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Abstract

The dynamic response of asymmetric structures to seismic forces is challenging due to mass, stiffness, and damping
distribution irregularities. Shape memory alloy (SMA) dampers have successfully dealt with these issues because of their
distinctive super elasticity and energy dissipation characteristics. In this work, we study regression algorithms’ effectiveness
in predicting the seismic behavior of asymmetric structures installed with SMA dampers. A numerical simulation produces
a comprehensive dataset of structural parameters consisting of the structure’s varying periods, frequency ratios, and
eccentricity ratios. The critical responses of structures, including lateral and torsional displacement, lateral and torsional
acceleration, and stiff and flexible edge damper forces, are predicted using machine learning (ML) techniques, artificial neural
networks, decision trees, support vector machines, ensemble bagged trees, and Gaussian process regression. The model is
validated using performance metrics such as mean absolute error and root mean square error, mean absolute percentage
error, coefficient of determination, and Shapley Additive explanations values, ensuring that predictions are robust and
consistent. The results revealed that regression methods accurately model the nonlinear dynamic behavior of SMA dampers
in asymmetric structures, providing exact and computationally efficient predictions of seismic response. This predictive
paradigm facilitates optimal damper configuration, minimizing the computational complexity of iterative design methods.
The proposed research integrates advanced materials with ML methods to create seismically resilient structural systems.

Keywords Shape memory alloys - Asymmetric structure - Advanced materials - Structural eccentricity - Seismic response
prediction - Machine learning - Regression algorithms

Introduction

The seismic response of torsionally coupled systems has
emerged as an essential component of research worldwide.
Torsional irregularities in structures arise from uneven dis-
tributions of mass and stiffness, making these structures
The original online version of this article was revised: there were more susceptible to damage during significant seismic events
errors in figure 4 and 7. (Wang et al., 2023). Consequently, it is essential to employ
advanced technologies to control the coupled translational-
torsional vibrations in asymmetric structures (Chowdhury,
2021; Shyamsunder et al., 2021).
Department of Civil Engineering, Sardar Vallabhbhai Among various vibration control techniques, seismic
ﬁegii;’nal Institute of Technology, Surat, Gujarat 395007, dampers have been considered an effective solution for safe-
guarding structures against major earthquakes (Mevada &
Jangid, 2015). Using shape memory alloys (SMA) in vibra-
tion control devices represents a cutting-edge focus within
the research community (Mohammadgholipour & Billah,
2023; Muntasir Billah et al., 2022; Tabrizikahou et al.,
2022). SMA has unique properties like super elasticity and
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shape memory effect. Super elastic SMA can almost regain
strain (8%) to its original shape after unloading (Zhang et al.,
2020a). Moreover, SMA possesses a considerable energy
dissipation capacity. Thus, numerous types of dampers have
been proposed by many researchers (Falahian et al., 2021;
Qian et al., 2016; 2013; Zhang et al., 2020b; Zuo et al.,
2008). Recent studies, including Wei et al. (2025), have
shown that SMA-high damping rubber dampers can signifi-
cantly reduce peak inter-story drift and residual displace-
ments in steel frames subjected to primary shock-after-shock
sequences, compared to traditional damping systems. Based
on the existing research, it is shown that the SMA-based
dampers could effectively reduce the response of the struc-
ture during seismic events (Falahian et al., 2021; Qian et al.,
2013; Zhang et al., 2020b; Zuo et al., 2008).

Machine learning (ML) methodologies in civil engineer-
ing have transformed field practices, especially in evalu-
ating infrastructure under diverse conditions (Feng et al.,
2020; Kaveh, 2024; Yucel et al., 2019). Kaveh and Zakian
(2013, 2014) explored seismic optimization of steel and rein-
forced concrete (RC) structures, employing meta-heuristic
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algorithms such as Charged System Search (CSS) to enhance
design efficiency. Their studies demonstrated that optimiz-
ing steel frames, RC moment frames, and dual shear wall-
frame structures under seismic loading can significantly
reduce structural weight and cost while satisfying seismic
constraints from ACI and FEMA guidelines. Kaveh and Bia-
bani Hamedani (2022) introduced an Improved Arithmetic
Optimization Algorithm (IAOA) to address the limitations
of traditional Arithmetic Optimization Algorithms (AOA),
improving convergence and exploration in discrete structural
optimization. Kaveh et al. conducted a statistical seismic
performance assessment of the Tuned Mass Damper Inerter
(TMDI), demonstrating its effectiveness in mitigating struc-
tural vibrations under seismic loads. Their study highlights
the integration of an inerter with a traditional TMD system,
enhancing energy dissipation and improving seismic resil-
ience (Kaveh et al., 2020). Ghosh et al. (2013) employed
surrogate modeling techniques, such as multivariate adap-
tive regression splines and support vector machine (SVM),
to study the seismic behavior of multi-span supported con-
crete girder bridges. They found that multivariate adaptive
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regression splines provided the most accurate predictions
with minimal errors, while SVM prediction underperformed.

