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A B S T R A C T   

This paper presents a data-driven approach to determine the load and flexural capacities of reinforced concrete 
(RC) beams strengthened with fabric reinforced cementitious matrix (FRCM) composites in flexure. A total of 
seven machine learning (ML) models such as kernel ridge regression, K-nearest neighbors, support vector 
regression, classification and regression trees, random forest, gradient boosted trees, and extreme gradient 
boosting (xgBoost) are evaluated to propose the best predictive model for FRCM-strengthened beams. Beam 
geometry, internal steel reinforcement area, FRCM reinforcement area, and mechanical characteristics of con-
crete, steel, and FRCM are the main input parameters included in the database. Among the studied ML models, 
the xgBoost model is the most accurate model with the highest coefficient of determination (R2 = 99.3%) and 
least root mean square (RMSE), mean absolute error (MAE), and mean absolute percentage error (MAPE). A 
comparative study of the performance of the proposed and existing analytical models revealed the superior 
predictive capability and robustness of the proposed model. The predicted flexural and load capacities of the 
beams based on the existing analytical models are highly scattered and either over-conservative or unsafe. A 
unified SHapley Additive exPlanations approach is employed to explain the output of the best ML model and 
identify the most significant input features and interactions that influence the capacity of FRCM-strengthened RC 
beams in flexure. Furthermore, a reliability analysis is performed to calibrate the resistance reduction factor (ϕ) 
to achieve a specified target reliability index (βT = 3.5).   

1. Introduction 

The strengthening of reinforced concrete (RC) structures is becoming 
a crucial part of construction activities due to several factors that lead to 
structural deterioration. These factors include corrosion of reinforce-
ment bars, obsolete design, and improper maintenance among other 
factors. Thus, efficient repair and strengthening systems are required to 
restore or even improve the capacity of deteriorated structures and 
extend their life spans. In this context, fabric reinforced cementitious 
matrix (FRCM) composites have recently gained immense attention 
owing to their favorable advantages over traditional strengthening 
systems [1,2]. Successful applications of the FRCM have been reported 
for the strengthening of RC slabs [3], RC beams [4–27], RC columns 
[28–31], and masonry structures [32–36]. 

With regard to the FRCM-strengthened RC beams, a considerable 
amount of research effort has been allotted to experimentally investigate 
their flexural behavior [4–7,14–18,21–27]. The behavior of RC beams 

strengthened in flexure using FRCM is mainly governed by the 
debonding of the FRCM system off the concrete substrate [37]. Different 
analytical models have been proposed in an attempt to determine the 
effective strains in the strengthening systems at debonding and conse-
quently, the flexural capacity of the strengthened beams [37–42]. 
However, most of these models were originally developed for the fiber 
reinforced polymer (FRP) strengthening system and adopted to the 
FRCM [39–41], despite the difference in the response behavior between 
FRP and FRCM under the applied load. Besides, there exist significant 
discrepancies in the prediction capability of the existing models as these 
models were empirically developed based on the predefined formulas 
and experimental datasets mainly generated for a limited number of 
input parameters. Hence, it is vital to develop a reliable and accurate 
model for estimating the load and flexural capacities of the FRCM- 
strengthened RC beams and achieve a safe and economical retrofitting 
design. 

Recently, machine learning (ML) algorithms have emerged as a 
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powerful technique to solve different civil engineering problems 
[43–53]. This is attributed to their ability to estimate the relationship 
between the factors and the response parameter(s) without the 
requirement for prior assumptions of the underlying mathematical and 
physical models, contrasting to most empirical models [54]. Some of the 
applications of ML techniques reported in the literature include the 
prediction of mechanical properties of concrete [44,46–48], load ca-
pacity and failure modes of RC columns and walls [49,55,56], shear 
[57–61] and torsional [62] capacities of RC beams, and seismic damage 
assessment of RC buildings and bridges [63–65]. 

Moreover, successful applications of different ML techniques such as 
genetic algorithm (GA) and artificial neural network (ANN) have been 
reported in the literature to estimate the load capacity of FRP- 
strengthened RC beams [66–69]. Perera et al. [66] applied ANN and 
GA to estimate the shear capacity of RC beams strengthened with 
externally bonded (EB) FRP. The predicted shear capacities of the 
strengthened beams were in acceptable agreement with the corre-
sponding experimental results. They investigated the effects of the beam 
cross-sectional dimensions, modulus of elasticity of the FRP, yield 
strength of steel reinforcement, areas of steel reinforcement and FRP, 
inclination of the principal FRP fibers, and concrete compressive 
strength. A dataset comprised of only 46 RC beams strengthened with 
EB-FRP was considered in the developed models [66]. Tanarslan et al. 
[67] developed an ANN model based on a larger database of 84 speci-
mens to estimate the shear capacity of RC beams strengthened with EB- 
FRP. Moreover, they considered the effects of the shear span-to-depth 
ratio and different strengthening configurations for the first time [67]. 
It was concluded that the developed model resulted in a higher predic-
tion capability compared to the existing code equations. Similarly, other 
studies showed the efficacy of ML models for estimating the shear ca-
pacity of RC beams strengthened with EB-FRP sheets [67,69] and near 
surface mounted FRP rods [68]. 

