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1. Introduction 10pt 
 

Steel-concrete composite (SCC) beams incorporating 

steel profiles with elliptically-based web openings represent 

an efficient structural solution that combines the advantages 

of composite action with the benefits of optimized web 

openings. The version of steel perforated beams (Fig. 1) 

was developed and patented, GB 2492176 (Tsavdaridis and 

D’Mello 2012a), and they are also commercially available 

under the name “Herculean” by SC41. The proposed web 

openings are derived from traditional hexagonal 

castellations, which are widely recognized as one of the 

most efficient shapes for dividing a plane into equal areas 
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with minimal perimeter, offering superior material 

efficiency compared to circular forms (Hales 2001). The 

fabrication process follows the conventional thermal cutting 

and welding procedure used to produce expanded beam 

sections, with additional semicircular cuts introduced at the 

top and bottom edges prior to profile separation. This 

results in local material removal while combining geometric 

efficiency with improved stress distribution. This optimised 

shape allows for deeper and more closely spaced openings 

without compromising web-post stiffness, contributing to 

lighter beams, reduced material waste, and improved 

deflection control. As a result, such beams are particularly 

suitable for long-span applications such as open roofs and 

pedestrian bridge decks (Tsavdaridis and D’Mello 2011, 

2012b). 
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Abstract.   This study presents a machine learning framework for predicting the lateral-distortional buckling resistance of 

steel-concrete composite beams with optimised elliptically-based web openings. Current design codes, such as EN 1993-1-13, 

do not address perforated beams with vertical elliptical web openings while there is a growing demand for vertical ellipses as 

they overperform in several failure modes. To overcome this limitation, a high-fidelity numerical database comprising 360 finite 

element simulations was developed, incorporating material and geometric nonlinearities and validated against experimental 

results. An artificial neural network combined with particle swarm optimization was trained using eleven geometric and 

mechanical input parameters to estimate the lateral-distortional buckling resistance. The model achieved high accuracy and 

outperformed standard code-based predictions. To enhance engineering interpretability, SHapley Additive exPlanations were 

used to identify the most influential parameters. A user-accessible web-based tool was developed for practical applications. A 

reliability analysis based on Annex D of EN 1990 (2002) was performed to evaluate the proposed design method and 

recommend a partial safety factor for the lateral–distortional buckling resistance of steel-concrete composite beams with 

elliptically-based web openings. The proposed framework provides a robust and accurate alternative for evaluating the lateral-

distortional buckling resistance of composite perforated beams. 
 

Keywords:   steel-concrete composite beams; elliptically-based web openings; lateral distortional buckling; machine 

learning 
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Fig. 1 Parameters of elliptically-based web openings in a 

steel beam 

 

In structural systems where rigid or semi-rigid 

connections are often required, while composite beams are 

commonly subjected to negative bending moments 

(hogging moments) near the supports. Consequently, the 

concrete slab is under tension while the lower flange of the 

steel profile resists compressive stresses, increasing the 

susceptibility to local and global buckling phenomena. 

Among these, lateral-distortional buckling (LDB) stands out 

Chen and Wang (2012), Dietrich et al. (2019) and 

(Hosseinpour et al. 2022). Lateral distortional buckling is 

characterised by a combination of lateral displacement (δ) 

and rotation (θ) of the laterally unrestrained compressed 

lower flange. This phenomenon is induced by web 

distortion when the web lacks sufficient stiffness to resist 

lateral bending, leading to a reduction in the load-carrying 

capacity of continuous and semi-continuous composite 

beams under negative bending (Chen and Jia 2010; Rossi et 

al. 2020). In addition to LDB, beams may also experience 

local flange buckling (LFB) and combined global-local 

failures (Johnson and Fan 1991; Johnson and Chen 1993; 

Rossi et al. 2021b, 2023). The presence of web openings 

further amplifies the susceptibility of the steel profile to 

buckling, in particular, web distortion (WD), web-post 

buckling (WPB), local web buckling (LWB), and their 

interactions (Kruger et al. 1995; Ferreira et al. 2022a). 

Notably, the design codes for steel and composite elements, 

such as Eurocode 3 – EN 1993-1-1:2022, Eurocode 4 – EN 

1994-1-1:2026, the Australian standards AS/NZS2327-2017 

and AS 4100-1998, as well as the American specifications 

ANSI/AISC Design Guide 31 (Fares et al. 2016) and 

AASHTO 2017  and the Brazilian code ABNT NBR 

8800:2024 do not provide a common design approach for 

evaluating the interaction of multiple buckling modes. 

Additionally, most standards are restricted to verifying LDB 

in composite beams with solid (non-perforated) web, 

without addressing the design of perforated steel beams. 

Similarly, design guidelines related to steel and composite 

beams with web openings, such as SCI P355 (Lawson and 

Hicks 2011), BS EN 1993-1-13:2024, and the previously 

mentioned AISC Design Guide 31, do not include 

verification procedures for LDB, nor do they contemplate 

the specific case of bare steel or composite beams with the 

particular optimised vertical elliptical web openings. 

However, some studies focus on the experimental 

analysis of steel-concrete composite beams with web 

openings subjected to hogging bending moments (Salah 

2009; Ma et al. 2019; Geng et al. 2023; de Oliveira et al. 

2025). Overall, LDB has been identified as the predominant 

failure mode, especially in beams with higher global 

slenderness and when subjected to uniform or high-gradient 

hogging moments. In contrast, beams with lower global 

slenderness were more susceptible to web-post buckling, 

and in certain cases, the occurrence of compressed tee 

yielding (CTY) and the Vierendeel mechanism (VM) have 

been examined. Findings in the literature confirm the 

identified failure mechanisms and the influence of 

geometric parameters such as global slenderness and tee 

height (Gizejowski and Khalil 2010; Gizejowski and Salah 

2011; Oliveira et al. 2022; de Oliveira et al. 2023a, 2024a). 

These studies often also propose predictive models for 

estimating the ultimate moment associated with LDB, 

employing both the Direct Strength Method (Gizejowski 

and Khalil 2010; Gizejowski and Salah 2011) as well as 

advanced machine learning (ML) techniques (de Oliveira et 

al. 2024a). 

With regards to perforated beams with vertical 

elliptically-based web openings, Tsavdaridis and D'Mello 

(Tsavdaridis and D’Mello 2011, 2012b) have carried out the 

only available test program accompanied by numerical 

simulations for steel beams (non-composite). The results 

demonstrated that the use of these unique web opening 

shapes enhances the load-bearing capacity by mobilising 

the formation of the shear plastic hinges closer to the 

neutral axis, while their intensity is reduced at same loads, 

with all specimens ultimately failing by web-post buckling 

(WPB) and not the Vierendeel mechanism which is critical 

when large web openings are utilised. Subsequent 

numerical studies proposed predictive models for WPB 

resistance, including adjustments to effective length 

(Ferreira et al. 2022b), artificial neural networks (Shamass 

et al. 2022), and ML approaches for high-strength steel 

applications (Ferreira et al. 2023; Rabi et al. 2024). 

Furthermore, Santos et al. (2025) studied numerically 

composite beams with vertical elliptically-based web 

openings under sagging moments, observing WPB and 

plasticisation due to Vierendeel bending as dominant failure 

modes.  

