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Abstract

Shear strength is a critical parameter for CFSTs, as shear failure occurs abruptly and can
compromise structural safety. Accurate prediction of the shear strength of circular concrete-filled
steel tubes (CFSTs) is crucial for the safe and economical design of composite structural systems.
Traditional empirical and analytical approaches often struggle to capture the nonlinear interactions
between geometric, material, and loading parameters. This study introduces innovative
metaheuristic-optimization-based machine learning models, particle swarm optimization (PSO)
and Bayesian optimization (BO), enhanced by random forest (PSO-RF), category boosting (PSO-
Cat), and random forest (BO-RF) and (BO-Cat), with a focus on the shear strength prediction of
circular CFSTs. Hence, to assess the model performance, we used the R?, RMSE, MAPE, and
MAE metrics. A comprehensive experimental database was compiled from published literature
and was divided into training (70%) and testing (30%) phases. The results demonstrate that the
(PSO-Cat) and (BO-Cat) algorithms achieve excellent predictive accuracy among all the
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evaluation metrics, with (R?> = 0.999, RMSE = 19.6455) in the training stage and (R? = 0.9874,
RMSE = 65.0769) in the testing stage (BO-Cat: R2 = 0.999, 0.9817), which exceeds those of the
(PSO-RF) and (BO-RF) models. Additionally, SHapley additive exPlanations (SHAPs) and partial
dependence plot (PDP) analyses were employed to identify significant input characteristics and
the influence of input parameters on shear strength outcomes. The results demonstrate that the
metaheuristic-optimized models significantly outperform conventional approaches in terms of
prediction accuracy, whereas SHAP analysis highlights the dominant role of the concrete area
(Ac), steel reinforcement area (As), and shear span-to-depth ratio (a/D) as the most impactful
parameters in governing shear capacity. Furthermore, a graphical user interface (GUI) was
developed to make the predictive models accessible for practical engineering use, allowing users
to input design variables and obtain shear—strength predictions with interpretability features. This
research provides a reliable, interpretable, and deployable framework for predicting the shear
strength of CFSTs.

Keywords: Circular Concrete-filled Steel Tubes (CFSTs), Shear Strength, Particle Swarm
Optimization, Bayesian Optimization, SHapley Additive exPlanations, Partial Dependence Plot,
and Graphical User Interface

Abbreviations: CFSTs, Circular Concrete-filled Steel Tubes; SFRC, Steel fiber-reinforced
Concrete; ST, Shear Strength; SFRC, Steel fiber-reinforced Concrete; FRRRAC, Fiber-reinforced
Rubberized Recycled Aggregate Concrete; AASHTO, American Association of State Highways
and Transportation Officials; BDS, Bridge Design System; WSDOT, Washington State
Department of Transportation; PSO, Particle Swarm Optimization; BO, Bayesian Optimization;
RF, Random Forest; CatBoost, Category boosting; LR, linear regression; GEP, Gene Expression
Programming; SVR, Support Vector Regression; GBR, Gradient Boosting Regression; ANN,
Artificial Neural Networks; SHAP, SHapley Additive exPlanations; PDP, Partial Dependence
Plot; GUI, Graphical User Interface;

1. Introduction

Concrete-filled steel tubes (CFSTs) have become popular as a preferred alternative in modern
construction because of their better durability and flexibility[1]. A CFST is composed of a hollow
steel tube that is packed with concrete, allowing the composite structure to leverage the optimal
characteristics of both materials. The steel framework exerts confining pressure on the core
concrete, which improves its compressive strength, whereas the concrete core mitigates local
buckling of the steel tube [2]. Hence, this synergy results in high load-bearing capacity, improved
ductility, and excellent energy dissipation, making CFSTs particularly suitable for high-rise
buildings, bridges, and seismic-resistant structures [3]. Among various shapes, circular CFSTs are
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frequently favored because of the uniform confinement provided by the steel tube to the core
concrete. Compared with square or rectangular sections, this design results in increased axial and
shear resistance [4]

One critical parameter in the design and safety assessment of CFST members is their shear
strength. Although the axial and flexural capacities of CFSTs have been extensively studied, very
few studies have been conducted on shear strength prediction [5]. However, in seismic-prone
regions or structural elements subjected to combined loading, shear plays a vital role in preventing
brittle failure [6]. Shear strength refers to a material's capacity to tolerate shear stress until it
experiences plastic failure in shear. The calculation is derived from the largest force observed
during a torsional test and is reliant upon the initial cross-sectional area of the sample being tested
[7]. Multiple competing methods exist for measuring shear strength (1), involving case-by-case
selection, as not all shear testing methods result in shear failure. The shear strength is calculated
by dividing the force at separation by the entire zone of the section being sheared [8]. Concrete
exhibits shear weakness due to its insufficient tensile strength. The goal of designing a
strengthening shear system is to counteract the applied force of shear that remains [9].

A steel—concrete composite component reduces the internal buckling of a tube [10,11]. Ye et al.
[12] investigated the impact of material and geometric properties. The study revealed that both
square and circular members exhibited observable ductile behavior. Using two different kinds of
concrete fill, Xu et al. [13] conducted seventy tests on circular members. Expansive concrete fill
significantly increased the shear capacity. Furthermore, these equations are often derived under
restrictive assumptions and limited experimental datasets, making them inadequate for capturing
the complex interactions among geometric parameters, material properties, and loading conditions
[14]

Research on high-strength rectangular CFST shorter columns [15], highly durable circular
shortened columns [16], and robust rectangular beams [17] has been conducted in earlier studies.
Lehman et al. [ 18] studied 22 large-scale samples to investigate the impacts of the shear span ratio,
tube diameter to thickness ratio, tail length, concrete compressive strength, and interface
conditions. Alghossoon et al. [19] noted that most numerical software is unable to accurately
represent the behavior of concrete in orthogonal directions because of its complex shear behavior.
A database of rectangular CFST columns with high strength was developed by Lai and Varma
(2015) [4]. Additionally, they developed a resistance factor and new design equations for
calculating cross-sectional strength through finite-element parametric analysis. However, it takes
considerable time and money to construct trustworthy FE models. The type of column capacity
prediction mentioned above requires robust data-driven models. AASHTO BDS [20], Eurocode
[21], WSDOT [22], and CECS [23] were among the design provisions that were assessed in
relation to the estimation of shear strength in HS-CFST members. There is no formula for
calculating the shear strength of a composite type in the AASHTO BDS [20]. Simple bending
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configurations with basic end supports under repeated loading were used in the majority of studies
on the shear strength of composite CFSTs and RCFSTs [13,24,25].

