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Abstract
Headed studs are generally utilized as shear connectors at the interface between steel and concrete in composite structures 
primarily to transfer longitudinal shear force. This paper presents regression methodologies to predict the shear capacity of 
headed steel studs by using the concepts of minimax probability machine regression (MPMR) and extreme machine learn-
ing (EML). MPMR is carried out based on a minimax probability machine classification. EML is an updated version of a 
single hidden layer feedforward network. From the experimental data presented in extensive literature, key input parameters 
influencing the shear capacity have been identified and consolidated. The identified parameters include (i) steel stud shank 
diameter, (ii) compressive strength of concrete, and (iii) tensile strength of headed steel stud. After careful examination of 
the data and their limits, about 70–75% of the mixed dataset comprising the range of the values has been used for develop-
ing MPMR and EML-based models. The input data has been normalized based on the limits of individual parameters. The 
remaining data has been utilized for verification of the developed models. It is observed that the predicted shear strength 
capacity is comparable with the experimental observations. Further, the efficacy of the models has been evaluated through 
several statistical parameters, namely; root mean square error, mean absolute error, the coefficient of efficiency, root mean 
square error to observation’s standard deviation ratio, normalized mean bias error, performance index, and variance account 
factor. It is found that the R2 value is 0.9913 and 0.9479, respectively, for the models developed based on the concepts of 
MPMR and EML, indicating that the predicted value is closer to the experimental data.

Keywords  Headed stud · Steel–concrete composite structure · Shear strength · Minimax probability machine regression · 
Extreme machine learning · Statistical modeling technique
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ai	� Input weight vectors
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L	� Number of hidden layers
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i
	� Component of the input vector before normalization
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i
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xmax
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	� The maximum value of all components of input 
vector before normalization
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	� The minimum value of all components of input vec-
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�0	� Output of MPMR learning algorithm
�	� Ratio of the minimum tensile strength to the yield 

stress of stud
�v	� Material safety factor
�sc	� Resistance safety factor

1  Introduction

It is a well-known fact that steel-composite structures are 
substantially more effective for studies on hazard and risk 
assessment strategies to mitigate seismic damage due to 
effective utilization of concrete in the compression and steel 
in the tension. It offers superior characteristics, such as high 
strength-to-weight ratio, enhanced flexural stiffness, faster 
and flexible construction, convenience for repair and retrofit-
ting, and increased durability, compared to traditional rein-
forced concrete (RC) structures (He et al., 2010; Lin et al., 
2014; Shanmugam & Lakshmi, 2001). In the steel–concrete 
composite system, shear connectors must achieve adequate 
strength and ductility. Shear connectors are in the form 
of angles, channels, headed studs, and perforated ribs, to 
name a few common forms. Shear connectors placed at the 
steel–concrete interface will transfer the stresses between 
both materials (Baran & Topkaya, 2012; Colajanni et al., 
2014; Lam & El-Lobody, 2005).

To transfer longitudinal shear force at the interface of 
the steel–concrete composite system, the most commonly 
employed connectors are headed steel studs. The prime 
usage of the stud shear connectors can be seen in bridge 
decks. The performance of shear connector is related to sev-
eral aspects, including (i) the geometry of headed stud, i.e., 
diameter, and height of the shank, (ii) stud tensile strength, 
(iii) concrete compressive strength and elastic modulus, (iv) 
weld quality of stud, and (v) the direction of concrete cast-
ing and reinforcement detailing. The shear strength of the 
headed stud is determined by performing either push-out 
or beam tests. Most of the recommended code provisions 
contain expressions to calculate the shear strength capacity 
of studs, which were obtained from experimental push-out 
tests. As summarized in Sect. 2 and Table 1, the capacity of 
studs depends on several aspects, namely, the use of studs in 
a type of composite structural element (such as composite 
slabs, walls, beams, push-out test specimens, etc.), the type 
of concrete (normal concrete, fiber RC, etc.), the embedment 
length of a stud in concrete, and failure mode. It can also 
be observed from Table 1 that comprehensive experiments 
considering the variation in (i) steel stud shank diameter, d , 
(ii) compressive strength of cylindrical concrete, f ′

c
 , and (iii) 

tensile strength of headed steel stud, fu , to estimate the shear 
capacity are not available from a single source. Further, from 
Table 1, the key parameters were identified to develop and 

validate the models to predict the shear resistance of headed 
steel studs.

Various experiments were carried out to obtain the shear 
capacity of headed studs in the steel–concrete composite 
system under monotonic loading, cyclic loading, fatigue 
loading, and biaxial loading. In addition, the effects of vari-
ous parameters, namely, concrete compressive strength, stud 
diameter, number of studs, and boundary conditions, on the 
shear strength, were investigated (Badie et al., 2002; Dogan 
& Roberts, 2012; Gattesco & Giuriani, 1996; Han et al., 
2017; Kim et al., 2015; Shim et al., 2004; Valente & Cruz, 
2009; Xu et al., 2015; Xue et al., 2008, 2012). Alternatively, 
the common failure phenomenon of studs in the steel–con-
crete composite system is the stud shank failure, embed-
ment failure, splitting failure, and shear failure of a concrete 
slab (see Fig. 1) (Shim et al., 2004). Dennis (Dennis, 2007) 
proposed design equations to evaluate the shear connector’s 
strength for headed steel stud connectors in precast hollow-
core slabs. Besides, Nguyen and Kim (Nguyen & Kim, 
2009) and Ellobody and Young (Ellobody & Young, 2006) 
developed a finite element model (FEM) considering non-
linearity to predict the composite behavior of headed stud 
shear connectors under push-out loading. Abambres and He 
(Abambres & He, 2019) adopted the artificial neural network 
(ANN) modeling approach to predict the shear resistance 
of headed steel studs by using the collected data from the 
literature. They found that the ANN-based model performs 
better compared to code-based equations [e.g., given by 
Eurocode 4 (EC4) (2004), AASHTO-LRFD (2014), and the 
Chinese Code GB50017 (2017)]. The expressions available 
in Codes of practice were determined to underestimate the 
shear capacity compared to experimental values (Abambres 
& He, 2019).

