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Abstract: Due to the intrinsic complexity, there has been no widely accepted mechanics-based estima-
tion model of the shear performance of Fiber-Reinforced Polymer (FRP)-reinforced concrete beams.
Capitalizing on a large amount of previous experimental data, data-driven machine learning (ML)
models could be potentially suitable for addressing this problem. In this paper, four existing shear
design provisions are reviewed and four typical ML models are analyzed. The accuracy of codified
methods and ML models are compared and analyzed based on our established extensive database
of FRP-reinforced concrete beams with rectangular cross sections. A series of artificially selected
features considering the shear-carrying mechanisms of FRP-reinforced beams are incorporated into
the proposed ML models to show their influence on the model validity. Bayesian optimization is
utilized to automatically tune the hyperparameters of different ML models. Compared to the most
satisfying codified predictions from CSA S806, the best ML model, XGBoost, can provide more
accurate and consistent predictions for the database, with R2 enhanced by 15% and the MAE and
RMSE reduced by 59% and 52%, respectively. With the selected features based on domain knowledge,
the performance of ML models is further enhanced, shown by the most important features being the
added ones. With outstanding performance on a large database and singular test, the ML approaches
have great potential in guiding the shear design of FRP-reinforced concrete.

Keywords: concrete beams; FRP reinforcement; shear design provisions; machine learning; shear
test database

1. Introduction

Composed of high-strength fibers and polymer matrix, Fiber-Reinforced Polymer
(FRP) has been applied in civil engineering since the 1980s due to its high strength, light
weight and corrosion resistance [1,2]. To address the corrosion-related problems, FRP
rebars were proposed to replace steel rebars as reinforcement for concrete structures [3,4].
Due to the anisotropic linear-elastic mechanical properties and lower elastic modulus,
FRP-reinforced concrete (FRP-RC) structures show different flexural and shear behaviors
compared to steel-reinforced concrete structures [1,5–7].

Specifically, due to catastrophic failure, the shear performance of FRP-reinforced
concrete beams became a critical topic [8–13]. FRP-reinforced concrete beams with no
stirrups share similar shear-carrying mechanisms with steel-reinforced concrete beams,
where the applied shear force is carried by the aggregate interlock, dowel effect and
uncracked concrete compression zone, as shown in Figure 1.

However, compared to steel rebars, the lower stiffness of FRP flexural rebars initiates
wider shear cracks and weaker aggregate interlock [9,14–16]. The resulting smaller com-
pression depth provides lower shear resistance. In addition, a lower dowel effect is found
as a result of the lower transverse strength and stiffness of FRP rebars [8,10,17].
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Figure 1. Shear-carrying mechanism of FRP-reinforced concrete beams without shear reinforce-
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Figure 1. Shear-carrying mechanism of FRP-reinforced concrete beams without shear reinforcement.

The current shear design methods of FRP-reinforced concrete members without stir-
rups adopt the same shear design philosophy of steel-reinforced concrete by modifying
the empirical equations derived from steel-RC [9,12,18]. Although the codified design
provisions for FRP-RC [17,19–23] could be valid for certain sets of tests, most of the design
provisions only can provide inaccurate predictions of shear strength. The validity of the
current codified approaches varies depending on the changing beam geometry, shear span–
depth ratio and flexural reinforcement [9,12,18]. Significant studies have been carried out
on shear capacity estimation but there has been no comprehensive and widely accepted
mechanics-based model capable of providing accurate predictions for the shear strength of
FRP-RC beams without FRP links due to the complex underlying phenomena.

Recently, there has been a surge of interest in using data-driven or machine learning
(ML) approaches to estimate complex underlying relationships. ML is used to design a
model to learn the trends, thus focusing on prediction based on known properties learned
from the training data. It can be effectively used to enhance metamodel performance and
can also be considered to check the general validity of laboratory or field test results. ML
can also help minimize and potentially avoid time-consuming laboratory or field tests to
determine design parameters [24,25].

To date, ML approaches have been used for strength predictions of concrete structures,
capitalizing on the extensive amount of experimental data and low accuracy of traditional
mechanical prediction models, especially for shear problems [26–34]. The current investi-
gations have demonstrated that the data-driven ML approaches could provide strength
predictions with significantly high accuracy compared with the design provisions. How-
ever, limited research has been carried out, focusing on the retrofitting of RC structures
with FRP [35–44]. In addition, normal ML approaches only rely on the initial input, but the
shear prediction of FRP-reinforced concrete is a complex question which requires a deep
understanding of the mechanism.

There are mainly two paradigms for shear strength prediction: mechanics-driven
models [8–13] and data-driven models (such as ML models) [36,37,39,43,44]. However, both
methods have their drawbacks. Mechanics-driven models are limited by their respective
assumptions, making them difficult to simulate this strong nonlinear problem. Pure data-
driven models ignore the prior knowledge of mechanisms in this field and require a lot of
data to ensure the model performance. Obtaining data for engineering problems is time-
consuming and labor-intensive. Embedding prior mechanics knowledge into the machine
learning model is expected to improve performance with a given number of specimens.