Deep learning networks trained on labeled images for predicting the shear behavior of concrete-
filled steel tubular members have been extensively researched in recent years. Although shear
behavior forecasting has improved significantly through the development of machine learning and
artificial neural network models, integrating these models into various CFST configurations and
material properties remains challenging. Machine learning approaches, including random forest
(RF), XGBoost, support vector regression (SVR), gradient boosting regression (GBR), and
artificial neural networks (ANNSs), have been used to estimate the shear strength of this structural
member type accurately. With R? values of 0.776 or 0.768 for elliptical CFST columns, the hybrid
approach performed better than did previous methods [26]. According to previous studies,
combined methods such as GBR and XGBoost typically yield the best predictive accuracy, with
R2 values exceeding 0.98 [27]. These results not only improve the accuracy of shear capacity
predictions but also provide practical guidance for enhancing CFST design in engineering
applications [28]. However, owing to the interactions between materials (steel and concrete) and
structural features, it is difficult to predict the shear behavior of a CFST. Existing empirical models
typically fail to incorporate these details, leading to prediction mistakes [29].

1.2 Literature review

Machine learning approaches have recently emerged as promising options for forecasting the
mechanical properties of concrete materials and structural elements. These forecasting techniques
can reduce time, labor, and money by providing the desired characteristics of experimental or
numerical research. The mechanical properties of concrete can be properly predicted via machine
learning, which has been a significant issue for both research and practical applications [30]. FR3C
(fiber-reinforced rubber recycled aggregate concrete) is made of materials that are recognizable to
the concrete industry, considering that both rubber waste and fiber components have specific
mechanical properties. For concrete to achieve the required compressive strength, the mix design
is crucial and depends on the interactions between components, which many machine learning
models can predict with ease. According to the findings of Avijit et al. [31], who utilized 905
experimental data points, the CatBoost model appears to be the most accurate for forecasting the
compressive strength of FR3C, with the greatest R? of 0.865. According to Piyu et al. [32], on the
basis of machine learning research findings, the gene expression programming or GEP model
outperforms linear regression (LR) and nonlinear regression (NLR) equations, exhibiting a set of
overfitting issues concerning accuracy, generalization, and predictive capability. The GEP model's
objective function was found to be 25% and 33% more effective than those of the LR and NLR
models, respectively. Amedeo et al. [33] also reported that the Gaussian process regression (GPR)
model outperformed the support vector machine (SVM) model in predicting the compressive
strength of rubberized concrete. Artificial neural network (ANN) models can be built with different
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architectural approaches, including hidden neurons or layers, and can be altered for research to
enable multiple physical property predictions.

To identify the design relationship between several environmentally friendly rubberized concrete
mix combinations and their multiple physical characteristics simultaneously, the ML model of an
artificial neural network (ANN) can be established. An MSE value of 7.2420 and an R? value of
0.9710 were used to evaluate the efficiency of the optimal ANN architecture as satisfactory, as
reported by Xu et al. [34]. Miljan et al. [35] reported that the compressive strength of self-
compacting rubberized concrete (SCRC) can be estimated via machine learning techniques, and
MLP-ANN ensembles achieved the best prediction accuracy, with a mean absolute error (MAE)
of 2.81. Compared with regular concrete, the incorporation of discontinuous fibers improves the
performance of steel fiber-reinforced concrete (SFRC). For estimating the compressive and
flexural strengths of SFRC, the best machine-learning techniques are XGBoost and gradient
boosting regression [36]. Using a total of 443 experimental datasets, Samia et al. [37] reported that
random forest was the most effective machine learning model, achieving the highest R? value of
0.88. According to machine learning models, the number of bolt rows and the steel ultimate-to-
yield strength ratio, which are currently disregarded by design regulations, have considerable
impacts on the bearing strength of double-shear bolted connections. To identify the failure modes
of double-shear bolted joints, Samia et al. [38] also evaluated 10 machine learning techniques on
a large database of 455 experimental findings. The random forest model outperformed the other
models, achieving accuracies of 92% and 99% for the testing and training datasets, respectively.
A user interface that gathers suggested machine learning models can be subsequently developed.
Advanced concrete composites have been increasingly used as effective techniques for
strengthening reinforced concrete structural components, such as beams.

Machine learning techniques are rather accurate in forecasting the shear strength of RC beams
reinforced with inorganic composites. According to Tadesse et al. [32], the XGBoost model
provides the most accurate predictions, with an R2 value of 0.995, which is the highest. To
distribute force while maintaining the frame's stability during earthquakes, beam—column joints
are crucial. Failures of beam—column joints can cause structures to collapse completely or partially.
The potential beam—column joint failure modes were predicted by Xiangling et al. [33] via
machine learning on 580 test data, and the XGBoost approach should be considered in this case
because of its improved classification performance for beam—column joint failure modes, which
achieves 91% accuracy. One of the most common failures to consider in the design of concrete
beams is shear failure. The shear capacity of steel fiber-reinforced concrete beams without web
reinforcement can be reliably predicted via machine learning techniques. In the study by Jesika et
al. [34], 507 experimental data points were used for the ML approach, and the XGBoost model
proved to be the most effective, with a mean absolute error of 0.704, the lowest. Estimating the
structural behavior of buildings under seismic ground motions is one of the most significant yet
difficult scientific problems in earthquake engineering. It is possible to anticipate seismic impacts
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on RC buildings via a fully verified, interpretable machine learning algorithm [39]. The mode of
failure of shear walls can also be predicted via open-source, data-driven machine learning
classification algorithms. Sujith et al.'s [40] study compiles a comprehensive database of 393 test
outcomes across 8 machine learning models. The results revealed that the random forest model
had the best accuracy of 86%. There is no specific method for predicting the seismic responses of
RC buildings because earthquakes impose highly variable external loads because of their
complexity and unpredictability. By analyzing 165 RC frame structures, Kazemi et al. [37]
demonstrated that existing or newly built RC buildings may incorporate their seismic limit-state
capacity, and their performance can be evaluated via artificial neural networks and an XGBoost
model.

A large database of 719 tests from [41] revealed that the LightGBM and CatBoost models
outperformed the other methods in terms of their ability to predict the capacity of CFST columns,
with accuracies of 97.9% and 98.3%, respectively. The work of Javed et al. 2020 [42] uses 227
data samples to derive the expression for determining the maximum axial strength of CFST long
round columns via gene expression programming, also known as GEP, which is a new, well-known
technique[43]. Le et al. 2022 [44] utilized a dataset of 880 experimental tests to construct a new
and useful equation based on an artificial neural network (ANN) for estimating the axial load of
rectangular concrete-filled steel tubular columns. According to Ahmadi et al. 2017 and Bardhan
et al. 2022 [45,46], the ML model of an artificial neural network (ANN) is accurate and effective
at predicting the properties of circular concrete-filled steel tube (CCFT) columns. With a total of
220 data samples, the results of Deng et al. 2024 [47] demonstrate that the random forest model's
predictions achieve the best overall performance in forecasting the final concrete-filled steel tube
stub column bearing capacity. The Gaussian processing regression (GPR) model had the maximum
effectiveness in predicting the shear capacity of circular concrete-filled tubes (CCFTs), with an
average error of 0.5% in the study of [48], which employed 141 experimental test results. Using
the results of 230 tests, Mansouri et al. 2024 [49] reported that the XGBoost model was the most
accurate ML model for estimating the shear strength of concrete-filled steel tubes, with an R? value
0f 0.986. In addition to the largest shear test database for both circular and square CFST columns,
which includes 314 good-quality datasets, the work of [50] employs a Bayesian model updating
technique. With Bayesian posterior models producing R? values of 0.970 and 0.975, the suggested
Bayesian model update strategy performs exceptionally well.