There are some regression or machine learning tools; 
namely, ANN, relevance vector machine (RVM), multi-
variate adaptive regression splines (MARS), support vec-
tor machine (SVM), Gaussian process regression (GPR), 
minimax probability machine regression (MPMR), extreme 
machine learning (also known as extreme learning machine) 
(EML), and least squares support vector machine (LS-SVM) 
available in the literature to develop models (Akbas et al., 
2011; Al-Musawi, 2019; Avci-Karatas, 2019, 2021; Cao 
et al., 2020; DeRousseau et al., 2019; Dutta et al., 2018; 
Gholampour et al., 2020; Huang & Huang, 2020; Mansouri 
et al., 2017; Murthy et al., 2019; Shah et al., 2014) to predict 
the desired response. Comparatively, each model has its own 
merits and limitations. For instance, ANN provides benefits 
include not requiring an understanding of internal system 
parameters but rather a compact solution for multi-variable 
problems (Mansouri et al., 2019; Shariati et al., 2019). On 
the other hand, soft computing algorithm for single hidden 
layer feedforward neural network (NN) now is obtainable 
through EML (Huang et al., 2006a; Wang & Huang, 2005). 
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In comparison with ANN, EML-based model decreases 
the required time to train NN and could solve the problems 
caused by backpropagation, a gradient descent-based algo-
rithm applied in ANNs. A reliable and accurate alternative 
analytical model considering these issues as compatible with 
real conditions of the shear resistance of headed steel studs 
has motivated the research and was analytically investigated 
in this paper. With the motivation on “quick learning” and 
“better performance” (Cao et al., 2020), the main objective 
of this investigation is the use of MPMR and EML-based 
modeling approaches.

Therefore, this study aims to develop a model to estimate 
the shear resistance of headed steel studs by applying the 
concepts of MPMR and EML. The novelty of this research 
is the utilization of comprehensive data to predict shear 
strengths of headed steel studs through machine regres-
sion tools. Generally speaking, it can be noted that apply-
ing both concepts in civil/structural engineering is found to 
be limited in the literature. Thus far, to the knowledge of 
the author, while steel–concrete composite structures have 
merit in seismic applications, and also, several analytical 
models were reported on evaluating the shear strength of 
headed steel studs in steel–concrete composite structures, 
no guidance exists to help the engineers for predicting shear 
capacities using EML and MPMR with a reasonable degree 
of accuracy in the current technical literature. In this study, 

the experimental behaviors of various headed steel studs, 
obtained from the push-out tests on shear connector behavior 
in steel–concrete joints, are consolidated and developed an 
analytical models by using the concepts of EML and MPMR 
to predict the shear strength capacity of headed steel studs. 
The models have been developed and verified with a data-
set covering 234 experimental data results available in the 
literature. Based on the results given in Dutta et al. (Dutta 
et al., 2018), Murthy et al. (Murthy et al., 2019), DeRous-
seau et al. (DeRousseau et al., 2019), and Huang and Huang 
(Huang & Huang, 2020), the portions of the dataset has been 
decided to develop and validate the model. After referring to 
the mentioned literature related to the developed regression 
models, 70–75% of the dataset has been decided to develop 
the models and the rest of the data has been used for valida-
tion. It is noteworthy to mention in the present research that 
the developed MPMR and ELM-based modeling approaches 
will serve as reliable tools to predict the shear resistance of 
headed steel studs and will have a broader impact on the civil 
engineering profession. The findings of the paper are new 
and will make significant contributions to the existing tech-
nology of stud shear connectors in composite constructions.

The basic ideology of MPMR is to maximize the mini-
mum probability of future data points during the classifi-
cation process. Hence, the most featured aspect of MPMR 
is that it will provide exclusively a lower bound on the 

Fig. 1   Failure modes: a shank 
failure; b embedment failure; c 
slab cracking; d shear failure of 
slab  (Figure adopted from Shim 
et al., 2004)
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probability that the model is within a defined error of the 
true regression function when the mean and covariance/
auto-covariance matrix of the data are known. EML is 
an improved version of a single hidden layer feedforward 
neural network (SLFN). Shah et al. (2014) and Parab et al. 
(2014) predicted fracture parameters of high strength and 
ultra-high-strength concrete beams using GPR, LS-SVM, 
MPMR, and EML. An analytical prediction model using 
the concepts of MPMR and GPR for hardness and fracture 
toughness of liquid-phase-sintered alumina system was 
proposed by Gopinath et al. (2018). In an attempt to pro-
vide quantitative data for predicting the shear resistance of 
headed studs in steel–concrete composite structures through 
MPMR and EML, after providing a relevant literature review 
in this section, the remainder of the paper is arranged as fol-
lows: Sect. 2 illustrates the experimental data collection on 
the shear capacity of headed steel studs; Sect. 3, and Sect. 4 
present the structure and implementation of the performed 
nonlinear machine learning algorithms giving a brief theory 
on MPMR and EML; Sect. 5 includes the development of 
MPMR and EML-based models for predicting the shear 
resistance of headed steel studs and validation check stud-
ies; and a comparison of MPMR and EML-Based Models 
with existing calculation methods is given in Sect. 6. Finally, 
Sect. 7 summarizes the major findings and perceived limita-
tions of the current study.

2 � Data Collection

Many other parameters definitely influence the stud capacity, 
such as the type of composite structural elements (e.g., com-
posite slabs, walls, beams, push-out test specimens, etc.), the 
geometrical properties (e.g., head to shank diameter ratio, 
embedment length of the stud in concrete, head to shank 

length ratio, etc.), the concrete material types (e.g., normal 
concrete, high-performance concrete with strain hardening 
capacity, fiber RC, etc.), and failure modes. Figure 1 presents 
the common failure phenomenon of a stud in the steel–con-
crete composite system (Shim et al., 2004). In this research, 
data has been collected from the push-out tests on shear con-
nector behavior in steel–concrete joints. Figure 2a shows a 
typical test setup, where a steel profile is attached to concrete 
slabs through the shear connectors. About 234-point dataset 
has been collected from various sources (Driscoll & Slutter, 
1961; Hawkins, 1973; Hiragi et al., 2003; Menzies, 1971; 
Oehlers & Johnson, 1987; Ollgaard et al., 1971; Pallarés & 
Hajjar, 2010; Shim et al., 2004; Slutter & Driscoll, 1965; 
Thurlimann, 1959; Viest, 1956; Wang, 2013; Xue et al., 
2008, 2012; Zhou et al., 2008) [Developer 2018a available in 
Reference (Abambres & He, 2019)]. Table 1 briefly presents 
experimental details, such as geometrical parameters, mate-
rial properties of input, and target/output variables that were 
conducted by several researchers mentioned above. From 
these experimental studies, it was observed that the shear 
strength of steel stud, Pu , primarily related to three param-
eters; namely, (i) steel stud shank diameter, d , (ii) 28-day 
compressive strength of cylindrical concrete, f ′

c
 , and (iii) 

tensile strength of headed steel stud, fu . These parameters 
have been considered central input variables for the develop-
ing models. Figure 2b clarifies the input and the expected 
output parameters proposed for developing the models. 
Table 2 presents the consolidated experimental data. 