In general, determining the LDB strength of composite 

beams require calculating the elastic distortional critical 

moment. Both the previous version of Eurocode 4 – EN 

1994-1-1:1992 and ABNT NBR 8800:2008 adopted the 

analytical method proposed by (Roik et al. 1990) for this 

purpose. However, studies of composite beams without web 

openings have reported discrepancies between the elastic 

distortional critical moments obtained numerically and 

those predicted by Roik et al. (1990) (Ye and Chen 2013; 

Zhou et al. 2016; Dias et al. 2019; Rossi et al. 2020, 2023). 

More recently, the updated ABNT NBR 8800:2024 replaced 

this approach with the methodology proposed by Dias et al. 

(2019). In addition, research around composite cellular 

beams has identified similar discrepancies, with numerical 

results of the elastic distortional critical moment diverging 

significantly from the analytical predictions proposed by 

Roik et al. (1990) and Dias et al. (2019), with average 

differences reaching up to 54% and 68% lower, respectively 

(de Oliveira et al. 2023b, 2024b). Therefore, the use of 

these methodologies to estimate the elastic distortional 

critical moment can lead to inaccurate strength predictions 
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of composite beams with and without web openings under 

hogging moments. More recently, authors have been 

utilising artificial intelligence algorithms, such as artificial 

neural networks (ANN), to determine the LDB resistance 

capacity through databases containing information on the 

behaviour of unperforated composite beams (Hosseinpour 

et al. 2022; Rossi et al. 2022) as well as perforated ones (de 

Oliveira et al. 2024a). Recent inverse ML work has also 

addressed the design of perforated beams by predicting 

parent sections and material properties from target 

structural requirements (Sarfarazi et al. 2026b). Beyond 

composite beams, neural networks and other ML models 

have also been used for several related buckling problems 

in steel members and thin-walled structural components. 

Tohidi and Sharifi (2015) developed neural-network models 

for assessing the inelastic distortional buckling capacity of 

steel I-beams, while Hosseinpour et al. (2020) applied 

neural networks to the distortional buckling capacity of 

castellated steel beams. Dias and Silvestre (2011) proposed 

a neural-network-based closed-form solution for the 

distortional buckling of elliptical tubes, showing the 

suitability of ANN models for instability problems 

involving complex cross-sectional geometry. For beams 

with web openings, Abambres et al. (2018) proposed a 

neural-network-based formula for predicting the buckling 

load of I-section cellular steel beams, and Sharifi et al. 

(2019) developed an ANN-based practical formula for the 

lateral-torsional buckling strength of cellular steel I-beams, 

including a comparison with AS 4100 and a sensitivity 

analysis based on Garson’s algorithm. More recently, 

Degtyarev and Tsavdaridis (2022) used ML algorithms to 

predict the buckling and ultimate load capacity of 

perforated steel beams. Hajdú et al. (2024) investigated ML 

models for estimating the elastic-critical buckling moment 

of sinusoidal corrugated web beams, while Couto (2022) 

developed neural-network models for the critical bending 

moment of uniform and tapered beams. These studies 

confirm that data-driven models can provide accurate 

resistance predictions for buckling-sensitive steel members 

when the training database is mechanically consistent and 

covers the relevant design space. Beyond resistance 

prediction, AI-assisted and optimisation-based workflows 

have also been applied to structural design problems such as 

cable-force optimisation in suspended bridges and 

automated reinforcement design of concrete beams (Rabi et 

al. 2025; Mascolo et al. 2025). However, a predictive 

equation or ML approach for LDB verification of composite 

beams with optimised elliptically-based web openings is 

still lacking. 

Consequently, this study presents a ML framework for 

predicting the LDB resistance of such composite beams. A 

high-fidelity numerical dataset including 360 FE samples 

was compiled using ABAQUS to accurately represent 

essential structural behaviour under hogging moments 

where LDB considered as the primary failure mechanism. 

The influence of local and global instability modes 

including CTY, WPB, and local buckling was considered in 

the modelling process. A supervised learning approach 

based on artificial neural networks (ANNs) was adopted to 

learn the nonlinear mapping between geometric and 

mechanical parameters and the ultimate moment (Mu). To 

ensure optimal performance, the ANN architecture was 

fine-tuned using Particle Swarm Optimisation (PSO), 

focusing on six hyperparameters including layer sizes, 

learning rate, dropout rate, and activation function. The 

resulting model demonstrated strong generalisation across a 

5-fold cross-validation scheme, and its predictions were 

benchmarked against code-based estimates. To improve 

transparency and engineering interpretability, post-hoc 

model explanation was performed using SHapley Additive 

exPlanations (SHAP) algorithm, revealing the relative 

influence of each design parameter on predicted LDB 

resistance. Finally, the trained model was deployed as an 

interactive web-based tool using Streamlit, which allows 

users to input beam configurations and instantly obtain Mu 

predictions. These contributions provide a robust and 

interpretable AI-assisted framework for the design and 

evaluation of composite beams with non-standard web 

opening geometries. 

 

2. Data description 
 

The numerical database was generated via finite element 

(FE) analyses in ABAQUS, combining Linear Buckling 

Analysis (LBA) and Geometrically and Materially 

Nonlinear Analysis with Imperfections Included (GMNIA). 

Initially, an LBA was performed to identify the elastic 

critical moment and buckling mode. The first eigenmode 

was then introduced as a geometric imperfection in the 

nonlinear analysis, which accounted for material and 

geometric nonlinearities, including residual stresses. The 

static Riks method was used to capture the nonlinear 

response, enabling the determination of static equilibrium 

states throughout the unstable response phase. 

 
2.1 Finite Element Model 
 

The beams were discretised using solid elements for the 

concrete slab, actuator, and shear connectors, shell elements 

for the steel profiles, and truss elements for the 

reinforcement bars. Boundary conditions replicated the 

experimental setup proposed by Tong et al. (2014), with 

simply supported beams composed from a central span and 

two cantilevers (1m each), displacement constraints were 

applied according to previous numerical studies (Rossi et al. 

2020, 2021b; Oliveira et al. 2022; de Oliveira et al. 2024a). 

To accurately capture LDB behaviour while simplifying the 

system, the lateral displacement of the concrete slab was 

restrained, and the upper steel flange was assumed to have 

full rotational and lateral restraint provided by the slab 

(Weston et al. 1991; Bradford 1998; Bradford and Kemp 

2000). Loading was applied on one or both cantilevers 

depending on the bending moment distribution. Material 

nonlinearity was incorporated using a quadrilinear stress–

strain relationship for the steel profile proposed by Yun and 

Gardner (2017) (Fig. 2(a)), a bilinear model with hardening 

for the reinforcement (Fig. 2(b)), and a bilinear model 

without hardening for the shear connectors (Fig. 2(c)). For 

concrete, Concrete Damage Plasticity (CDP) model was 

adopted, with plasticity parameters defined as fallows: a 
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dilation angle (ψ) of 36° (Ferreira et al. 2021; Rossi et al. 

