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This study investigated the influence of input parameters on the shear strength of RC squat walls using machine
learning (ML) models and finite element method (FEM) analysis. The analyses were conducted on the largest
currently available dataset of 639 squat RC walls with a height-to-length ratio of less than or equal to 2.0. The
findings suggest that ensemble learning models, specifically XGBoost, CatBoost, GBRT, and RF, are effective in
predicting the shear strength of RC short shear walls and using Bayesian Optimization for hyperparameter tuning
improves their performance. The axial load had a greater influence on the shear strength than reinforcement
ratio, and longitudinal reinforcement had a more significant impact compared to horizontal and vertical rein-
forcement. The performance of XGBoost model significantly outperforms traditional design models such as ACI
318-19, ASCE/SEI 43-05, and Wood 1990. Additionally, reducing the number of input features from 13 to 10, 8,
or 6 still yields reliable predictions with high accuracy. The finding suggests that the use of XGBoost models
provides not only comparable accuracy to FEM simulations with non-linear pushover analysis but also the first
one can predict the lateral strength in the case of incomplete data which could not be done by FEM. A web
application incorporating XGBoost model with various input features can provide valuable insights for predicting
the lateral strength of squat shear walls in building structures.

1. Introduction (MCFT) (Vecchio & Collins, 1986), cyclic softening membrane model

theory (CSMM) (Hsu & Zhu, 2002), and strut-and-tie model theory

Squat shear walls, also known as short reinforced concrete (RC)
walls, are commonly used in construction for retaining walls, founda-
tions, and other structural applications (Antoniades et al., 2007;
Babaeidarabad et al., 2014; Dan, 2012; Kassem, 2015). The lateral
strength of RC walls depends on various factors, such as the type and
amount of reinforcement, the dimensions and shape of the wall, the type
and properties of concrete, and the axial load (Bek¢ et al., 2015; Hidalgo
et al., 2002; Kotronis et al., 2003). Accurately predicting the strength of
these walls enables engineers to design and construct buildings that can
withstand the forces while providing adequate protection for occupants
(Ning & Li, 2017; Yazgan, 2015). In addition, predicting the lateral
strength of reinforced concrete short-shear walls can help to reduce the
cost of construction due to over-designing the walls.

Traditional methods such as the modified compressive field theory
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(STM) (Hwang & Lee, 2002), exhibit limitations in accurately predicting
strength. MCFT, for instance, may not effectively capture non-linear
concrete behaviour, especially under high-stress levels and complex
loading scenarios. This method’s accuracy may be compromised when
applied to cases with significant nonlinearities, leading to errors of up to
20% in strength prediction (Arabzadeh et al., 2011). CSMM could
struggle with strength degradation and stiffness decay prediction under
cyclic loading, resulting in errors ranging from 10% to 30% (Feng et al.,
2018). On the other hand, STM may be inadequate for complex geom-
etries and strain localisation effects, causing errors of up to 25% in
lateral strength predictions (Kassem, 2015).

Additionally, existing semi-empirical formulas for estimating the
shear strength of reinforced concrete walls, as specified in ACI 318 (ACI
Committee 318, 2022) and EC-8 (EN 1998-1, 2005), are based on the
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superposition principle and experimental data. The superposition prin-
ciple is only valid in the linear elastic region while the wall behaviour
and also concrete properties are highly non-linear. The adoption of the
superposition principle can provide a simple solution but their pre-
dictions under non-linear regions are in doubt. Therefore, these design
formulas are simple and provide a certain level of safety reserve, but
they have not yet provided reliable predictions of the shear strength.
These limitations have led to a significant deviation in the estimated
shear capacity of short RC walls, highlighting the need for more accurate
and reliable methods of prediction.

In recent years, machine learning (ML) approaches have been
increasingly applied in civil engineering, particularly in the field of
structural analysis (Sun et al., 2021), to predict the behaviour of various
structural elements such as beams (Abuodeh et al., 2020; Degtyarev &
Tsavdaridis, 2022; Feng, Wang, Mangalathu, Hu, et al., 2021; Le Nguyen
et al., 2023), slabs (Elshafey et al., 2011; Le Nguyen et al., 2023; Tran &
Kim, 2021), and columns (Cascardi et al., 2017; Hou & Zhou, 2022;
Junda et al., 2023; Le-Nguyen et al., 2022; Naderpour et al., 2010).
Among these trends, ML approaches have been successfully used to
predict the lateral strength of RC walls. Feng et al. (2021) developed a
predictive model using the extreme gradient boosting algorithm to es-
timate the shear strength of squat walls and obtained a reasonable
prediction accuracy. Chen et al. (2018) and Nguyen et al. (2021) also
employed artificial neural networks (ANNSs) to predict the shear strength
of squat walls, yielding satisfactory results. Gondia et al. (2020) used
genetic programming to predict the shear strength of flanged squat walls
and obtained good accuracy and applicability. Keshtegar et al. (2022)
developed a hybrid ML model using ANNs coupled with an adaptive
harmony search optimisation algorithm to predict the lateral strength of
RC walls with superior performance. Studies have also used ML to solve
partial differential equations in computational mechanics, which can
provide potential alternatives for estimating the performance of RC
walls under various loads (Keshtegar et al., 2021; Sadegh & Tehrani-
zadeh, 2021). Zhang et al. (2022) devised ML-based models for seismic
performance prediction in RC walls, outperforming existing design for-
mulas in accuracy and efficiency. A user-friendly platform was devel-
oped for practical RC wall design. While machine learning methods have
shown success in numerous studies, challenges still hinder their wide-
spread application in predicting the lateral strength of squat shear walls
in the industry. This study identifies and addresses these challenges as
follows:

(i) The first challenge is selecting appropriate and effective models
for predicting the lateral strength of reinforced concrete (RC)
walls. Previous studies have made different recommendations
and suggestions, some indicating that XGBoost performs best
(Feng et al., 2021), while others found that alternative methods,
such as artificial neural networks (ANNs), yield more accurate
results (Chen et al., 2018; Nguyen et al., 2021). This inconsistent
statement may be due to a lack of comprehensive comparison of
different algorithms. To address this inconsistency, this study
conducts a comprehensive comparison of various ML models’
performance to provide guidance for practitioners in the field.

