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Abstract

Reliable prediction of carrying capacity is essential for efficient design of all carrying
structures, including pallet racks. Precise or simplified analytical models are surely in-
dispensable in engineering practice, but when considering racking structures, they still
remain limited primarily by specific beam-to-column connections. This study proposes
a semi-empirical, machine learning-driven approach for predicting the behavior of rack
elements, i.e., upright frames, as a function of three structurally distinct connection types
and appropriate racking element properties. Random Forest was selected for feature screen-
ing based on comparative analysis of six ML algorithms, and the retained parameters
were used to develop interpretable power-law models. Within this research, upright cross-
section area and beam-level height were retained as main influential parameters for the
first two considered connection types, whereas upright cross-section moment of inertia,
beam-level height and beam cross-section height governed the third type. These differences
indicate that the contribution of each input parameter to capacity prediction varied among
connection types. Grouped correction factors were introduced to account for deviations
associated with upright profile and beam-level height, with additional differences specifi-
cally for the third connection type. The adopted models achieved near-exact agreement
with the upright frame carrying capacities within the calibration domain. Although the
resulting coefficients are specific to the analyzed rack structures, the proposed sequence
provides a transferable framework for converting large structural datasets into simplified
and interpretable engineering models.

Keywords: cold-formed steel structures; pallet racks; beam-to-column connections; carry-
ing capacity; machine learning; regression; power-law model

1. Introduction
Generally, racking structures are widely used nowadays in warehouses because they

use cold-formed thin-walled steel profiles that provide structural efficiency, low self-weight
and easy assembly. All actions from stored unit loads are transferred through beams and
beam-end connectors (BECs) to perforated uprights. Due to such a mode of load transfer,
as a logical consequence, beam-to-column connections (BCCs) showing semi-rigid behavior
influence the specific structural response of beams, uprights and the complete racking
structure at all, with influential elements shown in Figure 1.
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Figure 1. Configuration of rack structure elements. The arrows indicate the load transfer path.
Adapted from Ref. [1] under the CC BY 4.0 license.

Research on pallet racks, primarily oriented on BCCs, relies on experimental testing
to evaluate connection stiffness, moment capacity and failure modes. Due to the complex
interaction between perforated uprights and BECs, which causes significant local deforma-
tions, analytical solutions were limited to simplified assumptions and could not accurately
represent the actual structural response. Rapid development in computational techniques
in recent decades has enabled the widespread application of numerical methods, such
as finite element method (FEM) analysis, to the global behavior of pallet racks and their
structural elements. Thus, prior studies [2–4] have experimentally and numerically ana-
lyzed the influence of upright slenderness, length and perforations on buckling behavior,
and a data-driven decision-making model was developed for the optimization of thin-
walled perforated sections [5]. More recently, data-driven modeling for local damage of
cold-formed steel uprights was also analyzed [6]. Additionally, numerous previous studies
have demonstrated that beam and upright dimensions affect the ultimate moment capacity
and rotational stiffness of boltless BCCs [1,7–10]. Besides that, these connections provide a
partial degree of rotation, not as in limiting rigid or pinned ones, but consequently, that
influences the specific global structural response. Thus, FEM significantly reduced the
need for extensive experimental testing and provided insight into stress distribution, local
deformation and stiffness. However, these models still require experimental validation and
remain computationally demanding for practical applications.

In parallel with the development of computational techniques for the design process,
pallet racks have also undergone continuous structural evolution, aiming to increase carry-
ing capacity while reducing labor and material costs. As a result, each further generation
of pallet racks has a different impact on the structural behavior of uprights, beams, BECs
and BCCs. Initial racking structures consisted of relatively strong but mostly standard (C
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or U cross-section) profiles of perforated uprights, a beam cross-section mostly made of
standard or common (I, U or rectangular tube cross-section) profiles simply welded to the
simpler BEC. Subsequent developments, for example, introduced cold-formed, optimized
upright and beam cross-sections and modified BECs with multiple rows of hooks, which
consequently required additional perforations of uprights. Also, the connection between
the beam and the BEC can be modified to a bolted one. All these modifications were
made in order to simplify the production and reduce labor costs while still keeping flexible
assembly. However, this development caused a reduction in the carrying capacity of rack
elements through two independent effects: the bolted BEC exhibited lower rotational
stiffness than the welded one, as confirmed by earlier experimental research [1], and the
additional rows of perforations simultaneously reduced the effective cross-sectional area
of the upright. Therefore, this configuration obviously represented a temporary solution
in the structural development of a rack. In order to enhance carrying capacity without
incurring further major changes and, therefore, higher production costs, the same type of
upright and BEC was retained, but the improvement of carrying capacity was obtained by
the new modification of the beam cross-section and its return to a welded joint with BEC. In
this context, Yazici et al. [11] demonstrated that weld position significantly affects moment
capacity, initial rotational stiffness, ductility and the governing failure mode. Consequently,
it has been reaffirmed that the structural performance of recent pallet rack elements is
determined not solely by individual elements but also by the interaction between all rack
elements. Previous research by the authors experimentally and numerically compared
different types of connections but at the local behavior level [1]. However, the impact of
differences in these connections on the carrying capacity of overall rack structures has not
been examined. Further, partially available commercial data on carrying capacity, therefore,
can provide a common analytical basis for comparing considered BCC types.

Therefore, various attempts in analytical and semi-empirical models have also been
proposed to reflect the local behavior of BCCs. Among the most widely applied are
the Frye–Morris polynomial model [12], later extended in [13] through the Ramberg–
Osgood function for three-dimensional structures. Subsequent developments evaluated
the flexibility of cold-formed boltless BCCs and proposed a Frye–Morris polynomial and
a three-parameter power model [14]. Later, Prabha et al. [15] modified the original Frye–
Morris model by introducing an “air gap” parameter, thus achieving better agreement with
experiments. Component-based and modified Ramberg–Osgood approaches have also
been proposed to estimate connection stiffness and moment capacity [9,16]. More recently,
Biemba et al. [17] used the Richard–Abbott model [18] to reproduce the M-θ response
of BCCs and developed regression equations. Across these developments, each model
was calibrated and validated against a specific BCC type or experimental dataset, and
their coefficients remain specific to the analyzed geometries and experimental conditions.
Beyond racking structures, reduced mathematical representations have also been shown to
efficiently capture complex structural responses while retaining a compact formulation [19],
providing a methodological parallel to the present approach.

