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Abstract 9 

The design model for the resistance of headed stud connectors was originally developed from 10 

push test investigations conducted in the 1970’s and 1980’s. As more push test data has become 11 

available, the earlier design model has been updated from results of reliability analyses, or 12 

completely new models have been developed from experimental observations. In this paper six 13 

machine learning (ML) models are trained to predict the stud resistance based on a 14 

comprehensive database containing 242 push test results. To investigate the performance of the 15 

ML models, comparisons are made with five existing design models (or ‘physics-based’, Pb 16 

models). It was found that the super vector machine (SVM) model, which is an advanced and 17 

powerful ML model, outperformed other ML and Pb models. The SVM model with an R2 value 18 

of 0.95 can readily predict the stud resistance with an accuracy of ±8.70 kN, which is less than 19 

5% of the mean measured resistance. PDP plots and ICE plots also are presented to visualize 20 

relationships between seven predictors (or ‘basic variables’ according to EN 1990), including 21 

geometry and material variables, and response (i.e. stud resistance) to show interactions among 22 

two features in the SVM model. A decision tree model, which is an interpretable ML model, is 23 
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used to analyse the importance of the input variables within the predicted resistance. Results 24 

of importance analysis reveal that the diameter of stud shank and the compressive strength of 25 

the concrete are the most significant influencing features in the predicted stud resistance. From 26 

this same analysis, it was also shown that the short-term secant modulus of elasticity of 27 

concrete is relatively insignificant for studs embedded in normal weight concrete. 28 

 29 
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* Correspondence author.  32 

E-mail address: Stephen.J.Hicks@warwick.ac.uk (Prof. Stephen Hicks). 33 

1. Introduction 34 

Shear connectors embedded in solid concrete slabs or encasements are critical in transferring 35 

the longitudinal shear forces within composite steel and concrete structures. Whilst many types 36 

of shear connectors have been used, by far the most popular type is the headed stud. The reason 37 

for the popularity of this shear connector is due to the drawn-arc stud welding process which 38 

permits them to be rapidly installed, they provide little obstruction to reinforcement in the 39 

concrete slab, and they are equally strong and stiff in shear in all directions normal to the axis 40 

of the stud [1]. The load-slip performance of headed stud connectors has been historically 41 

established from tests. By applying a load to the top end of the steel-section, the load-slip 42 

behaviour of the connectors can be determined. This type of specimen is known as a ‘push test 43 

specimen’ in EN 1994-1-1 (Eurocode 4) [2] and, apart from slight variations in its geometry, 44 

has hardly changed since its inception in the early 1930’s [3]. 45 

From push tests conducted in North America in the 1950’s and 1960’s, various empirical 46 

equations were developed to predict the resistance of stud connectors in solid concrete slabs 47 
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[4]. However, perhaps the most significant study was presented by Ollgaard et al. [5], where 48 

48 push tests were undertaken on specimens using 19 mm or 16 mm diameter studs embedded 49 

in both normal weight and lightweight concrete. Given that the mechanical properties of the 50 

stud material were similar for both diameters, the ultimate tensile strength of the stud fu was 51 

not considered as a variable within the development of the design model. As a consequence of 52 

this, only the measured concrete properties were considered as basic variables, which included 53 

the mean compressive cylinder strength fcm, mean splitting tensile strength fctm,sp, secant 54 

modulus of elasticity Ecm and the density . From conducting multiple regression analyses to 55 

establish a relationship between the failure stress recorded in the tests Pem/As and the measured 56 

concrete properties (where Pem is the mean failure load measured in the push test), the following 57 

equation was proposed to predict the mean resistance of a headed stud: 58 

0.3 0.441.106Rm s cm cmP A f E=   (1) 

where As is the cross sectional area of the stud shank 59 

After conducting a further series of analyses to determine the effect of rounding off the 60 

exponents, Eq. (1) was simplified to the following equation for ‘concrete failure’, which was 61 

recommended for design when hsc/d ≥ 4.2 [6]: 62 

0.5Rm s cm cmP A f E=   (2) 

where hsc is height of the stud, d is the diameter of the stud shank. 63 

From considering the performance of Eq. (2) compared to the failure load obtained in the 48 64 

push tests it was observed that an upper bound to the stud resistance was achieved when 65 

cm cmf E ≥ 895 MPa, which was thought to be related to the ultimate tensile strength of the stud 66 

material.  The 1986 version of the AISC Specification [7] adopted Eq. (2) as the design model 67 
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for evaluating the resistance of headed studs, with the following upper limit representing ‘steel 68 

failure’ of the stud itself: 69 

Rm s uP A f=   (3) 

where fu is ultimate tensile strength of the stud material 70 

Many other international design standards for composite steel and concrete structures have 71 

adopted the design model given Eq. (2) and Eq. (3), which have been updated as more push 72 

test data has become available. In particular Eurocode 4, where reliability analyses of 75 push 73 

tests [8,9] led to the modification of the coefficients in Eq. (2) and Eq. (3), together with 74 

additional rules when 3 ≤ hsc/d ≤ 4 [10].  75 

Since the publication of Eq. (2) and Eq. (3), various research programmes have been 76 

undertaken to develop improved design models for the resistance of headed studs embedded in 77 

concrete. These programmes can generally be divided into two approaches: conducting 78 

reliability analyses based on larger push test databases than was originally considered by 79 