Despite the promising results of the applications of ML techniques in 
this regard, the literature lacks to report its application for estimating 
the response of RC beams strengthened with FRCM. Moreover, ML 
models are mostly considered as ‘black boxes’; thus, the explainability of 
ML models is an imperative step to support the output of a given ML 
model. In this regard, a unified SHapley Additive exPlanations (SHAP) 
approach has been proposed by Lundberg and Lee [70] to explain the 
output of any machine learning model. However, only limited studies 
have explored the explainability of ML-based models applied to the 
structural engineering field [71–74]. Therefore, this paper presents a 
pioneer explainable and reliable ML-based model for predicting the 
flexural capacity of strengthened RC beams with FRCM. The paper also 
presents a review of the existing analytical models. The developed ML 
models are compared with the existing models and guideline equations. 
Finally, a reliability analysis is performed to calibrate the resistance 
reduction factor to achieve a specified target reliability index. Thus, the 
research presented in this study is aimed to address the following 
aspects:  

• Develop accurate and reliable ML model for determining the flexural 
capacity of flexural strengthened RC beams using different FRCM 
types;  

• Compare the prediction accuracy of the developed model against 
that of the existing analytical models;  

• Investigate the output of ML model and rank the input features and 
their interactions that influence the load and flexural capacity of 
FRCM-strengthened RC beams in flexure using the unified SHAP 
approach; and  

• Calibrate a resistance reduction factor to achieve a specified target 
reliability index of the developed model based on reliability analysis. 

2. Existing models 

In existing formulae, a cross-sectional model was adopted to estimate 
the nominal flexural capacity (Mn) of FRCM-strengthened RC beams 
[42]. From the equilibrium of stresses in Fig. 1, the flexural capacity of 
an FRCM-strengthened RC beam can be given by: 

Mn = Astfy

(

d −
β1cu

2

)

+AscEscεsc

(
β1cu

2
− dc

)

+Af Ef εfe

(

df −
β1cu

2

)

(1)  

where, 

Asc and Ast are the reinforcement area of compressive and tensile 
steel bars, respectively, 
β1 is the concrete stress block parameter (Fig. 1), 
d and dc are the distance between the extreme fiber of the beam and 
the center of the tensile and compressive steel bars, respectively, 
(Fig. 1), 
cu is the neutral axis depth (Fig. 1), 
fy is the yield strength of internal steel reinforcement bars, 
Esc and εsc are the elastic modulus and tensile strain of the 
compressive reinforcement bars, and 
df , Af , Ef , and εfe are the effective depth, reinforcement area, elastic 
modulus, and effective strain of the FRCM reinforcement. 

According to Bencardino et al. [37], Eq. (1) can be approximated as 
shown in Eq. (2) with the following three assumptions: (a) the tensile 
reinforcement bars reached their yielding point at the ultimate load, (b) 
the strains in the FRCM is equal to the debonding strain (εfe = εdeb), and 
the moment arms of the steel reinforcement and FRCM are equal to 90% 
of the effective depth and height of the beam, respectively. 

Mn = 0.9dAstfy + 0.9hEf Af εdeb (2)  

where h is the cross-sectional height of the beam. The load capacity of 
the FRCM-strengthened beams can then be determined based on the 
loading configuration. It is worth mentioning here that this simplified 
equation does not consider the contribution of compressive reinforce-
ment bars. 

The available models for the flexural capacity of RC beams 
strengthened with FRCM vary mainly in the formulations for estimating 

Fig. 1. Cross-section and internal stress and strain distribution of RC beams strengthened with FRCM in flexure.  
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the values of debonding strains, εdeb. Five models adopted in the liter-
ature for determining the effective/debonding strain in the FRCM 
reinforcement are discussed below. 

2.1. Model-1: Jung et al. [42] 

Jung et al. [42] suggested the following expression for the debonding 
strain of FRCM composite based on the Teng et al. [75] model, originally 
proposed for FRP system: 

εdeb = αpβwβL

̅̅̅̅̅̅̅̅̅̅̅̅
Ef

̅̅̅̅
fc

√

tp
̅̅̅̅̅nf

√

√

(3)  

tp = tf ×
̅̅̅̅̅nf

√ (3a)  

βW =
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/
bw

1 + bf
/
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√
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βL =
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⎪⎩

1, Lf ≥ Le

sin
πLf

2Le
, Lf < Le

(3c)  
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Ef tP
̅̅̅̅
fc

√

√

(3d)  

where αp is a coefficient that is experimentally calibrated to be 0.729, fc 
is the compressive strength of concrete, bw is width of the beam section, 
bf is the width of the bonded plate, tf is the fabric thickness, nf is the 
number of layers, and Lf is the bond length. 

2.2. Model-2: Bencardino et al. [37] 

Bencardino et al. [37] suggested the following empirical equation for 
determining εdeb based on the results of a nonlinear regression analysis 

for steel FRCM strengthened beams. 

εdeb = 2.24
(
Ef tf

)− 0.52 (4) 

They also used the fracture mechanics approach to come up with 
another formula as shown in Eq. (5). 

εdeb = K
̅̅̅̅̅̅̅̅
2Gf

√
̅̅̅̅̅̅̅̅

1
tf Ef

√

(5)  

where Gf is the fracture energy at the debonding surface. It is required to 
perform flexural tests on RC beams in addition to single/double shear 
test for the FRCM to determine the coefficient K, which limits the 
application of this equation in determining εdeb. Thus, only Eq. (4) is 
adopted in this study. 

2.3. Model-3: Ceroni and Salzano [76] 

Ceroni and Salzano [76] examined the influence of different factors 
on the debonding strains of FRCM systems based on the results of 856 
single and double shear tests on concrete (347) and masonry (509) 
elements bonded externally with FRCM. Based on the results of a non- 
linear regression analysis on the collected data, the authors suggested 
the following equation to determine the debonding strain in the FRCM 
system bonded to concrete elements. 

εdeb = 0.008
(fc)

1.15

(
Ef Af

)0.3 (6)  

2.4. Model-4: Mandor and El Refai [77] 

Mandor and El Refai [77] have recently investigated the debonding 
strains in the FRCM strengthening system used for flexural members. 
Based on the results of the sensitivity analysis, axial stiffness of FRCM 
(Ef Af ), compressive strength of the concrete substrate, and tensile 
strength (fct) of the concrete substrate were identified as the three most 

Fig. 2. Distribution of the input variables.  
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important factors that influence debonding strains in FRCM. Finally, 
they proposed three simple optimized models for determining the 
debonding strains in FRCM, as follows: 

εdeb = 0.77
fct

1.191fcm
0.056e(0.032fc)

(
Ef Af

)0.091 (7)  

Table 1 
Distribution of input parameters.  