2021a, b), eccentricity (ξ) of 0.1 , a ratio of initial 

equibiaxial compressive yield stress to initial uniaxial 

compressive yield stress (σb0∕σc0) of 1.16, a ratio of the 

second stress invariant on the tensile meridian to that on the 

compressive meridian (kc) of 0.667, with the latter three 

values corresponding to the default values defined in the 

software. The viscosity factor (μ) was introduced as 0.001 

according to the literature (Ferreira et al. 2021; Rossi et al. 

2021a, b). Compressive and tensile behaviours followed the 

Kordina et al. (2010) (Fig. 3) and (Cornelissen et al. 1986) 

(Fig. 4), respectively. Normal and tangential contact 

interactions were defined, using a Coulomb friction 

coefficient of 0.4 between steel and concrete elements 
(Wijesiri Pathirana et al. 2016). Reinforcement–concrete 

interaction was modelled via the embedded element 

technique, and shear connectors-steel profile interaction 

was defined using a tie constraint. An initial geometric 

imperfection (L/1,000) was introduced using the first 

eigenmode from linear buckling analysis (Zhou and Yan 

2017; Rossi et al. 2021a). Residual stresses were 

implemented according to Sonck and Belis (2015). To 

validate the numerical models, the experimental tests 

conducted by Tong et al. (2014) on SCC beams without 

web openings were used and these will be described below. 

 

 
Fig. 4 Stress-cracking opening relationships of concrete 

under tension, adapted from by (Cornelissen et al. 

1986) 

 
2.2 Validation Results 

 
The validation of the numerical models followed the 

modelling approach described earlier, with adaptations 

including the use of longitudinal symmetry and the residual 

stress model proposed by Galambos and Ketter (1959). The 

validation results shown in Fig. 5, based on the maximum 

hogging moment through the rotation (θ) at the mid-depth 

of the steel profile in the support region indicated relative 

errors between the FE model and tests (MFEM/MTest-1) of 

0.7%, -2.2%, -0.1%, and 2.5% for models B3.0-350-1, 
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Fig. 2 Stress-strain curves adopted for the steel elements (Zonta et al. 2026) 

 

  
(a) Linear elastic (b) Stress-strain curve 

Fig. 3 Stress-strain relationships of concrete under compression, adapted from Kordina et al. (2010) 
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B4.2-350-1, B4.2-350-1-C, and B4.2-400-1, respectively. 
All analysed beams failed by lateral-distortional buckling, 

consistent with the experimental observations, as illustrated 

in Fig. 6 for beam B4.2-350-1. According to the C1 and C2 

criteria (EN 1993-1-14), the steel profile reached 

logarithmic strains between 0.19% and 2.4%, while peak 

strains of 0.44% in the connectors and 0.30% in the 

reinforcement bars were also observed. 
 

 

2.3 Parametric study 
 

A total of 360 models was development to evaluate the 

influence of several factors on the LDB resistance. The 

variables considered include the dimensions of steel profiles 

UB 305x102x25, UB 457x152x52, and UB 533x210x122, 

the unrestrained length (L), the geometric parameters of the 

openings, opening height (h₀), radius (R), width (a0), and 

web post width (s0), as shown in Table 1, while two 

hogging moment distributions are employed (Fig. 7): the 

uniform hogging moment and the gradient hogging moment. 

Finally, the cross-section is presented in Fig. 8. Full shear 

interaction was assumed for all models, since studies by 
Tong et al. (2014) and Zhou and Yan (2017). An indicated 

that the degree of shear connection has an insignificant 

effect on LDB strength. The modelling strategy for the 

parametric analysis was presented in Section 2.1, and the 

material properties are summarised in Table 2. 

 

 

 

 

 

 

 

 

 

Table 1 Analysed parameters in parametric study (Zonta et 

al. 2026).   

Parameter Variability 

Profile 
UB 305x102x25; UB 457x152x52; 

UB 533x210x122 

Opening height (h0/h) 0.65; 0.85 

Opening radius (R/h0) 0.10; 0.15; 0.20; 0.25; 0.30 

Opening width (a0/h0) 0.25; 0.35; 0.45; 0.55; 0.65 

Web post width (s0/h0) 0.20; 0.30; 0.40; 0.50; 0.60 

Unrestrained length (L) 4 m; 6 m 

Hogging moment distribution (1-1); (1-0) (Fig. 7) 

  
(a)  B3.0-350-1 (b) B4-2-350-1 

  
(c) B4.2-350-1-C (d) B4.2-400-1 

Fig. 5 Experimental vs. FEM moment-rotation relationships for validation study (Zonta et al., 2026) 

 

  
Fig. 6 FEM and experimentally observed failure mode (Zonta et al. 2026) 
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Fig. 7 Hogging moment distribution (Zonta et al. 2026) 

 

 
Fig. 8 Parametric models’ cross-section (units in mm) 

(Zonta et al. 2026) 

 

Table 2 Materials strength values used in parametric study 

(Zonta et al. 2026) 

Part E (MPa) v 
fck 

(MPa) 

fy 

(MPa) 

fu 

(MPa) 

Concrete slab - 

Strength class C30/37 
23,738* 0.2 30 - - 

Steel S355 200,000 0.3 - 355 490 

Reinforcement bar 210,000 0.3 - 500 550 

Shear connector 200,000 0.3 - 345 - 

*Value of the concrete longitudinal elastic modulus 

calculated according to the methodology presented in the 

International Federation for Structural Concrete (FIB) 

Model Code 2010 (Kordina et al. 2010). 

 

All 360 models were evaluated for inelastic responses. 

The predominant failure mode was a combination of LDB 

and CTY. In some models, particularly those exhibiting 

local web buckling in the first elastic mode, WPB was also 

observed. One model under gradient hogging moment was 

excluded from the ML dataset, as it did not show LDB but 

instead failed due to a combination of CTY, WPB, WPY, 

and local buckling. Beams under uniform hogging moments 

primarily failed by LDB or LDB combined with CTY, while 

in some cases in combination with WPY near peak loads. 

Additional failure modes were more frequent in beams with 

the UB 533×210×122 profile under gradient moment, due 

to its higher load capacity and ability to redistribute stresses 

 

3. Design Calculations 
 

This section examines the analytical procedures adopted 

by the European EN 1994-1-1:2024 and the Brazilian code 

ABNT NBR 8800:2024 for assessing the LDB resistance 

capacity (Mu). For all composite beams studied in this paper, 

the Mu was calculated based on the equations provided by 

European (EN 1994-1-1:2024/EN 1993-1-1:2022) and 

Brazilian (ABNT NBR 8800:2024) standards. Both codes 

estimate the Mu by a applying a reduction factor (χLT) to the 

design bending resistance (MRd). According to EN 1994-1-

1:2024 the reduction factor should be obtained from the 

general method defined in EN 1993-1-1:2022. Recent 

studies conducted by Hajdú and Papp (2022) demonstrated 

that the general method is appropriate and robust for 

predicting the global buckling resistance of regular hot-

rolled steel beam-columns. However, in steel-concrete 

composite beams, several studies have shown that this 

general approach may lead to conservative results for Mu, 

both for unperforated composite beams (Rossi et al. 2020, 

2021a, 2023) and for perforated composite beams (Piassi et 

al. 2018; Oliveira et al. 2022; Zonta et al. 2026). One 

possible explanation of this conservatism lies in the 

buckling curves used in EN 1993-1-1:2022, which were 

originally developed for axially compressed steel columns 

and may not fully capture the structural behaviour of 

composite beams. In this context, EN 1993-1-1:2022 also 

allows the use of an alternative approach for determine the 

LTB reduction factor, specifically for doubly symmetric I-

sections. This method generates a buckling curve tailored to 

the geometry and slenderness of each cross-section. Due to 

its greater specificity and potential for improved accuracy in 

predicting LDB resistance, this formulation was also 

adopted in the present study for comparison purposes and is 

referred to herein as the "specific case. 