To address these issues, this paper established an extensive database of shear tests
of FRP-reinforced concrete beams with rectangular cross-sections. The typical codified
shear design provisions and four data-driven Machine Learning models are reviewed and
evaluated. Additional mechanics-based properties are introduced to improve model per-
formance given existing machine learning models and limited data, aiming to explore the
integration of data-driven and mechanics-driven models. The accuracy of the shear design
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provisions and the ML models incorporating artificially selected features considering the
shear-carrying mechanisms are evaluated, compared and analyzed based on the established
database. An additional validation test is used to verify the accuracy of the proposed ML
approaches with additional features for individual testing. Further parametric analysis
is conducted to analyze the influences of design configurations of the FRP-reinforced
beams. This work shows the significant potential of ML approaches in the shear design of
FRP-reinforced concrete.

2. Shear Design Provisions and Machine Learning Approaches
2.1. Codified Shear Design Provisions

The shear design provisions for FRP-RC beams without stirrups from four widely
used design guidelines including CSA S806 (2012) [20], CSA S6 (2014) [21], JSCE guideline
(1997) [23] and ACI 440.1R (2015) [17] are reviewed. As the modified version of their
counterparts in steel RC design codes, the expressions of concrete contribution Vc differ in
all the listed guidelines. Given that the lower stiffness of flexural FRP bars could result in
wider shear cracks, lower dowel effect and lower aggregate interlock, these guidelines use
various factors to account for this effect, as shown in Table 1.

Table 1. Shear provisions of concrete contribution.

Guidelines Shear Design Provisions

JSCE (1997)
Vc =

4
√

1000/d 3
√

100ρ f l E f l/Es0.2( f ′c)
1/3bd

where 4
√

1000/d and 3
√

100ρ f l E f l/Es ≤ 1.5 and 0.2( f ′c)
1
3 ≤ 0.72MPa

(1)

ACI 440.1R (2015)
Vc = 0.4

√
f ′cbkd

where k =

√
2ρ f ln f l +

(
ρ f ln f l

)2
− ρ f ln f l and n f l = E f l/Ec

(2)

CSA S6 (2014)
Vc = 2.5βφc fcrbdv

where β = 0.4
(1+1500εx)

1300
(1000+Sze)

and εx =
M f /Vf +Vf

2(E f A f )
≤ 0.003

(3)

CSA S806 (2012)

Vc = 0.11φc( f ′c)
1/2bdv ≤ 0.05λφckmkrkska( f ′c)

1/3bdv ≤ 0.22φc( f ′c)
1/2bdv

where km =
√

Vf d/M f ≤ 1.0; kr = 1 +
(

ρ f l E f l

)1/3
; ka = 2.5Vf d/M f ≥ 1.0;

ks = 750/(450 + d) ≤ 1.0

(4)

Note: d is beam effective depth; b is beam width; ρ f l is flexural reinforcement ratio; E f l is elastic modulus of
FRP flexural reinforcing bars; E f l is elastic modulus of steel reinforcing bars; f ′c is concrete cylinder strength at
28 days; Ec is concrete elastic modulus; fcr is concrete crack strength, calculated as 0.4

√
f ′c ; Sze is the equivalent

cracking spacing parameter considering aggregate size; Vf and M f are applied shear force and bending moment,
respectively; dv is shear effective depth; φc is coefficient accounting for concrete type.

The effect of lower flexural bar rigidity could normally be considered by introducing a
ratio of elastic modulus between FRP and steel (E f l/Es): JSCE (1997) shear design equation
of Vc incorporates the factor (E f l/Es)1/3; ACI 440.1R (2015) only considers the uncracked
compression zone to provide shear resistance by using the factor k, which is a function of
the flexural reinforcement ratio and the ratio of flexural bars and concrete. CSA S6 (2014)
considers this effect by replacing Es As with E f l A f l when calculating the mid-depth normal
strain of the critical cross-section εx, whilst CSA S806 (2012) introduces a coefficient kr
accounting for the effect of flexural reinforcement rigidity on shear strength.

2.2. Machine Learning Models

In this study, four typical ML models are adopted for the comparison analysis. Linear
Regression serves as the baseline model and evaluates the linearity of features. Tree-based
models are most utilized for the prediction of tabular data [45,46]. Another three tree-based
models are employed, namely Decision Tree, Random Forest and XGBoost. Decision Tree
is a typical single tree model. Random Forest and XGBoost are two ensemble tree models,
which are widely used and often achieve SOTA performance for tabular data.
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2.2.1. Linear Regression

Linear regression fits a linear model with coefficients to minimize the residual sum of
squares between the observed targets in the dataset and the targets predicted by the linear
approximation [47]. Given a sample x = (x1, x2, . . . , xN)

T with N features, the predicted
value ŷ is determined by:

ŷ(w, x) = w0 + w1x1 + . . . + wN xN = xTw (5)

where w = (w1, . . . , wN) is the regression coefficients and T denotes the transpose so
that xTw is the inner product between vectors x and w. In the least-squares setting, the
optimum coefficients are defined as such that minimizes the sum of mean squared loss to
obtain the optimized value of the regression coefficients.