1.3 Significance of this Research

The shear strength prediction of circular concrete-filled steel tubes (CFSTs) is critical for ensuring
the safety, reliability, and cost effectiveness of composite structural systems. Since shear failure
occurs suddenly and can lead to catastrophic structural consequences, accurate estimation of this
parameter is essential for both design and performance evaluation. However, traditional empirical
formulations and analytical models often fail to capture the highly nonlinear interactions among
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material properties, geometric parameters, and loading conditions. This limitation not only restricts
the prediction accuracy but also hinders the practical application of such models in modern
structural design.

The present study addresses this gap by integrating metaheuristic-optimization-based machine
learning models with advanced interpretability techniques. Compared with conventional methods,
the development of hybrid frameworks such as PSO-Cat, PSO-RF, BO-Cat, and BO-RF
significantly enhances prediction accuracy, as demonstrated by superior performance metrics. In
addition to predictive accuracy, incorporating SHAP and PDP analysis provides crucial
interpretability, enabling engineers to identify the most influential parameters, such as the concrete
area, reinforcement area, and shear span-to-depth ratio, that govern shear strength. This enhances
confidence in model outputs and facilitates knowledge-driven engineering decisions. Additionally,
the creation of a graphical user interface (GUI) makes these models practically deployable,
bridging the gap between advanced computational intelligence and day-to-day structural
engineering practice. In the final analysis, this research contributes not only to the development of
computer modeling but also to the creation of tools that reduce costs, improve safety, and
encourage the adoption of intelligent design approaches in structural engineering.

2.0 Data description

In the present study, datasets collected from previously published research were used to generate
predictions with popular hybrid machine learning (ML) models. Published studies have provided
the strength parameters of the mixtures used in circular concrete-filled steel tube (CFST) samples.
A database was created from 230 shear—strength experiments published in the literature[51-55].
The data collection was divided into two phases: training and testing. Seventy percent of the dataset
was allocated for model training, whereas the remaining 30% was reserved for testing. In the initial
stages, the Al models were trained to predict outcomes with a certain level of accuracy. The goal
of the testing phase was to assess whether the algorithms could accurately forecast results when
presented with diverse data inputs [56,57]. Table 1 presents the general parameters of the samples,
such as their geometrical features, material properties, applied axial loads (P), and shear strength
measurements (Vtest), which were collected from various sources and organized in a database.
Among the geometric properties were the specimen's cross-sectional diameter (D), the tube's
thickness (t), and the shear span length to cross-sectional diameter ratio (a/D). The material
properties included the yield stress (Fy) and compressive strength (fc) of the steel. The author of
this study chose the following input parameters for advanced machine learning approaches: the
cross-sectional area of the concrete core (Ac), the cross-sectional area of the steel tube (As), the
yield stress of the steel (Fy), the ratio of the shear span length to the cross-sectional diameter (a/D),
the ratio of the applied axial load to the axial compressive strength (P/P0), and the cylindrical
compressive strength of the concrete (fc). Additionally, according to AISC 360-22, PO was
collected in this study. Specifically, it was estimated that, in these situations, the cylindrical
compressive strength (fc) was approximately 0.8 times the cubic compressive strength.
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266  Figure 1 shows a heatmap of the Pearson correlation coefficients between predictor variables and
267  the target output, Vtest (shear strength measurement), for circular concrete-filled steel tubes
268  (CFSTs). The strongest positive correlations with the model's shear strength predictions are with
269  the steel tube's cross-sectional area Ast (r=0.90) and the concrete core Ac (r=0.81). This highlights
270  the dominant influence of the structure's geometric size on its shear capacity. Additionally, the
271 shear strength is moderately positively correlated with the cylindrical compressive strength of the
272 concrete, fc (r=0.32). Conversely, the yield stress of steel, Fy (r=-0.22), and the ratio of the shear
273 span length to the cross-sectional diameter, a/D (r=-0.13), have weak negative correlations with
274 the shear strength. Furthermore, Ast and Ac exhibit a high level of multicollinearity (r=0.80),
275  indicating that these two key input characteristics should be considered together when developing
276  an effective machine learning model.

277
278  Table 1: Statistical summary of the input and output variables.

Data Point 230.0 230.0 230.0  230.0 230.0 230.0 230.0
Mean 2433.86 29263.513 0.259  0.255 39.313 373.091 870.842
std 1486.741 29263.51 0.136  0.223 12.116 66.634 602.416
Min 741.04 9116.56 0.075 0 19.2 276.8 240
25% 1526.04 17436.11 0.14 0 29.5 330 435.625
50% 2191.79 19855.07 0.25 0.253 35.99 346.95 627.5
75% 3184.91 25164.2 0.386  0.453 46 408 1210.5
Max 10002.4 192669.8 0.5 0.85 67.5 549 3569
Median 2191.79 19855.07 0.25 0.253 35.99 346.95 627.5
Mode 3184.91 67497.32 0.3 0 25.9 307.6 495
Kurtosis 10.532 15.638 -1.058 -0.753  -0.123 1.208 4.214
Skewness 2.645 3.529 0496 @ 0411 0.847 1.325 1.775
279
280
281
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Figure 1. Heatmap showing the linear one—to—one correlation between variables.

3. Methodology

3.1 CatBoost Model

CatBoost is an advanced machine learning tool that falls within the gradient boosted decision tree
(GBDT) group and is especially effective at handling categorical features; it was developed by
Yandex in 2018 [58]. This model was originally developed to address issues such as overfitting,
prediction shift, and gradient bias commonly encountered in traditional boosting techniques [59].
CatBoost was developed for both classification and regression tasks, including complex
applications such as evapotranspiration estimation, aboveground biomass prediction, and
corporate failure modeling [60]. It is particularly suitable for noisy, heterogeneous datasets [61].
The model processes data by transforming categorical variables into numerical values via target
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statistics and performing ordered boosting to reduce overfitting [60]. It constructs symmetric
decision trees (oblivious trees) and integrates category-based information directly into its learning
process, requiring minimal preprocessing [62]. CatBoost has achieved high accuracy across
multiple domains. For example, it achieved a lower RMSE than random forest and XGBoost in
forest biomass prediction and surpassed 97% accuracy in corporate risk forecasting [60]. The key
equation used in processing categorical features is as follows:

Zfz_ll[XjFXjk]*Yﬁa*P
LI X =X jie] +ex

xi = Equation 1

where x:= the new numeric value for the categorical feature k of data point i and where X k= the
value of the K" feature for the j* data point (in training data). Similarly, X represents the value
of the k" feature for the current (i-th) data point. [X k=X jk] = an indicator function (1 if values
match, 0 otherwise), and Y; denotes the label (target value) of the j th training data point. P, the
prior, is usually the average label across the entire dataset. @ =The smoothing parameter (also
called the regularization weight) balances the influences of the prior and actual data. P: The total
number of permutations or orderings used for this feature during training. CatBoost consistently

achieves higher accuracy and lower error rates than traditional models such as random forest,
SVM, and XGBoost [62].