Ollgaard et al., and modifying the coefficients in the existing design models to ensure that the 80 

target value for the reliability index and the associated partial factors is achieved [8-11]; or 81 

developing completely new design models which either provide a better fit with push test 82 

results [12], or include additional variables that influence failure mechanisms observed in the 83 

tests and numerical models [13,14]. Whilst the latter approach is desirable, it can be challenging 84 

to identify the appropriate failure mode developed around the embedded stud at the maximum 85 

load [15], which can lead to unnecessarily complex equations where the inclusion of extra 86 

variables may be inappropriate.  87 

Given that the current design standards are based on empirical or semi-empirical ‘physic-88 

based’ models that have been developed from push test results, coupled with the fact that some 89 

uncertainty exists over the key material and geometric variables that influence the resistance, 90 
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it would seem reasonable to consider an artificial intelligence (AI) approach to develop data-91 

driven predictive models for headed stud connectors in solid concrete slabs. AI is a field of 92 

computer science focusing on developing machines that exhibit human-like intelligence in 93 

performing tasks and solving problems [16]. Machine learning (ML) is an AI technique that 94 

allows a computer to learn from data automatically and make predictions or decisions without 95 

being explicitly programmed [17] .  96 

ML techniques have been widely used in many engineering fields. In structural engineering, 97 

these techniques have been successfully used in the design of hot-rolled steel structures [18-98 

20], cold-formed steel structures [21-23], concrete structures [24-26], masonry structures [27-99 

29], composite steel concrete structures [30-34], and FRP strengthened steel or concrete 100 

structures [35,36]. Moreover, the soft computing techniques have been used in prediction of 101 

the construction materials’ properties [37,38]. In these studies, a wide range of ML algorithms, 102 

quantities of dataset, partition points for training- testing split and performance metrics have 103 

been adopted by researchers. In some studies, the researchers focused on a single ML algorithm 104 

and no compelling reason is ever provided for the selected algorithm. However, other studies 105 

focused on the comparison of accuracy of ML models trained using various ML algorithms. 106 

The most common approach to avoid overfitting issues is the k-fold cross validation. 107 

Interpreting the physical meaning of ML models is one of the most significant challenges. A 108 

commonly held view is that advanced ML models are black boxes [39]. A few techniques, such 109 

as feature importance tests, partial dependence plots (PDPs) and individual conditional 110 

expectation (ICE) plots, have been used to increase interpretability of ML models. 111 

In a reliability study conducted by Hicks [10] a database of 242 push tests was developed, 112 

which covers a wider range of material strengths and geometries than is currently permitted by 113 

many international design standards [2,39]. In the present paper this database is first used to 114 

investigate the performance of five design models (‘physic-based’ models) that have been 115 
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proposed for inclusion within the design standard Eurocode 4, to identify which models have 116 

the closest fit with the test data. Six new ML models are trained and validated using 206 tests 117 

from the database, before being tested against the remaining 36 tests. Feature importance plots, 118 

PDPs and ICE plots for selected ML models are presented, which provide insights on the 119 

importance and influence of the 7 basic variables on the predicted stud resistance. Whilst it 120 

might be argued that a database of 246 tests is rather few for training ML models, the technique 121 

has been successfully used in several other structural engineering studies for predicting the 122 

performance of concrete structures using a much smaller number of tests [40]. Moreover, the 123 

ML models presented in this paper are based on a significantly larger database than used by 124 

many international design standards, which have adapted the empirical equation by Ollgaard 125 

et al. (e.g. the current design equation in Eurocode 4 is based on only 75 tests). The results 126 

from the present work demonstrate that the ML models provide much more accurate 127 

predictions of the stud resistance compared to existing physics-based models and are 128 

recommended as worthy candidates for future use in design. 129 

2. Research Significance 130 

Headed studs have been widely used in composite steel concrete structures to transfer the 131 

longitudinal shear forces. The accurate prediction of the resistance of shear studs is vital for 132 

achieving safe and economical design. To date, most existing design equations have been 133 

developed from failure mechanisms observed in push tests, which correspond to the point when 134 

the maximum slip is measured rather than the maximum load. This has recently shown to be 135 

problematical for headed stud connectors in profiled steel sheeting, where the removal of the 136 

concrete at approximately 2 mm slip revealed a different failure mechanism developing around 137 

the stud compared to that which occured at maximum slip [15]. As a consequence of this, the 138 

development of design models based on failure mechanisms observed in the tests could lead to 139 

the inclusion of inappropriate variables. The main motivation of this research was to study the 140 
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feasibility of data-driven models for predicting the resistance of shear studs and determining 141 

the optimum ML algorithm for this purpose. This work proposes new models for predicting 142 

the resistance of shear studs based on ML models and providing insights on the importance and 143 

influence of 7 material and geometric variables on the predicted stud resistance. The proposed 144 

