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Abstract: Predicting the axial load capacity of concrete-filled double-skin steel
tube (CFDST) columns is difficult because of the complex mechanical
interactions between the concrete core and the dual steel tubes. Although
machine learning (ML) methods provide advantages in prediction, current
models frequently lack sufficient hyperparameter optimization and mechanistic
interpretability. To resolve these limitations, novel hybrid ML frameworks are
proposed integrating eXtreme Gradient Boosting (XGBoost) with advanced
metaheuristic algorithms, specifically the Bald Eagle Search (BES) and Aquila
Optimizer (AO). A database containing 153 experimental samples defined by
eight geometric and material parameters was used to develop and validate the
models. Systematic optimization comparisons demonstrated that the XGB-
BES framework provides high generalization and accuracy, producing a
coefficient of determination (R?) of 0.998, a Root Mean Square Error (RMSE)
of 62.054 kN, and an A20 index of 0.957 when tested on validation data.
Furthermore, the inherent opacity of complex ML models was addressed using
post-hoc interpretability methods such as SHAP (Shapley Additive
exPlanations) and LIME (Local Interpretable Model-agnostic Explanations).
Analyses of global and local feature importance demonstrated that the
diameter and thickness of the outer tube most strongly affect the structural
capacity, which connects the computational predictions to fundamental
structural mechanics principles. These findings indicate that the developed
XGB-BES model functions as an accurate and mechanically transparent
instrument for the evaluation and design of CFDST columns.

Keywords: Machine Learning, Concrete-filled double skin steel tubes, axial
load capacity, SHAP, LIME.

1. Introduction

Concrete-filled double-skin

(CFDST) are advanced composite structural

steel tubes members comprising two concentric steel tubes
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with a concrete-filled annular space. The inherent
mechanical synergy between these constituent
materials, whereby the outer steel tube affords high
tensile strength and confinement [1,2], while the
concrete core provides substantial compressive
resistance, vyields exceptional load-bearing
capacity, ductility, and favorable constructability [3].
Beyond fundamental mechanical superiority,
CFDST exhibit significant energy
dissipation and large deformation capacities,
making them highly suitable for seismic-resistant
designs [4,5]. Furthermore, this composite
configuration enhances environmental and thermal
robustness; the outer steel shell mitigates
corrosion in harsh offshore or industrial
environments, while the concrete core provides
vital thermal insulation to maintain structural
stabilty at  elevated temperatures [6].
Consequently, CFDST elements are increasingly
specified in the design of high-rise buildings, long-
span bridges, and complex infrastructural projects

[7].

columns

Accurately quantifying the ultimate axial load
capacity (Py,) of CFDST columns presents a
profound analytical challenge, driven by highly
non-linear structural responses and complex multi-
axial interfacial mechanics. The load-sharing
behavior between the dual steel shells and the
confined concrete core is dependent on interacting
factors such as material constitutive properties,
multi-axial stress states, geometric slenderness,
and specific boundary conditions [8,9]. Although
conventional experimental studies generate basic
datasets for different cross-sectional typologies,
these empirical methods require significant
physical resources and are limited in their
parametric scope [9-11]. Alternatively, detailed
particularly the finite
element method (FEM), supply reliable predictive
capacity but necessitate substantial computational
overhead, extensive mesh sensitivity analyses,
and complicated calibration of interfacial contact
mechanics and material plastic damage [5,12,13].

numerical simulations,
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Therefore, a need exists within structural
engineering for a computationally economical,
generalized, and accurate analytical framework to
assess CFDST load capacities.

To mitigate the computational demands
associated with conventional methodologies,
machine learning (ML) is frequently applied as a
data-driven approach for estimating CFDST load-
bearing capacities. Existing literature contains
various applications of predictive algorithms,
including Artificial Neural Networks (ANN), Gene
Expression Programming (GEP), and Adaptive
Neuro-Fuzzy Inference Systems, to model
structural responses [14—16]. Rather than relying
on isolated models, recent investigations
commonly employ algorithmic hybridization to
account for complex mechanical interactions. For
example, combining GEP and ANN with Response

Surface Methodology has been utilized to
determine structural capacity from specific
experimental datasets [14,16]. Furthermore,

evolutionary optimization techniques, including the
integration of ANNs with Genetic Algorithm, have
been implemented to evaluate the axial capacity of
columns across varying cross-sectional
morphologies [15].

Although foundational predictive algorithms
exhibit known efficacy, current ML applications
within  structural engineering face specific
methodological  limitations.  The  requisite
hyperparameter optimization typically depends
upon computationally intensive grid searches or
adjustments, which are prone to
converging on local instead of global optima.
Additionally, the opaque nature of these nonlinear
models prevents mechanistic transparency. While
these models attain high predictive accuracy, they
yield limited physical understanding of the
underlying structural mechanisms, restricting their
adoption in practical design. Furthermore, existing
research lacks investigations that combine robust
ensemble methods, such as XGBoost, with
contemporary metaheuristic optimization

manual
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algorithms, including BES and AO. Applying these
global search techniques to systematically
optimize high-dimensional models for predicting
CFDST capacity constitutes an unaddressed area
of study.

Consequently, this research addresses these
methodological limitations by presenting a
computational framework that integrates the
XGBoost algorithm with two recent metaheuristic
optimizers, namely BES and AO. XGBoost was
selected based on its established predictive
accuracy, computational efficiency, and capability
to model complex, high-dimensional data [17].
Simultaneously, BES and AO are incorporated to
autonomously search the hyperparameter space,
thereby reducing the probability of converging on
local optima and assisting in the identification of a
globally optimal model architecture [18,19].