All equations are summarised in Table 3. It is 

highlighted that none of these design procedures 

specifically address composite beams with elliptically-

based (or elliptical) web openings, while originally 

developed for solid-webbed composite beams. In this 

context, some adaptations were necessary for the analysis. 

The geometric properties of the composite beams with the 

optimised web openings and the calculation of MRk were 

based on the cross-section taken at the location of the web 

opening where its height reaches the maximum value. At 

this point, the steel cross-section is reduced to its minimum 

net area, representing the most critical section in terms of 

bending resistance. 
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MRk is the characteristic bending moment resistance for 

the cross-section, defined as the plastic moment of the 

composite section without applying safety coefficients Eq. 

(1) and MRd is the design bending moment resistance, 

incorporating safety coefficients (1.1 for the steel profile 

and 1.15 for the reinforcement bars) to account for material 

and loading uncertainties; αLT is the imperfection factor 

taken as 0.34 according to EN 1993-1-1:2022 for the 

general case, Wel,y and Wel,z are the elastic section modulus 

for bending about y-y and z-z axis, respectively; NRk is the 

characteristic value of the resistance to axial force; Ncr is the 

elastic critical axial force for the relevant buckling mode 

based on the gross cross-sectional properties; λ̅ z is the 

relative slenderness for weak axis flexural buckling; fM is a 

factor that accounts for the effect of the bending moment 

distribution between discrete lateral restraints; χLT is the 

reduction factor; λ̅LT the reduced slenderness ratio and ϕLT 

stability coefficient factor; Mu,dist is the distortional ultimate 

moment, considered as the resistant bending moment for the 

cross-section (MRd) multiplied by the reduction factor (χLT). 

 

𝑀𝑅𝑘 = 𝐴𝑏𝑎𝑟𝑓𝑦,𝑏𝑎𝑟𝑑3 + 𝐴𝑠𝑡𝑓𝑦𝑑4 + 𝐴𝑠𝑐𝑓𝑦𝑑5 (1) 

 

where, Abar is the total steel area of the reinforcement bars 

positioned longitudinally in the composite beam; fy,bar is the 

characteristic yield strength of the reinforcement bars steel; 

Ast is the tensile area of the steel profile section; fy is the 

characteristic yield strength of the steel profile; Asc is the 

compressed area of the steel profile section; d3 is the 

distance from the geometric centre of the longitudinal 

reinforcement to the plastic neutral axis (PNA); d4 is the 

distance from the PNA to the tensile force, located at the 

geometric centre of the tensile area of the profile section; d5 

is the distance from the PNA to the compressive force, 

located at the geometric centre of the compressed area of 

the steel profile section.  

To estimate the elastic critical moment (Mcr), both 

design codes recommend an inverted-U frame model, where 

the bottom flange is idealised as a compressed beam and the 

web is represented by a system of discrete springs (Oliveira 

et al. 2021). Although the European standard (EN 1994-1-

1:2024) does not provide an explicit equation for Mcr, it 

recommends a calculation method based on the inverted-U 

model. Similarly, the Brazilian standard (ABNT NBR 

8800:2024) adopts the methodology proposed by Dias et al. 

(2019) for determining Mcr. In addition to these analytical 

approaches, both codes also permit the use of Mcr obtained 

through linear buckling analysis. Accordingly, in this study, 

Mcr was determined using both the analytical formulation 

by Dias et al. (2019) and the results from linear buckling 

analyses performed in the parametric study. 

 

4. Model Development and Hyperparameter 
Diagnostics for PSO-Optimised ANN 
 

4.1 ANNs for Predicting LDB Resistance 
 

ANNs are data-driven models inspired by the 

architecture of the human (Abdel-aziem and Soliman 2023). 

They are particularly suitable for tasks where the 

relationship between inputs and outputs is complex, 

nonlinear, and governed by multiple interacting parameters 

(Abiodun et al. 2018). In structural engineering, this makes 

ANNs a powerful tool for predicting failure modes, such as 

LDB, which are difficult to capture using conventional 

analytical formulations. Recent studies have further shown 

the value of AI-based models in structural engineering tasks, 

including dynamic characterisation of composite panel 

structures (Sarfarazi et al. 2026a) and automated design 

optimisation of reinforced concrete beams (Rabi et al. 2025). 

In this study, a feedforward ANN model was developed to 

estimate the ultimate bending resistance (Mu) of composite 

perforated beams with vertical elliptically-based web 

openings. The prediction is based on eleven input variables 

including geometric, mechanical, and structural properties. 

These include section height (h), web thickness (tw), flange 

width (bf), flange thickness (tf), global slenderness 

parameters (λ and λLT), effective depth (h0), opening radius 

Table 3 Procedures for determining the LDB resistance of SCC beams 

ABNT NBR 8800:2024 
EN 1994-1-1:2024 

(General case) 

EN 1994-1-1:2024 

(Specific case) 

𝑀𝑢,𝑑𝑖𝑠𝑡 = 𝜒𝐿𝑇𝑀𝑅𝑑 𝑀𝑢,𝑑𝑖𝑠𝑡 = 𝜒𝐿𝑇𝑀𝑅𝑑 𝑀𝑢,𝑑𝑖𝑠𝑡 = 𝜒𝐿𝑇𝑀𝑅𝑑 

𝜆̅𝐿𝑇 >  1,5 ∶  𝜒𝐿𝑇 = 0,877/𝜆𝐿𝑇
2  𝜒𝐿𝑇 = [𝜙𝐿𝑇 + √𝜙𝐿𝑇

2 − 𝜆̅𝐿𝑇
2 ]

−1

≤ 1 
𝜒𝐿𝑇 =

𝑓𝑀

𝜙𝐿𝑇 + √𝜙𝐿𝑇
2 − 𝑓𝑀𝜆̅𝐿𝑇

2

≤ 1 

𝜆̅𝐿𝑇 ≤  1,5 ∶  𝜒𝐿𝑇 = 0,658𝜆𝐿𝑇
2

 𝜙𝐿𝑇 = 0.5[1 + 𝛼𝐿𝑇(𝜆̅𝐿𝑇 − 0,2) + 𝜆̅𝐿𝑇
2 ] 𝜙𝐿𝑇 = 0.5 [{1 + 𝑓𝑀 [(

𝜆̅𝐿𝑇

𝜆̅𝑧

)

2

𝛼𝐿𝑇(𝜆̅𝑧 − 0.2) + 𝜆̅𝐿𝑇
2 ]}] 

