final prediction.

A comparison of the two figures reveals some interesting contrasts. In the first scenario, the parameter bo has a positive impact of
+ 15.88 on the shear strength, while in the second scenario, it exerts a negative impact of —9.7. Conversely, rho demonstrates a
significant negative influence of —33.43 in the Fig. 11 (a) but shows a substantial positive effect of + 40.93 in the Fig. 11 (b).
Furthermore, the parameter fc exhibits a moderate positive contribution of + 9.15, which escalates to + 84.65 in the Fig. 11 (b).

These local explanations provide valuable insights into the specific factors that influence shear strength prediction. The observed
contrasts indicate that the impact of each parameter can vary significantly depending on the context. For instance, the positive effect of
fc is much more pronounced in the second scenario, suggesting a higher sensitivity to this parameter under different conditions.
Similarly, the reversal of rho’s impact from negative to positive underscores the importance of context-dependent interactions among
parameters.

The local explanation of SHAP enables an intuitive understanding of the role of each feature in each prediction, thus making the
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Fig. 6. Performance and comparison of machine learning models.

prediction process transparent. This allows us to see which features are most important in each prediction and how they contribute to
the overall prediction. Additionally, the local explanation of SHAP can serve to explain the origin of a particular prediction and to
identify any potential errors in the prediction process. The incorporation of feedback data into the prediction process through SHAP’s

local explanations can also improve the accuracy of the predictions.
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Fig. 8. Mean SHAP values using AutoML.

5.2. Sensitivity analysis

This section focuses on the analysis of SHAP dependency graphs. The significance of this analysis lies in its ability to provide
comprehensive explanations for machine learning model predictions by visually illustrating the impact of features [57-59]. It en-
hances understanding of feature contributions, supports effective feature engineering, and aids in model refinement. By identifying key
features and revealing their interactions, SHAP dependency graphs promote transparency, interpretability, and trust in model out-
comes [60].

The SHAP dependency graph presented in Fig. 12 provides a comprehensive visualization of the influence and interdependencies of
eight key factors, including the critical perimeter (bo), slab height (h), effective depth (d), compressive strength (fc), density (rho),
yield strength of flexural reinforcement (fy), shear span (a), and equivalent column width (b), on the predictions generated by the
machine learning model. Each factor is depicted as a node, and the connections between nodes indicate their relationships. By
analyzing the associated SHAP values, the relative importance and contributions of each factor can be discerned, aiding in the
interpretation of the model’s decision-making process and providing insights into the intricate relationships and interactions among
the factors.

The analysis reveals that the equivalent column width (bo), height (h), and effective depth (d) exhibit a positive influence on plate
shear strength prediction, with increasing values of these features leading to higher shear strength predictions. This indicates that
wider, taller, and deeper columns contribute to enhanced shear resistance. Conversely, the compressive strength (fc), density (rho),
and yield strength of flexural reinforcement (fy) initially have a negative impact on plate shear strength prediction for small input
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values, but as these features increase, they start to positively influence the results, highlighting the significance of strong and dense
materials in enhancing shear resistance. Notably, the equivalent column width (b) demonstrates a distinct spike in its prediction,
maximizing its positive effect until a certain threshold, beyond which it negatively impacts the results. This suggests an optimal range
for b that maximizes its contribution to shear strength, beyond which increasing b may reduce shear strength. Additionally, the shear
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Fig. 12. SHAP Dependency Plot using ML Model.

span (a) exhibits a negative correlation with shear strength prediction, indicating that increasing the span length decreases shear
strength.

The SHAP interaction values Fig. 13 is a novel attribution method that directly represents feature interactions, which are not
captured by current methods. By extending SHAP values using the Shapley interaction index, we introduce SHAP interaction values.
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These values ensure consistency and explain the interaction effects for individual predictions. They quantify the degree of interaction
between features and can be used to measure interaction strength and visualize feature dependencies. The graph automatically
identifies features with strong interactions and visualizes their relationships. This method enhances our understanding of feature
interactions, aiding interpretation, model optimization, and decision explanation.

The SHAP interaction values, represented in Fig. 13, elucidate the relationships among four pairs of influences (bo vs h, h vs d,
d with h, and fc vs h). Notably, bo vs h, h vs d, and d with h exhibit a positive correlation with the increasing shear strength of the plate,
signifying that an escalation in the value of one feature corresponds to an increase in the value of the other feature. However, a
distinctive variation is observed in the association between fc and h compared to the aforementioned correlations. Initially, as fc
increases, it negatively impacts the shear strength of the plate, but this effect transitions to a positive one subsequently. Conversely, h
displays a more discrete distribution, indicative of a positive correlation between the two features. Nevertheless, this relationship may
not be straightforward, as it might be influenced by other factors exhibiting a non-linear relationship. Hence, a more comprehensive
analysis is imperative to elucidate the characteristics and mechanisms of the relationship between fc and h, considering the potential
influence of other factors and exploring the non-linear nature inherent in their relationship. Through such a meticulous analysis, a
deeper comprehension of the intricate dynamics between these features and their implications for the shear strength of the plate can be
garnered [61,62].