The primary focus of this study lies in
combining these search algorithms with XGBoost
to generate a predictive tool for CFDST column
axial capacity, which is trained and evaluated using
an experimental database consisting of 153
samples. To clarify the traditionally opaque nature
of ensemble learning methods, post-hoc
interpretability frameworks, specifically SHAP and
LIME, are applied to quantitatively assess the
structural influence of each input parameter and
provide transparency regarding the underlying
predictive mechanisms. The subsequent sections
of the manuscript are organized such that Section
2 details the theoretical basis of the ML algorithms
and the dataset, Section 3 provides the
performance  evaluation and  optimization
discussion alongside an interpretability analysis,
and Section 4 summarizes the findings and
limitations of the study.
2. Computational methodology and empirical
database
2.1. Predictive architectures and optimization
algorithms
2.1.1. XGBoost

The eXtreme Gradient Boosting (XGBoost)
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architecture was selected as the primary predictive
engine due to its exceptional capacity to map high-
dimensional, non-linear structural data [17]. By
iteratively minimizing a regularized objective
function, this ensemble framework systematically
corrects the residual errors of preceding weak
learners, thereby suppressing the overfitting
tendencies common in structural capacity
prediction models. This process is guided by an
optimized objective function, which includes two
main components: a loss function that measures
the difference between the predicted and actual
values, and a regularization component to control
model complexity. The integration of this
regularization term helps to mitigate overfitting, a
common issue in ML models.

The performance of an XGBoost model is
significantly dependent on the tuning of a set of
hyperparameters. Some of the important
hyperparameters include n_estimators, which
specifies the total number of decision trees to be
built; max_depth, which limits the maximum depth
of each tree to control complexity; and
learning_rate, which determines the contribution of
each tree to the final result, thereby affecting the
algorithm’s convergence speed [20].

2.1.2. Metaheuristic search frameworks (BES
and AO)

To circumvent the computational demands
and the tendency to converge on local optima
inherent to conventional grid searches, the
XGBoost hyperparameter space was optimized
employing two  metaheuristic  algorithms.
Specifically, the BES and AO were chosen based
on their multi-stage  stochastic  search
mechanisms, which establish a necessary
mathematical equilibrium between broad global
exploration and focused localized exploitation.

BES algorithm

The BES algorithm is a nature-inspired
metaheuristic optimization algorithm that simulates
the hunting strategy of the bald eagle [19]. The
BES optimization process is divided into three main
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stages. The first stage is the selection phase,
where the algorithm identifies a search space
based on existing information, similar to how an
eagle selects an area to hunt. The second stage is
the search phase, in which the eagle moves in a
spiral trajectory within the selected space to
efficiently search for prey. The final stage is the
swooping phase, which simulates the eagle’s rapid
dive from the best-found position toward the prey,
corresponding to the convergence toward the
optimal solution in the search space.

AO algorithm

The AO is a population-based optimization
algorithm developed by simulating the hunting
behaviors of the Aquila eagle in nature [18]. The
operational principle of AO is based on a flexible
balance between exploration and exploitation
phases through four distinct hunting methods.
Expanded exploration is achieved by simulating
the eagle’s high-altitude soaring to identify prey
areas. Following this, a narrowed exploration
simulates the behavior of contour flying over a
selected target area. For the exploitation phase,
expanded exploitation describes a low-altitude
attack with a steep trajectory, while narrowed
exploitation simulates the action of swooping and
capturing the prey, converging on the solution with
the highest fitness.
2.1.3. Post-hoc
(SHAP and LIME)

SHAP

SHAP [21] provides a game-theoretic
methodology designed to interpret the outputs of
machine learning models. This approach bridges
optimal credit allocation with local explanations
through the application of classical Shapley values
derived from game theory. The primary objective is
to calculate the precise contribution of individual
features to the predictive output of a specific
instance. By assigning a discrete importance value
to each variable, SHAP guarantees both
consistency and local accuracy. Specifically, the
SHAP value indicates the alteration in the expected

interpretability frameworks
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model prediction when a particular feature is
introduced into the conditioning set. Consequently,
this  framework  facilitates both global
interpretability, achieved by aggregating Shapley
values across the entire dataset, and localized

interpretation, enabled by examining feature
contributions for individual predictions.

LIME

LIME [22] constitutes a model-agnostic

methodology formulated to interpret the predictions
of arbitrary classifiers or regressors by generating
faithful local approximations using an interpretable
surrogate model. The fundamental principle relies
on perturbing the input features of a specific data
sample and monitoring the corresponding
fluctuations in the predictive output. Subsequently,
a linear surrogate model is trained on this
generated dataset of perturbed samples, with
individual instances weighted according to their
spatial proximity to the original data point within the
high-dimensional feature space. This localized
procedure isolates the specific feature interactions
driving a given prediction, thereby establishing
mechanistic transparency for complex, black-box
architectures within the immediate vicinity of the
evaluated instance.
2.2. Empirical CFDST database and statistical
distribution