𝜆̅𝐿𝑇 = √
𝑀𝑅𝑘

𝑀𝑐𝑟
 𝜆̅𝐿𝑇 = √

𝑀𝑅𝑘

𝑀𝑐𝑟
 𝜆̅𝐿𝑇 = √

𝑀𝑅𝑘

𝑀𝑐𝑟
 

 
 

 
𝜆̅𝑧 = √

𝑁𝑅𝑘

𝑁𝑐𝑟
 

  𝛼𝐿𝑇 = 0.12√
𝑊𝑒𝑙,𝑦

𝑊𝑒𝑙,𝑧
   𝑏𝑢𝑡: 𝛼𝐿𝑇 ≤ 0.34 

  𝑓𝑀 =
1.0 ∶ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚 ℎ𝑜𝑔𝑔𝑖𝑛𝑔 𝑚𝑜𝑚𝑒𝑛𝑡 (1 − 1)
1.25: 𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡 ℎ𝑜𝑔𝑔𝑖𝑛𝑔 𝑚𝑜𝑚𝑒𝑛𝑡 (1 − 0)
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(a0), post width (s0), load eccentricity (se), and moment 

gradient factor (Cb). These inputs were selected based on 

prior parametric studies and physical understanding of LDB 

behaviour in beams with complex openings. 

The chosen ANN architecture follows a fully connected 

Multi-Layer Perceptron (MLP) structure, comprising an 

input layer, multiple hidden layers, and a single-output node 

that signifies the predicted Mu (Sarfarazi et al. 2025a). Each 

hidden layer applies a nonlinear transformation to its inputs 

using an activation function. In this work, both ReLU (Jin et 

al. 2020) and Hyperbolic Tangent (Tanh) (Lau and Hann 

Lim 2018) activation functions were included in the search 

space, with the optimal choice determined during model 

optimisation. These functions are known to improve 

learning by introducing nonlinearity and preventing 

gradient vanishing problems, especially in deep 

architectures. 

To enhance the training dynamics and improve 

convergence stability, batch normalisation layers were 

included between hidden layers. This technique normalises 

the output of each layer across the batch dimension, which 

reduces internal covariate shift and allows the model to 

train faster and more reliably. Additionally, dropout 

regularisation was considered during training to reduce 

overfitting and improve generalisation. By randomly 

deactivating a fraction of the neurons during each training 

step, dropout encourages the network to learn more robust 

patterns rather than memorising specific data points. 

The MSE loss function was used to train the network. 

This is a common choice for regression tasks that penalises 

large deviations between predicted and true values. MSE is 

particularly useful in engineering applications where precise 

magnitude predictions are important. The optimisation of 

network weights was performed using the AdamW 

algorithm (Zhang 2018). This algorithm is a variant of 

Adam that decouples weight decay from the learning rate 

and has shown better generalisation performance in deep 

learning settings. 

Standard scaling was used to standardise both the input 

and output characteristics so that training would be steady 

and effective (Sarfarazi et al. 2024). This preprocessing 

step improves numerical stability and ensures that all 

features contribute equally to the learning process. The 

trained model, along with the fitted scalers, was saved to 

enable reproducibility and consistent evaluation on unseen 

data. 

The ANN model is the main predictive engine of this 

study. It shows the nonlinear relationships between complex 

beam geometries and their LDB resistance. Its flexibility, 

combined with robust learning dynamics and regularisation 

strategies, makes it a suitable choice for modelling 

structural behaviour in SCC beams with non-standard 

features such as the elliptically-based web openings. 

 

4.2 Hyperparameter Tuning and Model Training 
Using Particle Swarm Optimisation 

 

To enhance the precision and generalisability of the 

proposed ANN model, a metaheuristic optimisation 

approach was employed to adjust the network’s architecture 

and learning parameters. In this study, the Particle Swarm 

Optimisation (PSO) algorithm (Kennedy and Eberhart) was 

selected to perform this task. PSO is a population-based 

algorithm that simulates the social behaviour of flocks or 

swarms in nature. Its stochastic and adaptive search 

characteristics make it well suited for handling non-convex 

and high-dimensional design spaces, such as those involved 

in ANN training.  

The goal of the optimisation was to determine the most 

effective combination of the following six hyperparameters: 

the number of neurons in three hidden layers, the learning 

rate, dropout rate, and activation function. Each candidate 

configuration proposed by the PSO was evaluated by 

training a feedforward ANN for 50 epochs on a random 80% 

split of the data and calculating the mean squared error 

(MSE) on the remaining 20% validation set. This quick 

inner loop enabled the optimiser to estimate performance 

efficiently while keeping the computational cost 

manageable. 

The search space boundaries were defined as follows: 

the first hidden layer could take between 128 and 512 

neurons, the second between 64 and 256, and the third 

between 32 and 128. The learning rate was allowed to vary 

continuously from 1×10⁻⁵ to 0.002. Dropout was optimised 

within the 0.1–0.5 range. The activation function was 

encoded as a binary option (0 for ReLU and 1 for Tanh), 

allowing the optimiser to explore both activation types. The 

PSO ran with a swarm of 7 particles and was iterated over 

60 cycles. Standard values for inertia weight and 

cognitive/social parameters were used to balance 

exploration and exploitation. 

The best solution found by PSO yielded the following 

architecture: three hidden layers with (492, 255, 128) 

neurons respectively, a learning rate of 0.001691, dropout 

of 0.13, and ReLU as the selected activation function. This 

configuration was used to train the final model from scratch 

on the full dataset. The training process used the AdamW 

optimiser with a fixed weight decay of 1×10⁻⁵ to prevent 

overfitting. Input and output variables were normalised 

using StandardScaler before training. The model was 

trained for up to 800 epochs, but early stopping with a 

patience of 50 epochs was enabled to prevent unnecessary 

training once convergence was achieved. The best weights 

(based on training loss) were saved automatically. 

To assess the generalisation ability of the tuned model, a 

5-fold cross-validation procedure (Sarfarazi et al. 2025b) 

was carried out. In each fold, the model was re-initialised, 

retrained, and tested on a unique 20% split of the data. 

Evaluation metrics included R², MAE, and RMSE, 

computed using unscaled predictions. These metrics were 

reported separately for each fold, and the average 

performance was used as the final benchmark. 

The adequacy of the numerical database was assessed 

through several generalisation checks. The 360 simulations 

were generated within a controlled parametric design space 

covering the main variables affecting LDB, including steel 

profile size, opening geometry, web-post width, 

unrestrained length, and hogging moment distribution. In 

addition, the dataset was filtered to retain cases governed by 

LDB or LDB combined with related mechanisms such as 
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CTY and WPB. The trained ANN was then evaluated using 

5-fold cross-validation, independent train/test metrics, 

residual analysis, SHAP-based interpretation, and reliability 

analysis according to Annex D of EN 1990. These checks 

confirmed stable prediction accuracy, limited bias, and 

physically consistent feature importance within the 

investigated design domain. 

All critical model components including the trained 

network (PSO_ANN_best_model_Forward.pth), data 

scalers (feature_scaler.pkl, target_scaler.pkl), and best 

architecture (best_hidden_layers.npy) were saved for 

reproducibility and future use. This setup is the basis for all 

subsequent analysis and visualisations that follow in this 

work. 