The increasing availability of experimental and numerical data, together with data
provided in technical handbooks for pallet rack elements, determined according to stan-
dardized design and testing procedures specified in EN 15512 [20] and EN 1993-1-3 [21],
has enabled the development and wider application of machine learning (ML) techniques
in structural engineering [22]. Unlike traditional approaches, ML can efficiently identify
complex nonlinear relationships and rank the relative importance of some parameters [23].
However, ML models are often treated as black-box predictions and therefore provide
limited physical interpretation [7]. Recent applications have further demonstrated the use
of several ML algorithms and interpretability methods for evaluating complex structural
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responses, including the seismic performance of steel concrete composite columns and the
confinement behavior of reinforced concrete columns [24,25]. ML techniques have been
increasingly applied not only in structural research but also in racking structures to predict
overall structural and connection behavior [26,27]. Ensemble learning algorithms, together
with Artificial Neural Networks (ANNs), have demonstrated good predictions for non-
linear connection behavior [28]. However, like the aforementioned analytical approaches,
ML techniques have been primarily focused on predicting the M-θ characteristics of BCCs.
Their use for predicting the carrying capacity of rack structure elements and its represen-
tation through explicit analytical equations is lacking. But recent research by Mammadli
et al. [29] extended ML applications from only the prediction of M-θ characteristics to the
prediction of axial upright buckling capacity. The trained ML model was retained as the
final tool for predicting upright buckling capacity. Since the analysis focused on uprights,
the effects of different BCCs and beam types on the carrying capacity were not considered.
Furthermore, the ML findings were not transformed into explicit analytical equations for
predicting axial upright buckling capacity.

Technical handbooks generally provide carrying capacities for a limited set of the
most commonly used rack configurations in practice. Determining the carrying capacity of
every geometrically feasible rack configuration, generated by a combination of different
beam-level heights and beam profiles, would require substantial effort in experimental or
numerical analyses.

Against this background, this research analyzed whether relationships between the
available carrying capacity data and the geometric variables of rack elements can be identi-
fied and expressed analytically or semi-empirically. Such relationships could enable the
estimation of carrying capacity for additional configurations not explicitly provided in
technical handbooks and, ultimately, extend the available design information to a broader
range of rack configurations. A semi-empirical methodology combining ML-based feature
screening, power-law regression and grouped correction factors was proposed. ML is used
to quantify the contribution of structural variables to the prediction of carrying capacity
rather than as the final predictive model. Retained variables are then introduced into
power-law regression to obtain explicit and interpretable semi-empirical equations. The
aim is to examine whether the contribution of structural variables to prediction of carrying
capacity differs among connection types and whether it is necessary to develop a separate
model for each BCC. This extends previous research, which has predominantly addressed
M-θ characteristics, rotational stiffness and moment capacity, where direct estimation of
carrying capacity has not received attention. The broader contribution lies in a generalized
methodological sequence that transforms large datasets into simplified engineering mod-
els and can be adapted to other connection types or engineering applications following
calibration and validation specific to different purposes.

2. Overview of the Proposed Methodology
The overall carrying capacity of pallet rack elements depends on many different

parameters, among the most important being characteristics of uprights, beams, BCCs,
BECs and beam-level heights. Accordingly, after attempting a single common equation,
which proved insufficient for representing all connection types, the proposed methodology
combines ML-based feature screening and power-law regression to obtain simplified and
physically interpretable predictive equations. As shown in Figure 2, the methodology
consists of four stages:

• Construction of a database containing all relevant structural variables;
• Evaluation of ML models and feature screening using the selected ML model to

identify variables that contribute the most to the prediction of carrying capacity;

https://doi.org/10.3390/buildings16193794

https://doi.org/10.3390/buildings16193794


Buildings 2026, 16, 3794 5 of 27

• Development of separate power-law models for considered BCC types;
• Determination of correction factors from deviations associated with rack elements.

Figure 2. Workflow of the proposed methodology.

2.1. Dataset and Analyzed Connection Types

The dataset for this research was obtained from commercial racks designed according
to EN 15512 [20] and EN 1993-1-3 [21] for BCC types denoted as T-1, T-2 and T-3. Data were
verified through experimental testing and numerical analysis conducted in accordance with
the applicable standardized procedures. Within each BCC type, the dataset was generated
by combining the available upright profiles, beam profiles and beam-level heights. Each
sample, therefore, represents a specific combination of these structural elements. Since
several beam profiles may be compatible with the same upright profile and beam-level
height, different configurations may have the same carrying capacity but differ in beam
profile cross-sectional characteristics. Due to a broader range of available upright and beam
profiles for each BCC type, the resulting number of configurations increased substantially,
as summarized in Table 1.

Table 1. Number of rack configurations per BCC type.

Connection
Type

No. of Upright
Profiles

No. of Beam
Profiles

No. of Beam-Level
Heights

No. of
Samples

T-1 6 6 5 180
T-2 13 23 5 1495
T-3 13 52 5 3380

Analyzed connection types represent stages in the improvement of pallet rack design.
The earliest type, T-1, where the beam cross-section is shown in Figure 3a, consists of an
upright with a single row of perforations, shown in Figure 3b, including a BEC with a
corresponding single row of hooks, while the beam is welded to the BEC, also shown
in Figure 3a. In the subsequent T-2 type, with a beam cross-section shown in Figure 3c,
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the upright profile was modified, as shown in Figure 3e, and consists of a double row
of perforations to take on a BEC with two rows of hooks, thus changing the mechanism
of transferring the load between the beam and the upright. However, this modification
reduces the effective cross-section area of the upright. Consequently, modifications in
geometry affect not only the connection itself but also the relative contribution of structural
parameters to the global response of a rack. The joint between the beam and the BEC in type
T-2 relies on bolts, as shown in Figure 3c. The last T-3 type, shown in Figure 3d, retains the
same upright profile and double-hooked BEC as in the previous type, with modifications to
the beam profile and BEC dimensions, while reverting to a welded joint between beam and
BEC. All these changes shown in Figure 3 illustrate efforts to balance structural efficiency,
ease of assembly and carrying capacity with direct consequences for influential parameters
and the overall structural response.

Figure 3. Cont.
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Figure 3. Characteristic dimensions of BCCs: (a) beam–BEC joint of type T-1, (b) upright profile for
type T-1, (c) beam–BEC joint of type T-2, (d) beam–BEC joint of type T-3 and (e) upright profile for
types T-2 and T-3.

Input variables included geometric dimensions of the upright, beam and BEC, as
shown in Figure 3, namely, the upright cross-section height (hu), width (bu) and wall
thickness (tu), the beam cross-section height (hb) and wall thickness (tb) and the BEC height
(hc). Corresponding cross-section properties are the cross-section area (A), moments of
inertia about principal axes (I), and section moduli (W) of the upright and the beam. Beam-
level height (h), number of hooks (nh) and BCC type complete the initial set of variables.
Additionally, np denotes the number of perforations on uprights, while p is the perforation
step. Consistent with the scope of the data provided in technical handbooks, the total
upright height and the number of beam levels were not considered as input variables.
Upright height is closely related to the number of beam levels and the available height of
the warehouse building, which most often reflects a customer request arising in practice.
Also, beam profiles can vary considerably within one rack configuration depending on the
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specific storage requirements. As a result, the variety of possible combinations is very large
and therefore not considered within this analysis.

The carrying capacity of upright frames (hereinafter: carrying capacity) from technical
handbooks was defined as the target variable and therefore was not included among the
input variables. Table 2 illustrates carrying capacities for upright frames for type T-1 as a
function of available upright profiles (U-1 ÷ U-6) and the specific beam-level heights.

Table 2. Carrying capacities in kg, obtained from technical handbook for type T-1 of BCCs.