6. Preliminary development of prediction application

Building upon the insights and findings elucidated in Section 5 regarding RC slab shear strength prediction analysis, this section
endeavors to refine and expand the automated methodology for enhanced evaluation of RC slab shear strength under varied condi-
tions. Central to this objective is the application of a meticulously devised procedure tailored to the selected prediction methodology.
By further optimizing the established framework, this section aims to provide a systematic and efficient means of characterizing the
key factors influencing shear strength, thereby advancing our understanding and capabilities in structural performance assessment and
design optimization.

6.1. Application description

In this study, PyQt5 [63], a Python framework based on the Qt library, was utilized to construct a robust software application
tailored for the computation of plate shear strength across a diverse array of compositions. This software was meticulously crafted to
enable user interaction, affording manipulation of ratios pertaining to fundamental components, including the equivalent column
width [mm] (b), slab height [mm] (h), effective depth [mm] (d), critical perimeter [mm] (bo), shear span [mm] (a), density [kg/m? ]
(rho), yield strength of flexural reinforcement [MPa] (fy), and compressive strength [MPa] (fc), as depicted in Fig. 14. The graphical
user interface (GUI) developed through PyQt5 offers an intuitive platform featuring input fields and output parameters. Upon acti-
vation of the "Predict" function, the program harnesses PyQt5 to seamlessly execute backend calculations, furnishing users with a
comprehensive analysis of plate shear strength across various compositional scenarios. This amalgamation of PyQt5 not only expedites
software development but also engenders a user-friendly tool conducive to efficient plate shear strength computations. The program’s
user-centric interface, coupled with robust computational capabilities, furnishes a versatile solution for researchers and practitioners
engaged in shear strength analysis, thereby offering valuable insights into the mechanical properties of diverse composition sets.

Fig. 15 presents a comparative analysis between experimentally measured shear strength values and those predicted by the
computational prediction application. The strong correlation between the experimental and predicted data across all specimens
highlights the model’s high accuracy. This consistent agreement across multiple samples underscores the robustness and reliability of
the prediction algorithm, affirming its effectiveness in accurately estimating shear strength. These results suggest the prediction
program’s potential utility for broader applications in related fields.

7. Conclusion

This study presents a robust and fully automated machine learning (AutoML) framework for predicting the punching shear strength
of reinforced concrete (RC) slabs, with a particular focus on applications in marine structures. By adopting a multi-layer stacking
ensemble that integrates multiple base learners, the proposed framework overcomes the limitations of traditional manual modeling
approaches, including the inefficiencies associated with model selection and hyperparameter tuning. The AutoML system not only
enhances predictive accuracy but also facilitates rapid, user-independent deployment, making it highly practical for real-time struc-
tural assessments in both conventional and aggressive marine environments.

Comparative evaluation against six individual machine learning models confirms that the AutoML framework consistently out-
performs baseline approaches in terms of both prediction accuracy and computational efficiency. A dedicated prediction tool was also
developed to translate the trained AutoML model into a user-friendly application, enabling fast and reliable shear strength estimation
for practical engineering use cases. This feature is particularly relevant for marine infrastructure, where early identification of
structural vulnerability is essential due to exposure to chloride-induced corrosion, wave-induced dynamic loading, and fluctuating
environmental stressors.

(1) The AutoML model—based on a multi-level stacking strategy incorporating seven machine learning algorithms—demonstrates
significantly higher accuracy than single-model techniques, validating the benefits of automated selection and optimization. Its
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ability to harness diverse learning patterns makes it particularly suitable for complex structural scenarios, such as those
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RC Slab Shear Strength Prediction Application Based
on Machine Learning

Equivalent column width

Slab height

Effective depth
Critical perimeter
Shear span

Density

Flexural reinforcement

Compressive strength

Input parameters

300

550

433

37.43| -

Predict

Output parameters

>' Shear strength 2683

Fig. 14. Preliminary development of prediction application.

encountered in offshore platforms, port facilities, and coastal defenses.

(2) Deployment is streamlined through a time-constrained training protocol, wherein a 150-second training window was found to
balance computational cost and model precision effectively. This level of automation ensures minimal manual intervention
while maintaining performance, making it viable for time-sensitive structural monitoring in remote or resource-limited marine
contexts.
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(3) Error distribution analysis reveals that the AutoML framework achieves near-unity average error levels for both training and
testing sets, further underscoring its robustness and generalizability across different data regimes, including those influenced by
marine exposure.

(4) Model interpretability, achieved via SHAP (SHapley Additive exPlanations) analysis, highlights critical perimeter (bo), slab
height (h), and effective depth (d) as the most influential parameters. The dominant role of the critical perimeter in shear
strength prediction emphasizes its engineering relevance, especially for marine structures where dimensional optimization
must account for long-term durability under corrosive conditions.

(5) The proposed framework establishes a scalable, data-driven methodology that not only improves prediction performance but
also provides actionable insights for the design, assessment, and maintenance of RC slabs under variable environmental de-
mands. Its adaptability to marine-specific deterioration mechanisms further enhances its practical utility in the context of
resilient coastal and offshore infrastructure systems.

In summary, the integration of advanced ensemble learning with automated model optimization enables the proposed AutoML
framework to deliver high-precision, interpretable, and deployment-ready predictions of RC slab shear strength. Its proven applica-
bility to marine structures positions it as a valuable decision-support tool for structural engineers aiming to improve safety, reliability,
and service life in challenging environmental conditions.
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