To ease the implementation of predictive model by any 
interested researchers while alleviating the issues related 
to the practical applications of the models, only three vari-
ables,d, f ′

c
 , and fu , are assumed in this study to determine the 

shear capacity of studs since those were the key parameters 
affect the shear failure of headed steel studs. It was noticed 
that the effect of other parameters, such as the connector 

Fig. 2   Input (marked in green 
color) and target (marked in red 
color) parameters: a push-out 
test specimen; b headed steel 
stud   (Figure adopted from 
Abambres & He, 2019)
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Table 2   Experimental data 
on shear strength capacity 
of headed steel studs, PE

u
 , in 

the steel–concrete composite 
system

Input Output Input Output

Data point d

(mm)
f
′

c

(MPa)

fu
(MPa)

PE
u

(kN)

Data point d

(mm)
f
′

c

(MPa)

fu
(MPa)

PE
u

(kN)

1 19.50 38.00 388.50 122.90 50 19.00 31.50 468.00 134.00
2 19.00 55.70 415.00 117.00 51 27.00 62.70 400.00 228.00
3 25.00 35.80 485.00 235.50 52 16.00 55.70 326.00 67.80
4 13.00 60.00 425.00 59.40 53 30.00 36.80 366.00 253.40
5 15.90 33.90 483.70 93.10 54 30.00 36.80 477.00 333.80
6 12.70 51.10 439.80 57.90 55 19.50 32.40 482.10 138.30
7 25.00 40.10 380.00 184.30 56 27.00 68.80 420.00 233.70
8 13.00 70.00 425.00 60.60 57 22.00 70.30 465.00 180.40
9 22.00 45.60 478.00 179.40 58 22.00 40.00 375.00 138.40
10 19.00 50.50 495.00 142.10 59 22.00 45.60 380.00 140.20
11 22.00 70.00 417.00 163.10 60 22.00 55.70 514.00 199.00
12 19.00 50.00 495.00 141.30 61 19.00 30.00 495.00 118.70
13 22.00 35.00 470.00 175.10 62 19.00 32.20 455.00 130.60
14 19.50 37.40 421.30 128.80 63 19.00 27.60 460.00 110.90
15 25.00 56.30 515.00 253.60 64 16.00 56.50 455.00 92.60
16 19.50 30.10 488.50 129.90 65 19.00 22.80 420.00 98.80
17 19.50 45.00 488.50 147.10 66 30.00 66.20 460.00 331.00
18 22.00 59.90 430.00 158.00 67 19.50 45.90 466.80 138.80
19 15.90 31.20 327.00 67.00 68 30.00 70.30 478.00 342.00
20 10.00 25.50 335.00 26.20 69 19.00 100.10 519.00 153.80
21 19.50 37.80 305.70 90.50 70 22.00 28.00 355.00 129.30
22 30.00 59.30 535.00 381.00 71 16.00 30.00 335.00 70.20
23 22.00 54.60 445.00 174.90 72 13.00 66.30 445.00 60.30
24 16.00 40.00 455.00 88.90 73 10.00 39.20 465.00 38.50
25 22.00 40.00 417.00 154.40 74 19.00 40.30 519.00 147.10
26 9.50 39.30 435.00 28.60 75 25.00 48.80 455.00 220.80
27 19.00 54.60 445.00 135.50 76 27.00 62.70 460.00 270.20
28 22.00 60.00 417.00 161.00 77 27.00 35.60 375.00 214.90
29 22.00 28.00 417.00 151.90 78 30.00 43.50 455.00 317.00
30 19.00 20.50 495.00 93.80 79 19.00 58.50 425.00 123.00
31 12.70 47.80 457.60 60.90 80 15.90 31.60 469.00 90.90
32 22.00 30.00 450.00 162.60 81 19.00 55.70 425.00 121.00
33 22.00 28.00 378.00 141.20 82 22.00 50.50 515.00 197.20
34 19.00 20.00 470.00 92.00 83 16.00 50.50 455.00 92.10
35 19.50 33.00 397.40 123.30 84 19.00 30.80 460.00 127.90
36 12.70 36.70 452.80 58.40 85 27.00 50.50 390.00 224.30
37 19.00 55.70 435.00 124.00 86 22.00 31.50 468.00 176.30
38 16.00 39.10 462.00 93.00 87 19.00 38.40 455.00 134.20
39 19.00 70.00 495.00 147.00 88 25.00 35.80 380.00 181.60
40 25.00 40.10 430.00 210.20 89 25.00 54.10 455.00 224.50
41 30.00 36.80 424.00 290.70 90 22.00 54.10 534.00 204.00
42 13.00 50.00 455.00 60.50 91 27.00 45.70 385.00 222.00
43 22.00 25.20 415.00 143.70 92 19.00 50.00 420.00 114.95
44 25.00 50.00 500.00 246.10 93 15.90 35.50 419.30 84.40
45 22.00 40.00 468.00 178.50 94 22.00 55.70 500.00 189.00
46 30.00 52.60 478.00 341.00 95 13.00 40.00 425.00 56.00
47 15.90 36.00 436.60 88.00 96 19.50 45.90 404.90 126.60
48 25.00 50.00 420.00 211.60 97 22.00 35.00 435.00 159.80
49 27.00 68.80 520.00 294.80 98 22.00 55.70 530.00 201.00
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Table 2   (continued) Input Output Input Output