(ii) The second challenge lies in determining the optimal set of input
features for predicting the shear strength of RC walls using ma-
chine learning. Although several input parameters could be
considered, there is limited research examining the effect of
different input features on ML algorithms’ performance. This
study addresses this gap by performing a thorough analysis of
input features’ influence on the performance of different ML al-
gorithms, which is crucial for practical applications.

(iii) While prior research primarily compared ML performance
against practical codes, fewer studies have integrated the Finite
Element Method (FEM) for such evaluations. Recognising this
research opportunity, our study adopts a non-linear material
model for concrete shear behaviour. This advancement facilitates
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automated FEM simulations, laying the groundwork for a
comprehensive juxtaposition of FEM and ML model outputs,
aiming to combine the rigour of traditional methods with the
efficiency of modern data-driven approaches

(iv) Lastly, although employing ML techniques for predicting the
lateral strength of RC walls has the potential to enhance industry
productivity, there are limited options for user-friendly platforms
that allow designers to conveniently utilise the results from these
techniques in real design process. This study develops a web-
based app incorporated the trained ML model for predicting the
shear strength of squat RC shear walls. This app is available to all
users to further disseminate this work to a wider civil engineering
society.

2. Methodology

The objectives of this research are outlined in Fig. 1. In this study, we
have compiled an extensively curated dataset that encompasses 639
squat RC walls with a height-to-length ratio of less than or equal to 2.0.
Owing to its diverse sources, thorough validation processes, and a keen
focus on comprehensiveness, this dataset is positioned as one of the
more substantive collections available in this domain. Ten different
machine-learning models, including Linear Regression (LR), Support
Vector Machine (SVM), K-Nearest Neighbors (KNN), Artificial Neural
Network (ANN), Decision Tree (DT), Random Forest (RF), Gradient
Boosted Regression Trees (GBRT), AdaBoost, CatBoost, and XGBoost.

To conduct the advanced analysis process, the four best-performing
models were optimised using Bayesian Optimization which leverages a
probabilistic model to determine the ideal set of hyperparameters. Then,
the importance level of input parameters was analysed using the SHAP
Value method based on XGBoost model, which assigns a score to each
input parameter reflecting its contribution to the model’s prediction.
Additionally, three subdatabases with varying numbers of input features
were proposed and investigated. Monte Carlo simulations were
employed to evaluate the impact of the number of input features on the
performance of the models, providing further insight into the signifi-
cance of each parameter in the prediction process.

The results of the machine-learning (ML) models were compared to
semi-empirical models based on current standards and FEM simulation
to demonstrate the predictability and reliability of the machine-learning
approach, and the best models were ultimately implemented online for
practical application.

This section presents a brief introduction of the adopted ML algo-
rithms, along with the performance indices of the models. The deter-
mination of the shear strength of squat shear walls using practical code
and FEM simulation is also described.

2.1. Brief introduction of ML algorithms

In this study, a variety of popular and robust machine learning
techniques were employed, including Linear Regression (LR), Support
Vector Machine (SVM), K-Nearest Neighbors (KNN), Artificial Neural
Network (ANN), Decision Tree (DT), Random Forest (RF), Gradient
Boosted Regression Trees (GBRT), AdaBoost, CatBoost, and XGBoost.
These models have demonstrated strong performance in numerous ap-
plications across various fields (Thai, 2022).

Linear regression (LR) (Pedregosa et al., 2011) Support Vector Ma-
chine (SVM) (Cortes & Vapnik, 1995) K-Nearest Neighbors (KNN) (Deng
et al.,, 2009) are fundamental machine learning techniques used for
regression and classification tasks. Artificial Neural Network (ANN)
(Hochreiter & Schmidhuber, 1997) is inspired by biological neural
networks and has a wide range of applications, including classification,
regression, and feature learning. Decision Tree (Quinlan, 1986),
(Pedregosa et al., 2011), and Random Forest (Breiman, 2001) are tree-
based methods used for classification and regression problems. Both
techniques construct decision trees to predict target variables based on
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Fig. 1. Outlines of the current research.

data features.

Gradient Boosted Regression Trees (GBRT) (Hastie et al., 2001),
AdaBoost (Collins et al., 2000), CatBoost (Dorogush et al., 2018), and
XGBoost (Chen & Guestrin, 2016) are ensemble methods that combine
multiple weak models to create a strong model. These techniques iter-
atively improve the model by focusing on areas where previous models
underperformed. Among these, CatBoost and XGBoost are particularly
efficient gradient boosting libraries designed for large datasets and have
gained popularity in structural engineering (Thai, 2022).

2.2. Performance indices of models

To assess the performance of the ML-based models, four statistical
indices, including the coefficient of determination (Rz), root mean
square error (RMSE), mean absolute error (MAE), and mean square error
(MSE), were employed. Accordingly, the smaller the MSE, RMSE, and
MAE values, the better the prediction model. Meanwhile, R? varying
from O to 1 indicates the correlation between the actual and predicted
values, which means the higher R-value implies a strong correlation
between the inputs and output. The formulations of four indices are
presented below.

I
Mean Absolute Error MAE = sz:l P — Pyl @

Root Mean Square Error RMSE = 2
Coefficient of Determination (R?) 1 —
2
R FIIV ) } @)
= 2
1 (p = P)
1 & )
Mean Square Error MSE = N 21: (Pj — pej) @

where p; is the shear strength of j-th actual value in the dataset; pt ; is the
shear strength of j-th predicted value obtained from the ML model; p is
the mean actual value of the shear strength compliance; pt is the mean

predicted value of the shear strength; And N is the total number of
samples in the dataset.