SVM-based model with optimal hyperparameters, which demonstrated significantly more 145 

accurate predictions compared to the current design equations, is the main novelty of this work. 146 

The relative importance of the design variables in predicting the resistance of shear studs is 147 

also unique. Moreover, the SVM-based model could be used to predict the resistance of shear 148 

studs beyond the limits currently covered by existing push tests, thereby reducing the need for 149 

expensive experimentation. Whilst not considered within the scope of the present work, this 150 

finding suggests there may be opportunities for using ML models for predicting the resistance 151 

of shear studs welded within profiled steel sheeting, whose behaviour is much more complex 152 

given that around 14 material and geometric variables interact with one another in the load-153 

bearing mechanisms [41,42]. Moreover, given that studs in sheeting are much more widely 154 

used in multi-storey steel-framed buildings than in solid slabs, a database of over 600 push 155 

tests has recently been developed [43]. 156 

3. Physics-Based Models 157 

The following sub-sections present a brief overview of the different physics-based (Pb) models 158 

for stud resistance that been proposed for inclusion within the second generation of the design 159 

standard Eurocode 4 (prEN 1994-1-1) [44,45]. To investigate the performance of each of these 160 

Pb models, the mean measured basic variables from the 242 push test specimens are inserted 161 

within the respective equation presented below and the predicted resistance is compared with 162 

the experimental resistance in Section 7.  163 

3.1 Current Eurocode 4 design model  164 
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An overview of the development of the design equations for Eurocode 4 is given by Hicks [10]. 165 

However, in summary, the design model is essentially based on Eq. (2) and Eq. (3) with 166 

modifications made to the coefficients based on the results from reliability analyses [8,9]. The 167 

resistance of headed stud connectors embedded in concrete is taken to be the smaller of the 168 

following two equations: 169 

20.29 ck cm

Rd

V

d f E
P




=  (‘concrete failure’)  (4) 

20.8 4u
Rd

V

f d
P




=   (‘steel failure’)  (5) 

with 170 

0.2 1sch

d


 
= + 

 
 for 3 4sch d    (6) 

1=    for 4sch d    (7) 

where d is the diameter of shank of the stud (16 mm ≤ d ≤ 25 mm), fck is the characteristic 171 

cylinder compressive strength of the concrete at the age considered (20 MPa ≤ fck ≤ 60 MPa), 172 

of density  not less than 1750 kg/m3 , fu is the specified ultimate tensile strength of the material 173 

of the stud but not greater than 500 MPa, hsc is the nominal height of the stud and V is the 174 

partial factor for the design shear resistance of a headed stud, which is recommended in 175 

Eurocode 4 to have a value of 1.25. 176 

From recent reliability analyses that considered the same database used in the present paper of 177 

242 push tests [10], the following modified equations were recommended for design to ensure 178 

that the target value of V = 1.25 was justified: 179 
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20.25 ck cm

Rd

V

d f E
P




=  for 4sch d   (‘concrete failure’)  (8) 

20.94 4u
Rd

V

f d
P




=    (‘steel failure’)  (9) 

where 12.7 ≤ d ≤ 31.75 mm, 8 MPa ≤ fck ≤ 90 MPa. 180 

Given that Eq. (6) was applied in only 15 of the tests, coupled with the fact that the coefficient 181 

of variation reduces when the tests with hsc/d < 4 were excluded (thereby reducing γV = 1.20), 182 

it was recommended by Hicks that the reduction factor  be removed from Eq. (8). This 183 

recommendation would therefore mean that the modified Eurocode 4 equations should be 184 

limited to cases when hsc/d  4, which is identical to the requirement given in the AISC 185 

Specification [39]. 186 

3.2 Oehlers and Johnson design model 187 

From an analysis of 110 push tests, Oehlers and Johnson [12] developed a semi-empirical 188 

equation which was deemed to include the essential basic variables that influence the resistance 189 

of stud connectors. The equation was considered as a potential candidate for the current 190 

Eurocode 4 by Roik et al. [8], who recommended that the constant k = 4.9 be reduced to k = 191 

3.66 to give the following equation: 192 

0.4 0.35
2 1

4

cm ck
Rd u

sc u V

d E f
P kf

E f





   
=    

   
  (10) 

where Esc is the modulus of elasticity of the stud material.  193 

From the same reliability analyses as discussed in Section 3.1 that considered a much larger 194 

number of tests than reference [8], Hicks recommended that Eq. (10) be modified to k = 3.2, 195 
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which ensured that the target value of V = 1.25 was justified for 12.7 ≤ d ≤ 31.75 mm and 8 196 