Description Input parameter Mean STD Min Max Q1 Q2 Q3 

Geometry bw (mm)  250.2  115.9 120 400 150 176 400  
d (mm)  218.7  66.24 129 450 210 210 217 

Concrete fc (MPa)  40.86  14.44 15.1 67.5 29.13 42.38 49.0 
Internal reinforcement fy (MPa)  496.4  85.13 267 604.2 468.3 517.2 537  

Ast(mm2) 331.3  134.1 157 602.9 212.5 339.1 461.6  

Asc(mm2) 159.3  165.3 0.00 602.9 0.00 100.5 157.1 

FRCM reinforcement Af (mm2) 26.39  18.71 6.75 108 13.80 23.0 31.96  

Ef (GPa)  234.7  48.45 73.5 271 206 270 270  
Fabric type Carbon, PBO, Steel 

STD: standard deviation; Max: maximum; Min: minimum; and Q1, Q2, Q3: 25th, 50th, and 75th percentiles. 

Fig. 3. Details of the dataset used for flexural deficient RC beams strengthened with FRCM.  
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εdeb = 0.77
fct

1.232e(0.035fc)

(
Ef Af

)0.083 (8)  

εdeb = 0.95
fcm

0.28e(0.056fc)

(
Ef Af

)0.153 (9)  

where fcm is the compressive strength of FRCM mortar. 
In the first equation, the debonding strain is given as the function of 

the compressive and tensile strengths of concrete, compressive strength 
of FRCM mortar, and axial stiffness of FRCM. Based on the results of the 
analysis, the authors concluded that the exclusion of the compressive 
strength of FRCM mortar has no significant effect on the predicted 
debonding strains. Among the proposed equations, the first two equa-
tions were reported as the best predictive equations, while the third 
equation showed the least predictive performance. Moreover, the sec-
ond equation showed the least coefficient of variation (0.26). Hence, the 
second equation is considered in this study. 

2.5. Model-5: ACI549.4-20 model [38] 

The ACI 549.4-20 [38] guideline suggests the following expression 
for determining the value of εdeb interms of the design tensile strain (εfd) 
and ultimate tensile strain (εfu) of the FRCM composite: 

εdeb = εfd = εfu ≤ 0.012 (10) 

The design tensile strain and tensile modulus of the FRCM composite 
are obtained by testing FRCM coupons. Thus, it is required to perform a 
test on the FRCM coupons to use this equation. Therefore, this model has 
been excluded from the current study. 

3. Preparation of the dataset and description of input 
parameters 

A database of flexural strengthened rectangular RC beams with 
FRCM collected from the literature [4–10,16,21–27] is used in this 
study. A total of 132 RC beams strengthened in flexural with FRCM are 
included in the developed database. A wide range of beam geometries, 
mechanical characteristics of materials (concrete, steel, and FRCM), 
FRCM fabric types (carbon, polyparaphenylene benzobisoxazole (PBO), 
and steel), and reinforcement areas for both internal steel reinforcement 
and external FRCM reinforcement are considered in the database, as 
shown in Fig. 2. However, the mechanical characteristics of FRCM 
mortar are not reported in most of the studies, thus, its effect on the 
flexural capacity of the strengthened beam is not considered herein. 
Different input variables including the width of the web (bw), effective 
cross-sectional depth (d), concrete compressive strength (fc), yield 
strength of steel bars (fy), area of steel reinforcement in the tension (Ast) 
and compression (Asc) zones, elastic modulus of FRCM fibers (Ef ), 
number of FRCM fabric layers (nf ), width of FRCM plate (bf ), and 
thickness of the FRCM fabrics (tf ) are considered in this study. The width 
of the FRCM plate, the thickness of the fabrics, and the number of FRCM 
fabric layers are represented in terms of the area of FRCM reinforcement, 
Af = bf nf tf . Thus, the final input vector comprises a total of nine pa-
rameters. It is worth mentioning here that the response of two beams 
strengthened with an equivalent Af , but different numbers of fabric 
layers in FRCM may vary due to the difference in the behavior of the 
FRCM system with the change in the number of fabric layers. However, 
the current model does not consider such an effect on the flexural 
response of the strengthened beams. Table 1 presents the statistical 
distribution of the input parameters of the experimental database used 
in this study, while the range of each input variable is clearly illustrated 
in Fig. 2. In addition, Fig. 3 shows an 8 × 8 matrix in which the diagonal 
of the matrix shows the histogram for the distribution of each variable, 
whereas the lower and upper triangular matrices show the scatter plot 
and Pearson correlation coefficient (r) between the input variables, 

respectively. 

4. Machine learning models 

Seven different types of data-driven ML models are evaluated to 
determine the final best predictive model for the flexural capacity of 
FRCM-strengthened RC beams in flexure. In the proposed ML models, 
the flexural capacity of the strengthened beams is directly determined 
from the properties of the FRCM fibers without the need for the esti-
mation of debonding strains and experimental results of the FRCM 
composite. The collected database is normalized into a [0, 1] range to 
overcome the problems related to the low learning rates of ML models at 
the extreme values of the parameters. 

4.1. Single AI models 

4.1.1. Kernel ridge regression 
Kernel ridge regression (KRR) is a nonlinear regression that maps 

data into different dimensional spaces (xi→Φi = Φ(xi)) using kernel 
trick. It addresses the limitations of the well-known least square (LS) 
method using ridge regression (linear least squares with I2-norm regu-
larization) and kernel function. Thus, it extends the ridge regression to 
include nonlinear problems using a nonlinear map. For nonlinear 
regression, KRR transforms the nonlinear regression in the original space 
into a linear regression in a higher dimensional space using a nonlinear 
kernel function. The widely used kernels include linear, polynomial, 
hyperbolic tangent (sigmoid), and radial basis function (RBF) kernels 
[78]. 

