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ABSTRACT

ARTICLE INFO

Predicting the ultimate drift ratio of steel plate shear wall (SPSW) systems is im-
portant for ensuring the structural integrity and performance of these systems under
lateral loads. In this study, machine learning models are developed for predicting the
ultimate drift ratio based on various design parameters using data from previous re-
search on SPSW systems. These design parameters include the panel aspect ratio,
column flexibility parameter, axial load ratio, web plate thickness and stiffness of
horizontal and vertical boundary elements. A range of machine learning models is
considered, including Random Forest, Lasso, Gradient Boosting, XGBoost, Adaboost,
Artificial Neural Network and a stacked regressor. The models are trained and eval-
uated using data from 292 different SPSW models, and their performance is com-
pared based on the R-squared value, root mean squared error (RMSE), and evalua-
tion time. The results of this study demonstrate the effectiveness of machine learning
techniques for predicting the ultimate drift ratio of SPSW systems. The results of this
study show that machine learning techniques effectively predict the ultimate drift
ratio of SPSW systems. Among the models considered, the ANN model achieved the
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1. Introduction

Structural engineering involves the analysis and de-
sign of load-bearing structures that can be particularly
challenging in complex structural systems under ex-
treme actions exhibiting highly nonlinear behavior. Tra-
ditional structural analysis and design methods involve
the study and application of mathematical and physical
principles to evaluate the performance and behavior of
load-bearing structures. These methods are used to pre-
dict the response of structures to various types of loads,
such as gravity, wind, and earthquakes, and to design
safe and efficient structures. However, these methods
may require a time-consuming calibration process to ac-
curately predict the behavior of systems under extreme
loading conditions, particularly for those that exhibit
highly nonlinear behavior. Additionally, the complexity
and uncertainty in these methods can make them chal-
lenging to implement in practice, particularly for com-

plex structural systems. However, machine learning
(ML) allows for the creation of computer models that can
learn and identify patterns from a set of data, potentially
offering more efficient and effective solutions for struc-
tural engineering problems.

Artificial intelligence (Al) is a computer science field
aiming to replicate human cognition and reasoning capa-
bilities through symbol manipulation and structured
knowledge bases. Machine learning (ML) is a subfield of
Al that focuses on teaching computers to make predic-
tions from data and algorithms without being explicitly
programmed. ML algorithms can be classified into unsu-
pervised and supervised learning. Unsupervised learn-
ing is a type of ML in which an algorithm is trained on an
unlabeled dataset. It is used to discover patterns and re-
lationships in the data without prior knowledge of the
output. Clustering, a subcategory of unsupervised learn-
ing, involves grouping data points into clusters based on
similarity. Dimensionality reduction, another subcate-
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gory of unsupervised learning, involves reducing the
number of variables in a dataset while preserving the im-
portant information. These techniques can be useful in
structural engineering tasks such as identifying similar
structures or simplifying complex models. Supervised
learning is a type of ML in which an algorithm is trained
on a labelled dataset. It is commonly used for regression
and classification problems in which the output is con-
tinuous or discrete. Regression analysis, a subcategory of
supervised learning, involves predicting a continuous
output based on one or more input variables. It is widely
used in various fields, including structural engineering,
to make predictions about structural behavior, such as
strength and stiffness, or to identify relationships be-
tween variables.

In structural engineering, various ML algorithms have
been applied to multiple tasks, including predicting
building responses to seismic loads, analyzing structural
behavior under extreme actions, and optimizing struc-
tural design parameters. These algorithms include neu-
ral networks (NN), which use artificial neural connec-
tions to model relationships between input and output
data; decision trees (DT), which use a tree-like model of
decisions to identify the most appropriate course of ac-
tion; regression analysis (RA), which is used to predict
continuous values based on a given set of input varia-
bles; support vector machines (SVM), which classify data
by finding the hyperplane that maximally separates dif-
ferent classes; random forests (RF), which are ensem-
bles of decision trees that use random sampling to im-
prove the prediction accuracy of the model; and boosting
algorithms (BA), which combine multiple weak models
to create a more accurate and robust model.

Many pioneering works in structural engineering, in-
cluding structural analysis and design, have effectively
employed the machine learning technique. Adeli and Yeh
(1989) completed one of the first examples of structural
design work on beam design. Hajela and Berke (1991)
used neural networks to study force-displacement rela-
tionships in static structural analysis in the following
years. They applied two different network algorithms to
the problem and examined the effects of parameters
such as learning rate on the results. Xu et al. (1992) cre-
ated neural network-based methods for autonomously
detecting structural damage caused by a variety of vari-
ables such as routine operations, accidents, deteriora-
tion, or natural events. They concluded that the use of
the neural network is promising for structural damage
assessment.

