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A B S T R A C T 

The structural performance of steel pallet rack systems is largely governed by the 

rotational behavior of beam-to-upright connections. Although design practice often 

idealizes these joints as rigid or pinned, experimental evidence shows that most ex-

hibit a semi-rigid response. Realistic structural analysis therefore requires a reliable 

estimate of the initial rotational stiffness, k0, which controls the moment–rotation re-

lationship and affects internal force distribution and frame stability. This study pro-

poses a data-driven framework for predicting k0 directly from the geometric and me-

chanical properties of uprights, beams, and connectors. The model incorporates key 

sectional parameters and component yield strengths and is trained on a consolidated 

database compiled from experimentally validated literature. A comparative assess-

ment of regression techniques shows that ensemble-based machine-learning models, 

particularly the Extra Trees regressor, provide the highest predictive accuracy. Fea-

ture importance and SHAP analyses indicate that connection stiffness is primarily 

governed by geometric parameters controlling load transfer and deformation mech-

anisms, while material strength plays a secondary role. The proposed approach elim-

inates the need for extensive experimental testing and supports realistic semi-rigid 

modelling and more economical pallet rack design. 
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1. Introduction 

Steel storage rack structures assembled from cold-
formed, thin-walled members are pervasive in ware-
housing and retail logistics owing to their modularity, 
load efficiency, and cost effectiveness. In unbraced 
down-aisle frames, the global lateral response is gov-
erned by the semi‑rigid behavior of beam‑to‑upright 
joints, typically realized through boltless hook‑in 
beam‑end connectors or through bolted “speed‑lock” 
variants. The joint’s moment–rotation (M–θ) relation-
ship and, in particular, the initial rotational stiffness k0 in 
kN·m/rad decisively influence sway stability, second‑or-

der effects, and the reliability of design‑by‑analysis. Rec‑
ognizing the diversity of commercial connector geome-
tries and slot patterns across manufacturers, modern 
specifications endorse experimental characterization via 
standardized cantilever and portal setups to obtain con-
sistent M–θ curves for analysis and design (Prabha et al. 
2010; Mohan and Vishnu 2013; Zhao et al. 2018; Shah et 
al. 2016; Yin et al. 2016; Dai et al. 2018; Ślęczka and 
Kozłowski 2007; Shariati et al. 2018; Mohan et al. 2015; 
Shah et al. 2017). The accumulated experimental litera-
ture demonstrates that stiffness and strength depend 
sensitively on connector detailing and cross‑sectional 
proportions of the participating members. Beam height 
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(hb) and connector height (hc) have been shown to en-
hance rotational stiffness through increased lever arm 
and bearing interface, while the number of tabs (tn) and 
the thicknesses of the upright (tu), beam (tb), and con-
nector (tc) condition the onset of local mechanisms such 
as tab tear‑out, web cracking around perforations, and 
localized/distortional buckling (Prabha et al. 2010; Mo-
han and Vishnu 2013; Zhao et al. 2018; Shah et al. 2016; 
Yin et al. 2016; Dai et al. 2018; Zhao et al. 2014; Yazici et 
al. 2023; Shah et al. 2017). Under cyclic actions, boltless 
joints exhibit strongly pinched hysteresis with progres-
sive stiffness degradation, confirming the semi‑rigid, 
partial‑strength nature of these connections and under‑
scoring the need to model both backbone and reloading 
branches for seismic assessments (Zhao et al. 2018; Dai 
et al. 2018; Mohan et al. 2015). When bolts or welds sup-
plement the hook‑in details, ductility and energy dissipa‑
tion improve markedly, although the increase in k0 is of-
ten moderate once geometry is held constant (Yin et al. 
2016; Dai et al. 2018; Mohan et al. 2015). These findings 
collectively motivate joint models that respect experi-
mentally observed degradation and pinching while pre-
serving a transparent link to measurable geometric and 
material descriptors. 

Test procedures have evolved toward consolidation 
and comparability. Whereas earlier practice admitted 
several alternative fixtures, recent European practice 
emphasizes a single cantilever protocol for stiffness 
identification, facilitating direct comparison of results 
across product lines and laboratories (Prabha et al. 
2010; Mohan and Vishnu 2013; Shariati et al. 2018). Por-
tal frame arrangements remain useful for system‑level 
studies but may obscure idiosyncratic single‑joint re‑
sponses through averaging effects. In parallel, defini-
tional choices for stiffness have attracted attention. The 
initial‑tangent method, the slope‑to‑half‑ultimate 
method, and the equal‑area (energy) method have all 
been deployed in the literature; comparative analyses 
caution that the raw initial tangent may bias k0 upward 
in the presence of measurement noise and early nonlin-
earity, whereas energy‑based estimates tend to be more 
robust across geometries and loading histories (Prabha 
et al. 2010; Mohan and Vishnu 2013; Shah et al. 2016; 
Zhao et al. 2014). The choice of definition has immediate 
implications for both experimental reporting and for val-
idating computational models that seek to reproduce the 
shape of M–θ curves. Mechanistic studies using the com-
ponent method and detailed Finite Element (FE) anal-
yses complement the test evidence and help interpret 
where rotations concentrate. These models decompose 
contributions from tab–slot bearing and shear, con-
nector plate bending, upright web distortion, and con-
tact‑friction interfaces. They also highlight that the in‑
stantaneous rotation center is not stationary but mi-
grates with load progression, modulating the measured 
stiffness and the partitioning of deformations among 
subcomponents (Shah et al. 2016; Santamaria et al. 
2024; Rosli et al. 2025; Yazici et al. 2023). Such insights 
illuminate why apparently similar connectors can yield 
distinct stiffness values once perforation geometry, tab 
spacing, and local plate slenderness differ.  

