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Abstract 7 
Concrete-filled steel tubes (CFSTs) are popularly used in structural applications. The accurate prediction of 8 
their ultimate strength is a key for the safety of the structure. Extensive studies have been conducted on the 9 
strength prediction of CFSTs under concentric loading. However, in real situation CFSTs are usually subjected 10 
to eccentric loading. The combined compression and bending will result in more complex failure mechanisms 11 
at the ultimate strength. The accuracy of methods in design codes is usually limited due to their simplicity. In 12 
this study, three machine learning (ML) methods, namely, Support Vector Regression (SVR), Random Forest 13 
Regression (RFR), and Neural Networks (NN), are adopted to develop models to predict the ultimate strength 14 
of CFSTs under eccentric loading. A database consisting of information of 403 experimental tests from 15 
literature is created and statistically analyzed. The database was then split to a training set which was used to 16 
optimize and train the ML models, and a test set which was used to evaluate performance of trained ML 17 
models. Compared with the methods in two typical design codes, the ML models achieved notable 18 
improvement in prediction accuracy. The parametric study revealed that the trained ML models could 19 
generally capture the effect of each primary input feature, which was verified by the relevant experimental 20 
test results. 21 
Keywords: machine learning, concrete-filled steel tube (CFST), eccentric loading, support vector machine, 22 
random forest, neural network 23 
1 Introduction 24 

Concrete-filled steel tube (CFST) columns have been popularly used in high-rise buildings, bridges and many 25 

other structural applications as they offer a combination of the advantages of steel and concrete (Zhu & Chan, 26 

2018; Chen et al., 2021). This is mainly attributed to the enhanced performance that is resulted from the 27 

interaction between the steel and concrete. Specifically, due to the difference in the Poisson’s ratio between 28 

steel and concrete, the volume increase of the concrete core is constrained by the exterior steel tube. As a 29 

result, both the strength and ductility of the concrete are enhanced. On the other hand, the inward buckling of 30 

the steel tube is restrained by the in-filled concrete core. 31 

For the ultimate strength of CFST columns under concentric compressive loading, a large number of 32 

experimental tests have been conducted by other researchers. A database of 880 experimental specimens was 33 
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compiled in Le et al. (2021) for rectangular CFSTs under concentric compressive loading. Through the 34 

extensive studies over the past years, key factors of rectangular CFST columns that affect the ultimate strength 35 

under concentric loading have been studied thoroughly. Among them are the slenderness of the steel section, 36 

the length of the column, the aspect ratio of the cross section, the volumetric steel-to-concrete ratio, etc., in 37 

addition to the material strengths. For instance, the slenderness affects the local stability of the steel tube. The 38 

aspect ratio of the cross section and the volumetric steel-concrete ratio are found to affect the confinement 39 

condition in the concrete core, and therefore, have an impact on the ultimate strength. 40 

However, in actual condition, CFST columns are expected to carry not only axial loads but also bending 41 

moments. With the interaction between compression and bending, the behavior of the composite section will 42 

become more complex and various more mechanisms may affect the ultimate strength. Compared with studies 43 

on concentric loading, less research has been conducted for the eccentric loading cases or the combined 44 

compression and bending in general. A thorough understanding regarding the effect of loading eccentricity on 45 

the failure mechanisms requires additional research. Currently, the available design methodologies usually 46 

limit their field of application, in regard to material strengths and cross section slenderness, as will be 47 

elaborated in Section 4. Moreover, the available methods typically take a relatively simple mathematical 48 

formula for convenience of design and considers only a few design parameters, which may not be able to 49 

account for all the influential factors. 50 

Machine learning (ML), as a method to realize artificial intelligence, is to explore hidden laws from existing 51 

data for prediction or classification. They are good at comprehending complex relationships between 52 

influencing geometric and material properties. They have been increasingly applied to solve complex issues 53 

in the field of CFSTs. Du et al. (2017) and Tran et al. (2019) adopted an artificial neural network (ANN) to 54 



predict the axial capacity of rectangular CFST under concentric loading. Jayalekshmi et al. (2018) validated 55 

an empirical formula for the estimation of the axial strength of circular CFSTs using an ANN. Ren et al. (2019) 56 

developed a model to predict the ultimate strength of square CFST using the support vector machine (SVM). 57 

It is noted that most ML-based study on CFSTs were focused on the concentric loading condition, as data are 58 

the most in this case. The ML-based study on CFSTs subjected to eccentric loading or combined compression 59 

and bending in general is limited. Naser et al. (2021) implemented naturally inspired ML algorithms, genetic 60 

programming and gene expression programming, to predict the ultimate load of CFSTs under eccentric loading. 61 

The potential of various other ML methods has not been fully explored to comprehend the complex behavior 62 

of CFSTs under interaction of compression and bending. 63 

This study aims to develop models that can predict the ultimate strength of rectangular CFSTs under eccentric 64 

loading accurately and reliably using ML methods. Three ML methods, namely, Support Vector Regression 65 

(SVR), Random Forest Regression (RFR), and Neural Network (NN), are implemented in this study. Firstly, 66 

a database consisting of information of 403 experimental tests is created and its statistical characteristics are 67 

analyzed. Secondly, fundamentals of the three adopted ML methods are briefly presented to illustrate how 68 

they solve complex regression problems. Thirdly, a model training procedure that includes train-test data split, 69 

feature scaling, hyperparameter optimization, is implemented to obtain the optimized and trained models. 70 

Fourthly, the performance of the trained ML models is evaluated and compared with the methods in typical 71 

design codes. Finally, parametric analyses are conducted to study the effect of each primary input feature using 72 

the ML models and code methods. 73 

2 Description of database 74 

A database of 403 experimental tests on rectangular CFST columns under eccentric loading was compiled 75 

from the literature, and is described in this section. Table 1 lists the sources from which the experimental data 76 



were collected along with the range of each feature. Figure 1 shows the general test setup and the definitions 77 

of the geometric features. To make the features have consistent meaning, the dimensions B and H are defined 78 

with regards to the bending axis, with B the outside dimension in parallel with the bending axis and H the 79 

outside dimension perpendicular to the bending axis.  80 

Regarding the material properties, two features are collected: yield strength of steel, 𝐹𝐹𝑦𝑦, and compressive 81 

strength of concrete, 𝑓𝑓𝑐𝑐. The reported compressive strengths of concrete were based on four types of concrete 82 

specimens: 100 mm cube (𝑓𝑓𝑐𝑐𝑐𝑐,100), 150 mm cube (𝑓𝑓𝑐𝑐𝑐𝑐,150), cylinder with 100 mm diameter and 200 mm height 83 