The ML models in this study were developed
using a database comprising 153 experimental
samples of CFDST columns. This dataset was
systematically compiled from 12 published articles
[5,9,12,23-31]. To ensure data consistency and
model relevance, all selected samples were
experimentally tested under axial compression
loading conditions. The database is structured with
eight input parameters that define the key
geometric and material properties of the columns;
these inputs include: column length (Vi), outer
diameter (V2), outer thickness (V3), inner diameter
(V4), inner thickness (Vs), yield strength of the outer
steel tube (Vs), yield strength of the inner steel tube
(V7), and concrete compressive strength (Vg). The
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sole output parameter for prediction is the ultimate
P. of the column. For the purpose of model
development and evaluation, the dataset was
randomly partitioned into two subsets: a training
set, accounting for 70% of the data, and a testing
set, comprising the remaining 30%. This division
strategy is widely adopted in data-driven structural
engineering studies to establish a balanced trade-
off between model training and validation [32,33].
Allocating 70% of the data to the training set
ensures that the ML algorithm has access to
sufficient information to learn the underlying
patterns and complex relationships between the
input variables and the Py,. The remaining 30%
serves as an independent testing set, which is
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large enough to provide a statistically significant
evaluation of the model's generalization
performance on unseen data, thereby minimizing
the risk of overfitting. To further ensure the
robustness of the predictive model, the random
partitioning was conducted to preserve the
statistical distribution of key parameters across
both training and testing sets. While K-fold cross-
validation is a powerful technique, a single robust
70/30 split was prioritized in this study to facilitate
the detailed, instance-specific local interpretability
analysis (LIME and SHAP) on a fixed,
representative testing set. This approach ensures
that the black box explanations are consistent and
directly traceable to specific validation samples.

Table 1. Statistical summary of the geometric parameters, material properties, and experimental axial
capacities for the 153 CFDST column specimens

Variables Unit Min Mean Media Max Std

Input
Column length (V1) mm 230.00 907.85 660.00 3502.00 703.01
Outer diameter (V2) mm 74.70 212.77 160.00 603.40 139.38
Outer thickness (V3) mm 0.59 2.84 3.00 8.00 1.28
Inner diameter (V4) mm 38.00 120.02 76.00 402.10 92.23
Inner thickness (Vs) mm 0.55 2.33 2.00 8.00 1.02
Yield strength of the

MPa 205.00 375.07 366.00 549.00 86.76
outer steel tube (V)
Yield strength of the
, MPa 205.00 381.95 374.50 549.00 83.38
inner steel tube (V7)
Concrete compressive

MPa 18.70 37.43 45.64 63.40 14.91
strength (Vs)
Output
Axial load capacity (Pu) kN 293.00 1836.75 1195.60 8839.80 1769.43

The statistical characteristics and distribution
of the dataset are summarized in Table 1 and
visualized in Fig. 1 and Fig. 2. The statistical
distributions aggregated in Table 1 reflect a highly
diverse empirical parameter space. Notably, the
ultimate axial capacities (P.) span a massive
operational envelope, from 293.00 kN to nearly
8840 kN, ensuring the predictive framework is
trained across both small-scale structural members
and massive, high-capacity columns. The large

standard deviation (1769.43) and the notable
difference between the mean (1836.75 kN) and the
median (1195.60 kN) indicate a right-skewed
distribution, which can also be observed in the box
plots in Fig. 2. The geometric parameters (V1-Vs)
also show wide variability; for instance, column
length (V4) spans from 230 mm to 3502 mm, and
outer diameter (V2) ranges from 74.7 mm to 603.4
mm. Similar to the output, the mean values for V4,
V2, Vi, and Vs are larger than their respective
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medians, suggesting a right-skew in their
distributions as well. The material properties (Ve-
Vg) cover a practical range of steel grades and
concrete strengths. Concrete  compressive
strength (Vs) is the only parameter to show a left-
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skewed distribution, with a mean (37.43 MPa)
lower than its median (45.64 MPa). Fig. 1 provides
a visual representation of the data distribution for
each input variable. It confirms the skewness
identified in Table 1.

Distribution of the input variables

30.0 660.0 3502.
Column length (mm) 30 | 36
400.0 1324.0
74.7 160.0 603.4
Outer diameter (mm) 37
120.0 220.0
0.6 3.0 8.0
Outer thickness () | IS 2
2.0 3.5
38.0 76.0 402.1
Inner diameter (mm)
62.7 115.0
0.6 2.0 8.0
Inner thickness (mm) {738 s S
1.8 3.0
205.0 366.0 549.0|
Yield strength outer tube (MPa)
308.0 418.0
205.0 374.5 549.0)
Yield strength inner tube (MPa) 39 | 37
3218 425.0
18.7 45.6 63.4
Concrete compressive strength (MPa) 38| 38
21.8 47.4

Fig. 1. Global distribution and parametric ranges of the eight input variables utilized in the experimental