Despite the maturity of the physical testing and mod-
elling toolbox, there remains a practical challenge at the 

design stage. The space of admissible configurations 
spanning column flange width (w) and height (b), beam 
width (bw) and height (hb), connector height (hc), thick-
nesses (tu, tb, tc), tab number (tn), beam position (bp), 
and material yields of the upright, beam, and connector 
(yu, yb, yc) is combinatorial rich. Exhaustive prototype 
testing or high‑fidelity FE exploration over this space is 
expensive and time‑consuming for each new product 
family (Shah et al. 2016; Santamaria et al. 2024; Rosli et 
al. 2025; Yazici et al. 2023). Moreover, the predictive 
quantity of direct interest for global frame analysis is k0 
at modest rotations, not only ultimate resistance or duc-
tility. Taken together, these considerations motivate 
complementary, data‑driven estimators that map read‑
ily available design‑stage descriptors to k0 while remain-
ing faithful to the patterns established by experiments 
and FE studies (Prabha et al. 2010; Mohan and Vishnu 
2013; Zhao et al. 2018; Shah et al. 2016; Yin et al. 2016; 
Dai et al. 2018; Shah et al. 2015; Zhao et al. 2014; Shariati 
et al. 2018; Mohan et al. 2015; Yazici et al. 2023; Shah et 
al. 2017). Recent rack‑connection studies have begun to 
explore data‑driven prediction in tandem with classical 
mechanics‑based models. Evidence suggests that super‑
vised learning can capture nonlinear interactions among 
geometry, thickness, and yield strength to forecast stiff-
ness and capacity with competitive accuracy relative to 
narrowly targeted test programs or single‑configuration 
FE analyses (Santamaria et al. 2024; Rosli et al. 2025). 
Yet many prior data‑centric efforts rely on restricted fea‑
ture sets often limited to a few geometric quantities such 
as hb, hc, and tu and consequently do not encode 
scale‑free proportions or positional effects that engi‑
neers naturally consider in preliminary design. This lim-
itation motivates the inclusion of mechanics‑informed 
features that reflect invariances and relative scales in-
trinsic to thin‑walled behavior. In particular, dimension‑
less ratios such as bw/w and hb/b convey cross‑sectional 
proportion and lever‑arm effects; tu/tb reflects relative 
plate slenderness and stiffness between the primary 
members; and a normalized beam placement bp/w cap-
tures how eccentricity and bearing geometry influence 
the contact mechanics within the connector‑upright as‑
sembly. When these features are paired with 
yield‑strength descriptors (yu, yb, yc) and subjected to 
input standardization, they provide a more uniform nu-
merical landscape for learning algorithms while preserv-
ing physically interpretable sensitivities that can be 
cross‑checked against experimental trends documented 
in the literature (Prabha et al. 2010; Mohan and Vishnu 
2013; Zhao et al. 2018; Shah et al. 2016; Yin et al. 2016; 
Dai et al. 2018; Zhao et al. 2014; Shariati et al. 2018; Mo-
han et al. 2015; Yazici et al. 2023; Shah et al. 2017). 

In this study, a machine learning framework was de-
veloped by compiling 151 experimental data points from 
15 published studies on beam-to-upright connections. 
Although the dataset is relatively modest for machine 
learning applications, rigorous cross-validation and in-
dependent test evaluation were employed to mitigate 
overfitting. Nevertheless, expanding the database with 
additional experimental results would further improve 
model generalization and robustness. By focusing on key 
section and connection properties reported in the litera-
ture, the predictive models provide rapid and reliable es-
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timation of connector rotational stiffness in beam-to-up-
right joints. This enables researchers and practitioners 
to anticipate connection behavior prior to extensive test-
ing, streamline experimental design, and support code-
based design checks when direct test data are not avail-
able. Beyond predictive capability, the framework high-
lights the most influential parameters governing con-
nector rotational stiffness, thereby allowing practition-
ers in the private sector to design sections more effi-
ciently and enabling academics to plan targeted experi-
mental programs guided by the model’s outputs. In do‑
ing so, the methodology not only reduces the substantial 
costs associated with large-scale testing but also contrib-
utes a novel data-driven pathway for advancing both in-
dustrial applications and academic research on storage 
rack connections. The machine learning (ML) model de-
veloped in this study aims to predict the rotational stiff-
ness of beam–column connections in storage rack sys-
tems. For this purpose, a comprehensive dataset was 
compiled using the section and connection parameters 
together with the corresponding experimentally ob-
tained rotational stiffness values reported in the litera-
ture (Prabha et al. 2010; Mohan and Vishnu 2013; Zhao et 
al. 2018; Shah et al. 2016; Yin et al. 2016; Dai et al. 2018; 
Ślęczka and Kozłowski 2007; Santamaria et al. 2024; Shah 
et al. 2015; Zhao et al. 2014; Shariati et al. 2018; Mohan et 
al. 2015; Rosli et al. 2025; Yazici et al. 2023; Shah et al. 
2017). This dataset was subsequently used in the train-
ing and validation stages of the proposed ML model. 