MPa ≤ fck ≤ 90 MPa. 197 

3.3 Döinghaus design model 198 

From 62 push tests with stud connectors embedded in concrete with a strength class of C70/85, 199 

Döinghaus [46] developed a design model which assumed that the resistance of a stud 200 

connector embedded in high strength concrete is composed of: the resistance of the stud shank; 201 

and a compressive concrete force in front of the weld collar. The resulting design equation was 202 

given as: 203 

2 1
0.92

4
Rd u c ck do w

V

d
P f f d h






 
= + 
 

 for 55 ≤ fck ≤ 80 MPa  (11) 

where c is an empirical correction factor for the multi-axial state of stress in the concrete in 204 

front of the stud (taken as c = 1.84), ddo is the diameter of the weld collar and hw is the height 205 

of the weld collar. 206 

As can be seen from Eq. (11), the design model from Döinghaus is incomplete as it is only 207 

appropriate for fck ≥ 55 MPa. To remedy this situation, Hicks [10] proposed that Eq. (11) be 208 

combined with Eq. (4) to enable the full range of concrete strengths to be supported. From the 209 

same reliability analyses as discussed in Section 3.1, the following modified equations were 210 

recommended for design to ensure that the target value of V = 1.25 was justified: 211 

20.25 ck cm

Rd

V

d f E
P


=  for 4sch d    (‘concrete failure’)  (12) 

2 1
0.84 1.63

4
Rd u ck do w

V

d
P f f d h





 
= + 
 

  (‘steel failure’)  (13) 

where 12.7 ≤ d ≤ 31.75 mm, 8 MPa ≤ fck ≤ 90 MPa 212 
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3.4 Konrad et al. design model 213 

From considering three of the four loadbearing mechanisms defined by Lungershausen [47], 214 

Konrad [48] developed a completely new design model for predicting the resistance of headed 215 

stud connectors. From conducting a reliability analysis using 140 push tests [14], the design 216 

resistance is recommended to be taken as the smaller of the following two equations: 217 

2

3

, 2

2 1

3 2
2

2 2

326
30N/mm 1

220
30N/mm 500N/mm

ck
w eff

Rd

V
ck u

f
A

P

f f
d



 
  
 

  
=  
    
+    

    

 for 4sch d   (‘concrete 

failure’) 

 

(14) 

2

3
2

, 2 2

1
313 240

30N/mm 500N/mm

ck u
Rd w eff

V

f f
P A d



 
    = +   

    
 

 (‘steel failure’) 
 

(15) 

where Aw,eff is the effective projected weld collar area in mm2 (taken as Aw,eff = ddo hw /2), 20 218 

MPa ≤ fck ≤ 100 MPa, 12.7 ≤ d ≤ 25 mm and fu ≤ 740 MPa. 219 

Given its good performance against the tests, Konrad et al. [14] proposed that Eq. (14) and Eq. 220 

(15) should replace the existing design model in prEN 1994-1-1 [44,45]. 221 

4.  Data 222 

The performance of an ML model is significantly dependent on quantity and quality of data, 223 

which is usually obtained from experimental tests or validated finite element models, used for 224 

training the model [49]. The quantity of data required to achieve reasonable performance for 225 

ML models depends on the problem. It is crucial to have sufficiently good quality data, to 226 

ensure that the sampled group represents the true distribution [50]. This enables the ML 227 

algorithms to detect underlying patterns in data and develop predictive ML models that are 228 

truly generalizable within the problem scope. 229 
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A high-quality dataset of 242 push tests was collected from twenty references [51-70] and is 230 

presented by Hicks [71]. Each data point includes eight variables as summarized in Table 1. 231 

The mean measured resistance per stud (Pem) was considered as a response (output variable or 232 

feature) and the other seven variables were deemed to be the predictors (input variables or 233 

features) in predictive ML models. Table 1 summarizes the statistical information of all 234 

variables in the dataset. Standardization of data is important when features of data have large 235 

differences between their ranges and, therefore, it is considered in this research.  236 

5. Machine Learning Models 237 

Physics-based models are generally constructed using first principles combined with 238 

phenomenological closure models and their parameters have a clear physical interpretation 239 

[72]. However, ML models are developed from some mathematical equations which are not 240 

based on physical laws.  241 

Prior to training the ML models, the original database was randomly divided into training and 242 

validation data segment (206 observations) and test data segment (36 observations) according 243 

to an 85/15 ratio. For the generally small datasets, the partition point is mostly skewed towards 244 

a much larger proportion for the training subset [50] in order to provide more observations in 245 

the training process and enable ML algorithms to find the exact pattern in the data. It should 246 

be noted that both data segments include the full range of concrete strengths within the 247 

database. ML models are blind to the test dataset during training and validation phases. Six ML 248 

models, including five single models and one ensemble model, have been developed using five 249 