The KRR can be formulated as [79]: 

y = Kα+ ε (11)  

where ε is the error vector and α is the KRR unknown vector determined 
by minimizing Eq. (12). 

f (α) = 0.5(y − Kα)T
(y − Kα)+ 0.5λαT Kα, λ ≥ 0 (12)  

where λ is the regularization parameter. 
The solution with respect to α can be given by [79]: 

α = (K + λIn)
− 1y (13) 

The KRR solution in Eq. (13) can be rewritten as: 

y = (K + λIn)α (14) 

The kernel type and parameters α and λ are optimized to find the best 
model. 

4.1.2. K-nearest neighbors 
The K-nearest neighbors (KNN) is a non-parametric model that can 

be used for classification as well as regression problems. The KNN 
regression approximates the relationship between the input features and 
target variable using the observations of K nearest neighbors. To make a 
prediction for a query point, the algorithm firstly measures the distance 
between the training data points and the query data point using 
Euclidean distance and orders the calculated distance in ascending 
order. The algorithm then identifies the K training data points closest to 
the query data point, represented by N0. Finally, the target value for the 
query data point is estimated as the weighted mean of all the training 
responses in N0. The size of the neighborhood K needs to be optimized. 

4.1.3. Support vector regression 
Support vector regression (SVR) uses a mapping procedure to map 

the input to a high-dimensional feature space. Given n number of 
training examples 

{(
xi, yi

) }n
i=1∊Rn × R, SVR estimates the regression 

function f(x) in Eq. (15) by minimizing the regularized risk function in 
Eq. (15a) subject to Eqs. (15b) and (15c) [80]. 
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f (x) = w.ϕ(x)+ b (15)  

τ(w, ξ, ξ*) =
1
2
‖w‖2

+C
1
n

∑n

i=1

(
ξi + ξ*

i

)
, i = 1, 2,⋯, n (15a)  

(w.ϕ(x)+ b ) − yi ≤ ε+ ξi, i = 1, 2,⋯, n (15b)  

yi − (w.ϕ(x)+ b ) ≤ ε+ ξ*
i , i = 1, 2,⋯, n (15c)  

xi∊X ⊆ Rn, yi∊Y ⊆ R (15d)  

ξi, ξ*
i ≥ 0 (15e)  

where, 

ξi and ξ*
i are slack variables, 

w and b are weight vector and the bias, estimated by minimizing Eq. 
(15a) subject to Eqs. (15b) and (15c) [80], 
ε is Vapnik’s insensitive loss that serves as a threshold, in which the 
absolute values of errors less than ε are ignored, and 
C is a regularization parameter. 

The prediction in SVR is given by [78,81]: 

f (x) =
∑

i∊SV

(
αi − α*

i

)
K(xi, x) + b subject to 0 ≤ αi ≤ C, 0 ≤ α*

i ≤ C (16)  

where K(xi, x) is the kernel function, αi and α*
i are the Lagrange multi-

pliers, and SV denotes support vectors, which are subsets of training 
data. 

4.1.4. Decision trees 
Decision trees also known as classification and regression trees or 

CART for short is a non-parametric rule-based algorithm that can be 
used for classification as well as regression problems using a simple tree 

structure [82]. In CART, the feature space is partitioned into several 
smaller disjoint regions with similar response values using a set of 
splitting rules utilizing tree-like structures. Each internal node in CART 
specifies a test on an attribute of the data, while each branch represents 
the test output. The root node in CART represents the most relevant 
feature. Given training examples 

{(
xi, yi

) }n
i=1, where xi∊X and yi∊Y, 

decision tree regression recursively partitions the input feature space 
into disjoint regions Rk assigned to each leaf of the CART and estimate 
the response within each region. 

A single decision tree model is associated with the problem of 
overfitting and possesses high variance. To mitigate or reduce this 
problem, different ensemble models are used, as will be discussed below. 

4.2. Ensemble models 

Ensemble learners integrate several base learners to enhance the 
generalization ability over a single model [82]. Bagging and boosting 
ensembles are widely used techniques for improving prediction perfor-
mance. They are commonly applied to tree-based learners although they 
can be applied to other learners also such as artificial neural networks 
[82]. The basic idea behind the ensemble model is to combine multiple 
base learners in computing the final response rather than relying on an 
individual model. 

4.2.1. Random forest 
Random forest (RF) is a combination of multiple randomly created 

decision tree predictors. Each decision tree predictor in the random 
forest algorithm uses bootstrap samples, which are randomly selected 
samples from the original training dataset with replacement. Moreover, 
random subsets of input features are considered when splitting nodes in 
the decision tree on the best split among a random subset of the features 
selected at every node [83]. The split at each node is performed in two 
steps. Firstly, a random subset of input features is selected from the 
bootstrap sample [83]. The best subset feature is then selected to 

Fig. 4. Learning process of random forest algorithm.  

T.G. Wakjira et al.                                                                                                                                                                                                                             



Engineering Structures 255 (2022) 113903

7

perform the decision split at each node of a decision tree [83]. Fig. 4 
shows a simple schematic of the RF algorithm. The final prediction of RF 
is made by averaging the predictions of each decision tree predictor, as 
shown in Fig. 4. 

4.2.2. Gradient boosted trees 
Gradient boosted trees (GBT) is one of the powerful boosting algo-

rithms, which combines a sequence of weak learners; particularly clas-
sification and regression trees in an additive model. Fig. 5 illustrates the 
learning process in the boosting algorithm. The GBT is mathematically 
expressed as follows: 

FT(x) =
∑T

t=0
ft(x) (17)  

where T is the number of base learners (CARTs) and ft is the set of all 
possible decision trees. 