 
4.2.1. PSO Optimisation Diagnostics and 

Interpretability 
 

To complement the numerical optimisation of the ANN 

hyperparameters, four visual analyses were performed to 

better understand the PSO behaviour, the parameter 

distribution landscape, and the underlying model 

interpretability. 

Fig. 9 presents the parallel coordinate plot of the top 10 

hyperparameter configurations discovered by PSO. Each 

line represents a distinct ANN configuration, and the axes 

correspond to the three hidden-layer sizes (HL1–HL3), 

learning rate (LR), dropout rate, activation function type, 

and final validation loss. Therefore, the figure directly 

compares different neuron combinations and their influence 

on the validation error. The plot shows that the best 

configurations converge toward higher neuron counts in the 

first hidden layer, generally above 400, moderate sizes in 

HL2, close to 250, and tighter clustering for HL3, mainly 

between 100 and 128. Most high-performing configurations 

also used relatively small dropout rates and ReLU 

activation. This confirms that the selected architecture, with 

492, 255, and 128 neurons, was obtained from the PSO-

based comparison of alternative neuron combinations 

within the adopted search space. 

 

 
Fig. 9 Parallel coordinate plot of the top 10 PSO 

configurations, showing the effect of different 

hidden-layer neuron combinations and training 

hyperparameters on the validation loss. 
 

 

Fig. 10 shows a scatter matrix (including marginal 

histograms) of the best-performing configurations explored 

by PSO. The matrix provides insight into the distribution 

and interdependence of hyperparameters. Notably, HL2 and 

HL3 parameters show a tendency to cluster around a 

narrower range. This suggests that the middle and deeper 

layers have a more sensitive influence on the loss function. 

Meanwhile, the learning rate converges in the region of 

0.0018–0.0019, and dropout values centre around 0.125. 

These distributions indicate that the optimiser explored a 

diverse range of settings but gravitated toward a constrained 

subspace where model generalisation was maximized. 
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Fig.11 illustrates the PSO convergence curve, plotting 

the best validation loss across 60 iterations. The rapid drop 

in MSE within the first 10 iterations highlights the 

optimiser’s capacity to quickly identify promising regions 

of the search space. A plateauing behaviour is observed 

after approximately iteration 30, with the loss stabilising 

near 0.00205. This suggests that the swarm had effectively 

converged and that further exploration made marginal 

improvements which validates the sufficiency of the 

iteration budget for this task. 

 

 

Fig. 11 PSO Convergence Behaviour 

 

To improve the interpretability of the trained ANN 

model and confirm its alignment with engineering 

understanding, SHAP (Lundberg and Lee 2017) was applied. 

This method breaks down each model prediction into 

contributions from individual features, offering both global 

and local insights into how input variables influence the 

predicted LDB resistance. 

Fig. 12 shows the normalised SHAP importance values 

in percentage terms. The four most dominant features were 

the web thickness (tw), flange thickness (tf), section depth 

(h), and bottom flange width (bf), with respective 

contributions of 21.4%, 18.9%, 14.2%, and 13.5%, 

respectively. These parameters directly influence the 

buckling resistance and flexural stiffness of the SCC beam, 

confirming the model's attention to structurally meaningful 

variables. In contrast, parameters related to web opening 

geometry (s , a ) and slenderness effects (λLT, se) had 

relatively lower influence, which is consistent with their 

secondary role in global LDB behaviour under the 

conditions studied. 
 

 
Fig.10 Scatter and Histogram Matrix of Particle Distribution 
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Fig. 12 SHAP feature importance plot 

 

Fig. 13 displays violin plots of SHAP value distributions 

per feature. Features like tw, tf, h, and bf exhibit wide and 

dense SHAP value distributions, indicating a strong but 

variable influence across different samples. This reflects the 

nonlinearity of their relationships with Mu and highlights 

the ANN model’s capacity to capture such interactions. In 

contrast, features like a₀, s₀, and se show narrow and 

symmetric distributions centred near zero, suggesting a 

marginal or neutral effect on model output within the 

examined dataset. 

 

 

Fig. 13 SHAP violon plot 

 

The SHAP analysis shows that the ANN does not act 

like a black box. It captures patterns that are consistent with 

structural mechanics, giving more weight to geometrical 

and mechanical variables that are theoretically and 

practically are known to affect lateral–distortional buckling. 

This makes the model more transparent and makes it more 

useful for engineering applications that need interpretable 

predictions. 

 

5. Model Evaluation and Predictive Performance 
Results 
 

Fig. 14 summarises the performance of the PSO-

optimised ANN model across five cross-validation folds, 

using three standard metrics: R², MAE, and RMSE. 

 

 
Fig. 14 Violin plot showing 5-fold cross-validation results 

 

The R² values are consistently high, with a mean of 0.99. 

This means that the model captures almost all of the 

variance in the Mu, and that this behaviour is stable across 

all folds. There are no signs of significant performance 

drops between folds, which means that the model 

generalises well and is not overfitting. The MAE is centred 

around 5.69 kNm, while the RMSE is slightly higher at 7.71 

kNm. The relatively narrow width of the violins for both 

MAE and RMSE reflects low variability between folds. 

This indicates that the model is not only accurate, but also 

consistent. 

Fig. 15 shows that the predicted Mu values match the 

FE values quite closely across the whole data range. Most 

of the predictions are within the ±10% error band (blue 

shaded area), and almost all of them are within the ±20% 

error band (purple shaded area). This proves that the trained 

PSO-ANN model is very accurate. This narrow distribution 

shows that the model can make good predictions for both 

low and high ranges of LDB resistance. The predicted 

curve's slope closely fits the ideal 45° reference line, 

showing that the magnitude prediction is accurate and 

without systematic bias. 

 

 
Fig. 15 Predicted vs. FE values for Mu with ±10% and 

±20% confidence intervals. 
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Fig. 16 depicts a radar chart that compares the three 

main regression metrics: R², MAE, and RMSE. The R² 

value stays close to 1.0, which shows that the model 

explains almost all of the variance in the FE data. The MAE 

and RMSE magnitudes are relatively low considering the 

broad Mu range (100–1,600 kNm), with RMSE being 

naturally higher due to its sensitivity to larger errors. The 

triangular shape of the plot shows the good balance between 

error magnitude and explained variance. This compact 

spread suggests that the ANN model well reflects both the 

global trend and local variations in Mu. 

 

 
Fig. 16 Radar plot of model performance metrics (R², MAE, 

RMSE) for Mu predictions. 

 

As shown in Fig. 17, the plot assesses whether the 

distribution of model residuals follows a normal distribution. 

The residual quantiles are plotted against theoretical 

quantiles from a normal distribution. For a perfectly 

Gaussian residual distribution, all points would lie along the 

dashed red line. 

In this case, the central portion of the data (around −1 to 

+1 standard deviations) fits well with the expected normal 

line. This means that most prediction errors are 

symmetrically distributed and normal. But there are slight 

deviations in the tails, notably at the extremes (left and right 

ends), where some outliers fall noticeably above or below 

the reference line. These deviations show that although the 

core residuals are well-behaved, but the model sometimes 

produces larger errors. Importantly, the lack of skewness 

and the approximately symmetric spread confirm that the 

ANN does not systematically underpredict or overpredict 

across the dataset. This validates the prior heatmap 

interpretation and supports the conclusion that the model 

gives consistent and unbiased predictions for lateral 

distortional buckling resistance. 