2.2.2. Decision Trees

Decision trees (DTs) are a non-parametric guided method for solving classification
and regression problems. They divide the feature space into a series of simple parts, which
in turn create a learning model and use the simple decision rules inferred from the training
data to make predictions. DTs are one of the most popular machine learning algorithms
given their intelligibility and simplicity. In this study, DTs serve as the baseline for the
evaluation of model performance compared to other ensemble models.

2.2.3. Random Forests

Random Forests (RF) are an integrated model consisting of a combination of the
bagging method and decision trees. They combine M randomized DTs and aggregate their
predictions by averaging. The j-th tree estimate takes the form

Tn
(
x; Θj,Dn

)
= ∑

i∈D?
n(Θj)

1xi∈An(x;Θj ,Dn)Yi

Nn
(
x; Θj,Dn

) (6)

where Θj is the model parameter, D?
n
(
Θj
)

is the set of data points selected prior to the
tree construction, An

(
x; Θj,Dn

)
is the cell containing x and Nn

(
x; Θj,Dn

)
is the number

of (preselected) points that fall into An
(
x; Θj,Dn

)
. With M DT models established, the RF

prediction ŷi of specimen (xi, yi) is

ŷi =
1
M

M

∑
M=j

Tn
(
x; Θj,Dn

)
(7)

2.2.4. XGBoost

XGBoost (eXtreme Gradient Boosting) is also an integrated learning method, which is
an extended form of gradient boosted decision tree (GBDT). Compared to other models,
XGBoost is optimized in terms of loss function and loss optimization process. XGBoost runs
with a parallel tree boost and can quickly and accurately resolve many data science tasks,
achieving state-of-the-art results in many problems. XGBoost minimizes the following rule
loss function to learn the weak learner set in the integrated model:

L = ∑
i

l(ŷi, yi) + ∑
K

(
γN +

1
2

v‖βk‖2
)

(8)

where l is the difference between the prediction ŷi and the target yi; N is tree node number;
γ and v are penalty coefficients and βk is leaf scores. The first term typically adopts a
squared loss function, while the second term is based on the leaf’s L2 norm and the number
of tree nodes N. The prediction of XGBoost for concrete is obtained by the unweighted
summation of all weak learners.
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2.3. Bayesian Optimization

Bayesian optimization is utilized in this study for the automated hyperparameter
optimization. It involves two critical components: a probabilistic proxy model and an
acquisition function that determines which point to be further evaluated. The surrogate
model is adjusted to all currently observable targets with each iteration. The usefulness
of various candidate points is then determined by the acquisition function using the
probabilistic model’s prediction distribution. The acquisition function is computationally
inexpensive compared to evaluating expensive black box functions and therefore can
be thoroughly optimized. In this study, positive expected improvement (EI), denoted
as I(λ) = max{c−Jmax, 0}, is utilized as the acquisition function. The expectation is
as follows:

E[I(λ)] :=
∫ +∞

Jmax
max{c−Jmax, 0} · p (J | λ)dJ (9)

where p (J|λ) is obtained using the surrogate model Tree Parzen Estimator (TPE). TPE adopts
individual models for p(J) and p (λ|J) to obtain p (J|λ). The calculation is expressed as

p(λ | J ) =

{
`(λ), if J < J ∗
g(λ), if J ≥ J ∗ (10)

p(J | λ) =
p(λ | J )p(J )

p(λ)
=

l(λ)p(J )

γl(λ) + (1− γ)g(λ)
(11)

where, J ∗ is chosen as the γ-quantile of the objective values (0.15 by default) and `(λ)
and g(λ) are density estimates with corresponding objective values smaller or greater
than J ∗, respectively. The best λ is the hyperparameter set to maximize Equation (6).
Finally, hyperparameters of the predictive model for concrete compressive strength are
optimized using Bayesian optimization, which randomly generates innumerable candidate
hyperparameter configurations and selects λ as the minimum value.

3. Database

To develop the data-driven models, an extensive database of shear tests of concrete
beams reinforced without FRP stirrups was established, including test details of 219 beam
members without FRP stirrups from 47 investigations between 1994 and 2018. In the
database, all the beams had rectangular cross-sections. Only beams that failed in shear are
considered and datasets with inadequate information are removed. As the included tests
were conducted under various setups, the shear force carried by the shear span at failure is
considered as the ultimate shear capacity to exclude the influence of the test setup.

For the shear design provisions and ML approaches, the input information of the
beam specimens includes beam geometry (effective depth d and web width bw), testing
setup (ratio of shear span to effective depth a/d), concrete strength f ′c , flexural bar param-
eters (tensile strength f f u, Elastic Modulus E f and Reinforcement ratio ρ f l) and ultimate
capacity (total shear force Vu,exp). The database statistics are summarized in Table 2. The
distributions of input features and correlations between them are shown in Figure 2.

Table 2. Statistics of database.