Given a training dataset 
{
(x1, y1), (x2, y2),⋯,

(
xn, yn

) }
with n ob-

servations and a differentiable loss function L
(
yi, F(x)

)
, gradient boosted 

trees performs the following steps [84]:  

(1) Initialize the model with a constant value that minimizes the loss: 

F0(x) = argmin
ρ

∑n

i=1
L(yi, ρ) (18)    

(2) For t = 1 to T do: 
a. Determine the negative gradient of the loss or pseudo re-

siduals, given the previous ensemble Ft− 1: 

rit = −
∂L[yi,Ft− 1(xi) ]

∂Ft− 1(xi)
(19)    

b. Fit CART to rit values and create terminal regions Rjt , for j = 1,2,⋯,

jt, where jt is the number of terminal nodes. 
c. For j = 1,2,⋯, jt compute the output value for each leaf that mini-

mizes the loss: 

ρjt = argmin
ρ

∑

xi∊Rij

L(yi,Ft− 1(xi)+ ρ ) (20)    

d. Update the estimator of F(x): 

Ft(x) = Ft− 1(x) + v
∑jt

j=1
ρjtIx∊Rjt (x) (21)  

where v is the learning rate [84].  

(3) Output FT(x). 

4.2.3. Extreme gradient boosting 
The extreme gradient boosting (xgBoost) algorithm developed by 

Chen and Guestrin [85] is an improved form of gradient boosting al-
gorithm. The xgBoost adds a regularization term in the objective func-
tion in order to reduce model complexity and prevent overfitting. The 
base learners (trees) in the xgBoost are built sequentially by minimizing 
the objective function [85] in Eq. (22), which contains the loss function 
and regularization term: 

∑n

i=1
L(yi, ŷi )+

∑T

t=1
Ω(ft) (22)  

Ω(f ) = γT +
1
2

λ
∑T

j=1
w2

j (23)  

where γ is the complexity of each leaf, wj is the weight of leaf j, and λ is 
the penalty parameter. 

Fig. 5. Schematic of boosting algorithm.  
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5. Hyperparameter tuning and cross-validation 

The values of hyperparameters of a given model determine the pre-
dictive performance and generalization capability of the model. The 
optimal values of the hyperparameters are chosen with the help of 
hyperparameter tuning or optimization. Grid search is a widely used 
hyperparameter tuning technique. To prevent over-fitting problems, a 
K-fold cross-validation method is adopted during the hyperparameter 
tuning process. Firstly, the dataset is split into training and testing 
datasets comprised of 80% and 20% of the completed dataset, respec-
tively. The K-fold cross-validation is then performed based on the 
following three steps:  

(a) Partition the training dataset into independent K-groups or folds 
of equal size without replacement so that each observation will be 
used for training and validation exactly once.  

(b) Fit the model using K − 1 folds and validate the model based on 
the remaining one fold, and  

(c) Repeat step (b) K times so that K number of performance indices 
are obtained. 

The final performance of the model is taken as the mean of K per-
formance indices. In this study, a 10-fold cross-validation (K = 10) is 
combined with a grid search algorithm to optimize the hyperparameters. 
In 10-fold cross-validation, 10% of the training dataset is used as a 
validation dataset in each iteration, while the remaining 90% of the 
training dataset is used to train the model. 

6. Results and discussion 

In this section, the prediction capability of the developed ML models 
is investigated. The performance of the models is assessed using 
different performance indices including mean absolute error (MAE), 
mean absolute percentage error (MAPE), root mean squared error 
(RMSE), and coefficient of determination (R2). Moreover, the compari-
son of the existing models with the developed ML models is presented 
herein. The performance indices are presented mathematically by Eqs. 
(24a)–(24d). 

MAE =
1
N
∑N

i=1
|yi − ŷi | (24a)  

MAPE =
1
N
∑N

i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒ (24b)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(yi − ŷi)

2

√

(24c)  

R2 = 1 −
∑N

i=1(yi − ŷi)
2

∑N
i=1(yi − y)2 (24d)  

where y and ŷ are the target and predicted values, respectively, y is the 
mean of y values, and N is the number of data points. 

6.1. Model prediction results 

Fig. 6a–d show the scatter plots for the predicted (Mpred) versus 
experimental (Mexp) flexural capacities using the single ML models, 
while Fig. 7a–c compare the experimental and predicted flexural 

Fig. 6. Experimental versus predicted flexural capacities of FRCM-strengthened beams based on single models.  

T.G. Wakjira et al.                                                                                                                                                                                                                             



Engineering Structures 255 (2022) 113903

9

Fig. 7. Experimental versus predicted flexural capacities of FRCM-strengthened beams based on ensemble models.  

(a) )b(tserofmodnaR Gradient Boosted trees 

(c) tsooBgx

Fig. 8. Residual of the predicted load capacity on the normalized training and test datasets for ensemble models.  
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Table 2 
Performance indices of different ML models.  

Model Training dataset Test dataset 

RMSE (kN⋅m) MAE (kN⋅m) MAPE (%) R2 (%)  RMSE (kN⋅m) MAE (kN⋅m) MAPE (%) R2 (%)  

KNN  4.80  3.10  5.87  97.2  8.43  5.15  9.30  93.1 
KRR  4.45  3.56  7.86  97.6  4.71  3.37  7.32  97.8 
SVR  3.97  2.72  5.77  98.1  4.44  3.04  6.01  98.1 
CART  3.95  2.58  5.86  98.1  5.14  3.68  8.44  97.4 
RF  3.71  2.67  5.52  98.4  4.30  3.51  7.92  98.2 
GBT  2.52  1.84  3.91  99.2  3.19  2.33  4.73  99.0 
xgBoost  2.41  1.55  3.17  99.3  2.70  1.77  3.25  99.3  

Fig. 9. Experimental versus predicted load capacity of FRCM-strengthened beams based on the existing models.  
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capacities of the strengthened beams based on the ensemble ML models. 
Generally, all developed ML models showed a good correlation between 
the experimental and predicted flexural capacities with R2 ≥ 93.1%. 
Among the single models, KNN showed the least predictive performance 
on both the training and test sets, while SVR showed the highest pre-
dictive performance, as can be observed in Fig. 6a–d. 

