OPEN ACCESS

Vagelis Plevris,
Qatar University, Qatar

Carlos Couto,

University of Aveiro, Portugal
Yanping Zhu,

Montana Technological University,
United States

Soheila Kookalani,
sk2268@cam.ac.uk

24 November 2025
09 January 2026
14 January 2026
17 February 2026

Kookalani S, Liu H, Dash T, Mathew A and
Brilakis | (2026) Interpretable machine learning
for predicting the bearing capacity of double
shear-bolted connections: a data-

driven evaluation.

Front. Built Environ. 12:1753382.

doi: 10.3389/fbuil.2026.1753382

© 2026 Kookalani, Liu, Dash, Mathew and
Brilakis. This is an open-access article
distributed under the terms of the Creative
Commons Attribution License (CC BY). The use,
distribution or reproduction in other forums is
permitted, provided the original author(s) and
the copyright owner(s) are credited and that the
original publication in this journal is cited, in
accordance with accepted academic practice.
No use, distribution or reproduction is permitted
which does not comply with these terms.

Frontiers in Built Environment

Original Research
17 February 2026
10.3389/fbuil.2026.1753382

Interpretable machine learning
for predicting the bearing
capacity of double shear-bolted
connections: a data-driven
evaluation

Soheila Kookalani**, Hongchen Liu?, Tirtharaj Dash?,
Alwyn Mathew® and loannis Brilakis®*

‘Department of Engineering, University of Cambridge, Cambridge, United Kingdom, *Department of
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Introduction: Accurate prediction of the bearing capacity of double shear-bolted
connections in structural steel is essential for ensuring safety and efficiency in
structural design. This study explores the application of ten machine learning
algorithms to enhance prediction accuracy while addressing the interpretability
challenges often associated with such models.

Methods: Models were tuned with 10-fold crossvalidation and assessed using
RMSE, R? and a20 accuracy index. A comprehensive sensitivity analysis evaluates
the influence of input parameters, while advanced interpretability techniques,
such as partial dependence plots, accumulated local effects, and Shapley additive
explanations, are employed alongside parametric studies to elucidate the
decision-making processes of the models.

Results: These methods facilitate the identification of critical variables that
influence bearing capacity predictions at both local and global scales.
Discussion: The study demonstrates that machine learning can be a trustworthy
and data-driven complement to conventional mechanics-based approaches,
when coupled with rigorous interpretability, advancing both safety and efficiency
in steelconnection design. The findings highlight the potential of interpretable
machine learning approaches to not only improve predictive precision but
also provide actionable insights into complex model behaviours, ultimately
advancing structural engineering practices and promoting data-driven design
methodologies.

bearing capacity prediction, double shear-bolted connections, interpretable Al, machine
learning, sensitivity analysis, structural steel joints

1 Introduction

Bolted and welded connections are widely regarded as the backbone of steel structures,
ensuring load transfer and global stability across a broad spectrum of engineering
applications. In comparison to welded joints, bolted connections offer several
advantages, including expedited assembly and reduced cost by obviating specialized
labour and on-site welding procedures, while still achieving reliable structural
performance when bolt holes and net-section effects are properly accounted for in
design (Zakir et al., 2022). Within the family of bolted connections, bearing-type joints
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have garnered particular attention due to the primary load transfer
mechanism arising from the bearing action between the bolt shank
and the plate hole surface. Over the years, significant research has
been dedicated to clarifying the behaviour of bearing-type bolted
connections, often focusing on parameters such as bolt diameter,
edge and end distances, plate thickness, and material characteristics.

Recent investigations have expanded our understanding of
bolted connections under a variety of geometric configurations
and load conditions. For instance, Lyu et al. (2019) provided a
comprehensive review of how edge and end distances influence the
ultimate capacity of bolted connections. Earlier work also identified
the presence of an “active shear plane” between the gross and net
shear planes, lending crucial insights into design practices governed
by structural steel specifications (Clements and Teh, 2013; Teh and
Clements, 2012). Building upon these findings, The and Uz (Teh and
Uz, 2015a; Teh and Uz, 2015b) introduced a formula to predict the
ultimate shear-out capacity, which was subsequently refined to
integrate a more accurate bearing coefficient that better captures
combined bearing and shear-out failures (Teh and Uz, 2016).

In recent years, the integration of Artificial Intelligence (AI) into
civil engineering has led to transformative advances across
structural, geotechnical, and materials domains (Liu et al., 2025;
Torres et al., 2025; Kookalani et al., 2025). For instance, Zhang et al.
(2022) utilized deep neural networks enhanced with Harris Hawks
Optimization (HHO) to generalize friction angle predictions of clays
for slope stability analysis. Ghanizadeh et al. (2023) developed a
hybrid Multivariate Adaptive Regression Spline- Evolutionary-
Based Search (MARS-EBS) model for estimating the bearing
capacity of geogrid-reinforced stone columns, emphasizing the
value of hybrid soft computing techniques. Similarly, Barkho
et al. (2023) employed ensemble Convolutional Neural Networks
(CNNs) to achieve high-accuracy structural damage classification.
Further, Zhao et al. (2022) presented a Whale Optimization
Algorithm (WOA)-optimized neural
predict RC beam deflection, outperforming conventional
Artificial Neural Network (ANN) models. In the materials
domain, Ashrafian et al. (2023) demonstrated the application of
MARS and Extreme Learning Machine (ELM) to predict the
strength of sustainable concrete mixes. Similarly, Mahmood et al.

network to accurately

(2022) combined various mathematical models to assess the
compressive strength of cement-grouted sands, illustrating hybrid
Machine Learning (ML) model effectiveness in complex materials
characterization. These studies collectively illustrate the growing
sophistication and diversity of ML applications in civil and
structural engineering.

Despite these advances, predicting the bearing capacity of multi-
bolt configurations, particularly in double shear arrangements,
continues to pose significant challenges. The majority of existing
design equations and predictive models have their roots in single-
bolted connection tests, which do not fully encapsulate the intricate
load distribution that arises in multi-bolt layouts (Lyu et al., 2020a).
Lyu et al. (2020a) demonstrated that the bearing strength of
individual fasteners in multi-bolt connections exhibits a non-
linear relationship with the edge distance-to-hole diameter ratio,
underscoring the pitfalls of extrapolating single-bolt findings to
multi-bolt scenarios. This discrepancy highlights the urgent need
for more robust, data-driven approaches that can account for the
complexity of multi-bolt load sharing and failure mechanisms. In
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particular, this research is motivated by the lack of accurate and
interpretable predictive tools for multi-bolt double shear, bearing-
type bolted connections, where current design equations, largely
extrapolated from single-bolt tests and simplified interaction rules,
may fail to capture the combined influence of end and edge
distances, pitch, and bolt-row configuration on bearing capacity.
While traditional methods such as Eurocode and American
Institute of Steel Construction (AISC) analytical formulations, or
numerical models like Finite Element Analysis (FEA), have been
validated over decades and remain essential in design practice, they
rely on simplifying assumptions such as linear elasticity, idealized
boundary conditions, and uniform material behaviour. These
constraints can hinder their effectiveness in capturing the
complex, nonlinear behaviours present in double shear-bolted
connections, especially in multi-bolt scenarios where interaction
effects dominate. In contrast, ML models offer a flexible, data-driven
complement to traditional mechanics-based and numerical
approaches, as they can learn intricate patterns from large
experimental datasets without being restricted to a predefined
functional form or the simplifying assumptions embedded in
existing design equations, provided that the training data are
sufficiently rich and representative (Cabrera et al, 2023;
Sadrossadat et al, 2022; Sarir et al, 202la). This study
demonstrates that gradient-boosting models improve predictive
accuracy compared with traditional regression methods and other
ML techniques, achieving error levels that are compatible with use as
complementary, decision-support tools in connection design.
Furthermore, unlike conventional ML applications often
criticized for their opacity, this study incorporates explainability
tools, which transparently reveal how key features such as
normalized end and edge distances and the number of bolt rows
influence predictions. This not only enhances trust in ML outputs but
also bridges the gap between black-box models and engineering
insight. When paired with Building Information Modelling (BIM) in
future implementations, such interpretable ML frameworks could
enable real-time design evaluations and optimization workflows that
are often impractical using FEA or static code-based checks alone
(Mahdavipour et al., 2026). Therefore, ML should not be viewed as a
replacement for traditional methods, but rather as a robust and
scalable complement, particularly suited for design scenarios that
demand generalization across multiple configurations, rapid
feedback,
interactions.

and insight into high-dimensional parameter

Furthermore, the implementation of BIM in the context of
bolted connections introduces new opportunities for enhanced
structural analysis and decision-making. BIM enables the
integration of ML-based predictive models within digital twins,
allowing for real-time assessment of connection performance and
facilitating data-driven optimization of bolted connections in steel
structures. BIM-driven workflows can improve the efficiency and
reliability of bolted connection design by incorporating as-built data,
geometric constraints, and material properties, reducing material
waste and construction errors (Alavi et al., 2024a; Alavi et al., 2024b;
Alavi et al., 2024c; Alavi et al., 2024d; Alavi et al., 2024e; Alavi et al.,
2024f). The synergy between BIM and ML-driven predictions fosters
a more comprehensive understanding of structural behaviour,
sustainable and efficient

ultimately ~contributing to more

construction practices.

frontiersin.org


https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://doi.org/10.3389/fbuil.2026.1753382

Kookalani et al.