3.2 Random forest regression (RFR)

Leo Breiman unveiled random forest regression (RFR) in 2001, an ensemble machine learning
model that uses many decision trees [63]. It is designed for both classification and regression tasks,
with strong performance in high-dimensional and nonlinear data settings[64]. In regression, RFR
builds many trees via different subsets of data and predictor variables, a process known as
bootstrapping and feature randomness [65]. These trees work independently, and their predictions
are averaged to produce the final output, reducing overfitting and improving stability [66]. RFR
has been applied in fault detection in power systems and landslide susceptibility mapping [67].
The model effectively handles missing or noisy data and performs well in real-world scenarios. Its
prediction process relies on ensemble learning approaches and typically involves averaging. One
key formulation is as follows:

1
Y = —Z P(x,yPt) Equation 2

where T is the total number of trees, and P(XLP) is the assessment of the results from tree t. OOB
"t

error estimation and the RMSE are commonly used to evaluate model accuracy [68].
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3.3 Particle swarm optimization (PSO)

In 1995, Kennedy and Eberhart developed Particle Swarm Optimization (PSO), an optimization
approach inspired by nature. It drew its inspiration from bird groups or fish schools for sustenance
[69]. The concept of PSO originated from early research on social interaction. It was originally
designed for animation work, but it soon became a useful tool for tackling tough optimization
issues [70]. Engineering, medicine, and control systems are just a few of the many areas where
this approach is widely applied. In particular, when the search space is vast and conventional
techniques have trouble locating acceptable solutions, it is useful [71].

PSO acts by modeling a swarm or a cluster of particles. Each particle stands for a potential solution
and has a velocity and a position [72]. The best solution for the swarm overall (global best) and
the best account is made of the solution each particle has found (personal best). They slowly
change into higher positions [73]. The movement of each particle is updated via the following
formula:

It +1=wdt+cir (P —x)+c315(G — X)), X101 = X +Dpiq Equation 3

where rl and r2 are random variables, C1 and C2 are learning rate functions, and  is the total
inertia weight. This equation includes weights and random factors that help balance exploration
and precision. PSO often yields very accurate results, although it can sometimes settle too early
on suboptimal answers. Researchers have improved it by using small tweaks such as inertia or
hybrid models to make it more reliable [74].

3.4 Bayesian optimization

Bayesian optimization, or BO, is a sophisticated method for tackling optimization problems where
the function to be optimized is unknown and costly to evaluate. Consider situations where every
test or experiment takes time or money. BO helps by building an intelligent guess, or model, about
how the function behaves. This model does not just guess the value at a new point; it also tells you
how uncertain it is about that guess, which is useful for deciding where to try next [75]. BO often
uses a technique called a Gaussian process (GP) to make these predictions. Additionally, any new
input parameter x,,, estimates the expected value o?(x,,4) as follows:

uCeer) = kTk™ i, 02(pp1=k (Xpsq, Xer1) — K"Kk Equation 4

In plain terms, these calculations help BO decide whether it should explore unknown regions or
focus on promising spots. BO’s roots go back to early work by Kushner, and it received a boost
with the efficient global optimization framework [76]. It has been used in many areas—from
finding new materials to designing neural networks—because it balances searching for better
options while learning from past tests. The method uses a combined function to select another
sample point, balancing the exploration of uncertainty and the exploitation of good areas. A related
process, the Bayesian optimization algorithm (BOA), takes a slightly different approach by
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modeling relationships between variables with Bayesian networks [77]. The probability function
solution X = (X, _Xp) is calculated as follows:

n
P(X) = 1—[ P(X;| 1—[') Equation 5
i=1 l

where [[;, represents the parent variables, including X;. The BOA evaluates these models via
Bayesian scoring methods. The idea behind BO dates back to Thompson’s work in 1933 and was
later refined through experimental design principles [78]. Its main goal is to find the input.

x* = argmax f(x)/xeX Equation 6

After each evaluation, the model updates, and the acquisition function, such as expected
improvement (EI), determines where to focus next.

_ _ Un(x)-7 pn(x)-1 .
e (x) = (1 () = D (220 + 0, (x)0 (220 Equation 7
1 is the best value found thus far, and ¢ and 6 are standard normal distribution functions. In this
way, BO smartly focuses on regions likely to improve the results [78]. Finally, BO is especially
useful for tuning machine learning models when gradients are not available and evaluations are

expensive. It usually finds good solutions faster and with fewer tests than traditional methods do,
which makes it very practical [79].

3.5 SHapley Additive exPlanations (SHAP)

An approach for comprehension based on cooperative game theory is known as SHapley Additive
exPlanations (SHAP), which assigns a fair contribution to each feature in a machine learning
model. This approach facilitates local explanations for specific predictions as well as global
explanations encompassing all data points. This makes it suitable for analyzing complex “black
box” algorithms [80]. The SHAP framework calculates a linear function of inputs:

M
g(x") = Q¢ + Z 0; x; Equation 8
i=1

where x’ represents the simplified function input, M represents the input features, @, represents
the baseline prediction, and @; represents the Shapley value of feature i [81]. To achieve distinct
and trustworthy feature attributions, the Shapley values guarantee local precision, robustness to
missing values, and consistency. The function of the Shapley value feature i is mathematically
expressed as:

2 ISI'(IN| = |S| = 1)!
IN]!

?; = [9(SU{iDH) —9(S)] Equation 9

SCN{i}
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where N is the set of functions and where 9(S) is the model prediction with subset S [82]. This
method emphasizes biases or anomalies in the model's behavior, improves interpretability, and
enables the identification of important predictors [83]. SHAP can also be utilized with neural
networks and tree-based models in engineering applications [84].

3.6 Partial dependence plot (PDP)

Partial dependence plot (PDP) analysis is a crucial resource for understanding machine learning.
It shows how a model's predictions change when one or two input features change by averaging
the effects across the other features in the data points. [85,86]. Partial dependence plots, or PDPs,
are mostly about determining a function that shows how much a feature affects a trained model's
prediction on average, taking into account all the other features [87,88].