2.3. Determining lateral strength of shear walls using semi-empirical codes

Three mechanics-based semi-empirical shear strength models, two
from current design codes, including ACI 318-19 (2022), ASCE/SEI 43-
05 (2005) and one popular model from the literature (Wood, 1990),
were also adopted for comparisons to examine the prediction accuracy
of XGBoost relative to the state-of-the-art.

e ACI 318-19

Vo = (@cd/fax +pufin ) Aew < 0.83/ e ®)

where o, is the aspect ratio coefficient, which varies linearly in the range
0.25 (hy/ly < 1.5) to 0.17 (hy/ly > 2.0) and varies linearly between
0.25 and 0.17 for hy,/1,, between 1.5 and 2.0 (wall length - 1,,, wall height
— hy); A is a modification factor reflecting concrete properties and equals
1.0 for normal-strength concrete; A., is the gross area of a concrete
section bounded by the web thickness and length of the section in the
direction of the considered shear force; and Ay is the gross section area
of the wall;

e ASCE/SEI 43 - 05

V, = v,dt, 6)

h, P
Vo = 0.691/Fr — 0.28v/F (T - o.s) g Pl < 166V %)

Py = Ap, +Bp, ®
where d = 0.6L; ps is the equivalent reinforcing ratio combining py, and
py with coefficients A = 1; B = 0 for hy/l, < 0.5; A = - hy/l, + 1.5; B =
hw/ly — 0.5 for 0.5 < hy/ly < 1.5; and A = 0; B = 1 for hy/Ly > 1.5.

e Wood 1990
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Al
Al < 0.83 ©

0.5v/faAe, <V, =
where A,y is the total area of the shear-friction reinforcement - repre-
senting the steel reinforcement provided along the wall’s height to
improve its shear strength (A= py, = Acy). fek is the concrete compressive
strength, fy, is web vertical steel reinforcement yield strength, A, is the
gross section area of the wall. A, is the gross area of a concrete section
bounded by the web thickness and length of the section in the direction
of the considered shear force.

It can be observed that the ACI 318 model does not consider the axial
load (P) in its formulation, potentially limiting its applicability in certain
structural scenarios. In contrast, Wood’s model incorporates the axial
load effect, but its upper bound is substantially smaller than that of
ASCE/SEI 43-05, which might lead to highly conservative predictions.
ASCE/SEI's model provides a comprehensive framework for predicting
the lateral shear strength, accounting for various factors such as the axial
load and reinforcement ratios. By comparing the performance of these
three models against XGBoost model, this study aims to highlight the
advantages of employing machine learning techniques for predicting the
lateral strength of squat shear walls.

2.4. Finite element method for RC walls simulation

A two-dimensional numerical model was built using open-source
code Cast3M (Le Fichoux, 2011). The mesh was simplified to the mid-
plane of the wall, with material properties representing a single unit
of thickness. Concrete was modelled with four-node membrane elements
featuring bilinear displacement interpolation (four Gauss points), while
steel reinforcement was represented by two-node bar elements. The
influence of mesh size on the results depends on the material model used
for non-linear behaviour, specifically the Beton-INSA model. Conse-
quently, following the process proposed in a thesis by Le Nguyen (2015),
the mesh size of concrete and steel elements was recalculated auto-
matically for each wall in the database. This approach aimed to maintain
accuracy in the representation of each wall’s material properties and
behaviour, taking into account the specific characteristics and di-
mensions of individual walls. By adapting the mesh size according to the
unique attributes of each wall, the numerical model’s predictive capa-
bility was enhanced while minimising potential errors associated with
fixed mesh sizes. The model description is illustrated in Fig. 2.

The foundation and loading beam were modelled as elastic materials,
while the wall was modelled using the non-linear Beton-INSA model,
which was based on the theory of plasticity. The complex behaviour of
the wall was characterised by two failure surfaces based on Nadai
criteria for compression and tension and includes non-linear behaviour
in the compression range before cracking, which was governed by a
plasticity model based on Nadai threshold function. The concept of fixed

Loading Beam

Lateral Load (V,)

Foundation --
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and distributed cracking was used to describe the behaviour of cracked
concrete, and when the failure surface in the tension range was reached,
the biaxial plasticity was discontinued and an orthotropic law was
activated. Djerroud (1992) and Merabet (1990) developed the theoret-
ical foundations and initial implementations of the material behaviour
model for concrete material, referred as Beton_INSA. This model has
been validated against various structures, including shear walls (Ile &
Reynouard, 2000), (Brun et al., 2003, 2004), and shear walls strength-
ened by FRP by Le Nguyen et al., (2014, 2017), and shows reliable
prediction.

More specifically, the INSA concrete model has five main parame-
ters, including Young’s modulus, tensile strength, and compressive
strength, the plastic deformation at failure in compression, and espe-
cially the plastic deformation at failure in tension, which plays a crucial
role in controlling crack development. After the compression or tension
peak, the behaviour becomes softening, which makes the results sensi-
tive to mesh refinement. A standard regularisation technique called
Hillerborg approach (Hillerborg et al., 1976) is adopted, based on the
tensile cracking energy or compressive failure energy. The parameters of
plastic deformation at failure in tension and compression become
dependent on these energies, which are considered intrinsic to the ma-
terial, as well as a characteristic length obtained from the mesh and the
type of finite element. The procedures for calculating failure de-
formations were detailed in the previous research conducted by Brun
etal. (2011) and Le Nguyen et al., (2014, 2017), which are not repeated
here for brevity.

The step by step (PASAPAS in French) procedure was used for static
pushover analysis by imposing displacement on the loading beam. The
load (horizontal reaction) — displacement (horizontal displacement of
the top point of the wall) curve will be determined as the result of the
non-linear pushover simulation. The lateral strength of each wall will be
determined as the maximum value on the pushover curve. The loading
rate in the numerical analysis was the same as those in the experiments.
As this was a non-linear simulation, the analysis of each wall was
stopped when a non-converged problem occurs.

3. Data description

A typical schematic diagram of the squat RC wall tests in the data-
base is shown in Fig. 3. There are four input categories, namely, geo-
metric dimensions, reinforcement arrangements, material properties,
and applied axial load. The detailed input features are the height h,,,
length 1,,, web thickness t,, flange length by, flange thickness t;, concrete
compressive strength f., vertical web reinforcement ratio p, and web
vertical steel reinforcement yield strength f,, horizontal web rein-
forcement ratio py and web horizontal steel reinforcement yield strength
fyn, longitudinal reinforcement ratio p; and boundary element steel
reinforcement yield strength f,;, and the applied axial load P. The output

l Axial Load (P)

___. Boundary
element

Fig. 2. FEM model of a typical squat RC shear wall.
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Fig. 3. Schematic diagram of squat RC wall tests.

is the shear strength Vexp.