database
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Fig. 2 provides a detailed visual analysis of
each input variable against the Py using a
combination of scatter plots and marginal box
plots. This combined visualization reveals several
complex, multivariate relationships. A strong
positive correlation is evident for outer diameter
(V2), outer thickness (V3), and the steel yield
strengths (Ve, V7). This is not observed as a simple
linear trend, but rather as a clear upward shift in the
central cluster of P, values as the input variable
increases. For instance, in plot (b), Py values are
clustered below 2000 kN for outer diameters near
100-200 mm, but the entire cluster shifts upward to
the 4000-6000 kN range for diameters of 500-600
mm. Similarly, for yield strengths (Vs, V7), the main
data cluster jumps from a low P, range (at 250-300
MPa) to a significantly higher range (at 350-400
MPa). However, these plots also highlight the
impact of confounding variables. For Ve and V7,
some samples with very high yield strength (>450
MPa) exhibit low P,. This suggests that for these
specific samples, unfavorable geometric properties
(e.g., high slenderness from V; or low diameter
from V,) created a failure mode, such as buckling,
that occurred at a lower load and prevented the
high material strength from being fully utilized. The
influence of other variables is more nuanced.
Column length (V4) shows a complex, non-linear
relationship. The highest capacity columns are all
concentrated at shorter lengths (< 1500 mm),
which is consistent with the mitigation of
slenderness-induced buckling effects. Conversely,
diameter (Va) non-positive
relationship; the highest P, values are found at the
smallest inner diameters, and the data variance
narrows as inner diameter increases. Concrete
compressive strength (Vg) displays a generally
positive trend, but with significant dispersion (high
variance) at any given strength value, indicating it
is an influential but not singularly dominant factor.
A key statistical feature, heteroscedasticity, is
prominent in the plots for V, and Vs. This is seen as
a fanning or funnel shape: at low values of these

inner shows a
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inputs, the Py is tightly clustered in a narrow, low-
capacity band. At high values, the Py variance
becomes much wider. This has a clear physical
interpretation: a small diameter or thickness acts
as a limiting factor, ensuring low capacity. In
contrast, a large diameter or thickness enables
high capacity but does not guarantee it, as the final
Pu. will still depend on other factors (like length or
concrete strength). Finally, the marginal box plots
for P, consistently show a large number of high-
side outliers, representing these high-performance
columns where a favorable combination of multiple
input variables was achieved.
2.3. Statistical evaluation metrics

To evaluate the performance of the ML
models in this study, five common statistical criteria
were utilized, including: the R?, Root Mean Square
Error (RMSE), the A20 index, Mean Absolute Error
(MAE), and Mean Absolute Percentage Error
(MAPE). These criteria are represented by
Equations (1-5) [34—36]. R? assesses the degree
of model fit to the data by comparing the variation
of the actual data with the predictions; a value
closer to 1 indicates a better model. RMSE
measures the average deviation of the predictions
from the actual values. MAE is similar to RMSE but
calculates the average of the absolute differences
between predicted and actual data. MAPE
represents the average percentage difference
between the predicted and actual values. The A20
index measures the proportion of cases where the
absolute difference between the predicted and
actual value is within or equal to 20% of the actual
value. A higher A20 value, particularly one
approaching 1, suggests high prediction accuracy.

2
R2=1 _ 221 (Ppre_i'Pexp_i)
=2
2{11 (Ppre_i'Ppre)

(1)

N
1 2
RMSE= |2 (Pore i-Posp. 1) (2)
=1
1
MAE= |(Pore i-Pexp_i)| (3)
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(4)

1 .
AZO(Ppre_i’ Pexp_i)=Nz hif
i=1

where N is the number of samples, Pye is the
predicted value, Pey, is the actual value, and ITXp is

the average of the actual value.

<0.2 (5)

|:)pre_i

0 otherwise

3. Results and discussion

3.1. Metaheuristic hyperparameter optimization
and convergence analysis

(@) np=10 (b) n,=20
90 1 3 3 90 — _
i | T — i
O e ol T
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Fig. 3. Algorithmic convergence trajectories of the XGBoost objective function optimized via the BES and
AO frameworks across three distinct population scales (n, = 10, 20, 30).

To ensure predictive accuracy within the
XGBoost architecture, hyperparameter
optimization is necessary to balance model bias
and variance. Rather than utilizing traditional
approaches such as Grid or Random search, two
metaheuristic algorithms, BES and AO, were

applied to determine the optimal model
parameters. The optimization procedure focused
on five hyperparameters that dictate the learning
capacity and complexity of the ensemble. Both
continuous and discrete search spaces were
constrained to maintain computational stability and
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limit overfitting. Specifically, the total number of
sequential decision trees (n_estimators) was
restricted to a range of 1 to 500, the step size
shrinkage (learning_rate) was defined from 0.01 to
0.3, and the maximum tree depth (max_depth) was
set between 1 and 8. Additionally, the
regularization parameters  controlling the
subsampling ratio of the training instances
(subsample) and the fraction of features evaluated
per tree (colsample_bytree) were limited to the
[0.5, 1.0] interval.

The definition of these hyperparameter
boundaries was determined through a combination
of standard operating ranges derived from recent
XGBoost literature [37,38] and preliminary
sensitivity analyses. These initial evaluations were
conducted to isolate parameter domains that affect
model performance while maintaining
computational stability. Bounding the search
space, which included limiting the estimator count
to control computational overhead and restricting
the learning rate to maintain stable algorithmic
convergence, guides the BES and AO
metaheuristics toward feasible parameter regions.
This approach prevents the evaluation of
computationally impractical solutions. All remaining
XGBoost hyperparameters were kept at their
standard default values.