(𝑓𝑓𝑐𝑐𝑐𝑐,100), and cylinder with 150 mm diameter and 300 mm height (𝑓𝑓𝑐𝑐𝑐𝑐,150). In this study, the strength based on 84 

cylinder with 150 mm diameter and 300 mm height was adopted as the characteristic compressive strength of 85 

concrete, i.e., 𝑓𝑓𝑐𝑐 = 𝑓𝑓𝑐𝑐𝑐𝑐,150. Conversion of concrete compressive strengths obtained through other specimen 86 

types followed the formulas listed in Table 2. 87 

 88 

Figure 1 Error! No sequence specified.General test setup and definition of geometric parameters 89 
Table 1 Source and summary of the database 90 

Reference Year 
No. of 

tests 
L (mm) e (mm) H (mm) B (mm) t (mm) Fy (MPa) fc (MPa) 

Li et al. 2021 24 1000-2000 20-65 150 150 4.0 435 101 

Zhong et al. 2021 12 386-445 30-70 120-140 120-140 4.9-5.9 718-762 40-113 

Huang et al. 2020 6 500 25-75 130 130 5.0 1031 76-125 

Li et al. 2018 12 450 20-65 150 150 4.0-6.0 433-437 101 



Xiong et al. 2017 3 3640 20-50 200 200 12.0-12.5 465-756 168-174 

Du et al. 2017 12 1180 13-41.5 150-200 100-150 8.3 488 36-47 

Lee et al. 2017 3 1720 20-40 150-300 300 5.0 301-746 71-84 

Liew et al. 2016 3 3640 20-50 200 200 12.0-12.5 465-756 168-174 

Qu et al. 2013 9 700-1000 10-70 150-300 100-200 4.0-5.7 242-336 32-57 

Hernandez-

Figueirido et al. 
2012b 12 2135 20-50 100 100-150 4.0-5.0 293-460 26-93 

Hernandez-

Figueirido et al. 
2012a 15 2135-4135 20-50 100-150 100 4.0-5.0 280-460 74-95 

Huang et al. 2011 4 950-1850 25-50 160 160 2.5 230 40-42 

Long et al. 2008 2 1200 40-70 300 150 6.0 465 46 

Yu et al. 2008 4 1500 15-30 100 100 1.9 404 112 

Cai et al. 2007 3 1500 40-100 300 300 6.0 382 51 

Tao et al. 2007 4 1190-2340 30-60 200 200 2.5 270 50 

Zhang & Guo 2007 26 919-3101 0.9-72 125-201 125-200 2.9-4.9 317-319 75 

Guo 2006 7 450-1800 20-40 99-201 99-201 3.6 284 42 

Liu 2006 20 360-2600 15-60 120-180 90-130 4.0 495 60 

Guo et al. 2005 10 921-3101 0.9-3.5 125-150 150-200 2.9-4.9 317-319 75 

Chen et al. 2005 2 1958 40-70 200 200 1.25 373 45 

Zhang et al. 2004 8 1090-3101 21-43 150 150 2.9-4.9 317-319 75 

Fujimoto et al. 2004 21 648 45-300 149-319 149-319 4.4-6.4 262-618 25-77 

Guo et al. 2004 8 919-1982 20-72 125-137 174-201 2.9-4.8 316-319 75 

Han & Yao 2004 5 2310 30 200 200 3.0 304 50 

Liu 2004 12 870-2310 20-70 150-200 80-150 4.2 550 61-72 

Han & Yao 2003 12 780-2340 14-31 130 195 2.7 340 17 

Mursi & Uy 2004 3 2800 10-20 104-164 104-164 3.0 269 65 

Han et al. 2001 21 2183-2223 15-80 120-200 120-200 3.8-5.9 321-330 22-46 

Uy 2001 7 330-630 15-50 110-210 110-210 5 784 30-32 

Uy 2000 12 360-720 20-100 126-246 126-246 3.0 300 32-50 

Wei & Han 2000 21 2600 15-80 120-200 120-200 3.8-5.9 321-330 19-37 

Wang & Moore 1997 4 4000 55 80-120 80-120 6.3 370 38 

Matsui & Tsuda 1996 18 600-4500 25-125 150 150 4.5 438 32 

Grauers 1993 16 1696-3196 10-20 120-250 120-250 5-8 300-439 31-103 

Shakir-Khalil & 

Mouli 
1990 1 2940 8 80 120 5.0 358 36 

Cederwall et al. 1991 12 3000 10-20 120 120 5.0-8.0 300-439 39-103 

Shakir-Khalil & 

Zeghiche 
1989 4 2940-3210 16-60 80-120 80-120 4.5 343-386 33-37 

Zhang 1989 18 596-804 30-120 149-201 149-201 3.9-7.8 205-300 43 

Bridge 1976 3 2130-3050 38-64 153-204 152-204 6.5-10.0 254-291 30-31 

Knowles & Park 1969 4 812-1422 7.6-25.4 76.2 76.2 3.4 324 41 

 Total 403        



Table 2 Formulas for conversion of concrete strengths 91 

Strength Conversion formula 
𝑓𝑓𝑐𝑐𝑐𝑐,100 𝑓𝑓𝑐𝑐𝑐𝑐,150 = 1.67 × 150−0.112𝑓𝑓𝑐𝑐𝑐𝑐,100 (Sakino et al., 2004) 

𝑓𝑓𝑐𝑐𝑐𝑐,150 𝑓𝑓𝑐𝑐𝑐𝑐,150 = �0.76 + 0.2 log10 �
𝑓𝑓𝑐𝑐𝑐𝑐,150
19.6

�� 𝑓𝑓𝑐𝑐𝑐𝑐,150 (Mirza & Lacroix, 2004) 

𝑓𝑓𝑐𝑐𝑐𝑐,100 𝑓𝑓𝑐𝑐𝑐𝑐,150 = 0.9 × 𝑓𝑓𝑐𝑐𝑐𝑐,100 (Reineck et al., 2003) 

 92 
2.1 Statistical properties of the database 93 

Figure 2 shows the scatter plots between each primary input feature and the ultimate strength. In terms of 94 

section sizes, most specimens are small to moderate sized mainly due to the limit on the loading capacity. The 95 

outside dimensions are generally below 250 mm and thickness of most steel tubes are within the range of 2-8 96 

mm. 97 

  

  



  

 

 

Figure 2 Scatter plots of primary input features against the ultimate strength 98 

Regarding the material strengths, the database covers a wide range for both steel and concrete, with 𝐹𝐹𝑦𝑦 99 

ranging from 200 MPa (mild steel) to 1030 MPa (high-strength steel), 𝑓𝑓𝑐𝑐  ranging from 17 MPa (normal 100 

strength concrete) to 174 MPa (high or ultra-high strength concrete). Although wide ranges are covered for 101 

material strengths, the data distribution is not even. The steel strength concentrated in the range of 200-800 102 

