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Abstract 

This paper presents an analytical and finite element modeling (FEM) investigation 
on the carbon fiber reinforced polymer concrete-filled polyvinyl chloride tube (CCFPT) 
concrete columns under axial eccentric compression. The study involved collecting 
experimental data from 32 CFPT columns confined with CFRP from literature and mod-
eling them using FEM in ABAQUS. A parametric study was conducted on 260 CCFRP 
concrete columns, examining various parameters such as eccentricity, number of CFRP 
layers, thickness of PVC tube, column slenderness ratio, CFRP spacing, thickness 
of CFRP strips, confined concrete strength, and concrete core diameter. The effects 
of these parameters on the ultimate load and strain capacity were analyzed. Analytical 
models were developed to express the confined concrete strength and strain as func-
tions of the constituent properties and dimensionless confinement parameters. The 
findings revealed that increasing eccentricity significantly reduced the ultimate load 
(up to 45%) and strain (up to 67%) capacities. Adding more layers of CFRP increased 
strength and strain capacities by 25% when going from 2 to 3 layers at a 20 mm 
eccentricity. Thicker PVC tubes increased load capacity by preventing buckling, but had 
inconsistent effects on strain. Higher slenderness ratios decreased both capacities, 
particularly strain. Six machine learning models were employed to predict the load-
carrying capacity and confined ultimate strain. Various performance metrics, data visu-
alization techniques, SHAP analysis, sensitivity analysis, and error characteristic curves 
were used to evaluate the prediction performance and analyze the impact of input 
parameters. The findings revealed that increasing eccentricity and CFRP layers lead 
to reduced ultimate load and strain capacities, while higher slenderness ratios result 
in increased ultimate loads. The study concluded that CCFPT columns with optimized 
CFRP wrapping can offer superior performance for eccentrically loaded columns.
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Introduction
Composite structures, such as concrete-filled steel tubes, but often lack Polyvinyl chlo-
ride (PVC) materials are recommended for their mechanical and durable properties. 
They are cost-effective and perform well over time. Concrete-filled PVC tube (CFPT) 
columns offer high strength, better durability, and other advantages. Additionally, fiber-
reinforced polymer (FRP) materials, such as aramid fiber reinforced polymer (AFRP), 
carbon fiber reinforced polymer (CFRP), and glass fiber reinforced polymer (GFRP), 
improve the characteristics of concrete columns [1–5]. They enhance strength, resist 
corrosion, and are lightweight. Partial wrapping of FRP improves the behavior of 
composite columns [5–8]. Carbon fiber reinforced polymer (CFRP)-wrapped CFPT 
(CCFPT) columns are cost-effective, have higher load-carrying capacity, and good dura-
bility properties. Several studies [9–14] have thoroughly examined the effect of concen-
tric loading on the behavior of FRP-PVC confined concrete columns. Fakharifar and 
Chen [9] introduced a unique composite confining system utilizing compressible foam, 
PVC tube, and an FRP wrap. The FRP-wrapped concrete cylinders exhibited increased 
strength, while the concrete-filled PVC tube cylinders showed greater ductility. Saafi 
[10] proposed a PVC-FRP confined concrete column, using a PVC tube in place of the 
FRP tube and wrapping FRP around the PVC tube. The results demonstrated significant 
improvements in the bearing and ductility capability of the core concrete, leveraging the 
combined benefits of PVC, FRP, concrete, and steel. Jiang et al. [12] thoroughly exam-
ined the impact of the slenderness ratio on the bearing capacity of long columns under 
axial compression, revealing that lowering the slenderness ratio improves the bearing 
capacity. Yu et  al. [6] rigorously studied the seismic behavior of PVC-CFRP confined 
reinforced concrete columns under combined axial compression load and horizontal 
reversed cyclic loading. The study explored the effects of axial compression ratio and 
CFRP strip spacing on secant stiffness and energy dissipation. The impact of CFRP strip 
spacing was especially notable in specimens with higher axial compression ratios, show-
ing a rapid decrease in secant stiffness with increasing axial compression ratio.

In practical applications, it is important to recognize that most concrete columns are 
subjected to eccentric loading. This factor emphasizes the need for careful consideration 
and evaluation of the column design to ensure structural integrity. Yu et al. [13, 14] con-
ducted comprehensive experimental studies on PVC-FRP confined concrete columns 
subjected to both axial and eccentric compression loading. Their investigation ana-
lyzed the effects of eccentricity, reinforcement ratio, slenderness ratio, and hoop spac-
ing of FRPs on ductility capacity, failure mode, and bearing capacity. Furthermore, Yu 
et al. [15–17] carried out comprehensive experimental studies, theoretical analyses, and 
numerical simulations on PVC-CFRP Confined Concrete Beam-Column Joints (PCCB-
CJs) under axial compression. Their findings unequivocally demonstrated the conveni-
ence, effectiveness, and feasibility of this connection form for integrating PFCC columns 
and beams. They also put forward a robust formula for predicting the ultimate bear-
ing capacity and established a precise stress–strain relationship model for the PCCBCJs 
under axial compression. However, these studies were exclusively focused on FRP-con-
fined reinforced concrete columns with internal steel reinforcement. Limited attention 
has been given to the behavior of eccentrically loaded FRP-confined PVC-concrete col-
umns without internal steel reinforcement. These studies have revealed distinct behavior 
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patterns for concrete columns under eccentric compression compared to those under 
concentric compression, owing to the significant impact of load eccentricity on confine-
ment actions. Nevertheless, they have arrived at conflicting conclusions regarding the 
effect of load eccentricity on the axial stress–strain behavior of FRP-confined concrete.

Machine learning (ML) algorithms have significantly advanced in recent years due to 
expanded databases, leading to their widespread use in civil engineering. They play a 
crucial role in predicting the behavior and strength of structural components, design-
ing fire-resistant structures, and monitoring structural health [18, 19]. In the prediction 
of the strength of CFST columns, researchers have effectively utilized machine learning 
techniques [20–26]. Bardhan et al. [27] utilized an ANN with AGWO and a database of 
559 test data points to accurately forecast the ultimate load of CFST columns. Addition-
ally, Hou et al. [28] developed multiple ML models based on a database of 2045 test data 
points, including BPNN, GA, RBFNN, GPR, and MLR, all of which outperformed exist-
ing design codes in predicting CFST column strength. Isleem et al. [23, 25, 29–31] con-
ducted an integrated behavioral analysis of FRP-confined circular columns using FEM 
and ML. They also studied FRP-confined concrete-steel double skin tubular columns 
under axial compression and modeled tubed reinforced concrete columns under eccen-
tric axial compression loading.