For all the ensemble models, as illustrated in Fig. 7a–c, the predicted 
flexural capacities are well concentrated closely around the 45-degree 
diagonal line that represents a perfect match between the predicted 
flexural capacities and the corresponding experimental values. This can 

Table 3 
Evaluation of existing and proposed models based on Mpred/Mexp ratio.  

Model Mean STD COV 

Model-1 [42]  1.257  0.286  0.228 
Model-2 [37]  0.738  0.134  0.182 
Model-3 [76]  0.755  0.205  0.272 
Model-4 [77]  0.799  0.162  0.203 
Proposed xgBoost  1.002  0.048  0.048 

STD: Standard deviation; COV: Coefficient of variation. 

Fig. 10. Explanation of flexural capacity of RC beam strengthened with FRCM in flexure for Specimen CC1 strengthened with PBO-FRCM in [6].  

Fig. 11. Summary plot for elucidating the global feature influences of the input features (the color represents the value of the factor varying from low (blue) to high 
(red)) (a) and global importance of the input features (b). 

Fig. 12. SHAP dependency and interaction plots.  
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also be observed in Fig. 8a–c that show the residual of the predicted 
flexural capacity of the beams, which is the difference between Mexp and 
Mpred on the normalized training and test datasets. The figures also 
provide the coefficient of determination for both the training and test 
datasets. The residuals for all ensemble models are distributed around 
zero, as can be seen in Fig. 8a–c. In addition, the proposed ensemble 
models resulted in a strong correlation between the predicted and 
experimental flexural capacities as can be evidenced from the values of 
coefficient of determination, R2 ≥ 98.2%, as can be seen in Fig. 7a–c and 
Fig. 8a–c. This observation showed that the proposed ensemble models 
are effective in predicting the flexural capacity of FRCM-strengthened 
RC beams. 

The performance metrics discussed earlier are computed and listed in 
Table 2 for all models. The results in Table 2 suggested that the pre-
dictive performance of all ensemble models is higher than that of the 
single models (KRR, KNN, SVR, and CART). The CART and SVR models 
showed a comparable prediction performance on the training set, while 
the latter performed better on the test set, as listed in Table 2. The KNN 
resulted in the lowest coefficient of determination (97.2% and 93.1% on 
the train and test sets, respectively) and the highest RMSE (4.80 kN and 
8.43 kN on the train and test sets, respectively), as listed in Table 2. 

Among the investigated ML models, the xgBoost model out-
performed all other models on both the train and test sets as suggested 
by the performance metrics in Table 2. The statistical metrics for the 
xgBoost model are 99.3% (R2), 2.70 kN⋅m (RMSE), 1.77 kN⋅m (MAE), 
and 3.25% (MAPE) on the test set, as listed in Table 2. The value of the 
coefficient of determination for the GBT, RF, CART, SVR, KRR, and KNN 
models was 99.0%, 98.2%, 97.4%, 98.1%, 97.8%, and 93.1%, respec-
tively, compared to R2 value of 99.3% for the xgBoost model on the test 
set, as presented in Table 2. Among the ensemble models, the RF model 

showed the least performance on both the train and test sets. The 
following section compares the performance of the proposed xgBoost 
model with that of the existing models in predicting the flexural and load 
capacities of flexural deficient RC beam strengthened with FRCM. 

6.2. Comparison of the proposed and existing models 

The predictive performance of the proposed model; particularly, the 
xgBoost model and the existing models for the FRCM-strengthened RC 
beams are compared herein. A total of four models proposed by Jung 
et al. [42], Bencardino et al. [37], Ceroni and Salzano [76], and Mandor 
and El Refai [77] are used for the comparison purpose, as discussed in 
Section 2. Model-1 [42] is the most general model developed based on 
the Teng et al. [75], originally proposed for the FRP system. Hence, it is 
validated against the complete database. Model-2 [37] is developed for 
steel FRCM; thus, it is applied to RC beams strengthened with steel 
FRCM only (a total of 30 beams). The ACI 549.4-20 guideline [38] is 
based on the elastic modulus and strains in FRCM composites obtained 
from the test results of FRCM coupons; however, these values are not 
reported in the majority of the specimens included in the database. Thus, 
this model [38] is excluded from the comparative study. 

Fig. 9a–e illustrate the experimental versus predicted flexural and 
load capacities based on the existing models [37–42] and the proposed 
xgBoost. The flexural capacity of the strengthened beams is determined 
using the existing and proposed models, while the load capacity is 
determined based on the loading and boundary conditions of the beams. 
The equity solid line in these figures represents the perfect match be-
tween the experimental and predicted responses. Besides, Table 3 pre-
sents the evaluation of the existing and proposed models in terms of the 
average, standard deviation (STD), and coefficient of variation (COV) of 

(a)  versus  response 

(b) calibration of the strengthe reduction factor

Fig. 13. Reliability index and calibration of strength reduction factor for the proposed xgBoost model.  
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Mpred/Mexp ratio. Among the existing models, Model-4 [77] showed the 
best predictive performance with an average of Mpred/Mexp ratio of 
0.799 ± 0.162 and COV of 0.203, as listed in Table 3. As discussed 
earlier, Model-2 [37] was applied to only 30 specimens strengthened 
with steel FRCM in the collected database. The average of Mpred/Mexp 

ratio based on Model-2 [37] was 0.738 ± 0.134 with COV of 0.182. As 
can be observed in Fig. 9a–d and Table 3, Model-1 [42] tends to highly 
overestimate the flexural capacity of the strengthened beams with an 
average of Mpred/Mexp ratio of 1.257 ± 0.286 and COV of 0.228. The 
proposed model showed superior prediction ability compared to the 
existing models, as can be seen in Fig. 9a–e and Table 3. 