 

2. Methods 

The present study develops a supervised ma-
chine‑learning model to estimate the initial rotational 
stiffness k0 of beam‑to‑upright connections directly from 
the full suite of design variables available at the concept 
stage, namely w, b, bw, hb, hc, tu, tb, tc, tn, bp, yu, yb, and 
yc. The model is trained on a consolidated database cu-
rated from published experimental and numerical inves-
tigations of boltless and bolted rack joints, including 
monotonic and cyclic programs that characterize back-
bone curves, hysteretic pinching, and stiffness degrada-
tion (Prabha et al. 2010; Mohan and Vishnu 2013; Zhao 
et al. 2018; Shah et al. 2016; Yin et al. 2016; Dai et al. 
2018; Ślęczka and Kozłowski 2007; Zhao et al. 2014; 
Shariati et al. 2018; Mohan et al. 2015; Yazici et al. 2023; 
Shah et al. 2017). Feature engineering leverages me-
chanically motivated, scale‑free ratios (bw/w, hb/b, 
tu/tb) and the normalized placement parameter (bp/w), 
alongside yield‑strength indicators, and inputs are 
standardized to mitigate scale disparities among dimen-
sions, thicknesses, and stresses. The objective is to fur-
nish fast, reproducible k0 estimates suitable for prelimi-
nary design and for global analyses that require realistic 
semi‑rigid joint idealizations, while retaining interpreta‑
bility so that the learned parameter influences can be 
compared against established findings for example, the 
consistent positive association of beam depth and tab 
count with stiffness, and the limited incremental k0 gains 
attributable to speed‑lock bolting under fixed geometry 
(Zhao et al. 2018; Yin et al. 2016; Dai et al. 2018; Zhao et 
al. 2014; Mohan et al. 2015; Shah et al. 2017). 

2.1. Geometric and mechanical parameters of the 
beam-to-upright connection 

The geometric configuration of the investigated beam-
to-upright connection and the associated input parame-
ters are summarized in Fig. 1. The upright cross-section 
is included in this figure, where the flange width (w), 
overall section height (b), and upright thickness (tu) are 
defined. These quantities primarily influence the local 
stiffness of the perforated zone and, consequently, the re-
sistance and deformation patterns developed during tab 
engagement. The beam section is also provided in Fig. 1. 
The beam width (bw), beam height (hb), and beam thick-
ness (tb) are introduced as the principal geometric de-
scriptors of the cold-formed member. Variations in these 
parameters affect the flexural rigidity of the beam and 
contribute to the global moment–rotation response of the 
connection. The connector and tab arrangement are fur-
ther illustrated in Fig. 1, defining the connector height 
(hc), connector thickness (tc), and the number of engaged 
tabs (tn). In boltless rack connections, the tab engage-
ment mechanism governs the dominant deformation 
modes, which typically involve tab bending, localized 
bearing at the upright perforations, and associated local 
distortions. For this reason, the connector geometry and 
the tab number were treated as key parameters within 
the adopted variable set. The assembled configuration is 
likewise presented in Fig. 1, emphasizing the position of 
the beam relative to the upright and connector. The beam 
position (bp) was incorporated to capture its effect on the 
internal force transfer path and the resulting rotational 
response. In addition to geometric descriptors, the mate-
rial response of the connection components was repre-
sented through the yield strengths of the upright (yu), 
beam (yb), and connector (yc). Together with the geomet-
ric parameters defined above, these variables form the 
input space of the predictive models considered in this 
study. The connection rotational stiffness, k₀, was se-
lected as the target output parameter and was deter-
mined in accordance with the procedures specified in EN 
15512 (EN 15512 2022; Yazici et al. 2026; Özkal and 
Yazici 2024). This choice was made to ensure consistency 
across the multi-source database, since the raw initial 
tangent stiffness at the origin is highly sensitive to early 
slip/seating effects and measurement noise, and is not re-
ported in a uniform manner for many published tests. 
The adopted EN 15512 definition provides a standard-
ized and practically relevant stiffness metric for semi-
rigid rack analysis and enables reliable aggregation of re-
sults from heterogeneous experimental programs. 

2.2. Calculation of rotational stiffness for 
 beam-to-upright connections 

In this study, the rotational stiffness (k₀) of boltless 
beam-to-upright connections was determined in strict 
accordance with the experimental procedures specified 
in EN 15512 (EN 15512 2022). This parameter governs 
the semi-rigid response of the joint, for which the load 
transfer mechanism is based solely on the mechanical in-
terlocking of the connector tabs with the perforations of 
the upright (EN 15512 2022; Yazici et al. 2026). The 
bending moment (M) acting on the connection was com-
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puted from the vertical load (F) applied by the hydraulic 
actuator and the lever arm (a), which was kept constant 
at 400 mm from the face of the upright (EN 15512 2022). 
Accordingly, the moment was evaluated as: M = F × a. The 
connection rotation (θ) was obtained from the relative 
horizontal displacements recorded by Linear Variable 
Differential Transformers (LVDTs). For this purpose, 
two LVDTs were attached to the upper part of the con-
nector and one to the lower part (EN 15512 2022; Yazici 
et al. 2026; Özkal and Yazici 2024). The rotation was 
then calculated using: 

𝜃 =
𝛿𝑢𝑝𝑝𝑒𝑟−𝛿𝑙𝑜𝑤𝑒𝑟

𝑑
 (1) 

where δupper and δlower represent the horizontal displace-
ments measured at the upper and lower levels of the 
connector, respectively, and d denotes the vertical gauge 
length between these two measurement points (EN 
15512 2022). The resulting rotation primarily captures 
the deformation of the connector tabs and the local dis-
tortion of the upright perforations, which are associated 
with Failure Mode (EN 15512 2022; Yazici et al. 2026). 
The overall test setup and a typical boltless beam-to-up-
right connection, including the lever arm a, the vertical 
gauge length d, and the positions of the three LVDTs 
used to evaluate the connection rotation, are illustrated 
in Fig. 2.