Upright Profiles
for T-1

Beam-Level Height, h [mm]

1200 1500 1800 2100 2400

U-1 8500 7800 7100 5900 5400
U-2 11,200 10,400 9400 8200 7400
U-3 14,000 12,900 11,700 10,300 9300
U-4 15,600 14,700 13,700 12,500 11,600
U-5 19,300 18,200 16,900 15,500 14,300
U-6 26,000 24,200 22,200 20,000 18,300

Note: Additional results for other BCC types are available from the authors upon reasonable request.

2.2. Analytical Background

The semi-rigid behavior of BCCs has primarily been determined through experimental
testing, characterized through the M-θ curve. Experiments have demonstrated that rota-
tional stiffness and moment capacity are dependent on the upright, beam, BEC, number of
hooks and interaction among these elements [10]. Despite their high accuracy, experimental
testing remains expensive, time-consuming and limited to analyzed geometries and load-
ing conditions. To reduce the dependence on extensive experiments, some analytical and
semi-empirical solutions have been developed to describe the obtained M-θ characteristics
with a limited number of parameters. One of the earliest and most widely applied solutions
is the Frye–Morris polynomial model [12], given by Equation (1) as follows:

ϕ = C1·(K·M)1 + C2·(K·M)3 + C3·(K·M)5 (1)

where

• C1, C2, C3—constants for fitting the M-θ curve;
• M—moment of rotation;
• K—coefficient that scales the ordinate of curves, defined as

K =
m

∏
j=1

pj
aj (2)

where

• pj—numerical value of j parameter;
• aj—exponent that shows the effect of the numerical value of j parameter on the M-θ

relation.

This formulation enables several parameters to be included in a single scaling factor.
However, coefficients and exponents are calibrated for analyzed connections, which limits
their application to configurations outside the experimental range.

Building on the same procedure, Ang and Morris [13] extended this approach to
three-dimensional frames by replacing the polynomial model with the Ramberg–Osgood
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function, which provides a more accurate representation of the nonlinear M-θ response.
The standardized form of the function is given by

ϕ

ϕ0
=

K × M
[K·M]0

·
[︄

1+
(︃

K × M
[K·M]0

)︃n−1
]︄

(3)

where

• ϕ0—constant in standardized M-θ function;
• [KM]0—constant in standardized M-θ function;
• n—parameter that controls the shape of the curve;
• K—dimensionless factor that scales the ordinates of the M-θ curve, evaluated by the

same procedure as in the Frye–Morris model:

K =
m

∏
j=1

qj
aj (4)

Although this formulation provides a more flexible representation of the nonlinear
response, its scaling factor and curve parameters must also be calibrated for the consid-
ered connection types. Subsequent studies expanded these formulations by introducing
additional geometric parameters. Prabha et al. [14] evaluated the flexibility of cold-formed
rack connections using polynomial and power-law models. As a broader example of pa-
rameterization of connections, the modified Frye–Morris formulation was proposed in [15],
retaining the same base Equation (1). Still, parameter K within the base equation included
the “air gap” parameter between the BEC and the upright, described by the geometry of
the gap, as follows:

K = da
a1 · ta

a2 · g a3 · ga
a4 (5)

where

• da—depth of the angle;
• ta—thickness of the angle;
• g—gauge distance;
• ga—air gap distance;
• a1, a2, a3, a4—corresponding regression exponents.

In addition to polynomial formulations, several analytical models have been proposed
to reflect the nonlinear response of BCCs with a small number of influential geometric pa-
rameters. Another widely used analytical representation of nonlinear connection behavior
is the Richard–Abbott model [18], expressed as

M =

(︂
Rki − Rkp

)︂
·θ[︃

1+
(︃
(Rki− Rkp)·θ

M0

)︃n ]︃ 1
n
+ Rkp·θ (6)

where

• M—the moment at the connection;
• θ—the relative rotation between beam and upright;
• Rki—the initial stiffness of the connection;
• Rkp—the post-yield stiffness;
• M0—the reference moment, typically set equal to ultimate moment capacity Mu;
• n—shape parameter that controls transition between initial and post-yield response.
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Biemba [17] successfully predicted M-θ characteristics using this model as a function
of beam depth and number of hooks within parameters Rki, Rkp and M0. Despite their
different formulations, these models follow a common principle: complex structural be-
havior is represented by an explicit function whose coefficients depend on a reduced set of
structural parameters. However, their main objective is to express local M-θ characteristics
of BCCs rather than to directly estimate the carrying capacity of pallet rack elements.

This research follows a similar principle as previous analytical and semi-empirical
formulations, namely, assuming that complex structural behavior can be represented by
simplified equations. However, instead of describing the rotation of BCCs, this methodol-
ogy focuses on predicting the carrying capacity of rack components, such as upright frames.
Hence, rather than selecting parameters from experiments and calibrating a model for the
M-θ response, this approach uses ML to identify influential variables and extends the anal-
ysis from local connection behavior toward the direct prediction of carrying capacity. Thus,
combining the predictive capability of modern computational techniques with analytical
solutions makes them suitable for engineering practice.

2.3. Machine Learning-Based Feature Screening

The initial dataset contained all geometric and cross-section variables describing the
aforementioned rack elements. A preliminary power-law regression was initially applied
to the complete dataset. However, a single formulation was not suitable for accurately
representing different connection types, while several input variables overlapped, because
they derived from the same profile. This preliminary model was therefore used only as
an attempt and was not retained or reported as a predictive result. Unlike conventional
models, which require a connection between input and output variables to be specified in
advance, ML models learn predictive patterns directly from the available data. Therefore,
they were used to identify variables with the highest prediction of carrying capacity. The
retained variables were then used to develop simplified power-law equations for each
connection type.

2.3.1. Selection and Classification of ML Algorithms

In order to identify variables with the highest importance in the prediction of carrying
capacity, ML algorithms representing different learning principles were evaluated:

• Linear regression (LR);
• Gradient boosting (GB);
• Extreme gradient boosting (XGBoost);
• Categorical boosting (CatBoost);
• Random forest (RF);
• Multilayer perceptron neural network (MLP NNs).

The selected algorithms cover three broad learning approaches: linear regression,
tree-based ensemble learning and Artificial Neural Networks. LR estimates a single global
relationship between the input and target variables and was therefore used as a linear
basis. Ensemble algorithms considered in this study are tree-based but differ in how
individual trees are constructed and combined. RF trains multiple trees independently
using random data subsets and input variables and averages their predictions. In contrast,
GB, XGBoost and CatBoost construct trees sequentially, with each tree attempting to reduce
the prediction errors of the previous ensemble. GB represents the conventional boosting
algorithm. XGBoost represents a regularized GB with complexity control. CatBoost is also
a GB algorithm with ordered boosting and regularization. MLP NN represents a nonlinear
approach that is not based on decision trees. This model learns nonlinear relationships by
transforming input variables through multiple interconnected neurons. Because most of the
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considered nonlinear ML models do not directly provide explicit engineering equations, the
selected ML algorithm was used for feature screening rather than as the final model [7,23].
General learning principles of these algorithms are illustrated in Figure 4.