The optimization framework functions
through an iterative feedback process that
connects the XGBoost regressor with the selected
metaheuristic algorithms. Following the stochastic
initialization  of  candidate = hyperparameter
populations within the specified boundaries, each
iteration evaluates the respective solutions by
training the XGBoost model and calculating a
defined fitness function. While various statistical
utilized for the final model
assessment, the RMSE was chosen as the sole
objective function for optimization. This decision is
based on the capacity of RMSE to provide an
absolute measurement of error magnitude in
dimensional units consistent with the target

metrics were
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variable (kN). Consequently, this measurement
corresponds with the minimization procedures of
the BES and AO algorithms more effectively than
relative correlational metrics such as R2. Based on
the computed RMSE fitness scores, the BES and
AO algorithms update the spatial coordinates of
their population agents, utilizing distinct exploration
and exploitation mechanisms to converge on a
hyperparameter configuration that produces the
minimum prediction error.

The performance of the  applied
metaheuristic algorithms depends on their internal
control parameters, primarily the population size
(np) and the maximum number of iterations, or
epochs. To establish a balance between
computational cost and global convergence
capabilities, a limit of 300 epochs was applied
uniformly across all simulations. Simultaneously, a
parametric study was executed using three
population scales (n, = 10, 20, and 30) to assess
the effect of agent density on search space
exploration. This experimental matrix, which
incorporates the two optimization algorithms
across three population configurations, resulted in
six distinct hybrid XGBoost architectures that were
subsequently evaluated using the RMSE objective
function on both the training and independent
testing datasets.

The convergence trajectories for the six
hybrid architectures are presented in Fig. 3, which
plots the RMSE objective function over the 300
optimization epochs. Quantitative results for the
training (RMSEw.in) and independent testing
(RMSE:st) datasets are summarized in Table 2.
Observation of the convergence curves shows an
initial rapid decrease in the validation error during
the early exploratory phase, which is followed by
asymptotic stabilization as the algorithms shift
toward localized exploitation. This downward trend
indicates the capability of both metaheuristic
strategies to minimize prediction error and refine
the XGBoost hyperparameter space.

An evaluation of the statistical metrics in
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Table 2 indicates a distinct difference in
performance between the two metaheuristic
optimization methods. Across all examined
population configurations, the AO selected
hyperparameter subsets that produced slightly
lower training errors (RMSEuain near 37.10 kN),
which were consistently accompanied by higher
testing errors (RMSE:s: exceeding 82.00 kN). This
disparity between training and validation accuracy
suggests a tendency toward overfitting, wherein
the AO method optimized for the training data while
compromising out-of-sample generalization. In
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contrast, the BES algorithm displayed a greater
capacity to manage the bias-variance tradeoff.
Adjusting the population density from n, = 10 to 20
resulted in stable performance metrics, and
increasing the search capacity to n, = 30 permitted
the BES algorithm to identify the optimal
hyperparameter configuration. This BES-optimized
architecture generated the lowest validation error
(RMSE est 62.054 kN) while retaining a
comparable training error (RMSErin = 37.650 kN),
verifying its generalization performance on
independent structural datasets.

Table 2. Comparative hyperparameter configurations and resulting RMSE metrics for the XGBoost
architectures optimized via the BES and AO algorithms.

n,=10 np =20 np =30

BES AO BES AO BES AO
RMSEtrain (kN) 39.083 37.097 37.201 37.090 37.650 37.881
RMSEtest (kN) 63.894 85.222 64.287 82.786 62.054 82.981

n_estimators 271 187 319 169 239 166

learning_rate 0.093 0.287 0.104 0.3 0.190 0.3

max_depth 4 4 7 4 4 3

subsample 0.686 0.973 0.696 0.988 0.753 0.989
colsample_bytree 0.845 0.973 0.806 0.988 0.511 0.980

Therefore, the hybrid architecture optimized
utilizing the BES algorithm with a population scale
of n, = 30 was selected as the final predictive
model. This configuration minimized the absolute
validation error (RMSEwst = 62.054 kN) and
produced the smallest difference between the
training and testing subsets (Aruse = 24.404 kN).
This low divergence functions as an indicator of
structural reliability, establishing that the model
retains the generalization capacity necessary to
evaluate independent CFDST column geometries
while avoiding overfitting to the training data. The
specific hyperparameter vector that produced this
optimal performance consists of an n_estimators
value of 239, a learning_rate of 0.190, a
max_depth of 4, a subsample of 0.753, and a
colsample_bytree of 0.511.

3.2. Predictive performance of the globally
optimal XGB-BES framework

Following the optimization procedure, the
predictive performance of the finalized XGB-BES
framework (n, = 30) was evaluated utilizing the
empirical database of CFDST axial load capacities.
The accuracy and error distributions of the
resulting architecture are illustrated through
regression and error density analyses (Fig. 4).
Furthermore, the corresponding statistical
performance metrics are summarized in Table 3.

The regression analysis presented in Fig. 4a
demonstrates the correlation between the
experimental and predicted ultimate axial
capacities. Data points for both the training and
independent testing sets display homoscedasticity,
grouping along the y = x equivalence line without
apparent systematic bias. The majority of
predictive outputs fall within the +20% error
margins, and a large portion remains within the
+10% boundaries. This agreement across the
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evaluated load range, encompassing both low-load
and high-load columns, indicates that the
optimized XGB-BES framework generalizes its
nonlinear structural mappings to independent
empirical data. To analyze the predictive variance,
the absolute residual magnitudes and their density
distribution are presented using a polar spatial plot
(Fig. 4b) and a Kernel Density Estimation (KDE)
representation (Fig. 4c). The polar plot indicates
that the residual magnitudes for the training and
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testing sets are concentrated within the inner radial
limits, demonstrating a low frequency of large
predictive outliers. Furthermore, the KDE analysis
displays a leptokurtic error distribution centered at
a mean absolute residual of 0 kN. The symmetric
decrease in probability density extending outward
from zero indicates that the XGB-BES framework
functions with minimal systematic bias, yielding
consistent capacity predictions throughout the
dataset.
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Fig. 4. Predictive performance of the optimal XGB-BES framework: (a) regression analysis of predicted
versus experimental capacity, (b) polar spatial distribution of residual magnitudes, and (c) kernel density
estimation of signed prediction residuals.
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Table 3. Comprehensive statistical evaluation metrics demonstrating the global predictive fidelity of the
optimal XGB-BES framework.