In response to these challenges, the present study harnesses the
capabilities of ML to predict the bearing capacity of double shear-
bolted connections in structural steel. The primary objective of this
study is to develop and interpret ML-based models that can
accurately predict the bearing capacity of double shear-bolted
connections, thereby contributing to safer and more data-
informed structural engineering practices. Leveraging a sizable
dataset of 443 experimental results, 10 ML algorithms, including
linear and ridge regression, support vector machines, tree-based
methods, and boosting ensembles, are systematically trained, and
tuned using grid search and K-fold Cross-Validation (CV) to ensure
reliable performance. The choice of these algorithms reflects the
growing recognition that ML techniques can capture complex,
nonlinear relationships in engineering problems more effectively
than many traditional predictive models.

However, from an engineering standpoint, predictive
performance alone is insufficient (Li et al., 2023; Lim and Chi,
2019; Ma et al., 2024); explainability and interpretability are equally
critical for effective design and decision-making (Geyer et al., 2024;
Love et al, 2023). To this end, the study employs advanced
interpretability ~ frameworks such as  Shapley  Additive
Explanations (SHAP), Accumulated Local Effects (ALE), and
Partial Dependence Plots (PDPs). Sensitivity analyses, including
first-order and total-effect measures, further elucidate the relative
significance of input parameters, while a parametric study sheds
light on how variations in key variables influence the bearing
capacity. This work not only delivers highly accurate predictions
but also offers insights into how different factors drive the ML
model’s behaviour by integrating these techniques.

The remainder of this paper is structured as follows: Section 2
introduces the 10 ML algorithms, including Linear Regression (LR),
Ridge Regression (RR), Support Vector Regression (SVR),
K-Nearest Neighbors (KNN), Decision Trees (DT), Random
Forest (RF), Adaptive Boosting (AdaBoost), Extreme Gradient
Boosting (XGBoost), Category Boosting (CatBoost), and Light
Gradient (LightGBM), and details the
performance metrics, hyperparameter tuning strategies, and

Boosting Machine

Sensitivity Analysis (SA) approaches. Section 3 focuses on
interpretable ML methodologies, illustrating their respective
contributions to model transparency. Section 4 presents a
numerical example that demonstrates the practical application of
these ML models in predicting bearing capacity. Section 5 then
discusses the interpretability results, highlighting the implications
for both design and research. Finally, Section 6 summarizes the key
findings, outlines current limitations, and proposes potential
directions for future work.

2 Digital twin integration

The rapid digital transformation of the construction sector has
established digital twins as a central paradigm for data-driven
design, monitoring, and lifecycle management of structural
systems. Digital twins require analytical engines capable of
providing continuous, reliable, and explainable predictions using
both as-designed and as-built data. The interpretable ML framework
developed in this study aligns with these requirements by offering a
transparent, computationally efficient, and easily deployable
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predictive model for assessing the bearing capacity of double
shear-bolted connections.

In a digital twin environment, geometric and material
parameters, such as end and edge distances, pitch dimensions,
bolt configurations, and strength ratios, are inherently embedded
within BIM data structures. These parameters can be automatically
extracted from Industry Foundation Classes (IFC)-compliant
models or connected databases and fed directly into the ML-
based prediction engine. The system can deliver real-time
assessments of connection performance as the model geometry
or material conditions evolve by integrating the ML model and
its interpretability layers into a digital twin data pipeline. This
capability enables faster and more adaptive structural evaluations
compared to conventional FEA, which can be computationally
intensive and time-prohibitive for iterative or real-time use.

The interpretability tools incorporated in this study reinforce the
suitability of the model for digital twin adoption. SHAP values
provide detailed, instance-level explanations of how geometric and
material features influence predicted bearing capacity, ensuring
transparency and auditing capability, essential requirements for
digital
Moreover, sensitivity analysis supports prioritisation of key

engineering  decision-making in twin  ecosystems.
parameters, guiding both model refinement and potential sensor
placement strategies in operational digital twins.

Beyond design-phase applications, the proposed ML framework
can be embedded into digital twins for structural health monitoring
and predictive maintenance. When paired with inspection data,
periodic updates, or real-time sensor readings, the digital twin can
autonomously evaluate deviations from expected behaviour, identify
performance degradation, and support proactive decision-making.
Additionally, in emerging metaverse or immersive simulation
environments, this model can serve as a computational engine
for interactive scenario testing, virtual training, and
construction rehearsal.

Overall, the integration of the interpretable ML model into
digital twin workflows enhances the analytical capabilities of
digital construction ecosystems by enabling fast, transparent, and
of bolted This

contribution supports ongoing efforts to establish intelligent,

data-driven assessments steel connections.
adaptive, and reliable digital twins for sustainable and efficient
construction practice. It should be noted that, in this study, the
ML model is developed and validated against experimental data
only; the BIM and digital twin workflows discussed in this section
are presented as a conceptual integration framework and as
directions for future implementation, rather than as a fully

realised software integration demonstrated in this paper.

3 Machine learning model
development

This study examines the performance of 10 ML algorithms, LR,
RR, SVR, KNN, DT, RF, AdaBoost, XGBoost, CatBoost, and
LightGBM, in order to identify the most suitable approach for
accurately predicting the bearing capacity of double shear-bolted
connections. Additionally, it introduces relevant performance
metrics, an efficient hyperparameter tuning methodology, and a
SA framework, all of which are designed to facilitate a
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comprehensive evaluation and optimization of the selected models.
Optimization plays a crucial role in enhancing the predictive
accuracy and generalisability of these models, ensuring practical
applicability in engineering design and decision-making (Kookalani
et al., 2022a).

3.1 Machine learning models

3.1.1 Linear regression (LR)

LR is a supervised ML technique used to model the relationship
between dependent and independent variables through a linear
equation (Liang and Song, 2009). It is among the simplest and
most commonly employed methods for analysing how output
variables are influenced by input features. LR operates by
minimizing the least squares error between the observed and
predicted values, enabling the determination of an optimal set of
coefficients for the parameters. The result of LR is represented as a
linear combination of input variables, defined by Equation 1:

M
FX)=PBy+ Y XiB, )
i=1

where f, represents the intercept and f3; denotes the regression
coefficient, with M being the total number of parameters. The
regression coefficients are determined by minimizing the sum of
squared residuals, as expressed in Equation 2:

N

b =arg;nin[z(yj =f(x,-))2] o

Jj=1

where N represents the total number of instances and y; signifies the
corresponding target output.

3.1.2 Ridge regression (RR)

RR is an advanced form of LR designed to mitigate the high
variance often associated with LR [10]. In many ML methods, there
is a balance to be struck between bias and variance. RR addresses this
by incorporating a regularization term, which reduces the
magnitude of regression coefficients. This helps to prevent
overfitting and enhances the ability of the model to generalize
(Hoerl and Kennard, 1970). RR achieves this by minimizing a
penalized cost function, as expressed in Equation 3:

2
N M M

ﬁRidge = arg;?nn Zj:I ()’j -By- zXﬁﬁi> + AZﬁ? (3)
in1 i=1

where A controls the degree of coefficient shrinkage, with the RR
coefficients tending toward zero as A increases.

3.1.3 Support vector regression (SVR)

SVR applies the foundational concepts of Support Vector
Machines (SVMs) to address regression problems. In SVM,
hyperplanes are designed to divide the data space with maximum
margin, thereby enhancing the robustness of the predictive model.
The SVM predictions are formulated as follows expressed in
Equation 4:

f(x)=¢(x)w+b (4)
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where ¢(x) represents a mapping function that transforms the input
into a higher-dimensional space, while b denotes the bias of the
model. The model achieves flatness in f(x) by minimizing a convex
optimization problem, ensuring the smallest possible values for w as
expressed in Equation 5 (Smola and Scholkopf, 2004):

o1 S .
Mzmmzseillwll +C;(Ej "'Ej) )

where C represents the box constraint, and & and &* ; are the slack
variables. Consequently, the SVM prediction is expressed in
Equation 6:

N
f(xai,a;) = Z(a,- -a;))K(x;,x)+b 6)
p=

where «; and «;* are Lagrange multipliers, and K (x;, x) is the kernel
function. These equations indicate that the kernel function, along
with the parameters ¢ and C, can be adjusted to optimize SVM
predictions.

3.1.4 K-nearest neighbours (KNN)

KNN predicts the output variable by taking the mean of several
nearby values, where k represents the number of neighbours
considered (Cover and Hart, 1967). The fundamental idea behind
KNN is that it assigns greater importance to the k closest samples in
the training dataset that are near the new data point x. The
conditional probability of x is determined using the Equation 7:

P(Y=m|X=x)=%ZI(y,-=m) (7)

ieNj

where I (y; = m) is an indicator function that returns 1 if the given
observation belongs to the m-th class, and 0 otherwise; Nj denotes
the number of instances.

3.1.5 Decision tree (DT)

DT is a supervised ML technique that can be utilised for
regression models. This method constructs a predictive model in
a tree-like structure based on training data (Dietterich, 2000). The
tree comprises input variables from the dataset represented as
internal nodes, decision rules forming the branches, and outputs
appearing as leaf nodes. Regression trees fall under a category of ML
methods that create estimation models by segmenting the feature
space into multiple high-dimensional regions. By partitioning the
feature space into D distinct regions, denoted as, Ry,-:*,Rp, the
regression problem can be formulated as expressed in Equation 8:

D
f(x)=Yeal (x € Ry) (®)
d=1

where ¢, represents the average of the observations.