 

 

(a) 

 
(b) (c) 

 
(d) 

Figure 4. Schematic representation of (a) LR, (b) ensemble bagging, (c) ensemble boosting and
(d) MLP NN. Blue and green shapes denote input and output elements, respectively. Gray shapes
represent intermediate computational steps. Circles represent model nodes, and arrows indicate the
direction of information flow.
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2.3.2. Data Preprocessing and Model Training

All models were implemented in Python 3.12.1 software. The model configurations
used in the analysis are summarized in Table 3. The hyperparameters were predefined and
held constant throughout the analysis. Systematic hyperparameter optimization was not
performed because the primary purpose of the ML analysis was comparative evaluation
and feature screening rather than development of a final ML predictive model.

Table 3. Adopted hyperparameters of evaluated ML models.

ML Model Adopted Hyperparameters

LR Default parameters

GB n_estimators = 500; learning_rate = 0.03; max_depth = 4

XGBoost n_estimators = 800; learning_rate = 0.03; max_depth = 4;
subsample = 0.9; colsample_bytree = 0.9; objective = reg:squarederror

CatBoost iterations = 800; learning_rate = 0.03; depth = 5; loss_function = RMSE

RF n_estimators = 500; max_depth = none; min_samples_leaf = 2

MLP NN hidden_layer_sizes = (80, 40); activation = relu; max_iter = 5000

The separate BCC datasets were combined into a single dataset that consists of
5055 configurations. BCC type was included as a categorical input variable and transformed
using one-hot encoding. The same encoded representation was used for all algorithms,
including CatBoost, to ensure consistent model comparison.

Numerical input variables were standardized for LR and MLP NN. This placed
the LR input variables on a common numerical scale and supported stable and efficient
training of the MLP NN. Standardization was not required for RF, GB, XGBoost or CatBoost
because tree-based models are not sensitive to changes in variable scale. All preprocessing
operations were fitted using the training set and then applied unchanged to the test set.
The pooled dataset was randomly divided into an 80% training set and a 20% test set. A
fixed random seed of 42 was used for the train–test split to ensure that all algorithms were
evaluated using the same data partition. The same seed was also fixed within the relevant
ML algorithms to ensure reproducible model training.

For model comparison, all algorithms were evaluated using 30 repeated group-aware
80/20 splits. Each group was assigned exclusively to either the training or test subset.
Mean values and standard deviations of the performance metrics were calculated across
the splits. Feature rankings were compared across repeated splits for each connection type.

2.3.3. Model Evaluation Criteria

The ML models were evaluated on the same test subset using four metrics:

• Coefficient of determination (R2) quantifies the overall agreement between the pre-
dicted and reference values, and it is given as follows:

R2= 1 − ∑n
i=1(Yi,ref − Yi,base)

2

∑n
i=1

(︁
Yi,ref − Yref

)︁2 (7)

• Mean Absolute Error (MAE) represents the average absolute prediction error expressed
in the same unit as the target variable and is calculated as follows:

MAE =
1
n

n

∑
i=1

|Yi,ref − Yi,base| (8)
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• Root Mean Square Error (RMSE), where the squared differences give greater weight to
configurations with larger prediction errors, is determined as follows:

RMSE =

√︄
1
n

n

∑
i=1

(Yi,ref − Yi,base)
2 (9)

• Mean Absolute Percentage Error (MAPE) expresses the average prediction error rela-
tive to the corresponding target variable, calculated as follows:

MAPE =
1
n

n

∑
i=1

⃓⃓⃓⃓
Yi,ref − Yi,base

Yi,ref

⃓⃓⃓⃓
·100% (10)

where

• n—number of samples in the evaluated data subset;
• Yi,ref—reference target value for ith sample;
• Yi,base—predicted target value for ith sample;
• Yref—the mean reference target value.

All reference target values were positive, so the percentage error was defined for each
configuration. MAPE was used as the main measure for comparing model performance
because it expresses the average prediction error as a percentage of the reference value,
while MAE, RMSE and R2 provided additional measures of model performance. Lower
MAE, RMSE and MAPE values indicate better agreement with reference data, whereas
values of R2 closer to one indicate stronger overall agreement.

2.3.4. Feature Screening and Importance Analysis

A suitable ML model was selected to identify the variables further evaluated in the
power-law regression. Feature importance quantified each variable’s relative contribution
to the prediction, with all variables summing to 1 (or 100%). These numerical importance
values were not used in the regression equations.

Since several geometric and cross-sectional variables derived from the same profiles
contain overlapping information, Spearman correlation analysis was first used to reduce
the initial feature set. The reduced set was not determined solely by statistical criteria. The
structural meaning of the variables and their suitability for inclusion in an explicit semi-
empirical equation were also considered. After calculating the feature importance using the
selected ML model, SHapley Additive exPlanations (SHAP) and permutation importance
were applied to test subsets as additional checks of the obtained feature rankings.

The selected ML model was then applied using the same reduced set of input variables.
Each dataset was independently divided into an 80% training set and a 20% test set. The
same random seed of 42 was used. Resulting values describe how much each variable
influences the ML predictions. They should therefore not be interpreted as direct evidence
that any variable causes a corresponding change in the target variable.

2.4. Power-Law Regression Analysis

The reduced set of variables obtained by ML-based feature screening was used to
develop explicit semi-empirical equations for predicting the target variable. Since the ana-
lyzed BCCs differ in cross-section characteristics, as well as in mechanisms of transferring
the load, separate power-law models were created for each type. Because of the ability to
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represent nonlinearities while retaining a simple form, a power-law model was selected.
The general form of the power-law model is defined as follows:

Ybase= C·
m

∏
i=1

Xai
i (11)

where

• Ybase—predicted value of the target variable;
• C—regression constant;
• Xi—ith input variable included in the model;
• ai—regression exponent associated with Xi;
• m—number of input variables included in the considered formulation.

The coefficients were estimated through logarithmic transformation. Since all input
and target values were positive, taking the natural logarithm of Equation (11) converts the
multiplicative model into a linear form:

ln (Y ref) = ln(C) +
m

∑
i=1

ai·ln (X i) (12)

Multiple linear regression was subsequently performed separately for each BCC type
in a spreadsheet-based program, allowing direct inspection of regression coefficients and
their statistical significance. For each BCC type, the coefficients of the power-law models
were estimated using only the 80% training subset. The equations and their coefficients
were subsequently applied unchanged to the corresponding 20% test subset. Transformed
regression parameters are defined as follows:

• ln (Y ref)—logarithmically transformed target variable;
• ln (C)—regression intercept;
• ai—regression coefficients that correspond to the power-law exponents.

The regression coefficients correspond directly to the exponents ai. Their signs indicate
the direction of the relationship, while their magnitudes describe the sensitivity of the
predicted target variable to changes in the corresponding input variable. For each BCC
type, the complete power-law model was compared with simpler variants in which one
variable was omitted. Model selection considered R2, MAE, RMSE, MAPE and statistical
significance of regression coefficients. A reduced formulation was retained when removing
a variable did not result in a meaningful loss compared to the initial model.