Figure 1 presents a classification of machine learning
techniques into five primary categories. Each method fol-
lows a distinct learning approach—Supervised Learning
relies on labeled data, while Unsupervised Learning identi-
fies patterns in unlabelled datasets. Reinforcement Learning
optimizes decision-making through reward-based interac-
tions, whereas Semi-Supervised Learning leverages labeled
and unlabelled data for training. Deep Learning, a subset
of machine learning, employs artificial neural networks for
complex data representations. This classification is a founda-
tion for selecting appropriate algorithms based on problem-
specific requirements (Kaveh, 2024).

Pang et al. (2014) studied the seismic fragility of RC
highway bridges using the artificial neural network (ANN)
method employing uniform design to select training
datasets. Their results demonstrated that the ANN approach
significantly reduced computational costs while maintaining
accuracy in fragility curve estimations compared to
traditional methods. Mahmoudi and Chouinard (2016)
applied probabilistic ML techniques, specifically SVM,
to assess the seismic vulnerability of highway bridges.
Their approach proved more computationally efficient than
conventional element-based methods while still delivering
reliable estimates of fragility curves. Yang et al. (2023)
highlighted the significant influence of pulse-like ground
motions on seismic fragility, proposing an ANN-based
probabilistic seismic demand model to reduce biases
associated with pulse period variations. Their approach
improved accuracy in predicting structural responses by
incorporating intensity measures such as pulse period
ratios. It provided a refined fragility and risk assessment
method in near-field earthquake scenarios. Angarita et al.
(2024) applied random forest (RF) and ANN models to
predict the pushover curves of low-rise reinforced concrete
frames, achieving high accuracy with significantly reduced
computational costs compared to traditional nonlinear
modeling. Similarly, Jia et al. (2025) introduced a deep
learning model (FRSNet) to generate floor response spectra,
demonstrating superior accuracy and efficiency on single-
degree-of-freedom and multi-degree-of-freedom models.
Integrating deep learning and ML approaches in seismic
performance prediction represents a promising direction and
results for efficient and accurate assessment, particularly for
structural and non-structural components (Jia et al., 2025).

Based on previous literature, the proposed research aims
to develop a regression-based ML technique to predict and
assess the effectiveness of SMA dampers in asymmetric
buildings under synthetic ground motion. The asymmetric
buildings are more vulnerable to damage because of the
uneven distribution of mass and stiffness, and there is
room for further study. Traditional analytical methods for

evaluating the seismic performance of dampers in such
structures can be time-consuming and computationally
expensive. Therefore, there is a strong need for innovative
approaches that can efficiently predict the performance of
damping systems in complex structural configurations.
SMA dampers, which exhibit superelastic properties
and the ability to undergo excessive deformations while
recovering their parent phase, have shown promising results
in enhancing the seismic resilience of structures. However,
the effectiveness of these dampers in asymmetric buildings,
which are prone to torsional responses under seismic
loading, requires further investigation. In this research, we
use ML techniques to develop predictive models for the
performance of SMA dampers, thereby providing a more
efficient and accurate means of assessing their effectiveness.
We use the asymmetric frame and SMA constitutive model
based on the approach explained by Parghi et al. (2024). We
considered the time period of the structures (7)), frequency
ratio (), and eccentricity ratio (e,/l) as crucial predictors
and predicted the structural response using various ML
methods. Moreover, the SHapley Additive exPlanations
(SHAP) approach is implemented to find the influences of
different structural parameters on the effectiveness of the
SMA wire dampers. The SHAP method helps understand
the contribution of each input parameter. It provides
insights into the factors significantly impacting damping
performance, enabling better design and optimization of
SMA-based damping systems for seismic applications.

Proposed research methodology

This research methodology entails a comprehensive non-
linear analysis of asymmetric structural frames subjected to
seismic loads. The process begins with generating synthetic
ground motion, which is subsequently scaled to align with
the target response spectrum, ensuring compatibility with
the desired seismic conditions. This scaled ground motion is
utilized for time history analysis to simulate realistic seismic
scenarios. The methodology is illustrated schematically in
Fig. 2, clearly representing the steps involved in the research
workflow. In the first stage, we prepare the data and conduct
nonlinear time history analyses on an asymmetric frame
under seismic loading. These analyses yield critical input
and output parameters, which form the foundation for sub-
sequent machine learning (ML) applications.

We employ regression algorithms in the ML phase to
develop predictive models. The available numerical data
is split into two subsets to ensure robust model training
and validation: 70% is used for training the models. In
contrast, the remaining 30% is reserved for testing and
validation. This division allows the model to generalize
the unseen data effectively. The methodology includes
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Fig.2 Flowchart of the proposed research

hyperparameter optimization as a key component to
enhance the performance of the ML models. We adjust
the models to maximize their predictive accuracy by fine-
tuning parameters such as learning rates, regularisation
terms, and tree depths. A set of metrics, such as mean
absolute percentage error (MAPE), root mean squared error
(RMSE), mean absolute error (MAE), and the coefficient of
determination (R?), are used to check how well the trained
models work carefully. Additionally, SHAP values are used
to interpret the contribution of individual input features to
the model’s predictions, offering more profound insights
into relationships between parameters and outcomes. This
structured methodology ensures a systematic approach to
analyzing the nonlinear seismic behavior of asymmetric
frames while leveraging advanced ML techniques to predict
and interpret structural responses accurately.

Numerical model of SMA wire damper
In this research, we employed SMA wire dampers for

numerical simulation, validated in a previous study by
Parghi et al. (2024). Several parts make up the SMA damper.