If the full feature set x = (xs, xc), where xs is the function or set of interest and xc is the complement
set of other features, is required for a trained prediction function fto function. The definition of
the partial dependence function is as follows:

fres(Xs) = Ex, [fxs(xSr Xc )] = [ f(xs,xc) dP(xc) Equation 10

The x-axis of a PDP shows the values of the input feature that is being evaluated, and the y-axis
shows the average effect of the outcomes, such as partial dependence. The y-axis provides the
expected shear strength for the feature at different values.

3.7 Uncertainty Analysis

Uncertainty analysis is a valuable approach for assessing and quantifying the reliability of model
predictions. This approach accounts for uncertainties in the input variables and examines how their
functional propagation through the model ultimately affects the output. The present study used the
uncertainty range to assess future variability in model predictions and to analyze potential model
variations at the 95% confidence level. This method provides a detailed examination of the actual
data and supports functional decision-making by accounting for the model's uncertainty.

Ugs=1.96VSD2 + RMSE2  Equation 11

In this context, U95 quantifies the uncertainty associated with the ML approach, whereas RMSE
denotes the root-mean-square error; similarly, SD indicates the standard deviation of the predictive
error. U95 represents the 95% critical value of the standard normal distribution, with a lower U95
indicating a more reliable, higher-performing model.

3.8 Performance evaluation metrics

Modeling tools are increasingly effective at predicting shear strength in concrete-filled circular
steel tubes. The appropriate evaluation parameters are significant for the calculation of these
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models' outcomes. It assesses machine learning models' performance via various error and
accuracy indicators. The four widely used metrics include the R-square (R?), root mean square
error (RMSE), mean absolute error (MAE), and mean absolute percentage error (MAPE) [89]. The
coefficient of determination (R?) indicates how well the model explains the reliability of the target
function. A value approaching 1 indicates a better fit. The RMSE highlights the typical scale of
prediction inaccuracies by squaring differences before averaging. The MAE provides an
unambiguous measure of errors and is less affected by outliers. The MAPE is valuable for
comparing models across different datasets or sizes, as it expresses error as a percentage, making
it easier to compute the average absolute difference function between observed and expected
values [90].

?=0(x1 —xz)z

R?=1- Equation 12
Lizo(x, - )2
MAE :% Ylxg — x5 Equation 13
RMSE = \/%Z(xl — x3)? Equation 14
MAPE = % D xl;—xz Equation 15
2

In the evaluation equations, x; represents the expected value, x, is the actual value, y denotes the
mean of the actual values, and n is the total number of data points used in the analysis. In Fig.2
display the research working process.
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450 Fig. 2. Flowchart of this study



451 4. Results and Discussion
452  4.1. ML models' prediction performance
453

454  Figure 3 shows the distribution of prediction errors across the training and testing phases of four
455  distinct (BO-Cat, BO-RF, PSO-Cat, and PSO-RF) machine learning models. The error values for
456  each model are displayed via a combination of violin plots and box plots, emphasizing the density
457  and distribution of mistakes. The data show that the maximum errors fall within an approximate
458  range of +150--150 during the training stage, whereas during the testing phase, the errors are
459  between approximately +180--180. Additionally, the BO-RF and PSO-RF exhibit wider error
460  distributions and greater volatility during the training phase; the BO-Cat and PSO-Cat models
461  exhibit a very narrow error range, from nearly +25--25, indicating better performance. Notably,
462  the PSO-RF model maintains a symmetric error distribution during training despite a somewhat
463  broader dispersion. All the models exhibit greater error variability during the testing phase, with
464  BO-RF and PSO-RF again showing wider ranges. During testing, PSO-Cat and BO-Cat exhibit
465  tighter clustering than the other two methods do, indicating greater generalizability reliability.
466  Furthermore, in both phases, the BO-cat and PSO-Cat models provide the best overall balanced
467  performance.
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469 Figure 3. The error values of the ML techniques for shear strength prediction.

470



471
472
473

474
475
476
477
478
479
480
481
482

RZ

BO-RF

MAE

PSO-Cat
1.0
/

Training
Testing

BO-Cat

PSO-Cat

BO-Cat

Training

Testing

. PSO-RF

PSO-RF

RMSE

BO-RF

MAPE

BO-RF <

AR
A N
)
80/,
’

PSO-Cat
100

BO-Cat

PSO-Cat
0075,

0060,

BO-Cat

Training

Testing

PSO-RF

Training
Testing

. PSO-RF

Figure 4. Radar plots of shear strength assessment of performance ML approaches.

Four hybrid machine learning models (PSO-Cat, PSO-RF, BO-Cat, and BO-RF) were evaluated
in terms of R?, RMSE, MAE, and MAPE, in accordance with the evaluation criteria shown in Fig.
4 and Table 2. With 0.9996 for training and 0.9817 for testing, the BO-Cat model achieved the
best predictive performance (R?). With the lowest MAPE during training (1.26%), it also had the
lowest RMSE (12.555 for training and 78.3947 for testing) and MAE values (8.5594 and 55.6131).
The aforementioned data demonstrate their broad applicability and accuracy. The PSO-Cat model
also yielded good results: the R? values were 0.999 (training) and 0.9874 (testing). Its error metrics
were RMSE (19.6455 training, 65.0769 testing) and MAE (15.1388). Its MAPE throughout testing
was 5.94%, which suggests trustworthy predictions, whereas its training and 43.3995 testing



results were both low. With somewhat lower R? values during testing and somewhat higher RMSE