6.3. Model explainability using SHAP approach 

This study employs the unified SHAP method to explain the outputs 
of the xgBoost model and highlight the most significant factors and their 
interactions in determining the flexural capacity of FRCM-strengthened 
RC beams in flexure. In this approach, the SHAP value, which is the 
average marginal contribution of each factor is assigned to each factor. 
The factor with the largest absolute SHAP value is deemed most sig-
nificant. A typical single prediction plot using the xgBoost model is 
shown in Fig. 10 (in a natural logarithmic scale), in which the base value 
denotes the average of the observed response values ( 1

325
∑325

i=1 lnMexp). 
The length and color of the bar in Fig. 10 show the degree of significance 
and direction (negative or positive) of the effect of each factor, respec-
tively. As can be observed in Fig. 10, the internal tensile reinforcement 
area (Ast) showed the highest effect followed by FRCM reinforcement 
area and width of the beam section. All factors in Fig. 10 showed positive 
influences; thus, contributing to the increase in the base value. 

The distribution of the Shapley values for each factor across the 
entire dataset is shown in Fig. 11a. In this figure, each point represents a 
Shapley value for a feature and an individual observation in the dataset. 
The position of each dot on the x-axis represents a Shapley value for each 
factor, which shows the influence of each factor on the flexural capacity 
of the strengthened beams, while the y-axis provides the factors in their 
order of importance. The color in Fig. 11a shows the value of the factors. 
For instance, the high value of the internal steel reinforcement area and 
FRCM area increase the predicted flexural capacity of the strengthened 
beams. 

The global significance of the factors is determined as the average of 
the absolute Shapley values across the entire dataset (in Fig. 11a) for 
each factor and plotted in descending order of their importance in 
Fig. 11b. As can be observed in this figure, the four most influential 
features are the area of the internal tensile steel reinforcement (Ast), 
width of the beam section (bw), area of FRCM system, and effective 
depth of the beam section. On the contrary, Asc is the least influential 
feature compared to all other factors for the flexural capacity prediction 
using the proposed xgBoost model. Moreover, the direction of the effect 
of each factor is shown in the same figure. All factors showed positive 
effects on the flexural capacity of the strengthened beams, as shown in 
Fig. 11b. Furthermore, Fig. 12 shows the effect of the internal/external 
reinforcement interaction on the flexural capacity of the strengthened 
beams based on the results of SHAP feature dependence analysis. As can 
be observed in Fig. 12, a negative interaction is observed between the 
internal/external flexural reinforcements. 

7. Reliability analysis of flexural strengthened RC beams with 
FRCM 

Reliability analysis in structural engineering is used to assess the 
functionality and performance of a structure. To ensure their safety, 
structures are designed in such a way that their capacity (R) exceeds the 
demand (Q). According to the load and resistance factor design (LRFD), 
the limit state in the resistance factor format is given by: 

ϕRn ≥
∑

γiQi (25)  

where Rn is the nominal resistance, ϕ is the capacity reduction factor, Qi 
is the load effect due to different types of loads (e.g., live load, dead load, 
snow load, etc.), and γi is the load partial safety factor. Considering the 
effect of only the dead load (PDL) and live load (PLL), according to ACI 
318 [86], the limit state in Eq. (25) can be given by: 

ϕRn ≥ 1.4PDL (26a)  

ϕRn ≥ 1.2PDL + 1.6PLL (26b) 

The selection of the target reliability index depends on the conse-
quences of failure [87]. According to [87], the target reliability index is 
taken between 3.0 and 3.5 for flexural members. In this paper, the 
reduction factor is calibrated for the flexural capacity of RC beams 
strengthened in flexure with FRCM based on the proposed xgBoost 
model to achieve a target reliability index of 3.5. The reliability index (β) 
can be defined as follows, in terms of the probability of failure (PF): 

β = φ− 1(1 − PF) (27)  

where φ− 1 is the inverse of standard normal cumulative distribution. 
According to Szerszen and Nowak [88], a normal distribution is 

assumed for both dead load and live load distributions. The bias and 
coefficient of variation of the dead load for cast-in-situ concrete are 
taken as 1.05 and 0.1, respectively [88]. The statistical parameters for a 
50-year live load are taken as 1.0 (bias) and 0.18 (COV). The distribution 
parameters for the capacity R are determined based on the collected 
experimental database. The determination of the reliability index in this 
study can be summarized as follows:  

• Assuming dead load to total load ratios (α = PDL/(PDL + PLL)) of α =

0.0 : 0.1 : 1.0, generate a total of 250 million simulations for each α 
using the Monte Carlo Simulation.  

• Determine the nominal capacity of the beam based on the governing 
limit state in Eqs. (26a) and (26b). The actual mean is the product of 
the nominal mean and bias.  

• Determine the reliability index based on Eq. (27). The probability of 
failure corresponds to the probability of R < Q. 

• Calibrate the resistance reduction factor to achieve a target reli-
ability index (βT) of 3.50 using the least square method in Eq. (28). 

LSM =
1
n
∑n

i=1
(βi − βT)

2 (28)  

where LSM is the least square mean and βi is the reliability at a particular 
ϕ. 