@ Springer
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These are the outer case, the piston rod that moves in two
directions, the pre-stressed nitinol wires, the adjustable
pre-strain plates with bolts, and the connecting fittings. The
damper is attached to the structure through these connecting
fittings. The piston rod moves forward and backward in
response to the structure’s motion. The damper’s left side
wires are subjected to tension when the rod moves forward,
as illustrated in Fig. 3. Conversely, the wires on the right-
side experience tensile forces during backward movement.
The numerical model developed by Graesser and Cozzarelli
(1991) is used to simulate the damper, represented by the
following Eq. (1):

¢=E[é—|é|<d;ﬁ>n] M

In this formulation, o denotes the uniaxial stress, &
represents the uniaxial strain, and E corresponds to the
modulus of elasticity. The terms f and Y signify the
kinematic hardening parameter (back-stress) and yield
strength, respectively. The constant n regulates the transition
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Fig.3 Schematic diagram of the proposed SMA wire damper (Parghi et al., 2024)

gradient from the elastic regime to the plastic deformation
state and is defined as any positive odd real integer. The
following relation shown in Eq. (2) expresses the kinematic
hardening parameter f:

P = Ea{e;, +frle| erf(ag)[u(—é)]} (2)

here f, a, and c are material-specific parameters. When
Jr=0, the model represents a fully martensitic state.
Conversely, for f;> 0, the model exhibits superelastic
behavior. The parameter a controls the gradient of the o—¢
response curve and is defined as a=E /(E—E,), where E is
the tangent modulus in the inelastic region of the o—e curve.

Structural modeling

The system under study is an idealized single-story structure
featuring columns with varying cross sections and a uniform
slab, as illustrated in Fig. 4. The variation in column cross-
sections introduces asymmetry into the structure. The slab
is assumed to have a uniformly distributed mass, ensuring

that its geometric center coincides with its center of mass
(C.M.). The seismic excitation is applied to the structure
along the y-direction. The governing equation of motion for
this structural configuration is expressed as Eq. (3) (Kaveh
et al., 2015; Parghi et al., 2024):

Mii+ Cit+ Ku = —M/li,ig + Df(SMA) (3)

M, C, and K represent the mass, damping, and stiffness
matrices, respectively. The term A refers to the influence
coefficient vector, while D is a matrix characterizing
the placement of the SMA damper. The vector f{SMA)
represents the force exerted by the SMA. The term ii, is
the vector denoting earthquake ground motion. Given the
structural symmetry in the x-direction, the analysis considers
two degrees of freedom, namely u, (lateral displacement in
the y-direction) and u, (rotational displacement). The M and
K matrices can be expressed as Eqgs. (4) and (5), respectively,

0
M= [’gm,z] 4)

@ Springer



2480 Asian Journal of Civil Engineering (2025) 26:2475-2497

Fig.4 Plan and isometric view
of single-story plan asymmetric A y
building (Parghi et al., 2024) -
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where [ is the mass-radius of gyration about a vertical axis
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in Egs. (6-8).
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In this context, K, denotes the aggregate lateral stiffness
of the structure in the y-direction. At the same time, e,
defines the eccentricity caused by the offset between the
center of mass (CM) and the center of rigidity (CR). K|,
represents the stiffness contribution of the ith column in
the y-direction, and x; indicates the horizontal coordinate

of the ith column relative to the center of mass. The term
K, characterizes the rotational stiffness about a vertical
axis through the center of rigidity (CR); simultaneously,
K,y captures the rotational stiffness about a vertical
axis through the center of mass (CM). Additionally, K,;
quantifies the lateral rigidity of the ith column in the
x-direction, and y; represents the vertical distance of the
ith column from the center of mass.

Rayleigh damping is used to create the damping matrix
of the system, which is not explicitly defined and expressed
as C; = ayM + a, K, where mass (M) and stiffness (K) are
regarded. Where g, and a, are coefficients dependent on the
damping ratios of two consecutive modes, this study consid-
ers a 5% damping ratio for both modes (Fig. 5).

Numerical study
The nonlinear time history analysis of the structure, as

described in Sect. "Structural modeling", is performed using
MATLAB (MathWorks, 2022). The study focuses on various

Table 1 Range of input parameters used for numerical study

Parameters Minimum Maximum No. of values
Time period (7)) 0.5 1.2 08
Frequency ratio (@) 0.8 1.4 04
Eccentricity ratio (e,/]) 0.0 1.0 11
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response parameters, such as lateral and torsional displace-
ments at the floor’s center of mass, displacements at the
flexible and stiff edges, floor accelerations in both lateral
and torsional directions, base shear, and forces restored by
dampers at specific locations. Key parameters investigated
include the eccentricity ratio (e, /), the uncoupled lateral
period (7), and the ratio of uncoupled torsional to lateral
frequencies (w = wy/w,). A summary of these parameters is
presented in Table 1.