 

Fig. 1. Geometric parameters of the upright section used in the beam-to-upright connection, geometric parame-
ters of the cold-formed beam section, connector geometry and tab configuration defining the number of engaged 
tabs, and beam-to-upright connection assembly showing the beam position relative to the upright and connector.

The initial rotational stiffness (k₀) was defined as the 
slope of the ascending branch of the moment–rotation 
response (EN 15512 2022). To achieve a definition that 
remains meaningful for the non-linear behavior of semi-
rigid connections, a characteristic moment (Md) was in-
troduced, corresponding to 85% of the ultimate moment 
capacity (Mu) obtained from the tests (Md = 0.85·Mu) (EN 
15512 2022). The rotational stiffness was then evalu-
ated as: k₀ = 1.15·Md / θd; where θd is the rotation meas-
ured at the characteristic moment Md (EN 15512 2022). 
This procedure enables a consistent and robust quantifi-
cation of the initial stiffness of the connections prior to 
the development of pronounced plastic deformations or 
tab fracture (EN 15512 2022). 

2.3. Machine learning methods 

To objectively determine the appropriate number of 
clusters in the PCA-reduced feature space, quantitative 
clustering validity metrics were employed (Pedregosa et 
al. 2011). Because unsupervised clustering lacks prede-
fined labels, the quality of a clustering solution cannot be 
assessed directly and must instead be evaluated through 
internal consistency measures. The use of multiple clus-
tering metrics provides an objective basis for comparing 
alternative partitioning schemes and ensures that the se-
lected clustering configuration reflects meaningful 
structure in the data rather than artefacts of algorithm 
initialization or model complexity. To determine the op-

Upright Connector 

Beam 

tabs 



 Yazici and Dominguez-Gutierrez / Challenge Journal of Structural Mechanics (2026) 12(2) 73–86 77 

 

timal number of clusters in the PCA-reduced feature 
space, several clustering validity metrics were employed 
(Pedregosa et al. 2011; Pilania 2021; Wold et al. 1987). 
These metrics evaluate complementary aspects of cluster-
ing quality and were used jointly to avoid bias associated 
with reliance on a single criterion. The silhouette score 
was used to quantify the consistency of cluster assign-
ments by comparing the average intra-cluster distance of 
each sample with its nearest inter-cluster distance (Sha-
hapure 2020; Shahapure and Nicholas 2020). For a given 
clustering solution, the silhouette score ranges from −1 to 
1, with higher values indicating better-defined and more 
clearly separated clusters (Pedregosa et al. 2011; Pilania 

2021). The elbow method, based on the within-cluster 
sum of squares (inertia), was applied to assess the reduc-
tion in variance achieved by increasing the number of 
clusters (Shi et al. 2021; Arbelaitz et al. 2013). As inertia 
decreases monotonically with increasing cluster number, 
the optimal solution is identified at the point where fur-
ther increases in cluster count lead to diminishing reduc-
tions in inertia. In addition, the Calinski–Harabasz index 
was computed to evaluate the ratio of between-cluster 
dispersion to within-cluster dispersion (Calinski and 
Harabasz 1974; Ikotun et al. 2025). Higher values of this 
index indicate clustering solutions characterized by com-
pact clusters that are well separated from each other.

 

Fig. 2. Schematic test setup showing the boltless beam-to-upright connection,  
lever arm a, gauge length d, and LVDT positions.

An initial exploratory analysis was carried out to 
characterize the statistical structure of the dataset and to 
support the subsequent development of regression-based 
machine learning models. The distributions of all input 
parameters were first examined to identify their range, 
dispersion, and potential deviations from normality. This 
step provided insight into the variability of geometric and 
material features and helped assess the suitability of dif-
ferent regression strategies. To investigate relationships 
among variables, a Pearson correlation analysis was per-
formed. The resulting correlation matrix quantified the 
strength and direction of linear dependencies between 
individual features and the target response. This analy-
sis enabled the identification of parameters most 

strongly associated with structural capacity, while also 
revealing limited multicollinearity among inputs. For 
clarity, redundant elements of the correlation matrix 
were omitted. In parallel, scatter plots between each in-
put feature and the target variable were generated to vis-
ually assess nonlinear trends and detect potential outli-
ers. These visual tools highlighted that several relation-
ships cannot be adequately described by simple linear 
models, motivating the use of nonlinear regression tech-
niques. Based on these observations, a range of regres-
sion models with increasing representational capacity 
was evaluated. The models considered include linear re-
gressors, regularized linear methods, kernel-based re-
gressors, and ensemble tree-based approaches. Linear 
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and regularized models provide transparent baselines 
but are limited in their ability to capture complex inter-
actions. In contrast, ensemble methods such as Random 
Forest, Extra Trees, Bagging, Gradient Boosting, and 

XGBoost combine multiple decision trees to model non-
linear behavior and high-order feature interactions 
more effectively (Yazici and Domínguez-Gutiérrez 2025; 
Mammadli et al. 2025; Ren et al. 2019; Rahmaty 2023).

 

Fig. 3. Schematic of the ML-based rotational stiffness prediction problem for beam-to-upright connections.