Data point d

(mm)
f
′

c

(MPa)

fu
(MPa)

PE
u

(kN)

Data point d

(mm)
f
′

c

(MPa)

fu
(MPa)

PE
u

(kN)

99 30.00 66.20 525.00 368.00 148 27.00 56.00 458.00 268.20
100 22.00 45.60 435.00 162.50 149 25.00 54.10 495.00 248.10
101 12.70 48.60 412.50 56.70 150 9.50 47.60 435.00 30.40
102 30.00 52.60 420.00 290.00 151 27.00 41.10 490.00 284.40
103 22.00 25.00 345.00 128.60 152 15.90 42.10 472.00 92.60
104 30.00 43.50 389.00 278.00 153 25.00 44.60 445.00 216.50
105 27.00 30.50 430.00 242.80 154 25.00 40.10 485.00 236.40
106 15.90 35.50 321.50 68.10 155 19.00 109.30 519.00 156.00
107 30.00 59.30 488.00 340.00 156 16.00 30.00 455.00 87.40
108 19.50 37.80 385.10 121.90 157 13.00 49.80 450.00 60.10
109 15.90 42.10 436.40 90.00 158 12.70 51.00 443.20 58.60
110 27.00 30.50 479.00 253.10 159 13.00 30.00 425.00 54.10
111 19.50 28.20 466.90 123.30 160 16.00 30.00 420.00 82.45
112 25.00 44.60 490.00 242.20 161 25.00 50.00 455.00 222.00
113 19.00 55.00 495.00 145.00 162 19.50 23.00 488.50 101.50
114 27.00 62.70 515.00 292.20 163 15.90 31.20 470.60 87.00
115 19.00 38.10 519.00 145.00 164 16.00 70.00 455.00 94.10
116 12.70 38.00 450.10 59.10 165 13.00 50.10 425.00 57.10
117 27.00 30.50 380.00 213.40 166 16.00 24.50 335.00 66.20
118 22.00 50.00 510.00 190.70 167 30.00 70.30 595.00 415.00
119 15.90 36.90 406.30 82.20 168 25.00 44.60 390.00 188.90
120 22.00 50.00 477.00 181.00 169 13.00 39.20 469.00 60.40
121 16.00 41.00 468.00 93.80 170 25.00 48.80 495.00 244.10
122 16.00 60.00 455.00 93.20 171 19.50 27.50 477.90 121.10
123 27.00 35.60 435.00 246.80 172 16.00 55.90 326.00 68.10
124 27.00 35.60 485.00 272.90 173 19.00 44.00 450.00 136.20
125 22.00 35.00 370.00 136.20 174 16.00 25.50 335.00 67.80
126 19.00 60.00 485.00 140.00 175 19.00 41.00 468.00 136.00
127 19.00 50.50 515.00 144.20 176 13.00 34.50 435.00 56.80
128 27.00 45.70 495.00 287.50 177 15.90 35.50 484.30 97.90
129 19.50 37.40 426.10 130.20 178 19.50 38.00 409.70 125.60
130 12.70 32.10 487.60 62.10 179 25.00 70.30 535.00 265.60
131 25.00 48.80 375.00 187.50 180 19.00 50.50 535.00 151.00
132 19.00 20.00 495.00 93.10 181 25.00 54.10 534.00 263.00
133 19.00 39.50 495.00 139.10 182 22.00 55.70 475.00 186.80
134 22.00 30.00 425.00 155.50 183 12.70 48.60 463.10 60.70
135 27.00 56.00 392.00 226.40 184 19.00 55.70 475.00 139.00
136 19.00 50.00 470.00 137.00 185 27.00 41.10 445.00 250.10
137 19.00 55.00 477.00 141.00 186 15.90 35.50 437.80 88.20
138 22.00 63.40 519.00 202.20 187 19.50 45.90 495.60 145.10
139 22.00 30.00 365.00 133.60 188 12.70 38.00 452.80 59.80
140 19.00 39.10 462.00 135.00 189 27.00 45.70 455.00 264.20
141 16.00 55.10 326.00 67.00 190 19.00 30.00 420.00 111.50
142 27.00 56.00 497.00 290.90 191 9.50 32.40 435.00 27.90
143 30.00 66.20 575.00 410.00 192 19.50 38.00 434.30 131.20
144 19.00 95.90 519.00 151.90 193 27.00 41.10 378.00 217.90
145 30.00 70.30 545.00 388.00 194 25.00 35.80 430.00 208.70
146 19.00 33.00 460.00 133.10 195 15.90 31.20 420.00 80.80
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length, and arrangement (spacing, pattern), the weld quality, 
weld dimensions, the friction properties, and orientation of 
the steel–concrete interface during concreting, is minimum 
on the shear capacity (Chen et al., 2019; Driscoll & Slutter, 
1961; Ellobody, 2014; Hawkins, 1973; Hiragi et al., 2003; 
Menzies, 1971; Oehlers & Johnson, 1987; Ollgaard et al., 
1971; Pallarés & Hajjar, 2010; Shim et al., 2004; Slutter & 
Driscoll, 1965; Thurlimann, 1959; Viest, 1956; Wang, 2013; 
Xue et al., 2008, 2012; Zhou et al., 2008). For example, the 
shear capacity is slightly influenced by stud length when the 
length-to-diameter ratio ( hs∕d ) is larger than 4 (Abambres 
& He, 2019; ANSI & AISC, 2016; ANSI & AISC-360-16, 
2016; Chen et al., 2019; Driscoll & Slutter, 1961; Ellobody, 
2014). The experimental data here about the stud specimens 
having the length-to-diameter ratio are more than4 . To vali-
date the models considering more variables may not easily 
be applied for every structural, geometrical, and material 
type since each has its own merits. The aim of the developed 
models in the present investigation is to provide a unique 
study to the researcher to obtain the decreasing errors, com-
plexity, and reducing convergence of scattering amplitudes 
of numerical results to experimental ones that can be an 
alternative to additional experimental studies. The mini-
mum, maximum, and average values of input variable d are 
9.5mm , 30mm and 20.4mm , for f �

c
 , the values are18.3MPa , 

109.3MPa and 44.6MPa , and for fu , the values are 305.7MPa , 
595MPa , and 448.4MPa , respectively. These variations 

have been considered while producing model processes to 
increase the possibility of obtaining a more robust model.

