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Concrete filled stainless steel tubular (CFSST) columns have gained popularity over conventional concrete filled
steel tubular (CFST) columns owing to their higher axial capacity and excellent corrosion resistance of stainless
steel (SS). Numerous experimental and numerical research have been performed to evaluate CFSST column
response under different loading scenarios. Despite all these studies, inaccuracy still exists in predicting the axial

Explainabl
SI);;:\;ma ¢ strength of CFSST columns. Moreover, unique properties of SS do not allow using conventional code equations
CatBoost developed for CFST columns to be used for axial strength prediction of CFSST columns. To this end, this study

aims to develop data-driven machine learning (ML) techniques for predicting the axial capacity of CFSST col-
umns. A comprehensive dataset of 422 circular and rectangular CFSST columns are carefully gathered from
literature, which is employed for developing the data-driven ML models. Model accuracy is assessed using
various performance metrics such as coefficient of determination (R?), root mean square error (RMSE), mean
absolute error (MAE), Nash-Sutcliffe Model (NSE) and Index of Agreement (d). Out of the ten ML algorithms
considered in this study, CatBoost (CatB) turns out to be the most accurate one. SHapley Additive exPlanations
(SHAP) analysis is performed to interpret the outcomes of the ML model and explain the importance of each
input feature. The best performing CatB model is compared with six different design code equations to showcase
its acceptance and superior performance. It is observed that the ML model provides a quick and accurate estimate
of the axial capacity of CFSST columns by overcoming the limitations of existing design codes. For identifying the
resistance factor for the CatB model, reliability analysis is also performed following AISC 360-16 provision.
Finally, an interactive graphical user interface is developed for practicing engineers to enhance the accuracy of
CFSST axial capacity prediction while promoting the use of interpretable ML models.

1. Introduction and background

Stainless steel (SS) has grown in popularity in the construction sector
over the past several years. This can be attributed to the higher dura-
bility [1] of SS combined with improved corrosion [1] and fire [2]
resistance and offers enhanced strength in contrast to carbon steel [3].
Despite having several benefits, the application of SS has been quite
restricted due to its high initial cost. An efficient method to offset SS’s
higher cost is to fill the hollow tube with concrete to combine the ben-
efits of steel and concrete as a composite. As a result, the member’s load
carrying capability is increased and its production cost is decreased [4].

In the past decade, there has been an increasing trend in utilizing
concrete filled stainless steel tubular (CFSST) columns in civil

* Corresponding author.

engineering applications. Compared to conventional regular carbon
steel (CFST) columns, the CFSST columns possess higher load carrying
capacity owing to the superior material properties of stainless steel [5].
Carbon steel exhibits a linear elastic region and a yield point followed by
a yield plateau whereas stainless steel exhibits nonlinear ductile mate-
rial response with higher level of strain hardening and thus leading to
CFSST columns with more ductile behavior than their CFST counterpart
[6]. These advantages of CFSST columns have attracted researchers to
carry out experimental as well as numerical investigations [4-7].Despite
having high initial cost, CFSST columns are beneficial when the life
cycle cost of the whole project is considered. This is accredited to the fact
that resistance against corrosion for stainless steel is significantly better
than carbon steel. CFSST columns require little to no maintenance
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during the whole service life in comparison to the CFST column where
regular maintenance such as spray of anti-corrosive coatings on outer
surface is essential over the service life. Furthermore, they are aesthetic
and the column size can be further reduced due to the enhanced strength
as compared to conventional CFST columns [8]. Since carbon steel and
SS have different mechanical properties, the confinement effect and the
deformation response of CFSST columns are dissimilar from its CFST
counterpart [9]. There are various parameters including length (L),
height (H), thickness of the tube (t), characteristics strength of concrete
(fo"), ultimate strength of steel (f;,) amongst others that govern the axial
strength of CFSST columns. The current design codes are conservative
while assessing the axial capacities of CFSST columns since they don’t
consider stainless steel properties for strength calculation. Conse-
quently, it’s critical to develop a comprehensive framework for accurate
axial capacity prediction of CFSST columns.

1.1. Prior research on CFSST columns

Numerous experimental and numerical investigations have been
conducted over the past 20 years to examine the behavior of CFSST
columns. Uy et al. [4] tested 117 specimens of short and slender CFSST
columns to assess their performance under axial loading. When
compared with different codes such as AS 5100 [10], AISC 360-16 [11],
DBJ/T [12] and EC4 [13], they found the axial capacities estimated
using code provisions are conservative by an average of about
(11—25)%.The predictions for circular columns were more conservative
than those of square and rectangular counterparts. He and Zhao [14]
tested 15 partially loaded and 3 fully loaded specimens to study the axial
load carrying capacity of circular CFSST columns. The axial capacities
acquired though experiments were compared with axial capacities ob-
tained using different design codes EC4 [13] and AISC 360-16 [11]. The
two design standards led to conservative results compared to the
experimentally obtained axial capacity. The mean value of the ratios
between experimental axial capacity and that predicted by EC4 [13] was
1.60 and the coefficient of variation (COV) was 0.23. The mean and COV
between experimental and that predicted by AISC 360-16 [11] was 3.54
and 0.51 respectively. He et al. [6] conducted experimental and nu-
merical investigation into the compressive strength and load carrying
capacities of concrete filled high-chromium stainless steel tube
(CFHSST) stub columns. Since, there is no established design provisions
for CFHSST columns, the experimental results were compared with code
equations for CFST columns. The comparison depicted that AISC 360-16
[11] and EC4 [13] were both conservative while predicting the
compressive strength. The mean value of ratios between experimental
and predicted strength for AISC 360-16 [11] was 1.155 and for EC4 [13]
was 1.087. The COV was 0.043 and 0.044 for AISC [11] and EC 4 [13],
respectively. Lam and Gardner [15] experimentally investigated the
behavior of concrete-filled circular and square sections consisting of
regular as well as stainless steel under axial compression. The concrete
cube strengths used in the experimental study ranged from 30 to
100 MPa. They found that the columns with stainless steel tubes and
lower concrete strength depicted more ductile behavior as compared to
the regular columns. The test results were compared with code pro-
visions of EC4 [13] and ACI 318 [16] and found to be overly conser-
vative specially for circular columns. The mean value of the ratios
between experimental capacity and that predicted by ACI 318 [16] for
circular stainless steel columns was 1.11 and the coefficient of variation
(COV) was 0.07. The mean and COV between experimental and that
predicted by EC4 [13] was 1.46 and 0.08, respectively. Young and
Ellobody [17] performed experiments on concrete filled cold formed SS
tubes with yield strength of 536 MPa and ultimate strength of 961 MPa.
The concrete strength varied from 40 to 80 MPa, while the SS used were
equivalent to EN 1.4462 and UNS S31803. The results were compared
with the ACI 318-95 [16]) standard. The axial capacity values obtained
using code equations were conservative as mean of the ratios between
experimental capacity and that predicted by ACI 318-95 [16] was 1.01
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and the coefficient of variation (COV) was 0.058. In a study by He et al.
[18], the flexural buckling behavior and resistance of circular recycled
aggregate concrete filled steel tubular columns (RACFFST) were
analyzed based on the results obtained from experiments and numerical
modeling. The results were compared with different codes. The assess-
ment indicated that the design guidelines as specified by AS/NZS 2327
[19] standard resulted in unconservative prediction of flexural buckling
resistance whereas the EC4 [13] standard yielded conservative results
with an acceptable level of accuracy. The mean value of the ratios be-
tween experimental capacity and that predicted by AS/ZNS 2327 [19]
was 0.87and the coefficient of variation (COV) was 0.08. The mean and
COV between experimental and that predicted by EC4 [13] was 1.00 and
0.07, respectively.