Large experimental or numerical datasets are often
required to confirm machine learning's performance in
estimating the behavior of structural systems. One of the
reasons why machine learning is becoming more popu-
lar in structural engineering is because the needed da-
tasets are considerably larger than in the past. The sur-
vey by Thai (2022) provides a comprehensive review of
the growing applications of machine learning algo-
rithms. The research investigates how machine learning
can be applied to ascertain the mechanical characteris-
tics and mix design of concrete. It delves into examining
both individual elements and entire structures con-
structed from steel, concrete, and composite materials.

Sun et al. (2021) review the application of machine
learning in structural design and performance assess-
ment. The paper also discusses the challenges and future
opportunities for integrating machine learning into
structural engineering practice. Xie et al. (2020) studied
the progress and challenges of implementing machine
learning in earthquake engineering. The review encom-
passes the utilization of machine learning across four
primary domains system identification, seismic analysis,
earthquake engineering and damage detection, seismic
fragility assessment, and structural control for earth-
quake mitigation. The study also discusses the chal-
lenges and future research needs for machine learning in
earthquake engineering, including embracing new data
sharing and sensor technologies, implementing ad-
vanced machine learning techniques, and developing
physics-guided machine learning models.

There are also studies to predict structural drift limits
using machine learning methods. Inel (2007) used ex-
perimental data from 237 rectangular columns to cre-
ate an artificial neural network (ANN) model and com-
pared the ultimate displacement estimates from the
model to existing semi-empirical and empirical models.
The results showed that the ANN model performed well
and proved the feasibility of using ANN models for esti-
mating the deformation of RC columns. Darain et al.
(2015) investigated the deflection behavior of
strengthened RC beams using adaptive neuro-fuzzy
prediction. According to the study, the projected deflec-
tion and crack width nearly match the outcomes of the
experiments, confirming the accuracy of the model. An-
other study by Kalman et al. (2013) evaluated the
earthquake performance of RC frames with masonry
wall infill using NN (neural network). The study results
showed that neural networks trained on the database
could be utilized to estimate the seismic behavior of
framed-masonry structural elements. Luo and Paal
(2019) proposed a local machine-learning model for
predicting the drift capacity of reinforced concrete (RC)
columns. The model was trained and tested using a da-
tabase comprising 160 circular reinforced concrete col-
umns. It was then contrasted with well-known existing
global and local learning methods as well as a conven-
tional empirical equation. The outcomes indicated that
the suggested model is a prospective method for im-
proving the predicting of drift capacity. Nguyen et al.
(2021) studied the seismic drift behavior of planar
steel moment frames using ANN and Extreme Gradient
Boosting (XGboost). The authors stated that the
XGboost algorithm better predicted the responses of
steel frames than the ANN model. The authors also de-
signed a user interface to predict steel frame drift re-
sponse using XGboost.

In this study, the performance of different machine
learning-based regression models in predicting the drift
capacity of steel plate shear walls (SPSW) is evaluated
using data from a previous study (Giirbiiz and Kazaz
2022a). SPSW systems are widely used in the construc-
tion of high-rise buildings and other structures subjected
to lateral loads such as earthquakes and wind. Steel web
shear walls have a more sophisticated system mecha-
nism than conventional steel frames. A steel web plate in
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such systems transfers additional loads on the horizon-
tal and vertical boundary members (beams and col-
umns). The lower and higher-level steel panels transmit
opposing loads to the beam members between adjacent
floors. As a result, the top anchor beam experiences an
unbalanced load. Moreover, the steel panel imposes an
inward pull on the columns, possibly leading to unex-
pected column buckling. Steel panel-induced loads have
resulted in various steel frame collapse mechanisms.
These collapse processes under monotonic and cyclic
loading cases were investigated by Giirbliz and Kazaz
(20223, 2022b). The performance of these systems under
lateral loads depends on various design parameters, in-
cluding the panel aspect ratio, column flexibility parame-
ter, axial load ratio, web plate thickness, and more. Previ-
ously, 292 different SPSW models were designed and an-
alyzed by Gilirbiiz and Kazaz (2022a) using the finite ele-
ment method to explore the interactive effect of various
design parameters on the drift capacity and shear force
distribution of SPSW systems. Accurate prediction of the
ultimate drift ratio of SPSW systems is essential for en-
suring the safety and reliability of these structures. Vari-
ous past studies have investigated the interactive effect
of design parameters on the drift capacity and shear force
distribution of SPSW systems using analytical and exper-
imental methods. However, these studies often examined
only a few design parameters at a time, making it difficult
to fully understand the complex interaction of all the pa-
rameters on the behavior of SPSW systems. The design
parameters included panel aspect ratio, column flexibil-
ity factor (a measure of the stiffness of the columns), axial
load ratio, web plate thickness, stiffness of horizontal and
vertical boundary elements. The ultimate drift ratio of
each model was used as the response variable in the ma-
chine-learning models. The ultimate drift ratio is a meas-
ure of the maximum displacement of the structure under
lateral load and is an essential consideration in the de-
sign of SPSW systems as it affects the overall stability
and performance of the structure.