A total of 639 squat RC Walls test data samples were collected, of
which 252 specimens were from Massone & Melo (2018), 182 specimens
from Ning & Li (2017), 22 specimens were from Sato et al. (1989), 1
specimen was from Baek et al. (2017), 4 specimens were from (Teng &
Chandra, 2016), 1 specimen was from Sittipunt & Wood (1993), 25
specimens were from Vallenas et al. (1979), 129 specimens were from
Hirosawa (1975), 7 specimens were from Barda et al. (2011), and 16
specimens were from Whyte & Stojadinovic (2013).

Fig. 4 shows a histogram of the input features that were created as an
adjunct to the statistical analysis. The trends and patterns in the data can
be seen from this histogram, which graphically displays the frequency
distribution of the input features. In summary, the majority of the height
of the wall falls in the range of 500 and 1200 mm, with a high frequency
centred around 800 mm. The length of the wall varies around 1200 mm,
while the width of the web is around 100 mm, and the compressive
strength of concrete varies around 30 MPa. The horizontal and vertical
reinforcement ratio is around 1%, while the reinforcement ratio in the
flanged area is around 3%. The steel tensile strength is approximately
350 MPa. Additionally, some walls are without either vertical rein-
forcement (p, = 0) or horizontal reinforcement (py = 0).

Fig. 5 presents the correlation matrix of features of the original data
set, which includes 13 input variables and one output variable. The
matrix displays the correlation coefficients between each pair of vari-
ables, with a value of 1 indicating the highest positive correlation, a
value of —1 indicating the lowest negative correlation, and a value of
0 indicating no correlation. The correlation matrix illustrates the rela-
tionship between different variables and how they are related to each
other. The initial analysis suggests that there are positive and negative
correlations between variables. Pairs of attributes with a high degree of
correlation are more dependent on each other. Specifically, the corre-
lation coefficients between reinforcement ratios p, and pp, as well as
between f, and fyp, are the highest at 0.92 and 0.82, respectively.

4. Machine learning implementation and results

The LR, ANN, and SVM models were implemented using Statistics
and Machine Learning Toolbox in Matlab, while the DT, KNN, RF,
AdaBoost, GBRT, CatBoost, and XGBoost models were implemented
using the Scikit-Learn library (Pedregosa et al., 2011).

The entire dataset was divided into a training set of 80% of the data
and a test set of 20% of the data. The training set was used to train and
fine-tune the predictive models, while the test set was used to evaluate
the performance of the models. The models were initially implemented
using their default hyperparameters to evaluate model selection. For
example, the SVM model used a linear kernel with a cost parameter of C
=1 and gamma = 1/n features.

The K-folds cross-validation method was utilised to minimise the

variation of the results and provide a more precise assessment of the
model’s overall performance. In this study, the training data set was split
into ten subsets or “folds” using this approach. Each fold was trained and
tested separately, and the mean of ten assessments was used to deter-
mine the model’s overall performance.

4.1. Performance evaluation of models with default hyperparameters

Performance of the predictive models with default hyperparameters
on the training, validation and test datasets is summarised in Fig. 6 and
Annex 1. Most of the ML-based models performed well on all the three
datasets. The performance of ensemble learning models such as RF,
GBRT, CatBoost, and XGBoost was superior to that of standard single-
method learning models such as LR, DT, ANN, KNN, and SVM. The
CatBoost and XGBoost models exhibited the best training performance
based on the coefficient of determination, with the CatBoost model
having an R? value of 0.999 for the training set, 0.976 for the validation
set, and 0.960 for the test set. The RMSE values for the CatBoost model
were 18.69, 105.84, and 115.09 for the training, validation, and test
sets, respectively. XGBoost model had an R? value of 0.999 for the
training set, 0.972 for the validation set, and 0.960 for the test set. The
RMSE values of XGBoost model were 3.46, 111.80, and 115.49 for the
training, validation, and test sets, respectively. Except for the Adaboost
model, ensemble learning models such as RF, GBRT, CatBoost, and
XGBoost performed well on both the validation and testing datasets. In
the subsequent steps, these four models were chosen for additional
hyperparameter optimisation and investigation.

4.2. Tuning hyperparameters

Tuning the hyperparameters of a ML model is an essential step in the
model-building process, as it can significantly impact the model’s per-
formance by reducing overfitting, increasing generalisation, and
improving the model’s ability to adopt new data. In most cases, the
default values for the hyperparameters are not optimal for a specific
dataset; thus, tuning is necessary to achieve the best performance.

In this study, Bayesian Optimisation technique was used to fine-tune
the hyperparameters of four best-performing ML models, i.e. RF, GBRT,
CatBoost, and XGBoost. Bayesian Optimisation is a robust optimisation
algorithm that is particularly useful for black-box functions, such as ML
models, where the function to be optimised is unknown and cannot be
analytically maximised (Snoek et al., 2012). More specifically, Bayesian
Optimization algorithm uses a probabilistic model to represent the
function to be optimised and updates the model with the results of the
evaluations of the function. The algorithm then uses the updated model
to guide the search for the global maximum of the function.

The open-source library, scikit-optimize (https://scikit-optimize.
github.io/stable/, 2020) was used to conduct Bayesian Optimization
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Fig. 4. Histogram of the input features and output.

process, concerning the hyperparameters of the four models to minimise
the MSE value on the validation dataset. The optimisation was per-
formed for a maximum of 100 iterations, with each iteration comprising
a maximum of 20 function evaluations. The hyperparameters that
resulted in the smallest MSE value on the validation dataset were then
used to evaluate the performance of the models on the test dataset.
Fig. 7 illustrates the convergence curves of the hyperparameter
tuning process for XGBoost, CatBoost, GBRT, and RF models with the
ranges and optimised values for the four developed ML models are
synthesised in Annex 2. It is worth noting that XGBoost and CatBoost
models achieved an MSE value of 12,110 (kN2) after only 11 iterations,
after which the CatBoost model did not change the MSE for the subse-
quent iterations, while XGBoost model still changed the MSE reduction
down to 9,660 (kN2) at the 30th iteration, which was also the minimum

MSE value of XGBoost. On the other hand, the GBRT and RF models
reached the minimum MSE value at the 65th iteration with corre-
sponding values of 17,146 (kN?) and 16,275 (sz), respectively. Over-
all, the three models, i.e., XGBoost, CatBoost, and RF, all achieved MSE
values close to the minimum value after only 11 iterations. GBRT model
showed the most variation in MSE values across iterations, and XGBoost
model achieved the smallest MSE index among the four models.