R? RMSE (kN) MAE (KN) MAPE A20
Training set 0.999 37.650 14.952 0.009 1.000
Testing set 0.998 62.054 48.211 0.058 0.957
All dataset 0.999 46.358 24.951 0.023 0.987

The statistical evaluations summarized in
Table 3 support the prior graphical observations,
indicating high predictive accuracy across all data
partitions. The XGB-BES framework attained R? >
0.998 on both the training and independent testing
cohorts, establishing a stable relationship between
the computational outputs and empirical
capacities. The application of the model to the
unseen validation subset resulted in a slight
increase in the absolute error metrics, including a
change in RMSE from 37.650 kN to 62.054 kN.
This minor reduction in performance indicates that
the metaheuristic optimization effectively mitigated
algorithmic overfitting. Furthermore, the model
produced an A20 reliability index of 0.957 on the
testing set. Within a structural engineering context,
characterized by material uncertainties and
geometric imperfections that dictate design safety
margins, this metric is significant. It demonstrates
that approximately 96% of the out-of-sample
predictions occur within a 20% tolerance, providing
a reliable analytical tool for practical CFDST
column assessment.

From a structural engineering standpoint, the
accuracy of the XGB-BES framework meets the
requirements for composite design. In applications
where material heterogeneities and geometric
imperfections dictate safety margins, estimating
ultimate loads with a 95.7% probability of falling
within a 20% error threshold (A20 = 0.957)
constitutes a sufficient analytical standard.
Furthermore, evaluating the validation RMSE
(62.054 kN) relative to the capacity range of the
dataset, which includes ultimate axial loads up to
8840 kN, indicates a low error-to-capacity ratio.
This low predictive variance and the established

mitigation of overfitting confirm the proposed hybrid
model as an accurate, scale-invariant, and reliable
computational method for assessing CFDST
columns.

3.3. Stochastic stability analysis

Considering the high-capacity architecture of
XGBoost and the limited size of the empirical
database (N = 153), evaluating the model on a
single data partition introduces a risk of stochastic
sampling bias. To mitigate the potential for
algorithmic overfitting, namely, the tendency to
memorize the training data rather than capture the
underlying structural mechanics, a comprehensive
stochastic stability analysis was performed. This
validation was conducted using a repeated random
sub-sampling validation protocol, in which the
optimized XGB-BES framework underwent 300
independent training and testing iterations.

In each successive iteration, the empirical
database was randomly shuffled and re-partitioned
into distinct subsets, allocating 70% of the data for
training and 30% for testing. Following this data
division, the XGB-BES model was re-trained from
its initial state and assessed using the newly
generated, unseen validation cohort.

The statistical dispersion of predictive
performance across the 300 independent iterations
demonstrated high consistency (Fig. 5). The
framework produced a mean testing R? of 0.993,
constrained by a narrow standard deviation R? of
+0.0033. Similarly, the absolute error metrics
displayed a mean testing RMSE of 124.57 kN,
accompanied by a standard deviation of +12.36
kN.

The minimal width of these standard
deviation bands confirms that the predictive
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accuracy of the XGB-BES framework is scale-
invariant and highly robust against random data
partitioning. This rigorous statistical cross-
validation demonstrates that the hybrid model
possesses strong out-of-sample generalization
capabilities, effectively modeling the complex,
nonlinear physical mechanics that govern CFDST
column capacity rather than relying on localized
statistical noise or advantageous dataset splits.
3.4. Comparative analysis with established
structural design codes

To advance the validation of the XGB-BES
framework beyond algorithmic optimization and
demonstrate its practical utility in civil engineering,
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a rigorous benchmarking analysis was performed
against established structural design standards.
Specifically, the experimental axial capacities of
the 153 CFDST specimens were compared to the
predictive equations outlined by ACI [39], Eurocode
4 (EC4) [40], or AISC 360-16 [41]. Given that
conventional design codes are predominantly
calibrated for single-skin composite members, the
theoretical code-based capacities were calculated
by superimposing the individual yield capacities of
the inner and outer steel tubes alongside the
compressive resistance of the annular concrete
core, in accordance with standard principles of
composite mechanics.
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Fig. 5. Statistical dispersion of predictive performance across the 300 independent iterations on the test
set: (a) R?, (b) RMSE.
Table 4. Statistical criteria of design codes for predicting the P, of CFDST columns.

R? RMSE (kN)  MAE (KN) MAPE A20
ACI [39] 0.956 754.035 431.242 0.267 0.556
EC4 [40] 0.950 1104.922 606.592 0.324 0.536
AISC 360-16 [41] 0.956 861.687 464.633 0.262 0.582

A comparative evaluation of the predictive
error metrics reveals a pronounced performance
differential. The design code calculations produced
are shown in Table 4. As depicted in the
comparative scatter distribution (Fig. 6), the code-
derived predictions display considerable variance
alongside a strict conservative bias, consistently
underestimating the true ultimate capacity. This
dispersion is fundamentally attributable to the

limitations of simplified empirical formulations,
which inadequately capture the nonlinear, multi-
axial stress states and the synergistic confinement
mechanisms interacting between the dual steel
tubes and the internal concrete core.