Dai et al. [20] experimentally studied the axial behavior of 18
specimens which included 9 austenitic CFSST columns and 9 duplex
CFSST Columns under compression. Finite Element (FE) models were
also developed, which helped generate a wider range of data and finding
the influence of different parameters on the strength of column. It was
found that the European (EC4 [13]) and Chinese Code (GB 50936 [21])
underestimated the axial resistance of CFSST columns. Hence, new
calculation methods were developed to provide enhanced strength
predictions for austenitic as well as duplex CFSST columns. Guo et al.
[22] and Li et al. [23] also proposed formulations for estimating the
axial load carrying capacity of SS tubular stub columns.

Han et al. [8] presented a comprehensive review on the performance
of CFSST column under different loading conditions. It was concluded
that CFSST columns showed improved ductility, higher energy dissipa-
tion capacity and superior fire performance as compared to regular
carbon steel. But the bond strength between a stainless steel and core
concrete was lower for a CFSST column than a regular CFST column due
to a smoother surface of stainless steel. The existing code equations of
CFST columns such as AISC 360-16 [11], DB/J [12] and EC4 [13]
underestimated the load carrying capacity for CFSST columns. This was
accredited to the fact that strain hardening characteristics for stainless
steel was not considered in the equations. Patel et al. [24] developed a
fiber based column model for nonlinear analysis of axially loaded CFSST
short columns. The model predicted load-strain behavior and ultimate
bearing capacity with noteworthy accuracy when compared with
experimental results. It was also observed that the design code equations
such as ACI 318-95 [16] and EC 4 [13] was highly conservative in
predicting the ultimate axial capacity of CFSST columns as they didn’t
take into account concrete confinement as well as strain hardening
characteristics of stainless steel. Ding et al. [25] developed a 3D finite
element model to study the behavior of CFSST stub columns. The finite
element results revealed that there was increase in the ultimate bearing
capacity of CFSST columns from its CFST counterpart as the concrete
confinement effect was stronger for CFSST. Tam et al. [26] conducted an
experimental program to investigate the behavior of recycled aggregate
concrete filled stainless steel tubular (RACFSST) columns. For compar-
ison purposes, reference specimens with carbon steel were also tested.
Finite element analysis was also conducted and validated with experi-
mental results. It was inferred that the replacement of normal concrete
with recycled aggregate had relatively more influence on the strength of
stainless-steel columns than that of carbon steel specimens. RACFSST
columns also had higher residual strength than the counterpart with
carbon steel. The FE models provided satisfactory results for both
RACFSST and regular CFST columns.

The above-mentioned studies show that different axial capacity
prediction models require different input parameters, and their values
vary considerably. To counteract the uncertainties, a data-driven model
can be a suitable approach for predicting the capacity considering the
wide range of available datasets. Machine Learning (ML) is an advanced
Artificial Intelligence (AI) technique that helps engineers explore a wide
range of design possibilities and take decisions based on data-driven
recommendations [27,28]. ML can be broadly grouped into different
categories on the basis of nature of available input and desired output
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(regression, classification, etc.). Moreover, the performance of the
models can be assessed through evaluation matrices. Using ML models,
it is possible to avoid costly, time-consuming experimental work as well
as complex Finite Element (FE) simulations.

A wide range of data-driven applications have been demonstrated,
for instance, prediction of material properties such as concrete strengths
[29] and modulus of elasticity [30], compression capacity prediction of
gusset plates [31], failure mode identification of columns [32], steel
column-base connections [33], shear strength prediction of
beam-column connections [34] and so on. Considerable research has
also been done on predicting the axial capacity of conventional CFST
columns [35],[361,[37],[38]. Hou and Zhou [36] developed a compre-
hensive dataset of circular CFST columns under axial load through
literature survey. Different algorithms such as back-propagation neural
network (BPNN), radical basis function neural network (RBPNN),
gaussian process regressor (GPR) and multiple linear regression (MLR)
were trained and tested on the given dataset. The developed ML models
were compared with different design codes such as AISC-360 [11] and
EC-4 [13]. It was observed that the models specially GPR predicted the
axial capacity with higher accuracies than existing design standards. The
R? value for GPR was 0.999 whereas that for AISC and EC 4, it was 0.765
and 0.644, respectively. Vu et al. [37] proposed a framework for pre-
dicting CFST axial capacity based on gradient tree boosting (GTB) al-
gorithm, a powerful ML technique. The efficiency of the framework was
compared with other ML algorithms such as support vector machines
(SVM), decision tree (DT) and random forest (RF). Two different com-
parison metrics such as coefficient of determination (R%) and mean
square error (MSE) were calculated. The R? value for the GTB model was
found to be 0.998, indicating model’s high accuracy. Lee et al. [38]
applied categorical gradient boosting (CATBoost) algorithm for pre-
dicting the axial capacity of CFST columns. The dataset was segregated
into training, testing and 10-fold cross validation set. The axial capac-
ities obtained from 10-fold cross validations were compared with
different design codes (AISC 360-16, Eurocode 4 and AS/NZS 2327).
The CATBoost model provided the highest accuracy compared to the
design codes with RZ value of 0.996.

1.2. Scope and objectives

Although sufficient research using ML has been done on CFST col-
umns, data-driven prediction models for CFSST columns are currently
absent in the literature. As reported in earlier studies, the codified
equations for predicting the axial capacity of CFSST columns are con-
servative and fail to predict the axial capacity accurately. Furthermore,
in the equations used for conventional CFST columns, stainless steel’s
strain hardening behavior is not considered, which is an important
feature for CFSST columns. This paper focuses on developing a robust
model to decrease prediction errors and overcome the limitations of
current design equations. The objectives of this study include: (i)
developing a large and comprehensive database from open literature,
(ii) identifying the most important parameters influencing the axial
capacity of CFSST columns, (iii) comparing the accuracy of the devel-
oped ML models with existing design codes, (iv) explaining the pre-
dicted results in relation to the input parameters employing Shapley
Additive exPlanations (SHAP), (v) identifying the reliability of the best
performed ML model in predicting CFSST axial capacity, and (vi)
developing a Graphical User Interface (GUI) tool to benefit design en-
gineers and researchers for CFSST column design and compressive ca-
pacity estimation.