MPa, with only a few samples above 800 MPa. For concrete strength, most data fall in the range of 20-100 103 

MPa, with a few above 100 MPa.  104 

To further assess the database and provide more information that may be helpful for the training of ML models, 105 

11 secondary features that may be relevant to the ultimate strength are preliminarily considered. The 11 106 

secondary features and their physical implication are listed in Table 3. The statistical distribution of the 11 107 

secondary features is presented in Figure 3. As shown, most specimens experienced low to moderate loading 108 



eccentricity with e/H concentrated between 0 and 0.5. Only a small fraction of the specimens experienced 109 

large loading eccentricity. The length of the tested specimens ranges from 200 to 4500 mm, but most 110 

specimens are short columns with 𝜆̅𝜆 less than 1.0 and only a small number of tested specimens are long 111 

columns that failed in the form of global buckling. The parameter of 𝛿𝛿 is generally used to evaluate the extent 112 

of confinement provided by the steel tube to the concrete core. With the values of 𝛿𝛿 almost evenly distributed 113 

over the range of 0.2-0.8, the database is deemed suitable to represent a wide range of confinement of the 114 

concrete core. 115 

Table 3 Secondary features preliminarily considered 116 

Secondary 
feature 

Formula and physical implication 

𝐴𝐴𝑠𝑠𝐹𝐹𝑦𝑦 Yield resistance of the steel tube 
𝐴𝐴𝑐𝑐𝑓𝑓𝑐𝑐 Compressive resistance of the concrete core 

𝑁𝑁𝑐𝑐𝑐𝑐 
Elastic buckling resistance of the composite column based on the effective 
flexural stiffness of the section 

𝑁𝑁𝑝𝑝𝑝𝑝 𝐴𝐴𝑠𝑠𝐹𝐹𝑦𝑦 + 𝐴𝐴𝑐𝑐𝑓𝑓𝑐𝑐, plastic resistance of the composite section 

𝜆̅𝜆 �𝑁𝑁𝑝𝑝𝑝𝑝 𝑁𝑁𝑐𝑐𝑐𝑐⁄ , a measure of slenderness of the composite column 

𝛿𝛿 
𝐴𝐴𝑠𝑠𝐹𝐹𝑦𝑦 𝑁𝑁𝑝𝑝𝑝𝑝⁄ , a measure of the confinement on the concrete core provided by the 
steel tube 

𝐸𝐸𝐸𝐸𝑒𝑒𝑒𝑒𝑒𝑒,𝑠𝑠 Effective flexural stiffness of the steel tube section (CEN, 2005) 
𝐸𝐸𝐸𝐸𝑒𝑒𝑒𝑒𝑒𝑒,𝑐𝑐 Effective flexural stiffness of the concrete core section (CEN, 2005) 
𝑒𝑒 𝐻𝐻⁄  A measure of the extent of loading eccentricity 
𝐻𝐻 𝐵𝐵⁄  Aspect ratio of the cross section of the steel tube 
𝐻𝐻 𝑡𝑡⁄  A measure of the cross-section slenderness of the steel tube 



117 



 118 

Figure 3 Statistical distribution of secondary features 119 

The statistical analysis of individual input features for the database is helpful for the interpretation of the 120 

trained ML models in the following sections, because ML models learn from input data and the scarcity of 121 

training data in a certain range of an input feature may result in insufficient learning in that range. As such, 122 

the application of the trained ML model may be problematic in the range for which the model is not well 123 

trained. 124 

2.2 Limitations of the established database 125 

In addition to the fact that the database may result in insufficient training in some feature ranges as explained 126 

in the previous section, no distinction is made about the fabrication of steel tubes, either cold-formed, or 127 

welded, etc. Different fabrication processes may introduce different geometric imperfections, change of steel 128 

properties, and different residual stresses. Although distinction was not made about the fabrication process of 129 

steel tubes, the outer and inner corner radiuses were assumed in accordance with the specification in EN 130 



10219-2 (CEN, 2006) if the steel tubes were explicitly mentioned to be cold-formed. Otherwise, the corners 131 

of the sections were assumed to be right angles. These assumptions will be used to calculate the geometric 132 

properties when using the design code methods but not for ML models. 133 

Moreover, since the data were collected in different ages and regions, the potential systematic differences in 134 

terms of testing rigs, loading speed, measurement accuracies, etc., were not considered in the database. 135 

However, since the axial compressive strength is the focus, the influence of the above factors is believed to be 136 

mild. 137 

3 Overview of machine learning methods 138 

In this paper, three ML methods, Support Vector Regression (SVR), Random Forest Regression (RFR), and 139 

Neural Network (NN), are adopted. These three methods have been adopted and proved to be efficient in 140 

applications of structural engineering (Mangalathu & Jeon, 2019; Liu et al., 2021; Asteris et al., 2021). The 141 

three methods require limited numbers of hyperparameters when dealing with databases that consist of 142 

relatively limited data points. This feature is particularly favored by structural engineers, considering the fact 143 

that databases of structural engineering are usually small due to the high cost of structural tests. 144 

3.1 Support Vector Regression (SVR) 145 

Support vector machine (SVM) is extensively applied for classification and regression analyses using 146 

hyperplane classifiers. Linear SVR is illustrated in Figure 4. SVM was initially developed by Cortes & Vapnik 147 

(1995) for solving classification problems, and it was later extended for solving regression problems. SVM 148 

tries to minimize the upper bound on the expected risk based on the Structural Risk Minimization principle. 149 

Consider a regression problem using the linear SVR for a set of data, {(𝑋𝑋𝑚𝑚,𝑦𝑦𝑚𝑚),𝑚𝑚 = 1, … , 𝑛𝑛}, 𝑋𝑋 ∈ 𝑅𝑅𝑁𝑁, 𝑦𝑦 ∈150 

𝑅𝑅, where n is the size of the database, X is the input, and y is the output. In this study, the output is the ultimate 151 

strength of CFSTs under eccentric loading. The aim is to find a hyperplane function that can estimate the 152 



output value with good accuracy, 𝑓𝑓(𝒙𝒙) = 𝒘𝒘 ∙ 𝒙𝒙 + 𝑏𝑏, where w is a vector determining the orientation of the 153 

hyperplane, and b is the bias term. 154 

The problem is expressed to minimize the empirical risk 𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒(𝒘𝒘,𝑏𝑏) as defined in Eq. 1, with the empirical 155 

risk of each sample in the database calculated by the error (𝜀𝜀)-insensitive loss function 𝐿𝐿𝜀𝜀(𝑦𝑦,𝑓𝑓(𝑥𝑥)) which is 156 

defined by Eq. 2. 157 

 𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒(𝒘𝒘,𝑏𝑏) =
1
𝑛𝑛
� 𝐿𝐿𝜀𝜀(𝑦𝑦,𝑓𝑓(𝑥𝑥))