2.5. Determination of Grouped Correction Factors

Following calibration of the power-law models, the ratio between the reference target
value (Yi,ref) and the corresponding one predicted by the base model (Yi,base) was calculated
for each configuration denoted as ki, but only from the training subset, as follows:

ki=
Yi,ref

Yi,base
(13)

The grouped correction factor k0,g was calculated only from the training subset as the
mean of the individual correction factors within the corresponding group, as follows:

k0,g =
1

ng
∑

i ∈ G
ki (14)
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where G is the group of the same influential variables and ng the number of configurations
belonging to group G. The corrected target variable was calculated as

Yi,corr = k0,g· Yi,base (15)

The obtained k0,g values calibrated using the training subset were applied unchanged
to the corresponding configurations in the test subset. The resulting corrected carrying
capacities were then compared with the corresponding reference values for validation.
Additionally, these correction factors are specific to the analyzed profiles and applica-
tion of the methodology to other similar profiles would require recalibration using the
corresponding data.

The uncertainty of the retained regression coefficients was evaluated using 95% confi-
dence intervals. Residual diagnostics included the Breusch–Pagan test for heteroscedasticity
and Cook’s distance for identifying potentially influential observations. When heteroscedas-
ticity was detected, HC3 robust confidence intervals were reported.

3. Results
This section presents the results obtained through stages defined in the proposed

methodology. A preliminary power-law model of the complete dataset was unable to
represent deviation patterns related to the frame capacity of all BCC types using a single
set of coefficients. Differences among BCC types demonstrated the need for separate
formulations. The predictive performance of ML algorithms and the obtained feature
importance using the chosen model are first presented. The influential variables are
then evaluated through power-law regression, followed by the determination of grouped
correction factors and assessment of their effect on the prediction of carrying capacity.

3.1. ML Model Evaluation

The predictive performance of the analyzed ML models on the fixed test subset is
presented in Table 4.

Table 4. Predictive performance of the ML models evaluated on the fixed test subset.

ML Model R2 [-] MAE [kg] RMSE [kg] MAPE [%]

RF 0.999540 47.165 151.316 0.347
CatBoost 0.999586 110.397 143.575 0.907
XGBoost 0.999294 139.401 187.413 1.081

GB 0.998446 207.220 278.181 1.582
MLP NN 0.993050 318.267 588.226 2.677

LR 0.946449 1262.942 1632.845 10.924

LR exhibited notably larger prediction errors than the nonlinear models. On the
original fixed split, RF achieved the lowest MAE and MAPE, whereas CatBoost achieved
the highest R2 and lowest RMSE. Across 30 repeated group-aware splits, CatBoost and
MLP NN achieved the lowest mean MAPE values (2.46 ± 0.42% and 2.94 ± 0.54%), while
RF achieved 6.35 ± 1.38% with a mean R2 of 0.969± 0.014. Since predictive accuracy was
not the only criterion for feature screening, RF was retained for its adequate performance
and direct feature importance assessment. Its rankings were further verified using SHAP
and permutation importance.

3.2. RF-Based Feature Importance

The resulting importance analysis of RF model features is given in Table 5.
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Table 5. Performance of independently trained RF models used for feature importance analysis for
each BCC type.

Connection
Type R2 [-] MAE [kg] RMSE [kg] MAPE [%] No. of

Samples
Training
Samples

Test
Samples

T-1 0.999127 135.033 157.969 1.030 180 144 36
T-2 0.982920 377.566 956.216 3.391 1495 1196 299
T-3 0.993829 216.171 563.664 1.770 3380 2704 676

Among connection types, T-1 exhibited the lowest prediction error, with a MAPE of
1.030%, followed by T-3 with 1.770%. The highest errors were obtained for T-2, which
produced the highest MAE and RMSE along with a MAPE of 3.391%.

The Spearman correlation analysis indicated that several geometric and cross-section
variables contained overlapping information. This was confirmed by the strong corre-
lations between upright cross-section moment of inertia Ixu and cross-section modulus
Wxu (ρ = 1) and between Ixu and upright cross-section area Au (ρ = 0.991). Considering
these relationships, together with the structural meaning of variables and their ability to be
expressed in semi-empirical equations, the initial set of input variables was reduced to the
four most influential structural variables, as follows:

• Upright cross-section area, Au [mm2];
• Upright cross-section moment of inertia, Ixu [mm4];
• Beam-level height, h [mm];
• Beam cross-section height, hb [mm].

Relative feature importance was evaluated using RF, SHAP and permutation impor-
tance separately for each BCC type, as presented in Table 6.

Table 6. Relative feature importance obtained using RF, SHAP and permutation importance for each
BCC type.

Connection Type Method Au [%] Ixu [%] h [%] hb [%]

T-1
RF 44.65 44.35 10.97 0.03

SHAP 35.82 36.28 27.73 0.17
Permutation 38.24 39.09 22.67 0

T-2
RF 51.22 40.55 8.07 0.16

SHAP 44.46 33.75 21.27 0.52
Permutation 49.12 33.61 17.27 0

T-3
RF 11.99 73.10 11.16 3.75

SHAP 20.91 55.46 13.92 9.710
Permutation 19.74 54.99 10.53 14.74

For T-1, upright cross-section area and moment of inertia exhibited nearly equal RF
feature importance, accounting for 44.65% and 44.35%, respectively. Upright cross-section
area was more dominant for T-2, with the feature importance at 51.22%, followed by upright
moment of inertia at 40.55%. A different distribution was obtained for T-3, where upright
moment of inertia accounted for 73.10% of the total feature importance. Beam-level height
contributed between 8% and 11% across connection types. Beam cross-section height had
negligible importance for T-1 and T-2, but reached nearly 4% for T-3 type. These variables
were then evaluated in power-law regression analysis.

SHAP and permutation importance analyses confirmed main patterns obtained using
RF importance, although they produced some differences. For T-1, Au and Ixu remained
nearly equally influential. For T-2, Au remained the leading variable, whereas Ixu remained
dominant for T-3. Both analyses also indicated a greater influence of beam-level height and
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additionally, for T-3, beam cross-section height. Retained variables were further examined
through power-law regression.

Across the 30 group-aware splits, mean R2 values of 0.888 ± 0.114, 0.916 ± 0.055 and
0.964 ± 0.014 and mean MAPE values of 9.48 ± 2.73%, 13.36 ± 3.33% and 6.78 ± 1.54% were
obtained for T-1, T-2 and T-3, respectively. Despite the stricter separation of the training
and test subsets, the original feature rankings were preserved for all BCCs, supporting the
robustness of the RF-based feature screening.

3.3. Development of Power-Law Regression Models

Four variables retained after RF screening were evaluated using the general power-law
formulation defined by Equation (11). Upright cross-section area and moment of inertia
describe properties of the same upright profile and may overlap. In order to separate the
influences of upright cross-sectional properties, alternative formulations were compared:⎧⎪⎪⎨⎪⎪⎩

(I) → Qbase = C · Ia
xu · Ab

u · hc · hd
b ,

(II) → Qbase = C · Aa
u · hb · hc

b and

(III) → Qbase = C · Ia
xu · hb · hc

b.

(16)

Model I included all influential parameters, while models II and III excluded the up-
right cross-section moment of inertia and area, respectively. Table 7 summarizes the agree-
ment between reference carrying capacities and values predicted by regression solutions.

Table 7. Comparison of possible regression solutions with corresponding agreements.