483
484  and MAE values, the RF-based models PSORF and BORF produced decent results. In particular,
485  BOREF exhibited the greatest testing error (RMSE: 88.98; MAE: 60.68). In general, PSO-Cat
486  ranked second, after BO-Cat, as the most accurate and stable model. In contrast, the RF-based
487  models showed somewhat worse forecast accuracy—especially throughout the testing phase.
488 Table 2: Performance review results of hybrid ML models
Model Phase R? RMSE MAE MAPE
PSO-Cat Training 0.9999 19.6455 15.1388 2.13%
Testing 0.9874 65.0769 43.3995 5.94%
PSO-RF Training 0.9933 49.7676 31.2667 3.69%
Testing 0.9789 84.2934 55.8257 6.83%
BO-Cat Training 0.9996 12.555 8.5594 1.26%
Testing 0.9817 78.3947 55.6131 7.13%
BO-RF Training 0.9944 45.8405 27.8933 3.10%
Testing 0.9764 88.9824 60.6757 7.11%
489
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491
492 Fig. 5: Observed and predicted values (scatter plots) for the ML models
493  Figure 5 shows the comparison between the actual and predicted data points for the beam shear
494  strength during both the testing and training phases. The expected results closely align with the
495  observed shear strength values, and only a minority of the data points fell within +£15% of the
496  predicted values. Additionally, Figure 5 shows that almost 95% of the anticipated share strength
497  data points, adjusted across all the models, fall within the £15% error range, closely approximating
498  the 1:1 linear fit line. Significantly, the BO-Cat model exhibits a strong relationship between the
499  expected and measured values during the training phase and demonstrates good generalizability in
500 the test phase. Symmetrically, the BO-RF regression line captures almost all of the data's variation
501  during the training phase, indicating that it fits almost perfectly. Another hybrid model, the PSO-
502  Cat, has a strong correlation coefficient (R* = 0.999) between the actual shear strength and the
503 predicted shear strength, indicating effective results and a good predictive algorithm. PSO-RF
504  might be an alternative approach for data-driven forecasting of shear resistance in CFSTs, and it
505  shows higher correlation coefficients in both training and testing than other models do. The testing
506  data correlation (R2 = 0.978) demonstrates good generalizability, which is essential for practical
507 engineering applications. However, BO-Cat demonstrated the highest accuracy and stability,
508 followed by PSO-Cat. In contrast, the RF-based models exhibited marginally lower prediction
509 reliability, especially during the testing period.
510 Uncertainty analysis
511  Uncertainty assessment in machine learning applications for construction materials is important
512  for evaluating model robustness and reliability. The performance uncertainties of the four hybrid
513  models, namely, PSO-CatBoost, PSO-RF, BO-CatBoost, and BO-RF, at the training and test
514  stages are shown in Figure 6. According to the results, the PSO-based models performed much

4000
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better than did the BO-based models. PSO-CatBoost and BO-CatBoost, in particular, had
significantly lower uncertainty values, indicating greater predictability and confidence in their
predictive performance across the dataset. On the other hand, PSO-RF and BO-RF had
significantly higher uncertainty values, indicating that they are less stable in their predictive
performance. This tendency shows that particle swarm optimization (PSO) combined with
ensemble learning models such as CatBoost and random forests improves model reliability. Thus,
the PSO-CatBoost and PSO-RF models become more reliable when used to predict material

properties in construction-related problems.
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524 Fig. 6. Bar plots of the uncertainty analysis of the hybrid models.
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526 4.2. SHAP Analysis
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Fig. 7 Effects of SHAP impact metrics on the model outcomes for predicting shear strength.

Figure 7 SHAP summary plot illustrates how each input attribute affects the anticipated shear
strength. In Figure 7, a dot for each dataset sample shows how a feature affects the model's
prediction on the basis of its distance from the zero SHAP value. Each input feature's SHAP values
are determined independently, and the dots are positioned horizontally from the zero point
according to those values. A high SHAP value indicates that an input feature has a greater impact
on the model's output. In contrast, a negative SHAP value indicates that the effect on the model's
prediction decreases. In the figures, shades of blue indicate feature values near the lower bound,
and shades of red indicate feature values near the upper bound. The concrete area (Ac) is the most
significant feature in this plot; high values (indicated by red dots) significantly increase the model's
predicted output, suggesting that a larger concrete cross-sectional area improves the model's load—
carrying capacity or structural response. The red dots (a larger steel area) increase the forecasts,
indicating that the steel reinforcement area (As) likewise has a beneficial impact. Since greater
strength is usually a result of both larger concrete and reinforcing areas, this is consistent with
structural engineering concepts.

There are differences in the behavior of the shear span-to-depth ratio (a/D). Since narrower shear
spans typically increase shear resistance, the plot shows that low values of a/D (blue dots) are
associated with positive SHAP values, suggesting that lower ratios improve the expected outcome.
The mixed pattern of the normalized axial load (P/PO) suggests a more intricate, potentially
nonlinear relationship; depending on how it interacts with other features, both low and high values
may have different effects. Although the overall effect is less severe than that of Ac or As, the
model strongly influences the concrete compressive strength (fc), with larger values marginally
boosting the output. Finally, the modest trend in the steel yield strength (Fy) is similar, with higher
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values resulting in a smaller but positive contribution. Overall, this SHAP analysis helps determine
not only which features are most crucial but also how variations in their values affect the model's
forecasts. The graphic provides transparency in the machine learning model's decision-making
process while reinforcing domain-specific expertise.
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Fig. 8 Average absolute SHAP value of the significance of the shear strength feature.

The average absolute SHAP outcomes for each input feature are utilized to prioritize the
significance of the SHAP features in the bar chart presented in Figure 8, which provides a clear
picture of which factors have the largest average impact. This visualization considers only the
magnitude of impact, independent of whether it raises or lowers the forecast, in contrast to the
previous SHAP summary plot, which displays both the direction and value-specific influence of
each feature. The SHAP feature importance bar graph shows a prioritized summary of how each
input variable affects the model's output. The concrete area (Ac) has the highest mean SHAP value
(just over 210) out of the six characteristics, indicating that changes in Ac have the greatest average
consequence. This illustrates how important the concrete cross-section affects the structural
performance. The next closest behind area is the steel reinforcement area (As), which likewise has
a high SHAP value just above 200. This finding indicates that greater reinforcement significantly
affects the expected output, which is again consistent with engineering knowledge that both steel
and concrete areas directly affect shear strength and load capacity.

With a value of almost 90, shear span/depth (a/D) ranks third, indicating that this geometric
component has a significant effect on model predictions, especially in terms of shear-dominated
behavior. Similar impact values (approximately 70—80) are obtained for both the normalized axial
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load (P/P0) and the concrete compressive strength (fc), indicating a minor influence on the model's
assessment of the structural response. For SHAP values below 50, the steel yield strength (Fy) has
the least impact on forecasts within the data range. Overall, the graphic clearly shows that sectional
properties such as Ac, As, and a/D are the main factors influencing the model's predictions,
whereas material strengths such as fc and Fy have a less noticeable but still significant impact.

1000 ‘ s o -
4 L so0 = 1000+ [-60 4 2001 60009
o =) ) o .
“q_) . “a 9% “cl_J , . - 50000
E 500+ L 450 3 e 50 2a !
oL |.| & O 5001 | s B= 0+ ' ! '] - 40000 ¢
% é L a00 % . | |40 % LI § ' - 20000
T 01 o 5 | 5 T
wn ¥ 3 L 350 wn 04 ) v —200+ ' L 20000
¥ '] >0 ]
T T T T T 1 - 10000
0 5000 10000 0 100000 200000 0.0 0.2 0.4 0.6
As Ac a/D
S y 1004
. 200+ -i :. - 60000 . 2004 {‘ ‘.. : - 60000 . o | - 60000
‘E 1003 ;::‘ . - 50000 'E T § [s0000 "0; 501 L -: f | soo00
T:n o . . :.: - 40000 o r_:u o 108 ‘s Ie - 40000 o r_:u > ’ ; [-‘l ® ' i - 40000 v
2E of ol « g : « e o 1E, ‘
% I - 30000 % 0+ * - 30000 % 'lj ) - 20000
= 1004l = ! T : ;
un ] - 20000 wn 8 - 20000 0 —50 - - 20000
—20041 -1004 2.
: : , L 10000 ! ; , L 10000 : , L 10000
0.0 0.5 1.0 0 25 50 75 200 400 600
PPy f- Fy

Figure 9: SHAP Dependence Graph of All Input Parameters for Shear Strength.