𝑛𝑛

𝑖𝑖=1
 (1) 

 𝐿𝐿𝜀𝜀(𝑦𝑦,𝑓𝑓(𝑥𝑥)) = � 𝜀𝜀, 𝑥𝑥 < 0
   |𝑦𝑦𝑖𝑖 − 𝑓𝑓(𝑥𝑥𝑖𝑖)| − 𝜀𝜀, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 (2) 

The minimization in the empirical risk is equivalent to the convex optimization problem 158 

 𝑚𝑚𝑚𝑚𝑚𝑚 �
1
2
𝒘𝒘 ∙ 𝒘𝒘 + 𝐶𝐶(� 𝜉𝜉𝑖𝑖

𝑛𝑛

𝑖𝑖=1
+ � 𝜉𝜉𝑖𝑖∗

𝑛𝑛

𝑖𝑖=1
)� (3) 

   

 Subjected to �
𝑦𝑦𝑖𝑖 − 𝑤𝑤 ∙ 𝑥𝑥𝑖𝑖 − 𝑏𝑏 ≤ 𝜀𝜀 + 𝜉𝜉𝑖𝑖
𝑤𝑤 ∙ 𝑥𝑥𝑖𝑖 + 𝑏𝑏 − 𝑦𝑦𝑖𝑖 ≤ 𝜀𝜀 + 𝜉𝜉𝑖𝑖∗

𝜉𝜉𝑖𝑖 , 𝜉𝜉𝑖𝑖∗ ≥ 0 
 (4) 

where 𝜉𝜉𝑖𝑖  and 𝜉𝜉𝑖𝑖∗  are the slack variables introduced to allow a certain number of errors, C is the 159 

hyperparameter to control the tradeoff between the tolerance to errors and the flatness of the hyperplane. For 160 

nonlinear SVR regression problems, kernel functions are used to map the original input data into a higher-161 

dimensional space (Platt, 1999; Amari & Wu, 1999). Essentially this is a technique of combining linear SVR 162 

and mapping input data into a higher-dimensional space. Various kernel functions, e.g., polynomial function, 163 

radial basis function, are available to transform the original input to different higher-dimensional space 164 

(Pedregosa et al., 2011). 165 



 166 

Figure 4 Illustration of linear support vector regression 167 
3.2 Random Forest Regression (RFR) 168 

A decision tree, also called classification or regression tree, is a statistical model firstly introduced by Breiman 169 

et al. (1984). Each decision tree is composed of decision nodes and leaf nodes, and grows during the training 170 

process. During the training process, the input data are split at each decision node based on the rule that will 171 

result in the lowest impurity in the split. There are various methods to quantify the impurity, for instance, the 172 

sum of the squared residuals, the mean squared residuals, etc. This process is repeated recursively until the 173 

prescribed stop criteria are met. 174 

Random forest regression (RFR) is a method consisting of an ensemble of decision trees as shown in Figure 175 

5. It takes advantage of two powerful techniques: bootstrap bagging and random feature selection (Breiman, 176 

2001). In terms of bootstrap bagging, each tree is independently constructed using a database obtained through 177 

bootstrapping the training data with replacement. Moreover, during the training of each tree, instead of using 178 

all features, a randomly selected subset of the input features will be used to split the data at each decision node. 179 

For prediction, the mean value of the outputs of all the trees will be adopted (Breiman, 1996). 180 

Unlike SVR which can process input variables to different forms through kernel functions, the decision trees 181 

do not process input variables and their growing is directly based on the fed input variables. As such, the 182 



addition of some secondary input features that are more directly relevant to the output variable may be 183 

beneficial for the growing (data splits at the decision node) of decision trees. Moreover, because RFR uses the 184 

techniques of bootstrap sampling and random feature sampling, RFR models are generally not much affected 185 

by the multicollinearity among the input features (Dormann et al., 2013). In this study, four secondary features 186 

are selected through preliminary feature importance analysis and added as the input features for the training 187 

of the RFR model, namely, the steel section strength (𝐴𝐴𝑠𝑠𝐹𝐹𝑦𝑦), the concrete section strength (𝐴𝐴𝑐𝑐𝑓𝑓𝑐𝑐), the plastic 188 

strength of the whole section (𝑁𝑁𝑝𝑝𝑝𝑝), and the moment of inertia of the steel section (𝐼𝐼𝑠𝑠). 189 

 190 
Figure 5 Illustration of random forest regression 191 

 192 
3.3 Neural network (NN) 193 

A neural network is a computational model inspired by biological neural networks (Fausett, 2006), that can 194 

adapt its predictions according to input data and make generalizations as illustrated in Figure 6. Among ML-195 

based techniques, the NN is the prevailing method in civil engineering applications owing to its simplicity. A 196 

NN model consists of three types of layers of neurons (also called nodes), namely, the input, hidden and output 197 



layers. The number of nodes in the input layers is equal to the number of input features, and the number of 198 

nodes in the output layer is equal to the number of output variables. For fully connected NN, each node in a 199 

layer is connected to all the nodes in the next layer. Each connection represents a relationship that is described 200 

mathematically by weight (w) and bias (b) parameters. The output of the node i in the hidden layer is 201 

 ℎ𝑖𝑖 = 𝑠𝑠 �� 𝑤𝑤𝑖𝑖𝑖𝑖𝑥𝑥𝑗𝑗 + 𝑏𝑏𝑖𝑖𝑖𝑖
𝑁𝑁

𝑗𝑗=1
� (5) 

where s() is called the activation function, N is the number of input nodes. In this study, the ReLU function is 202 

used as the activation function. During training of a NN model, the weights and bias are optimized with the 203 

aim of minimizing the errors between true and predicted outputs (Hecht-Nielsen, 1992) 204 

 205 
Figure 6 Illustration of neural network structure 206 

4 Methods in design codes 207 

For estimation of the ultimate compressive strength of CFSTs subjected to eccentricity, methods are available 208 

in some design codes. In this study, the methods in Eurocode EN 1994 (CEN, 2004) (referred to as the EU 209 

method) and AISC 360-16 (AISC, 2016) (referred to as the US method) are used to conduct the comparison 210 

with the ML models. The two methods have some limits on the applicability, as listed in Table 4, mainly due 211 

to the lack of experimental data outside the applicable range. As the values of geometric and material 212 

properties reported in the database were all measured, the safety factors were not included in the calculation 213 

so as to make the comparison more objective. A brief introduction about the methods in the codes is as follows. 214 