The current paper presents a numerical study that used the FEM to investigate 
the failure mode, ultimate bearing capacity, and confinement strain of CFRP-PVC-
confined concrete columns under eccentric loading. The study considered various 
parameters, such as confined concrete strength, reinforcement, hoop spacing, col-
umn slenderness ratio, PVC tube thickness, and sample sizes, and their impact on 
the load–displacement characteristics of composite columns. Additionally, the study 
examined how variables such as CFRP thickness, CFRP hoop spacing, and the num-
ber of CFRP layers affect these characteristics. By providing a comprehensive under-
standing of the behavior of composite columns under eccentric loading, this study 
aims to contribute to the development of more durable and cost-effective compos-
ite structures for diverse applications. Furthermore, six machine learning (ML) tech-
niques were used to predict the effects of changing the structural parameters on the 
performance of CFRP-PVC confined concrete columns. The techniques used include 
K-Nearest neighbor (KNN), Linear regression (LR), Bagging regression (BR), XG 
Boost regression (XBR), Gradient boosting Regression (GBR), and Random Forest 
(RF). The study aimed to predict two outputs: load-carrying capacity (kN) and con-
fined ultimate strain (mm/mm). However, the prediction for load-carrying capacity 
(kN) and confined ultimate strain models was not implemented directly in this study. 
The various ML models were combined with other models based on their individ-
ual evaluation and prognosis outputs. The combinations suggested in this study are 
ETR-BR, GBR-BR, XGB-LR, GBR-LR, BR-LR, and RF-LR, and the models are utilized 
with optimized hyperparameters. To develop and evaluate the prediction model, the 
study utilized a dataset of 260 test results gathered through FEM simulations. Reli-
able regression models were developed and tested in ML using input parameters that 
impact the predicted value. The study considered eight input parameters, such as 
slenderness ratio (SR), confinement by PVC material ( �PVC ), confinement by inter-
nal hoop reinforcement ( �h ), longitudinal reinforcement to the column performance 
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( �l ), confinement by CFRP material ( �CFRP ), eccentric loading to specimen’s diameter 
ratio ( e/D ), standard concrete strength ( fco (MPa)), and area of concrete core without 
taking into account the longitudinal steel rebars ( Ac (mm2)), in order to predict two 
output parameters: load-carrying capacity ( Pcc (kN)) and confined concrete strain ( εcc 
(mm/mm)). Figure 1 illustrates the research methodology employed for this study.

Fig. 1  Flowchart of the research methodology
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Summary of database
The main purpose of this research is to develop ML models that accurately predict the 
axial capacity of circular PVC concrete columns wrapped with CFRP under eccen-
tric loading. To ensure the ML models are well-trained, a large amount of training 
data is necessary. To achieve this, initially, a database was created, comprising 36 
CCFPT concrete columns that underwent experimental testing under axial compres-
sive force. Data for this compilation were sourced from eight studies available in the 
literature [3, 11, 32–38]. Furthermore, Isleem et  al. [39, 40] reported and analyzed 
confined concrete columns by varying parameters such as specimen size, slenderness 
ratio, PVC tube thickness, unconfined concrete strength, and steel reinforcement. 
Secondly, FEM simulation was used to supplement the training set and fill in any gaps 
in the existing experimental database. The following sections will cover the experi-
mental database and FEM process, including the consideration of various parameters 
such as eccentric load.

Experimental database

Experimental studies on circular CFRP-PVC confined concrete columns subjected to 
concentric loading. To address this gap, a comprehensive test database was compiled 
for this study, consisting of 32 specimens, as illustrated in Table 1. All specimens in the 
database were subjected to concentric loading. Notably, 13 specimens contain internal 
steel reinforcement. As indicated in Table 1, the compressive strengths of the concrete 
ranged from 10.5 to 51.5 MPa. The PVC tubes had tensile strengths ranging from 34.2 to 
62 MPa, while the CFRP had tensile strengths between 3612 and 4420 MPa. CFRP thick-
ness of one layer varied from 0.11 to 0.167 mm. The outer diameter of PVC tube ranged 
from 90 to 200 mm, while the thickness of the PVC tube ranged from 2.55 to 7.8 mm. 
The height-to-diameter ratio 

(

H
/

D
)

 ratio for all specimens was between 2.0 and 6.25.

FEM database
The experimental data provided by references [3, 11, 32–38] was supplemented by 
the FEM database, effectively covering missing information. The selected ranges were 
determined based on parameters in the experimental data and the material behavior 
described by the constitutive model used in the FEM modeling. Therefore, Table 2 pre-
sents the classification of all specimens, cross-sections, and material details. A total of 
260 CCFPT concrete columns were numerically simulated using ABAQUS software 
[41], and the statistical details of the datasets are reported in Table 2 and Annexure I.

To expand the investigation and to predict two output parameters (load-carrying 
capacity ( Pcc (kN)) and ultimate strain ( εcc (mm/mm))), these 260 simulated CCFPT 
concrete columns are collected for further studies using six modern ML techniques 
with eight input parameters such as slenderness ratio (SR), confinement by PVC 
material ( �PVC ), confinement by internal hoop reinforcement ( �h ), longitudinal rein-
forcement to the column performance ( �l ), confinement by CFRP material ( �CFRP ), 
eccentric loading ratio ( e/D ), standard concrete strength ( fo(MPa)), and area of con-
crete core without taking into account the longitudinal steel rebars ( Ac (mm2)).
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FEM modeling

Basic simulation conditions

Finite element analysis (FEM) simulations were conducted in this study using ABAQUS 
[41]. The concrete core, steel end plates, and steel reinforcement were modeled using 
8-node linear brick elements with reduced integration (C3D8R) and a truss element 
T3D2. On the other hand, the 4-node shell elements (S4R) were utilized to simulate the 
outer CFRP jacket and PVC tube as Ref [39, 42–45], as illustrated in Fig. 2. The interac-
tion between the end loading steel plates, concrete core, and PVC tube was modeled using 
perfect bonding through the surface-to-surface contact method [31, 46]. Eccentric loading 
was applied using the displacement control method [39, 43, 46]. Similarly, perfect connec-
tion between the CFRP strip and the PVC tube was considered (i.e., no slips), and this was 
achieved by using the "tie" constraint option available in the ABAQUS software. The mas-
ter surface for the tie constraint was considered for the CFRP strip, and the slave surface 
for the tie constraint was considered for the PVC [44, 46]. To accurately represent the end 
conditions of the columns, as shown in Fig. 2, the bottom loading plate is fully fixed and all 
displacements and rotations are restricted (i.e. Ux = Uy = Uz = URx = URy = URz = 0 , 
where Ux , Uy and Uz are translations in the X, Y and Z , directions respectively, and URx , 
URy and URz are the rotational degrees of freedom about the X, Y and Z axes, respectively). 
on the other hand, at the top loading plate, all degrees of freedom are again restrained 
except for Uz , which represents axial displacements in the Z direction. Two reference 
points ( RP1, RP2) were established at the midpoint of each endplate, and the axial dis-
placement was introduced through the upper reference point ( RP1) in a concentric man-
ner under displacement control. In order to ensure uniform compression, a reference point 

Steel End platesPVC tube ConcreteCFRP Strip

S4R Shell element C3D8R Solid element

T3D2 Truss element
Steel reinforcement

Assembly of internal parts Assembly of external parts Meshing all parts Loading of end plates
Fig. 2  Basic simulation conditions of element type, boundary condition, and loading of end plates
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( RP1 ) is connected to the upper surface of the top loading end plate, and the axial displace-
ment force is applied to the RP along the Z-axis direction. As a result, the ultimate load 
( P ) responses to the displacement of the specimens were assessed at the reference point. 
In order to obtain accurate outcomes in a reasonable amount of time, a study was carried 
out to determine the most suitable mesh size by conducting a mesh convergence analysis. 
For the concrete core, elements measuring 10 mm have been employed utilizing the Sweep 
technique. In contrast, elements of 15 mm and 20 mm have been utilized for PVC pipes in 
columns, both with and without gaps at their respective ends [24, 29, 47–49].

Material modeling

The finite element modeling of the CCFPT column components such as concrete material, 
steel material, PVC tube, CFRP strip is presented in the following subsections.

Concrete core modeling  Since the concrete core is confined by the PVC tube, the model 
appropriately depicts it as confined concrete. The concrete progresses from the elastic to the 
plastic stage when it is loaded, which eventually causes failure. The concrete’s constitutive 
model in the elastic area is determined by its elastic modulus ( Ec ) and Poisson’s ratio ( υ ). 
According to reference [50], a Poisson’s ratio of 0.2 is commonly utilized for concrete. As 
suggested by [51], the concrete’s elastic modulus is obtained from Eq. (1).