ML algorithms, namely Linear Regression (LR), Decision Tree (DT), Super Vector Machine 250 

(SVM), Gaussian Process Regression (GPR) and Artificial Neural Network (ANN), using 251 

MATLAB software. These ML algorithms were chosen because it was considered that they are 252 

the most popular and applied algorithms in structural engineering. Fig. 1 shows schematic 253 

images of the six machine learning models. Recently, ML has emerged as a promising way to 254 
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predict properties of construction materials and performance of structural elements. Many 255 

previous studies considered only one ML algorithm, mostly ANNs. However, all ML models 256 

have various advantages and disadvantages, and they can provide different levels of accuracy 257 

from one problem to another. The only method to select the most suitable ML model is based 258 

on a trial-and-error process [40]. It is of great importance to compare performance of ML 259 

models for each problem [74]. The k-fold cross-validation method, as shown in Fig. 2, was 260 

adopted to avoid overfitting in the training process. The choice of k is usually 5 [75] or 10 [21], 261 

but there is no formal rule. The value for k is chosen such that each train/validation group of 262 

data samples is large enough to be statistically representative of the broader dataset. Since the 263 

training dataset contains 206 observations, which is not a large dataset, the 5-fold CV was 264 

adopted in order to ensure that the resampling subsets (20% of training dataset) is large enough 265 

to be representative of the training dataset. While the parameters of ML models are determined 266 

during the training phase, the hyperparameters of the models are optimized outside the training 267 

process using the validation data. The hyperparameter tuning is an optimization loop on top of 268 

the model training to search for the hyperparameters resulting in the lowest error, as shown in 269 

Fig. 3. Although the hyperparameter tuning could be achieved with a manual search using the 270 

trial-and-error method, there are a few approaches, including Grid Search, Random Search and 271 

Bayesian Optimization, to automate it. The Bayesian Optimization approach selects the next 272 

hyperparameter set in an informed manner using performance of past sets, as shown in Fig. 4. 273 

In this research, the Bayesian Optimization approach has been used since this method is more 274 

efficient than the two other approaches.  275 

In a similar way to other ML investigations [40], four metrics, including mean squared error 276 

(MSE), root mean square error (RMSE), mean absolute error (MAE) and coefficient of 277 

determination (R2), were used to evaluate and compare the performance of the models. 278 

Mathematical expressions of the four metrics are presented in Table 2. While MSE, RMSE and 279 
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MAE are used to compare accuracy of models with each other, R2 is used to compare a model 280 

with a simple baseline model. Principal Component Analysis (PCA) was performed to detect 281 

the possible dimensionality reduction. Training the ML models using PCA-selected features 282 

resulted in less accurate ML models with insignificant increase in the training speed. Therefore, 283 

all seven input variables are considered for the ML models. 284 

6- Super Vector Machine Model 285 

The super vector machine (SVM) is one of the most popular machine learning approaches for 286 

supervised learning.  A SVM is a very powerful and versatile ML model, which is capable of 287 

performing linear and nonlinear classification and regression [76]. SVMs were initially 288 

developed for classification in the early 1990s [77]. Vapnik et al. [78] proposed an alternative 289 

ε-insensitive loss function, which allows the concept of margin to be used for regression 290 

problems [75]. A detailed historical development of SVMs is presented by Çevik et al. [79]. 291 

The inclusion of kernel functions into SVMs makes it possible to deal with the nonlinear 292 

systems. A graphical representation of non-linear SVMs is presented in Fig. 5. The basic 293 

requirement of a kernel is that it must satisfy Mercer’s theorem. The optimization algorithm 294 

has a global optimum which is one of the characteristics that differentiate SVMs from other 295 

ML algorithms, such as ANNs, that may converge to local optima [80]. SVM regression is a 296 

nonparametric technique and, therefore, it requires that all the training data be available during 297 

the training phase, when the parameters of the SVM model are learned. However, once SVM 298 

parameters are determined, the model depends only on a subset of the training instances, called 299 

support vectors, for future prediction. Support vectors are found after an optimization step 300 

which involves an objective function regularized by an error term and a constraint, using 301 

Lagrangian relaxation [81]. 302 

MATLAB provides four kernel functions, namely Linear, Quadratic, Cubic and Gaussian, for 303 

SVM models. The selection of a kernel function in SVMs is analogous to the problem of 304 
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selecting a suitable architecture in ANNs. The hyperparameters of the SVM models were 305 

optimized using the Bayesian Optimization approach, as shown in Fig. 6. In this approach, the 306 

optimized hyperparameter values do not always yield the observed minimum MSE. This 307 

approach determines the set of hyperparameters that minimizes an upper confidence interval 308 

of the MSE objective model, rather than the set that minimizes the MSE. The epsilon (ε) term 309 

basically defines a loss term that ignores errors within a certain distance of the true value [80]. 310 