3.1.6 Random forest (RF)

RF is a ML technique that leverages an ensemble of decision
trees. RF integrates the bagging approach with a strategy that selects
random subsets of input parameters. In the bagging approach, each
decision tree is constructed using a bootstrap sample, which is
generated by randomly sampling the training dataset with
replacement. This method mitigates overfitting by reducing the
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dependency on individual trees. Moreover, instead of considering all
input parameters, RF uses a randomly chosen subset of them for
each tree. As an advanced form of the bagging method, RF combines
these features to improve performance. The final output of the
model is determined by averaging the predictions of all individual
decision trees, as shown in Equation 9:

Y = %Zj:le (x") ©)

where B represents the total number of decision trees, Y, denotes the
output of each decision tree, and X' refers to the unknown instances.

3.1.7 Adaptive boosting (AdaBoost)

The AdaBoost algorithm enhances the predictive accuracy of a
model by combining multiple weak learners to create a strong
learner (Freund and Schapire, 1997; Zhang and Ma, 2012). The
structure of the learner is expressed in Equation 10:

T
Fr(x) =) fi(x) (10)

In this approach, samples that were misclassified in a previous
step are assigned higher weights in subsequent iterations (Schapire
and Singer, 1999; Schapire, 2013). The performance of the model is
progressively improved by reducing errors at each step. Initially, all
samples are assigned equal weights, and the mean square error of the
prediction is calculated. Higher weights are then given to samples
with larger errors, and the process is repeated until the results
converge, as shown in Equation 11:

E; = ) E[Fii(x:) +ash(x)] (11

where E (.) represents the error function; F,_;(x) denotes the learner
generated in the preceding step, and f(x) = ai(x) represents the
weak learner contributing to the strong learner. Ultimately,
AdaBoost combines these weak learners to construct a robust,
unified learner.

3.1.8 Extreme gradient boosting (XGBoost)
XGBoost is a boosting algorithm that improves predictive
accuracy by iteratively assigning higher weights to weak learners.
The approach combines these weak learners to create a more robust
and accurate model. Originally introduced by Chen et al. (Chen
et al.,, 2018), gradient boosting employs the gradient vector of the
misfit function to build a regression model, akin to gradient-descent
XGBoost
implementation of gradient boosting, where parameters are

methods. represents a  parallelized tree-based

iteratively adjusted to minimize the residuals from the previous
step  (Chen 2016).  XGBoost
regularization into both its objective function and loss function

and  Guestrin, incorporates

to prevent overfitting. The objective function for XGBoost is
expressed in Equation 12:

n k
Obj = Y L(ynye) + Y (f1) (12)

where L represents the loss function that measures model bias, while
w denotes the regularization term designed to reduce model
complexity.
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3.1.9 Category boosting (CatBoost)

CatBoost (Dorogush Veronika et al., 2018) introduces a novel
gradient boosting technique that specifically addresses categorical
input parameters. This approach employs symmetric decision trees
to improve the efficiency of the inference process when using pre-
trained weak learning models. CatBoost excels in delivering high
performance, especially when handling highly noisy data with
diverse characteristics and intricate relationships. To accomplish
this, CatBoost randomly orders all instances and assigns values to
categorical features. Priority weight coefficients and a priority factor
are utilised to reduce the influence of low-frequency category
instances and noise on data distribution. This process can be
represented as expressed in Equation 13:

) z;l:ll{xi_:xi}'yi +ﬁp
g — % 13
xk Zj:II{xj:x;(} +ﬁ ( )

where p represents a prior value, and S denotes its

corresponding weight.

3.1.10 Light gradient boosting machine (LightGBM)

LightGBM (Ke et al,, 2017) is a decision tree-based algorithm
that employs a leaf-wise growth strategy rather than the traditional
depth-wise approach, leading to improved accuracy in more
complex tree structures. It introduces two novel techniques,
and Gradient-based One-Side
Sampling, which enhance its efficiency and distinguish it from

Exclusive Feature Bundling
other gradient-boosted decision tree methods. The fundamental
principle of LightGBM is to integrate M weak regression trees into a
single, more powerful model, mathematically expressed in

Equation 14:

M
F(x)= ) fu(x) (14)

m=1

where f,,(x) and F(x) denote the output of the mth weak regression
tree and the final model output, respectively. The leaf-wise strategy
with depth constraints and the histogram-based technique are key
advancements that improve the efficiency and accuracy of the
LightGBM algorithm.

3.2 Performance indexes

This study utilizes three performance metrics: the root mean
square error (RMSE), the coefficient of determination (R*), and the
ayo index. The equations for RMSE, R?, and a,, are expressed in
Equations 15-17, respectively:

RMSE = NLZNI (Ypi-Y.) (15)
t
RZ —1- ZZ&(YP’ _Y’.)2 (16)
Zf\:’ll(ypi - Ypi)z
ay —index = %20 (17)

where Y;and Y, represent the actual and predicted values for the ith
observation, respectively; N, denotes the number of testing models,
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and Y, is the mean of the predicted values. The optimal ML model is
characterized by the lowest RMSE and the highest R*> and a,, index
values. The parameter M denotes the total number of samples in the
dataset, while m20 refers to the number of samples for which the
ratio of the observed value to the predicted value lies within the
range of 0.80-1.20. This range indicates a +20% tolerance,
commonly accepted in engineering practices as a benchmark for
acceptable prediction accuracy. The a,, defined as the ratio m20/M,
therefore provides an intuitive and practical measure of a model’s
predictive performance (Asteris et al., 2024a; Asteris et al., 2024b). In
the case of a perfectly accurate model, the a,, would equal 1,
indicating that all predictions fall within the acceptable range.
The value of the proposed ay, lies in its interpretability and
relevance to engineering applications, as it directly reflects the
proportion of predictions that closely match the corresponding
experimental results within a tolerable margin of error.

3.3 Hyperparameters tuning

Once the dataset has been prepared and the ML technique
selected, the next crucial step is defining the parameters of the
model, which significantly influence its performance. In this study,
hyperparameter optimization is carried out using a combination of
grid search and K-fold CV to minimise the risk of overfitting.
Initially, potential parameter ranges are defined as grids. The
model is then trained iteratively, testing all possible parameter
combinations, with performance evaluated using K-fold CV. This
approach ensures a reliable assessment of predictive accuracy while
reducing bias from the random division of training and testing data.
The dataset is split into K equally sized subsets, and the model
undergoes K iterations, where K—1 subsets are used for training and
the remaining subset for validation. The final model performance is
determined by averaging the results across all K iterations. In this
study, a 10-fold CV approach is implemented, as it is a widely
recognised standard that partitions the data into ten groups,
effectively reducing the risk of overfitting.

3.4 Sensitivity analysis (SA)

Saltelli et al. (2008) proposed a variance-based SA method to
evaluate how changes in model input values affect the corresponding
output. This technique examines interactions between input
variables and the output factor by keeping all input parameters
constant except for one, which is systematically varied (Liu
et al., 2020).

3.4.1 First-order sensitivity indices
The measurement vector in a multivariate k-input model can be

expressed as y = f(xy, X, . . . , x). The first-order index is determined

using the Equation 18:

Vi [Evi(y] )]
V(y)

where V., [Ex-; (¥ | x;)] quantifies the influence of the variable x; on

Si = (18)

the output. When x; is held constant, E,.;(y|x;) represents the
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variance of the mean value E(y), while V(y) denotes the
unconditional variance of y.

3.4.2 Total-effect sensitivity indices

To capture the full variance of the output, higher-order indices
for coupling terms must be considered, as the first-order index only
accounts for the portion of output variation attributable to the
variance of the input variable x;. Consequently, the total-effect index
St is employed to quantify the overall influence of x; on the output
variance. The total-effect index is defined as expressed in
Equation 19:

Ve [Bu(y]x)
V(y)

where Ey, (y | x.;) and V_,[Ey, (y | x-;)] represent the mean value of

Sr=1 (19)

y when all variables except x; are fixed and its variance, respectively.
It is important to note that the difference between S; and St reflects
the interactions of x; with other input variables.

4 Interpretable ML approaches

ML has transformed several disciplines, including structural

engineering, by providing predictive models capable of
addressing complex relationships and analysing large datasets
(Kookalani et al., 2021; Kookalani et al., 2022b; Kookalani et al.,
2022¢; Kookalani and Cheng, 2021; Xiang et al., 2020a; Xiang et al.,
2020b; Xiang et al., 2021; Kookalani et al., 2024). While these ML
models can deliver accurate predictions, they often function as
“black boxes,” lacking transparency in explaining the underlying
mechanical or physical principles. This limitation can undermine
the credibility of the ML models. To address this challenge, the
current study employs three interpretability techniques, including
PDP, ALE, and SHAP. Feature significance is assessed by evaluating
the increase in prediction error resulting from alterations to factor
values. A feature is deemed significant if the error rises substantially
after modification, whereas minimal error change indicates low

significance.