Ensemble learning methods improve predictive per-
formance by combining the outputs of multiple base 
learners, typically decision trees, to reduce model bias, 
variance, or both. In structural engineering applications, 
these methods are particularly effective for capturing 
nonlinear relationships and complex interactions be-
tween geometric and mechanical parameters that can-
not be represented by single regression models 
(Mammadli et al. 2025; Ullah et al. 2025). Bagging-based 
approaches, such as Random Forest and Bagging Regres-
sor, construct multiple decision trees using bootstrap-
resampled subsets of the training data. By averaging pre-
dictions across independently trained trees, these meth-
ods reduce variance and enhance robustness against 
noise and outliers. Random Forest further introduces 
random feature selection at each split, which decorre-
lates individual trees and improves generalization. 
Boosting-based methods, including Gradient Boosting 
and XGBoost, adopt a sequential learning strategy in 
which successive models are trained to correct the resid-
ual errors of previous ones (Yazici and Domínguez-
Gutiérrez 2025; Ullah et al. 2025). This iterative refine‑
ment allows boosting algorithms to focus on difficult-to-
predict samples and capture subtle nonlinear trends. 
Regularization mechanisms and controlled tree depth 
help mitigate overfitting while maintaining high predic-
tive accuracy. To ensure robust performance assess-
ment, the dataset was divided into training and testing 
subsets, and model evaluation was further supported by 
k-fold cross-validation. All models were implemented 
within a unified machine learning pipeline to ensure 
consistent preprocessing and fair comparison. This sys-
tematic data analysis and visualization stage established 
both the physical relevance of the selected features and 

the methodological foundation for reliable regression 
modelling. To guide the reader through the overall ap-
proach, the general workflow of the proposed frame-
work is summarized in Fig. 3. 

3. Results 

Fig. 4 presents the Pearson correlation matrix of the 
geometric and mechanical input parameters. The matrix 
provides a quantitative overview of linear dependencies 
between variables, with correlation coefficients ranging 
from −1 (strong negative correlation) to +1 (strong pos‑
itive correlation). Overall, most parameter pairs exhibit 
weak to moderate correlations, indicating limited multi-
collinearity within the dataset. This is advantageous for 
subsequent multivariate analyses and ML modelling, as it 
reduces redundancy among predictors. Strong correla-
tions are primarily observed between parameters that are 
physically related or geometrically coupled. In particular, 
a very high positive correlation is found between the con-
nector height hc and number of tabs tn (r≈0.91), reflecting 
their direct geometric dependence in the connector con-
figuration. Similarly, moderate to strong correlations are 
observed between hc and the base plate parameter bp 

(r≈0.55) and between tn and bp (r≈0.52). Thickness-re-
lated parameters show limited cross-correlation with 
most geometric dimensions, suggesting that thickness ef-
fects introduce additional independent variability. For ex-
ample, the upright thickness tu displays a moderate posi-
tive correlation with the width parameter w (r≈0.65), 
while remaining weakly correlated with several other ge-
ometric descriptors. Yield strength parameters exhibit 
moderate correlations among themselves, such as be-
tween yu and yb (r≈0.46) and between yb and yc (r≈0.45), 
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consistent with shared material classes across compo-
nents. Negative correlations are generally weak to moder-
ate and are mainly associated with geometric trade-offs, 

such as between bp and hb (r≈−0.44) or between yu and 
b (r≈−0.45). These trends indicate compensating design 
choices rather than strict dependencies.

 

Fig. 4. Pearson correlation matrix of the geometric and mechanical input parameters.

Although a strong correlation (r=0.91) is observed be-
tween connector height (hc) and number of tabs (tn), 
this reflects inherent geometric coupling in connector 
design. Tree-based ensemble regression models are rel-
atively robust to multicollinearity, as they do not rely on 
global coefficient estimation. Nevertheless, correlated 
features may share importance in SHAP analysis, and 
this redistribution should be interpreted as reflecting 
shared geometric influence rather than independent 
physical effects. 

3.1. Classification 

To ensure a robust and defensible identification of 
cluster structure, multiple clustering validity metrics 
were employed rather than relying on a single criterion. 
The silhouette score was used to evaluate the balance 
between intra-cluster cohesion and inter-cluster separa-
tion, providing a direct measure of how well individual 
samples are assigned to their respective clusters (Arbe-
laitz et al. 2013). The elbow criterion, based on the 
within-cluster sum of squares (inertia), was adopted to 
assess the reduction in variance achieved by increasing 

the number of clusters and to identify diminishing re-
turns in model complexity. In addition, the Calinski–
Harabasz index was considered to quantify the ratio of 
between-cluster dispersion to within-cluster dispersion, 
thereby favouring solutions that maximize separation 
while maintaining compact clusters (Pedregosa et al. 
2011). The combined use of these complementary met-
rics mitigates the limitations inherent to any single 
measure and enhances the reliability of cluster selection. 

Fig. 5 compares the normalized values of the silhou-
ette score, inverted inertia (elbow method), and Ca-
linski–Harabasz index as a function of the number of 
clusters. All three metrics exhibit a generally increasing 
trend with increasing k, reflecting the expected improve-
ment in cluster compactness and separation as addi-
tional clusters are introduced. However, the rate of im-
provement differs among the metrics. The silhouette 
score shows a pronounced increase up to approximately 
k=6, beyond which further gains become more gradual. 
A similar behaviour is observed for the inverted inertia, 
indicating that variance reduction becomes less signifi-
cant for larger numbers of clusters. The Calinski–
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Harabasz index follows the same overall trend but dis-
plays a more conservative increase at lower k, highlight-
ing its stronger sensitivity to over-partitioning. The con-
vergence of the three metrics at higher k values suggests 

improved clustering quality but also underscores the 
need to balance statistical improvement against physical 
interpretability, motivating the subsequent analysis of 
cluster structure in the reduced PCA space.