Parameter Mean Max Min SD COV

Beam geometry
d (mm) 258.3 937 73 141.3 0.55

bw (mm) 221.2 457 89 95.1 0.43
a/d 3.5 8 2.5 1.1 0.31

Concrete f ′c (MPa) 46.2 102 20 17.1 0.37

Reinforcement
f f u (MPa) 1091.5 2840 397 535.0 0.49
E f (MPa) 70.9 148 29 40.7 0.57

ρ f l (%) 1.2 11.46 0.11 1.4 1.17
Shear capacity Vu,exp (kN) 78.3 396.3 9.1 66.8 0.85
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4. Evaluation Methodology

In this section, the evaluation for shear design provisions and ML models are illus-
trated. For the shear design provisions, the shear capacities of the tested specimens in the
established database could be calculated following the equations shown in Table 1. For the
ML models, the models were developed by inputting the design parameters of the beam
specimens in the established database. The ML models were developed by incorporating
additional artificially selected features based on the literature in this field (Section 4.1).
With the predictions from the shear design provisions and the ML models (two versions),
their effectiveness will be evaluated by the performance measures.

4.1. Artificially Selected Features

With the understanding of the shear-carrying mechanism and the design provisions,
the current basic form of the ML models could be developed by artificially selecting the
input features to reflect the shear-carrying mechanism.
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The selected features could be categorized into two levels including: (1) beam features
and (2) shear capacity features, as shown in Table 3. The beam features include G, C and
R to reflect the cross-section, concrete strength and reinforcement stiffness, respectively.
There are two different methods to consider the concrete strength in current codified
provisions and, therefore, C1 and C2 are used to reflect the two methods. Similarly, for the
reinforcement, various methods have been included in the codified provisions to consider
the lower stiffness of FRP flexural reinforcement and three representative approaches are
adopted as features R1, R2 and R3. In addition, the shear span to depth ratio (λ) is also a
critical factor for the shear capacity predictions. Consequently, the shear capacity features
are the products of different features to reflect the contributions from concrete (C1 and C2)
and reinforcement stiffness (R1, R2 and R3) and the influence of the ratio of shear span to
effective depth ratio (λ).

Table 3. Artificially selected input features.

Features Feature Description Notion Calculation Method

Beam feature

Geometry G bwd

Concrete
C1

√
f ′c

C2 3
√

f ′c

Reinforcement

R1 E f ρ f l
R2

√
E f ρ f l

R3 3
√

E f ρ f l

Shear capacity features Shear capacity calculation

SCR1
√

f ′cbwdE f ρ f l/(λ + 1)
SCR2

√
f ′cbwd

√
E f ρ f l/(λ + 1)

SCR3
√

f ′cbwd 3
√

E f ρ f l/(λ + 1)

SCR4 3
√

f ′cbwdE f ρ f l/(λ + 1)
SCR5 3

√
f ′cbwd

√
E f ρ f l/(λ + 1)

SCR6 3
√

f ′cbwd 3
√

E f ρ f l/(λ + 1)

SC1
√

f ′cbwdE f ρ f l
SC2

√
f ′cbwd

√
E f ρ f l

SC3
√

f ′cbwd 3
√

E f ρ f l

SC4 3
√

f ′cbwdE f ρ f l
SC5 3

√
f ′cbwd

√
E f ρ f l

SC6 3
√

f ′cbwd 3
√

E f ρ f l

4.2. Performance Measures

To evaluate the predictive performances of the current shear design provisions and
the ML models with proposed features in this study, the mean value of the experimental
result divided by the predictions (Vu,exp/Vu,pre), corresponding standard deviation (SD),
root mean squared error (RMSE), the mean absolute error (MAE) and the correlation of
coefficient (R2) were adopted to examine the prediction errors.

R2 = 1− ∑n
i=1
(
Vu,exp −Vu,pre

)2

∑n
i=1
(
Vu,exp −Vu,exp

)2 (12)

RMSE =

√
∑n

i=1
(
Vu,exp −Vu,pre

)2

n
(13)

MAE =
∑n

i=1
∣∣Vu,exp −Vu,pre

∣∣
n

(14)
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where, n is the number of specimens in the dataset, Vu,exp and Vu,pre are experimental
and predicted shear strength and Vu,exp is the average value of the experimental shear
strength. R2 is more intuitively informative as it can be expressed as a percentage. It
denotes the proportion of the variation in the dependent variable that is predictable from
the independent variable.

5. Implementation of the Predictive Model

The implementation of ML-based predictive models for shear strength prediction of
FRP-reinforced concrete beams without stirrups is solved by a fully automated approach,
leveraging Bayesian optimization for conditional hyperparameter optimization. There are
two cases in this study. First, all ML models are trained with raw input features without
artificially selected ones. After that, all ML models are trained with all the artificially
selected features. The dataset is randomly split into train set and test set comprising 80%
and 20% of the complete dataset, respectively. There are 175 and 44 samples in train
set and test set. During the Bayesian optimization, 10-fold cross-validation is utilized,
where 9 folds of train set are for training and left 1-fold of the train set for validation. The
procedure is iterated 10 times to ensure that each fold is utilized as a validation set. Model
performance is calculated based on the average of the 10 validation sets. Test set is kept
unseen in the training process to avoid data leakage. The objective metric is set to be R2

for all models, with the number of iterations set to 100. The hyperparameter search space
varies on different models, including Linear Regression, Decision Tree, Random Forest
and XGBoost.