4.3. Performance evaluation of hyperparameter optimisation

The effectiveness of using optimised hyperparameters was evaluated
by comparing the ML results when using hyperparameters with and
without optimisation. The combined results for the four models are
shown in Fig. 8.
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The results indicate that optimisation on the four models, i.e.
XGBoost, CatBoost, GBRT, and RF, improves their performance. Spe-
cifically, during the training phase, R? value showed an improvement,
from 0.992 to 0.998 for GBRT model. For the CatBoost, XGBoost, and RF
models, the R? value did not change. During the validation process, R?
value remained unchanged for RF and CatBoost models while it
increased from 0.972 to 0.980 for XGBoost model. GBRT model showed
a decrease in R? index, from 0.965 to 0.942 when compared to the non-
optimised model. In the testing phase, R of all the four models increased
from 0.940 to 0.960 for GBRT model, from 0.960 to 0.962 for RF model,
from 0.960 to 0.978 for CatBoost model, and from 0.960 to 0.963 for
XGBoost model. In general, even though these models have already
shown high performance prior to optimisation, all the optimal models
exhibited better performance than the initial models.

Fig. 9 compares the predictions of the four optimised ML models for
the shear strength of squat walls against the experimental data. Overall,
the four models reliably estimated the shear strength of squat walls.
These models achieved high prediction accuracy, with R? values higher
than 0.96 for both the training and testing datasets. The optimised
CatBoost model had the highest prediction accuracy among the four
models, with RZ, RMSE, and MAE values of 0.999/0.978, 4.25/84.41,
and 2.68/49.30 for the training and testing datasets, respectively.

4.4. Influence of data randomness via Monte Carlo simulation

In this section, the influence of data randomness on the performance
of ML models was evaluated using Monte Carlo simulation (Castaldo
et al,, 2017) to analyse the robustness and reliability of models by
running multiple simulations and obtaining multiple training-testing

£ Without Optimized Hyperparameter - Training
£ Without Optimized Hyperparameter - Validation
Without Optimized Hyperparameter - Testing

with and without optimised hyperparameters.

splits. The four most reliable models, RF, GBRT, CatBoost, and XGBoost,
were employed to train these data subsets, which included 13 input
features. At each simulation, the entire database was divided randomly
into a training set and a testing set with a proportion of 80% and 20%,
respectively. The model was then trained using the training data set and
subsequently tested on the testing data set. This process was repeated
300 times with different randomly selected subsets of data, resulting in
300 different training—testing splits. In total, there were 4 x 300 = 1,200
simulations. The results of these simulations, including the frequency
and convergence of R? and RMSE, are presented in Fig. 10.

The aggregate results in Table 1 demonstrate that XGBoost, Cat-
Boost, GBRT, and RF models exhibit convergent and stable predictions
over 300 simulations with different data subsets. XGBoost model stands
out as the most stable, with a range of R? values for the test set varying
from 0.927 to 0.993. CatBoost model follows closely, with a range of R?
values for the test set varying from 0.918 to 0.991. GBRT model also
exhibits stability with a range of R? values for the test set varying from
0.909 to 0.986, and RF model with a range of R? values for the test set
varying from 0.888 to 0.991. These results indicate that XGBoost, Cat-
Boost, GBRT, and RF models are robust to the randomness of the data
subsets and can achieve stable and consistent performance across
different training and testing splits.

To determine the stability of the model, the difference between the
R? indices of the train set and test set was examined. Table 2 and Fig. 11
reveal that the deviation (A) between R? value of the training and test
sets was consistently positive, relatively small, and remains stable across
300 random data splits for all the four models. The most significant R
deviation between training and testing was 0.108 for RF model, indi-
cating a slightly inferior performance on the test dataset compared to the
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training dataset. On the other hand, XGBoost model gives the smallest
and most stable mean deviation of the four training models, with mean
of A = 0.025, which means that the model’s performance on the test
dataset was very close to its performance on the training dataset. These
results align with the notion that a good model should have a low de-
viation between training and test R? values, indicating good general-
isation abilities (Bengio & Grandvalet, 2004).

5. Optimisation of input features for ML models

SHAP technique (Lundberg & Lee, 2017) is based on the Shapley

values from cooperative game theory, and it calculates the average
marginal effect of each feature based on all possible feature combina-
tions. The absolute value of SHAP can be used to determine the relative
importance of each input feature, where the input features with higher
SHAP values indicate a more significant impact on the output.

This section examines the optimisation of input features, which is
based on XGBoost model. Moreover, Monte Carlo simulations are used
to analyse three subdatabases with varied quantities of input features.
This process examines the influence of the number of inputs on the
performance of the models and the determination of the optimal number
of input features for predicting the lateral strength of squat shear walls.
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position of the dot reflects the impact of the SHAP value on the
prediction.

Based on the obtained results, it can be inferred that the length of the
flange and the length of the wall are the most important feature affecting

the lateral strength of squat RC walls. This conclusion aligns with pre-
vious research studies that have highlighted the role of flange length in
determining the structural performance of RC walls. For example, Chong
et al. (2016) found that the length of the flange is an important
parameter of the shear capacity of RC walls. Similarly, Kolozvari et al.
(2019) demonstrated that the flange length substantially impacts the
lateral strength of squat RC walls. In addition, the axial applied load is
also important to the shear strength of squat RC shear walls but it was
ignored in the predictive equations by ACI 318-19 (2022) and Wood
(1990).