4.1 Partial dependence plot (PDP)

Friedman (2001) introduced the PDP to examine the marginal
effect of a specific parameter on the output by depicting the average
outcome values across different parameter settings. The PDP is
useful for identifying the relationship between a feature and the
target variable. The partial dependence, represented as fs, for a
subset of features xg, is defined as expressed in Equation 20:

fs(xs) = Ex [ f (x5, xc)] = Jf(xs,xc)dp(xc) (20)
where x5 represents the factors considered for the PDP, while xc
denotes the complementary factors. A PDP can be generated for a

dataset {X;, i = 1, ... ,n}, as expressed in Equation 21:

n

fs (xs) = %Zf(xs,xic)

i=1

(1)
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TABLE 1 Comparative summary of interpretability techniques.
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Technique Advantages Limitations
PDP Simple and intuitive; shows global trends Assumes feature independence; can mislead with correlated variables
ALE Handles correlated features; less biased than PDP Sensitive to interval size; offers less intuitive visuals than PDP
SHAP Provides local and global insights; accounts for feature interactions; consistent = Computationally intensive; complex to implement for large datasets

A critical assumption of PDP is the independence of input
parameters. When features are highly correlated, the analysis may
involve artificial data samples that are unrealistic, resulting in
significant bias in the estimated effect of the feature.

4.2 Accumulated local effects (ALE)

ALE is an unbiased alternative to PDP that represents the
average effect of a feature within a ML algorithm (Apley and
Zhu, 2020). Unlike PDP, which averages fs (xs) over all features
and can produce biased results when features are highly correlated,
ALE mitigates this issue by focusing on changes in predictions and
constraining data to specific grids. ALE averages the changes in
predictions by isolating the influence of correlated features,
simplifying complex models by considering only one or two
factors at a time. ALE can be expressed as Equation 22:

Xs

S
fxsaALE (x5) = J EXC/Xs[f (x5, xc) | x5 = 25 |dzs —¢
N

) A8 Flxoe
where ¢ is a fixed constant, f (xs,xc) = M%XTSS’XL) denotes the

J fs (zs, xc)P(xc | zs)dxcdzs—c  (22)

local effects of xg on f (.) at (xy, xs); 20,1 represents a value smaller
than the minimum observation, and P (xc|xs) indicates the density.
ALE plots are centred around zero, making them particularly
effective for correlated data and enhancing visualization.
However, the choice of grid or interval can influence the plots

and obscure data variability.

4.3 Shapley additive explanations (SHAP)

Lundberg and Lee (2017) introduced the SHAP method, a
technique grounded in conditional expectations and game theory,
for assessing model predictions. SHAP is used to analyse the
influence of individual input features on each output. Broadly,
SHAP helps rank features based on their contribution to
interaction effects. SHAP employs an additive feature attribution
approach to create an interpretable model. The resulting model,
represented as a linear function, is the sum of the actual
contributions associated with each parameter. The interpretable
framework is formulated as expressed in Equation 23:

M
f0)=g(x') = ¢ + Y dixi (23)
i=1

where x = (xy, x5, . . . , x,,) represents the M input variables; and x;

denotes the simplified inputs. Using a mapping function x = hx (x'),
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the parameter x* is transformed into x. Additionally, ¢, and ¢;
represent a fixed value and the contribution of each parameter,
respectively.

4.4 Comparative evaluation of
interpretability techniques

PDP, ALE, and SHAP each offer distinct strengths in
interpreting complex ML models, as presented in Table 1. PDP is
easy to understand and effective for identifying overall trends but
may misrepresent effects when features are correlated. ALE
addresses this by providing unbiased local effects even with
correlated inputs, though its accuracy depends on appropriate
interval selection. SHAP offers the most comprehensive insights,
attributing both global and local feature importance while capturing
interaction effects, albeit at a higher computational cost. Their
combined use provides a robust interpretability framework that
balances simplicity, accuracy, and depth of insight.

5 Numerical examples

Shear connections in steel structures are generally designed to
transfer only shear forces, with no bending moment. However, while
this is generally true, there are instances where a bending moment is
also present in the shear connection, which can become a critical
factor in determining its dimensions. Figure 1 shows two samples of
this type of connection.

This study involved the careful assembly of a comprehensive
dataset comprising 443 samples extracted from existing literature
(Lyu et al., 2020a; Moze and Beg, 2014; Moze and Beg, 2010; Wang
et al,, 2017; Ahmed and Teh, 2019; Rex and Easterling, 2003; Kim
and Yura, 1999; Yang et al., 2013; Hai et al., 2019; Moe and Beg,
2011; Kim and Lee, 2020; Lyu et al., 2020b; Freitas et al., 2005; Guo
et al., 2020; Puthli and Fleischer, 2001; Moze, 2018). The input data
used in the analysis comprise six distinct features that, according to
established design standards and experimental studies, govern
bearing and shear-out behavior in bolted connections. Each
feature provides critical insight into the mechanical response and
characteristics of the system. These features include end distance
(e1), edge distance (e;), pitch parallel to loading (p;), pitch
perpendicular to loading (p,), the number of bolt rows (N,), and
(fulfy). with
formulations, geometric quantities are expressed as normalized
ratios, ej/do, ex/dy, pi/dy and p,/dy, where d, is the bolt-hole
diameter, while fu/fy is already dimensionless. This choice

stress  ratio Consistent conventional design

ensures that the model learns from physically meaningful, scale-
independent variables that govern bearing capacity across different
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FIGURE 1

Shear connection in steel structures: (a) Simple shear connection; (b) large plate shear connection of the I-beam to the column (Kalab, 2023).

bolt diameters. A visual representation of these features is provided
in Figure 2.

The key output parameter, represented as f(x) = F./f,ndt,
corresponds to the normalized bearing capacity, Fi.x is the
maximum measured load in the test, f, is the ultimate tensile
strength of the connected plate, # is the total number of bolts in
the connection, d is the bolt-hole diameter, and ¢ is the thickness of
the critical plate. This normalization enables standardized
comparisons across various scenarios and conditions, ensuring

Frontiers in Built Environment

more consistent and reliable analyses. This study utilizes three
performance metrics: the RMSE, expressed in terms of the
normalized bearing capacity (Fu./fundt), R?, and a,, index. As
Fona/fundt is dimensionless, the RMSE values reported in this study
are also dimensionless. Table 2 outlines the detailed ranges for each
input parameter, ensuring that the data utilized for the analysis
adheres to the specified limits and criteria.

The distribution and coverage of the dataset were examined
using the scatterplot matrix shown in Figure 3, which reports
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FIGURE 2
Input parameters (Zakir et al., 2022).

histograms of each variable on the diagonal and pairwise scatter
plots off the diagonal. The plots indicate that all input features and
the normalized bearing capacity span a broad portion of their
admissible ranges, with no single narrow interval dominating the
sample. While some clustering is visible at practically preferred
detailing values (e.g., discrete levels of pitch and bolt rows), the
observations are well spread across the joint feature space. In
addition, all models are trained and assessed using 10-fold cross-
validation with random shuffling, ensuring that each fold contains a
representative mix of the feature ranges and reducing the risk of
biased performance due to data imbalance.

The range and distribution spread of each variable were
examined to assess their variability across the dataset and to
critically evaluate the coverage of the input space. This analysis
confirmed that the data span a broad and continuous range of values
for each input parameter. To further validate the representativeness
of the dataset, a sensitivity analysis was conducted to identify and
evaluate the most influential input parameters (Sarir et al., 2021b).

TABLE 2 Statistical attributes of dataset.

10.3389/fbuil.2026.1753382

Our variance-based global sensitivity analysis revealed balanced
contributions from all input variables, supporting the conclusion
of comprehensive data coverage. Moreover, interpretability
techniques such as PDPs and ALEs demonstrated smooth and
interpretable relationships across the entire domain of each
variable, indicating that the model had sufficient data to learn
from throughout the feature space. These insights confirm the
robustness of the dataset and its suitability for training predictive
ML models.

A correlation matrix was created to gain a deeper understanding
of the relationships and interactions among the input parameters, as
shown in Figure 4. Each correlation coefficient within the matrix
represents the strength of the interaction between two parameters,
providing insight into their interdependencies. The analysis revealed
several noteworthy associations. A strong correlation coefficient of
0.84 was identified between the number of bolt rows and the
normalized pitch parallel to loading, indicating that an increase
in the number of bolt rows tends to correspond with an increase in
the pitch parallel to loading. A moderate correlation of 0.46 was
found between the number of bolt rows and the normalized edge
distance, suggesting a moderate relationship where changes in the
number of bolt rows can influence the edge distance to some extent.
A correlation of 0.44 was observed between the normalized pitch
parallel to loading and the normalized edge distance, indicating a
moderate relationship where changes in one may affect the other.
No significant correlations were found for the other parameters,
suggesting that they exhibit independent behaviour and make
distinct contributions to the system being studied.

5.1 Preprocessing and hyperparameters
fine-tuning

Effective ML model development requires rigorous data
preprocessing and systematic hyperparameter tuning to ensure
robust and generalizable performance. In this study, all input
features were normalized with respect to the bolt diameter d, or
relevant physical properties to ensure comparability across different
test cases and avoid scale-related bias in models sensitive to input
magnitude. Specifically, geometric inputs such as end distance, edge
distance, and pitch dimensions were divided by d, to create
This with
established bearing and shear-out design formulations and

dimensionless  variables. representation  aligns

Attribute Attribute Minimum Maximum Average

Normalized end distance e,/dy 0.8 5 29
Normalized edge distance ey/dy 0.8 7.5 4.15
Normalized pitch parallel to loading pi/dy 0 4 2

Normalized pitch perpendicular to loading paldy 0 8.4 42
Number of bolt rows N, 1 4 2.5
Ultimate to yield stress ratio of the critical steel plate Sulfy 1.04 1.7 1.37
Normalized bearing capacity Foadfundt 0.28 5.44 2.86

Frontiers in Built Environment 09 frontiersin.org


https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://doi.org/10.3389/fbuil.2026.1753382

Kookalani et al.