2. Database for CFSST columns axial strength prediction

Establishing reliable prediction models and determining the critical
parameters impacting prediction accuracy require a comprehensive
database. A total of 211 datasets for circular and 211 datasets for rect-
angular CFSST columns reported in different peer-reviewed journals and
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dissertations are assembled in this study. Although the dataset (422) is
not exhaustive, many past studies have successfully implemented
various ML models using smaller datasets. Rahman et al. [31] used 250
datasets to develop high performance ML models for predicting the
compressive capacity of gusset plate connections. Naderpour et al. [32]
developed prediction models using Artificial Neural Network (ANN) and
Decision Tree (DT) to identify failure modes in reinforced concrete
columns using 163 datasets. Kabir et al. [33] utilized 189 experimental
results for rapid identification of failure modes of column base plate
connections using data-driven ML models. Although, it is possible to
generate more synthetic data using FE simulation, the collected dataset
is adequate for developing reliable ML models which is further justified
by the accuracy and reliability of the obtained results.

With axial compression as the output (N_Test, kN), input character-
istics that are utilized to create the ML models consist of the grade of
stainless steel (Grade SS), length of the column (L, mm), thickness of the
tube (t, mm), proof stress of stainless steel (¢_g.5 MPa), ultimate strength
of stainless steel (f,, MPa), stainless steel elastic modulus (E,, MPa),
strain hardening component (n), compressive strength of concrete (f.’,
Mpa), column diameter (D, mm) for circular section, width (B, mm) and
height of cross-section (H, mm) for rectangular columns. The relative
slenderness is expressed as L/D or L/B depending on the type of cross-
section. An overview of the different parameters with their corre-
sponding mean values along with the ranges are presented in Table 1.

Previous research involving data-driven ML models for CFST col-
umns showed that sectional dimensions such as D or B, ¢, L significantly
influence the axial capacity [36-38]. However, as discussed earlier,
studies involving data-driven approach for CFSST columns are scarce in
literature. Hence, to describe the feature importance in strength pre-
diction, correlation analysis is carried out. One statistical technique that
can quantify the relationship between two variables is correlation
analysis. The Pearson correlation coefficient (r) is close to 1 when there
is a strong positive correlation, close to 0 when a weak correlation is
obtained and near —1 when a strong negative correlation is reflected.
The correlation between different parameters for circular and rectan-
gular sections are represented in the form of a correlation matrix
(heatmap) in Fig. 1. For circular sections, t is the most important feature
with r value of 0.85. D and L are the second most important features,
with r values of 0.84. For rectangular sections, t is also the governing
feature with a correlation coefficient of 0.86. The second and third most
noteworthy parameters are H and B with r values being 0.73 and 0.66,
respectively.

3. Development of ML models

Ten different ML models are developed and compared to predict the
axial capacity of CFSST Columns. The assessment is performed using
Python programming language and Scikit-Learn [39]. Scikit-Learn is a
python library through which different ML models for regression,

Table 1
Mean and Range for Input Parameters.

Input Features Circular Columns Rectangular Columns

Mean Range Mean Range
D (mm) 134.22 50.80-325.00 - -
t (mm) 3.48 1.20-11.94 3.84 1.81-12.21
H (mm) - - 120.87 51-250
B (mm) - - 124.67 51-250
L (mm) 399.94 150-975 377.59 150-700
L/B - - 3.16 1.5-6.00
L/D 2.83 2.49-6.02 - -
E, (MPa) 193900 171900-206000 199730.05 172300-206100
0_0.2 (MPa) 225.70 200-444 433.11 211-581
fu (MPa) 639 536-721 674.71 409-832
n 5.12 3.13-9.10 5.48 1.79-8.20
fo’ (MPa) 53.13 20.00-144.40 48.14 20.53-154.10
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classification, clustering etc. are implemented. Ridge Regression (RR),
Linear Regression (LR), Decision Tree (DT), Lasso Regression (LASSO),
K-Nearest Neighbor (KNN), Random Forest (RF), Support Vector Ma-
chine (SVR), CatBoost (CatB), AdaBoost (AdaB) and XGBoost (XGB) are
the models used in this study. LR [40] is one of the basic ML algorithms
where the dependent variable (output) and independent variables
(input) are modelled as a linear equation. RR [41] and LASSO [42] are
improved regression algorithms where the optimization function known
as the cost function are modified based on an optimization coefficient.
The primary distinction between these two models is that, while RR
takes the square of the coefficient, LASSO takes on the magnitude of the
regression coefficients. In DT [43], the model is built in the form of a tree
structure with decision nodes and leaf nodes. Leaf nodes hold the final
output of the algorithm. RF [44] combines multiple decision trees to
reduce overfitting of the dataset and provide better results. KNN [45]
regression computes output in an intuitive manner by averaging the
outcome in the same neighborhood. SVR [46] is one of the robust su-
pervised learning models where a hyper plane is constructed to achieve
separation by defining the largest distance to the nearest data point. XGB
is a decision tree-based algorithm where gradient descent is used to
minimize the cost function. AdaB is a regression model that uses adap-
tive boosting feature for performance improvement by integrating weak
learning algorithms. CatB has two main features, categorical data (Cat)
and gradient boosting (Boost) [47]. By this process, decision trees are
built iteratively. So, subsequent tree influences the result of previous
tree which leads to better predictions.

In this study, the entire dataset is divided into two sets, i.e., training
and testing sets. The training set consists of 80 % of the data, while the
remaining 20 % is the test set. The function of the training set is to
develop a prediction model, while the task of the testing dataset is to
validate it. Next, random extraction of the model hyperparameters is
performed using the training set. Then, grid-search method is performed
to obtain the optimized result [48]. k-fold cross validation scheme is
used to further enhance the training models’ accuracy. This study selects
10-fold cross-validation, resulting in the training dataset being divided
into 10 equal subsets. Out of these, one subset is considered for vali-
dation and the remaining nine subsets is used for model training. This
selection process of training and validation sets is repeated 10 times till
each subset is considered for cross-validation [49]. SHapley Additive
exPlanations (SHAP) [50] is a mathematical method that is used to
explain the predictions of ML models. It is based on the concept of game
theory and can explain the contribution of each feature to the prediction.
After selecting the best performing model, SHAP is used to provide a
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Fig. 1. Correlation matrix for (a) circular and (b) rectangular CFSST columns.

better understanding of the relation between input and output features.
A flow chart representing the ML model workflow is presented in Fig. 2.
Data normalization is often performed in ML studies for improving the
model performance, which converts the range of values in numerical
features. Normalization can be useful for linear models and interpreting
their coefficients as variable importance. However, this study employed
SHAP for model interpretation and understanding the input-output
relationship. Although many studies have utilized different data
normalization techniques, some recent studies [35,36] showed that ML
models can perform reliably without adopting any data normalization
technique.

Different performance metrics are evaluated in this study to deter-
mine the performance of data-driven ML models. The parameters used to
indicate the model’s accuracy and precision are summarized in Table 2.
Those parameters are the Coefficient of Determination (R?), Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), Nash Sutcliffe Effi-
ciency (NSE) and Index of Agreement (d). Rz, NSE and d determines the
model accuracy, while RMSE and MAE are error quantification
parameters.