The box constraint is a positive numeric value which controls the penalty imposed on 311 

observations that lie outside the epsilon margin (ε) and helps to prevent overfitting.  312 

7. Results and Discussion 313 

Performance of the five physics-based (Pb) models and the six ML models were evaluated 314 

using the four metrics and summarized in Table 3. It should be noted that R2 is negative only 315 

when the chosen model does not follow the trend of the data, so fits worse than a horizontal 316 

line (which only occurs for the Pb Model 3 proposed by Oehlers and Johnson). As can be seen 317 

from Table 3, the best performing Pb model is Model 4 with an RMSE value of 35.37 kN, an 318 

MAE value of 29.76 kN and an R2 value of 0.55; this was closely followed by Model 2 and 319 

Model 5, which performed similarly with an R2 value of 0.53. Model 1, which corresponds to 320 

the current Eurocode 4 design provisions, performed poorly with an R2 value of only 0.32.  321 

From comparison of the two general model types, it can be seen from Table 3 that the ML 322 

models achieved excellent performance and obtained much lower error values in comparison 323 

to the Pb models. The results confirm the power and accuracy of data-driven models for 324 

estimating the resistance of headed studs embedded in concrete. Moreover, the excellent 325 

performance of the ML models demonstrates that the dataset has high quality and sufficient 326 

quantity for predicting the resistance of shear studs. The SVM model with a RMSE value of 327 

12.08 kN and a MAE value of 8.70 kN showed the best performance among ML algorithms. 328 

The SVM model with a R2 value of 0.95 can readily predict the stud resistance with an accuracy 329 
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of ±8.70 kN (as captured by MAE), which is less than 5% of the mean measured resistance for 330 

the test dataset (177.07 kN). Fig. 7 presents the predicted vs. measured values of the six ML 331 

models for the test dataset. When a perfect model has a predicted response that equals the true 332 

response, all the points should lie on a diagonal line. The vertical distance from the line to any 333 

point is the error of the prediction for that point. The SVM model has small errors and, 334 

therefore, the predictions are scattered near the line. Fig. 8 shows residuals plot of the SVM 335 

model for the training and test datasets. The residuals plot displays the difference between the 336 

predicted and true responses. The accuracy of the DT model with a RMSE value of 19.94 kN 337 

and a MAE value of 13.21 kN was found to be the worst performing ML model (yet the DT 338 

model still outperformed the best Pb Model 4 by a significant margin). The differences in 339 

RMSE and MAE values between SVM and DT were 7.86 and 4.51 kN, respectively. It should 340 

be noted that unlike non-interpretable ML models, such as SVMs and ANNs, the DT is an 341 

explainable ML algorithm. The comparison results indicate that the BET model yields more 342 

accurate results than the individual DT model.   343 

7.1 Visualization and Interpretation of SVM Model 344 

Most advanced ML models, such as ANNs and SVMs, are known as ‘black-box’ models. In 345 

other words, it is too difficult, if not impossible, to derive mechanics-based relationships 346 

between input and output parameters from these ML models. A few approaches have been 347 

recently suggested to increase interpretability of the advanced ML models, viz. the partial 348 

dependence (PDP) plot and its extension, the individual conditional expectation (ICE) plot are 349 

popular visualization tools for black-box ML models. 350 

Partial dependence represents the relationships between predictors and responses in a trained 351 

ML model [82]. The partial dependence on a selected input variable is defined by the averaged 352 

prediction obtained by marginalizing out the effect of the other input variables. Therefore, 353 

the partial dependence is a function of the selected predictor that shows the average effect of 354 



17 

 

the selected predictor over the data set [83]. An ICE, as a variant of PDP, represents the 355 

relationship between a predictor and the responses for each observation [84]. While partial 356 

dependence shows the averaged relationship between inputs and outputs, a set of ICE plots 357 

disaggregates the averaged information and shows an individual dependence for each 358 

observation [85].  359 

In this research, PDP and ICEs are computed and plotted for the SVM model, which yields the 360 

most accurate prediction, to determine the relationships between the seven predictors and the 361 

stud resistance. Fig. 9 (a) to (g) includes the following three types of plots: 362 

• Scatter plot of the selected predictor variable and predicted responses with circle 363 

markers. 364 

• ICE plot for each observation with a grey line. 365 

• PDP with a red line. 366 

As can be seen from the PDP plot in Fig. 10 (a), the stud resistance PRm first increases in 367 

proportion to an increase in the concrete strength fcm until a peak value is achieved at fcm  80 368 

MPa, whereupon the stud resistance decreases with a further increase in concrete strength. 369 