Figure 6 compares elastic response spectra derived from
synthetic ground motions and target spectra. The analysis
assumes a total building weight of 5000 kg. We Adjusted
the column dimensions to achieve the uncoupled time period
(T,). The numerical study uses a floor plan with 3 mx3 m
dimensions. The performance of the implemented passive
control system is assessed by quantifying its response
through the response ratio (R_.), which is expressed as

Eq. (9):

_ RMS response of structure controlled with SMA damper

¢ =

RMS response of uncontrolled structure

®

The R, <1 indicates an effective control system. In
contrast, the root mean square (RMS) response of the
controlled structure is less than that of the uncontrolled
structure, showing that the control system successfully
reduces the dynamic response. The R, =1 represents that the
control system does not have an effect, as the RMS responses
are equal for controlled and uncontrolled cases. There is no
reduction in the structural response brought about by the

@ Springer
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control system. The R.> 1 suggests that the control system is
ineffective or even detrimental, as the RMS response of the
controlled structure is greater than that of the uncontrolled
structure. The Rc> 1 could mean that the control measures
amplify the dynamic response rather than reduce it.

Framework for regression-based ML approach

In this study, we employed an ML approach to train a
dataset comprising the responses of 352 time-period,
eccentricity ratio, and frequency ratio combinations.
We utilized the regression learner tool in MATLAB to
facilitate this training process (MathWorks, 2022). The
original responses for these combinations were generated
through time history analysis of the structure, providing a
robust dataset for model training. Once the team trained the
network, they tested it with 10 combinations of predictors
to evaluate its performance. The predicted responses from
the trained network were then compared with the original
responses using various ML methods to assess accuracy and
effectiveness.

Artificial neural network

The structure and function of the human brain inspired the
development of the ANN model, which recognizes patterns
and tackles complex problems. It comprises layers of con-
nected neurons, and learning methods like backpropagation
improve the synoptic weight of each component (Good-
fellow et al. 2016). ANNs excel in various applications,
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Fig.7 Schematic diagram of
ANN structure

including structural engineering, where engineers use them
for tasks such as structural health monitoring (Altabey &
Noori, 2022), detecting damage (Tran-Ngoc et al., 2022),
and optimizing structural systems (Udaya Mohanan et al.,
2023). With an SMA damper equipped, this study uses
feed-forward networks to predict the structure’s response.
Figure 7 shows a schematic diagram of the ANN network.

The system’s input and output layers correspond to
its independent and dependent variables, respectively,
with each data point represented by a single neuron in
these layers. The hidden layer, which adjusts weights and
performs data transformations, is referred to as “hidden”
because its neuron count is not directly tied to the input
or output data, and there is no universal rule to determine
the precise number of neurons required. The operation
of a hidden or output unit in the ANN is represented as
Eq. (10) (Yucel et al., 2019):

Y :f<z wyX; + bj> (10)

In this expression, i=1,2,3,4 and j=1,2,3. Here, y; rep-
resents the transformed output of the jth hidden or output
neuron, f{*) is the activation function, w; denotes the synap-
tic weight between the ith input and the jzi neuron, x; is the
input from the ith node, and bj is the bias associated with
the jth neuron.

Decision tree

Numerous industries generally use a decision tree (DT)
to support decision-making. It employs a tree-structured
modeling approach to explore possible outcomes of related
choices (Yan et al., 2016). Data miners also use decision

Output layer

trees to classify and predict target variables. They construct
classification or regression models using a tree-like
structure, with classification trees applied to discrete target
variables and regression trees to continuous target variables
(Sishi & Telukdarie, 2021; Yan et al., 2016). We split a
dataset into smaller subgroups, eventually developing into
an associated tree with decision and leaf nodes. Decision
nodes contain two or more branches, each representing a
value of the tested attribute, while leaf nodes represent the
final decision or outcome. The root node, considered the
best predictor, sits at the top of the tree (Zhao et al., 2014).
DTs can handle statistical and categorical data (Candanedo
& Feldheim, 2016). One of the primary advantages of DTs
over other modeling techniques is their ability to visually
represent data through branch diagrams that convey effective
If=Then rules (Yan et al., 2016). Each leaf in a DT represents
a decision rule that includes metadata, and DTs highlight the
value and influence of independent variables (Candanedo &
Feldheim, 2016).

Support vector machine

Unlike traditional SVM, which focuses on maximizing
margins to classify data into distinct categories, support
vector regression (SVR) aims to derive a function that
closely approximates all data points within a defined
tolerance range (Wei et al., 2024). Unlike SVM, SVR utilizes
a loss function independent of the € parameter to construct
the hyperplane.

This hyperplane is designed to ensure that the predicted
response values for the training data stay within the
e-insensitive region, which is the range of values that can
be accepted around the actual observed values, as shown
in Fig. 8. The SVR model strives to position as many data
points as possible within this e-insensitive region. Points
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falling inside this region do not contribute to the model’s
loss function, while points outside the region significantly
influence the loss. This feature allows SVR to maintain
robustness by being unaffected by variations within the
e-insensitive range. The standard method for identifying
this function involves minimizing the following objective
function as Egs. (11) and (12) (Feng et al., 2020):

n

e ! "
m1n1m1ze§||w||2 +c ; (fi +¢&; ) (11)

g = (w.p;)) —m < €+
subject tod (w,p;y+m—q; <e+§& (12)
$,6720,i=1,2,...n

here w represents the weight vector that defines the decision
boundary, and c is the penalty parameter used to manage the
error term and mitigate overfitting. The slack variables &*
permit specific data points to lie outside the ¢ -tube. Addi-
tionally, p; refers to the feature vector for the ith training
sample, y; denotes the target value for the same sample, 7 is
the total number of training samples, and m represents the
bias term.