The optimization history XGBoost is shown in Figure 3. Hyperparameters of other
ML models are tuned automatically with the same procedure using Bayesian optimization.
R2 is set to be the objective value. The initial R2 value is low, and as the optimization
progresses, the value of TPE of Bayesian optimization for the hyperparameter makes the
model performance tend to be better. The best R2 result is 0.9362 in the validation set. The
hyperparameter importance of the XGBoost is shown in Figure 4. The hyperparameter
importance is calculated by Hutter [48]. All the importance values are summed up to 1.0.
The most important hyperparameter of XGBoost is lambda. The number of estimators
ranks second. The range of the important hyperparameters is set iteratively to ensure
including the best values. With the aid of hyperparameter importance, users could pay
more attention to setting the ranges of the relatively more important hyperparameters. It
will greatly help reduce time consumption and manual intervention.

The hyperparameter optimization process for 100 iterations is shown in Figure 5.
Due to space limitations, only the model and five most important features of XGBoost
are listed in the Figure 5. The principles of the optimization process of other models and
hyperparameters are similar. It should be noted that, compared with grid search in the
optimization process of Bayesian optimization, the value of a single hyperparameter does
not increase in one direction. The value of a single hyperparameter is determined by TPE,
and the value that increases EI the most is chosen. The iteration steps are denoted by
colors, which show the optimization process of hyperparameters. It can be seen that the
hyperparameter values at the beginning of the iteration are relatively discrete. In the later
stages of the iteration, the hyperparameter values are gradually concentrated in the area
that maximizes the objective value improvement. Compared with grid search and random
search, this kind of Bayesian optimization based on prior information can effectively reduce
the search time of hyperparameters, reduce manual intervention and can obtain more
accurate results.
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6. Evaluation, Results and Analysis
6.1. Performance Evaluation

The test results from the established database are compared with the shear design
provisions and the ML models with proposed features in Table 4. The experimental data
points are plotted against the predictions in Figure 6. A tolerance of 20% is plotted on the
graph. Model performance is determined by the randomly split train set, while the model
metrics are affected by the test set. A single experiment with random dataset split and
model training does not guarantee the generalizability of the model. To further validate the
robustness and reliability of all the models, the Monte Carlo method is used in this section
to analyze the distribution of the model performance. In the Monte Carlo method, all the
data are first randomly divided into train set and test set, where the train set accounts for
80%. The ML models are trained on the training set, after which all models are evaluated on
the corresponding test set. The Monte Carlo simulation consists of a total of 200 iterations.
Table 4 illustrates the mean and standard deviation of the statistical properties of different
model prediction results. The values are presented as mean (±standard deviation).

Table 4. Means and standard deviations of the statistical properties of Monte Carlo simulation.

Provision Vu,exp/Vu,pre MAE RMSE R2

JSCE (1997) 1.39 (±0.22) 22.31 (±2.17) 37.21 (±4.01) 0.77 (±0.19)
ACI 440.1R (2015) 1.86 (±0.31) 39.84 (±3.91) 60.08 (±6.37) 0.41 (±0.22)

CSA S6 (2014) 1.49 (±0.41) 28.32 (±3.01) 35.82 (±4.68) 0.70 (±0.29)
CSA S806 (2012) 1.07 (±0.21) 20.07 (±2.31) 27.62 (±3.85) 0.80 (±0.31)

Average 1.49 (±0.22) 27.64 (±2.85) 40.18 (±4.73) 0.67 (±0.25)

XGBoost 1.03 (±0.09) 8.34 (±1.73) 13.03 (±2.76) 0.92 (±0.07)
Decision Tree 1.07 (±0.20) 12.51 (±2.56) 20.17 (±4.11) 0.82 (±0.13)

Random Forest 1.05 (±0.11) 11.37 (±2.00) 16.81 (±3.88) 0.91 (±0.08)
Linear Regression 1.10 (±0.18) 12.06 (±3.21) 19.69 (±5.45) 0.89 (±0.21)

Average 1.06 (±0.15) 11.07 (±2.38) 17.43 (±3.80) 0.89 (±0.12)

XGBoost * 1.00 (±0.06) 7.25 (±1.12) 11.91 (±1.92) 0.94 (±0.06)
Decision Tree * 1.02 (±0.14) 11.28 (±2.30) 17.34 (±3.13) 0.87 (±0.11)

Random Forest * 1.01 (±0.09) 9.32 (±1.73) 14.39 (±2.76) 0.91 (±0.07)
Linear Regression * 0.97 (±0.15) 10.06 (±2.22) 14.88 (±3.88) 0.91 (±0.18)

Average 1.00 (±0.12) 9.67 (±1.84) 14.63 (±2.92) 0.91 (±0.11)
*: ML models with artificially selected features.
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Table 4 indicates that the Monte Carlo simulation results of XGBoost are more accurate
and with less dispersion with and without additional features. This validates that XGBoost
has a higher probability of obtaining better prediction results with different train and
test sets. The R2 of CSA S806 (2012) is more discrete, which means that the uncertainty
and dispersion of its prediction results are larger. From the Monte Carlo simulation,
XGBoost trained with additional features yields the largest R2 mean value, as well as the
smallest RMSE and MAE mean values, which are 0.94, 11.91 and 7.25, respectively. The
iterative results of XGBoost are more concentrated around the mean values. In addition,
the performance of the train set with additional features is better than without additional
features. There is no design provision that could provide accurate predictions with low
variations. The mean ratio of Vu,exp/Vu,pre of the shear design provisions varies from 1.07
to 1.49 and the corresponding standard deviation (SD) varies from 0.21 to 0.41. The large
variations of the provisions are also shown by the relatively large RMSE, MAE, low R2 and
data point scatter in Figure 6.