This study aims to fill the gap in the literature by de-
veloping machine learning model algorithms to predict
the ultimate drift ratio of SPSW systems based on the de-
sign parameters. Many machine learning models, includ-
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ing Random Forest, Lasso, Gradient Boosting, XGBoost,
Adaboost, and a stacked regressor, are considered. In ad-
dition, the performance of an artificial neural network
(ANN) model is also investigated. ANNs are a type of ma-
chine learning algorithm that mimics the structure and
function of the human brain and can be used for both re-
gression and classification tasks. By comparing the per-
formance of these different models, the researchers can
determine the most effective approach for predicting the
behavior of these types of structures.

The details of the algorithms used in this study are
given in the following sections. The performance of these
models is compared in terms of the R2 value, root-mean-
squared error (RMSE), and evaluation time. The results
of this study provide a comprehensive understanding of
the behavior of SPSW systems and may be useful for pre-
dicting the ultimate drift ratio of these systems in the de-
sign process.

2. Data

Gurbiiz and Kazaz (2022a) used a verified finite ele-
ment modeling technique to investigate the behavior of
the 3-story and moment-framed steel plate shear walls.
292 models were created by changing design parame-
ters within specific ranges and analyzed under mono-
tonic loading using the finite element analysis software
ANSYS (2016).

To create variations of SPSW models, plate thickness,
panel aspect ratio, stiffness of boundary elements, and
axial load ratio on vertical boundary element (VBE) were
considered. The models contained both geometric and
material non-linearities. Fig. 1 shows a typical three-
story SPSW model that illustrates and summarizes the
study's main parameters. In the model, to increase the
resistance of the top beam against the bending action of
internal steel plate forces, an additional beam was at-
tached to the top beam, and the beams were assumed to
be constrained (share the same nodes) along the adjoin-
ing beam flanges as shown in Fig. 1(a). The horizontal
load was applied at the top left nodes of the models as
shown in Fig. 1(b).
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Fig. 1. (a) A representative finite element model of SPSWs used in the study;
(b) Typical steel plate shear wall configuration.
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All story-level intersections of beamsand col-
umns were defined as the locations for lateral support.
At all story levels, out-of-plane displacements of the
nodes in intersection regions were constrained.

The chosen panel lengths are 2000, 3000, 4000, 5000,
and 6000 mm, and the steel panel height hs is constant at
3000 mm in all variants. In this manner, plate aspect ra-
tios - the ratio of panel length to height L/h - between 0.67
and 2 were considered. As previously observed, narrow
steel plate shear walls functioned adequately and dis-
played ductile hysteric behavior, which can be compared
to those with larger aspect ratios (Li and Tsai 2008). Thus,
models with a low panel aspect ratio of 0.67 were also ex-
amined. The chosen plate thicknesses tw are 3, 4, 5, and 6.

The SPSW behavior was investigated using parame-

ters plate thickness, column flexibility parameter (w:), the
moment of inertia ratio of beam and column (Ic/1I»), panel
aspect ratio(L/h), axial load ratio on columns(P/Pc),
beam flange width-beam height ratio (b/hs) the beam
flange width to beam height ratio (bs/hs), the beam flange
width-to-thickness ratio (bg/2tf), beam web area and col-
umn web area.

Seven different types of failure modes were identified
for SPSWs. These failure modes were studied in terms of
variables, including the column flexibility factor, plate
thickness, and L/h in general. Fig. 2 displays the identified
SPSW failure modes and a representative force-drift curve
for each group. Each group was carefully analyzed in the
relevant research, and an investigation on the parameters
that lead to failure and the failure sequence was conducted.

(a) Column out-of-plane buckling

(b) Flexural-torsional buckling

(c) Top beam out-of-plane buckling

(e) Top beam shear failure

(f) Column shear failure

(g) Column bending failure

(h) Representative Force-Drift Curves
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Fig. 2. Different failure modes of the SPSW models and representative Force-Drift ratio curves of each failure group.
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The definition of the ultimate drift ratio (DR.) of SPSWs resented by the force-drift curve in Fig. 3(b), it can be
varies for different models. When the force-drift curves are seen that the system can still sustain the load at 85% of
assessed, some groups show no noticeable drop, while  its maximal strength, but after a particular drift, it loses
others have a system that clearly fails as displayed in Fig.  its ability to resist force. The ultimate drift ratio for these
3. Therefore, it could be claimed that this difference in models is referred to as the location of the break on the
how the ultimate drift ratio is defined is necessary. force-displacement curve. The ultimate drift limit, how-

The point where the base story shear force drops to ever, is taken as the drift level corresponding to 50% of
85% of its maximum value on the load-displacement  the peak shear force, such as in high axial load instances
curve is the ultimate drift ratio for the group that failure =~ where the force-displacement curve steadily decreases
is observable (Fig. 3(a)). In a different group that is rep- after peak force (Fig. 3(c)).
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Fig. 3. Different definitions of the ultimate drift ratio in Giirbiiz and Kazaz (2022a).