Fig.8 Schematic representation .
of SVM structure 1 +

o

Response variable

Ensemble bagged tree

The ensemble bagged tree (EBT) algorithm is a powerful
ML technique that combines multiple decision trees to
enhance the stability and accuracy of predictions. “Bagged”
refers to bootstrap aggregation, in which random sampling
generates different subsets of data, and multiple decision
trees train on these subsets. By aggregating predictions
from these individual trees, the EBT reduces the variance
often affecting single decision trees, thereby improving the
model’s overall performance (Breiman, 1996).

Each tree in an ensemble is grown independently,
ensuring diversity, which is crucial for reducing overfitting.
During prediction, the algorithm uses either a majority
vote (for classification tasks) or an average (for regression
tasks) from all the trees, resulting in a robust prediction that
benefits from the diverse perspectives of each tree. This
approach makes the EBT particularly effective in handling
noisy datasets and complex relationships. In scenarios where
accuracy is paramount, and the training dataset is prone to
high variance or contains noise, users often employ the EBT
algorithm. By leveraging the advantages of both decision
trees and ensemble learning, it achieves a high level of
generalizability while maintaining the interpretability of
the decision tree model (Yang et al., 2024).
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Gaussian process regression

Gaussian process regression (GPR) is a non-parametric,
probabilistic approach used in ML for regression tasks. It is
beneficial in scenarios where the correlation between input
and output variables is complex and precise predictions
are needed. The concept of a Gaussian process forms the
basis of GPR, as it represents a distribution over probable
functions that fit the data. In GPR, the idea is to place a
prior distribution over the function space representing the
relationship between inputs and outputs rather than directly
modeling parameters. As a result, instead of offering a single
best estimate, GPR might offer a distribution over possible
functions consistent with the data. The core components
of a GPR model are the mean function and covariance
(or kernel) function. The mean function represents the
predictable value, while the kernel function defines the
covariance between any two points in the input space, thus
controlling the smoothness and complexity of the predicted
function (Zhong et al., 2023). Mathematically, GPR assumes
that the observed data points follow a multivariate normal
distribution, with the joint distribution of the training data
and the new test points described by Eq. (13):

Fx) ~ N(u(x), k(x, x')) (13)

where p(x) represents the mean function, which defines the
predictable value of the function at any given point x. For
simplicity, the mean function is often set to zero, especially
when there is no prior knowledge about the function’s
expected behavior. This allows the model to focus purely on
variations captured by the covariance structure. The kernel
function k (x, x'), on the other hand, plays a critical role in
GPR as it defines the similarity between two data points
x and x'. This function determines the covariance between
function values at these points, thereby controlling the
smoothness, amplitude, and overall structure of the function
being modeled. The GPR model is highly valued for its
ability to quantify uncertainty in its predictions, a significant
advantage in engineering applications. It can provide not
only the predicted mean but also the variance, which gives
insights into the confidence of the predictions.

Hyperparameter optimization

Hyperparameter optimization is a vital process in machine
learning that focuses on adjusting hyperparameters
to enhance a model’s performance. Unlike model
parameters, which are learned from data during training,
hyperparameters are predefined before the training begins
and dictate how the model learns. Hyperparameters control
the training algorithm’s behavior and significantly affect a

machine learning model’s performance and generalization
ability. Better accuracy, faster convergence, and enhanced
generalization to unknown data (Li et al., 2021) can
all follow from optimal hyperparameter choices. This
paper uses the grid search method for hyperparameter
optimization. Table 2 displays the parameters optimized for
each machine-learning model.

Performance index for machine learning algorithms

The performance metric of the ML model primarily
measures the error between the predicted and target values of
structural responses. The ML models applied to regression
tasks, metrics such as the coefficient of determination (R?)
Eq. (14), mean squared error (MSE) Eq. (15), root mean
squared error (RMSE) Eq. (16), and mean absolute error
(MAE) Eq. (17) are used to evaluate the performance of each
regression model in this study.
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Result and discussion

This section presents the findings of the numerical
simulations using a nonlinear time history analysis of
the structure subjected to synthetic ground motion. The
analysis generated numerical results for 352 combinations
of structural parameters, including time period, eccentricity
ratio, and frequency ratio. These results were subsequently
utilized as input data for ML models. This study evaluated
five ML algorithms: ANN, DT, EBT, SVM, and GPR. The
primary objective was to assess the effectiveness of these
regression algorithms in predicting the seismic response of
asymmetric structures equipped with SMA dampers.
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Table 2 Hyper parameters for different models in machine learning

Model Hyper parameters Value
ANN Hidden layer size 10
solver Lbfsg
Activation Sigmoid
DT Minimum leaf size 12
Minimum samples split 2
SVM Kernal function Gaussian
Kernal scale 0.43
EBT Minimul leaf size 8
Number of learners 30
GPR Kernal function Squared exponential

Optimizer quasinewton

Response of the structure under synthetic ground
motion

The numerical simulations were performed on a structure
featuring two distinct dampers on opposite sides to inves-
tigate their effectiveness in mitigating seismic responses.
Figure 9 illustrates the response histories of the structure
under synthetic ground motions, both with and without the
inclusion of SMA dampers. The structural responses, includ-
ing lateral displacement (u,), torsional displacement (u,),
lateral acceleration (it,), torsional acceleration (ity), flex-
ible edge displacement (uyp), and stiff edge displacement
(uy,), are plotted against time to provide a comprehensive
analysis of the system’s behavior. In the plots, the red solid
line represents the responses of the structure equipped with
SMA dampers, while the black dotted line corresponds to
the uncontrolled structure without dampers. A clear distinc-
tion between the two response scenarios can be observed in
all plots. Including SMA dampers significantly reduces the
structural responses, including displacements and accelera-
tions, when subjected to earthquake ground motion. This
demonstrates the effectiveness of SMA dampers in mitigat-
ing seismic effects and enhancing structural performance
under dynamic loading conditions.