3 � Minimax probability machine regression 
(MPMR)

MPMR, an alternative justification for discriminative tech-
niques, is considered in several applications in the literature 
(Sun, 2009; Yang et al., 2010; Zhou et al., 2013). The basic 

Table 2   (continued) Input Output Input Output

Data point d

(mm)
f
′

c

(MPa)

fu
(MPa)

PE
u

(kN)

Data point d

(mm)
f
′

c

(MPa)

fu
(MPa)

PE
u

(kN)

147 22.00 31.50 430.00 157.50 196 19.50 35.90 485.50 144.60
197 19.00 38.70 519.00 146.80 216 19.00 30.60 460.00 125.70
198 19.00 27.00 460.00 108.80 217 25.00 57.30 426.00 213.70
199 27.00 68.80 465.00 271.80 218 13.00 25.00 335.00 43.00
200 12.70 51.10 459.60 60.50 219 19.00 50.90 468.00 138.10
201 22.00 31.50 350.00 134.00 220 27.00 50.50 460.00 267.80
202 19.50 41.70 488.50 146.00 221 22.00 60.00 450.00 176.00
203 22.00 28.80 420.00 153.40 222 22.00 50.00 455.00 173.70
204 27.00 50.50 500.00 289.60 223 15.90 33.70 483.70 91.50
205 19.00 18.30 420.00 85.80 224 22.00 60.10 500.00 190.60
206 22.00 50.90 470.00 183.00 225 12.70 38.00 449.40 58.90
207 22.00 50.00 420.00 160.70 226 12.70 36.70 446.00 58.70
208 30.00 52.60 521.00 372.00 227 19.00 19.80 420.00 90.30
209 9.50 36.60 435.00 28.20 228 12.70 48.60 523.90 64.90
210 22.00 25.20 375.00 139.50 229 16.00 50.00 420.00 88.40
211 19.50 33.00 417.90 127.40 230 19.50 37.80 342.00 102.00
212 9.50 45.50 435.00 29.10 231 12.70 36.70 451.40 57.80
213 12.70 48.60 465.10 61.40 232 12.70 37.40 488.30 61.80
214 19.00 40.00 495.00 140.20 233 30.00 59.30 438.00 313.00
215 30.00 43.50 513.00 358.00 234 19.50 37.40 378.30 120.20

Fig. 3   Typical MPMR algorithm
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mission of MPMR is to maximize the minimum probabil-
ity of future data points during the classification process. 
The benefit of the MPMR model includes the minimum 
assumption of underlying distribution for true function in 
trivial regression problems within their bounds. This focus 
of MPMR is based on the minimax probability machine clas-
sification (MPMC) algorithm proposed by Lanckriet et al. 
(2001), which employs Mercer’s kernel functions to obtain 
nonlinear regression models with nonlinear classifiers (i.e., 
MPMC) that maximize the minimum probability of correct 
classification on future data. For the case of nonlinear mod-
els, the general basis function is given by Eq. (1).

where, �i and �0 are outputs, �i(x) is the kernel function. 
As in the support vector machine, the kernelized version 
of the MPM can also be constructed by mapping the input 
vectors into a high-dimensional feature space F , where the 
linear regression in F corresponds to a nonlinear regression 
in the original input spaces. Based on the mapping function, 
Eq. (1) can be expressed as follows:

where, K
(
xi, x

)
= �(xi)�(x) is a kernel satisfying Mercer’s 

conditions, xi,∀i ∈ {1,… ,N} is obtained from the input/
learning data, Γ� , and �i, b�ℜ are the outputs of the MPMR 
learning algorithm (Strohmann & Grudic, 2002).

In the present problem, ‘ x ’ is the function of steel stud 
shank diameter ( d ), the compressive strength of concrete 
( f ′

c
 ), the tensile strength of stud ( fu ), and the output of 

MPMR is stud shear force at failure ( Pu ), which are also 
represented as x =

[
(d),

(
f
�

c

)
,
(
fu
)]

 and y = [Pu] for the pre-
diction of shear force. MPMR has been developed by con-
structing a dichotomy classifier. As mentioned earlier, it is 
proposed to develop MPMR methodologies in the frame-
work of MPMC to build a classifier that separates two sets 
of points. Figure 3 pictorially represents the typical MPMR 
algorithm, in which the classification boundary is located 
between the regression data +� and −� . As the datasets 
(input and output) have different quantitative limits, they are 
to be normalized before use in the model development. The 
effect of the radial function is significant on the performance 
of the model. In the present study, the radial basis function 
(RBF) is expressed as follows: 

(1)f (x) =

m∑
i=1

�i�i(x) + �0

(2)ŷ = f̂ (x) =

N∑
i=1

�iK
(
xi, x

)
+ b

(3)K
(
xi, x

)
= exp

[
−
(xi − x)(xi − x)T

2s2

]

where s is the width of radial basis function, and T  is the 
transpose as covariance function.

4 � Extreme Machine Learning (EML)

In feedforward neural networks (FNNs), gradient descent-
based methods (methods of steepest descent) are commonly 
used. However, the performance of these methods is not effi-
cient due to improper learning steps, and it requires more 
iterations to achieve better performance. EMLs are based 
on FNNs with single or multiple hidden layers. Conven-
tionally, the various entities of feedforward networks are to 
be modified or tuned for better performance. The principal 
advantage of EML is no need to change or edit the entities 
of hidden nodes while producing the model. Meanwhile, 
the hidden nodes can be randomly assigned based on expe-
rience and judgment. Huang and Babri (1998) proposed a 
new machine learning algorithm, called single hidden layer 
feedforward neural networks (SLFNNs), whose efficiency 
is much faster compared to the ANN model. This new algo-
rithm is called EML. EML randomly chooses hidden nodes 
and rationally decides the output weight of SLFNNs. The 
formulation adopted in the present study is the modified 
version of SLFNN proposed by Huang et al. (2006b). The 
relation varying between input (x) and output (y) is calculated 
from Eq. (4).