Here f ′

c  is the strength of unconfined concrete cylinder under compression (MPa).
When concrete reaches the elastic limit, it starts to move into the plastic zone, which is 

when the concrete and PVC tubes start to interact. At this point, the concrete’s plastic 
expansion is responsible for the interactions and contact pressure that exist between the 
PVC tube’s inner and outer surfaces. Using techniques from [42, 52, 53], the Concrete 
Damage Plasticity Model (CDPM) in ABAQUS was used to simulate the concrete core. 
This analysis took into account five essential variables, which are specified in [39, 40]: the 
yielding surface shape factor ( Kc ), viscosity parameter ( µ ), plastic flow potential eccentricity 
( e ), dilation angle ( � ), and the ratio of biaxial stress to uniaxial stress of concrete ( fbo/f ′c ). 
Nonetheless, the confinement factor ξc =

fPVCAPVC

f ′cAc
 determined the extent to which the PVC 

tube confined the concrete core. Table  3 provides the particular parameters and Fig.  3a 
shows the stress–strain characteristics for the concrete used in this study.

At the beginning of loading, the impact of the PVC tube constraint on the concrete 
core was not taken into consideration. As a result, the concrete core’s stress condi-
tion is similar to that of unconfined concrete. In order to depict the rising stress–
strain response curve up to the peak stress, Eq.  (2) [54] was utilized. Equation  (3) 
[39] can be used to calculate the strain of the confined concrete at the first peak load 

(1)Ec = 4700

√

f ′

c

Table 3  The input parameters of CDPM model, based on Ref [39, 40, 52, 53]

� Kc e fbo/f ′c µ

35 ̊ 0.667 0.1 1.16 0.0002
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( εcc1 ). For both confined and unconfined concrete, the elastic stress response in this 
numerical simulation is 45–50% of the maximum strength of concrete cylinders.

The stress–strain response curve became plateaued at reaching the peak stress, 
indicating the start of the plastic response stage. The PVC tube provided resistance 
to the lateral expansion of the concrete core, which resulted in the persistence of this 
plateau. Using a multi-linear regression analysis, the model proposed by Isleem et al. 
[40] was used to characterize the strain of the confined concrete core.

Reinforced steel modeling  The reinforced steel bars and end loading plate are 
assumed to follow an ideal elastic-perfectly plastic stress–strain model. The curve 
is linear in the elastic region and clearly exhibits a distinct yield point. Following the 
yield strain, the plastic flow initiates, where, modulus of elasticity of 2 × 105  MPa, 
Poisson’s ratio of 0.3, yield stress of 313 and 500 MPa, and fractional external toler-
ance of 0.05.

PVC tube  The axial compression test conducted on the PVC tube allowed for the 
fitting of its constitutive relation based on the obtained test data [3, 11, 32–37]. PVC 
tube is regarded as an isotropic material because of its consistent characteristics in 
all directions and its ductile features with substantial strain capacity. The PVC tube 
is represented as an iso-tropically hardened von Mises material. Figure 3b shows the 
stress–strain responses of the PVC tubes that are the subject of this investigation. 
The PVC material has modulus of elasticity, Poisson’s ratio, and ultimate strength, 
ranging from 2.04 to 4.83 GPa, 0.34 to 0.40, and 27.5 to 68.0 MPa, respectively.

(2)σc =

2f ′

c

(

εc
εcc1

)

1 +

(

εc
εcc1

)2

(3)
[

εcc1

εc

]

= 0.808

[

H

D

]0.5
{

1 + 6.241

[

fls

f ′

c

]0.85

+ 15.223

[

fPVC

f ′

c

]0.99
}

Fig. 3  Stress–strain response for: a concrete modelling [39]; b PVC modelling [3, 11, 32–37]
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CFRP strip  In this study, LAMINA material type reported in [39] was utilized to define 
the properties of CFRP. For this analytical investigation, a tensile failure stress of 3613 MPa 
and a corresponding tensile failure strain of 0.016122 were selected, agreeing with [44]. 
The bulk density of CFRP strip used in this study was 1.7 × 10–9 kg/m3, and each layer 
has a width of 20 mm. The properties of CFRP used in this study are tabulated in Table 4.

Verification of FEM

The comparison of the experimental data and numerical results demonstrates the accu-
racy and precision of the FEM for validation. Figure  4a, b shows the comparison of 
the test results and numerical simulations for Feng et al. [32] and Feng and Ditao [11]. 
For further verification of the previous analysis conducted by Isleem et al. [39, 43], the 
failure modes predicted by the Finite Element Method (FEM), and the corresponding 
experimental results for a selection of columns were examined. These columns repre-
sent a comprehensive range of observed failure modes. The FEMs were successful in 
capturing the key failure modes observed in the tests, such as the buckling of both the 
concrete core and the outer PVC tubes. The findings and comparisons presented in this 
study demonstrate that the FEM analysis accurately depicts the actual response of FRP-
wrapped elliptical CFST short columns, including the axial load versus axial displace-
ment responses (see Fig. 5), and the failure modes in reference [39, 43].

Results and discussion
Hope spacing and confinement stress ratio

The relationship between axial strain and axial load was analyzed using numerical simu-
lations and experimental data. Figure 5a illustrates the impact of different CFRP hoop 
spacings and zero eccentricity of axial force on these relationships. The curves show that 

Table 4  The characteristics of CFRP strips utilized in this study [39, 44]

Young’s modulus (MPa) Poisson’s ratio Shear modulus (MPa)

E12 E13 E23 µ12 µ13 µ23 G12 G13 G23

224000 18581 18581 0.2 0.2 0.3 12576 12576 7147

Fig. 4  Verification models experimental versus FEM results
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as the CFRP hoop spacing decreases, the load-carrying capacity of the CCFPT speci-
mens also decreases. Additionally, Fig. 5b demonstrates similar trends in load-carrying 
capacities with varying CFRP hoop spacing. Additionally, in Fig. 5c, the impact of the 
slenderness ratio on the confinement stress ratio 

(

fcc
/

fco

)

 regarding the increase in CFRP 

layers is examined. The results show that as the thickness of CFRP (number of layers) 
increases, the confinement stress ratio also increases under eccentric load, even as the 
slenderness ratio increases. However, an increase in the slenderness ratio leads to a 
decrease in the confinement stress ratio.

Failure mode

The simulated results presented in Fig. 6 illustrate the ultimate load values for the vari-
ous CCFPT columns listed in Annexure I. As the eccentricity of the CCFPT columns 

Fig. 5  Effect CFRP hoop spacing and slenderness ratio in axial load-strain and confinement stress
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increased, the ultimate strain in the transverse direction and the ultimate longitudinal 
strain at the edge of the compressive side also increased. This phenomenon led to the 
CFRP rupture at that specific position [55].

Fig. 5  continued

Fig. 6  Failure mode for CCFPT columns
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Parametric analysis
A detailed set of studies was carried out on PVC concrete columns confined with CFRP 
to thoroughly analyze their performance and evaluate the varying impact of different 
factors on their overall behavior. Previous research by Isleem et  al. [39, 43] suggested 
that the number of CFRP layers, slenderness ratio of the column, CFRP spacing distance, 
and total thickness of FRP have the greatest influence on the behavior of CFRP-confined 
PVC confined concrete columns in terms of ultimate axial stress and ultimate axial 
strain when loaded with a concentrated load. The parametric analysis involved examin-
ing how changing the value of a specific parameter affected the overall axial capacity of 
the columns when loaded under eccentric load, while keeping all other parameters con-
stant. The parameters studied included:

Eccentric load distance, number of CFRP layers, thickness of PVC tube, slenderness 
ratio of the column, CFRP spacing distance, confined concrete strength, and diameter of 
concrete core, on the enhancements of axial load and axial strain in a comprehensive set 
of 260 simulated CCFPT specimens.