Table 3 shows the structure’s peak and root mean square
(RMS) response for selected 7,, w, and e /I combinations.
The third column under each response category highlights
the percentage reduction in the response of the controlled
structure compared to the uncontrolled structure. The results
indicate that SMA dampers effectively mitigate both peak
and RMS values of lateral displacement (uy), torsional
displacement (u,), lateral acceleration (ii,), and torsional
acceleration (iiy). The maximum reduction in peak response
(10.45%) is observed in angular displacement for the struc-
tural parameter combination Ty =0.9,w=0.8,and e,/[=0.5.
Similarly, the maximum decrease in RMS response (15.29%)
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is noted in lateral displacement for the parameter combina-
tion Ty: 12, w=12,ande/l=1.

Training model performance

Figure 10 presents the MAPE of five models—ANN, DT,
SVM, EBT, and GPR—across six response variables (u,,
Ug, ily, i, fys f4p)- The models showed good predictive per-
formance for most response variables (uy, Ug, ity 'blg,fdf). The
MAPE values were generally under 1.0 for all models except
EBT, indicating high accuracy in the predicted structural
responses compared to the actual values. The GPR model
exhibited the lowest MAPE (0.04% in ii,) across all response
variables, demonstrating superior accilracy overall. ANN,
DT, and SVM also showed strong predictive performance for
most response variables. Their MAPE values were mainly
below 0.5, suggesting reliable accuracy. However, the EBT
model showed notably higher MAPE values, especially for
fy4s (9.69%), indicating a relatively lower predictive perfor-
mance for these variables. Compared to u,, uy, ii,, iy, the
response variables f,; and f,- have relatively highér MAPE
values across all prediction models, likely due to discrepan-
cies in their input values.

Figure 11 compares the predicted and actual results for
various prediction models in estimating angular displace-
ment responses (u#,). Among all models, GPR exhibits the
closest alignment with the perfect prediction line, demon-
strating its superior accuracy and ability to model uncer-
tainties effectively. SVM also performs well, providing con-
sistent and accurate predictions across the response range.
While ANN captures non-linear relationships effectively,
it shows some deviations at extreme response values. EBT
and DT demonstrate moderate performance, with notice-
able scatter indicating potential overfitting or limitations in
capturing complex patterns. Overall, GPR stands out as the
most reliable model, followed closely by SVM for practical
applications.

Table 4 presents the performance of different ML
algorithms (ANN, DT, SVM, EBT, GPR) on four response
variables (uy, Ug, iy, ity). The performance metrics used for
evaluation are RMSE, R?, prediction speed (obs/sec), and
training time (sec). Generally, GPR consistently exhibits the
lowest RMSE and highest R across all response variables,
indicating the most accurate predictions among the
algorithms. For instance, GPR achieves an R? value of 0.99
for both ‘u,’ and ‘it,, with correspondingly low RMSE values
(0.0032 and 0.0031, respectively). This suggests GPR’s
superior ability to capture the underlying relationships in the
data. DT also performs well with competitive accuracy and
efficient training times, providing a good balance between
accuracy and computational efficiency. SVM excels in
prediction speed and training efficiency, making it ideal
for real-time applications, although it lacks the accuracy
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Fig.9 Time histories of structural response controlled with SMA damper and without damper under synthetic ground motion (T, =1, ¢,/1=0.3,

w=1)

of GPR and DT. ANN offers consistent performance but
does not outperform GPR or DT in any specific metric. EBT
has the lowest accuracy and prediction speed, making it the
least favourable choice. The choice of algorithm ultimately
depends on whether accuracy, speed, or a balance of both
are the most critical factors for the application.

Figure 12 illustrates the predicted versus actual values
for f,r across all ML models, highlighting the variations in
performance among the algorithms. The ANN plot reveals a
close alignment between the actual and predicted responses,
with a minimal and relatively uniform error magnitude
throughout the dataset. The DT model captures some of the
general trends in the data; there are noticeable discrepancies
between the predicted and actual values. Errors are incon-
sistent and vary significantly across the records, with some
points showing relatively large deviations. For SVM, the
errors between actual and predicted results are noticeably

larger, indicating that the SVM struggles with some outliers
in the data. The error lines in the EBT model are relatively
long, indicating significant deviation for specific records,
particularly at extreme values. The GPR plot shows high
alignment between the predicted and actual values, with
relatively small and evenly distributed error magnitudes.
The GPR model demonstrates the best performance with
minimal errors between actual and predicted values.