Figure 9 SHAP dependence plots show the true value of each attribute alongside its corresponding
SHAP value, thereby highlighting its impact on the model. output and showing how individual
traits influence the model's predictions. The SHAP values of variables such as the concrete area
(Ac) and steel reinforcement area (As) exhibit a strong positive correlation, indicating that
increases in these features consistently result in higher projected outcomes. Larger portions of steel
and concrete typically result in greater strength or load-bearing capability; therefore, this aligns
well with structural mechanics. These plots' color gradients show how secondary features interact.
When combined with increased yield strength, the coloring of the as-plot by the steel yield strength
(Fy) indicates that the reinforcement area has a greater effect on the model. Likewise, in the Ac
and fc plots, significant feature interactions are observed, with the impact of compressive strength
increasing with increasing concrete area.

In contrast, parameters such as the shear span-to-depth ratio (a/D) exhibit a negative association
with SHAP values, meaning that better a/D ratios reduce the predicted outcome, which
corresponds to how shear-critical structural segments work. Despite more unpredictability and
nonlinearity, the charts for the normalized axial load (P/P0) and concrete strength (fc) generally
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demonstrate positive trends. The scattered pattern in the steel yield strength (Fy) dependence
graphic suggests a more complex or indirect relationship with the model's forecast. Overall, the
SHAP dependence plots in Figure 9 enhance the understanding of how the machine learning
model incorporates structural factors into forecasting performance by revealing important feature
interactions and confirming the dominance of geometric and sectional features such as Ac, As, and
a/D.

4.3. PDP Analysis
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Fig. 10 PDP plots for each input parameter.
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The PDP results in Figure 10 show a clear, consistent pattern across the model. The plots revealed
that the predicted shear strength increased significantly as the concrete area (Ac) increased. This
demonstrated the importance of the concrete core in resisting shear forces. The steel reinforcement
area (As) also had a strong positive relationship with shear strength. This means that the steel tube
and concrete core work together more effectively when more steel is used, which increases the
load-carrying capacity. In contrast, the shear span-to-depth ratio (a/D) had an inverse relationship
with shear strength, meaning that higher values of a/D meant lower predicted strength. This trend
is more consistent with that of classical structural sections, indicating that as the shear span
increases, the behavior becomes more flexural-dominated, and the shear resistance decreases. The
concrete compressive strength (fc) positively affects shear strength; however, the PDP curve
indicates diminishing returns at elevated strength levels, suggesting that beyond a specific
threshold, increases in fc have a reduced impact on shear capacity. PDP analysis was used in this
study to subtract the effects of other variables and determine how individual parameters affect the
predicted shear strength of circular concrete-filled steel tubes (CFSTs). To ensure that the
predictions generated by metaheuristic-based machine learning algorithms are physically
meaningful and consistent with known structural behavior, PDP analysis was employed primarily
to provide a global interpretation of the trained models [87].

4.4. GUI Analysis
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Prediction Output: Shear Strength = 1295.11 kN

Fig. 11 GUI tool of the ML model and shear strength prediction

Figure 11. The graphical user interface (GUI), with its straightforward style, clear parameter
labeling, and numerical output, makes it an invaluable tool for incorporating real-world
engineering procedures. The interface, crafted with Python’s Tkinter package, delivers an instant
prediction when the "Predict" button is clicked, thereby removing the necessity for lengthy
laboratory tests or intricate simulations. Li et al. [91] described a GUI based on sophisticated
machine learning algorithms for estimating the axial load-bearing capability of RECFSTs,
emphasizing user-friendly design and better prediction robustness. This study focused on six
critical input parameters: Ast (tensile steel reinforcement area), Ac (concrete cross-sectional area),
a/D (shear span-to-effective depth ratio), P/PO (axial load ratio), fc (concrete compressive
strength), and fy (steel yield strength). These factors represent the important geometric, material,
and loading features that determine the shear behavior of a CFST. After these parameters are
entered, the system calculates and displays the projected shear strength in kN. In the above
scenario, the forecast is 1295.11 kN. This result provides quick feedback, assisting engineers in
the constructive assessment of CFST shear strength estimation.

4.5. Compared with other research
The Table 3 illustrate by Wahab et al. [92] compared slab—column shear strength predictions from

design codes, FEA, and machine learning using data from 610 samples. The particle swarm
optimization-driven feedforward neural network (PSOFNN) model was the best, with R2 =
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99.37% and RMSE = 0.0275%. Using two experimental databases, Reza et al. [93] created data-
based models to predict the shear strength of RC columns, both round and rectangular. The new
linear regression model outperformed all the prior and nonlinear models, demonstrating the best
performance. In another study that used 305 data samples, Miao et al. [94] tested three machine
learning models, namely, support vector regression (SVR), back propagation neural network
(BPNN), and random forest (RF), to predict the ultimate strength of circular CFSCT columns. The
SVR model performed the best (R2 = 0.992), outperforming the BPNN (R2 = 0.984) and RF (R2
= 0.982) models. The shear strength of the SFRC beams was predicted via 11 machine learning
models on 507 samples in a previous study[95]. Among these algorithms, XGBoost achieved the
highest accuracy (85%) and the lowest RMSE and MAE. Alghossoon et al. [96] used 141 data
samples and three machine learning algorithms (Gaussian processing regression, gene expression
programming and nonlinear regression) to predict the shear capacity of CCFT members. GPR
outperformed GEP (1.26%) and NR (1.09%) in terms of accuracy, with an average error of 0.5%.
The gene expression programming (ML) algorithm was utilized in a previous study [97] to forecast
the bidirectional strength of shear for columns under loads (biaxial) via an experimental database.
The best GEP model achieved R2 = 0.87 for key features, significantly outperforming the ACI-
318 code formulation. With the objective of developing new shear capacity formulas that
outperform empirical models (R2 up to 0.975), Yu et al. [98] employed Bayesian model updating
with reliability analysis on 314 data samples for circular and square CFST columns. This finding
also suggests higher partial safety factors for design to ensure adequate safety. On the basis of an
experimental dataset derived from the literature, Cakiroglu et al. [99] created ML models to predict
the shear strength of reinforced concrete beams. XGBoost outperformed code equations and
achieved the highest accuracy (R2 = 0.94); the effects of influential features, model accuracy, and
SHAP-based features were examined. Wakjira et al. [100] used reliability analysis to calibrate
resistance-reduction factors for target reliability and developed a machine learning algorithm to
predict the shear capacity of reinforced concrete beams with inorganic composites. XGBoost
outperformed existing models in terms of accuracy, safety, and economic performance.