Effect of eccentric distance

In Fig. 7, the effect of different eccentric loading distances on the ultimate load and ulti-
mate strain of CFRP confined PVC concrete columns are shown in Fig. 7. These columns 
are composed of three layers of CFRP strips and are arranged into groups 1, 2, and 3. 
As eccentricity increases, there is a decrease in ultimate load and strain. For example, 
when eccentricity increased from 0 to 20 mm, the ultimate load and strain decreased by 
an average of 15% and 17% respectively. This trend continued as eccentricity increased 
further. At eccentricities of 30 and 40  mm, the ultimate loads experienced an average 
reduction of 40% and 45% respectively, while the ultimate strains experienced an average 
reduction of 65% and 67% respectively. These findings indicate a simultaneous decrease 
in confinement efficiency as load eccentricity increases.

Effect of number of CFRP layers

In Fig. 8 the impact of CFRP layers on the ultimate load of CCFPT specimens, particu-
larly in groups 1 and 6, is illustrated. For example, increasing the number of CFRP layers 

(a) Ultimate load (b) Ultimate strain
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from 2 to 3 results in an average 25% increase in ultimate load for the CCFPT specimen 
with a 20 mm eccentricity. Similarly, as shown in Fig. 8b, increasing the number of layers 
from one to three led to an average increase in ultimate load of around 64% for speci-
mens with an eccentricity of 0 mm. Additionally, Fig. 8b demonstrates that the inclusion 
of a third layer resulted in an average increase in ultimate strain of almost 9% for the 
CCFPT specimen with an eccentricity of 0 mm.

After analyzing the experimental and FEM results, it was found that increasing the 
number of CFRP layers in CCFPT specimens led to a higher ultimate load-carrying 
capacity at a constant eccentricity distance. Additionally, the ultimate strain showed a 
proportional rise with the number of CFRP layers as the eccentricity distance increased 
[56].

Effect of PVC tube thickness

The influence of PVC tube thickness on the ultimate load and ultimate strain of CCFPT 
columns at different eccentric load distances is shown in Fig.  9. Increasing PVC tube 
thicknesses enhances load-carrying capabilities for certain eccentricities. Specifically, at 
a PVC thickness was 2.3 mm, the ultimate load-carrying capacity improved by 44.95%, 
50.84%, and 53.55% for slenderness ratios of 18 and 25, respectively. Similarly, substantial 
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gains in ultimate load-carrying 45.81% and 46.00% were noted at a slenderness ratio of 
12.5 for PVC thicknesses of 3.7 mm and 5.4 mm.

Effect of column’s slenderness ratio

Figure 10i shows the impact of slenderness ratio on the axial load and strain of CCFPT 
columns, which have three CFRP layers and a 2.3 mm PVC tube. As the load eccentricity 
distance increases, there is a notable reduction in ultimate load and strain, with larger 
drops observed for higher slenderness ratios. Larger diameter specimens are more prone 

(a) Ultimate stress (b) Ultimate strain
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to crushing, while smaller diameters are more susceptible to buckling [57–59]. Overall, 
the decrease in ultimate strain is more significant than the reduction in ultimate load 
capacity, regardless of slenderness ratio. Furthermore, in Fig. 10ii, CFRP confinement is 
more important at higher slenderness ratios. While CFRP layers enhance ductility and 
strength, their effectiveness may decrease at very high slenderness ratios, where global 
buckling becomes the main failure mode. The ultimate strain in axially loaded specimens 
increases with the number of CFRP layers. Additionally, an increase in the number of 
CFRP layers improves load-carrying capacity across various slenderness ratios.

Impact of CFRP spacing

The impact of eccentric loading distances and CFRP clear spacing on the ultimate load 
and ultimate strain of CCFPT concrete columns is shown in Fig. 11. The load bearing 
capacity of CCFPT specimens decreased with an increase in the clear spacing between 
CFRP layers, as shown in Fig. 11a. This effect was most pronounced for specimens with 
three CFRP layers, regardless of the load eccentricity distance. Moreover, for both 20- 
and 40-mm eccentricities, Fig. 11b indicates a decrease in the specimens’ ultimate strain 
carrying capacity as the clear spacing between CFRP layers increases. An increase in 
CFRP layers has been shown to boost the axial load-carrying capacity and axial strain 
carrying capacity of composite columns in earlier research [9]. Furthermore, the pres-
ence of CFRP has a major impact on the stress–strain behavior of concrete specimens 
with external CFRP wrapping. When the strength of CCFPT samples approaches a max-
imum, observations also show enhanced cracking in the interfacial transition zone and 
rapid fiber cracking [60].

Impact of confined concrete strength

The influence of concrete strength on the axial load/strain characteristics of CCFPT 
columns with three layers of CFRP strips and different eccentric load distance is 
shown in Fig. 12. In Fig. 12a illustrates that, regardless of the concrete strength, the 
ultimate load-carrying capacity decreased as the eccentric load distance increased 
from 0 to 40  mm. Furthermore, theultimate load decreased as concrete strength 
increased between 10.5 and 15.0  MPa, independent of the eccentric load distance. 
Significantly, the maximum load-carrying capacity increased over 15.0 MPa concrete 
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strength; the rate of increase was greater for higher concrete strengths. Figure  12b 
shows that, although at a somewhat slow rate of reduction, the increase in con-
crete strength resulted in a decrease in ultimate strain up to a concrete strength of 
15.0 MPa. But as the concrete strength increased over this point, the ultimate strain 
reduction rate became more significant.

Impact of the diameter of concrete core

Figure 13 shows the effect of the concrete core’s diameter on the axial load and strain 
of CCFPT columns that have three layers of CFRP strips with different eccentric load 
distances. The findings show that as the eccentrically loaded distance increases from 
0 to 40 mm, there is a noticeable decrease in both ultimate load and ultimate strain. 
Additionally, a decrease in the concrete core’s diameter is found to be correlated with 
a decrease in both ultimate load and strain. Figure 13a demonstrates that the ultimate 
load reduction rate is relatively lower for specimens with smaller core concrete diam-
eters and higher for those with larger core concrete diameters. On the other hand, 
Fig. 13b shows that there is no consistent relationship between ultimate strain and the 
diameter of the concrete core.

(a) Ultimate stress (b) Ultimate strain

200

300

400

500

600

700

800

900

5 10 15 20 25 30

A
xi

al
 L

oa
d 

(k
N

)

Concrete strength (fco) (MPa)

e=0 e=20mm
e=30mm e=40mm

= 3 mm, = 3

0

0.005

0.01

0.015

0.02

0.025

5 10 15 20 25 30

A
xi

al
 st

ra
in

 (m
m

/m
m

)

Concrete strength (fco) (MPa)

e=0 e=20mm
e=30mm e=40mm

= 3 mm, = 3

Fig. 12  Effect of concrete strength ( fco)(MPa) on a Ultimate stress, b Ultimate strain

Fig. 13  Effect of diameter of concrete ( Dc)(mm) on a Ultimate stress, b Ultimate strain



Page 19 of 63Wang et al. Journal of Big Data           (2025) 12:34 	

Analytical modeling
Analytical relationships have been developed to express the confined concrete 
strength of CCFPT columns as a function of the constituent properties, namely, con-
crete strength and CFRP properties. In addition, these relationships have been uti-
lized to calculate the load-carrying capacity of the columns, while considering other 
significant parameters that may influence the results.