In ensuring data quality and preparing the dataset for methods. One of these methods is the grid search tech-
model training, several crucial data preprocessing steps nique finding the ideal set of hyperparameters for a par-
were employed. This included an extensive data cleaning  ticular model. To achieve this, a model is trained using
process to handle outliers and anomalies, normalization various combinations of hyperparameters, and its effec-
techniques to standardize feature scales, and imputation  tiveness is assessed using test data. The ideal setting is
methods to address missing values. then determined by the combination of hyperparame-

ters that produces the best performance. Many super-
vised machine learning tasks use grid search. The grid

3. Method search can be performed using sklearn's GridSearchCV
class. This section provides information about each ma-
The dataset employed in this study is composed of nu- chine learning algorithm used in this study.

merical data that simulates the behavior of steel plate
shear walls with moment frames under extreme loading  3.1. AdaBoost
conditions. This dataset was created specifically to ex-

plore the performance of the SPSW structures under The AdaBoost algorithm was employed as one of the
these high-loading conditions. By providing the data to ~ base models in the stacking regressor. AdaBoost, which
feed the machine learning models, this study also inves- stands for Adaptive Boosting, is a type of ensemble
tigates the parameter effects on the overall behavior of =~ method that combines a number of weak learners to
the structures. form a strong learner. Freund and Schapire (1997) intro-

The study employed a Stacking Regressor, which  duced it in 1997 and since then has been widely used in
combines multiple base models to improve the predic- various applications. The basic idea behind AdaBoost is

tion accuracy of the drift behavior of Steel Plate Shear  to iteratively improve the performance of a weak model
Walls (SPSWs) under monotonic loading. A variety of by giving more weight to the misclassified examples in
base models were defined, including Gradient Boosting, the training data.

Lasso, Random Forest, XGBoost, ANN and AdaBoost was In this study, the AdaBoost algorithm is implemented
selected due to their capability to deal with nonlinear using the Sklearn library in Python. Scikit-learn
and complex data and used as input to the Stacking Re- (Sklearn) is an open-source machine learning library for

gressor. This ensemble approach aims to leverage the the Python programming language. It provides a wide
strengths of each individual model to achieve improved range of tools and techniques for machine learning and

performance. statistical modeling, including classification, regression,
The choice of model hyperparameters is a critical is- clustering, and dimensionality reduction (“scikit-learn:
sue in machine learning models. When creating models, machine learning in Python - scikit-learn 1.2.0 documen-

different values are given to parameters like the learning  tation” n.d.). The AdaBoostRegressor class is used to cre-
rate and the number of estimators, which directly impact ate the model, which takes several parameters such as
the prediction accuracy of the models. These parameters the number of estimators, the learning rate, and the ran-
can be chosen randomly or optimized using different dom state. The number of estimators refers to the num-
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ber of weak learners to be used, the learning rate deter-
mines the weight of each estimator in the final predic-
tion, and the random state is used to initialize the ran-
dom number generator for reproducibility.

The number of estimators is set to 200, 400, and 600,
the learning rate is set to 0.001, 0.005, and 0.01, and the
random state is set to 0 for the grid search. Finally, the
learning rate is set to 0.01 and the number of estimators
is 600.

3.2. Gradient Boosting

Gradient Boosting is an ensemble learning technique
that is an iterative method to optimize a differentiable
loss function using the gradient descent algorithm. The
idea behind gradient boosting is to train a set of weak
models (such as decision trees) and combine them to
form a stronger model. Each tree grown during the iter-
ation fits the negative gradient of the loss function (or
residual) concerning the current ensemble predictions.
After each iteration, the negative gradient is computed
as the difference between the true target values and the
current ensemble predictions. A typical loss function
used in gradient boosting is mean squared error (MSE)
for regression problems is given as,

MSE =130~ 99 (1)

where yiis the ith observed value, yiis the predicted value
and n is the number of observations.

In this study, the Gradient Boosting algorithm is im-
plemented using the sklearn library in Python. The Gra-
dientBoostingRegressor class is used to create the
model, which takes several parameters such as learning
rate, loss function, maximum depth of the trees, the min-
imum number of samples required to split a node, and
the number of estimators. Using the GridSearchCV class,
the learning rate is set to 0.01. The loss function is set to
'Is' (least squares), which minimizes the mean squared
error between the predicted and actual response values.
The maximum depth of the trees is 6, the minimum sam-
ples required to split a node is 4, and the number of esti-
mators is 600.

3.3. Random Forest

Random forest is a popular algorithm for many ma-
chine-learning tasks, including classification and regres-
sion. The idea behind it is to construct multiple decision
trees and combine their predictions with improving the
overall performance of the model. Each tree in a random
forest is built using a different subset of the training data
and a different subset of the features. The final predic-
tion is made by averaging or voting the predictions of all
the trees in the forest. Fig. 4 depicts a schematic of the
Random Forest working algorithm.