4. Discussion of ML model results
4.1. Interpretation with standard metrices

As discussed in the previous section, R?, RMSE, MAE, NSE and d are
the five important metrics for determining the model accuracy. The
performance measures obtained from this study are summarized along
with the 10-fold cross validations results in Table 3 and Table 4. From
Table 3, it can be observed that for circular cross sections, XGB and CatB
exhibit the least error with MAE values of 56.02 and 51.09, respectively
in the training set, while the same for test set are 91.22 and103.05. SVR
gives the highest error value of 435.85 and 465.15 in the training and
testing set, respectively. A similar trend is seen while evaluating the
RMSE error. It is observed in the testing phase that XGB and CatB gives
high R? values of 0.976 and 0.967 while in training the values are 0.995
and 0.996, respectively. SVR predicts R? value of 0.531 and 0.647 for
training and testing, respectively. The NSE and d values for CatB model
are 0.985 and 0.989, respectively. For rectangular columns (Table 4),
XGB and CatB also provide the least error values of 99.80 and 93.13,
respectively for testing. These two algorithms achieved the highest ac-
curacy with R? values of 0.991 and 0.993, respectively along with NSE
and d values of 0.994 and 0.999 for CatB. Since, the CatB model has the
least error values and the highest R? amongst the other models for both
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Database of Axial Capacity Tests of Circular
Concrete Filled Stainless Steel Tubular Columns
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Fig. 2. Machine Learning workflow.
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Fig. 3. Hyperparameter tunning of CatB for circular columns using different max depth.

type of cross-sections, it can be regarded as the best ML model. The most
important factor behind success of XGB and CatB models is their scal-
ability in different scenarios. XGB is an advanced ensemble learning
model that combines different base learners for better performance. In
CatB, the decision trees are built iteratively which leads to further in-
crease in model performance. Both algorithms have enhanced loss
function and optimization process as well as a regularization parameter

to overcome overfitting. Furthermore, the CatB has the R?, NSE and
d values closest to 1 as compared to other algorithms and subsequently
CatB is selected for further analysis.

4.2. Improvement of model efficiency with hyper-parameter tuning

Hyperparameter tuning is important for improving algorithm
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Table 2
Formulas to determine accuracy of Machine Learning models.
Performance Metrics Notation Formula
Coefficient of Determination R? RE—1 S (P - A)?
= 1- 772
Z;il (P [ A)
M E E
Root Mean Square Error RMS, S (B — AP
RMSE= Y= 0
m
Mean Absolute Error MAE MAE — S (P — Al
m
Nash Sutcliffe Efficienc NSE m (P A2
y NSE — 1- E:l (P :)2
it (Ai - A)
Index of Agreement d Sm (P - A,‘)Z

d=

1- = —
Y, (P A + |Ai - &)

performance and obtaining optimized results. The grid search method
[38] is used to obtain the values of the hyperparameters. A detailed
description of hyper-parameters used in ML models are provided in
Table 5. For the CatB model, three parameters, such as the number of
trees (n_estimators), depth of the tree (max_depth), and learning rate ()
have the highest influence on the model performance and hence dis-
cussed in detail. The effect of these parameters on model performance
are studied and presented in Fig. 5. It is evident that the smallest ab-
solute error is linked with max depth= 3, n_estimators= 800, and
a= 0.1. Since, the hyperparameter tuning technique is similar for both
types of columns, only one set of graphical representation is sufficient to
provide an overview of the entire process.

4.3. Interpretation of CatBoost model using SHAP values

The Global Interpretability feature of the SHAP modeling system
ranks each input parameter based on their importance and signifies the
positive and negative correlation with the output. The features are
represented on y-axis with the highest impactful feature at the top and
the least one at the bottom. Along the horizontal axis, specific point
color depicts which feature impacts the output positively (red) or
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negatively (blue). SHAP plots for both types of cross sections are shown
in Fig. 4. Interestingly, both the plots reveal that the tube thickness (t) is
the most significant parameter in governing the axial capacity of CFSST
columns. As discussed before, thickness is a crucial factor in predicting
axial capacity of regular CFST columns. Similarly, D, H, B, L are also
important factors [34-36]. But in CFSST columns, the grade of SS is also
crucial which is in accordance with results obtained from various liter-
atures. Tao et al. [7] compared the axial capacities of four different
grades of SS which included one ferric (EN1.4003), two austenitic (EN
1.4301 and 1.4401) and one duplex (EN1.4462). It was found that when
the steel grade changed from ferric to austenitic, axial strength increased
by 1.5 %. The proof stress (6_¢,2) of SS also has a significant effect on the
axial capacity of CFSST columns [5]. This can be further justified from
the SHAP plots as proof stress is ranked higher than the ultimate stress
(f,) for both circular and rectangular sections. Since, the red dots are on
the right side of the horizontal (x) axis and blue dots on the left side, this
signifies that the grade of SS and proof stress has a positive correlation
with the axial capacity.

The local interpretability for both sections is explained using
waterfall plots [51] in Fig. 5 where the expectation value (E[f(x)]) de-
picts the dataset mean value and the output (f(x)) is the final prediction
by the CatB model. D, H, B, L and t have high SHAP values amongst other
features which gives further evidence of their importance in predicting
axial capacity. A waterfall plot depicts the contribution of every
parameter in deviating the value from the mean for a particular input
data. For circular columns, the mean predicted axial capacity value is
1766 kN whereas the result generated by the CatB model is 1699 kN.
The experimental result for given design data is 1707 kN. Similarly, for
rectangular cross sections, the mean is 1570.7 kN and the predicted
value is 1892.4 kN. The observed experimental value for the particular
column is 1947 kN.

5. Comparison with design code equations

In order to further assess the accuracy and acceptability of the Cat-
Boost model, the results are compared with different design code

Table 3

Performance measure for circular CFSST columns.
Training Set Testing Set 10-fold CV
Model RMSE R? Adjusted R? MAE RMSE R? Adjusted R? MAE Mean R?
LR 270.607 0.940 0.936 207.527 251.855 0.943 0.923 206.989 0.919
RR 278.726 0.937 0.932 208.638 247.725 0.945 0.925 205.589 0.917
Lasso 270.607 0.940 0.936 207.527 251.854 0.943 0.923 206.988 0.919
KNN 36.241 0.999 0.999 9.773 173.501 0.973 0.963 110.947 0.907
SVR 758.401 0.531 0.497 435.852 627.23 0.647 0.521 465.151 0.503
DT 125.626 0.990 0.990 119.773 291.188 0.924 0.897 143.167 0.892
RF 494.923 0.800 0.786 139.624 274.443 0.932 0.908 152.965 0.806
XGB 74.457 0.995 0.995 56.023 139.520 0.973 0.976 91.228 0.962
AdaB 265.519 0.942 0.938 222.538 337.260 0.898 0.862 297.228 0.858
CatB 68.204 0.996 0.996 51.091 165.416 0.975 0.967 103.053 0.958

Table 4

Performance measure for rectangular CFSST columns.
Training Set Testing Set 10-fold CV
Model RMSE R? Adjusted R? MAE RMSE R? Adjusted MAE Mean

R? R?