Figure 13 illustrates the performance of various ML mod-
els (ANN, SVM, GPR, fine tree, and EBT) compared to
actual results across a range of frequency ratios (). The
y-axis represents the response ratio for Uy, U, iy, ity which
are structural response parameters of nonlinear time his-
tory analysis. All models generally follow the trend of the
actual results, but their deviations indicate varying degrees
of accuracy. The DT and GPR closely follow the line of
actual results, shown by the black line in Fig. 13. ANN also
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Table 3 Peak and RMS response of the structure with selected cases under synthetic ground motion

Combinations u, (m) ity i, ity
T, ® e/l U C R(%) U C R(%) U C R(%) U C R (%)
06 12 1 Peak  0.054 0.049 09.324 0.059 0.057 3.085 3.676 3.454 6.052 6.222 5945 04.443
RMS 0013 0012 11.724 0.013 0.012 6.314  0.954  0.901 5546 1415 1333 05.782
07 08 05 Peak 0078 0071 09.579 0.057 0.051 10.718 5.095 4.885 4129 4123 3.850 06.620
RMS 0.025 0.022 11.661 0.019 0.016 121890 1478 1315 11.081 1.145 1.024 10.552
07 12 1 Peak  0.056 0.050 09.695 0.059 0.057 2.849  3.698 3.470 6.171 6223 5951 04374
RMS 0.014 0.012 12630 0.013 0.012 6.511 0956  0.902 5.648 1414 1332 05.768
08 08 05 Peak 0079 0071 09.761 0.057 0.051 10.770 5.105 4.894 4130 4.133 3.858 06.653
RMS 0.025 0.022 11.726 0.019 0.016 12344 1478 1315 11.074 1.145 1.024 10.562
08 12 1 Peak  0.057 0.051 09.939 0.059 0.057 2.601 3.684 3453 6.269 6.166 5.900 04.306
RMS 0.014 0.012 13377 0.013 0.012 6.669 0.951 0.897 5710 1400 1320 05.708
09 08 05 Peak 0079 0071 09.645 0.058 0.051 10.845 5.100 4.892 4.077 4132 3.856 06.679
RMS 0.025 0.022 11.714 0.018 0.016 12403 1467 1306 10983 1.136 1.017 10.478
09 12 1 Peak  0.057 0.051 10.139 0.058 0.057 2.409 3.646 3414 6.351 6.072 5.812 04277
RMS 0.015 0.013 14018 0.013 0.012 6.838 0941 0.887 5755 1379 1301 05.643
1 1 09 Peak  0.043 0.039 09.299 0.049 0.047 4968 3.553  3.426 3.561  4.075 3918 03.860
RMS 0.011 0010 11.104 0.012 0.012 7.412 0998  0.931 6.648 1.206 1.124  06.802
1 12 1 Peak  0.057 0.051 10.240 0.057 0.056 2220 3592 3360 6.453 5955 5702 04.246
RMS 0.015 0013 14528 0.013 0.012 6.977 0.929 0.875 5780 1.353 1278 05.561
.11 0.9 Peak  0.043 0.039 09.465 0.049 0.047 5.166  3.520 3.397 3.481 4.057 3.893 04.037
RMS 0.011 0.010 11316 0.012 0.011 7.302 0981 0918 6.421 1.185 1.107 06.561
.1 12 1 Peak  0.057 0.051 10.348 0.056 0.055 2.042  3.527 3.295 6.577 5.823  5.578  04.209
RMS 0.015 0.013 14956 0.013 0.012 7.093 0915 0.862 5792 1.325 1.252 05.464
12 1 09 Peak  0.043 0.039 09.543 0.049 0.046 5298 3482  3.365 3364 4032 3.863 04.194
RMS 0.011 0.010 11.447 0.012 0.011 7.159  0.964  0.905 6.174 1.163  1.089  06.301
12 12 1 Peak  0.057 0.051 10.453 0.055 0.054 1.914 3.456 3.224 6.724  5.684 5444 04207
RMS 0.015 0.013 15299 0.013 0.012 7211  0.900 0.847 5799 1296 1226 05.378

U =uncontrolled structure, C =controlled structure with SMA damper, R =reduction in response

10.0 R = trends compared to the actual results. Table 5 provides a
E ] OANN &@DT @SVM SEBT 8GPR i detailed comparison of the MAPE for five ML algorithms
Zﬁn 8O T S ANN, DT, SVM, EBT, and GPR across various structural
‘g ] responses ratio u,, u, i, iiy. We compute the errors for
5 6.0 I o selected test cases using different combination of 7},  and
P U T T O O O O+ | et |
el 5 I S R S S i The results revealed that the GPR is the most accurate
'§ AP IV TN SN S S IS S i _iN | and reliable model for predicting structural responses. Its
g ] E | E b i ﬂ N consistently low MAPE (1.42% in uy, 0.73% in u,, 1.03% in

0.0 1ooab { moplN | AedN | mesl 1 e N iiy, 0.83% in iig) values across all response variables indicate
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robust performance and high prediction accuracy. DT also
performs well, particularly in predicting u, with minimal
errors, making it a strong candidate for applications requir-
ing reliable predictions with lower computational costs.
SVM shows the highest variability (2.46% in u,) and gener-
ally poor performance across all response variables. This