Training Data

DataSet 1

DataSet 2

Decision Tree - 1

DataSet 3

Decision Tree - 2
Decision Tree - 3

Voting or Averaging

Prediction

Fig. 4. Random Forest algorithm.

The random forest algorithm was first introduced by
Breiman (2001). The idea of building a model using mul-
tiple decision trees was motivated by the problem of
high variance in individual decision trees, which often
resulted in poor generalization performance. By averag-
ing the predictions of multiple trees, random forest is
able to reduce the variance and improve the overall per-
formance of the model.

In terms of implementation, one can use the Random-
ForestClassifier and RandomForestRegressor classes

from the scikit-learn library to train and evaluate a ran-
dom forest model. These classes provide a simple and
easy-to-use interface for training and evaluating random
forest models and provide a variety of parameters for
fine-tuning the model performance. Grid search and
cross-validation techniques can also be used to tune the
parameters of the random forest model.

The RandomForestRegressor class is used to create
the model, which takes several parameters such as the
maximum depth of the trees, the minimum number of
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samples required to split a node, the number of estima-
tors and the random state. Using the GridSearchCV class,
the maximum depth of the trees is set to 8, the minimum
number of samples required to split a node is set to 4, the
number of estimators is set to 400 and the random state
is set to 0. These hyperparameters are used to initialize
the Random Forest model, which is then trained on the
provided dataset to make predictions. It is important to
note that these values are not necessarily optimal for
every dataset and problem and that tuning these hy-
perparameters is crucial to achieve good performance.

3.4. XGBoost

XGBoost, also known as eXtreme Gradient Boosting, is
a powerful gradient-boosting algorithm that is specifi-
cally designed to be efficient and fast. It was first intro-
duced by Chen and Guestrin (2016). It is an optimized
implementation of the gradient boosting framework,
which sequentially combines decision trees to improve
the overall accuracy of the model. XGBoost is a popular
algorithm in machine learning competitions due to its
ability to handle large and high-dimensional data and to
be robust in handling missing data.

The algorithm works by fitting an ensemble of decision
trees, with each new tree trained to correct the errors
made by the previous one. It uses several regularization
and optimization techniques to improve the speed and
performance of the algorithm. Chen and Guestrin (2016)
stated that it is ten times faster than existing solutions.
The output variable is given in the following equation:

9=k fu(x), fr € F (2)

where, ¥ and x; are the output and input variables, K is
the number of trees, fis the score function and F is the
possible regression or classification tree set. The regu-
larized objective function is:

L(@) = X 1(Fi y) + 2 2(fi) (3)

where, [ is a differentiable convex loss function and the
second term () penalizes the complexity of the model.

The XGBoost algorithm is implemented using the
XGBRegressor class of the XGBoost library. It takes sev-
eral parameters, such as the learning rate, maximum
depth of the trees, and the number of estimators. Using
the GridSearchCV class, the learning rate is set to 0.01,
the maximum depth of the trees is 8, and the number of
estimators is 600. These hyperparameters are used to
initialize the XGBoost model, which is then trained on the
provided dataset to make predictions.

3.5. Lasso Regression

The Lasso algorithm, which stands for Least Absolute
Shrinkage and Selection Operator, was first introduced
by Robert Tibshirani (1996). Apart from the algorithms
given above, Lasso is a linear model that uses L1 regular-
ization, which is a technique that constrains the sum of
the absolute values of the coefficients. The Lasso algo-
rithm was developed as an extension of the least squares

method, a commonly used technique for fitting a linear
model to a dataset. However, unlike least square, which
uses L2 regularization, Lasso uses L1 regularization, re-
sulting in sparse solutions where some of the coefficients
are zero. This makes Lasso particularly useful for feature
selection, as it can automatically select a subset of the
most important features for the model.

The Lasso algorithm has been widely used in various
fields such as statistics, machine learning, and applied
sciences. It is advantageous in high-dimensional settings
where the number of features is larger than the number
of samples. Since its introduction, many extensions and
variations of the Lasso algorithm have been developed,
such as the elastic net, which is a combination of L1 and
L2 regularization, and the adaptive Lasso, which adapts
the L1 penalty to the data.

In this study, the alpha value is set to 0.001, which
controls the regularization strength. A larger value will
make the model more conservative, while a smaller
value will make the model more flexible and prone to
overfitting.

3.6. Stacked Regressor

The StackingRegressor class can combine the predic-
tions of multiple base estimators and use them for train-
ing a higher-level meta-model. The base estimators are
trained in parallel, and their predictions are combined
using a blending process, which can be specified through
the blender parameter. The meta-model is then trained
on the blended predictions of the base estimators.

In this case, the StackingRegressor object is a model
that combines the predictions of the Gradient Boosting
model, Lasso model, Random Forest Model, and XGBoost
model using the RidgeCV model as the meta-model. This
can potentially improve the performance of the resulting
model compared to using any of the base estimators
alone.