LR 700.777 0.918 0.912 545.29 669.338 0.859 0.815 553.501 0.826
RR 702.708 0.917 0.912 539.60 664.087 0.861 0.818 548.274 0.833
Lasso 700.794 0.918 0.912 545.05 669.888 0.859 0.815 553.592 0.826
KNN 138.616 0.997 0.997 18.99 173.555 0.991 0.998 91.93 0.956
SVR 2268.29 0.136 0.081 858.45 1610.979 0.184 —0.070 460.82 0.187
DT 198.024 0.995 0.995 118.23 177.591 0.990 0.977 190.542 0.934
RF 251.670 0.989 0.989 72.95 217.857 0.985 0.980 123.135 0.941
XGB 114.770 0.998 0.998 69.44 172.491 0.991 0.988 99.804 0.978
AdaB 246.650 0.990 0.989 186.85 298.898 0.972 0.963 252.59 0.954
CatB 115.050 0.998 0.998 62.29 146.125 0.993 0.991 93.136 0.976
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Table 5
List of hyperparameters for the proposed ML models.
Model Hyperparameters Value
LR a. Normalization True
RR a. Learning Rate 1
b. Random State 80
c. Normalization False
d. Fit Intercept bool
Lasso a. L a. Learning Rate 0.0001
KNN a. Number of neighbors 7
b. Weights distance
SVR a. C 5
b. Degree 1
DT a. Random State 5000
RF a. Random State 2
b. Number of Estimators 1
XGB a. Number of Estimators 100
b. Learning Rate 0.1
c. Gamma 0
d. Subsample 0.75
e. Max_depth 3
AdaB a. Random State 30
b. Number of Estimators 50
CatB a. Number of Estimators 800
b. Learning Rate 0.01
c. Max_depth 3
d. Metric_period 75
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equations. The six provisions used in this study are GB 50936 [21], AISC
360-16 [11], EC 4 [13], AIJ-2008 [52], AS/NZS 2327 [19] and CSA
S$16-19 [53]. A detailed explanation of the codes is provided in Ap-
pendix A. Since, there is no specific code for SS, the equations for the
conventional CFST columns are used. As mentioned previously, the code
equations don’t yield very accurate results. One of the primary reasons is
due to the restricted values of different inputs such as concrete strength
and steel strength. For example, in GB 50936 and EC4, high strength
materials have not been included. Also, the steel yield strength (fy) is up
to only 460 MPa [54]. Material limits for the different code equations
are given in Table 6 where f., is the cube strength and f.’ is cylinder
strength.

Table 6

Material strength limits for CFST column in different design standards.
Design Codes Concrete Strength (MPa) Steel Strength (MPa)
GB 50936 30 < feu <80 235 gfy <460
AISC 360-16 21 <f.’ <69 fy <525
EC4 20 <f’ <60 235 < f, < 460
AIJ-2008 18 <f.’ <90 fy < 800
AS/NZS 2327 20 <f. <120 fy <690
CSA S16-19 20 <f.’ <80 fy <690

High
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Fig. 4. SHAP summary for (a) circular and (b) rectangular CFSST columns.
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Fig. 5. Waterfall plots for (a) circular and (b) rectangular CFSST columns.
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5.1. Interpretation of model and code equation results using standard
metrics

Standard metrics such as MAE, RMSE, NSE and d indicate model
accuracy and are used to compare the results from ML model and the
code equations. Mean Absolute Error (MAE) is the average of the errors
between observed and predicted values. Root Mean Squared Error
(RMSE) is the square root of the average between observed and pre-
dicted values. Nash Sutcliffe Efficiency (NSE) refers to a normalized
statistic that determines the relative magnitude of residual variance to
that of the normalized variance. NSE values range from negative infinity
to 1, with 1 indicating a perfect match between simulated and observed
values. The Index of Agreement (d) is a statistical measure used to
evaluate the accuracy of model predictions by comparing them to
observed data. It ranges between 0 and 1. A value of 1 indicates a perfect
match between predicted and observed data, while 0 suggests no
agreement at all [31]. A summary of error values is given in Tables 7 and
8 for circular and rectangular CFST columns, respectively. It is noted
that for circular columns, CatB provides the minimum MAE and RMSE
values of 113.8 and 11.8, respectively and therefore is the best per-
forming ML model. The NSE and d values are 0.985 and 0.989, respec-
tively. The second-best fit is AIJ-2008 with MAE value of 195.11 and
RMSE value being 25.39. Similarly, for rectangular columns, CatB turns
out to be the most accurate model with MAE value of 68.04 and RMSE
value of 7.13. CSA S16-19 came out as the second most accurate model
with MAE and RMSE of 177.97 and 19.68 along with NSE and d values of
0.994 and 0.999, respectively. A graphical representation is provided in
Figs. 6 and 7.

5.2. Verification of model and design codes using error distribution and
1:1 diagonal line

An interesting way to compare the accuracy of the different models is
to calculate the error distributions. Error percentages of the models are
calculated and then divided into seven groups. Fig. 8 represents error
ranges and their corresponding number of samples for both types of
cross-sections. It can be inferred that the models with the maximum
number of samples in the ranges of (0—5) % and (5—10) % are the most
accurate. It is observed for circular columns, CatB has 92 and 39 samples
and AIJ-2008 has 50 samples and 63 samples in the above-mentioned
ranges. Hence, it can be concluded that CatB is the best performing
model for predicting CFSST axial capacity. Equation prescribed in AlJ-
2008 provided the best result amongst all different codes. In case of
rectangular columns, it was observed that CatB has 131 and 44 samples
and CSA S16-19 has 63 and 49 samples in the error ranges of (0—5) %
and (5—10) %, respectively. CatB and CSA S16-19 provide the most
accurate predictions for rectangular CFSST columns. Both sets of ob-
servations are in accordance with the results obtained from comparison
with standard metrics in the previous section.

Another interesting procedure to evaluate prediction efficiency is to
plot the experimental axial capacity against the predicted capacity by
design codes and CatB model with a 45° line to classify the conservative/
un-conservative characteristics of the code equations and ML model
(Fig. 9). The less scattered the points are from the line, the more accurate
is the prediction. Points below the line depicts that the predictions are

Table 7

Model performance measures for circular CFSST columns.
Models MAE RMSE NSE d
GB 50936 383.76 55.81 0.587 0.621
AISC 360-16 361.76 50.81 0.603 0.699
EC4 356.35 53.24 0.622 0.711
ALJ—2008 195.11 25.39 0.807 0.892
AS-ZNS 2327 356.35 53.24 0.622 0.711
CSA S16-19 465.90 53.58 0.211 0.321

CatB 113.83 11.80 0.985 0.989
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Table 8

Model performance measures for rectangular CFSST columns.
Models MAE RMSE NSE d
GB 50936 512.08 58.26 0.192 0.265
AISC 360-16 221.88 26.29 0.791 0.882
EC4 512.09 58.26 0.192 0.265
AlJ—-2008 322.47 35.49 0.643 0.721
AS-ZNS 2327 221.17 27.56 0.793 0.823
CSA S16-19 177.97 19.68 0.921 0.981
CatB 68.04 7.13 0.994 0.999

conservative whereas the unconservative predictions are presented by
points above the 45° line.