From Fig. 10 (b) there is a slight decrease in PRm when an increase of the short-term secant 370 

modulus of elasticity of concrete Ecm is between around 1.5104 and 1.75104 MPa, the value 371 

of PRm increases semi-linearly from roughly 143 to 198 kN with an increase of the short-term 372 

secant modulus of elasticity of concrete from approximately 1.75104 to 4.6104 MPa.  373 

For the PDP plot of the mean tensile strength of the stud material fum, it can be seen from Fig. 374 

10 (c) that fum has an apparent positive correlation with the resistance between roughly 450 and 375 

650 MPa; however, beyond the latter value, there are only three data points. Moreover, from 376 

the corresponding ICE plot in Fig. 9 (c), it appears that the positive correlation of the PDP plot 377 

may have been adversely affected by the negative correlation for the data points when fum = 378 
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600 MPa, which correspond to the push tests undertaken by Maidstone and Menzies [48] 379 

together with Menzies [54].  380 

From the PDP plot in Fig. 10 (d) the diameter of stud shank dm from around 12.7 to 16 mm and 381 

from about 25.4 to 31.8 mm is negatively correlated with PRm; however, from considering the 382 

corresponding ICE plot in Fig. 9 (d), this may have been caused by only eighteen and two data 383 

points for dm ≤ 16 mm and dm = 31.8 mm, respectively. Conversely, as can be seen from Fig. 384 

10 (d), the diameter of stud shank from 19 to 25.4 mm is positively correlated with PRm . From 385 

Fig. 10 (e) there is a positive monotonic relationship between the height of the stud hscm and 386 

PRm, suggesting that the stud resistance is relatively insensitive to the changes in hscm; however, 387 

as can be seen from Fig. 9 (e), most of the data lies in the range 75 mm ≤ hscm ≤ 125 mm. Whilst 388 

the diameter of weld collar ddo between approximately 22 and 35.3 mm has a positive 389 

correlation with PRm in Fig. 10 (f) , ddo from nearly 17 to 22 mm and from about 35.3 to 44.2 390 

has a negative correlation; this finding seems to be reasonable as the weld collar diameter is 391 

related to the diameter of the stud shank [85] and, similar to observations made regarding dm, 392 

it can be seen from Fig. 9 (f) that there are rather few data points for the smallest and largest 393 

values of ddo. Finally, when considering the height of the weld collar hwm in Fig. 10 (g), PRm 394 

increases semi-linearly from roughly 156.9 to 199 kN with an increase in hwm from around 3.45 395 

to 8.6 mm. 396 

Fig. 11 presents 3-D and 2-D PDP plots for two geometric features of the stud, namely the 397 

diameter of the shank dm and the overall height hscm. The PDP plot with two predictor variables 398 

provides a visualization of the interactions between two features. Fig. 11 indicates the 399 

dependence of PRm on the diameter of the shank and the height of the stud. An interaction 400 

between two features can be clearly seen: for a diameter of greater than 22 mm, PRm initially 401 

increases and reaches its peak as the overall height increases, whereas for a diameter of less 402 

than 22 mm, there is a negative correlation between overall height and PRm.    403 
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7.2 Feature Importance of Decision Tree Model 404 

A SVM model cannot be used to quantify the importance of each predictors since it is a non-405 

interpretable ML model. Therefore, the DT model, which is an inherently interpretable model, 406 

was used to conduct feature importance tests. Feature importance of the seven predictors has 407 

been calculated using the DT model and summarized in Table 4 and presented graphically in 408 

Fig. 12. It should be noted, however, that results of DT are influenced by its hyperparameter 409 

(i.e. the minimum leaf size), so the obtained feature importance is only indicative. The feature 410 

importance analysis revealed that the diameter of stud shank and compressive strength of 411 

concrete, relative to other input variables, are factors dominating PRm. In contrast, the height 412 

of weld collar, the diameter of weld collar and the short-term secant modulus of elasticity of 413 

concrete are relatively insignificant, meaning that they appear to have a minor effect on the 414 

PRm. The finding that the secant modulus of elasticity is insignificant is important as, following 415 

its introduction within the empirical equations proposed by Ollgaard et al. [5], this variable is 416 

widely used within the design models of many international standards; however, a possible 417 

reason for this finding may be because only normal weight concrete was considered in the 418 

database of push tests. Furthermore, the inclusion of the height and diameter of the weld collar 419 

in Pb Models 4 and 5 may be questionable.  420 

8. Conclusions 421 

This study developed five single and one ensemble ML models for predictions of the stud 422 

resistance. Accuracy of the ML models were compared with each other and the five existing 423 

physics-based models, including the current design equations given by Eurocode 4. It was 424 

shown that the SVM model yielded the most accurate result compared to other ML models and 425 

physics-based equations. Moreover, the performance of the SVM models can be further 426 

improved with the availability of new data points in the future. The outcome of this work 427 

demonstrates the feasibility and high accuracy of machine learning techniques in predicting the 428 
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stud resistance as well as in paving the way towards inclusion of data-driven models in the next 429 

generations of international design codes. It was found that there is an interaction between the 430 

diameter and the overall height of a stud shank. The importance analysis determined that the 431 

most influencing predictors in resistance of studs are the diameter of stud shank and the 432 

compressive strength of concrete. From this same analysis, it was also shown that the short-433 

term secant modulus of elasticity of concrete is relatively insignificant for studs embedded in 434 

normal weight concrete, which may have implications in the development of future design 435 

models. 436 
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(a) Linear Regression (b) Decision Tree (c) Ensemble Decision Tree