The most satisfying design provision could be the CSA S806 (2012), which has a
mean Vu,exp/Vu,pre of 1.07 with the least SD of 0.21. The CSA S806 (2012) provides the
least RMSE (27.62) and MAE (20.07), and the highest R2 of 0.80 among all codified shear
design provisions, showing the most satisfying accuracy and consistency among all codified
design provisions.

As ACI 440.1R (2015) only considers the shear contribution from uncracked concrete,
it provides the most conservative with a mean Vu,exp/Vu,pre of 1.86, with all data points
falling below the equal line of Vu,exp/Vu,pre. Compared to the ACI 440.1R (2015) prediction,
the JSCE (1997) and CSA S6 (2014) show similar data point scatter with the most data
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points closer to and below the line of equality, whilst JSCE (1997) provides more accurate
predictions than CSA S6 (2014) with a mean Vu,exp/Vu,pre of 1.39 and SD of 0.22.

To address the inaccurate predictions with large variations, attempts could be made
to modify the equations with factors. It is not difficult to adjust the codified equations by
incorporating factors larger than 1.0 to adjust the slope of the regression line of the data
scatter in Figure 6a–d. However, this type of modification has drawbacks. The pertinent
values or definitions of the modification factors normally cannot be explicitly explained
from the physical perspective. Even if the physical meanings of the modifications are
neglected, there could be unlimited ways to adjust the linear or nonlinear modification
factors, making it impossible to achieve the optimal solution for manual adjustment. For
example, it is possible to add a constant factor to ensure the accuracy of the codified
equations, but the data deviation cannot be addressed.

The basic form of ML models in this work could significantly enhance prediction
accuracy and reduce prediction error variations. The ML models have a similar mean
ratio of Vu,exp/Vu,pre varying from 1.03 to 1.10. The average mean ratio of Vu,exp/Vu,pre
of the ML models is 1.06, which is improved by over 40%, with respect to the codified
design provisions. The performance measures of MAE, RMSE and R2 obtained from the
ML models are significantly improved compared to the shear design provisions. The
average MAE and RMSE of ML models are reduced to 11.07 and 17.43, respectively. The
corresponding improvement of average R2 reaches 32.8%.

Considering all the performance measures, the XGBoost is considered the best within
all the ML models, which provides consistently accurate predictions (Vu,exp/Vu,pre = 1.03)
with the least SD compared to all basic ML models and shear design provisions. It also
yields the least MAE, relatively good RMSE and the second-best R2. Compared to the most
satisfying codified predictions from CSA S806, the best ML model, XGBoost, can provide
more accurate and consistent predictions for the database, with R2 enhanced by 15% and
the MAE and RMSE reduced by 59% and 52%, respectively.

By incorporating the artificially selected features, the effectiveness of all ML models
is improved as shown in Table 4. The mean ratios of Vu,exp/Vu,pre of all the ML models
with additional features are approximately 1.00. The average SD of the ML models with
additional features is 20% lower than that of the basic ML models. Correspondingly, the
average MAE and RMSE of the ML models with additional features are 12.6% and 16.1%
lower, respectively. The average R2 is increased from 0.89 by 2.2% to 0.91. The importance
of domain knowledge of the shear strength of FRP-reinforced beams is effectively reflected
in the four ML models. By comparing the performance measures of the basic ML models
and the ML models with additional features, it shows that the artificially selected features
to reflect the shear-carrying mechanisms can effectively enhance the model effectiveness,
including accuracy and consistency.

6.2. Feature Importance Analysis

The relative importance of the input parameters for the original ML models and ML
models with additional features are ranked in Figure 7. Only the seven most important
features are presented in Figure 7. Decision Tree, Random Forest and XGBoost take different
strategies to calculate the feature importance. Specially, Decision Tree and Random Forest
compute the feature importance as the normalized total reduction of the squared error
brought by that feature. XGBoost uses gains to obtain the relative contribution of the
corresponding feature to the model calculated by taking each feature’s contribution for
each tree in the model. Therefore, the feature importance varies between different models.
As the two Linear Regression models do not include this feature importance analysis,
therefore, only six models are presented.



Buildings 2023, 13, 313 14 of 21
Buildings 2023, 13, x FOR PEER REVIEW 15 of 22 
 

(a) (b) (c)

(d) (e) (f)
 

Figure 7. Relative importance of input features of the basic ML models ((a) Decision Tree; (b) Ran-

dom Forest; (c) XGBoost) and ML models with additional features ((d) Decision Tree; (e) Random 

Forest; (f) XGBoost). 