The stacked regressor model, however, came after to
the XGBoost model in this investigation. The stacked re-
gressor model's RZ value is 0.79, and the evaluation pro-
cess took 11.62 sec in total. Among all the models, this
evaluation period is the longest. This is a predictable out-
come, given that using a new meta-model and combining
additional regression models takes some time. However,
the stacked regressor results being less accurate than
the XGBoost model is generally not expected. It is worth
considering whether the ensemble model is appropriate
for the data. Ensemble models can be powerful, but they
may not always be the best choice for a particular da-
taset. The chosen parameters might have high relations
to each other, resulting in the ensemble model being un-
able to capture the full range of prediction patterns and
performing worse than the individual models. A correla-
tion investigation was conducted and the results are pre-
sented in the results section.

3.7. Artificial Neural Network
Artificial neural networks (ANNs) are a class of ma-

chine learning models that are inspired by the structure
and function of biological neural networks. The ANN
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consists of numerous layers of neurons, which process
and transmit information. ANNs are capable of learning
from data and can be used for a variety of tasks. The
working mechanism of an ANN involves the processing
of input data through the various neuron layers, each of
which applies a set of weights and biases to the input and
produces an output. An example of the ANN algorithm is
given in Fig. 5(a). The output of one layer serves as the
input to the next layer. The weights and biases are ad-
justed during the training process to optimize the per-
formance of the network

The ANN model is created in this study using the Neu-
ral Network Toolbox in MATLAB (“Deep Learning
Toolbox - MATLAB” n.d.). The given code creates a loop
that runs 60 times. In each loop iteration, a neural net-
work with a different number of neurons in the hidden
layer is created and trained using the fitnet and train
functions. The training ratio is set to 70%. The validation

Hidden Layers

—~
QD
~

Input Layer
Output Layer

H-L2

H-L3

ratio is 20% while the test ratio is 10%. It then sets the
proportion of data for training, validation and testing
and trains the network using the train data. Next, the
code calculates the Root Mean Squared Error (RMSE)
for the training and validation sets for each hidden
layer size. After all, the hidden layer sizes have been
trained and the errors have been calculated, the code
used in this study finds the index of the minimum RMSE
value on the validation set and prints the optimal num-
ber of neurons in the hidden layer. The code then re-
trains the network with an optimal number of neurons
with a training ratio of 70%, a validation ratio of 20%
and a testing ratio of 10%. Then the code calculates the
RMSE and relative RMSE of the training and validation
dataset. An image created by the MATLAB Neural Net-
work tool that shows the number of inputs, the number
of optimal hidden layers and the output is given in Fig.
5(b).

(b)

Hidden

Il (Bl

Output

Fig. 5. (a) ANN architecture; (b) An architecture created by MATLAB Neural Network tool.

In each run, the optimal number of neurons takes a
different value. The reason is that the hidden layer
changes in each run since the training and validation sets
are selected randomly at the beginning of each run. This
means that the data on which the ANN is trained and
evaluated will be different in each run, and therefore the
optimal number of neurons in the hidden layer that leads
to the best performance on that specific data will also be
different. The study aims to have an average perfor-
mance on the ANN model.

In addressing the concern of overfitting in this study,
several strategies were implemented. We applied regu-
larization techniques, including L1 regularization in
Lasso Regression and leveraging regularization parame-
ters in the XGBoost algorithm, aiming to control model
complexity. Cross-validation, particularly k-fold cross-
validation, played a pivotal role during model training,
ensuring robustness by evaluating models across vari-
ous data partitions. The optimization of hyperparame-
ters through techniques like GridSearchCV and the utili-
zation of ensemble methods, such as the StackedRegres-
sor, were employed to strike a balance between model
complexity and predictive performance. These con-
certed efforts were undertaken to mitigate overfitting
risks while maintaining the models' accuracy and gener-
alizability.

4., Results

A total of seven different models were trained and
evaluated using the database of steel plate shear walls
(SPSW). These models included Random Forest, Lasso,
Gradient Boosting, XGBoost, AdaBoost, a Stacking Re-
gressor, and an Artificial Neural Network (ANN). The
performance of each model was assessed using various
evaluation metrics, including mean squared error (MSE),
R-squared score, and evaluation time. The following sec-
tion presents a detailed comparison of the performance
of each of these models in terms of their prediction accu-
racy and computational efficiency.

Regarding the R-squared score, the Artificial Neural
Network (ANN) model outperformed all other models
with an R-squared score of 0.918 on the validation da-
taset. The second-best performer was the XGBoost model,
which had an R-squared score of 0.83. The Gradient
Boosting model had an R-squared score of 0.701, followed
by the Stacking Regressor with an R-squared score of
0.791. The Random Forest model had an R-squared score
of 0.753, while the AdaBoost model had an R-squared
score of 0.633. The lowest R-squared score was achieved
by the Lasso model, with an R-squared score of 0.418.
Overall, it can be seen that the ANN model had the highest
prediction accuracy, followed by the XGBoost model. It is
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also worth noting that the ANN model had the highest R-
squared score for all data, training, validation and test set.
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The results are presented in Fig. 6. The results of the best-
performed model are investigated separately in Fig. 7.
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Fig. 6. Comparison of different models.