(e) Super Vector Machine (f) Gaussian Process (g) Artificial Neural Network

Fig 1. Graphical representation of six machine learning algorithms [69] 20



Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Training Data Validation Data

Fig 2. Schematic description of five-fold cross-validation
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Fig 5. Graphical representation of non-linear Kernel SVM [71]
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Fig 6. Hyperparameter tuning of SVM model using Bayesian Optimization approach  
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Fig 7. Predicted vs. Measured plots of  ML models for test process



Fig 8. Residuals plot of SVM model for the training (left) and test (right) datasets
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Fig 9. ICE and PDP plots for seven indicators
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Fig 10. PDP plots for seven indicators
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Fig 11. 3-D and 2-D PDP plots for two predictors
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Fig 12. Importance of seven features in DT models
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Table 1. Features of ML Models 

No. Variables Unit Min Max Type

1 Mean compressive cylinder strength of concrete (fcm) MPa 16.61 115.83 Input

2 Short-term secant modulus of elasticity of concrete (Ecm) MPa 15100 46500 Input

3 Mean tensile strength of stud (fum) MPa 426.00 675.00 Input

4 Diameter of stud shank (dm) mm 12.70 31.80 Input

5 Overall height of stud (hscm) mm 69.90 200.00 Input

6 Diameter of weld collar (ddom) mm 17.00 44.50 Input

7 Height of weld collar (hwm) mm 3.00 8.60 Input

8 Mean measured resistance per stud (Pem) kN 61.83 318.90 Output
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Statistical Metrics Equations

Mean squared error (MSE) 𝑀𝑆𝐸 =
σ𝑖=1
𝑛 𝑦′𝑖 − 𝑦𝑖

2

𝑛

Root mean square error (RMSE) RMSE =
σ𝑖=1
𝑛 𝑦′𝑖 − 𝑦𝑖 2

𝑛

Mean absolute error (MAE) MAE =
1

𝑛


𝑖=1

𝑛

𝑦′𝑖 − 𝑦𝑖

Coefficient of determination (R2) 𝑅2 = 1 −
σ𝑖=1
𝑛 𝑦′𝑖 − 𝑦𝑖

2

σ𝑖=1
𝑛 𝑦𝑖 − ത𝑦 2

Table 2. Statistical metrics

Note: 𝑦′= predicted value, y=actual value, n= number of datapoints
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Model 

No.
Predictive Models

Validation Dataset Testing Dataset

MSE RMSE MAE R^2 MSE RMSE MAE R^2

1 Current Eurocode 4 (Eq. (4) & (5)) N/A N/A N/A N/A 1890.40 43.48 38.75 0.32

2 Eurocode 4 revised by Hicks (Eq. (8) & (9)) N/A N/A N/A N/A 1323.80 36.38 30.51 0.53

3 Oehlers and Johnson revised by Hicks (Eq. (10)) N/A N/A N/A N/A 3025.70 55.01 37.56 -0.08

4 Doinghaus revised by Hicks (Eq. (12) & (13)) N/A N/A N/A N/A 1251.30 35.37 29.76 0.55

5 Konrad et al. (Eq. (14) & (15)) N/A N/A N/A N/A 1315.80 36.27 31.97 0.53

6 Linear Regression (LR) 407.26 20.18 15.51 0.87 241.92 15.55 12.91 0.91

7 Decision Tree (DT) 424.04 20.59 14.72 0.87 397.40 19.94 13.21 0.86

8 Bagged Ensemble Trees (BET) 272.25 16.50 11.93 0.92 328.20 18.12 11.60 0.88

9 Super Vector Machine (SVM) 256.68 16.02 10.22 0.92 146.00 12.08 8.70 0.95

10 Gaussian Process Regression (GPR) 247.87 15.74 10.70 0.92 231.24 15.21 9.08 0.92

11 Artificial Neural Network (ANN) 424.34 20.60 12.90 0.87 253.89 15.93 9.86 0.91

Table 3. Predictive models and their performance
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Features
1 2 3 4 5 6 7

fcm Ecm fum dm hscm ddom hwm

Importance Values 19.5571 1.2849 4.4104 55.9433 2.0157 1.4274 1.2701

Table 4. Importance of input variables of DT model 