It is observed that for the three basic models, the cross-section of the beams (𝑏𝑤 and 

𝑑) is the predominant key factor influencing the shear capacity predictions, followed by 

the reinforcement stiffness (𝜌𝑓𝑙 and 𝐸𝑓𝑙). The ratio of shear span to effective depth 𝑎/𝑑 

has a very limited impact on the predictions, which could be attributed to the narrow 

range of this ratio in the established database. 

By implementing the additional features, the most important influencing factors be-

come the selected ones. As shown in Figure 7, the Decision Tree, Random Forest and 

XGBoost models’ predictions are more relative to the features SC2, SC3 and SCR5. This 

indicates that for these models, the combination of concrete strength, cross-section and 

reinforcement stiffness in shear capacity predictions plays a more important role than 

other features, as shown in Table 3. 

The significant improvement of the Linear Regression model could be attributed to 

the added features. The additional features have more linear relations with the predictions 

of the shear capacities of the database, as shown in Figure 8, and these linear relations 

could help to improve the accuracy and consistency of the Linear Regression model. 

Figure 7. Relative importance of input features of the basic ML models ((a) Decision Tree; (b) Random
Forest; (c) XGBoost) and ML models with additional features ((d) Decision Tree; (e) Random Forest;
(f) XGBoost).

It is observed that for the three basic models, the cross-section of the beams (bw and d)
is the predominant key factor influencing the shear capacity predictions, followed by the
reinforcement stiffness (ρ f l and E f l). The ratio of shear span to effective depth a/d has a
very limited impact on the predictions, which could be attributed to the narrow range of
this ratio in the established database.

By implementing the additional features, the most important influencing factors
become the selected ones. As shown in Figure 7, the Decision Tree, Random Forest and
XGBoost models’ predictions are more relative to the features SC2, SC3 and SCR5. This
indicates that for these models, the combination of concrete strength, cross-section and
reinforcement stiffness in shear capacity predictions plays a more important role than other
features, as shown in Table 3.

The significant improvement of the Linear Regression model could be attributed to the
added features. The additional features have more linear relations with the predictions of
the shear capacities of the database, as shown in Figure 8, and these linear relations could
help to improve the accuracy and consistency of the Linear Regression model.

Note that there are also more artificially selected features and combinations that could
be added to the ML models. For example, for features C and R, the root value could
be numerous, but only the values adopted in the shear design provisions are adopted.
However, this is the initial attempt of the authors to combine the knowledge of shear
resistance of FRP-reinforced concrete beams obtained in the previous investigations and
ML models. It is proposed to undertake further investigations on selecting more effective
features to improve the validity of the ML models and to make the ML models more
explainable in our future research.
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7. Experimental Verification and Parametric Analysis
7.1. Test Verification

To further verify the validity of the proposed data-driven ML models with the artificial
features for individual tests, the test results of two FRP-reinforced concrete beams without
shear reinforcement tested by the authors (design configurations shown in Figure 9 and
material properties shown in Table 5) are compared with the predictions in Table 6. Both of
the two beams failed in shear as expected (Figure 10) with an average shear resistance of
19.3 kN (38.5 kN total applied load).
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Figure 9. Validation test setup and beam dimensions.

Table 5. Material properties of the validation specimen.

FRP Flexural Bar Concrete

Af (mm2) Ef (MPa) ffu (MPa) fc
′

(MPa)
142.6 143 2648 34.7

Table 6. Comparisons of predictions of shear design provisions and proposed data-driven models.

Design Provision Vu,pre Vu,exp/Vu,pre (kN) Modified ML Model Vu,pre (kN) Vu,exp/Vu,pre

JSCE (1997) 33.9 0.57 Linear Regression 15.9 1.21
ACI 440.1R (2015) 10.2 1.90 XGBoost Regressor 20.9 0.92

CSA S6 (2014) 14.1 1.37 Decision Tree Regressor 15.3 1.26
CSA S806 (2012) 25.2 0.77 Random Forest Regressor 21.4 0.91
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Figure 10. Shear failure of the two validation beams.

The ML models with added features could effectively predict the shear performance
of the validation tests. The predictions of the ML models (with features) are all acceptable
for the individual test, with Vu,exp/Vu,pre varying from 0.79 to 1.10. The best prediction
is provided by the XGBoost with a difference of 8% from the test results. Although the
Decision Tree and Linear Regression models have shown lower accuracy, they both could
provide more desirable conservative predictions.

7.2. Parametric Analysis

With satisfying predictions of ML models, further parametric analysis of the veri-
fication test specimens was conducted to investigate the effects of varying contributing
parameters on shear performance, including cross-section dimensions (bw and d), test setup
(a/d), concrete properties ( fc) and reinforcement properties (ρ f l and E f l).