It is justified that the three design codes (AISC 360-16, GB 50936 and
EC4) underestimates the axial capacity as most observations are below
the 45° line. This confirms the conclusion drawn by Dai et al. [20] where
they found that EC4 [13] yielded over-conservative results for circular
CFSST columns. Similarly, other three design codes AS/NZS 2327 [19],
AlJ-2008 [52], CSA S16-19 [53] yielded unconservative results. When
the CatB model is compared, it is seen that the predicted values are
closer to the 45° line. This indicates that the CatB model has out-
performed all code prescribed equations in accurately calculating the
CFSST columns axial capacity.

It is observed from Fig. 10 that the axial capacity of rectangular
CFSST columns calculated by the different code equations are lower
than the experimental ones as majority of the points lie below the 45°
line. This means the axial capacity of the rectangular columns are
overestimated by design codes as was the case for circular ones. How-
ever, for the CatB model, the points lie along the 45° diagonal line with
minor deviations. This findings are consistent with the results obtained
by Yan et al. [55] where compressive strength of CFFSST short columns
were investigated using Finite Element (FE) modeling. In a study by Liao
et al. [56], 48 circular and square CFSST columns were experimentally
tested under axial compression. The test results were compared with
different code equations and EC4 [13] found to underpredict the
experimental results. Another interesting observation from Figs. 9 and
10 is that the accuracy of the experimental data and the ones predicted
by different codes decreases when the capacities are beyond 2000 kN.
The mean R? value obtained for results below 2000 kN is approximately
98.76 whereas the mean value decreases to 91.5 for results above
2000 kN for both circular and rectangular columns. This can be attrib-
uted to the fact that code equations were developed based on certain
ranges of geometric and material properties and not enough experi-
mental results are present to cover all ranges of values. Most of the ex-
periments were also for small scale specimens with smaller cross section
size. The grade of SS has an important role to play in increasing the axial
capacity of CFSST columns [7]. Since the code equations used for
comparison are developed for CFST columns, the effect due to SS grade
is not considered and this can be regarded as one of the primary limi-
tations of the available code equations. Cakiroglu et al. [35] utilized
different ML models to predict the axial compressive capacity of CFST
columns. The experimental results were compared with code equations,
and it was inferred that the accuracy varied for different ranges of input
parameters. For instance, the yield strength of steel (fy) between 0 and
200 MPa resulted in the R? value of 0.766. When the range of fy was
between 200 and 400 MPa the R? value increased to 0.887 for AISC
360-16 [11]. A change in the range of compressive strength of concrete
(f.’) from 25 to 50 MPa to 50-100 MPa resulted in a decrease in pre-
diction accuracy from 0.941 to 0.930 for EC4 [13]. However, the CatB
model developed in this study counteracts this deviation in CFSST col-
umn’s axial strength prediction and provides accurate results with R?
value of 0.9956 irrespective of the lower or higher axial strength
observed in experimental studies.
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Fig. 6. Comparison between existing codes and CatB model with respect to MAE and RMSE for (a) circular and (b) rectangular CFSST columns.
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Fig. 7. Comparison between existing codes and CatB model with respect to NSE and d for (a) circular and (b) rectangular CFSST columns.

5.3. Comparison of model performance using Taylor diagram

Taylor diagrams representing the relationship between the standard
deviation (SD) and Pearson correlation coefficient (R) of the predicted
axial capacity is shown in Fig. 11. The SD of experimental data for cir-
cular and rectangular columns are 2336.052 kN and 1099.145 kN,
respectively and is the reference point. CatB has the highest R of 0.9986
for circular and 0.9971 for rectangular CFSST columns. It is observed
that CatB also has the SD of 2280.9 kN and 1081.7 kN and is the nearest
to the experimental outcomes. AIJ-2008 [52] has the SD of 2057.02 kN
and correlation coefficient of 0.9921 which made it the second best
model for circular CFSST columns. For rectangular ones, AIJ-2008 [49]
is the second most accurate model with R value of 0.9975 and standard
deviation of 991.25 kN

6. Reliability analysis

Though the CatB model estimates CFSST columns’ axial capacity
with notable precision, it is essential to check if this model abides by the
reliability aspects of design specifications. Uncertainties in the design
process is taken into consideration using the resistance factor (¢) in load
and resistance factor design (LRFD). The resistance factor is inversely
related to a reliability index () which signifies the probability of failure.
The likelihood of failure decreases with increasing reliability index. Eq.
(1) establishes a relation between the nominal resistance and load de-
mand of a structure in limit state where R, represents the nominal
resistance, Q; is loading demand and y; is load safety factor [31].

@Ry > > viQ; (€8]

Eq. (2) obtained from studies by Cakiroglu et al. [35] and Sener and
Varma [57] is used to calculate the resistance factor (¢).

¢ =P * M*F*e (—“ﬁvﬁ 2)

In Eq. (2), P is obtained by taking the mean of the ratios of experi-
mental values (N_peasured) and the corresponding values predicted by the
CatB model (N_predicted) for all samples in the dataset for circular and
rectangular CFSST columns. For circular and rectangular cross sections,
the values of P are 0.9625 and 0.90, respectively. F is the ratio of
measured to nominal cross-section properties and is assigned a value of
1.0 [35]. The value of the average ratio of mean to measured nominal
material strengths, M is considered to be 1.19 based on the recom-
mendation by Thai et al. [58]. The reliability index and the linearization
approximation constant are represented by f and «, respectively.
Furthermore, Eq. (3) is used to calculate the coefficient of variation of
resistance (Vi) where Vy,, Vrand V, denote the coefficient of variations
of material properties, fabrications and (N_predicted/N_measured) ratio.

_ 2 2 2
Veo=/V2 + V2 + V2 3)

The Vy, and V; are considered as 0.193 and 0.05 based on studies by
Sener and Verma [57] and Galambos [59], respectively. The values of V,
are calculated as 0.1614 and 0.0824 for circular and rectangular col-
umns, respectively and subsequently, Vg is calculated as 0.2565 and
0.2157. As suggested by Galambos [59] and Sener and Varma [57], g
and a are assumed to be 3.0 and 0.55, respectively. Using all these values
in Eq. 2, a resistance factor of 0.75 is obtained for both type of cross
sections which is equal to the resistance factor prescribed by AISC
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Fig. 8. Bar chart representing error ranges for (a) circular and (b) rectangular CFSST columns.

360-16 [11]. Hence, it is verified that the developed CatB model is
structurally reliable and can be used to predict the axial capacity of
CFSST columns.