Connection
Type

Regression
Models R2 [-] MAE [kg] RMSE [kg] MAPE [%]

T-1

(I) 0.9859079 455.862 629.836 3.401

(II) 0.986310 485.812 620.774 3.816

(III) 0.9447709 1015.237 1246.876 7.195

T-2

(I) 0.9581651 1259.628 1567.923 9.332

(II) 0.9575847 1276.234 1578.909 9.71

(III) 0.8509216 2176.068 2959.804 16.069

T-3

(I) 0.9220791 1350.695 1965.859 8.498

(II) 0.8882692 1696.511 2354.031 10.638

(III) 0.9299999 1311.123 1863.266 8.483

For T-1 type, models I and II produced similar results. Model II had slightly higher
MAE and MAPE but marginally higher R2 and lower RMSE, whereas model III showed
significantly higher errors. A similar pattern was obtained for T-2 type, where excluding
Ixu resulted in only a limited change in the error, while excluding Au considerably reduced
agreement with reference capacities, indicating that this variable should be retained for
types T-1 and T-2.

For T-3 type, models I and III provided similar results, whereas excluding Ixu in
model II significantly increased all errors and reduced R2. This comparison supported the
retention of Ixu and the omission of Au for this connection type. The predictions obtained
from the adopted and alternative formulations are compared in Figure 5.
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Figure 5. Comparison of carrying capacities obtained by all power-law models for type: (a) T-1,
(b) T-2 and (c) T-3. The dotted line represents perfect agreement between the predicted and reference
carrying capacities.

After selecting the upright cross-section properties for each BCC type, the beam
cross-section height was evaluated for inclusion in the final model. For T-1 and T-2, the
estimated exponent of hb had a p-value equal to 1, indicating a negligible contribution to
the regression model. Therefore, hb was omitted from their final equations. For T-3, hb was
statistically significant, with a p-value < 0.001 and was retained. The retained equations
defined for each BCC type with appropriate coefficients are presented in Table 8.

Table 8. Retained power-law regression models and corresponding coefficients with HC3 CI.

Connection
Type Regression Equations C [95% HC3 CI] a [95% HC3 CI] b [95% HC3 CI] c [95% HC3 CI]

T-1 Qbase= C · Aa
u · hb 426.763 [334.340,

544.736]
1.166 [1.144,

1.187]
−0.542 [−0.571,

−0.513] -

T-2 Qbase= C · Aa
u · hb 180.525 [147.350,

221.170]
1.324 [1.310,

1.337]
−0.568 [−0.594,

−0.544] -

T-3 Qbase= C · Ia
xu · hb · hc

b
123.6 [107.972,

141.490]
0.604 [0.599,

0.610]
−0.620 [−0.635,

−0.605]
0.241 [0.231,

0.251]

Notes: All geometric and cross-sectional variables are expressed in millimeters, as specified in the
Nomenclature. The coefficient C is valid only for these units.
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The coefficient estimates and corresponding HC3 robust 95% confidence intervals are
presented in Table 8. The Breusch–Pagan test indicated no significant heteroscedasticity for
T-1 with p = 0.104, whereas it was detected for T-2 and T-3 with p < 0.001. Although 3.33%,
3.08% and 4.85% of observations exceeded the 4/n Cook’s distance threshold, respectively,
all values remained below 0.026, indicating that no individual observation exerted excessive
influence on the fitted models.

Nevertheless, the retained equations were still not precise enough. Systematic devia-
tions remained after applying these equations and were subsequently expressed through
grouped correction factors.

3.4. Grouped Correction Factors

After the development of power-law models, remaining deviations defined by Equa-
tion (13) were examined. For T-1 and T-2, deviations were associated with upright profile
and beam-level height, so these configurations were grouped, and denoted as k0,(u,h). Ac-
cordingly, the grouping applied to T-3 additionally included the beam group (c), and
therefore was denoted as k0,(u,h,c). These deviations showed a notable difference between
two ranges of beam cross-section heights. Beam profiles were therefore divided into
two groups:

• Profiles with beam cross-section heights below or equal to 120 mm;
• Profiles with beam cross-section heights greater than 120 mm.

Regarding the observed dependencies, variables given in Section 2.4, as also by Equa-
tions (14) and (15), are presented in Table 9, and defined separately as follows:

• G—group of the same influential variables, where⎧⎪⎪⎪⎨⎪⎪⎪⎩
Gu,h –group of T-1 and T-2, representing configurations with the same upright

profile (u) and beam-level height (h);
Gu,h,c – group of T-3, representing configurations with the same upright

profile (u), beam-level height (h) and beam group (c).

• ng—number of configurations belonging to group G, where{︄
nu,h – number of configurations for T-1 and T-2, belonging to group Gu,h;
nu,h,c – number of configurations for T-3, belonging to group Gu,h,c.

Table 9. Final semi-empirical equations per connection type.

Connection Type Semi-Empirical Equations

T-1 Qi,corr = k0,g· Qbase = k0,(u,h)· C · Aa
u · hb = k0,(u,h)· 426.763 · A1.166

u · h−0.542

T-2 Qi,corr = k0,g· Qbase = k0,(u,h)· C · Aa
u · hb = k0,(u,h)· 180.525 · A1.324

u · h−0.568

T-3 Qi,corr = k0,g· Qbase = k0,(u,h,c)· C · Ia
xu · hb · hc

b = k0,(u,h,c)· 123.5 · I0.604
xu · h−0.62 · h0.241

b

Notes: The appropriate values of k0,(u,h), k0,(u,h,c), Au, Ixu, h and hb used in this study are available
upon request.

Values of k0,g > 1 indicate the underprediction by the base model, whereas values
of k0,g < 1 indicate the overprediction. This variation represents the upright/beam-level
height-dependent deviations remaining after application of the corresponding power-
law equation. The grouped correction factors were then applied to the corresponding
predictions of the base model using Equation (15). Using Equations (7)–(10), the comparison
metrics before and after applying group correction factors are given in Table 10 and Figure 6.
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Table 10. Comparison of predicted carrying capacities before and after the application of the grouped
correction factors.

Connection Types R2 MAE [kg] MAPE [%] RMSE [kg]

T-1
base 0.986 485.812 3.816 620.774
final ≈1 ≈0 ≈0 ≈0

T-2
base 0.958 1276.234 9.710 1578.909
final ≈1 ≈0 ≈0 ≈0

T-3
base 0.930 1311.123 8.483 1863.266
final ≈1 ≈0 ≈0 ≈0

Figure 6. Comparison of predicted carrying capacities before and after the application of the grouped
correction factors for types: (a) T-1, (b) T-2 and (c) T-3.

4. Discussion
Previous experimental, numerical and analytical studies have provided a basis for

understanding the behavior of pallet rack elements, particularly through the character-
ization and modeling of M-θ characteristics of BCCs, rotational stiffness and moment
capacity [9,12–18]. Analytical and semi-empirical formulations have further demonstrated
that complex connection behavior can be represented by explicit relationships with a lim-
ited number of structural parameters. This research follows the same general principle
but shifts the focus from local connection behavior to the prediction of carrying capacity
based on numerous characteristics of rack elements. Here, ML is used to identify structural
variables that affect the prediction of carrying capacity the most. These variables are then
used to develop explicit semi-empirical equations, while the ML model itself is not retained
further as the final predictive tool. Differences identified by RF, as a chosen ML model, in
feature importance were also reflected in the subsequent regression analysis and in the
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variables retained in the final equations. This consistency supports a basis for developing
formulations for BCC types separately and examining how the structural modifications
affect the prediction of carrying capacity.