The effects of the beam cross-section dimensions are shown in Figure 11. For the web
breadth, most of the predictions from shear design provisions increase linearly with bw, as it
is normal to assume the shear stress keeps constant at failure. The same linear relationship
is shown by the Linear Regression model but with a high slope. For the remaining ML
models, the shear capacity increases with different slopes at a different level of bw. This
could be attributed to the data distribution in the train set.
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For the effective depth d, low nonlinearity is also seen from the JSCE prediction curve
for the corporation of the factor of 4

√
1000/d in Equation (1), while for the remaining

codified predictions, a linear relation between shear prediction and effective depth is found.
The Linear Regression model also has a linear relation between d and the shear prediction
with a higher slope than all codified predictions. The XGBoost and Random Forest model
share a similar trend with JSCE with higher prediction values, which is also a reason for
the higher accuracy. Note that the Decision Tree model has drastic slope changes between
200 mm and 300 mm effective depth. This could be caused by a relatively simple single
model structure compared with other ensemble models such as XGBoost. The prediction
results of the model may be affected by some outliers in the training set.

For the ratio of shear span to effective depth, all codified models and the Linear
Regression model share a very similar trend (Figure 12). Random Forest model and
XGBoost model show an approximately linear reduction of shear predictions along with the
increasing a/d. Similar to the inconsistent performance in the analysis of beam cross-section
dimensions, the Decision Tree model also has the odd drastic change of shear predictions,
as this model is sensitive to the train set of the database.
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Figure 13 shows that the shear strength predictions vary with increasing concrete
strengths from 25 MPa to 60 MPa. As shown in Table 1, the predictions of the codified
design provisions are related to

√
f ′c or 3

√
f ′c . The XGBoost model and JSCE predictions

show a similar curve slope related to 3
√

f ′c . With nonlinear relations between f ′c and the
shear predictions, the Linear Regression model is more sensitive to the increasing f ′c than
to the remaining prediction curves. The curve slope of the Random Forest model is similar
to that of the CSA S6 and ACI 440 but with higher predictions, although it does not show
explicit relation with f ′c , and the validity of the prediction curve is still higher.
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Figure 13. Effects of concrete strength on shear performance.

As increasing the FRP reinforcement ratio and elastic modulus could result in a more
effective aggregate interlock and limit crack width, the shear design provisions consider
this axial rigidity effect by incorporating E f lρ f l directly or indirectly. However, as shown

in Figure 14, all the shear provisions show a similar trend, which is a function of
√

E f lρ f l

or 3
√

E f lρ f l . The Random Forest model shows a very similar prediction curve with the CSA

S6, whilst the Linear Regression model shows a linear function of E f lρ f l . The remaining
two ML models cannot effectively provide an explicit trend for the variation of E f lρ f l .
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Figure 14. Effects of axial rigidity of FRP reinforcement E f lρ f l on shear performance.

From the parametric analysis, it could be seen that the prediction validity of the
machine learning models is extremely good for the whole database. Although the prediction
validities are reduced for a singular test with different parameters, the ML approaches
still provide more accurate predictions than do the codified approaches. To enhance
their effectiveness, further experimental investigations on the shear performance of FRP-
reinforced concrete beams are required to establish a larger database with more even
data distributions.
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8. Conclusions

This paper established an extensive database of shear tests of FRP-reinforced concrete
beams with rectangular cross-sections. Based on the database, the accuracy of the exist-
ing codified shear design provisions and four proposed data-driven Machine Learning
models are compared and analyzed. By considering the shear-carrying mechanisms of
FRP-reinforced beams, a series of artificially selected features are selected to be incorporated
into the proposed ML models and analysis is conducted to show their influence on the
effectiveness of the ML models. An additional validation test is used to verify the accuracy
of the proposed approaches with and without additional features on a singular test. This
research supports the following conclusions:

1. The codified shear design provisions provide conservative predictions with large
variations with the mean ratio of Vu,exp/Vu,pre varying from 1.07 to 1.86 and the
corresponding standard deviation varying from 0.21 to 0.31. The shear-carrying
mechanism of FRP-reinforced concrete beams without stirrups could not be accurately
described by the parameters of the design provisions.

2. Compared to the design provisions, ML models significantly improve the prediction
accuracy and reduce the variations, with the mean ratio of Vu,exp/Vu,pre of the ML
models varying from 1.03 to 1.10 and the standard deviation varying from 0.09 to 0.20.
XGBoost is the best model with the least dispersion, yielding the largest R2 of 0.92 as
well as the smallest RMSE of 13.03 and MAE of 8.34, respectively.

3. With artificially selected features, the effectiveness of the proposed ML models is
further improved. The mean ratio of Vu,exp/Vu,pre of the ML models varies from 0.97 to
1.02 and the corresponding standard deviation is reduced, varying from 0.06 to 0.15.

4. Nearly all the important features for the ML are the artificially selected ones, indicating
that the importance of domain knowledge of shear strength of FRP-reinforced beams
is effectively reflected in the four ML models. Further investigations on selecting more
effective features could be undertaken to improve the validity of the ML models and
to make the ML models more explainable.

5. For the singular validation test, the initial ML models and the shear design provi-
sions provide similar inaccurate predictions with large variations, whilst the ML
models with artificially selected features successfully yield acceptable predictions.
Verified with the established database and the validation test, the ML models with
artificially selected features show great potential in guiding the shear design of
FRP-reinforced concrete.
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