where, L is the number of hidden layers, g is the nonlinear 
activation function, �i is the assigned weight vector, ai is the 
input weight vectors, bi is bias values or threshold value for 
i = 1,…L , and yj is the output value. Equation (4) can be 
modified as:

H is known as the hidden layer output matrix of the neu-
ral network; the i th column of H is the i th hidden neuron’s 
output vector for input x1, x2,… , xN . H , � , and T  are stated 
by Eqs. (6), (7), and (8) as follows:

(4)
L∑
i=1

�igi
(
xj
)
=

L∑
i=1

�iG
(
ai, bi, xj

)
= yj, j = 1,… ,L

(5)H� = T

(6)H =

⎡⎢⎢⎣

G(a1, b1, x1) ⋯ G(aL, bL, x1)

⋮ ⋱ ⋮

G(a1, b1, xN) ⋯ G(aL, bL, xN)

⎤⎥⎥⎦N×L

(7)� =

⎡⎢⎢⎣

�
T
1

⋮

�
T
L

⎤⎥⎥⎦L×m
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The output weight matrix, � , is computed through Eq. (9) 
as follows:

where, H−1 is Moore–Penrose generalized inverse (pseudo-
inverse) of H . The input data, output data, normalization 
process, and radial basis function will be the same for both 
models. The algorithm to the analysis of data for EML based 
model with a four-step can shortly be summarized as below:

Step 1: ai and bi are assigned randomly.
Step 2: H is reckoned by using Eqs. (6), (7), and (8)
Step 3: � is reckoned by using Eq. (9)
Step 4: The output can be approximated by using Eq. (5)

(8)T =

⎡⎢⎢⎣

yT
1

⋮

yT
N

⎤⎥⎥⎦
N×m

(9)� = H−1T

5 � Development of MPMR and EML Based 
Models and Validation

This comprehensive paper presents an alternative numerical 
study to develop models based on the concept of MPMR 
and EML using MATLAB® R2016a environment with 
appropriate modifications. As can be observed in Table 2, 
Pu is primarily dependent on the parameters of d , f ′

c
 , and fu , 

respectively. Further, it can be observed that these param-
eters cover sufficiently wide practical different limits, such Fig. 4   Typical flowchart for the development of MPMR and EML 

models

Fig. 5   Predicted and experimental shear forces for the proposed 
MPMR model

Fig. 6   Predicted and experimental shear forces for the proposed EML 
model
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as d varies from 9.5mm to 30mm , f ′
c
 ranges from 18.3MPa to 

109.3MPa , fu varies from 305.7MPa to 595MPa , and Pu var-
ies from 26.2kN to 415kN . For model development, a nor-
malization of the data is performed using these parameters 
before presenting the input patterns to statistical machine 
learning algorithms. Thus, Eq. (10) has been used for the 
linear normalization of the data values between 0 and 1.

where, xa
i
 and xn

i
 are the ith components of the input vector 

before and after normalization, respectively. xmax
i

 and xmin
i

 
are the maximum and minimum values of all components 
of the input vector before normalization. A typical flowchart 
for the development of the models is presented in Fig. 4. 
After developing the models, the normalized output vector 
obtained from the model is to convert back to the original 
value by using the following equation. 

where, xn
i
 is the normalized result obtained after the test for 

the ith component and xa
i
 is the actual result obtained for the 

ith component, respectively. The efficiency of MPMR and 
EML models is also related to the assumed design values 
of � and � . In this work, the final values of � and � are 0.04 
and 0.2 for the MPMR model and 0.03 and 0.3 for the case of 
EML model. Figures 5 and 6 show the predicted vs experi-
mental shear forces for MPMR and EML, respectively. From 
Figs. 5 and 6, it can be clearly seen that the models predicted 
the shear capacity very closely with the experimental values. 
In addition, the maximum percentage difference between the 
predicted and the corresponding experimental values are in 
the range of 10 to 15 . Hence, the models developed based on 
the concept of EML and MPMR are found to be the most 
reliable and robust. 

The capability of MPMR and EML-based models has 
been assessed through various statistical parameters used for 

(10)xn
i
=

xa
i
− xmin

i

xmax
i

− xmin
i

(11)xa
i
= xn

i

(
xmax
i

− xmin
i

)
+ xmin

i

measuring the model’s predictive accuracy; namely, (i) root 
mean square error (RMSE), (ii) mean absolute error (MAE), 
(iii) coefficient of efficiency (E), (iv) root mean square error 
to observation’s standard deviation ratio (RSR), (v) normal-
ized mean bias error (NMBE), (vi) performance index (ρ), 
and (vii) variance account factor (VAF). The corresponding 
equations of these parameters are given below:

where, Cca is the actual shear force, Ccp is the predicted shear 
force, Cca is the mean shear force, and var is variance, and 
N is the number of datasets.

A good model should have (i) the E value near one, (ii) 
the value of RSR and � be small, (iii) a lower positive value 
or negative value of NMBE , indicating over prediction or 
under prediction, respectively, (iv) the VAF near to 100 , and 
(v) the value of RMSE and MAE should be small. Table 3 
lists all the statistical parameters obtained for MPMR and 
EML models.

Based on the results in Table 3, it can be obtained that (i) 
RMSE , MAE , RSR , and � are low, (ii) the value of E is close 
to one, and (iii) VAF is close to 100 . Hence, all the evalu-
ated statistical parameters show that the developed mod-
els are efficient and reliable. As given in Fig. 5 for MPMR 
and Fig. 6 for EML, both models are in very close agree-
ment with experimental results and can be employed for 

(12)RMSE =

�∑n

i=1

�
Ccai − Ccpi

�2
N

(13)MAE =

∑n

i=1

���Ccai − Ccpi
���

N

(14)E = 1 −

∑N

i=1

�
Ccai − Ccpi

�2
∑N

i=1

�
Ccai − Cca

�

(15)
RSR =

RMSE�
1

N

∑N

i=1

�
Ccai − Cca

�

(16)NMBE(%) =
1

�
N
∑N

i=1

�
Ccpi − Ccai

�

N
∑N

i=1
Ccai

(17)� =
RMSE

Cca

×
1

R + 1

(18)VAF =

(
1 −

(
var

(
Cca − Ccp

)

var
(
Cca

)
))

× 100

Table 3   Statistical parameters of the developed MPMR and EML 
models

Parameters MPMR EML

Training Testing Training Testing

RMSE 0.031 0.073 0.038 0.088
MAE 0.015 0.032 0.017 0.036
E 0.986 0.948 0.972 0.954
RSR 0.554 1.366 0.682 1.476
NMBE (%) 2.233 5.021 1.996 4.643
ρ 0.852 1.208 1.361 0.991
VAF 91.92 89.01 97.12 93.01
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the prediction of the shear strength of headed steel studs in 
steel–concrete composite structures.