In terms of evaluation time, the best models were
Lasso and XGBoost, with evaluation times of 0.01 and 0.4
seconds, respectively. These models could predict the ul-
timate drift ratio of SPSW systems with relatively low
evaluation times. The Random Forest model, which had
an evaluation time of 0.52 seconds, also performed rela-
tively well in terms of evaluation time. On the other hand,
the Gradient Boosting, Adaboost and Stacking regressor
models had longer evaluation times of 0.43, 0.72 and
11.98 seconds, respectively. The Artificial Neural Net-
work (ANN) model had one of the longest evaluation
times of all the models, with an average evaluation time
of 6.7 seconds. This is because the ANN model is a com-
plex algorithm that requires more computational re-
sources to train and evaluate. In addition, the loop in the

script tests 1 to 60 hidden layers. However, the ANN
model has the highest R-squared score of 0.9469 among
the models. The evaluation time should be very low with
a specific hidden layer size. It should be noted that the
evaluation time of a model is an essential consideration in
practice, as it can have a significant impact on the feasibil-
ity and cost of using the model in real-world applications.

When Fig. 7(a) is examined, the R-squared value of
the ANN model of the training data was approximately
0.97, which is relatively high. Such a high R-squared
number may indicate an overfitting issue. When an Arti-
ficial Neural Network (ANN) is overfitted, it underper-
forms on unknown, new data because the model was
trained too well on the training data. Overfitting may oc-
cur due to noise, the small size of the training set, and the
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complexity of the classifiers (Ying 2019). When a model
has more parameters than training data, overfitting can
happen, which prevents the model from generalizing to
new data. However, the R2value of the validation data is
0.92 and the test data is 0.85, as shown in Figs. 7(b) and
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7(c). These are also high R? values when viewed within
the context of regression analysis, yet they are accepta-
ble levels. A very high R? value of 0.95 was found in the
regression analysis conducted on the entire data set in
Fig. 7(c), similar to the other results.
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Fig. 7. ANN results: (a) Training data (70% of all data); (b) Validation data (20% of all data);
(c) Test data (10% of all data); (d) All data predicted and target values.

Considering all these findings, XGBoost is among the
most practical models regarding evaluation time and R-
squared outcomes. Except for ANN, only XGBoost has a
better R-squared value than the stacked regressor. The
influence of the parameters on the results was investi-
gated using various techniques through the XGboost
model results.

The relative importance of each feature in a dataset
can be evaluated using the machine learning technique
known as feature importance analysis. First, a feature
importance analysis was conducted and the results are
presented in Fig. 8. In order to improve the performance
of the model or to comprehend the underlying relation-
ships in the data, it helps to identify the attributes that
have the most influence on the model's outcome. In fea-
ture importance analysis, a tree-based model, such as
XGBoost, was utilized to gauge the significance of various
parameters in predicting the ultimate drift ratio of steel
plate shear wall (SPSW) systems. The feature im-
portance was calculated primarily through the evalua-
tion of the Gini impurity or related metrics within these
models. Higher feature importance scores indicate a

stronger influence of the respective parameters on the
predictive accuracy of the models.

When Fig. 8 is analyzed, it is obvious that w;, tw, and
P/Pcr are the most critical factors in the drift behavior of
SPSW systems. According to the findings of the former
study (Giirbliz and Kazaz 2022a, 2022b), these parame-
ters directly impact the behavior of the system. Fig. 9
shows the relationship between the most essential three
parameters with the ultimate drift ratio (DRu).

The ultimate drift ratio and w: have a relatively high re-
lationship, as can be shown in Fig. 9. A higher value of the
column flexibility parameter, w; indicates that the col-
umns are more flexible than the lower. It is expected that
for high w; values, the ultimate drift ratio will take smaller
values. Assessing the models with the lowest ultimate
drift ratio reveals that they typically have thick plates and
are subject to significant axial forces. This is another an-
ticipated outcome that the SPSW system working princi-
ple can explain. Therefore, as the axial load on the col-
umns and thickness of the plate increases, the columns are
more proponed to buckle. Thick plates cause an increase
in the inward force acting on the columns. Clearly, the
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models with the lowest axial force also have the maximum
capacity, as would be predicted. Another significant con-
sequence of this figure is that very high drift values can be
attained if the column axial load and plate thickness could

be adjusted with the selected column section. Similar to
the previous instance, the drift ratio capacity may be
pretty low even when the column axial load and plate
thickness are at their lowest levels in a poorly built model.
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Fig. 8. Feature importance of XGBoost model.
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Fig. 9. Ultimate drift ratio - most effective parameters comparison.