 

Fig. 5. Normalized comparison of silhouette score, inverted inertia (elbow method), and  
Calinski–Harabasz index used to assess clustering validity as a function of the number of clusters.

Fig. 6 presents the clustering results obtained by ap-
plying K-means clustering in the PCA-reduced feature 
space. The first two principal components, which explain 
22.1 % and 17.4 % of the total variance and reflect the 
multivariate nature of the governing geometric and me-
chanical parameters, are shown in all panels to facilitate 
direct comparison between clustering strategies. Panels 
(a)–(c) display the PCA score plots colored according to 
cluster membership, where the number of clusters was 
selected using different clustering validity criteria. In 
panel (a), the silhouette-based selection (k=8) results in 
a relatively fine partitioning of the dataset, with several 
compact clusters distributed across the PCA space. Panel 
(b) shows the clustering obtained using the elbow crite-
rion (k=4), which yields a coarser segmentation and 
merges several groups that are separated in the silhou-
ette-based solution. Panel (c), corresponding to the Ca-
linski–Harabasz criterion (k=8), produces a cluster 
structure similar in granularity to the silhouette-based 
case, with comparable spatial separation of clusters, alt-
hough individual cluster assignments differ locally. 
Panel (d) shows the same PCA score plot colored by the 
continuous stiffness parameter k0. A clear non-uniform 
distribution of k0 values is observed across the PCA 
space, with regions of higher and lower stiffness occupy-
ing distinct areas. This representation highlights system-
atic variations of k0 across the dataset and provides a di-
rect visual link between the multivariate structure cap-
tured by the principal components and the mechanical 
response of the connections. 

The PCA–K-means clustering results reveal that the 
dataset is naturally structured into groups that reflect 
distinct mechanical response regimes of the beam-to-up-
right connections. The finer clustering obtained using 
the silhouette- and Calinski–Harabasz-based selections 

(k=8) suggests that multiple mechanically distinct re-
gimes coexist within the dataset. These clusters likely 
correspond to variations in connector geometry and 
thickness combinations that control local bending, bear-
ing, and engagement behaviour between tabs, beam 
flanges, and upright perforations. In particular, clusters 
that are well separated along PC1, which captures the 
largest fraction of variance, are associated with changes 
in global geometric proportions and connector dimen-
sions, indicating a transition between more compliant 
and stiffer joint configurations. Separation along PC2 re-
flects secondary effects, such as thickness ratios and ma-
terial strength variations, which modulate stiffness 
within otherwise similar geometric layouts. In contrast, 
the elbow-based solution (k=4) produces a coarser parti-
tioning that groups together configurations exhibiting 
comparable overall stiffness behaviour but potentially 
different local deformation patterns. From a mechanical 
standpoint, this indicates that while several configura-
tions may share similar global stiffness levels, their un-
derlying load transfer mechanisms, such as the balance 
between connector bending and local bearing defor-
mation, can differ. The finer clustering therefore captures 
subtler mechanical distinctions that are not resolved 
when only global variance reduction is considered. 

The PCA score plot colored by the stiffness parameter 
k0 further supports this interpretation. Regions of high 
and low k0 values are not randomly distributed but in-
stead form continuous gradients across the PCA space, 
demonstrating that stiffness evolves systematically with 
changes in geometry and material properties. High-stiff-
ness regions correspond to clusters characterized by in-
creased effective load-bearing area, higher thickness val-
ues, and stronger material combinations, which reduce 
local compliance and delay the onset of connector defor-
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mation. Conversely, lower k0 regions are associated with 
more slender geometries or reduced connector engage-
ment, leading to increased rotational flexibility. Overall, 
the clustering analysis highlights that the mechanical be-
havior of pallet rack connections cannot be described by 
a single stiffness class but instead spans multiple re-
gimes governed by interacting geometric and material 
parameters. The identification of these regimes provides 
a physically meaningful framework for interpreting the 
data-driven model results and supports the use of ma-

chine-learning approaches to capture the nonlinear and 
multivariate nature of semi-rigid joint behavior. It 
should be noted that the PCA–K-means clustering was 
conducted for exploratory analysis and structural inter-
pretation of the dataset. The regression models pre-
sented in the next section are trained using the original 
physically meaningful geometric and mechanical param-
eters rather than the PCA-transformed components, in 
order to preserve interpretability and avoid loss of me-
chanical transparency.

 

Fig. 6. PCA score plots showing K-means clustering of beam-to-upright connection configurations using different 
cluster selection criteria: (a) silhouette method (k=8); (b) elbow method (k=4); (c) Calinski–Harabasz index (k=8); 

and (d) PCA scores colored by the initial rotational stiffness k0.