FIGURE 3
Scatterplot matrix showing empirical distributions.

enables the model to generalise across connections with different
bolt sizes. From a numerical standpoint, using normalized features
mitigates scale-related bias in algorithms that are sensitive to feature
magnitude, improving optimization stability and reducing the risk
that variables with larger numerical ranges dominate the learning
process. If raw, non-normalized geometric dimensions were used
instead, the model would be forced to infer the relevant geometric
ratios implicitly, potentially reducing generalisation quality across
bolt diameters and degrading performance for scale-sensitive
algorithms, without offering a clear advantage in predictive
accuracy. This standardization and
stability across ML algorithms. The dataset compiled from

improves convergence
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443 experimental results was reviewed for completeness. Since
the source data was manually extracted from published studies,
any entries with incomplete feature sets were excluded from analysis
to avoid bias introduced by imputation. As a result, the dataset used
in this study contained no missing values.

Tuning hyperparameters is a crucial process in refining ML
models to achieve optimal performance. It entails modifying the
settings of the model to obtain the best results for a given dataset. A
grid search method is often used for this purpose, where a range of
hyperparameter values is systematically explored to find the
combination that provides the highest performance. 10-fold CV
is incorporated to ensure the selected hyperparameters are reliable
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FIGURE 4
Correlation matrix for input variables.

and to prevent overfitting. In this technique, the dataset is divided
into 10 roughly equal-sized subsets. The model is trained and
evaluated 10 times, with each iteration selecting a different subset
as the validation set while the remaining subsets are used for
training. This approach systematically explored combinations of
hyperparameters and assessed their impact on model performance
across multiple data splits. The robustness of this methodology lies
not only in its breadth of parameter search but also in the multi-
metric evaluation strategy used to determine the best-performing
models. This approach guarantees that the performance of the
model is assessed across various data splits, offering a more
dependable measure of its ability to generalize. For each model
and parameter combination, two primary metrics were computed:
RMSE and R’. Both metrics were computed for each fold, and their
average values across the 10 folds were used to evaluate each
hyperparameter set. The following criteria were applied:

The
minimized the average RMSE across the 10 folds, ensuring

o Primary selection metric: optimal configuration
minimal prediction error.

o Secondary validation metric: The selected configuration was
also required to yield a high average R’, ensuring that the
model not only minimized error but also captured underlying

data structure.
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« Stability criterion: Configurations that exhibited low variance
in RMSE across folds were favored, indicating model
consistency and robustness.

Different models were tuned with specific parameter ranges, and
selections reflected trade-offs between bias and variance. Table 3
presents the optimal hyperparameter values for each ML algorithm,
which were selected based on their ability to maximize predictive
accuracy while balancing bias and variance.

5.2 Sensitivity analysis

The sensitivity indices for the first-order (S;) and total effect (S1)
of the input variables are determined using the regression models, as
shown in Table 4 and Figure 5. These indices illustrate the
contributions of the input variables to the variance of the model
output. It can be seen that the variables e,/d, and e,/d, consistently
show high contributions to the variance of the model, especially for
Si» across most models. The variable fu/fy generally has the lowest
sensitivity indices, indicating a negligible influence on the variance
of the model. The sensitivity of N, varies across models, being
significant in some cases (e.g., for SVR and RF) but less so in others.
The LR and RR models exhibit similar sensitivity patterns, with e;/d,
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TABLE 3 Optimal hyperparameters for f(x).

Model Optimal configuration

LR N/A

RR Alpha = 1

SVR Kernel = RBF, C = 5, degree = 1, epsilon = 0.1

KNN Leaf_size = 20, n_neighbors = 2, p =1

DT Max_depth = 6, min_samples_leaf = 1, min_samples_split = 3, random_state = 2
RF Max_depth = 9, max_features = 3, n_estimators = 100

AdaBoost Learning rate = 1, n_estimators = 1,000, random_state = 0

XGBoost Colsample_bytree = 0.5, learning_rate = 0.1, max_depth = 5, n_estimators = 500
CatBoost Depth = 7, iterations = 500, learning_rate = 0.1

LightGBM Colsample_bytree = 0.9, learning rate = 0.1, max_depth = 8, n_estimators = 1,000

TABLE 4 First-order (S;) and total effect (S7) sensitivity indices for f(x).

Sensitivity index

LR S: 0.355365 0.393051 0.002714 0.017332 0.228118 0.007624 1.004204
Sy 0.354044 0.394288 0.00286 0.017706 0.227382 0.007668 1.003948
RR S: 0.356894 0.395383 0.002182 0.018554 0.224645 0.006471 1.004129
Sy 0.355674 0.39668 0.002312 0.018931 0.223881 0.006512 1.00399
SVR S; 0.059165 0.154455 0.014107 0.149582 0.178913 0.00158 0.557802
Sy 0.307411 0.288294 0.100557 0.495602 0.282168 0.004543 1.478575
KNN S; 0.013174 0.229624 0.038107 0.131202 0.025796 0.002347 0.44025
Sy 0.350931 0.526861 0.219344 0.543754 0.271965 0.023632 1.936487
DT Si 0.104547 0.306555 0.001471 0.000618 0.214867 0.069672 0.69773
Sr 0.27974 0.510827 0.012023 0.024494 0.378748 0.200154 1.405986
RF S 0.321323 0.31375 0.060056 0.118243 0.095438 0.002225 0.911035
Sr 0.379783 0.348437 0.068097 0.151227 0.119505 0.025398 1.092447
AdaBoost Si 0.235724 0.327846 0.026983 0.046607 0.127748 0.00376 0.768668
Sr 0.429271 0.407525 0.046982 0.07014 0.275602 0.026335 1.255855
XGBoost S: 0.336854 0.358612 0.047908 0.012907 0.070186 0.02074 0.847207
Sr 0.407268 0.421556 0.087578 0.021108 0.111595 0.047171 1.096276
CatBoost S: 0.166621 0.273095 0.037458 0.168462 0.062072 0.006087 0.713795
Sr 0.355354 0.339181 0.10215 0.314361 0.138233 0.059549 1.308828
LightGBM S: 0.20592 0.506169 0.015883 0.002926 0.094909 0.010239 0.836046
Sr 0.333635 0.600722 0.031425 0.020936 0.143146 0.030892 1.160756
and e,/d, contributing the most to the output variance (S; =  highlights strong contributions from e,/d,, e,/d,, and interactions

0.35-0.39). For the SVR model, sensitivity indices are more  among other variables (Sy= 1.1). For the AdaBoost model, variables
evenly distributed among variables, with p,/dy and N, showing  e;/dy and e,/d, dominate both S; and S;. XGBoost, CatBoost, and
significant contributions. In KNN, S; indicates high combined  LightGBM generally show high interaction effects, with Sr often
interactions (St values exceed 1.9). DT shows relatively even  exceeding 1. The e,/d, variable consistently has the highest impact.
sensitivity, with moderate values for e;/d, and ey/d,. RF  The total variance contribution for first-order indices (}'S;) is less
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FIGURE 5
Sensitivity analysis of f(x): (a) First-order; (b) Total-effect.

than or close to 1 in most cases, indicating that individual variables
largely explain the model variance. For total effects (} Sy), values
exceed 1 for certain models (e.g., KNN, LightGBM), suggesting
significant interaction effects among the input variables.

In general, this SA is essential for identifying critical inputs and
their interactions, guiding feature selection or model improvement
strategies. The consistently high indices of e,/d, and e,/d, confirm
them as primary design drivers, which can therefore be prioritised in
the analyses. By contrast, the systematically low first-order and total-
effect indices of p;/d, indicate that it is a secondary descriptor; it can
be fixed or omitted in simplified surrogate models with limited
expected impact on predictive performance, although it is retained
here for physical completeness. From a model-development
standpoint, the pronounced gaps between S; and Sy for KNN,
RF, XGBoost, CatBoost, and LightGBM confirm the presence of
strong interaction effects, justifying the adoption of tree-based
ensemble models that can capture higher-order interactions and
guiding both the selection of CatBoost as the final surrogate and the
design of the two-variable contour analyses.

5.3 Regression model

Figure 6 presents a set of regression plots comparing predicted
and measured values across different ML models. Each subfigure
contains four plots:

a. Histogram of Residuals: Displays the distribution of residuals
(measured-predicted), showing the error spread;

b. Residuals vs. Predicted Values: A scatterplot highlighting how

residuals vary across the predicted range. Red and blue points

distinguish between two datasets or conditions;

. Predicted vs. Measured Scatterplot: A scatterplot comparing
predicted values against actual measured values, with a
diagonal line (y = x) as a reference for perfect predictions;

. Histogram of Predictions: Displays the distribution of

predicted values in relation to the actual measured range.