 

 
Fig. 17 Quantile–Quantile (Q–Q) plot of residuals for the 

full dataset. 

 

The R² value stays consistently high (around 0.99) 

across all subsets in Fig. 18. However, a noticeable increase 

is observed in both MAE and RMSE when comparing the 

training and test sets. The MAE increases from 5.9 kNm in 

the training set to 13.1 kNm in the test set, while the RMSE 

increases from 7.8 kNm to 24.3 kNm. This change shows a 

moderate sensitivity of the model to new input patterns not 

encountered during training. It suggests that while the 

model performs reliably overall, certain test cases are 

associated with higher prediction deviations—likely due to 

localised geometric or mechanical features in those samples. 

For the full dataset, intermediate values are recorded (MAE 

≈ 7.9 kNm; RMSE ≈ 15.0 kNm), which means that the 

model maintains balanced predictive behaviour when 

evaluated globally. No significant deterioration or 

instability is evident, which supports the general robustness 

of the trained ANN under varying conditions within the 

design space. 

 

 
Fig. 18 Evaluation metrics (R², MAE, RMSE) computed 

over training, testing, and complete dataset partitions. 

 

6. Deployment of a User-Accessible Graphical 
Interface 
 

To make the PSO-optimised ANN model more practical, 

a GUI was built utilising the Streamlit framework 

(Predicting LDB Resistance of Composite Beams with 
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EBWO – Web App, Streamlit. https://predicting-ldb-

resistance-of-composite-beams-with-ebwo.streamlit.app, 

2025). This GUI lets non-programmer users, such structural 

engineers and designers to directly interact with the trained 

model, perform rapid LDB resistance estimations, and 

visualize results without needing knowledge of the 

underlying code or ML techniques. There were three main 

goals for the interface: strong model integration, input 

safety and interpretability, and result traceability. The final 

version fits all of these requirements and is still lightweight 

and easy to deploy as a web app. 

The ANN model trained using the best hyperparameters 

obtained via PSO was saved in PyTorch format, including 

both architecture and weights. Input and output scalers were 

stored using joblib to ensure that any prediction made 

through the GUI is appropriately normalised and inverse-

transformed to match the original engineering units. These 

files were loaded dynamically during application startup 

and stay in memory throughout the session to help low-

latency predictions. 

The ANN architecture class was redefined within the 

application, ensuring compatibility with the saved model. 

This includes the same dropout rate, activation function, 

and batch normalisation layers as used during training. Also, 

to make sure the results could be reproduced, all layers and 

the forward pass logic were preserved. 

The GUI accepts eleven numerical inputs including h, tw, 

bf, tf, h0, a0, s0, λ, λLT, Cb, and se. Then upon clicking the 

“Predict” button, the inputs are scaled, passed through the 

model, and the predicted Mu value is inverse-transformed 

for display. All predictions are presented in kNm with 

controlled precision. 

A session-state method was utilised to keep a record of 

all the predictions that had been made. This includes not 

just the predicted Mu value, but also all corresponding input 

features for traceability. Engineers/users can save these 

records during a session, view them in tabular form, and 

export them if needed. This feature is quite helpful for 

parametric studies or for documenting design alternatives. 

In addition to its technical features, the GUI offers a 

clean, domain-aware visual layout. A customised colour 

scheme was applied to distinguish the sidebar (for input 

collection) from the main workspace (for output and logs). 

Tooltips, headers, and clear labels were used to ensure 

accessibility without compromising scientific clarity. Fig.19 

shows a screenshot of the deployed Streamlit-based GUI. 
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7. Predictive Performance Analysis: Analytical 
Versus ML Approach 
 

As a result of the analyses, the ultimate LDB capacities 

predicted by the design codes and by the proposed ML 

model were compared with the values obtained through FE 

simulations. Fig. 20 presents the Mu,Predicted/Mu,FEM ratio for 

all evaluated approaches, including the predictions from the 

European and the Brazilian standards, for both the general 

and specific cases, and the ML model developed in this 

study. The design code predictions were based on two 

methods for calculating the Mcr: analytical formulations and 

numerical results obtained from linear buckling analysis. In 

the latter, the lowest buckling eigenvalue corresponding to 

LDB was adopted. In parallel, the ML model was assessed 

using the same set of input parameters. Samples 1 to 180 

represent beams subjected to ‘uniform’ hogging moment, 

while samples 181 to 360 refer to beams under ‘gradient’ 

hogging moment. The results demonstrate that the design 

codes, as presented in Section 3, tend to underestimate the 

LDB resistance, especially when analytical methods are 

used to estimate Mcr, failing to account for the effects of the 

elliptically-based web openings and complex buckling 

interactions.   

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 19 GUI Illustration 
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8. Reliability analysis based on Annex D EN 1990 
 

Reliability analysis based on Annex D EN 1990 has 

been conducted to assess the proposed design method and 

propose a partial safety factor for the LDB resistance of 

SCC beams with elliptically-based web openings. It should 

be emphasised that the finite element analyses were 

performed using characteristic values of the material and 

geometric properties. Therefore, the present study does not 

constitute a full probabilistic reliability analysis of the 

structural response. Instead, Annex D of EN 1990 was 

employed for the calibration of the resistance partial factor 

(γM0) by incorporating the statistical variability of the basic 

variables through literature-based coefficients of variation 

together with the model uncertainty. The purpose of this 

procedure is to assess the suitability of the proposed 

resistance models for design applications and to derive 

appropriate resistance factors in accordance with the 

Eurocode calibration framework. 

Within the context of this study, the proposed prediction 

models undergo statistical evaluation against the FE results. 

The COV of geometric dimensions of the concrete slab is 

0.04 for the width and the thickness (Shamass et al. 2023), 

while it is 0.02 for the steel section geometries (Shamass et 

al., 2020) and 0.0064 for the stud diameter (Vigneri et al. 

2022).  

The COV (Vx) of the yield strength of steel, ultimate 

strength of the steel stud, and concrete compressive strength 

were assumed equal to 0.055 (Shamass and Guarracino 

2020), 0.05 (Shamass and Guarracino 2020) and 0.12 
(Vigneri et al. 2022), respectively. The COV between the 

experimental and the numerical results, which were found 

equal to 0.025, was also considered. Performing First Order 

Reliability Method (FORM) in accordance with the 

Eurocode target reliability requirements, the partial factors 

γM0 were evaluated for all ML models using the following 

procedure. First, we estimate the mean value correction 

factor b: 

 

 

𝑏 =
∑ 𝑟𝑒𝑟𝑡

∑ 𝑟𝑡
2  (2) 

 

re and rt are the experimental and theoretical resistance, 

respectively. The error term δi for each experimental value 

rei should be determined from: 

 

𝛿𝑖 =
𝑟𝑒𝑖

𝑏𝑟𝑡𝑖

 (3) 

 

The coefficient of variation of the error term δi can be 

estimated from: 

 

𝑉𝛿 = √exp(𝑠∆
2) − 1 (4) 

 

Where: 

 

𝑠∆ =
1

𝑛 − 1
∑(∆𝑖 − ∆̅)2

𝑛

𝑖=1

 (5) 