3.2. Regression 

Fig. 7 compares the predictive performance of the 
evaluated regression models using three complemen-
tary metrics: the coefficient of determination (R2), the 
root mean square error (RMSE), and the mean absolute 
error (MAE). The results demonstrate clear differences 
in accuracy between linear, nonlinear, and ensemble-
based approaches. Linear and regularized linear models 
(Linear, Ridge, Lasso, and Elastic Net) exhibit moderate 
predictive capability, with (R2) values clustered around 
0.63–0.68 and relatively high RMSE and MAE values. 
This indicates that purely linear relationships are insuf-
ficient to fully capture the dependence of the initial rota-
tional stiffness on the combined geometric and material 
input parameters. Bayesian Ridge and PLS regression 

further show reduced performance, with lower (R2) val-
ues and higher error metrics, reflecting limited flexibility 
in representing complex interactions. Tree-based mod-
els provide a marked improvement in predictive accu-
racy. The single Decision Tree achieves a substantial in-
crease in (R2≈0.83) and a corresponding reduction in 
both RMSE and MAE, highlighting the importance of non-
linear feature partitioning. However, ensemble tree 
methods consistently outperform individual models. 
Random Forest, Bagging, Gradient Boosting, XGBoost, 
and Extra Trees all achieve high (R2) values exceeding 
0.90, accompanied by significantly reduced error magni-
tudes. Among these, Extra Trees yields the best overall 
performance, with the highest (R2) and the lowest RMSE 
and MAE, closely followed by Gradient Boosting, 
XGBoost, and Bagging. 
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Fig. 7. Comparison of regression model performance in predicting the initial rotational stiffness k0,  
evaluated using R2, RMSE, and MAE.

These results indicate that ensemble averaging and 
boosting strategies are particularly effective in capturing 
the multivariate and nonlinear relationships governing 
connection stiffness. In contrast, the Support Vector Re-
gressor exhibits poor performance across all metrics, 
suggesting inadequate model tuning or limited suitabil-
ity for the present dataset. For reference, the data of the 
performance of each model is presented in Tab 1. Over-
all, the figure demonstrates that ensemble-based regres-
sion models provide a substantial accuracy advantage 
over linear and single-model approaches for predicting 
the initial rotational stiffness, motivating their selection 
for subsequent analysis and model interpretation. 

Table 1. Performance comparison of regression models 
for prediction of the initial rotational stiffness (k0). 

Model RMSE MAE (R2) 

Linear Regression 48.82 35.45 0.68 

Ridge Regression 49.07 35.52 0.67 

Lasso Regression 50.06 35.87 0.66 

Elastic Net 52.18 37.62 0.63 

Bayesian Ridge 57.98 40.10 0.55 

Decision Tree 35.17 22.25 0.83 

Random Forest 25.12 14.99 0.91 

Extra Trees 20.77 13.49 0.94 

Gradient Boosting 22.74 15.78 0.93 

AdaBoost 37.59 29.35 0.81 

Bagging 23.93 14.57 0.92 

K-Nearest Neighbors 36.94 24.46 0.82 

Support Vector Regressor 76.38 39.36 0.21 

XGBoost 23.05 17.74 0.93 

PLS Regression 60.96 42.23 0.50 

Model RMSE MAE (R2) 

Fig. 8 compares the predicted and experimentally 
measured values of the initial rotational stiffness k0 for 
the best-performing ensemble regression models, 
namely Random Forest, Extra Trees, Gradient Boosting, 
Bagging, and XGBoost. Each point represents a single test 
sample, while the dashed red line indicates the ideal one-
to-one correspondence between predicted and actual 
values. Across the full stiffness range, the majority of 
predictions cluster closely around the perfect-fit line, 
demonstrating a strong agreement between model out-
puts and reference values. This trend is particularly pro-
nounced in the low to intermediate stiffness regime, 
where all ensemble models show limited scatter and 
small deviations from the ideal prediction. In this region, 
the predicted values follow the linear trend with high 
consistency, indicating reliable model performance for 
the most frequently represented configurations in the 
dataset. At higher stiffness values, the dispersion of pre-
dictions increases moderately, reflecting the reduced 
density of samples in this range. Nevertheless, the en-
semble models maintain good predictive accuracy, with 
most points remaining near the one-to-one line and no 
systematic bias toward overestimation or underestima-
tion being observed. Minor deviations between individ-
ual models are visible, but their overall predictive behav-
ior remains comparable. It can be observed in Fig. 8 that 
the dispersion between predicted and measured values 
increases in the higher stiffness range. This behavior is 
primarily attributed to the lower density of experi-
mental data in this regime, as most configurations in the 
compiled database correspond to low- to intermediate-
stiffness connections. The relative scarcity of high-stiff-
ness samples limits the model’s exposure to these con‑
figurations during training and increases prediction un-
certainty. In addition, high-stiffness joints are typically 
associated with thicker sections and more robust con-
nector geometries, where the dominant deformation 
mechanisms may transition from tab bending–con-
trolled behavior to more localized bearing or upright dis-
tortion effects. Such shifts can introduce additional non-
linear interactions between geometric and material pa-
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rameters, increasing variability. Future expansion of the 
database, particularly with additional high-stiffness ex-
perimental configurations, would further enhance pre-
dictive robustness in this range. In addition, model per-
formance was evaluated using 5-fold cross-validation 
with random shuffling of samples prior to partitioning. 

For the dataset size (n=151), k=5 provides a suitable bal-
ance between training data sufficiency and validation ro-
bustness. The database contains no duplicate specimens; 
however, future work may consider grouped cross-vali-
dation based on study source or manufacturer to further 
assess cross-family generalization capability.

 

Fig. 8. Comparison of predicted and measured initial rotational stiffness k0  
for the selected ensemble regression models, with the dashed line indicating perfect agreement.