The diagonal line in the predicted vs. measured scatterplot
serves as a reference to evaluate prediction accuracy. Points
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closer to the line indicate better performance. The spread in the
residuals vs. predicted values plot reveals whether the model has
systematic bias (e.g., over- or under-prediction for certain ranges).
Differences in the residual and prediction histograms reflect
variations in model accuracy and distribution alignment. The
figure highlights how different models behave in terms of
prediction accuracy, bias, and variance. Color coding (e.g., red
and blue points) differentiates between subsets of data or
categories, indicating performance consistency across different
data types.

From visual inspection, XGBoost, CatBoost, and LightGBM
appear to perform better. The residual histograms for these
models are narrower and more centred around 0 compared to
others. In the residual vs. predicted plots, no clear patterns or
trends are visible, indicating reduced systematic error. The
scatterplot of predicted vs. measured values shows that points are
closer to the diagonal line, reflecting better prediction accuracy. LR
and KNN seem to perform the worst, as they have wider residual
distributions and systematic patterns in the residuals vs. predicted
plots, suggesting poorer performance.

In general, XGBoost, CatBoost, and Light GBM leverage gradient
boosting techniques, which combine the strengths of multiple weak
learners (e.g., decision trees) to iteratively minimize error. When
properly tuned, these models are robust to overfitting and effectively
handle complex relationships and interactions within the data. In
contrast, simpler models like LR or KNN may fail to capture non-
linear relationships or interactions, leading to poorer performance.

In conclusion, the gradient boosting models (XGBoost,
CatBoost, and LightGBM) perform better due to their superior
ability to capture complex patterns, resulting in tighter residual
distributions, minimal bias, and high alignment between predicted
and measured values.

Figure 7 shows Taylor Diagrams used to evaluate and compare
the performance of different ML models during (a) the training
phase and (b) the testing phase. Taylor diagrams provide a concise
summary of how well a model matches observations by plotting
three statistics simultaneously:

o Standard Deviation (horizontal axis): This indicates the
variability of the predicted data relative to the observed
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FIGURE 6
Regression plot of f(x): (a) LR; (b) RR; (c) SVR; (d) KNN; (e) DT; (f) RF; (g) AdaBoost; (h) XGBoost; (i) CatBoost; (j) LightGBM.
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FIGURE 7
Taylor Diagram of ML models: (a) training; (b) testing.

data. Ideally, the standard deviation of the model (represented
by the markers) should be close to that of the reference
(red star).

Correlation Coefficient (curved axis): This measures the linear

relationship between predicted and observed data. Values
closer to 1 indicate a strong correlation (good agreement
between predicted and observed).

Cantered Root Mean Square Error (CRMSE) (distance from
the red star): This represents the overall error magnitude
between predicted and observed data, excluding bias.

Smaller distances imply better performance.

Figure 7a shows the training phase. Most models cluster near the
reference, indicating high correlation and standard deviation close
to the reference during training. Certain models, such as XGBoost
and LightGBM, performed better by showing higher correlation and
smaller CRMSE compared to others. Figure 7b presents the testing
phase. The models show more variation in their correlation and
standard deviation compared to the training phase. The scatter
suggests that some models generalize better to unseen data (higher
correlation and smaller CRMSE), while others may overfit the
training data. It can be seen that the CatBoost model
outperforms the others, as it maintains relatively high correlation
coefficients compared to the other models, indicating good
generalization on unseen data. Its standard deviation remains
closer to the reference compared to the other models, and its
CRMSE value (distance to the red star) is smaller than those of
the other models, suggesting lower prediction errors on the
testing data.

Table 5 evaluates the performance of various ML-based
regression models for predicting flx). The metrics used to
compare the models are Average R’, Average RMSE, and ay
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TABLE 5 Performance of ML based regression models for f(x) prediction.

Regression method Average R? Average
RMSE

LR 0.286 0.554 0511
RR 0320 0556 0511
SVR 0.686 0362 0.496
KNN 0.685 0.360 0.759
DT 0320 0.526 0.805

RF 0.703 0363 0.827
AdaBoost 0.522 0.454 0.617
XGBoost 0.688 0.359 0.857
CatBoost 0.711 0.359 0.872
LightGBM 0573 0393 0.835

Bold values indicate the best performance.

index. Both LR and RR have low R? values (~0.286-0.320),
indicating poor explanatory power. The RMSE is relatively high
(0.554-0.556), suggesting less accurate predictions. Both SVR and
KNN show significantly higher R* values (~0.685-0.686), indicating
better predictive accuracy. KNN has the lowest RMSE (0.334),
suggesting it provides the most precise predictions among the
models. DT presents moderate performance with R*> = 0.320,
RMSE = 0.526, and ao = 0.805. RF shows better performance
(R* = 0.703, RMSE = 0.363, and a,, = 0.827). CatBoost has the
highest R* (0.711), showing the best explanatory power among all
models. XGBoost and CatBoost have relatively low RMSE values
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FIGURE 8
CatBoost feature importance.

(0.359), indicating good predictive precision. AdaBoost and
LightGBM perform moderately, with lower R*> values and higher
RMSE compared to CatBoost and XGBoost. As a result, CatBoost
has the highest R* (0.711), indicating it explains the target variable
variance the best.

Among all models, the CatBoost model achieves the highest
average R* and one of the lowest RMSE values. Given that the
normalised bearing capacity ranges from 0.28 to 5.44 with an
average of 2.86, this RMSE corresponds to an error of
approximately 12%-13% of the mean response and about 7% of
the full range. Furthermore, the a,, index of 0.872 indicates that
around 87% of predictions lie within +20% of the experimental
values. Although this does not eliminate variability, it represents a
substantial improvement over simple linear models and is
comparable to the scatter typically observed between design-code
predictions and test results for bolted connections. On this basis,
CatBoost is selected as the reference surrogate model for the
interpretability and parametric analyses in the following sections,
with the understanding that it is intended as a complementary, not
stand-alone, design tool.

6 Interpretable methods

Figure 8 displays the feature importance derived from a
CatBoost model. The bar chart shows the relative importance of
features, ranked in descending order of their contribution to model
predictions. The features and their corresponding relative

importance values are as follows:
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o ¢;/dy: The most important feature, with the highest relative
importance of approximately 35%.

« e/dy: The second most important feature, slightly lower than
e1/dy, with a relative importance of around 30%.

N,: The third feature, with a relative importance close to 20%.

o pi/dy: A moderately significant feature, with a relative
importance of about 10%.

o fulfy: A less

importance around 9%.

significant feature, with a relative
o po/dy: The least significant feature, with a relative importance

of about 8%.

The chart effectively highlights the varying contributions of
these features, helping to identify which factors most strongly
influence the performance of the model. This insight can guide
further analysis or refinement of the predictive model.

6.1 Partial dependence plot

PDPs illustrate the relationship between a specific feature and the
predicted outcome of a ML model, while keeping all other features
fixed, as shown in Figure 9. Each subplot corresponds to a different
input variable affecting the output of the model. The x-axis represents
the values of the specific input variables, and the y-axis represents the
Partial Dependence, or how the predictions of the model vary with
changes in that specific variable. The black ticks indicate the distribution
of data points (or unique values) for that variable in the training dataset.
Denser areas suggest more frequent values in the data.
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FIGURE 9
PDP of input variables for f(x).

The observations for each variable are as follows:

e;/dy: Partial dependence increases almost monotonically,

indicating a positive relationship between e;/d, and the

model output.

o ey/dy: A general upward trend is observed, although there are
some fluctuations, suggesting a positive but slightly nonlinear
relationship.

o pi/dy: A U-shaped relationship appears, indicating that
intermediate values might negatively impact the prediction,
while both higher and lower values increase the model output.

o po/dy: A similar U-shape is observed, but with less fluctuation
compared to p;/dy, as indicated by the smaller vertical range of
the partial dependence values.

o N,: The dependence decreases linearly, suggesting a strong
negative relationship with the output.

o fulfy: The relationship is irregular, with fluctuations indicating

a complex interaction with the output variable.

Variables like N, and e,/d, seem to have clearer trends, while fu/
fy might require further investigation due to its variability.

6.2 Accumulated local effects

ALE represents the average effect of the input variable on the
prediction of the model, accounting for interactions with other
variables, as shown in Figure 10. Positive ALE values suggest that the
variable contributes positively to the prediction, while negative ALE
values indicate a negative contribution. The x-axis represents the
range of the respective input variable, normalized between 0 and 1.

Frontiers in Built Environment

17

10.3389/fbuil.2026.1753382

Each plot corresponds to the effect of a specific input variable on
the predictions of the model:

o e;/dy: Shows a positive correlation; as e;/d, increases, the ALE
increases significantly, indicating a strong positive effect.

o ey/dy:  Exhibits non-linear  fluctuations,  suggesting
complex behaviour.
o pi/dy: Displays a moderate upward trend with a

dip around 0.5.

o po/dy: Shows a U-shaped curve, indicating a decrease in ALE
up to a certain point, followed by an increase.

« N,: Displays a negative slope, indicating that N, contributes
negatively to the prediction.

o fulfy: The ALE increases rapidly at lower values and then
stabilizes, suggesting a diminishing positive effect.

Tick marks on the x-axis represent the distribution of data
points for the respective variable, indicating where the model is well-
supported by data.

6.3 Shapley additive explanations

Figure 11a presents the SHAP summary plot, where each point
corresponds to a Shapley value associated with a specific parameter.
The plot arranges samples into rows, each containing an equal
number. The Shapley values are plotted along the x-axis, while the
input variables are listed on the y-axis in order of importance, with
the most significant ones at the top. Samples with identical SHAP
values for a factor are spread horizontally. The variable values are
color-coded, with high values in red and low values in blue. Red
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FIGURE 10
ALE of input variables for f(x).

indicates values that increase the SHAP score and the
associated estimate.