 215 



Table 4 Limits on application of methods in design codes for CFST columns 216 

Design code 𝐹𝐹𝑦𝑦 (MPa) 𝑓𝑓𝑐𝑐 (MPa) Section slenderness Extra 

EN 1994 
235 ≤ 𝐹𝐹𝑦𝑦
≤ 460 

25 ≤ 𝑓𝑓𝑐𝑐 ≤ 50 𝐻𝐻 𝑡𝑡� ≤ 52�235 𝐹𝐹𝑦𝑦⁄  
0.2 ≤ 𝐴𝐴𝑠𝑠𝐹𝐹𝑦𝑦 𝑁𝑁𝑝𝑝𝑝𝑝⁄ ≤ 0.9 

𝜆̅𝜆 ≤ 2.0* 

AISC 360-16 𝐹𝐹𝑦𝑦 ≤ 525 21 ≤ 𝑓𝑓𝑐𝑐 ≤ 69 𝐻𝐻 𝑡𝑡� ≤ 5�𝐸𝐸𝑆𝑆 𝐹𝐹𝑦𝑦⁄  𝐴𝐴𝑠𝑠 𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡⁄ ≥ 0.01** 

* For simplified method 217 
** 𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is the total area of the composite section 218 
4.1 Eurocode EN 1994 219 

Under concentric compressive loading, the squash load of rectangular CFST is calculated as 220 

 𝑁𝑁𝑝𝑝𝑝𝑝 = 𝐴𝐴𝑠𝑠𝐹𝐹𝑦𝑦 + 𝐴𝐴𝑐𝑐𝑓𝑓𝑐𝑐 (6) 

To account for the possible global buckling, a reduction factor, 𝜒𝜒 , is introduced to calculate the ultimate 221 

compressive resistance, 222 

 𝑁𝑁𝑢𝑢 = 𝜒𝜒𝜒𝜒𝑝𝑝𝑝𝑝,𝜒𝜒 ≤ 1 (7) 

The estimation of 𝜒𝜒 is based on the relative slenderness of the column  223 

 𝜆̅𝜆 = �𝑁𝑁𝑝𝑝𝑝𝑝 𝑁𝑁𝑐𝑐𝑐𝑐⁄  (8) 

following Eurocode EN 1993 (CEN, 2005), with 𝑁𝑁𝑐𝑐𝑐𝑐 the critical buckling load whose calculation is based 224 

on the effective flexural stiffness (𝐸𝐸𝐸𝐸)𝑒𝑒𝑒𝑒𝑒𝑒 = 𝐸𝐸𝑠𝑠𝐼𝐼𝑠𝑠 + 0.6𝐸𝐸𝑐𝑐𝐼𝐼𝑐𝑐. 225 

Under pure bending, the flexural resistance (𝑀𝑀𝑝𝑝𝑝𝑝) of the CFST is determined assuming the stresses of the 226 

composite section at the ultimate limit state follow the distribution shown in Figure 7(b). Under the combined 227 

compression and uniaxial bending, an interaction curve as shown in Figure 7(a) is adopted. For convenience 228 

of calculation, a simplified curve, constructed based on four (M,N) pairs, is also provided. For eccentric 229 

compressive loading cased, the (M,N) response follows a straight line 𝑀𝑀 = 𝑁𝑁 ∙ 𝑒𝑒, the ultimate compressive 230 

strength can be taken as the N coordinate of the intersection point. 231 

 232 



 233 
(a) (b) 

Figure 7 (a) Compression-bending interactive curve; (b) Assumed stress distribution of the cross section  234 
4.2 AISC 360-16  235 

Under concentric compression, the resistance of a CFST is calculated as 236 

 𝑃𝑃𝑛𝑛 = �𝑃𝑃𝑛𝑛𝑛𝑛(0.658𝑃𝑃𝑛𝑛𝑛𝑛 𝑃𝑃𝑒𝑒⁄ ), 𝑃𝑃𝑛𝑛𝑛𝑛 𝑃𝑃𝑒𝑒⁄ ≤ 2.25
0.877𝑃𝑃𝑒𝑒 , 𝑃𝑃𝑛𝑛𝑛𝑛 𝑃𝑃𝑒𝑒⁄ > 2.25

 (9) 

where 𝑃𝑃𝑒𝑒 is the elastic critical buckling resistance calculated based on the effective stiffness of the composite 237 

section (𝐸𝐸𝐸𝐸)𝑒𝑒𝑒𝑒𝑒𝑒 = 𝐸𝐸𝑠𝑠𝐼𝐼𝑠𝑠 + 𝐶𝐶1𝐸𝐸𝑐𝑐𝐼𝐼𝑐𝑐; 𝑃𝑃𝑛𝑛𝑛𝑛 is the strength of the composite section, whose calculation is based on 238 

the slenderness ratio of the steel section to account for the local buckling. For compact sections, 𝑃𝑃𝑛𝑛𝑛𝑛  is 239 

calculated as  240 

 𝑃𝑃𝑛𝑛𝑛𝑛 = 𝐴𝐴𝑠𝑠𝐹𝐹𝑦𝑦 + 0.85𝐴𝐴𝑐𝑐𝑓𝑓𝑐𝑐 (10) 

Under pure bending, the flexural strength is determined based on the categorization of the steel section 241 

 𝑀𝑀𝑢𝑢 =

⎩
⎪
⎨

⎪
⎧ 𝑀𝑀𝑝𝑝,                                            𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑀𝑀𝑝𝑝 − �𝑀𝑀𝑝𝑝 −𝑀𝑀𝑦𝑦��
𝜆𝜆 − 𝜆𝜆𝑝𝑝
𝜆𝜆𝑟𝑟 − 𝜆𝜆𝑝𝑝

� ,    𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑀𝑀𝑐𝑐𝑐𝑐 ,                                          𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

 (11) 

𝑀𝑀𝑝𝑝 is the moment corresponding to plastic stress distribution over the whole composite cross section as shown 242 

in Figure 8(b); 𝑀𝑀𝑦𝑦 is the yield moment corresponding to the yielding of the tension flange, first yielding of 243 

the compression flange, and linear stress distribution with maximum of 0.7fc of the compression concrete, as 244 

shown in Figure 8(c); 𝑀𝑀𝑐𝑐𝑐𝑐 is the first yield moment with the stress in the compression flange limited to the 245 

local buckling stress as shown in Figure 8(d). 246 



 247 
(a)  (b) (c) (d) 

Figure 8 (a) Compression-bending interactive curve; Stress distribution under (b) plastic moment, (c) yield 248 
moment, (d) critical moment 249 

Under the combined bending and compression, two alternative M-N interaction curves are provided in AISC 250 

360-16, as shown in Figure 8(a). The solid one, referred to as US-1 method, is described as 251 

 

𝑃𝑃
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+
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𝑐𝑐𝑝𝑝