Interestingly, the influence of the longitudinal reinforcement py, is
more significant than that of the horizontal and vertical reinforcement
(pn and p,) when predicting the shear strength. It’s worth noting that
horizontal reinforcements primarily act as shear ties, enhancing cohe-

Table 1
Statistic results for 300 randomisations for four models.
Models Case  R%- R?- RMSE - RMSE -
Training Testing Training Testing
RF Min 0.992 0.888 43.91 68.46
Max 0.996 0.991 60.32 254.33
Mean 0.994 0.963 51.80 128.53
GBRT Min 0.997 0.909 21.72 87.26
Max 0.999 0.986 35.16 208.31
Mean 0.998 0.960 28.05 133.27
CatBoost Min 0.999 0.918 2.92 57.58
Max 0.999 0.991 5.53 211.34
Mean 0.999 0.971 4.29 113.99
XGBoost Min 0.999 0.927 10.09 57.44
Max 0.999 0.993 14.36 181.41
Mean 0.999 0.975 12.12 105.09
Table 2
Deviation of R? over 300 random.
A RF Model GBRT Model CatBoost Model XGBoost Model
Min 0.002 0.012 0.009 0.007
Max 0.108 0.089 0.082 0.073
Mean 0.031 0.038 0.029 0.025

5.1. Assessment of feature importance

The results obtained from SHAP analysis, as shown in Fig. 12, pro-
vide valuable insight into the importance of each input feature for
predicting the lateral strength of squat RC walls. X-axis represents a
specific SHAP value, while y-axis represents the input variables sorted
by importance. Dots in the graph depict the patterns in the dataset, with
the colour of each dot indicating the value of the feature, where blue
represents low values and red represents high values. The horizontal

a) Deviation A = R?

train

sion and preventing buckling of vertical bars. However, given the
composition of our dataset, other features, like the vertical reinforce-
ment and the intrinsic shear capacity of concrete, might have over-
shadowed the horizontal reinforcement’s contribution. This observation
does not undermine the essential structural role of horizontal rein-
forcement but underscores its relative influence within the context of
this specific dataset.

5.2. Data decompositions

One of the attractive advantages of ML-based models is that they can
predict the lateral shear strength within complete inputs. This scenario
is popular during the preliminary design process. Reducing the number
of input features in a ML model can improve time and cost-effectiveness,
mitigate overfitting, and make the model more interpretable. However,
this can also negatively impact the model’s accuracy if important input
features are ignored. This study considers three new databases with ten,
eight, and six input features based on the initial database with 13 input
features and the SHAP value analysis results (Table 3). The database
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with ten input features excluded the vertical reinforcement strength
(fy»), the flanged reinforcement strength (fy1), horizontal reinforcement
ratio (py). The database with 8 input features further excluded the
strength (fy), and vertical web reinforcement ratio (p,) from the ten
input features database. The database with 6 input features further
excluded the concrete compressive strength (f), and flange thickness
(t) from the 8 input features database. It is noted that excluding the
concrete strength may not be a physically viable option, but this case has
purely relied on the outcome in Fig. 12.

The results of Monte Carlo simulation using XGBoost model on four
different datasets with varying numbers of input features were exam-
ined. The simulation involved running the model on 300 randomly
divided training and testing sets, with 80-20 splits of the overall dataset
containing 639 samples. A total of 1,200 simulations were conducted for
these four datasets.

The results of training and testing using XGBoost model for 300
random splits of datasets with different numbers of input features are
summarised in the line graph in Fig. 13, the histogram in Fig. 14, and
Annex 3. The results show that, in the four investigated cases, the per-
formance of XGBoost model for training in cases 1 and 2 is almost
identical on the training, validation, and test sets. Notably, for case 2,
although the number of input features is lower than that of case 1, the
training performance for 300 random splits of data is slightly better.
Specifically, the min/max/mean R? on the test set are 0.919/0.990/
0.967 for case 1 and 0.936,/0.990/0.969 for case 2.

For cases 3 and 4, the training results are similar, and the prediction
performance is significantly worse than that of cases 1 and 2. Case 4,
with the fewest input features, has the lowest model training perfor-
mance. Specifically, the training performance of XGBoost model for case
4, as measured by the min/max/mean R? on the test set, is 0.876,/0.978/
0.949. Despite this result, XGBoost model can still predict the shear
strength of squat walls well.

This observation highlights the importance of selecting the appro-
priate number of input features for a machine learning model. While
more input features are often expected to improve the model’s

Table 3

Description of four datasets with 13, 10, 8 and 6 input features.
Name Input features Note
Case 1 Ly hy, tw, bs t5 P, pr, fek, pv v fym, P fir Data with 13 input features
Case 2 Ly hw, tw, by t5 P, pr, fe, v fyn Data with 10 input features
Case 3 Ly M, tw, bs t5 P, pr, fe Data with 8 input features
Case 4 Ly hw, tw, b, P, pr Data with 6 input features
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performance, this is not always the case. The result has recommended
using 10 inputs in XGBoost model to predict the shear strength of the
squat RC shear wall.

5.3. Model explanation for decomposed database

The results from the SHAP analysis for the four databases with
different numbers of input features indicate that the overall importance
and contribution of the input features remain relatively consistent across
all the four datasets (Fig. 15). However, there are some notable differ-
ences in the specific importance of certain input features. For example,
the influence of “by” decreases as the number of input features decreases,
while the influence of “l,” increases in these cases. It is also interesting
to note that the relative importance of P and t,, also seems to change
across the four datasets, with P becoming more influential than ¢, in the
datasets with fewer input features. This suggests that while certain input
features may not be important overall, they may still play a critical role
in certain specific contexts.

6. Practical implications

6.1. Performances of ML models in comparison with practice codes and
FEM simulation

Three semi-empirical models, Finite Element Method (FEM) and
trained XGBoost model, were used to calculate the lateral strength of
639 walls. It is worth noting that FEM simulation used the non-linear
pushover approach. Each simulation was stopped when a non-
converged problem occurred or when the horizontal reaction at the
current step of calculation was less than 80% of the maximum horizontal
reaction from the previous steps. As a result, only 467 out of 639 sim-
ulations successfully calculated the lateral strength without a non-
converged problem.