Effective lateral confinement pressure

It was discovered in the earlier research studies that the use of CFRP, PVC, and longi-
tudinal and hoop reinforcement bars during experimental or simulation tests affected 
the failure stress and strain [39, 40]. In order to determine the failure stress, a model 
must be developed with the previously given parameters, depending on the previ-
ously mentioned dimensionless parameters [61]. The failure strain of CFRP strip is 
associated with the rupture strain, and it is calculated by εfe = kεεfu , whereas εfu , is 
the ultimate tensile strain of CFRP, and kε is taken as 0.80. The following dimension-
less parameters illustrated in Eqs. (4) to (7) are introduced: PVC tube ( �PVC ), longitu-
dinal reinforcement ( �l ), hoop reinforcement ( �h ), and CFRP reinforcement ( �CFRP).

Here, ρPVC is a volumetric ratio of PVC tube, ρl is a volumetric ratio of longitudinal 
reinforcement, ρh is a volumetric ratio of hoop reinforcement, ρCFRP is a volumetric 
ratio of CFRP, fyl is a yield strength of longitudinal reinforcement (MPa), fyh is a yield 
strength of hoop reinforcement (MPa), ρPVC is a yield strength of PVC tube (MPa), 

(4)�PVC =

ρPVC fPVC

fco

(5)�l =

ρls fyl

fco

(6)�h =

ρhs fyh

fco

(7)�CFRP =

(

ρCFRPECFRP

2

)

εCFRP,R

ρPVC =

4t

D

ρl =

Number of bars × Rebar area

Gross sectional area

ρh =

4 × Hoop rebar area

Spacing × (Dc − 2 × Cover)
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ECFRP is a Young’s modulus of CFRP (MPa), t is a thickness of PVC tube (mm), and D 
is a diameter of column specimen (mm).

When the CCFPT columns are fully wrapped, the volumetric ratio is estimated as 
ρCFRP =

4twrap
D  , where, twrap is the thickness of CFRP layer (mm), and D is the diameter of 

the specimen section (mm). If the CCFPT columns are partially wrapped, the volumetric 
ratio is calculated by ρCFRP =

4W×twrap
S×D  , where S is the spacing between CFRP strips and 

W  is the width of the CFRP strip.

Confinement ratio

An analytical model is developed using MINITAB to examine the impacts of different 
dimensionless parameters on the confinement offered by the CFRP strips. This model is 
developed based on two key parameters, namely the specimen’s ultimate stress and ulti-
mate strain. The ultimate stress is denoted by fcc while the ultimate strain of CFRP rup-
ture failure is represented by εcc . The confinement ratio is defined as the ratio between 
the strength provided by the unconfined concrete to confined concrete. The strength 
provided by confined concrete is influenced by several factors, as discussed earlier. 
Existing literature suggests that the influencing parameters and confinement ratio follow 
an experimentally verified linear relationship [62] and simulation tests [39, 40]. The fail-
ure stress expressions were derived using MINITAB by considering two dimensionless 
parameters and the eccentricity-to-diameter ratio.

Equation  (8) shows the influence of the dimensionless parameters and the ratio of 
eccentric distance to core diameter specimen on the confinement ratio. Equation  (9) 
represents the expressions for failure strain, which are dependent on the two significant 
dimensionless parameters and the ratio of eccentricity to diameter. These equations were 
developed using MINITAB, and the obtained R2 values were 0.98 and 0.68, respectively.

Estimation of CFRP confinement for sufficiently confined concrete

The influence of three dimensionless parameters on the effectiveness of CFRP confine-
ment is well established [39]. A grouping based on the distribution of non-dimensionless 
parameters identified two distinct ranges. The first group had a confined ratio rang-
ing from 0.680 to 4.273, �CFRP ranging from 0.139 to 7.568, �PVC ranging from 0.079 to 
0.632, �h ranging from 0 to 0.188, and eccentricity to diameter ratio ranging from 1 to 
1.444. Based on a multi-parameter regression analysis of a test database consisting of 
146 specimens, Eqs. (10) and (11) were formulated, as illustrated in Fig. 14. These equa-
tions can be used to assess the effectiveness of CFRP confinement in circular CCFPT 
columns, with a correlation coefficient of 93.66%. Furthermore, the proposed relation-
ship defines a modified confined ratio (MCR) of less than 0.70 as lightly confined, based 
on the results of 146 tests. It is, therefore, recommended not to exceed this limit during 
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training, as it would constitute an ineffective use of CFRP strips for wrapping CCFPT 
columns.

According to Isleem et al. [39], there is another group of test specimens that have a 
confined ratio range of 1.467–7.963, �CFRP range of 0.279–7.568, �PVC range of 0.079–
0.632, �h range of 0–0.188, and eccentricity to diameter ratio range of 1–1.222. A multi-
parameter regression analysis was conducted on a database of 135 specimens to develop 
Eqs.  (12) and (13), as depicted in Fig.  15. The confinement ratio of CCFPT columns 
for other dimensionless parameters was evaluated, and the correlation coefficient R2 
was determined to be 95.74%. This relationship identifies lightly confined cases, with a 

(10)
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= 0.1497 + 1.222(MCR)0.88

(11)

MCR = 0.337 + 1.930

[

(

�
0.5
PVC

)(

1 +

e

D

)

−2.1
]

+ 0.358

[

(

�
1.5
CFRP

)(

1 +

e

D

)

−3
]

+ 1.075�0.8h

Fig. 14  Relationship between MCR and fcc/fco from Eqs. (7) and (8)

Fig. 15  Relationship between MCR and fcc/fco from Eqs. (12) and (13)
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Modified Confined Ratio (MCR) less than 1.068 for 135 test data results. Hence, it is 
advised not to go over this limit in practice since it would signify an ineffective use of 
CFRP wrapping around CCFPT columns.

Machine learning models implemented in the present investigation
Machine learning is a subsection of artificial intelligence that relies on a large amount 
of input data to train algorithms and make predictions based on the input data. In this 
study, a total of six ML techniques has been used to predict the effects of changing the 
structural parameters on the performance of CCFPT columns as listed in Table 5.

Methodology

Model training and validation

In order to develop regression models, data sets are often split into training and test-
ing sets, 80:20 o 80% of the data is utilized to train the model, and 20% is utilized for 
assessing it, which is the ratio of the training set to the testing set. During the train-
ing phase, the models’ hyperparameters, structures, and functions are established by a 
trial-and-error tuning procedure. Modern ML techniques are used in the present study 
to predict two outputs, comprising load-carrying capacity (kN) and confined ultimate 
strain (mm/mm). However, the prediction for load-carrying capacity (kN) and confined 
ultimate strain models is not implemented directly in this study. The various ML models 
are combined with other models according to their individual evaluation and progno-
sis outputs. The combinations suggested in this study are ETR-BR, GBR-BR, XGB-LR, 
GBR-LR, BR-LR, and RF-LR. The models are utilized with optimized hyperparameters 
of individual models. Table 6 represents ideal parameters for XGB, RF, GBR, KNN mod-
els for load-carrying capacity and confined ultimate strain.

Dataset

The quantity and diversity of data used in a model’s training have an enormous effect 
on its capacity in predicting the output parameter. In order to develop and evaluate the 
prediction model, the present study utilized a dataset of 216 data test results gath-
ered through FEM simulations. Reliable regression models are developed and tested 
in  ML  utilizing input parameters that have an impact on the predicted value. In the 
current study, eight input parameters such as slenderness ratio (SR), confinement by 
PVC material ( �PVC ), confinement by internal hoop reinforcement ( �h ), longitudinal 
reinforcement to the column performance ( �l ), confinement by CFRP material ( �CFRP ), 
eccentric loading to specimen’s diameter ratio ( e/D ), standard concrete strength (MPa) 
( fo (MPa)), and area of concrete core without taking into account the longitudinal steel 

(12)
fcc

fco
= 0.1128 + 1.0009(MCR)0.85

(13)

MCR = 0.556 + 1.521

[
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+ 1.368�0.75h
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rebars ( Ac (mm2)) have been considered in order to predict two output parameters 
(load-carrying capacity ( Pcc (kN)) and confined concrete strain ( εcc (mm/mm)).