The data suggests that increasing the normalized pitch
perpendicular to loading and the number of bolt rows leads to
a decrease in the SHAP value, and thus a reduction in the
the

normalized end distance, normalized edge distance, or the

normalized bearing capacity. Conversely, increasing
ultimate-to-yield stress ratio of the critical steel plate results in
an increase in the normalized bearing capacity. Figure 11a ensures
an even distribution of points across the rows. In Figure 11b, the
global significance factor is represented by the average absolute
SHAP value for each factor. SHAP analysis identifies normalized
end distance and edge distance as the most significant factors,
aligning with the variable importance results from the
CatBoost model.

Figure 12 presents the SHAP dependence graph through scatter
plots that show the SHAP value of one parameter against others. The
colours in the graph signify how interactions with different variables
affect the values on the horizontal axis, with many of these
interactions being non-linear. In Figure 12a, the SHAP values
increase as e;/d, increases, indicating that higher values of e;/d,
have a more positive contribution to the predictions of the model.
The colour gradient represents N,, where higher N, values tend to
amplify the impact of e;/dy on the predictions. In Figure 12b, the
SHAP values generally increase as e,/d, increases, although the
relationship appears to level off or saturate at higher values. The
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colour gradient corresponds to e;/dy, showing that lower values of
e1/dy are associated with smaller SHAP contributions, while higher
e1/dy amplifies the SHAP values for e,/d,. In Figure 12¢, for most of
the range of p,/d,, the SHAP values are clustered near zero, but there
is an increasing trend at higher p,/d, values, indicating a positive
contribution to predictions. The colour gradient for e,/d, shows that
higher e;/d, values correspond to more positive SHAP values,
suggesting an interaction between p,/d, and e;/d,.

In Figure 12d, the SHAP values are distributed across a wide
range, with noticeable clusters, suggesting non-linear relationships.
There are regions where p,/d, has little to no effect (SHAP values
near zero) and others where it contributes positively or negatively.
The feature e;/d, interacts with p,/d,, with higher e;/d, amplifying
the SHAP values. In Figure 12e, the SHAP values exhibit a slight
overall decreasing trend with N,, indicating that larger N, values
generally contribute negatively to the predicted normalized bearing
capacity. The colour gradient for e;/d, further shows that this
negative influence is more pronounced for lower e;/d; and can
be partially mitigated when e,/d, is large. In Figure 12f, the SHAP
values are scattered without a strong linear trend, indicating a
complex or weak relationship between fu/fy and the predictions
of the model. Certain clusters show positive or negative
contributions. The colour bar for p,/d, suggests that the
interaction between fu/fy and p,/d, is significant, with higher p,/
dp values leading to more pronounced positive or negative SHAP
contributions.
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FIGURE 11
SHAP plots: (a) Shapley value; (b) Global importance factor.

In general, the behaviour of SHAP values indicates that e;/d, and
e,/dy have the strongest and most consistent positive impact on
predictions. Features like p,/d, and fu/fy exhibit non-linear or
scattered relationships, implying complex interactions within the
model. The colour gradients (interaction effects) reveal secondary
relationships between the displayed feature and auxiliary features,
emphasizing the multi-feature dynamics of the model.

Figure 13 shows a SHAP force plot, which visualizes how
individual feature values influence the prediction of the model.
The plot represents how different input variables contribute to
pushing the prediction away from its base value (the expected
value of the model output across the dataset). The red section
represents features that push the prediction higher. The blue
section represents features that push the prediction lower. The
grey vertical line in the middle indicates the base value of the
prediction. 1.73 is the expected value of the model output before
considering the influence of individual feature values. Features
shown in red, including fu/fy, p,/do, N,, ex/dy, increase the output
from the base value. Features shown in blue, including el/
d0 decrease the output from the base value. In general, the
feature interpretations are as follows:
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o fulfy = 0.8485: A feature that pushes the output upwards.

o N, = 0.3333: Also contributes positively.

o po/dy = 0: Has a small or neutral effect.

o Py/dy = 0.55: provides a positive contribution.

o e/dy = 1: Significantly increases the output.

o ¢/dy = 0.04762: The only feature that pulls the model
output lower.

Figure 14 presents a SHAP decision plot. The order of features
on the y-axis suggests their relative importance. Higher-ranked
features, such as e;/dy, e,/dy, have a larger overall impact on the
output. Features lower on the axis, such as p;/dy, contribute less
overall, indicating they may be less influential. The blue-to-red
gradient shows how feature values relate to their SHAP impact.
For e,/d,, higher values (red) mostly result in positive SHAP
values, meaning high e;/d, pushes the output of the model to
increase. For e,/d,, similarly, higher values tend to have a positive
SHAP impact, but some variability suggests a non-linear
relationship. Low feature values (blue) generally have a
negative or neutral SHAP impact, pulling the output lower.
Features like p,/d, and N, show tightly clustered SHAP values
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FIGURE 12

SHAP partial dependence plots: (a) e1/d0-Nr; (b) e2/d0-el/d0; (c) pl/d0-el/dO; (d) p2/d0-el/dO; (e) Nr-el/dO; (f) fu/fy-p2/d0.

FIGURE 13
SHAP force plot.

around 0. This could mean their contributions are smaller and
more uniform across the dataset. Conversely, features like e;/d,
have a wider spread, indicating a more variable contribution to
the output. In SHAP plots, overlapping colours and values suggest
potential feature interactions. For example, the spread in N, and
fulfy might indicate interactions with other features, where their

Frontiers in Built Environment

SHAP values depend on the presence of other variables. The
model output appears to centre near 2, suggesting that for most
samples, predictions are not strongly influenced (in either
positive or negative directions) by individual features. Features
like e;/dy and e,/d, have notable impacts, pulling the output above
or below this centre.
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FIGURE 14
SHAP decision plot.

FIGURE 15
SHAP waterfall plot.

Figure 15 shows a SHAP waterfall plot, which is commonly used
to explain the contribution of different input variables to a ML
prediction for a single instance. The top-left part of the plot states
flx) = 1.729, which is the predicted output for the given instance. The
bottom label shows E [{X)] = 1.751, which represents the expected
prediction across all instances in the dataset. The largest impact
comes from e;/dy, which decreases the prediction by 0.53. The
second major factor is e,/dp, which increases the prediction by 0.37.
Smaller contributions are made by p,/d, (+0.07), N, (+0.03), fu/fy
(+0.03), and p,/d, (+0.01).

6.4 Parametric study
Figure 16 shows a series of contour plots that represent the

output of a two-variable exponential decay function. Each subplot

Frontiers in Built Environment

21

10.3389/fbuil.2026.1753382

displays the relationship between two input variables (on the axis)
and the corresponding output of the decay function (indicated by
the contour levels and the colour gradient). The x- and y-axis in each
subplot represent different parameter pairs or input variables. Each
subplot investigates how these variable pairs interact and influence
the output of the function. The contour lines connect points of equal
output values, providing a visual representation of the decay
behaviour. The colour map indicates the magnitude of the
output, where typically:

« Red shades signify higher output values.
o Blue shades signify lower output values.

The objective is likely to analyse and fit a two-variable

exponential decay model to some data. The plots help visualize
how different parameter combinations affect the output, which may
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FIGURE 16
Two-variable exponential decay fit of output function: (a) e1/d0-e2/d0; (b) e1/d0-p1/dO; (c) e1/d0-p2/dO; (d) e1/d0-Nr; (e) el/dO-fu/fy; (f) e2/d0-
p1/d0; (g) e2/d0-p2/d0; (h) e2/d0-Nr; (i) e2/d0-fu/fy; (j) p1/d0-p2/d0; (k) p1/d0-Nr; () p1/p0-fu/fy; (m) p2/d0-Nr; (n) p2/d0-fu/fy; (o) Nr-fu/fy.
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be useful for identifying trends, dependencies, or sensitivity of the
function to specific variables. Peaks (red areas) and troughs (blue
areas) in the contour plots highlight regions of high and low output
values, respectively. Smooth transitions or sharp gradients in colour
and contour lines indicate the rate of change in the output with
respect to changes in the input variables.

Figure 16a illustrates the relationship between the parameters e,/
dy, e>/dy, and the normalized variable F,,./f,ndt. As e;/dy and e,/d,
increase, Fp,./f,ndt also increases, indicating a direct correlation
between these variables. The gradient of the contour lines suggests a
nonlinear interaction, with a steeper increase in Fy../f,ndt for
higher values of e,/d,. Figure 16b represents the variation of the
parameter Fp../f,ndt with respect to e;/dy and p,/d,. The contours
show that F,,./f,ndt increases as both e;/d, and p,/d, increase, with
a steeper gradient in regions of higher e,/d,. The behaviour suggests
a nonlinear relationship, where changes in p,/d, influence F,,,./
fundt more strongly for larger e,/d, values. Figure 16¢ illustrates the
relationship between two normalized parameters, e;/dy and p,/do,
and their influence on the response parameter F,,,./f,ndt. As e;/d,
increases, the response parameter F,./f,ndt grows significantly,
particularly for higher values of p,/d,. The behaviour suggests a
nonlinear dependency, with a steep gradient for lower e,/d,
transitioning to a smoother variation at higher values.