In contrast, the XGB-BES framework
effectively captures these complex, high-
dimensional structural interactions, resulting in a
substantially reduced global RMSE of 46.358 kN
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and an R? of 0.999. The tight convergence of the
ML predictions along the ideal y = x equivalence
line demonstrates that the optimized gradient
boosting architecture significantly outperforms

D.K. Do et al

comparative validation confirms that the XGB-BES
model functions not merely as a theoretical
statistical exercise, but as a highly accurate and
structurally viable alternative to traditional codified

conventional design codes. Ultimately, this capacity estimations.
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Fig. 6. Regression analysis of the design codes over all dataset: (a) ACI, (b) EC4, and (c) AISC.

3.5. Mechanistic interpretability and feature
attribution

Although the optimized XGB-BES framework
demonstrates high predictive accuracy, the
mathematical complexity of ensemble gradient
boosting algorithms results in opaque systems
lacking mechanistic transparency. To address the
discrepancy  between  empirical  predictive
performance and physical structural principles, this
study applies post-hoc interpretability frameworks,
namely the game-theoretic SHAP and LIME
methods. This interpretability analysis is conducted

across two complementary domains. Initially, a
global SHAP-based evaluation is utilized to
quantify macroscopic feature dominance across
the dataset. Subsequently, a detailed, instance-
specific local analysis cross-validates the SHAP
and LIME outputs to clarify the decision logic
governing individual column capacity predictions.

3.561. Global feature sensitivity and
macroscopic structural influence
The global sensitivity of the predictive

framework to the input variables is evaluated using
the SHAP summary distribution (Fig. 7). To ensure

141



JSTT 2026, 6 (5), 127-149

out-of-sample validation, this distribution is
calculated solely on the independent testing
cohort. Advancing beyond standard linear
correlation metrics, this game-theoretic method
orders the geometric and material parameters
based on their mean absolute Shapley values to
account for nonlinear interactions.
Furthermore, the spread of individual data points
along the SHAP magnitude axis, combined with
their parametric variance, provides a continuous
representation of how variations in structural inputs
alter the predicted ultimate capacity relative to the
baseline expectation of the dataset.

An analysis of the global SHAP attributions
indicates that the structural capacity is primarily

structural
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determined by the cross-sectional geometry rather
than the material yield limits. Specifically, the outer
diameter (V2) and outer tube thickness (V3) operate
as the most influential predictive variables. The
positive SHAP values associated with increased V;
and V3 dimensions correspond to their respective
quadratic and linear proportionality to the cross-
sectional area and moment of inertia. Additionally,
these geometric parameters establish the hoop
stress required for effective concrete confinement.
Furthermore, the internal boundary conditions
established by the inner tube geometry (Vi, Vs)
exert a secondary but notable effect on the model
predictions by restricting inward concrete crushing
and reducing local buckling [42,43].

Global Feature Importance (SHAP Swarm Plot)
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Fig. 7. Global SHAP summary distribution ranking the hierarchical influence and parametric variance of
input features on the predicted axial capacity.

The algorithm autonomously modeled the
nonlinear structural mechanics associated with
column slenderness. Specifically, the SHAP profile
for column length (V1) displays a distinct bifurcation
where low length values produce positive
contributions that indicate full cross-sectional
yielding in short columns, while increased lengths
result in substantial negative SHAP values that
correspond to the capacity reduction caused by
global Euler buckling susceptibility [44,45]. In
contrast, the primary material parameters,
encompassing the steel yield strengths (Ve, V7) and
concrete compressive strength (Vs), demonstrated
relatively lower global impact magnitudes. This
statistical observation does not negate the

structural necessity of these materials but suggests
that, within standard construction grade limits,
variations in ultimate load-bearing capacity depend
primarily upon the dimensional scaling and
geometric confinement provided by the steel tubes
rather than localized material strengths.
3.5.2. Instance-specific local interpretability
and algorithmic cross-validation

Although the global SHAP analysis identifies
broad parametric influence, instance-specific local
interpretability remains necessary to confirm the
physical validity of the model across various
structural conditions. To evaluate the explanatory
accuracy of both the SHAP and LIME frameworks,
three distinct scenarios representing boundary and
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central-tendency conditions were selected from the
independent testing dataset. These instances
comprise a low-capacity configuration where P,
equals 299.0 kN, a high-capacity configuration with
P. at 8800.0 kN, and a representative median-
capacity state where P, is 879.0 kN. The local
feature attributions that drive the algorithmic
predictions for these specific structural states are
compared in Fig. 8 and Fig. 9.

Regarding the low-capacity specimen (P, =
299.0 kN), the SHAP force plot (Fig. 8a) illustrates
the negative contributions that reduce the
predicted capacity below the baseline expectation
of the dataset. The attribution model identifies
specific geometric parameters, namely an outer
thickness of V3 = 0.69 mm and an inner thickness
of Vs = 0.61 mm, as the primary factors contributing
to this calculated reduction. The LIME surrogate
approximation (Fig. 9a) offers localized validation
by assigning the highest negative correlational
weights to the threshold conditions V3 < 2.07 mm
and Vs < 2.00 mm. Agreement between the two
algorithms indicates that the ML framework
associates insufficient wall thickness, a geometric
condition that causes premature local buckling and
limited concrete core confinement, with the
governing failure mechanism for this low-capacity
prediction.