Table 3. Shear strength prediction results from previous research



SI | Specimen | Numbe ML Algorithms Used Best Performing | Predicte Evaluation Referen
No Type r of ML Model d Parameter ce
Data Output R? RMSE
Value | Value
1. | Circular 230 Particle Swarm Optimization- Bayesian Shear 0.999 19.645 | Present
Concrete- Category Boosting (PSO-Cat), Optimization- Strength 5 Study
Filled Steel Particle Swarm Optimization- Category Boosting
Tubes Random Forest (PSO-RF), and (BO-Cat)
(CFSTs) Bayesian Optimization-Category
Boosting (BO-Cat), Bayesian
Optimization-Random Forest
(BO-RF)
2. | Slab— 610 Particle swarm optimization- Particle swarm Shear | 99.37% [92]
Column based FNN (PSOFNN), Bat optimization-based | Strength
Connections algorithm-based FNN feedforward neural -
(BATFNN) and Feed FNN network (PSOFNN)
3. | Rectangular | 325 & | Shear Strength Model (SSM) Shear Strength Shear 0.942 [93]
and Circular 172 Model (SSM) Strength
Reinforced -
Concrete
Columns
4. | Circular 305 SVR, RF and Back Propagation | Support vector Ultimate | 0.992 [94]
Concrete- Neural Network (BPNN) regression (SVR) Strength
Filled -
Fiber-
Reinforced
Polymer—
Steel
Composite
Tube
Columns
5. | RC 74 Linear Regression (LRegr), Extreme Gradient Shear | 99.65% [101]
Columns Nonlinear Regression (NLRegr) | Boosting Strength
and Extreme Gradient Boosting | (XGBoost)
(XGBoost)
6. | Steel Fiber 507 DT, RF, SVM, KNN, ANN, LR, | XGBoost Shear 0.739 1.346 [95]
RC Beams CatBoost, XGBoost, and Strength
AdaBoost
7. | Circular 141 Gene Expression Programming Gaussian Shear 0.99 [96]
Concrete- (GEP), Gaussian Processing Processing Strength
Filled Tube Regression (GPR), and Regression (GPR) -
(CCFT) Nonlinear Regression (NR)
8. | RC 47 Gene Expression Programming (GEP) Bidirecti 0.87 [97]
Columns (GEP) -onal -
Shear
Strength
9. | Circular and 314 Bayesian Model Bayesian Model Shear 0.975 [98]
Square Strength
Concrete- -




Filled Steel
Tubes
10. | RC Beam 128 Ensemble Learning Methods XGBoost Shear 0.94 [99]
Strength
11. | RC Beam 173 SVR, RF, DT, Extremely (XGBoost) Shear 0.995 10.96 [100]
Randomized Trees, Gradient Capacity
Tree Boosting, and (XGBoost)
688
689
690 5.0 Conclusion
691  In this work, metaheuristic optimization-based machine learning models were applied to estimate
692  the shear strength of circular concrete-filled steel tubes (CFSTs). By integrating particle swarm
693  optimization (PSO) and Bayesian optimization (BO) with random forest (RF) and category
694  boosting (Cat), highly accurate predictive frameworks have been developed. A total of six input
695  variables were considered, with 270 data samples for shear strength prediction, all sourced from
696  previous studies, and hyperparameter optimization grid search techniques were carried out.
697  Seventy percent of these resources were meant for training, whereas thirty percent were meant for
698  testing. Among the models, PSO-Cat and BO-Cat achieved superior performance, demonstrating
699  excellent generalizability across the training and testing phases, with R? values exceeding 0.98.
700  These findings confirm that shear strength prediction is essential for ensuring both safety and
701 efficiency in CFST design, where abrupt shear failure poses significant structural risks.
702 Furthermore, Shapley additive explanations (SHAPs), partial dependence plots (PDPs), and a
703 graphical user interface (GUI) were used to analyze the contributions and interactions of the input
704  materials to shear strength prediction. Four evaluation criteria were subsequently used to check
705  how well the models worked and how accurate they were. Based on these results, the following
706  conclusions were drawn:
707 e From the correlation analysis, the input parameter shows the strongest positive correlation
708 with the shear strength prediction (CFST) of the cross-sectional area of the steel tube Ast
709 (0.90) and the concrete core Ac (0.81). Conversely, the yield stress of steel, Fy (-0.22), and
710 the ratio of the shear span length to the cross-sectional diameter, a/D (-0.13), have weak
711 negative correlations with the shear strength.
712
713 e The four hybrid ML techniques showed great performance and strong generalizability;
714 therefore, they are quite reliable for forecasting the STs of circular concrete-filled steel
715 tubes (CFSTs). All the models had R? values exceeding 0.99 during training and
716 approximately 0.98 during testing, illustrating their robustness and accuracy in prediction.
717
718 e  With the highest R? of 0.9817, the BO-cat model showed better precision and consistency
719 in predicting the shear strength of CFSTs. Its great predictive performance and
720 generalizability are shown by its lowest RMSE (88.9824), MAE (60.6757), and MAPE
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(7.11%). The PSO-Cat model also performed well, with an R? of 0.9874, an RMSE of
65.0767, an MAE 0f 43.3995, and a MAPE of 5.94%. These results suggest that while both
models work, the BO-Cat model is the most reliable; the PSO-Cat model closely follows.

e SHAP and PDP analyses provided transparent interpretability, revealing that the concrete
area (Ac), steel reinforcement area (As), and shear span-to-depth ratio (a/D) are the
dominant factors influencing the shear capacity. In contrast, the concrete compressive
strength (fc) and steel yield strength (Fy) have minimal influences. This interpretability not
only validates the models' physical relevance but also enhances confidence in their
application.

e To further integrate these advanced prediction models into a practical engineering tool, a
graphical user interface (GUI) was created, allowing designers to estimate shear strength
openly, honestly, and accurately.

5.1 Limitations and Future Studies

This research delivers a reliable, user-friendly framework that outperforms conventional empirical
methods, offering significant potential to advance CFST design practices. Future research should
aim to expand the database by incorporating large-scale experimental and field data to improve
the generalizability of the models. Additional structural parameters, including bond—slip effects,
axial loading interactions, and varying boundary conditions, should be considered to capture more
complex behaviors. Extending the framework to other CFST geometries and loading scenarios
(e.g., combined shear and bending, cyclic or seismic loading) would further enhance its
applicability. Moreover, integrating physics-informed machine learning approaches and deep
learning algorithms could help embed fundamental mechanics into the predictive process,
improving both accuracy and reliability. Finally, enhancing the GUI to support real-time
parametric analysis and code-based design checks could maximize its utility for practicing
engineers.
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