The efficiency of the developed models was also evalu-
ated using well-known engineering indices. The coefficient 
of determination R-squared ( R2 ) is a statistical measure of 
how close the data is to the fitted regression line with values 
between 0 and 100% . 0% means that the model explains no 
variability in the response data around its mean, while 100% 
means that the model explains variability in the response 
data around its mean. The higher R2 , the better model fits 
the data. In the present investigation, the MPMR-based 
model with R2 of 0.9913 , and the EML-based model with 
R2 of 0.9479 is a higher performance capacity for prediction, 
respectively, indicating that the fitted regression of the pre-
dicted value is closer to the experimental data. Therefore, it 
can be said that there is an improved forecasting accuracy 
with MPMR and EML while making the running time sub-
stantially faster, regarding results based on the findings for 
the investigated scope in the present research.

6 � Comparison of MPMR and EML‑Based 
Models with Existing Calculation Methods

In the previous investigations, few models were developed 
to describe some of the techniques for predicting the shear 
capacity of headed steel studs in steel–concrete composite 
structures. In Abambres and He (2019), for example, ANN 
modeling concepts are applied to determine the shear capac-
ity of headed steel studs. They proposed ANN-based model 
soft computing expressions regarding applicability and capa-
bility and demonstrated that ANN-based models performed 
better than code-based equations (e.g., given by EC4 2004, 
AASHTO-LRFD 2014, and GB50017 2017). The equations 
from EC4, AASHTO-LRFD, and GB50017 are referenced 
below.

The input parameters for the MPMR and ELM used 
here to obtain robust models were also used to create the 
ANN-based model in Abambres and He (2019). To illustrate 
this, this paper briefly compared the analytical conclusions 
from MPMR and EML-based models, developed here, with 
ANN-based models (Abambres & He, 2019) using the same 
compelling and clear data. According to Abambres and He 
(2019), the minimum and maximum values for the ratio of 
predicted and corresponding experimental shear strength 
capacity ( PANN

u
∕PE

u
 ) vary between 0.97 − 1.02 and hence 

the average ratio value for the ANN-based model is calcu-
lated as 0.99.

On the other hand, variations of the ratio of predicted and 
corresponding experimental shear strength capacity in the 
MPMR-based model ( PMPMR

u
∕PE

u
 ) were in the range of 0.86 

to 1.24 , and variations of the ELM-based model ( PELM
u

∕PE
u
 ) 

were in between 0.86 and 1.18 . Detailed comparisons of the 

Table 4   Comparison of experimental values with analytical solutions

PE
u
(kN) PMPMR

u
(kN) PMPMR

u
∕PE

u
PELM
u

(kN) PELM
u

∕PE
u

122.9 106.3 0.86MIN 148.32 0.91
235.5 216.4 0.92 99.3 1.08
59.4 65.7 1.11 120.3 0.98
93.1 99.65 1.07 65.9 1.13
184.3 172.8 0.94 136.9 0.93
142.1 156.2 1.10 196.2 0.93
253.6 237.1 0.93 276.3 0.95
129.9 136.8 1.05 309.1 0.91
26.2 32.6 1.24MAX 143.5 1.07
381 354.2 0.93 216.2 0.93
174.9 171.3 0.98 172.1 0.95
88.9 98.4 1.11 186.2 0.94
154.4 163.4 1.06 129.1 1.09
135.5 142.6 1.05 143.2 1.10
161 168.2 1.04 173.2 1.07
151.9 157.3 1.04 64.2 1.13
93.8 99.3 1.06 276.5 0.95
60.9 67.9 1.11 135.6 1.05
110.9 116.3 1.05 261.5 0.94
98.8 104.2 1.05 223.1 0.92
331 303.1 0.92 387.1 0.93
138.8 148.1 1.07 332.1 0.93
342 311.7 0.91 75.1 1.10
153.8 164.2 1.07 318.5 0.94
129.3 137.8 1.07 104.3 0.86MIN

70.2 79.2 1.13 98.9 1.10
60.3 67.2 1.11 232.1 0.92
38.5 43.1 1.12 135.8 1.10
147.1 157.2 1.07 219.1 0.90
220.8 204.7 0.93 156.2 1.08
270.2 258.4 0.96 276.9 0.95
214.9 203.6 0.95 158.3 1.09
317 289.5 0.91 67.3 1.14
123 132.1 1.07 198.6 0.93
190.7 182.6 0.96 185.3 0.97
121 128.4 1.06 88.4 1.08
197.2 191.4 0.97 178.4 0.99
92.1 98.5 1.07 99.3 1.06
127.9 135.8 1.06 99.1 1.06
224.3 204.3 0.91 218.8 0.89
176.3 163.2 0.93 259.4 0.95
134.2 145.2 1.08 143.7 1.06
181.6 168.2 0.93 148.6 1.06
224.5 203.1 0.90 152.4 1.06
204 192.1 0.94 258.9 0.90
222 201.3 0.91 143.1 1.10
114.95 122.1 1.06 73.2 1.18MAX

84.4 93.1 1.10 175.4 0.94
189 176.2 0.93 98.4 1.06
56 65.1 1.16 148.6 1.07
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experimental values with the predictions of MPMR and 
EML are presented in Table 4. As a comparison, the average 
ratios PMPMR

u
∕PE

u
 and PELM

u
∕PE

u
 for the MPMR, and EML-

based models are calculated as 1.05 , and 1.02 , respectively. 
According to the results presented in this paper, a satisfac-
tory performance target, such as a reduced convergence on 
the scattering amplitudes of numerical results to experimen-
tal ones, was achieved using the newly developed MPMR 
and EML-based models. Although calculation methods 
are powerful soft computing techniques and offer similar 
results, MPMR and EML-based models run considerably 
faster, based on the accuracy for the scope of this study. 
MPMR and EML-based models perform significantly better 
than ANN-based model at estimating the shear capacity of 
headed steel studs due to their beneficial capability. That is, 
MPMR and EML are said to lead to improved forecasting 
accuracy more quickly.