Table 7 represents the descriptive and detailed statistical data distributions of the two 
output parameters. Figure 16 depicts the distributions of the output parameters such as 
load-carrying capacity and confined ultimate strain.

Results and discussion

Data visualization plots

Scatter plots  The scatter plot is a widely used graphical tool in statistical analysis and 
data exploration, serving to visually illustrate the association between two variables. The 
conventional representation consists of a grid structure wherein each point on the graph 
corresponds to a distinct combination of values for the two variables being examined. In 

Table 5  Machine learning models employed in this study

No Model Description

1 K-Nearest neighbor (KNN) The KNN algorithm is based on the supervised learning approach and 
is one of the most basic ML algorithms. The predictions are based as a 
non-parametric instance-based learning system on analogies with its 
training data input parameters [63]. The significant hyperparameter of 
the model KNN is K’s value. When the value of K is smaller, predictions 
tend to be more susceptible to individual data points, which may 
expose them to distortion and overfitting. A greater value of K results 
in smoother projections, however it may be neglected due to smaller 
patterns in the data [64–66]

2 Linear regression (LR) Linear regression (LR) is well known ML classification technique used 
in this study and it is a straightforward supervised learning method 
that is particularly beneficial for forecasting an empirical response 
[67–70]

3 Bagging regression (BR) The method of bagging involves two steps: aggregation and 
bootstrapping. It is feasible to train various models by consistently 
partitioning the entire dataset into smaller groups [71]. The results of 
the model are added together to get the final predicted values

4 XG Boost regression (XBR) XGBoost regression refers to the use of the XGBoost algorithm for 
regression tasks. XGBoost, short form for extreme gradient boosting, 
is a popular ML algorithm known for its high predictive accuracy and 
efficiency. In a regression context, XGBoost is used to predict a contin-
uous numerical output based on a set of input features or independ-
ent variables. It has gained prominence in various data science and 
predictive modeling applications due to its ability to handle complex 
relationships in the data and its robustness against overfitting [72–75]

5 Gradient boosting Regression (GBR) Regression trees are a specific type of decision tree that are intended 
to estimate continuous real-valued functions rather than classifiers. 
The data are repeatedly separated by nodes or branches into smaller 
collections in order to create the regression tree. The main objective 
of the GBR is to incorporate numerous inadequate learners in order to 
increase the final estimation’s precision and resilience. The GBR adjusts 
the contribution from the new tree utilizing an adaptation rate for 
avoiding problems with overfitting [76–79]

6 Random forest (RF) A different approach ensemble technique related to boosting models 
is the random forest (RF) model. The random forest is one of the finest 
and most effective ensemble models in ML. Regression forests are 
used in the RF model, similarly to their use in the GBR model. The 
regression trees in the RF model, in contrast to the GBR model, are 
trained separately before their output combined to produce forecasts 
using self-funded data. Two key parameters must be set in need to 
execute the RF: the number of trees and the number of randomly 
selected predictor variables [80–85]



Page 24 of 63Wang et al. Journal of Big Data           (2025) 12:34 

the context of graphical representation, it is customary for the horizontal axis (x-axis), to 
symbolize the independent variable, whereas the vertical axis (y-axis), is used to depict 
the dependent variable. These plots are an effective tool for displaying and analyzing data-
sets since each point drawn on the graph represents a single data observation. Figures 17 
and 18 show the scatter plots of all the input parameters and output parameters, respec-
tively.

Histogram  Histograms play a vital role in data analysis as it visually illustrates the 
distribution of a single variable using a sequence of adjacent bars [86–90]. The width of 
each bar corresponds to a certain range of values, while the height of the bars indicates 
the frequency counts. In addition, these plots also provide valuable insights into meas-

Table 6  Optimized hyperparameters of machine learning models

Hyperparameter Optimized value

Load-carrying capacity (kN) Confined 
ultimate strain 
(mm/mm)

XGB N_estimators 1800 1800

Eta 0.01 0.01

Max_depth 5 5

Subsample 0.5 0.5

Colsample_bytree 1 1

KNN N_neighbors 5 5

Weights Uniform Uniform

Leaf_size 30 30

Algorithm Auto Auto

GBR N_estimators 100 100

Learning_rate 0.1 0.1

Max_depth 5 5

Max_features Auto Auto

RF Max_depth 5 5

Min_sample_split 2 2

Max_features Auto Auto

Table 7  Statistical data distributions of the two output parameters

Parameter Average Standard 
deviation

Minimum 25% 50% 75% Maximum Kurtosis Skewness

SR 12.236 5.608 8.000 8.000 10.000 14.000 25.000 0.684 1.437

�PVC 6.261 2.645 2.356 4.366 5.760 7.106 10.490 −0.917 0.494

�h 1.322 1.789 0.000 0.000 0.000 4.085 4.710 −0.847 0.963

�l 4.790 5.536 0.000 0.000 0.000 12.423 13.477 −1.483 0.485

�CFRP 41.315 21.725 3.973 23.839 44.699 51.084 102.16 −0.15 0.517

e/D 0.136 0.117 0.000 0.000 0.125 0.200 0.444 −0.415 0.451

fo MPa) 24.354 7.630 10.500 20.130 25.040 28.500 51.50 1.841 0.456

Ac(mm2) 15952.75 7224.70 3422.57 8498.28 17019.07 19367.07 26716.92 −1.082 −0.046

εcc(mm/
mm)

0.012 0.005 0.002 0.008 0.011 0.016 0.033 −0.724 0.391

Pcc(kN) 867.148 450.117 140.172 496.580 859.496 1163.770 2062.240 0.012 0.384
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ures of central tendency and variability. The mode of a histogram represents the values 
that occur most frequently, while the width of the distribution indicates the extent of 
data spread. Moreover, it contributes to the identification of outliers by emphasizing 
data points that deviate significantly from the central distribution. Figure  19 repre-
sents the histograms of all the input parameters.

Heat map  A heat map is a two-dimensional grid or map-based visual representation 
of data that employs colors to convey information. A gradient of colors ranging from 
cool to warm hues is typically used, with cooler colors representing lower values or 
sparse data and warmer colors representing higher values or more data concentration. 
The range of the color varies from -1 to 1. Understanding the color scale and interpre-

Fig. 16  Boundary histogram representing distribution of a load-carrying capacity and b confined ultimate 
strain

Fig. 17  Scatter plots of SR, �PVC , �h , �l for load-carrying capacity and confined ultimate strain
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tation of a heat map allows for the detection of clusters, patterns, or anomalies within 
the data. The heatmap for load-carrying capacity and confined ultimate strain is shown 
in Fig. 20, respectively.

Shapley additive explanation (SHAP) analysis  The significance of the input factor’s 
impact on the predictions is elucidated by SHAP. The assessment of a model’s predic-
tions, irrespective of the specific feature, is demonstrated through the utilization of SHAP 
values, thereby highlighting its significance. However, it is imperative to perform this 
process in every possible sequence to ensure that the characteristics are evenly balanced, 
as the order in which a model encounters features can influence its predictions. Figure 21 
depict the SHAP values for load-carrying capacity and confined ultimate strain, respec-
tively.