Table 4 reveals a clear distinction in the performance of XGBoost
model across the four cases with varying numbers of input features
compared to the traditional design models (ACI 318-19, ASCE/SEI 43-
05, and Wood 1990) and FEM outcomes. While XGBoost model consis-
tently outperforms the traditional design models, its performance is
worse than the FEM outcomes. In the case of traditional design models,
ACI 318-19 yields an R? of 0.522, ASCE/SEI 43-05 attains 0.544, and
Wood 1990 acquires 0.426. All three design models have considerably
higher RMSE, MAE, and COV values compared to XGBoost model. FEM
results show remarkable performance with an R? of 0.998 and the lowest
RMSE, MAE, and COV values among all the considered methods.
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However, FEM method is yet capable to predict all the cases in the
databases.

XGBoost model maintains its superior performance with varying
input features. Case 1, with 13 inputs, achieves the best results among
XGBoost cases with an R? of 0.994, RMSE of 38.506 kN, MAE of 11.157
kN, and a COV of 18.32%. The performance remains robust in cases with
fewer inputs, indicating the model’s adaptability to diverse feature sets.
Case 2 (10 inputs) and Case 3 (8 inputs) demonstrate only minor re-
ductions in Rz, while RMSE, MAE, and COV values remain relatively low
compared to the traditional design standards. Even in Case 4, with only
6 inputs, XGBoost model yields an R? of 0.99, outperforming all tradi-
tional design mmodels.

FEM simulations can provide high accuracy and realistic modelling
of the lateral strength of squat shear walls, capturing complex non-linear

12

behaviour such as yielding, buckling, and cracking. However, they can
also be computationally intensive and time-consuming, and the stopping
criterion used in this case could result in an incomplete representation of
the system, with only 467 out of 639 walls being successfully calculated
without a non-converged problem, representing 73% of the database. In
addition, the FEM requires a high skill and all information while the ML-
based models can predict the shear strength with incomplete inputs, e.g.,
10 input features, with good accuracy.

In summary, the results emphasise the potential of machine learning
techniques, specifically XGBoost model, as valuable tools for predicting
the lateral strength of squat shear walls in building structures. These
techniques offer an appealing alternative to traditional design standards
and FEM simulations, providing comparable accuracy and practical
advantages in terms of computational efficiency.
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Fig. 15. SHAP value for four decompositions.

Table 4
Comparison of model performance for predicting lateral strength of squat shear
walls.

Models Result Predicted (Learn and Predict on all
database)
R? RMSE MAE cov
(kN) (kN) (%)
ACI 318-19 0.522 367.273 150.732 67.28
ASCE/SEI 43-05 0.544  358.845 136.233 60.52
Wood 1990 0.426  402.746 174.300 72.25
FEM Simulations (467 samples) 0.998 21.135 7.120 8.05
XGBoost (Data with 13 inputs — 0.994 38.506 11.157 18.32
Case 1)
XGBoost (Data with 10 inputs — 0.994 41.802 12.242 17.95
Case 2)
XGBoost (Data with 8 inputs— Case ~ 0.992 65.298 17.768 16.43
3)
XGBoost (Data with 6 inputs — Case ~ 0.990 76.641 24.620 15.24
4)

The comparison of experimental shear strength ratios for samples in
the database, along with the mean and standard deviation of the pre-
diction intervals from XGBoost model, is presented in Fig. 16. The results
indicate that walls with a lower hy,/l, ratio (<1.0) exhibit a larger
variation in prediction than those with a higher h,,/l,, ratio (between 1.0
and 2.0). This underlines the significance of taking the hy/l, ratio into
account when designing walls with lower ratios.

In this study, XGBoost model demonstrates superior prediction per-
formance relative to conventional semi-empirical models, particularly
for walls with lower h,/l,, ratios. The finding suggests that XGBoost
model is particularly beneficial for estimating the shear strength of squat
walls with lower h,/l,, ratios. Consequently, incorporating XGBoost
model could result in more precise predictions in the design and con-
struction of squat walls, particularly for the case of incomplete input
features, enhancing the overall reliability and safety of such structures.
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Fig. 16. Shear strength predicted by mechanics-based models: a) ACI 318 - 19; b) ASCE/SEI 43-05; ¢) Wood 1990; and d,e,f,g XGBoost with 13,10,8,6 input features.

6.2. Web application for predicting the lateral strength of squat shear
walls

Using the Streamlit and Herokuapp frameworks, a user-friendly web
application (https://recshearwall.herokuapp.com/) was developed to
predict the shear strength of squat shear wall using XGBoost model
(Fig. 17). There are four models for predicting the shear strength of RC
walls utilising input features of 13, 10, 8, and 6 that have been applied
online for practical use. These application-accessible parameters corre-
late to the ranges of features present in the datasets used to train ML
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algorithms.

Users must choose the “Prediction by XGBoost Model” button after
entering values for all parameters to see the results predicted by three
different models. However, it is crucial to utilise reasonable input values
because employing irrational values could lead to inaccurate forecasts.
Therefore, users are advised to use realistic input features.

6.3. Model limitations and scope

Our developed model, as presented in this research, has shown


https://rcshearwall.herokuapp.com/
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Fig. 17. Web application for predicting lateral strength using trained models.

commendable accuracy when compared to established standards.
However, like all models, its predictions have boundaries governed by
the scope of the data it was trained on. A difference in the representation
of a given database in the reference papers compared to our dataset can
cause discrepancy.

Recent studies, such as those conducted by Li et al. (2023), and Wei
et al. (2022) have investigated the shear strength of specific wall con-
figurations under seismic influences. These investigations, involving
squat Ultra-High Performance Concrete (UHPC) shear walls and rein-
forced concrete shear walls with a low shear span ratio, provide valuable
insights into the seismic behaviour of these configurations.

In our model, the axial load in the collected data is capped at P <
1200 kN. In contrast, all cases from the reference papers feature an axial
load greater than 1200 kN. This limitation in our dataset means that the
model may not have adequately learned the influence of higher axial
loads, leading to potential discrepancies in predictions, as evidenced in
the comparison of predicted outcomes with experimental data from Wei
et al. (2022) presented in Fig. 18.

In future iterations of our research, we plan to address this limitation
by enhancing our dataset with data from recent experimental studies,
including those with higher axial loads. This expansion would enable
our model to be more comprehensive and better accommodated to the
evolving landscape of seismic behaviour studies, particularly with
UHPC.