A range of capacity reduction factor ϕ = 0.750 : 0.01 : 0.95 was 
analyzed and the value of β corresponding to each ϕ was determined and 
results are plotted in Fig. 13a. As expected, the value of β increased with 
a decrease in ϕ, as shown in Fig. 13a. The larger safety margin corre-
sponds to a smaller value of the resistance reduction factor. Fig. 13b 
shows the variation of LSM with the change in ϕ for a target reliability 
index of 3.5. As shown in this figure, the minimum LSM corresponds to a 
capacity reduction factor of 0.92. Hence, a reduction factor of 0.92 is 
recommended to achieve a target reliability index of 3.5 for RC beams 
strengthened in flexure with FRCM based on the proposed xgBoost 
model. A design example is provided in Appendix A to illustrate the 
design of the FRCM system for flexural strengthening of RC beams based 
on the calibrated ϕ using the proposed xgBoost model. 

8. Conclusions 

A substantial amount of research efforts has been devoted to exper-
imentally investigate the flexural behavior of FRCM-strengthened RC 
beams; however, the available analytical studies are limited. Moreover, 
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there exists a large discrepancy in the predictions of the flexural and 
load capacities of FRCM-strengthened RC beams using the existing 
models. Therefore, it is crucial to enrich the literature with a more ac-
curate and reliable model. To this end, this paper applies different ma-
chine learning models to predict the flexural and load capacities of 
flexural strengthened RC beams using different types of FRCM systems 
(carbon FRCM, PBO FRCM, and steel FRCM) for the first time. A total of 
nine input parameters that describe the beam geometry, mechanical 
characteristics of materials, and reinforcement area of steel bars and 
FRCM are included in the database. The predictive performance of the 
existing models is also presented and compared with that of the pro-
posed model. The use of a unified SHAP method is investigated to 
explain the predicted response and rank the input features and their 
interactions for the flexural capacity of FRCM-strengthened beams based 
on the proposed xgBoost model. Finally, a reliability analysis is per-
formed to calibrate a resistance reduction factor to achieve a target 
reliability index of 3.50 based on the proposed xgBoost model. The 
following conclusions can be drawn from this study: 

• Among the existing models, Model-4 [77] resulted in the most ac-
curate predictions with an average of Mpred/Mexp ratio of 0.799 ±
0.162 and COV of 0.203. Model-1 [42], which was developed based 
on Teng et al. [75] model for the FRP system, provided unsafe pre-
dictions for most of the strengthened beams with an average of Mpred/

Mexp ratio of 1.257 ± 0.286 and COV of 0.228.  
• Generally, all the developed ML models showed good prediction 

accuracy. The xgBoost model achieved the best predictive ability 
with the least RMSE, MAE, and MAPE values and the highest R2 on 
both the training and test datasets. The value of R2 using the xgBoost 
model was 99.3% and 99.2% for the training and test datasets, 
respectively.  

• A comparative study between the proposed and existing models 
revealed the superior predictive capability and robustness of the 
proposed model. The predicted flexural and load capacities of the 
strengthened beams based on the existing models are highly scat-
tered and unsafe.  

• Based on the results of SHAP, it is noted that the area of internal 
tensile steel reinforcement, area of FRCM reinforcement, and width 
and depth of the beam section have the most significant influences on 
the flexural capacity of the strengthened beams. 

• A capacity reduction factor ϕ = 0.92 is calibrated to achieve a reli-
ability index βT = 3.5. A design example is provided in Appendix A 

to illustrate the design of the FRCM strengthening system for flexural 
deficient RC beams based on the proposed xgBoost model and cali-
brated reduction factor. 

The present study can contribute to the state-of-the-art for design and 
flexural strengthening of RC beams. However, the results of this study 
are limited to the parameters investigated. Therefore, future research is 
recommended to investigate the application of data-driven ML models to 
predict the failure mode of RC beams strengthened in flexure and ca-
pacity and failure mode of RC beams strengthened in shear. 
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Appendix A. Design example 

A simply supported RC bridge beam is seriously damaged due to corrosion on its bottom face (Fig. A1). The beam is estimated to have lost 20% of 
its flexural reinforcement due to corrosion. Design the required FRCM reinforcement for strengthening of the beam and recovering its flexural 
capacity. 

Details of the existing beam:  

• Cross-sectional dimensions: 200 × 250 mm (bw × d).  
• Concrete strength: fc = 30 MPa,  
• Yield strength of steel bars: fy = 420 MPa,  
• Longitudinal tension reinforcement: 4 bars with 14 mm diameter, and  
• Longitudinal compression reinforcement: 2 bars with 14 mm diameter. 

Flexural capacity of the beam before strengthening:  

• Nominal flexural capacity before damage: Mn = 58.1 kN⋅m  
• Nominal flexural capacity after damage: Mnd = 46.48 kN⋅m 

Try two layers of carbon FRCM: 
Selected FRCM fabrics: bi-directional carbon fabrics (Fig. A2) with the following properties: 
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• Grid spacing: 10 × 10 mm,  
• Area of fiber per unit width in both the weft and warp directions: 047 mm2/mm, and  
• Elastic modulus: Ef = 240 GPa. 

Flexural capacity of the strengthened beam: 

Af = nf tf bf = 18.8 mm2,Ast = 523.39 mm2,Asc = 307.88 mm2    

• Determine the nominal flexural capacity using the proposed xgBoost model. A web-based application, which is under development using the 
proposed xgBoost model is available at https://beamcapacity.herokuapp.com/. The predicted nominal flexural capacity of the strengthened beam 
(Mn,new) is determined to be: 

Mn,new = 65.75 kN⋅m    

• Check the flexural capacity of the strengthened beam against that of the original beam before damage: 

Mn,new = 65.75 kN⋅m ≥ Mn = 58.1 kN⋅m,OK    

• Determine the design flexural capacity: 

Mr,new = ϕMn,new = 0.92 × 65.75 kN⋅m = 60.49 kN⋅m  
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