𝑃𝑃
𝑃𝑃𝑛𝑛

+
𝑀𝑀
𝑀𝑀𝑢𝑢

= 1, 𝑃𝑃 𝑃𝑃𝑛𝑛⁄ < 𝑐𝑐𝑝𝑝
 (12) 

where the coefficients, 𝑐𝑐𝑝𝑝, 𝑐𝑐𝑚𝑚, are calculated based on the steel to concrete strength ratio 𝑐𝑐𝑠𝑠𝑠𝑠 = 𝐴𝐴𝑠𝑠𝐹𝐹𝑦𝑦
𝐴𝐴𝑐𝑐𝑓𝑓𝑐𝑐

. The 252 

dashed one, referred to as US-2 method, follows the rule for general members and is described as 253 

 

𝑃𝑃
𝑃𝑃𝑛𝑛

+
8
9
𝑀𝑀
𝑀𝑀𝑢𝑢

≤ 1, 𝑃𝑃 𝑃𝑃𝑛𝑛⁄ ≥ 0.2

𝑃𝑃
2𝑃𝑃𝑛𝑛

+
𝑀𝑀
𝑀𝑀𝑢𝑢

≤ 1, 𝑃𝑃 𝑃𝑃𝑛𝑛⁄ < 0.2
 (13) 

Similarly, the N coordinate of the intersection point between the response line and the interactive curve is 254 

taken as the ultimate strength under eccentric loading. 255 

5 ML training procedure 256 

The database will go through a customized procedure for training of the three ML models, including train-test 257 

data split, feature scaling, hyperparameter tuning through cross validation. The optimization, training and 258 

evaluation of the ML models followed the procedure shown in Figure 9. Detailed explanation of each 259 

component of the whole procedure will be provided in this section. The open-sourced python-based ML 260 

package ‘scikit-learn’ was adopted in this study (Pedregosa et al., 2011). 261 



 262 

Figure 9 Optimization, training, and evaluation procedure for the ML models 263 
5.1 Train-test data split 264 

To evaluate the performance of the trained ML models on data that they have never seen, the ‘train-test split’ 265 

technique was adopted. The database is randomly shuffled first and then split to the training set (80% of the 266 

total data) and the test set (20% of the total data). Only the training set will be used for the optimization and 267 

training of the ML models, while the test set will be held out until the final evaluation of the models. It is 268 

worth noting that to facilitate fair and meaningful comparison of the predictive performance of the 3 ML 269 

models, the same training dataset will be used for training, and the same test dataset will be used for evaluating 270 

the predictive performance. 271 

5.2 Feature selection 272 

The correlation between all the 18 features (7 primary features and 11 secondary features) is shown in Figure 273 

10. The correlation values between some features are high, which indicates there may be some information 274 

redundancy. Moreover, some of the features may be irrelevant to the ultimate strength of CFSTs. Inclusion of 275 

such features will reduce the efficiency of the ML models, and even mislead the ML models resulting in worse 276 

predictive performance. As such, a feature selection process was conducted to identify the most relevant 277 

features, which is elaborated as follows. 278 



 279 

Figure 10 Correlation between both primary and secondary features 280 

Firstly, all the 18 features were used to train the 3 ML models. Secondly, for each trained ML model, the 281 

importance values of individual features were calculated using the method of permutation feature importance. 282 

The permutation importance of a feature is defined as the decrease in a model performance score (𝑅𝑅2 in this 283 

study) when the feature is randomly shuffled (Breiman, 2001). By shuffling the feature, the relationship 284 

between the feature and the target is broken, and therefore the drop in the model score is indicative of how 285 

important the feature is. Thirdly, for each ML model, the importance values of all features are scaled by the 286 

same factor to have a sum of unity. Finally, the combined importance value of a feature is calculated by 287 

summing the importance values obtained from the 3 ML models, which is shown in Figure 11. For selection 288 

of features, a threshold of 5% is taken. In the end, 13 features that have the combined importance values above 289 

5% were selected to train the 3 ML models. 290 



 291 
Figure 11 Feature selection based on combined feature importance 292 

5.3 Feature scaling 293 

Since different input features may have substantially different scales and the ranges of features vary widely, it 294 

is generally beneficial in ML algorithms to normalize the ranges of all input features so that each feature 295 

contributes approximately proportionately. Moreover, ML methods using gradient descent usually converge 296 

faster with feature scaling than without it. In this study, as each feature does not follow a specific distribution, 297 

all features were scaled to the range [0,1] before being fed to the ML models. To avoid that information outside 298 

the training set is used to create the model (also known as data leakage), a Pipeline object is created, in which 299 

only the training data will be used to create the scaler that will be used to scale the features.  300 

5.4 Hyperparameter optimization strategy 301 

Hyperparameters of a ML model are parameters that control the learning process, and they have to be tuned 302 

so that the model can optimally solve the problem. Hyperparameter optimization finds a tuple of 303 

hyperparameters that yields an optimal model which minimizes a predefined loss function on given data 304 

(Claesen & De Moor, 2015). 305 

To estimate the generalization performance of the model, five-fold cross validation was used. As shown in 306 



Figure 12, the training data was further split into five folds. The model is trained using four folds of data, and 307 

the left fold is used as the validation set. This process was repeated five times, with each time using a different 308 

fold as the validation set. The performance of the model for each of the five iterations is then averaged to 309 

produce an overall measurement. 310 

 311 
Figure 12 Five-fold cross validation adopted in this study 312 

A two-step hyperparameter optimization strategy was adopted in this study. Firstly, for each hyperparameter 313 

(either numerical or categorical), values that cover a wider range were selected. Therefore, a large space was 314 

created for the hyperparameter combination. Random search was conducted through the 315 

RandomizedSearchCV method in which value was randomly selected for each hyperparameter and evaluated. 316 

Based on the prescribed performance metric, the hyperparameters were preliminarily optimized. 317 

In the second step, for each hyperparameter, values covering a smaller range around the preliminarily 318 

optimized value obtained in the first step were selected. In this way, a relatively smaller hyperparameter space 319 

was created. The grid search was conducted using the GridSearchCV method, which is an exhaustive searching 320 

through the whole defined space. Figure 13 illustrates the effect of two hyperparameters on the 𝑅𝑅2 scoring 321 



obtained through the five-fold cross validation for each of the 3 ML models. The hyperparameter that yields 322 

the highest 𝑅𝑅2 scoring will be taken as the optimal one. 323 

 324 
(a) (b) (c) 

Figure 13 Effect of two hyperparameters on the 𝑅𝑅2 scoring of the ML model: (a) SVR, (b) RFR, (c) NN  325 