Fig. 9(a) presents the SHAP summary plot for the se-
lected ensemble regression model, illustrating the rela-
tive importance of the input features and their contribu-
tion to the predicted initial rotational stiffness k0. Fea-
tures are ranked from top to bottom according to their 
mean absolute SHAP value, indicating their overall influ-
ence on the model output. Each point represents an indi-
vidual sample, with the horizontal position correspond-
ing to the SHAP value (positive or negative impact on k0) 
and the color indicating the magnitude of the corre-
sponding feature value. The results show that geometric 
parameters associated with the beam and connector 
configuration dominate the prediction of k0. In particu-
lar, the beam height hb exhibits the highest influence, 
with a wide spread of SHAP values spanning both posi-
tive and negative contributions. Higher values of hb are 
predominantly associated with positive SHAP values, in-
dicating an increase in predicted stiffness, while lower 
values tend to reduce k0. Yield strength of the beam (yb) 
and connector thickness tc also show strong contribu-
tions, with clear separation between low- and high-value 
regimes and consistent directional effects on the model 
output. Thickness-related parameters, such as the up-
right thickness tu and tab or notch thickness tn, contrib-
ute moderately to the prediction, generally exhibiting 
positive SHAP values at higher feature magnitudes. In 
contrast, parameters such as base plate width bp, beam 
thickness tb, and connector height hc show more local-
ized effects, with narrower SHAP distributions centred 
closer to zero, suggesting secondary influence compared 

to the dominant geometric variables. Material strength 
parameters display a mixed but generally smaller im-
pact. While the connector and upright yield strengths (yc 
and yu) influence the predictions, their SHAP value dis-
tributions are more compact, indicating that variations 
in stiffness are less sensitive to strength changes than to 
geometric modifications within the studied range. 

Fig. 9(b) presents the global feature importance de-
rived from the SHAP analysis of the Extra Trees regres-
sion model. The bars represent the mean absolute SHAP 
value for each input parameter, quantifying its average 
contribution to the predicted initial rotational stiffness 
k0 across the dataset. Features are ranked in descending 
order of importance, providing a clear hierarchy of the 
parameters influencing the model output. The results in-
dicate that the beam height hb is the most influential pa-
rameter, exhibiting a substantially higher mean SHAP 
value than all other features. This highlights the domi-
nant role of beam geometry in controlling the rotational 
stiffness of the beam-to-upright connection. The beam 
yield strength yb and the connector thickness tc follow 
as the next most important contributors, emphasizing 
the combined influence of material resistance and local 
connector stiffness on the joint response. Upright thick-
ness tu and connector yield strength yc also show signif-
icant contributions, indicating that both structural stiff-
ness and material strength at the connection interface 
play a relevant role in determining k0. Geometric param-
eters such as the beam width w and notch or tab thick-
ness tn exhibit moderate importance, suggesting a sec-
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ondary but non-negligible influence on rotational behav-
ior. In contrast, parameters including base plate width 
bp, beam thickness tb, connector height hc, upright yield 
strength yu, and beam width parameter b contribute less 
to the prediction, while the beam web width bw shows 
the lowest impact among the considered inputs. These 
lower-ranked features primarily modulate the stiffness 
response rather than governing it directly within the 
studied parameter range. Although yield strength ap-

pears less influential than geometric parameters in the 
SHAP ranking, this should not be interpreted as mechan-
ical irrelevance. In thin-walled cold-formed members, 
strength and local buckling behaviour are intrinsically 
coupled through plate slenderness and post-yield re-
sponse. The lower statistical importance observed here 
reflects the relative variability within the dataset rather 
than a fundamental decoupling of strength from stiffness 
mechanisms.

 

 

Fig. 9. SHAP summary plot showing the relative importance and directional influence of input features  
on the predicted initial rotational stiffness k0 for SHAP values in (a) and Mean in (b).

4. Conclusions 

This study demonstrates the effectiveness of data-
driven machine-learning approaches for predicting the 
initial rotational stiffness k0 of beam-to-upright connec-
tions in steel pallet rack systems using only geometric 
and mechanical input parameters. By combining experi-

mental data with modern regression techniques, the 
proposed framework provides an accurate and efficient 
alternative to traditional analytical formulations and 
costly laboratory testing. A systematic comparison of lin-
ear, nonlinear, and ensemble-based regression models 
revealed that ensemble tree methods significantly out-
perform linear and single-model approaches. Among the 
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evaluated models, Extra Trees, Gradient Boosting, Ran-
dom Forest, and XGBoost achieved the highest predictive 
accuracy, with coefficients of determination exceeding 
0.9 and substantially reduced prediction errors. These 
results highlight the strong nonlinear character of the re-
lationship between connection stiffness and its govern-
ing parameters, which cannot be adequately captured by 
simplified analytical or linear models. Unsupervised 
learning techniques further supported the analysis by 
revealing intrinsic structure within the dataset. PCA-
based clustering identified distinct regimes in the re-
duced feature space, corresponding to different combi-
nations of geometric proportions and material proper-
ties that govern joint behaviour. The use of multiple clus-
tering validity metrics ensured robust and physically 
consistent cluster selection. The application of SHAP 
analysis provided model transparency and physical in-
terpretability, demonstrating that the machine-learning 
models rely primarily on geometrical parameters con-
trolling load transfer and deformation mechanisms, such 
as beam height, connector thickness, and upright dimen-
sions, while material strength parameters play a second-
ary but complementary role. This consistency with estab-
lished mechanical understanding reinforces the reliabil-
ity of the learned relationships. Overall, the results high-
light the key advantages of machine-learning methods for 
the analysis of semi-rigid structural connections: the abil-
ity to capture complex multivariate and nonlinear inter-
actions, to generalize across a wide range of configura-
tions, and to provide accurate predictions without the 
need for extensive experimental testing. The proposed 
framework enables more realistic numerical modelling, 
supports the adoption of semi-rigid design concepts, and 
offers a practical pathway toward automated and perfor-
mance-based design of steel storage systems. 
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