7. Conclusion

This study investigated the influence of input parameters on the
shear strength of RC squat wall by using ML-based models and FEM. The
analyses were conducted on the largest currently available dataset of
639 squat RC walls with a height-to-length ratio of less than or equal to
2.0. The findings can be summarised as follows:

1) The ensemble learning models, specifically XGBoost, CatBoost,
GBRT, and RF, are effective in predicting the shear strength of RC
squat shear walls. The use of Bayesian Optimization for hyper-
parameter tuning improves the models’ performance.

2) The results from SHAP technique indicate that the axial load has a
much greater influence on the shear strength than the reinforcement
ratio and compressive strength of the concrete, but it was ignored in
some semi-empirical models. The influence of the longitudinal
reinforcement py, on the shear strength is more significant than that
of the horizontal and vertical reinforcement (py, and py).

Reducing the number of input features of XGBoost model from 13 to

10, 8, or 6 still yields reliable predictions with high accuracy. This

suggests the robustness of this ML-based model over FEM for

incomplete input parameters of RC squat walls.

4) XGBoost model significantly improved predictive performance
compared to traditional design models such as ACI 318-19, ASCE/SEIL
43-05, and Wood (1990).
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Fig. 18. Comparison of Predicted Outcomes with Experimental Data from Wei et al. (2022).
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5) The use of XGBoost models (with various advantages such as faster
computation, lower resource requirements, and efficient handling of
large datasets) yields reliable prediction with comparable accuracy
compared to FEM simulations with non-linear pushover analysis,
which may encounter non-converged problems.

6) Finally, a web application incorporating XGBoost model with various
input features provides valuable insights for predicting the lateral
strength of squat shear walls in building structures.
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Measures
Model Sets
R? RMSE MAE MSE
Training 0.999 2.77 0.43 7.7
DT Validation 0.921 175.62 72.25 39280.5
Testing 0.94 139.42 55.24 19437.4
Training 0.9 201.1 165.7 40441.0
LR Validation 0.85 276.9 173.2 76669.0
Testing 0.86 218.3 151.3 47640.0
Training 0.966 130.55 63.97 17044.2
KNN Validation 0.93 175.31 92.72 32225.1
Testing 0.85 218.42 102.61 47705.3
Training 0.971 108.6 60.3 11794.0
SVM Validation 0.91 206.8 113 42758.0
Testing 0.95 135.8 77.2 18444.0
Training 0.986 90.3 51.6 8154.0
ANN Validation 0.95 150 76.2 22494.0
Testing 0.97 100.1 57.5 10020.0
Training 0.995 48.41 23.73 2343.9
RF Validation 0.965 123.83 63.2 17260.6
Testing 0.96 117.16 60.27 13725.6
Training 0.948 161.47 133.32 26073.1
AdaBoost  Validation 0.91 199.11 162.47 41110.3
Testing 0.86 214.34 149.71 45941.8
Training 0.992 62.57 38.33 3915.2
GBRT Validation 0.965 126.52 69.12 17468.6
Testing 0.94 136.09 72.05 18520.5
CatBoost Training 0.999 18.69 13.16 349.3
Validation 0.976 105.84 58.66 12394.4
Testing 0.96 115.09 59.49 13245.3
Training 0.999 3.46 1.85 12.0
XGBoost  Validation 0.972 111.8 58.7 14580.0
Testing 0.96 115.49 54.54 13337.2

Annex 2. The range and optimised values for 4 best-performing ML-based models
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Model Hyperparameter Range Optimal value
XGBoost ’n_estimators’ 200-2500 1843
‘max_depth’ 1-10 2
’learning rate’ 0.01-0.99 0.3463
"booster’ ‘bgtree’, ‘dart’ dart
’gamma’ 0.01-10 0.01
‘reg_lambda’ 1-50 15
CatBoost  ’iterations’ 10-2000 2000
*depth’ 1-12 6
’learning_rate’ 0.01-1.0 1
’random_strength’ le-9-10 6.94*e-06
*bagging_temperature’ 0-1.0 1
*loss_function’ 'RMSE’, "Tweedie:variance_power = 1.5, "Tweedie:variance_power = 1.75’, "Tweedie:variance_power = 1.25’, "Tweedie: RMSE
variance_power = 1.10’°, 'Tweedie:variance_power = 1.9’
’12_leaf reg’ 2-100 100
GBRT ’loss’ ’squared_error’, absolute_error’, "huber’, *quantile’ ’squared_error’
’learning_rate’ 0.01-1.0 1
‘max_depth’ 1-20 6
’min_samples_leaf’ 1-50 50
‘min_samples_split’ 2-50 50
’n_estimators’ 10-300 300
*subsample’ 0.01-1.0 0.736
RF “bootstrap’ *True’, "False’ True
‘max_depth’ 10-100 52
‘max _features’ ‘auto’, 'sqrt’, log2’ ‘auto’
’min_samples_leaf’ 1-10 1
’min_samples_split’ 2-20 3
’n_estimators’ 100-2000 100
Annex 3. Statistic results of 300 simulations for 4 databases with different number of input features
Case Result R? - Training R? - Testing R? - All data RMSE Training RMSE Testing RMSE All data
XGBoost — 13 input features Min 0.991 0.919 0.979 48.51 69.65 58.00
Max 0.995 0.990 0.993 61.53 191.07 99.79
Mean 0.993 0.967 0.988 55.00 121.21 73.6
XGBoost - 10 input features Min 0.991 0.936 0.979 50.47 67.41 61.16
Max 0.994 0.990 0.992 64.53 185.16 99.57
Mean 0.993 0.969 0.988 57.44 118.32 74.12
XGBoost — 8 input features Min 0.983 0.896 0.97 62.98 91.99 83.23
Max 0.992 0.981 0.985 88.48 221.68 117.46
Mean 0.987 0.954 0.98 78.41 144.21 95.88
XGBoost - 6 input features Min 0.976 0.876 0.962 80.06 89.65 100.01
Max 0.985 0.978 0.979 105.92 240.87 132.65
Mean 0.98 0.949 0.974 96.63 151.11 110.29
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