In contrast, the local attribution profile for the
high-capacity specimen (P, = 8800.0 kN)
demonstrates a significant positive deviation from
the dataset mean. The SHAP force plot (Fig. 8b)
indicates that a large outer diameter (V, = 460.0
mm) functions as the primary variable for this
increased capacity, supported by elevated outer
(V3 =5.72 mm) and inner (Vs = 3.75 mm) steel wall
thicknesses. Supporting this physical
interpretation, the LIME linear surrogate (Fig. 9b)
allocates the highest positive correlational weights
to the condition thresholds of V2 > 240.00 mm and
V3 > 3.50 mm. This consistent result across both
interpretability frameworks verifies that the XGB-
BES algorithm correlates large cross-sectional
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geometries with high axial stiffness, increased
cross-sectional area, and enhanced concrete
confinement, aligning with established structural
engineering principles.

The median-capacity specimen (P, = 879.0
kN) represents a multivariate structural equilibrium.
As the final prediction approaches the global
baseline of the dataset, the local attribution profile
reflects the interaction of competing physical
parameters. The SHAP decomposition (Fig. 8c)
indicates that the outer diameter (V2 = 160.0 mm)
and inner yield strength (V7 = 300.0 MPa) decrease
the predicted capacity, an effect that is
subsequently offset by multiple minor positive
geometric factors. Furthermore, the LIME
surrogate model (Fig. 9c) accounts for this
variance by presenting competing correlational
weights, such as assigning negative values to the
120.00 < V7 < 165.10 mm range while identifying
positive contributions from particular V7 limits. This
evaluation verifies that the XGB-BES framework
avoids direct extrapolation from boundary
conditions and calculates the competing
mechanical parameters present within standard
structural configurations.

The systematic local analyses reveal a
diagnostic consensus between the SHAP and
LIME frameworks, as both methodologies
consistently identify the cross-sectional geometry
(V2, V3, and Vs) as the primary mechanical factors
determining ultimate capacity boundaries. This
validation across two algorithms is relevant given
that the techniques rely on distinct mathematical
foundations. Specifically, SHAP applies game-
theoretic credit allocation to produce globally
consistent, additive feature contributions, while
LIME generates a localized, model-agnostic linear
surrogate by perturbing the high-dimensional
space adjacent to a specific empirical data point.
Although LIME establishes interpretable domain
threshold rules, such as instances where V, >
240.00 mm, SHAP supplies an attribution map that
connects local predictions to the broader global
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sensitivity hierarchy. The agreement between an
exact additive explanation method and a local
perturbation surrogate indicates that the optimized
XGB-BES framework has modeled the nonlinear
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principles of structural mechanics rather than
merely fitting statistical noise, thereby addressing
common interpretability concerns associated with
complex ensemble models.
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Fig. 8. Instance-specific SHAP force plots detailing localized feature attributions for representative

CFDST specimens: (a) severe low-capacity

limit, (b) extreme high-capacity boundary, and (c)

multivariate median-capacity state.
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multivariate median-capacity state.

4. Conclusions

This study develops and evaluates a
computational framework designed to estimate the
ultimate Py of CFDST columns. By combining the
XGBoost algorithm with metaheuristic optimization
techniques, including BES and AO, the research
addresses the constraints associated with
conventional hyperparameter tuning methods.

Assessment utilizing an empirical database of 153
column specimens indicated the performance
capabilities of the XGB-BES framework. The BES-
optimized model demonstrated a balance between
training data adherence and out-of-sample
generalization, resulting in high predictive accuracy
on the independent validation subset,
characterized by an R? of 0.998 and an RMSE of
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62.054 kN.

In addition to empirical accuracy, a primary
contribution of this work is the application of the
BES-driven  optimization  framework  within
structural engineering, combined with an
evaluation of the algorithm’s complex architecture.
By implementing a dual-interpretability approach
that utilizes SHAP and LIME, this study connects
ML outputs with applied physical mechanics. The
global SHAP assessment determined the outer
tube diameter (V2) and thickness (V3) as the
principal geometric variables controlling ultimate
axial capacity. Simultaneously, localized instance
analyses confirmed that the XGB-BES framework
aligns with established structural engineering
principles by isolating specific confinement
parameters (V2, Vs, and Vs) as the main physical
factors influencing load-bearing performance.
Consequently, this mechanistic verification
establishes the proposed hybrid framework as an
interpretable and physically consistent
computational tool applicable to the design and
evaluation of CFDST structures.

Although the proposed XGB-BES framework
demonstrates predictive accuracy, its applicability
is currently limited to the parametric boundaries of
the 153-specimen empirical database used for
training and validation. To progress this
computational approach, future research should
focus on expanding the dataset to include a wider
range of material properties and geometric
slenderness ratios. Furthermore, subsequent
studies could extend the predictive architecture of
the model to account for complex structural
boundary conditions, such as varying degrees of
load eccentricity, and investigate different cross-
sectional shapes encompassing elliptical, square,
and polygonal profiles. Finally, continually
evaluating the XGBoost framework against
emerging metaheuristic optimization algorithms
provides a logical pathway for the ongoing
development of computational structural design
tools.
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