The general agreement between RF, SHAP and permutation analysis confirmed that
the identified dominant variables were not dependent on a single importance method.
Differences in their influence, particularly for the correlated Au and Ixu, reflect their over-
lapping structural information. Nevertheless, all considered methods identified upright
properties as the principal variables, with the additional relevance of hb for T-3.

For the T-1 type, upright cross-section area and moment of inertia exhibited nearly
equal RF feature importance, accounting for 44.65% and 44.35%, respectively. Neverthe-
less, the alternative power-law formulations showed that the cross-section moment of
inertia could be omitted without a notable reduction in overall model performance. This
result should not be interpreted as evidence that upright stiffness is mechanically unimpor-
tant. Instead, it indicates that the analyzed T-1 type dataset contained partly overlapping
information because both properties derive from the same cross-sectional geometry.

For T-2, upright cross-section area had the highest RF feature importance of 51.22%,
followed by moment of inertia at 40.55%. The regression analysis supported this ranking, as
excluding Ixu caused only a limited change in model agreement, while removing Au notably
increased prediction errors. Compared with T-1, the T-2 type introduced an additional row
of upright perforations, a bolted joint between beam and BEC and a modified beam profile.
These modifications resulted in a shift from the nearly equal feature importance of Au and
Ixu in T-1 toward a greater contribution of Au in T-2.

A different pattern was obtained for T-3 type. The upright cross-section moment of
inertia accounted for 73% of the total RF feature importance and was retained in the final
power-law equation. The power-law model without the upright cross-section area, Au,
produced results comparable to those containing both Au and Ixu. Therefore, the final equa-
tion retained only Ixu as the characteristic of upright. Compared with type T-2, this type
retained the same upright profiles but reintroduced a welded joint between beam and BEC
and included a broader range of slightly modified beam profiles. The observed shift from
area- to inertia-based prediction indicates a stronger alignment between carrying capacity
and upright flexural behavior within the dataset of T-3 type. Nevertheless, direct confirma-
tion that this change resulted from connection rigidity would require experimentally or
numerically calibrated rotational stiffness data. It would also connect this semi-empirical
finding with earlier experimental and numerical comparisons of types T-1 and T-2 [1].

Exponents obtained by regression analysis provide an additional quantitative inter-
pretation of the final equations. When other parameters remain constant, a 1% increase in
Au corresponds approximately to a 1.166% increase in the predicted capacity for T-1 and a
1.324% increase for T-2 type. For T-3, a 1% increase in Ixu corresponds approximately to a
0.604% increase in predicted capacity.

When it comes to the height of the beam level, it is directly related to the free buckling
length of the upright. In the analyzed configurations, increasing the height of the first beam
level raises the lowest unbraced segment of the upright, thereby reducing its stability and
carrying capacity [30]. Consistent with this structural behavior, the exponent of beam-level
height was negative for each BCC type: −0.542 for T-1, −0.568 for T-2, and −0.62 for
T-3. Therefore, among considered connections, T-3 type exhibited the greatest sensitivity
to beam-level height within the analyzed range. These exponents describe changes in
predicted carrying capacity per regression equations from Table 8, when the other param-
eters remain unchanged. The relevance of beam-level height and upright cross-section
variables is also consistent with the findings from [29], where upright length, thickness,
cross-sectional area and width were identified as important variables for axial buckling
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capacity of uprights. In this research, this perspective was extended to configurations that
additionally include BCCs and beam characteristics.

Beam cross-section height hb showed a different pattern. Its contribution was negli-
gible for T-1 and T-2 and it was therefore omitted from their final equations. In contrast,
hb showed statistical significance for T-3 type, and was retained in the final equation with
a positive exponent of 0.241. The wider range of beam profiles represented in T-3 type
may have made this influence easier to identify statistically. Earlier experimental results
have also shown that beam cross-section height affects the moment capacity and rotational
stiffness of boltless rack connections [1,10], which once again confirms its influence and
also the reliability of the obtained results.

Although the base power-law models showed close agreement with the overall carry-
ing capacities, the remaining deviations were consistent with changes in upright profile
and beam-level height. Accordingly, for T-1 and T-2 the grouped correction factor is k0,(u,h).
For T-3, an additional difference remained between the two beam cross-section height
groups, despite the inclusion of hb in the base power-law equation. The correction factor
was therefore extended to k0,(u,h,c), where (c) denotes beam cross-section profiles with
hb ≤ 120 mm and hb > 120 mm. Thus, in regression equations, there exists a general re-
lationship between beam cross-section height and carrying capacity, while the grouped
correction factor accounts for remaining differences between these two beam groups.

Regarding the results given in Table 10 and illustrated in Figure 6, the base power-law
models achieved R2 values ranging from 0.929 to 0.986 and MAPE values from 3.816% to
9.71%. The grouped correction factors were calibrated exclusively using the 80% training
subset and were subsequently applied unchanged to the corresponding configurations
in the 20% test subset. After their application, predicted carrying capacities yielded an
R2 of 1 and minimal MAE, RMSE and MAPE across all connection types. This near-exact
agreement indicates that the deviations were highly consistent within the defined groups.
However, since both subsets originate from the same technical handbook, application to
new profiles or BCCs outside the analyzed dataset would require recalibration following
the proposed procedure.

Beyond near-exact agreement with the available reference capacities, the developed
procedure has an important practical application. Carrying capacities are usually reported
only for specific beam-level heights (h), as given for T-1 in Table 2. Since beam-level height
is explicitly included in the developed power-law equations with a constant regression
exponent, the base carrying capacity can be estimated for every geometrically feasible
height corresponding to the upright perforation step of 75 mm within the analyzed range.
Each introduced height is assigned the available carrying capacities applicable within the
corresponding height interval, after which the grouped correction factor is recalibrated
using the procedure defined in Section 2.5. This extends the available carrying capacities to
configurations that are not explicitly defined in technical handbooks but can be found in
practice. At present, the database expansion and recalibration can be performed manually
by changing or adding the required beam-level height values in the existing database.
Future development could automate this process.

Because of that, several limitations should be considered when interpreting these
results. Differences observed between T-2 and T-3 can be more directly attributed to the
modified joint between beam and BEC and beam profiles, since the upright and BEC
geometry remained unchanged. In contrast, differences involving T-1 reflect the combined
effect of all modified elements and cannot be attributed to a single structural change.

In addition, each analyzed configuration combines one upright profile and one beam
profile at a time. Configurations that use different beam profiles at different levels on the
same upright were not considered, although they are common in practice. For instance,
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appropriate loads and their redistribution along the rack, considering both directions, then
need to be included. Consequently, their direct application to rack configurations should
be treated with caution. As a result, numerical modeling, such as FEM, would be suitable
for predicting such configurations because it can accurately model the entire rack structure,
including all connections and boundary conditions.