7. Graphical User Interface (GUI)

A Graphic User Interface (GUI) is developed with Python program-
ming language and Streamlit framework (https://streamlit.io/) to
enable prompt and convenient prediction of axial capacity of CFSST
columns by the CatB model. Snapshot of the developed GUI is shown in
Fig. 12 for rectangular CFSST columns. In the left side, there is a tab for
selecting the type of cross section for axial capacity prediction. On the
right side, there are input parameters which the user can adjust. The
final predicted axial capacity for the particular input data can be found
at the bottom of the GUI. Cross-section diagram is also added to the
interface to provide a better understanding of the input features.
Although the developed GUI can be used for predicting the axial ca-
pacity of CFSST columns, the develop ML model is limited by the
following conditions:

50 <B< 250 (mm);1.8 <t< 12.8 (mm);50 <H< 250 (mm);150 <L
< 700 (mm);1.5 <L/B< 6.0; 2.49 < L/D < 6.02; 400 <f,< 830 (MPa);
170 <Eyp< 210 (GPa); 20 gﬂg 150 (MPa); and 1.8 <n < 8.2. The GUI is
free to access and the related dataset are provided on GitHub (https://

cfsst-columns.streamlit.app/).

8. Limitations and future research directions

Although the developed ML model can provide accurate prediction
results, there are some limitations. This study only considered concen-
trically loaded columns and limited to short columns. The effect of re-
sidual stresses, imperfections and confinement were not considered

10

while developing the ML models. Also, due to the different modelling
assumptions such as mesh size, element selection and boundary condi-
tions in numerical analyses, some disparity in modelling may occur
which can ultimately affect the dataset and hence ML model prediction.
Keeping these limitations in mind, there is a need for further studies and
development of more robust models for more accurate axial capacity
prediction. Research should be conducted to develop experimentally
validated numerical models considering wider parameter range to
expand the current dataset. Large cross-sectional sizes and slender col-
umns should also be used to enhance current database for ML-based
axial capacity prediction. New research should also focus on predict-
ing the failure modes of CFSST columns as limited research is conducted
in this domain.

9. Concluding remarks

This study presents an explainable and efficient machine learning
model to predict the axial capacity of the CFSST columns. This study
comprises experimental and numerical datasets obtained through an
extensive literature survey. The effect of the input parameters on the
axial capacity is discussed. Ten ML models are compared to determine
the best performing model. SHapley Additive exPlanations is imple-
mented to find out how each input feature governs the output. The best
performing ML model is compared with six design codes (GB 50936
[21], AISC 360-16 [11], EC4 [13], AIJ-2008 [52], AS-NZS 2327 [19]
and CSA S16-19 [53]). Based on this study, the following conclusions
are drawn:

e From the parametric analysis, it is observed that thickness (t) and
column diameter (D) are the important parameters in predicting the
axial load carrying capacity of circular CFSST columns. Similarly, for
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Fig. 9. Comparison between experimental and predicted axial capacity for circular CFSST columns by code equations and CatB model predictions.
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Fig. 10. Comparison between experimental and predicted axial capacity for rectangular CFSST columns by code equations and CatB model predictions.
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rectangular ones, thickness (t), width (B) and height (H) are the most
significant features. The grade of the stainless steel (Grade SS) also
considerably affects the axial capacity.

The proposed CatB model is the most accurate ensemble learning
model compared to the other ML models in terms of accuracy. CatB
achieved a mean coefficient of determination value of 0.9975, MAE
of 113.8 and RMSE of 11.80 for circular columns. For rectangular
cross sections, CatB has R? value of 0.9956, MAE of 68.04 and RMSE
of 7.13.

From SHAP, it is revealed that thickness (t), diameter of circular
columns (D) and height of rectangular columns (H) are the most
important parameters affecting the axial capacity. The greater the
thickness, more is the capacity which is also true for CFST columns.
But one significant difference, is that SS grade plays a pivotal role for
CFSST columns which is not likely the case for the CFST columns.
Also, Grade_SS has a positive correlation with strength.

Amongst the different design codes, A1J-2008 has the least MAE and
RMSE for circular and rectangular CFSST columns. Upon performing
error analysis of the design codes and model with experimental data,
it is obtained that CatB has the maximum number of values in the
error range of (0—5) % which is followed by AIJ-2008 for circular
columns. For the rectangular ones, CSA S16-19 succeeds CatB in
terms of maximum number of samples in the above-mentioned error
range.

From the 45° trend-line it can be concluded that the design codes
yielded conservative results for circular and rectangular CFSST col-
umns. The underestimated axial capacity of columns are in accor-
dance with studies conducted by [51-53].

A notable difference between experimental and code results are
observed when the results are more than 2000 kN. The mean R?
value obtained for results below the above limit is approximately
98.76 whereas the mean is 91.5 for results above 2000 kN for both
circular and rectangular columns.

Further justification for the efficiency of CatB model is explained
through Taylor Plots. For both cross sections, CatB has the deviation

Appendix A

Codes equations for calculating axial capacity of CFSST columns:

Structures 73 (2025) 108329

value closest to the experimental standard deviation. The Pearson
correlation coefficients are also the highest amongst other models
(0.9986 for circular and 0.9971 for rectangular columns).

o The LRFD method’s reliability analysis result demonstrates that with
areliability index of 3, the resistance factor comes out to be 0.75, per
the guidelines provided by AISC 360-16.

Hence, it can be thoroughly justified that CatB model generated in
this study considering the wide range of variation in material and geo-
metric properties can be considered as the most accurate model for axial
capacity prediction of CFSST columns. It is noted that for circular col-
umns, although the codes can predict the axial capacity with noteworthy
accuracy within a certain range of results, still the results are highly
conservative. For the rectangular ones also, the code predicted axial
capacities tend to be less than the experimental results though they have
good correlation coefficients. This study does not denounce the existing
design equations but tries to justify the need of a better model which can
counteract the effect of design limitations and assumptions. The accu-
racy of the developed CatB model can help engineers design cost-
efficient structures avoiding lengthy computations.
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The calculation method of CFSST columns is shown as prescribed by different code eqautions.

1. GB 50936 Provisions

. NEB = fs (As +Ac)
o fie = (1.12+BE+CE)f.
where,

Ay = StiffenersArea;
fys = Stiffeners Yield Strength

B and C = variables pertaining to steel yield strength f; and concrete strength f..

NEB — axial compressive strength of CFSST column.
2. AISC 360-16 Provisions
o Ni® = Af. + 0.95Af:
N =, () (1)

e N, =Asf, +0.7Af;

where,

A = Section’s slenderness ratio is equivalent to the proportion of diameter to thickness.

NAS — axial compressive strength of CFSST column.
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3.

6.

EC4 Provisions

Ni© =nAfy +Ade <1 Hieh jf%)
7, =0.25(3 +27) <1
n. =49 — 1851+ 171° >0

7o N
A =\/ag Az

72 (ED)
(Le)?