Figure 16d shows that the variable F,,../f,ndt increases with
both e;/d, and N,, indicating a direct relationship between these
parameters and the maximum normalized force. The gradient is
steeper along the e,/d, axis compared to the N, axis, suggesting that
e1/dy has a more significant influence on Fp,./f,ndt. Regions with
higher F,./f,ndt values are concentrated towards the top-right
corner, emphasizing the combined effect of high e;/d, and N..
Figure 16e displays the relationship between the parameters e;/do,
fulfy, and the normalized value F,,./f,ndt. As e,/d, increases, F,,x/
fundt generally rises, indicating a strong dependency on this ratio.
Similarly, higher values of fu/fy correspond to increased F,,/f,ndt,
showcasing its influence on the performance of the system.
Figure 16f shows the parametric relationship between the
variables p,/dy, e/dyp, and Fp./f,ndt, represented as contour
levels. The behaviour indicates that as e,/d, and p,/d, increase,
Foax/fundt rises steadily, transitioning from lower values to higher
values. The gradient suggests a nonlinear correlation, where Fy,../
f.ndt is more sensitive to changes in e,/d, at higher values of p,/d.

Figure 16g shows that as e,/dy and p,/d, increase, F,/f,ndt
generally increases, suggesting a direct influence of these parameters
on the force ratio. The steep gradients at lower values of e,/d, and p,/
dy indicate higher sensitivity of F../f,ndt to changes in these
regions. Figure 16h illustrates that as e,/dy and N, increase, the
value of Fy,.x/f,ndt rises, transitioning from blue (low values) to red
(high values), indicating a strong positive correlation. The plot
reveals that F,,../f,ndt grows more rapidly at higher values of
both e,/dy and N,, suggesting nonlinear behaviour in this region.
Figure 16i shows that as e,/d, increases, the normalized Fy.x/f,ndt
also increases significantly, indicating a stronger structural response
with higher ratios of eccentricity to diameter. Similarly, higher
values of fu/fy correlate with increased Fp,./f,ndt, suggesting that
higher ultimate-to-yield strength ratios lead to improved maximum
force response.

Figure 16j indicates a sharp transition from higher values to
lower values as p,/d, increases beyond a threshold, particularly at
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lower p,/d, values. The behaviour stabilizes at consistently lower
values for larger p,/d, and p,/d,, suggesting diminishing sensitivity
in these regions. Figure 16k shows that as p;/d, and N, increase, the
value of F,./f,ndt generally increases, transitioning from blue to
red regions. The gradient patterns suggest a nonlinear interaction
where both parameters significantly influence the outcome, with
higher values concentrated in the upper-right corner. Figure 16l
shows that the highest values (F,,./f,ndt = 1.8) occur at very low
values of p;/d, and slightly higher fu/fy values, suggesting sensitivity
to these parameters. As pi/dy increases, Fp../f,ndt decreases
significantly, indicating reduced structural performance in
these regions.

Figure 16m indicates that the feature F,,/f,ndt shows a
significant gradient along the p,/d, axis near zero, with values
exceeding 2, indicating sensitivity to changes in p,/d, at lower
values. Beyond a certain threshold of p,/dy, Fiax/fundt stabilizes
around 1 for most of the N, range, suggesting a reduced influence of
P2/dy at higher values. Figure 16n shows that the strong gradient
near p,/d, = 0 suggests significant sensitivity in this region, with the
ratio Fpay/f,ndt increasing rapidly. For larger values of p,/d,, the
ratio stabilizes, and fu/fy appears to have a weaker influence overall,
with the region dominated by a uniform lower value. Figure 160
shows that as N, increases, F../f,ndt decreases, indicating an
inverse relationship. Similarly, as fu/fy increases, Fp,./f,ndt also
increases, suggesting a direct relationship between these parameters.

6.5 Design implications

From a practical design standpoint, the interpretable CatBoost
model and the associated interpretability methods provide several
qualitative recommendations for detailing double-shear, bearing-type
bolted connections within the investigated domain. First, the contour
plots confirm that increasing the normalized end and edge distances
systematically enhances the normalized bearing capacity, with the
highest values concentrated in regions where both ratios are
simultaneously large. This observation highlights the benefit of
providing end and edge distances that exceed minimum code
requirements rather than merely satisfying them. Second, the
transverse pitch ratio should not be selected too small: the
response surfaces show a steep increase in normalized bearing
capacity as the transverse pitch ratio increases from very low
values, followed by a plateau at moderate spacings. This indicates
that excessively tight transverse spacing should be avoided, while very
large transverse pitch ratios offer limited additional benefit. Third, the
longitudinal pitch ratio exhibits a non-monotonic influence.
Relatively small longitudinal pitch ratios, when combined with
yield the highest
capacities, whereas excessively large longitudinal pitch ratios lead

suitable material properties, normalized
to a marked reduction in normalized bearing capacity. Finally, the
effect of the number of bolt rows is secondary to, and interacts with,
the geometric parameters: increasing the number of bolt rows can be
beneficial when accompanied by sufficient end and edge distances
and appropriate pitch values, but it does not guarantee higher
normalized capacity on its own. These insights are intended as
qualitative guidance to support detailing decisions and rapid
design exploration using the proposed ML model. They remain
constrained by the range of geometries and material properties
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represented in the experimental dataset and should be applied in
conjunction with existing code provisions and checks for other
governing failure modes.

7 Conclusion

This study investigated the application of ML techniques to
predict the bearing capacity of double shear-bolted connections in
structural steel, an area of critical importance for ensuring safety and
efficiency in engineering design. Leveraging a dataset of
443 experimental results, 10 ML algorithms, including LR, RR,
SVR, KNN, DT, RF, and advanced gradient boosting models,
were systematically trained, validated, and assessed. Among these,
CatBoost emerged as the most robust performer, achieving high
predictive accuracy while maintaining interpretability, a key
requirement for practical engineering applications.

Key findings from this research emphasize the pivotal roles of
normalized end distance (e;/d,) and edge distance (e,/d,) as primary
factors influencing the normalized bearing capacity (Fpa/f,ndt).
This conclusion was consistently supported across various
interpretability frameworks, such as PDP, ALE, and SHAP. These
methods provided a transparent and nuanced understanding of the
ML models, highlighting their decision-making processes and the
complex, nonlinear interactions between critical input variables. The
findings also revealed significant contributions from the number of
bolt rows (N,) and pitch distances (p,/dy, p,/dp), reinforcing their
importance in multi-bolt connection design.

The research not only demonstrated the effectiveness of ML in
addressing the complexity of bearing capacity predictions but also
showcased the value of integrating interpretable models into
structural engineering workflows. This approach bridges the gap
between black-box ML models and the engineering need for
actionable and explainable results by offering clear insights into
how key parameters influence predictions. This transparency is
vital for fostering trust and adoption of ML-driven design
methodologies in structural engineering.

Despite these advances, the study has limitations that present
opportunities for future research. It is important to emphasise that,
despite the relatively good performance of the CatBoost model, the
remaining scatter is non-negligible for safety-critical applications.
The present model is therefore not proposed as a direct replacement
for codified design equations, but rather as a complementary tool for
parametric exploration, preliminary assessment, and insight
generation. Any future deployment of such models as part of
formal design checks would require a dedicated reliability-based
calibration, including the derivation of suitable resistance factors or
safety margins that explicitly account for model uncertainty.

In addition, the reliance on experimental datasets, while
providing valuable insights, may introduce biases due to
variability in test setups and conditions. Expanding the dataset
with more diverse scenarios and material properties, including
high-strength and composite steels, could enhance the
generalizability of the models. Furthermore, future exploration
involves the integration of physics-informed constraints or
hybrid modeling approaches that combine data-driven learning
with mechanics-based principles. However, implementing such
models presents

notable challenges. Accurately embedding
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physical laws, such as equilibrium conditions or constitutive
relationships, into ML architectures requires careful formulation
and often domain-specific customization. Additionally, while this
study focused on double shear-bolted connections, future work
could explore ML-driven predictions for other connection
configurations, such as single shear, staggered, or multi-row bolt
arrangements, under varying loading conditions.

Moreover, high-fidelity FEA calibrated against the existing tests
could be employed to generate synthetic data and enrich the coverage
of the parameter space (e.g., larger bolt patterns, alternative plate
thicknesses, or rarely tested combinations of end distance, edge
distance, and pitch). Such a hybrid experimental-numerical dataset
would enable more robust training, facilitate reliability-based
calibration of the surrogate model, and ultimately support safer
and more comprehensive design recommendations. Furthermore,
exploring dynamic loading and fatigue conditions could extend the
applicability of ML frameworks to broader engineering challenges. A
natural next step will be to embed the proposed interpretable ML
model into BIM- and IFC-based design environments and
operational digital twins, to empirically validate the end-to-end
workflow from automated geometry extraction to real-time
connection assessment in practical projects.

In conclusion, this research underscores the transformative
potential of ML in advancing structural design and analysis. ML
enables more data-driven, efficient, and reliable engineering
practices by enhancing prediction accuracy and interpretability.
The integration of these methods into industrial workflows not
only optimizes design processes but also promotes sustainability,
safety, and innovation in structural engineering. This study serves as
a foundation for further exploration into the intersection of ML and
engineering, aiming to develop adaptable, intelligent tools for the
next-generation of structural systems.
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