Performance metrices for various algorithms

A thorough evaluation of the effectiveness indicators associated to various models 
utilized in the study to prognosis the two output parameters was done. These metrics 
are the coefficient of determination (R2), mean square error (MSE), Root mean square 
error (RMSE), root relative square error (RRSE), Mean absolute error (MAE), variance 
account factor (VAF), Nash–Sutcliffe efficiency (NS), Kling-Gupta efficiency (KGE), and 
relative absolute error (RAE). Table 8 contains the equations that were utilized to evalu-
ate these parameters.

Figures  22 and 23 illustrate the correlation between the actual values and the prog-
nosis values of all combined models for load-carrying capacity and confined ultimate 
strain, respectively.

In order to prognosis the load-carrying capacity for the models used in the present 
investigation, NSE, KGE, and R2 have been depicted in Fig.  24a, while RMSE, VAF, 

Fig. 18  Scatter plots of �CFRP , e/D , fo , Ac for load-carrying capacity and confined ultimate strain
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MAE, RRSE, and RAE are shown in Fig.  24b. Furthermore, MSE for load-carrying 
capability is shown in Fig. 24c for load-carrying capacity. In a similar manner, Fig. 25a 
shows the R2, NSE, and KGE for confined ultimate strain. RMSE, MAE and STD are 
represented in Fig. 25b, whereas, MSE and VAF are illustrated in Fig. 25c, d, for con-
fined ultimate strain.

Fig. 19  Histogram representation of all input parameters
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Fig. 19  continued

Fig. 20  Heatmaps representation of input parameters with: a load-carrying capacity, b confined ultimate 
strain

Fig. 21  SHAP analysis values for: a load-carrying capacity; b confined ultimate strain
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Cross validation  K-fold cross-validation is a commonly employed methodology for 
the purpose of optimizing hyperparameters and evaluating the effectiveness of a model 
where the training dataset is partitioned into ’k’ subsets or folds of equal size. The 
model is subsequently trained ’k’ times, with each iteration utilizing a distinct fold as 
the validation set and the remaining data as the training set. The procedure guarantees 
that each individual data point is utilized for validation precisely once. This approach 
offers a more thorough assessment compared to a single train-test split, ensuring a 
robust analysis. Figure 26 shows the RMSE values of all ML models for load-carrying 
capacity and confined ultimate strain, respectively.

Sensitivity analysis  Sensitivity analysis evaluates the influence on model outputs of 
altering a single input separately across the whole range of possible values while pre-
serving the nominal or base-case values of all other inputs. The sensitivity of the model 
to that specific input variable is defined as the variation in the model output owing to a 
modification in the input variable. A positive or negative percentage shift compared to 
the nominal answer can also be used to illustrate the sensitivity. Figure 27 represents 
the sensitivity analysis of all ML models for load-carrying capacity and confined ulti-
mate strain.

Regression Error Characteristics (REC) curve  The regression error characteristic 
(REC) curve demonstrates the percentage of predicted points that fall within the toler-
ance on the y-axis against the error tolerance on the x-axis. The outcome of the curve 
generates the error’s cumulative distribution function (CDF). Regression functions 
can be graphically compared to one another and the null mode using REC curves. The 
only component that the graph changes as the reaction is scaled is the x-axis label. If 
a function outperforms another using the square error, it will additionally outperform 

Table 8  Performance metrics equations

No Parameter Equation

1 Coefficient of determination (R2)
R2 =

∑p
i=1

(yi−ymean)
2
−

∑p
i=1

(yi− ŷi )
2

∑p
i=1

(yi−ymean)
2

Where yi is the original value and ̂yi is predicted value 
by the model, ymean is the average values and P is the 
number of specimens

2 Root mean square error (RMSE) RMSE =

√

1

p

∑p
i=1

(

yi − ̂yi )
2

3 Mean absolute error (MAE) MAE =
1

n

∑n
i=1

∣

∣yi − ̂yi
∣

∣

4 Variance account factor (VAF) VAF =

(

1 −
var(yi−̂yi)
var(yi )

)

× 100

5 Nash–Sutcliffe efficiency (NS)
NS = 1 −

∑n
i=1 (yi−ŷi)

2

∑n
i=1

(yi−ymean)
2
; −∞ < NS ≤ 1

6 Mean square error (MSE) MSE =
1

n

∑n
i=1

(

yi − ̂yi
)2

7 Root relative square Error (RRSE)
RRSE =

√

∑n
i=1

(yi−ymean)
2

∑n
i=1 (yi−̂yi)

2

8 Relative absolute error (RAE) RAE =

∑n
i=1

(yi−ymean)
2

∑n
i=1 (yi−̂yi)

2

9 Kling-Gupta efficiency (KGE) KGE = 1 −

√

(r − 1)2 + (β − 1)2 + (γ − 1)2

where, r  is the coefficient for correlation, β is the ratio 
of the average of the predicted and actual values and 
γ is the ratio of the standard deviation of predicted and 
actual values
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the substitute using the absolute deviation. Figure 28 displays the REC curves of con-
fined ultimate strain and load-carrying capacity.

Taylor diagram  Taylor offered a single graphic that reviewed numerous model evalu-
ation indices, such as the correlation coefficient and root mean square error (RMSE) 
values, and used to assess the effectiveness of models. By contrasting the values of the 
measured and predicted variables and presenting the results as a series of points on a 
polar plot, Taylor diagrams can demonstrate the precision of model predictions. The 
circumferential distance from the reference point depicts the ratio of the normalized 
standard deviation of the simulation from the measured values, and the azimuth angle 
of the plot displays the correlation coefficient between the observed and predicted 
values. Figure 29 depict Taylor diagrams for confined ultimate strain and load-carrying 
capacity, respectively. Table 9 illustrates the key comparisons between the developed 
model and the existing models from the literature.

Fig. 22  Correlation between actual and prediction value of ML models for load-carrying capacity
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Conclusions
This study investigates the behavior of CCFPT columns under eccentric axial compres-
sion loading. Experimental data of 32 concrete columns was collected from literature 
and modeled using finite element analysis. A finite element parametric study examined 
the effects of eccentricity, number of CFRP layers, PVC tube thickness, column slen-
derness ratio, CFRP spacing, confined concrete strength, and concrete core diameter 
on the ultimate load and strain capacities. Analytical models were developed to predict 
confined concrete strength and strain as functions of material properties, reinforcement 
parameters, and load eccentricity. Six machine learning models were employed to pre-
dict the load-carrying capacity and confined ultimate strain of the columns based on 
input parameters such as slenderness ratio, confinement levels, concrete strength, and 
cross-sectional area. The following conclusions of this study can be drawn as follows:

1-	 Increasing the load eccentricity leads to a significant reduction in the ultimate load 
and strain capacities of CCFPT columns.

Fig. 23  Correlation between actual and prediction value of ML models for confined ultimate strain
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2-	 Increasing the number of CFRP layers results in higher ultimate load and strain 
capacities at a given eccentricity.

3-	 Thicker PVC tubes enhance the ultimate load capacity by mitigating buckling failure, 
while the effect on ultimate strain is inconsistent.

4-	 Increasing the column’s slenderness ratio results in lower ultimate load and strain 
capacities, with strain reduction being more pronounced.

5-	 Smaller spacing between CFRP strips leads to higher ultimate load and strain values.
6-	 There is an optimum range of confined concrete strength (above 15 MPa) where load 

and strain capacities increase more rapidly with increasing concrete strength.
7-	 Reducing the concrete core diameter decreases the ultimate load and strain capacities.
8-	 Analytical models were developed to predict the confined concrete strength and 

strain as functions of constituent properties such as CFRP, PVC, steel reinforcement, 
and load eccentricity.