(ED)yy = El; + 0.6Ecl

N, =

where,
1 = RelativeSlenderness; 1 < 0.5

nsandy, =  Coefficients of the CFST column which represents the confinement effect;

L. = Effective length of the CFST column;

E; = Elastic Modulus of the Exterior Steel tube;

E; = Elastic Modulus of the Interior Steel tube;

Eg = Elastic Modulus of Stiffeners;

I, = Second Moments of Area of the Exterior Steel tube;
I; = Second Moments of Area of the Interior Steel tube;
I;; = Second Moments of Area of Stiffeners;

NEC = axial compressive strength of CFSST column.

. ALJ-2008 Provisions

NV = (1+ ¢ )Adfe + Adf

where,
¢, = Coefficientrepresentsthesimplifiedstrengthenhancementeffect;
N2V = axial compressive strength of CFSST column.

. AS/NZS 2327 Provisions

N‘ss = sﬂsA&fy + ACfC <1 +”cé %)

As

2
. e, 3
D, = m1n<\/;:7 (Apy) )
7, =0.25(3 +27) <1
n. =49 — 1851 + 1722 >0

7= Ner
keAsfy +Acfe

72 (EI
Ncr = ée))zeff

(ED)yy = El; + Ecl,

kf _ (De—t)t

where,
Aey = limitofelementslenderness;

nsandn, =  Coefficients of the CFST column which represents the confinement effect;

N%S = axial compressive strength of CFSST column.
CSA S16-19 Provisions

s _ 1PASy + Tad Adfe
NS - (1+/12")1/"C

T =1/y/1+p+p?

;o 25p%x fy
T =1+ D/t aifc

p = 0.02(25 —Do/L)

A= V Np/Ncr
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_ Ne
AR Y} 7w =
7% (EI), off

(Le)?

0.6E, I,
o (EDg = Ed; + 505

o N,y =

where,

Cs; = Sustained Axial Load;

Cy = Total Load on the Column;

NS = axial compressive strength of CFSST column.

Appendix B

Table B1
Database for Circular CFSST Columns

Reference No of D (mm) t (mm) L (mm) L/D E, (MPa) 602 fu (MPa) fec (MPa) n Grade_SS
data (MPa)
Uy et al. [5] 32 50.8-152.4 1.20-2.80 150-485  2.95- 173900-195000  259-320 581.08-708 20-75.40 7-7.60 Austenitic/
4.36 304
He et al. 16 72.8-88.9 2.77-2.83 215-270 2.94-3.02 202000-206000 292-296 715-727 93.8-144.4 4.1-5.50 Austenitic/
[8] 1.4301
Liao et al. 24 159 2.88-4.50 480 3.02 177000-195000  383-401 647.69-691.32  33.76-46.96  3.13-7.07  Austenitic/
[55] 304
He and Zhao 18 72.80-89.30  2.79-3.13  214-265 2.93-2.98  201000-202000  258-321 673-729 49.60-63.60  3.80-4.90  Austenitic/
[15] 1.4301
He et al. 3 72.8-88.0 2.81-3.12 200-275 3.02 202000 286-301 567.20-963.10 92.8-140.0 3.30-4.30 Austenitic/
[20] 1.4301
Lam and 6 104-110 2.00-6.02 300 2.96-2.98  183600-202000  251-325 560-721 49.50-61.60  3.20-4.60  Austenitic/
Gardner 304
[16]
Yang [53] 7 50.2-150.6 2.86-7.9 211-400  2.36-2.91  183600-202000  251-325 560-721 49.50-61.60  3.20-4.60  Austenitic/
304
Hou and 17 50.8-130.80  1.80-6.3 215-403  2.06-2.93  183700-203000  255-320 532-734 49.50-62.80  3.00-4.50  Duplex/
Zhao [34] 2205
Dai et al. 37 51.3-78.60 2.80-7.83  200-275 2.36-2.91  183600-202000  251-325 560-721 49.50-61.60  3.20-4.60  Austenitic/
[21] 316
Guo et al. 22 50.6-200.6 2.86-7.9 211-400  2.36-2.91  175000-202000  230-321 564-723 49.50-61.40  3.80-4.30  Austenitic/
[23] 1.4301
Lietal [24] 29 48.2-155.6 2.81-7.93  203-404  2.31-2.95 183600-202000  251-325 500-761 49.00-61.70  3.30-5.20  Austenitic/
304
Table B2

Database for Rectangular CFSST Columns

Reference No of B (mm) H (mm) t (mm) L(mm) L/B E, (MPa) 602 fu (MPa) fe (MPa) n Grade_SS
data (MPa)
Uyetal [5] 26 51-150 51-100.30  1.80-4.80 150-485 2.95- 173900-195000 259-320 581.08-708 20-75.40 7-7.60 Austenitic/304
3.00

He et al. 15 72.8-88.9 99.3-149.0 2.77-2.83 215-270 2.94-3.02 199000-217000 317-365 715-727 93.8-144.4  6.30-7.80 Chromium

[8] grade EN
1.4420

Liao et al. 24 160 160 2.88-4.50 480 3.02 177000-195000 383-401 647.69-691.32 33.76-46.96 3.13-7.07 Austenitic/304
[55]

Young and 14 140.20-197.30 100-130 2.79-3.13 214-265 2.93-2.98 201000-202000 258-321 673-729 49.60-63.60 3.80-4.90 Duplex/1.4462
Ellobody
[18]

Azad et al. 3 72.8-88.0 110-151 2.81-3.12 200-275 3.02 202000 286-301 567.20-963.10 92.8-140.0 3.30-4.30 Austenitic/
[60] 1.4301

(continued on next page)
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Table B2 (continued)

Structures 73 (2025) 108329

Reference No of B (mm) H (mm) t (mm) L(mm) L/B E, (MPa) .02 fu (MPa) fe (MPa) n Grade_SS
data (MPa)
Lam and 20 104-110 150-160 2.00-6.02 300 2.96-2.98 183600-202000 251-325 560-721 49.50-61.60 3.20-4.60 Austenitic/304
Gardner
[16]
Yang [53] 17 50.2-150.6 120-200 2.86-7.9 211-400 2.36-2.91 183600-202000 251-325 560-721 49.50-61.60 3.20-4.60 Austenitic/304
Tam et al. 17 50.8-130.80 160-190 1.80-6.3 215-403 2.06-2.93 183700-203000 255-320 532-734 49.50-62.80 3.00-4.50 Duplex/2205
[26]
Dai etal. [21] 37 51.3-78.60 110-176 2.80-7.83 200-275 2.36-2.91 183600-202000 251-325 560-721 49.50-61.60 3.20-4.60 Austenitic/316
Raoetal. [61] 22 50.6-200.6 97.90-150.5 3.83-7.80 211-400 2.36-2.91 175000-202000 230-321 564-723 49.50-61.40 3.80-4.30 Duplex/2205
Sanaullah 16 48.2-155.6 50.8-101.00 2.81-7.93 203-404 2.31-2.95 183600-202000 251-325 500-761 49.00-61.70 3.30-5.20 Austenitic/304
et al. [62]

Data Availability

The dataset and the ML codes used and developed in our study are

available in an online repository in accordance with the owner’s data
retention policies.

(https://github.

com/123Deeptarka/Code-and-Datasets-for-CFSST-columns)
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