To avoid the possible overfitting, in which the ML model performs well on the training data but fails to 326 

generalize and perform well on unseen data, the hyperparameter searching process was closely monitored 327 

during the cross validation to ensure that the performance on the validation fold was close to that on the 328 

training fold. It is noted that for the NN model, although increasing the number of hidden layers and the 329 

number of neurons in each layer may result in improved performance in some cases, the optimization process 330 

will be stopped if the performance improvement is less than 1% in terms of the performance metric 𝑅𝑅2. The 331 

obtained optimized hyperparameter values for the three ML models are listed in Table 5. 332 

Table 5 Optimal hyperparameters adopted for the SVR, RFR, NN models 333 

ML model Hyperparameters 
SVR Gamma=0.8, C=5e7, kernel function=’rbf’ 

RFR 
n_ estimators=80, max_depth=40, min_sample_split=6, min_sample_leaf=3, 
max_features=’auto’ 

NN 
Number of hidden layers=2, nodes of hidden layers=(40,40), 
learning_rate=0.06, batch_size=8 

 334 

6 Model performance evaluation 335 
6.1 Performance metrics 336 

Various performance metrics are available to evaluate the performance of ML models. Five popular ones are 337 



adopted in this study, namely, the mean ratio (MR), the mean absolute percentage error (MAPE), the 338 

coefficient of determination (also known as the R squared value, 𝑅𝑅2), the a20 index, and the mean absolute 339 

error (MAE). Their mathematical calculation follows the Eqs. 14-18, where n is the number of data points, 340 

𝑦𝑦𝑝𝑝𝑝𝑝 is the predicted value, and 𝑦𝑦𝑖𝑖 is the true value. 341 
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6.2 Comparison of ML models with design code methods 342 

In Figure 14, the comparison between the predicted strengths and the corresponding experimentally obtained 343 

strengths are plotted for both the ML models and code methods. A 45-degree dashed line is provided in each 344 

plot. The closer to the dashed line, the prediction is more accurate. Moreover, the performance of each 345 

model/method was evaluated by the metrics mentioned in the previous section, whose values are listed in 346 

Table 6. 347 

The ML models outperformed the code methods from the perspective of all the studied performance metrics. 348 

The points of ML models are distributed closer to the 45-degree dashed line that those of the code methods. 349 

The MRs of code methods are all below 1.0, representing conservative predictions, while the values of MRs 350 

are around 1.0 for the ML models, representing more accurate predictions. This is reasonable as design codes 351 

are inclined to be conservative to yield safer designs. 352 

In terms of the mean absolute percentage error, the values of ML models are all below 0.15, while those of 353 



code methods are all above 0.15. Regarding the 𝑅𝑅2  which measures the proportion of total variance of 354 

outcomes explained by the model, all the three ML models achieved a value above 0.95, while the code 355 

methods yielded values below 0.88. A method is generally considered to have good accuracy when 𝑅𝑅2 is 356 

above 92% and MAPE is less than 15% (Prayogo et al., 2020; Olalusi & Awoyera, 2021; Abuodeh et al., 2020; 357 

Zhang et al., 2020). Therefore, all the three ML methods can be evaluated to be good models. 358 

Table 6 Summary of calculated performance metrics for ML models and code methods 359 

Model Database MR MAPE R2 a20 RMSE (N) 
EU All 0.90 0.15 0.88 76% 337755 

US-1 All 0.84 0.20 0.85 49% 379834 
US-2 All 0.78 0.25 0.78 41% 469862 

SVR 
Training 1.01 0.04 0.99 98% 74386 

Test 1.01 0.08 0.97 90% 143907 
All 1.01 0.05 0.99 96% 92647 

RFR 
Training 1.03 0.08 0.97 93% 175097 

Test 1.06 0.13 0.93 84% 228953 
All 1.03 0.09 0.96 91% 187170 

NN 
Training 1.02 0.11 0.97 86% 170113 

Test 1.04 0.13 0.96 84% 174585 
All 1.03 0.12 0.97 86% 171021 

The a20 index evaluates the portion of predictions that are within the ±20% margin of error compared with 360 

the experimental values. The three ML models exhibited a20 indexes of greater than 84% while the code 361 

methods showed a20 indexes of smaller than 76%. A higher portion of predictions within a certain error margin 362 

is beneficial for structural design as it will result in lower resistance reduction to achieve a certain level of 363 

safety. Similar performance improvement can be found for the ML models from the perspective of RMSE. 364 

Among the three ML models, similar performance was achieved in terms of 𝑅𝑅2 and MR. The SVR model 365 

outperformed the RFR and NN models based on the MAPE and a20 index for the test dataset. The lowest 366 

MAPE value (0.08) was achieved by the SVR model, while the values were 0.13 (63% higher) for both the 367 

RFR and NN models. Moreover, the SVR model showed the highest a20 index (90%) for the test dataset, 368 



while the values were 84% for both the RFR and NN models. 369 

 370 

Figure 14 Comparison between predicted strength and experimental strength 371 
7 Parametric study 372 

ML models can be understood as approximating a target function that maps input variables to an output 373 

variable. Although the relationships between the inputs and output in ML models are not as explicit as in a 374 

mathematical formula, they can be interpreted through parametric studies in which only the input feature of 375 



interest is varied. In this study, the parametric study was conducted for all the primary input features using the 376 

ML models and the code methods. As the US-1 method is based on the compression-bending interactive curve 377 

specific for composite sections while the US-2 method is based on the curve for general sections, only the US-378 

1 method is considered in the parametric study. For the parametric study of each feature, experimental samples 379 

(if available) will be used as the reference to evaluate the behavior of different models. The results of the 380 

parametric studies are presented in Figure 15. 381 

7.1 Effect of eccentricity 382 

Four specimens were reported in Matsui & Tsuda (1996) of which the only varying parameter was the loading 383 

eccentricity. As shown in Figure 15(a), the experimental data points reveal, as anticipated, a trend that: with 384 

the increase of eccentricity, the ultimate strength decreased; the slope is steep initially but diminishes with 385 

increase of eccentricity. This is reasonable because with the increase of e, the failure of the composite section 386 

will be shifted from being compression-dominated to bending-dominated. Under the compression-dominated 387 

situation, both the steel tubes and the concrete core will contribute to resist the load. In contrast, under the 388 

bending-dominated loading, the concrete on the tension side will generally not contribute to resist the load 389 

and the neutral axis of the section will be shifted to the compression side. The net compression resistance of 390 

the whole section will therefore diminish. 391 



 392 
Figure 15 Parametric study (a) e [test data from Matsui & Tsuda (1996)]; (b) L [test data from Matsui & 393 
Tsuda (1996)]; (c) t [test data from Li et al. (2018)]; (d) H [test data from Hernández et al. (2012a)]; (e) B 394 