EC4 (2004) determines the stud shear strength ( PEC4
u_code

 ) 
by the following formula:

where, d is the diameter of the stud shank, Ec is the Young’s 
modulus of concrete, �v = 1.25 is the material safety factor, 
and As = �d2∕4 is the cross-sectional area of a headed stud, 
respectively. The aspect ratio factor, � , is determined by

where, hs refers to the length of the headed stud.
As stated in AASHTO-LRFD (2014), the shear strength 

( PAASHTO−LRFD
u_code

 ) of one stud shear connector embedded in the 
RC deck is as follows:

where, �sc = 0.85 represents the resistance safety factor.
GB50017 (2017) provides the following formula for 

calculating the design shear strength of a headed steel stud 
( PGB50017

u_code
):

(19)PEC4
u_code

= 0.29�d2
√

Ecf
�

c
∕�v ≤ 0.8Asfu∕�v

(20)� = 0.2
(
hs∕d + 1

)
, if 3 ≤ hs∕d ≤ 4

(21)𝛼 = 1.0, if hs∕d > 4

(22)PAASHTO−LRFD
u_code

= 0.5As

√
Ecf

�

c
≤ �scAsfu

(23)PGB50017
u_code

= 0.43As

√
Ecfc ≤ 0.7�Asfu

where, fc is the compressive strength of cubic concrete and 
� ≥ 1.25 is the ratio of the minimum tensile strength to the 
yield stress of the headed steel stud.

In regard to EC4 (2004), AASHTO-LRFD (2014), 
and GB50017 (2017), using this data, the average ratios; 
PEC4
u_code

∕PE
u
 , PAASTHO−LRFD

u_code
∕PE

u
 , PGB50017

u_code
∕PE

u
 were calcu-

lated as 0.63 , 0.84 and 0.87 , respectively (Abambres & He, 
2019). As compared with experimental values, the codes 
(AASHTO, 2014; EC4, 2004; GB, 2017) of practice seem 
to underestimate the shear capacity. Geometric and mate-
rial properties of specimens affect predictions of three codes 
(AASHTO, 2014; EC4, 2004; GB, 2017) with different per-
centages. Specification-defined calculation methods are used 
within specific limits. Therefore, the specifications showed 
that these design models underestimated the shear capacity 
of headed steel studs in steel–concrete composite structures.

7 � Conclusions

It is common to employ headed studs as shear connectors 
in the steel–concrete composite system to derive the maxi-
mum benefit of steel and concrete. The headed steel studs 
are primarily used in the steel–concrete composite system to 
transfer the longitudinal shear force at the interface of steel 
and concrete. In the present paper, two regression models 
were developed based on the concepts of MPMR and EML 
to predict the shear resistance of headed studs in a steel–con-
crete composite system. The experimental data on the shear 
capacity of headed studs were sourced from the literature. 
The data based on push-out tests (234) were collected and 
identified the influencing parameters on the shear strength 
of the headed stud. The identified parameters include (i) 
steel stud shank diameter, (ii) the compressive strength of 
concrete, and (iii) the tensile strength of steel stud as input 
parameter and the shear force as an output parameter. As 
the input and output data have different quantitative limits 
(shank diameter varies from 9.5mm to 30mm , the compres-
sive strength of concrete varies from 18.3MPa to 109.3MPa , 
tensile strength varies from 305.7MPa to 595MPa , and shear 
force varies from 26.2kN to 415kN ), the data have been 
normalized between 0 and 1 before inputting to the model. 
From the total dataset, about 70–75% of the mixed dataset 
comprising the range of values was utilized for develop-
ing MPMR and EML based models. The remaining dataset 
was utilized for the validation of the developed models. The 
models were developed within MATLAB® environment. As 
the performance of the MPMR and EML models is primarily 
dependent on the value of � and � , the values of the same 
have been fixed after several trials. The final values are 0.04 
and 0.2 for the MPMR model, and 0.03 and 0.3 for the EML 
model, respectively.

Table 4   (continued)

PE
u
(kN) PMPMR

u
(kN) PMPMR

u
∕PE

u
PELM
u

(kN) PELM
u

∕PE
u

415 387.1 0.93 168.9 1.09
205.3 0.91
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•	 The predicted shear force by using the developed models 
is in close agreement with the corresponding experimen-
tal values. It is observed that the predicted shear strength 
capacity is comparable with the experimental observa-
tions. It is found that the R2 value is 0.9913 and 0.9479 , 
respectively, for the models developed based on the con-
cepts of MPMR and EML, indicating that the predicted 
value is closer to the experimental data. The ratio of pre-
dicted and the corresponding experimental shear strength 
capacity in the MPMR-based model ( PMPMR

u
∕PE

u
 ) was 

in the range of 0.86 to 1.24 while the variations of the 
EML-based model ( PELM

u
∕PE

u
 ) were in between 0.86 and 

1.18 . As can be seen, by the fact that the predicted and 
actual values of the shear capacity agree quite well, this 
is a robust model.

•	 The efficacy of developed models has also been verified 
through various statistical parameters, namely, RMSE , 
MAE , E , RSR , NMBE , � , and VAF . The evaluated statis-
tical parameters indicated that the developed models are 
robust, reliable, and can be applicable for predicting the 
shear capacity of studs.

•	 A comparison is included between the performance of 
analytical solutions/models (e.g., EC4, AASHTO-LRFD, 
GB50017, ANN) and the MPMR and EML-based mod-
els improved in this present study based on the same 
data. Moreover, the existing design specifications for 
steel heads in steel-composite structures were reviewed 
to validate the input data considered, which affects the 
shear capacity.

To conclude, both MPMR and EML-based models are 
novel solutions and useful and remarkable contributions for 
the existing knowledge base and engineers for the prediction 
of shear capacity of headed steel studs and in turn for the 
design of steel–concrete composite structures.
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