Identifying the correlation between parameters is
crucial to improve the data utilized in machine learn-
ing. Correlation between the input parameters is unde-
sirable for machine learning. Because there is a high
correlation between the input parameters, the model
performs worse because the data set contains unused
pairs. Additionally, any highly correlated parameters
can improve the model's performance, while others can

worsen it. The correlation coefficients for several vari-
ables in a dataset may be shown in a correlation matrix
table. The matrix shows how each potential pair of var-
iables in a table correlates. The correlation matrix is a
table with rows and columns, and each cell displays the
correlation between any two variables. Fig. 10 presents
the correlation matrix of the parameters used in this
study.
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Some parameters have a very high correlation, as
seen in Fig. 10. For instance, it is possible to conclude
that the column area and the w: parameter have a strong
inverse correlation. The relationship between beam web
area and total beam area is also solid. The number of
strong correlations might increase by looking at Fig. 10.
That might be a reason for the relatively poor results of
stacking-regressor. In this case, it can be concluded that
the selected parameters should be optimized in machine
learning.

On the other hand, the fact that the parameters tw and
P/P.r typically do not exhibit a substantial correlation
with any parameter indicates that two of the parameters
which have the most extensive influence on the ultimate
drift ratio were rather well selected. Similar to this, there
was a low correlation between other factors and other
relatively effective parameters, L/h and I./I». Assuming
that (except for wi) parameters with high correlation are
typically not very effective on the ultimate drift ratio
would be reasonable.

In our analysis of feature importance, we utilized tree-
based model, such as XGBoost, to gauge the significance
of various parameters in predicting the ultimate drift ra-
tio of steel plate shear wall (SPSW) systems. The feature
importance was calculated primarily through the evalu-
ation of the Gini impurity or related metrics within these
models. Higher feature importance scores indicate a
stronger influence of the respective parameters on the
predictive accuracy of the models. Notably, parameters
like w;, tw, and P/Pcr emerged as the most critical factors
affecting the ultimate drift ratio. These findings align co-
herently with established engineering knowledge in
structural mechanics. For instance, w; the column flexi-
bility parameter, directly correlates with the stiffness of
columns, impacting the structural deformation capacity.

Similarly, the plate thickness (tw) and the ratio of applied
axial load to critical load (P/P.r) are indicative of the
structural robustness and load-carrying capabilities of
SPSW systems. These parameters’ prominence in our
analysis underscores their pivotal roles in governing the
behavior of such systems, affirming their relevance from
an engineering standpoint.

5. Conclusions

Predicting the ultimate drift ratio in SPSW systems is
important for engineers and the construction industry. It
plays a key role in ensuring structural resilience during
seismic events, guiding design optimization, and enhanc-
ing overall safety and cost-effectiveness in construction
projects.

The performances of various machine learning meth-
ods in predicting the SPSW ultimate drift ratio were
comprehensively evaluated in this study. The models
were compared and evaluated based on their R-squared
value, root-mean-squared error, and evaluation time. A
grid search method was used to fine-tune the models’
hyperparameters in order to maximize their perfor-
mance. A StackedRegressor class was also used to com-
bine the predictions of the different models in an attempt
to enhance the models' overall performance. Then, com-
pared to the individual models, these combined results
were used to create more accurate predictions.

Machine learning procedures employing feature im-
portance analysis are very useful in determining the rel-
ative importance of each parameter in a dataset in order
to improve the performance of the prediction model or
to reveal the underlying relationships in the data. It was
demonstrated that w;, tw, and P/P.- are the most critical
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parameters in the deformation capacity of SPSW sys-
tems. These parameters directly impact the behavior of
the system.

It was found that the Artificial Neural Network (ANN)
model exhibited the most accurate predictions among
the various machine learning algorithms evaluated. For
the ANN model, the lowest R-squared value that was ob-
tained for the training, validation, and test groups was
0.85. The R-squared value for the analysis conducted on
the entire dataset was found to be 0.94, indicating a high
level of accuracy. Among the other models, the XGBoost
model had the second-highest accuracy level with an R-
squared value of 0.93. However, the ANN model had one
of the worst performances in terms of evaluation time
due to the use of a loop to optimize the number of neu-
rons in the algorithm. The optimization of the number of
neurons has a direct impact on the results. The data used
in the analysis, which consisted of 292 data points, did
not account for very complex data and it can be inferred
that the models would work well with much more com-
plex data in real-life applications. The ability of the
model to make profound contributions to the usability of
this model is an important aspect to consider.

Several limitations should be acknowledged in this
study, notably the dataset's size and complexity. The da-
taset used for model training and evaluation comprised
292 instances, which, while informative, might not en-
capsulate the full breadth of potential scenarios encoun-
tered in real-world applications. The relatively small da-
taset size could potentially limit the model's ability to gen-
eralize well to diverse or unseen data patterns. Moreover,
the inherent complexity of the structural behavior of
steel plate shear walls (SPSW) systems adds another layer
of challenge, as the dataset might not comprehensively
cover all possible variations and scenarios observed in
practical applications. These limitations may influence
the generalizability of the results, suggesting that cau-
tion should be exercised when applying these models to
different or more complex real-world scenarios.
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