[test data from Hernández et al. (2012b)]; (f) Fy; (g) fc 395 



All the three ML models and the two code methods captured the trend indicated by the experimental data. For 396 

the four experimental tests, all the models/methods except the NN model predicted the ultimate strength with 397 

good accuracy and behaved almost the same with e up to 125 mm. Although the NN model captured the 398 

general trend, it seemed to have simplified the relationship to be bilinear. This inaccuracy of the NN model 399 

may be attributed to the insufficient training over the studied range of e. As shown in Figure 2, e of the training 400 

data concentrated in the range of 1-70 mm. 401 

7.2 Effect of column length 402 

Experimental tests were conducted by Matsui & Tsuda (1996) to study the effect of column length on the 403 

ultimate strength of CFSTs under eccentric loading. The results of six specimens, of which the only varying 404 

parameter was the column length, were presented in Figure 15(b). The lengths of the six specimens ranged 405 

from 600 mm to 4500 mm. As shown the six experimental data points indicated a trend that the ultimate 406 

strength decreases with the increase of the column length. The strength decrease rate is slow at small values 407 

of L and gradually increases with the increase of L. This trend agrees well with the buckling curve of a general 408 

column. When the column length is small (i.e., short column), the strength of the column will be determined 409 

by its section, as global buckling will not occur. In this case, the strength of the column will not be much 410 

affected by the column length. With the increase of column length, the failure may shift to global buckling. 411 

Column length in this case will play a key role: the longer the column is, the slender the column will be, and 412 

the lower buckling strength will be obtained. 413 

All the ML models and the code methods captured the general relationship between column length and the 414 

ultimate strength. The EU method and the SVR model provided the best fit to the experimental data points. 415 

The RFR model matched well with the trend with L up to 3500 mm, but then deviated from the trend with a 416 

sudden change in the slope. Similarly, the NN model performed well with L up to 3000 mm, after which the 417 



curve deviated from the trend with a smaller slope. The inaccuracy of both the RFR and NN models for long 418 

columns is believed to be attributed to the scarcity of training data in this range. As shown in Figures 2 and 4, 419 

the lengths of most data lie in the range of 500-3000 mm, and most data have the value of 𝜆̅𝜆 below 1.0 420 

indicating short columns without global buckling. 421 

7.3 Effect of cross-section dimensions 422 

Figures 15(c)-(e) present the results of the parametric study on the three primary cross-section dimensions, H, 423 

B, and t. For the effect of t, the three experimental data points indicated a positive linear trend. Generally, this 424 

positive linear trend was captured by all the ML models and code methods. But the three ML models yielded 425 

more accurate predictions for the experimental data points, while the code methods made conservative 426 

predictions, especially the US-1 method. 427 

For the effect of H, the five models/methods predicted different trends although they all yielded good 428 

predictions for the two experimental data points. Both the EU and US-1 methods made a positive linear 429 

prediction but with different slopes. A nonlinear relationship with increasing slope was made by the SVR 430 

model. A similar trend was predicted by the NN model but with a simplified bilinear relation. The RFR model 431 

predicted a general linearly increasing trend with oscillations. More experimental tests with H greater than 432 

150 mm are needed to validate the various trends predicted by the different models/methods. 433 

With regards to varying B, almost the same positive linear curve was made by all the models/methods, except 434 

that the SVR model predicted a curve which increased with B up to 150 mm and then decreased. With B=150 435 

mm, the width-to-thickness ratio of the compression flange in this case is below 40, which is smaller than the 436 

critical local buckling limits specified in both Eurocode EN 1994 (CEN, 2004) and AISC 360-16 (AISC, 2016) 437 

by a fair amount of margin. No local buckling is believed to occur, and the strength is therefore not expected 438 

to decrease. As such, the SVR model is not deemed reliable in this case when B is more than 150 mm. 439 



7.4 Effect of material strengths 440 

Due to the absence of relevant experimental tests of which only the material strengths were varied, the effect 441 

of material strengths was studied only based on the ML models and code methods. When 𝐹𝐹𝑦𝑦 is the studied 442 

parameter, a range of 200 to 800 MPa was covered; when the effect of 𝑓𝑓𝑐𝑐 is studied, a range of 30 to 180 443 

MPa was covered. As shown in Figure 15(f), a positive linear relationship with similar slope was generally 444 

predicted between 𝐹𝐹𝑦𝑦 and the ultimate strength, except that the RFR curve featured some oscillation. In terms 445 

of the effect of 𝑓𝑓𝑐𝑐, the NN model, the EU and US-1 methods predicted a positive linear relationship over the 446 

studied range. The RFR curve is characterized by a trilinear relationship. Except for the US-1 method, all the 447 

other four models/methods predicted similar relationship between 𝑓𝑓𝑐𝑐 and the ultimate strength for 𝑓𝑓𝑐𝑐 up to 448 

100 MPa, beyond which the ML models may not be reliable as training data in this range are scarce. 449 

Conclusions 450 

In this study, three ML methods were adopted to predict the ultimate strength of CFSTs under eccentric loading. 451 

A database of 403 experimental tests was created from literature. The database was then split to a training set 452 

which was used to optimize and train the ML models, and a test set which was used to evaluate performance 453 

of trained ML models. The performance of ML models was compared with that of methods in two typical 454 

design codes. Parametric analyses about the effect of each input feature on the ultimate strength were 455 

conducted using the ML models and code methods. The major conclusions are as follows: 456 

1. Statistical analysis of the collected database reveals that, in terms of material strengths, a wide range 457 

was covered, but the data distribution was not even over the range. The sections of most specimens were 458 

small to medium sized and were subjected to low to moderate eccentricity. 459 

2. The three ML models outperformed the code methods from the perspective of five typical performance 460 

metrics. Notably, mean ratios (MRs) of around 1.0 were achieved by the three ML models, while the 461 



MRs were below 1.0 for the code methods representing conservative predictions. In terms of the a20 462 

index which is the portion of predictions that are within the ±20% margin of error, the three ML models 463 

exhibited a20 indexes of greater than 80% while the code methods showed a20 indexes of smaller than 464 

76%. 465 

3. Among the three ML models, the lowest MAPE value (0.08) was achieved by the SVR model, while 466 

the value was 0.13 (63% higher) for both the RFR and NN models. Moreover, the SVR model showed 467 

the highest a20 index (90%) for the test dataset, while the values were 84% for both the RFR and NN 468 

models. 469 

4. The parametric study revealed that the trained ML models could generally capture the effect of each 470 

primary input feature, which was verified by the relevant experimental test results. 471 

However, although the ML models achieved notable improvement in prediction accuracy as compared with 472 

the code methods, their interpretation and application need caution when the input features are in the range 473 

where training data are scarce. Experimental studies are needed to expand the database in the range where 474 

data are relatively less. 475 

Data 476 

The database and the trained ML models will be available from the corresponding author on request. 477 
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