 

The estimate value of ∆̅ is taken as: 

 

∆̅=
1

𝑛
∑ ∆𝑖

𝑛

𝑖=1

 (6) 

 

∆i is Logarithm of the error term δi: 

 

∆𝑖= ln(𝛿𝑖) (7) 

 

The coefficient of variation Vr can be determined from: 

 

𝑉𝑟
2 = (𝑉𝛿

2 + 1) [∏(𝑉𝑋𝑖
2 + 1)

𝑗

𝑖=1

] − 1 (8) 

 

 
Fig. 20 Predictive accuracy of design codes and ML model compared to FEM results 
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With: 

 

𝑉𝑟𝑡
2 = ∑ 𝑉𝑋𝑖

2

𝑗

𝑖

 (9) 

 

VXi is coefficient of variation of yield strength of steel, 

ultimate strength of the steel stud, concrete compressive 

strength, and coefficient of variation between the 

experimental and the numerical results. It is also for the 

geometric dimensions of the concrete slab, steel section, 

and the stud diameter. The characteristic resistance rk is 

obtained from: 

 

𝑟𝑘 = 𝑏𝑔𝑟𝑡 (𝑋𝑚) exp(−𝑘∞𝛼𝑟𝑡𝑄𝑟𝑡 − 𝑘n𝛼𝛿𝑄𝛿 − 0.5𝑄2) (10) 

 

With: 

𝑄𝑟𝑡 = √𝑙𝑛(𝑉𝑟𝑡
2 + 1) 

𝑄𝛿 = √𝑙𝑛(𝑉𝛿
2 + 1) 

𝑄 = √𝑙𝑛(𝑉𝑟
2 + 1) 

𝛼𝑟𝑡 =
𝑄𝑟𝑡

𝑄
 

𝛼𝛿 =
𝑄𝛿

𝑄
 

(11) 

 

kn is the characteristic fractile factor from table D1 for the 

case Vx unknown; k∞ is the value of kn for n→∞ [k∞=1.64]; 

αrt is the weighting factor for Qrt; αδ is the weighting factor 

for Qδ. Design value rd is obtained from: 

 

𝑟𝑑 = 𝑏𝑔𝑟𝑡 (𝑋𝑚) exp(−𝑘d,∞𝛼𝑟𝑡𝑄𝑟𝑡 − 𝑘d,n𝛼𝛿𝑄𝛿

− 0.5𝑄2) 
(12) 

 

kd,n is the characteristic fractile factor from table D2 for the 

case Vx unknown; kd,∞ is the value of kd,n for n→∞ [k∞=3.04]. 

The partial factor γM0 is: 

 

𝛾𝑀0 =
𝑟𝑘

𝑟𝑑

 (13) 

 

Variations in partial safety factors (γM0) among the 

models highlight differing levels of predictive accuracy and 

conservatism. The ANN model's γM0) value of 1.252 was 

the lowest, showing better agreement with FE results and 

suggesting a more efficient and reliable method for 

predicting LDB resistance. Conversely, the EN 1994-1-

1:2024/EN 1993-1-1:2022 Specific Case exhibited the 

largest γM0 (1.352), indicating a conservative approach, 

possibly to the use of individual buckling curves tailored to 

each cross-section. Such specificity tends to produce more 

rigorous estimates compared to the standardized curves 

used in the general case, especially when applied to more 

complex geometries. The ABNT NBR 8800:2024 and EN 

1994-1-1:2024/EN 1993-1-1:2022 General Case, both using 

Mcr values obtained through LBA, produced similar γM0 

values (around 1.267–1.269), representing a balanced level 

of conservatism. The adoption of the Mcr by Dias et al. 

(2019) showed slightly higher γM0 values (up to 1.321), 

indicating additional conservatism introduced. This may be 

due to the model having been originally developed for 

composite beams without web openings and under uniform 

bending, which limits its accuracy when applied to different 

opening geometries and moment gradients. Overall, the 

ANN model demonstrates the greatest potential for 

optimized design, while code-based models offer more 

traditional, safety-oriented estimates. 

Table 4 illustrates the key statistical parameters, 

including the number of data, n, the design fractile factor 

(ultimate limit state), kd,n, the characteristic fractile factor, kn 

the average ratio of FE to resistance model predictions 

based on the least squares fit to the data, b̅, the combined 

coefficient of variation incorporating both resistance model 

and basic variable uncertainties, Vr, and the partial safety 

factor for resistance γM0. 

 

Table 4 Materials strength values used in parametric study 

Model n 𝑏̅ 𝑘𝑑,𝑛 𝑘𝑛 Vr 𝛾𝑀0 

ANN 360 1.00 3.04 1.64 0.163 1.252 

ABNT NBR 

8800:2024/FEM 
360 1.10 3.04 1.64 0.172 1.269 

EC4/EC3 (General 

Case)/FEM 
360 1.13 3.04 1.64 0.171 1.267 

EC4/EC3 (Specific 

Case)/FEM 
360 1.06 3.04 1.64 0.219 1.352 

ABNT NBR 

8800:2024/Dias 
360 1.25 3.04 1.64 0.183 1.288 

EC4/EC3 (General 

Case)/Dias 
360 1.33 3.04 1.64 0.183 1.288 

EC4/EC3 (Specific 

Case)/Dias 
360 1.25 3.04 1.64 0.201 1.321 

 

8. Conclusions 
 

In this paper, a data-driven framework was proposed to 

predict the LDB resistance of composite perforated beams 

with optimised vertical elliptically-based web openings. To 

achieve this, a FE model was developed and validated 

against experimental data from the literature. Based on this 

validated model, a total of 360 FE simulations were 

performed, of which 359 models were considered in the 

analysis. Among the simulated specimens, the predominant 

failure mode was lateral distortional buckling, frequently 

accompanied by compressed tee yielding and, in some cases 

web-post buckling. These 359 simulations were then used 

to build a reliable numerical database for the development 

of ML prediction models. The artificial neural network was 

trained using eleven structural parameters, with its 

architecture and hyperparameters optimised via Particle 

Swarm Optimisation. The resulting model demonstrated 

high predictive accuracy (R² ≈ 0.99) and generalisation 

capacity across cross-validation folds. To enhance 

interpretability, SHAP were employed, indicating that the 

web thickness of the steel section is the most influential 

variable in determining lateral distortional buckling 

resistance, followed by flange thickness, section height, and 

flange width. This result aligns with structural engineering 

principles and confirms the consistency between the 
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developed ML model and physical behaviour. Furthermore, 

a user-friendly web-based tool was developed to make the 

trained artificial neural network model accessible to 

designers and researchers. This tool allows for rapid 

estimation of the lateral distortional buckling resistance of 

composite perforated beams with optimised vertical 

elliptically-based web openings, offering a practical 

alternative to conventional code-based calculations, which 

were shown to be conservative or inaccurate in various 

scenarios, especially under gradient hogging moments.  

It is worth noting that the applicability of the proposed 

model is limited to the range of input parameters covered in 

this study. Although the proposed framework proved to be 

robust within the studied parameter range, future work 

should aim to expand the numerical database and generalise 

the model by incorporating a broader range of structural 

conditions. 
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