9-	 The models identify thresholds of confinement parameters below which CFRP wrap-
ping may be ineffective for confinement.

10-	 Machine learning techniques can effectively predict the load-carrying and strain 
capacities based on the investigated parameters.

To provide a more comprehensive understanding of the research context and to 
acknowledge potential constraints or challenges in the findings, it is essential to list 
out the limitations of the current study. Some limitations include:

(a) R2, NSE, and KGE (b) RMSE, MAE, STD, and VAF

(c) MSE
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Fig. 24  Models used for the load-carrying capacity
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1-	 The accuracy of the results is limited by the assumptions and simplifications made in 
the finite element modeling approach.

2-	 The study only considers CCFPT columns under eccentric axial compression load-
ing. The behavior under other loading conditions such as flexure, cyclic loading, etc. 
is not addressed.

(a) R2, NSE, KGE (b) RMSE, MAE, STD

(c) MSE (d) VAF
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Fig. 25  Models used for the confined ultimate strain

(a) Load bearing capacity (b) Confined ultimate strain
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3-	 The study focuses only on specific input parameters such as slenderness ratio, con-
finement levels, etc. There may be other factors influencing the behavior of CCFPT 
columns that are not considered.

4-	 The study is focused on circular CCFPT columns only. The conclusions may not be 
directly extensible to non-circular cross-sections.

5-	 The study is computational in nature and does not involve any physical experiments 
or validations, which could be considered a limitation.

(a) load-carrying capacity (b) confined ultimate strain
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Fig. 27  Sensitivity analysis of ML models for: a load-carrying capacity; b confined ultimate strain

Fig. 28  REC curve analysis of all ML models for: a load-carrying capacity; b confined ultimate strain

Fig. 29  Taylor diagrams of all ML models for: a confined ultimate strain; b load-carrying capacity
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The current study focused solely on CFRP-PVC confined concrete columns under 
eccentric axial compression loading, without considering all possible loading scenarios in 
practice. Crucial loading scenarios such as long-term sustained loading, combined axial-
flexural loading, shear, torsion, cyclic/seismic loading, dynamic and impact loading, pure 
flexure, and environmental factors were not examined. Future research should include 
cyclic lateral loading tests to simulate seismic actions, shear and torsional capacity stud-
ies, especially for short columns or beam-column joints, combined axial-flexural load-
ing tests to develop interaction diagrams, and flexural behavior analysis using four-point 
bending tests and finite element modeling. Additionally, long-term creep and fatigue tests, 
impact resistance and dynamic response under high strain-rate loading conditions, and 
the impact of environmental exposure on performance under different loading conditions 
should be investigated. This future research will help us understand the effects of various 
loading scenarios, such as strain-rate dependent material behavior under dynamic and 
impact loading, creep deformations under long-term loading, degradation of concrete core 
and debonding of CFRP strips under cyclic loading, various failure modes under shear and 
torsional loads, and material property degradation due to environmental factors.

Appendix

See Table 10.

Table 9  Comparison between the developed model of this study and the existing models

Aspect This study Existing models Remarks

Confined concrete 
compressive strength 
to unconfined concrete 
compressive strength 
ratio (fcc/fco)

Equations (10) and (12) 
expressing fcc/fco as 
functions of dimension-
less PVC, CFRP, steel, and 
eccentricity parameters

Previous models did 
not explicitly account 
for these dimensionless 
parameters and their 
interaction effects

Identifies thresholds of 
confinement parameters 
(MCR < 0.7 or 1.068) below 
which CFRP wrapping may 
be ineffective, not captured 
in previous models

Confined concrete strain 
to unconfined concrete 
strain ratio ( εcc/εco)

Equations (11) and (13) 
expressing εcc/εco as 
functions of dimension-
less PVC, CFRP, steel, and 
eccentricity parameters

Previous models did not 
explicitly consider these 
combined effects

–

Effect of load eccentricity Reduction in confine-
ment efficiency with 
higher load eccentricity

Consistent with previous 
studies [55]

–

Load-strain response Decreasing capacity with 
increasing CFRP hoop 
spacing

Agrees with prior studies 
[9, 60]

–

Effect of CFRP layers Increase in capacities with 
higher number of CFRP 
layers

Matches previous findings 
[56]

–

Effect of PVC thickness Increase in capacities with 
higher PVC thickness

Aligns with studies show-
ing reduced buckling 
failure [57]

–

Machine learning mod-
eling

Employing six ML tech-
niques

Previous models did 
not explicitly apply ML 
algorithms

–
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Abbreviations
Ac	� Cross-sectional area of concrete core (mm2)
Ag	� Gross-sectional area of concrete column (mm2)
PVC	� Polyvinyl chloride
CFPT 	� Concrete-filled PVC tube
CFRP	� Carbon fiber reinforced polymer
CCFPT 	� Carbon fiber reinforced polymer concrete filled PVC tube
fcc	� Confined concrete compressive strength (MPa)
fco	� Unconfined concrete compressive strength (MPa)
t 	� Thickness of PVC tube (mm)
D	� Diameter of PVC tube (mm)
L/H	� Length/height of PVC tube (mm)
fcc/fco	� Confined concrete compressive strength to unconfined concrete compressive strength Ratio
Dc	� Diameter of concrete core without PVC tube (mm)
f ′c	� Strength of unconfined concrete cylinder under compression (MPa)
εEP	� Peak experimental strain (mm/mm)
εFP	� Peak finite element modeling strain (mm/mm)
PEP	� Peak experimental load (kN)
PFP	� Peak finite element modeling load (kN)
�	� Dilation angle
Kc	� Shape factor for yielding surface
e1	� Plastic flow potential eccentricity
e	� Eccentricity distance (mm)
µ	� Viscosity parameter
fbo/f

′

c	� Ratio of biaxial stress to uniaxial stress
f ′′c	� Considered to be 80% of concrete cylinder strength (MPa)
εcc1	� Strain of confined concrete at first peak load (mm/mm)
εco	� 0.002 for unconfined concrete strength at peak load (mm/mm)
Kes	� Ratio of effectively confined concrete area to confined area
fyt	� Yield strength of steel (MPa)
AAE	� Average absolute error
MSE	� Mean square error
MAE	� Mean absolute error
RMSE	� Root mean square error
VAF	� Variance account factor
NS	� Nash–Sutcliffe efficiency
RRSE	� Root relative square error
RAE	� Relative absolute error
KGE	� Kling-Gupta efficiency
R2	� Coefficient of determination
fl 	� Yield stress of longitudinal steel reinforcement (MPa)
fh	� Yield stress of hoop steel reinforcement (MPa)
fPVC	� Yield stress of PVC (MPa)
Ec	� Young’s modulus of concrete (MPa)
G	� Shear modulus
µ	� Poisson’s ratio
MCR	� Modified confined pressure ratio
ρPVC	� Volumetric ratio of PVC tube
ρl	� Volumetric ratio of longitudinal reinforcement
ρh	� Volumetric ratio of longitudinal reinforcement
ρCFRP	� Volumetric ratio of CFRP
fyl	� Yield strength of longitudinal reinforcement (MPa)
fyh	� Yield strength of hoop reinforcement (MPa)
fPVC	� Yield strength of PVC (MPa)
ECFRP	� Young’s modulus of CFRP (MPa)
CDMP	� Concrete damaged plasticity model
SR	� Slenderness ratio
LCC	� Load-carrying capacity
H	� Height of concrete column (mm)
REC	� Regression error characteristics
CDF	� Cumulative distribution function
FEM	� Finite element modeling
FRP	� Fiber reinforced polymer
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