Within these limitations, the main transferable contribution is the methodological
sequence: database construction, ML-based feature screening of a large structural dataset,
development of interpretable power-law equations and grouped correction factors for
residual effects. The obtained exponents and correction factors remain specific to analyzed
structures, while the procedure can be adapted to other racks that share similar prediction
problems and, more broadly, to engineering issues with sufficiently large datasets.

5. Conclusions
The main findings of this research, together with their practical implications and

limitations, are summarized as follows:

(1) An ML-guided semi-empirical methodology that transforms available commercial
rack data into explicit equations for the prediction of carrying capacity was developed.
The methodology combines ML-based feature screening, power-law regression and
development of grouped correction factors. The main contribution is the conversion of
a large structural dataset into simplified and interpretable semi-empirical equations,
while keeping the identified importance of upright, beam, BCC and beam-level
heights. Thus, the transferable outcome of this analysis is the methodological sequence
itself, which can be applied to other racking systems using appropriate databases.

(2) An initial attempt to form a single analytical equation capable of describing the
carrying capacity of all BCC types proved insufficient. The equations were formed
separately for each BCC type. The ML-based feature importance analysis supported
this conclusion. Therefore, upright cross-section area and beam-level height were
retained for T-1 and T-2, whereas upright cross-section moment of inertia, beam-
level height and beam cross-section height were retained for T-3. Additionally, the
regression exponents quantify this influence. Change toward inertia-based prediction
for T-3 indicates a stronger association between carrying capacity and upright flexural
behavior within the analyzed dataset.

(3) Beam-level height showed a “negative influence” on carrying capacity for all equa-
tions. This is consistent with the reduction in carrying capacity associated with
increasing the free buckling length of the upright. Furthermore, the direct inclusion
of beam-level height gives the equations an important practical advantage. The base
models can generate initial carrying-capacity estimates for every geometrically feasi-
ble beam-level height corresponding to the 75 mm upright perforation step within
the analyzed range (between 1200 and 2400 mm). For these additional heights, the
existing database can be manually expanded. The available carrying capacity is as-
signed according to the corresponding height interval, and the correction factor is
recalibrated using the developed procedure. This extends the information about carry-
ing capacity to additional geometrically feasible configurations that are not explicitly
listed in technical handbooks.

(4) Deviations that remained after the regression analysis were associated primarily with
upright profile and beam-level height. The wider range of beam profiles addition-
ally revealed systematic differences between two beam cross-section height groups,
but only for the last T-3 type. Grouped correction factors accounted for all these
deviations, improving the base model agreement (R2 = 0.929–0.986) to a near-exact
agreement across all BCC types. The equations, coefficients and correction factors
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remain specific to the analyzed rack structures and to variable ranges represented
within the analyzed data.

(5) The upright height and the number of beam levels, as well as the use of various
beam profiles on the same upright, were not analyzed within this research. As
discussed in Section 2.1, this reflects the growth of possible combinations. Also, it
goes beyond the data included in technical handbooks. The equations developed
in this research are intended to support rapid, approximate estimation of carrying
capacity for configurations that combine a single upright and beam profile, consistent
with the analyzed dataset. Broader rack configurations would require appropriately
extended data and may be more suitably assessed using structural or parametric
analysis supported by numerical modeling, for example, such as FEM, which is
capable of analyzing the complete rack structure under relevant boundary conditions,
remaining a more suitable approach.

Based on these findings and the current scope of the analysis, future research can
proceed in the following directions:

• Future experimental and numerical research on T-3 should include rotational stiffness
as a measured variable. This would help determine how the influence of the upright
cross-section moment of inertia and beam geometry is related to local connection
behavior. It would also allow the influence of BCC flexibility to be separated from that
of upright and beam geometry. Finally, it would connect the present findings with the
earlier experimental and numerical comparisons of T-1 and T-2 [1].

• The methodology should be applied to the databases from other technical handbooks,
including a wider range of upright and beam profiles and connection types. This
would enable its transferability to other racking systems to be assessed and support
the development of additional simplified models.

• The expansion of the existing database with beam-level heights corresponding to the
upright perforation step and the recalibration of k0 should be automated. It would
extend their application to a larger number of geometrically feasible configurations.

• The dataset should be expanded to include the upright height and the number of
beam levels. Further, different beam profiles should be combined within the same
rack configuration. Given the growth of such configurations, this would likely require
structural or parametric analysis, supported by numerical modeling, such as FEM,
thus providing a more realistic representation of racking structures in practice.

• The methodology could be extended to the buckling analysis of upright frames in the
down-aisle and cross-aisle directions, quantifying the influence of bracing, different
connection types and their characteristics on rack stability.

Overall, the developed equations provide practical tools for estimating carrying ca-
pacity within the analyzed racking systems, while the methodological sequence offers a
transferable basis for future application to other rack and structural configurations as well.
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Abbreviations
The following abbreviations are used in this manuscript:

BCC Beam-to-Column Connection
ML Machine Learning
RF Random Forest
BEC Beam-End Connector
FEM Finite Element Method
M-θ Moment-Rotation
ANN Artificial Neural Network
LR Linear Regression
GB Gradient Boosting
XGBoost Extreme Gradient Boosting
CatBoost Categorical Boosting
MLP NN Multilayer Perceptron Neural Network
MAE Mean Absolute Error
RMSE Root Mean Square Error
MAPE Mean Absolute Percentage Error
SHAP SHapley Additive exPlanations
Nomenclature
T-1, T-2 and T-3 analyzed beam-to-column connection types
hu [mm] the upright cross-section height
bu [mm] the upright cross-section width
tu [mm] the upright wall thickness
hb [mm] the beam cross-section height
tb [mm] the beam wall thickness
hc [mm] the BEC height
Au [mm2] the upright cross-sectional area
Ixu [mm4] the upright cross-section moment of inertia about principal axis x
Wxu [mm3] the upright cross-section modulus about the principal axis x
h [mm] beam-level height
nh [-] number of hooks
np [-] the number of perforations on uprights
p [mm] the upright perforation step
R2 [-] coefficient of determination
n [-] number of samples in the evaluated data subset
Yi,ref [kg] reference target value for ith sample
Yi,base [kg] predicted target value for ith sample
Yref [kg] the mean reference target value
Yi,corr [kg] the corrected target variable
C unit-dependent power-law regression constant
Xi ith input variable included in the power-law model
ai [-] regression exponent associated with Xi

m [-] number of input variables included in the power-law model
ki [-] individual correction ratio for ith configuration
k0,g [-] the grouped correction factor for group G
G [-] the group of the same influential variables
ng [-] the number of training configurations belonging to group G
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u [-] upright-profile identifier
c [-] beam cross-section height group identifier for T-3

Gu,h [-]
group of T-1 and T-2, representing configurations with the same upright
profile (u) and beam-level height (h)

Gu,h,c [-]
group of T-3, representing configurations with the same upright profile (u),
beam-level height (h) and beam group (c)

nu,h [-] number of training configurations for T-1 and T-2, belonging to group Gu,h

nu,h,c [-] number of training configurations for T-3, belonging to group Gu,h,c

Qbase [kg] carrying capacity predicted by the retained base power-law model
Qi,corr [kg] carrying capacity predicted by the corrected semi-empirical model
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