Response variables

Fig. 10 MAPE values for different ML approaches across response
variables

gives good results but is less accurate than DT and GPR. The
SVM slightly deviates from accurate results as it shows a
minor error in prediction. The analysis reveals that the EBT
does not serve as a precise model, as it demonstrates varying

@ Springer

implies that SVM might not be appropriate for this data-
set and issue, particularly considering its reduced accuracy
and increased computational requirements. EBT displays a
wide range of errors (3.42% in uy), indicating inconsistent
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Table4 Training parameters for different machine learning algo-
rithms

Response Algorithm RMSE R? Prediction = Training time
speed (s)
(obs/s)

u, ANN 0.0066 0.9500 3200 37.13
DT 0.0072  0.9400 2900 34.14
SVM 0.0111 0.8500 7100 46.23
EBT 0.0201 0.6000 1200 38.32
GPR 0.0050 0.9700 3500 48.42

Uy ANN 0.0093 0.9000 500 50.18
DT 0.0043 0.9800 830 20.75
SVM 0.0107 0.8700 1100 07.93
EBT 0.0230 0.6100 430 38.10
GPR 0.0032 0.9900 3800 53.35

it ANN 0.0084 0.8200 2600 30.63
DT 0.0047 0.9400 5700 07.68
SVM 0.0083 0.8300 9100 02.47
EBT 0.0157 0.6800 0560 23.48
GPR 0.0030 0.9800 2100 35.08

ity ANN 0.0076 0.9100 3100 56.78
DT 0.0047 0.9700 860 28.20
SVM 0.0101 0.8400 5500 02.89
EBT 0.0203 0.7100 790 38.40
GPR 0.0031 0.9800 3000 48.18

The bold numbers show the best value for that particular parameter,
expressing the best algorithm for the training ofthat particular
parameter

For RMSE and training time, the lowest value is best

For R?, the highest value is best

performance. While it performs adequately in some cases
(1.89% in it,), its higher error rates in others make it less
reliable than GPR and DT.

Feature impact analysis using SHapley
additive exPlanations (SHAP)

Introduction of SHAP

While the GPR and DT models provide accurate and rapid
predictions of the structure’s responses under seismic
loading, comprehending the underlying mechanisms remains
challenging. To find a solution to this problem, we have
created several different interpretations and approaches
for machine learning models. In this study, we utilized
SHAP (Sun et al., 2022) to analyze the impact of various
inputs on SMA damper performance. SHAP is a versatile
interpretation method applicable to any ML model. Rooted
in game theory, it utilizes an additive feature attribution
framework. Each feature’s contribution is quantified using
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the Shapley value, representing the model’s output as a
linear combination of these feature contributions. The SHAP
model, S(x), can be expressed as Eq. (18):

S@) =y + ) b, (18)
i=1

In this formulation, x signifies a transformed input
derived from the original input, defined as.

x=h,(x). The term ¢, represents the mean prediction
of the machine learning model, which serves as the default
output when no input features are provided. The contribution
of each feature is captured by ¢,, also referred to as the
Shapley value for that specific feature, while n indicates the
total count of features considered. Unlike traditional methods
prioritizing ranking feature importance, SHAP offers a dual
perspective by combining global and local interpretations of
the model. It provides a deeper understanding of how each
feature contributes to the model’s overall output and reveals
the specific impact of individual features on predictions.

Feature impact analysis

This study uses SHAP to assess the impact of various input
variables on the model’s output. The SHAP analysis is based
on the trained DT model developed using the response data.
Figure 14 provides a detailed visualization of how each
input variable influences the response ratio for torsional
displacement.

Figure 14a depicts the SHAP summary plot, which
illustrates the distribution of SHAP values for each feature
(e.g., /], w, Ty) across all data instances. The x-axis
represents the SHAP value, indicating the feature’s effect
on the model’s output, while the y-axis lists the features in
descending order of importance. Each point is color-coded,
ranging from blue (low feature values) to red (high feature
values), offering insights into whether high or low values of
a feature contribute positively or negatively to the response
ratio.

Figure 14a shows that e/l and o have substantially
influenced the model’s output, with a mix of positive and
negative SHAP values. The mix of positive and negative
SHAP values suggests a complex, context-dependent
relationship with the response ratio. For instance, high
values of e/l tend to increase the response ratio, while lower
values tend to reduce it. In contrast, 7, shows a smaller and
more centralized distribution of SHAP values, indicating
a limited effect on the output. Figure 14b presents each
feature’s mean absolute SHAP values, summarizing their
overall impact on the model. We can see that e,// and o are
the most significant factors affecting the response ratio for
torsional displacement, while 7, has a minimal influence.
This phenomenon highlights the importance of accurately
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measuring and considering e,// and o in model predictions,
as they have the highest impact on the output.

To better demonstrate how the features influence the
output of the ML model, Fig. 13 presents feature dependence
plots for o, Ty, and e /. In these plots, the x-axis represents
the range of the input variable, while the y-axis displays
the corresponding SHAP value, reflecting the feature’s
contribution to the model output. The shading in the plots
indicates the impact of a secondary input variable on the
SHAP values.

Figure 15a shows that when o is below a certain thresh-
old, its impact on the output is minimal. However, as
increases, the SHAP value for o also increases, suggesting
a more substantial influence on the model’s predictions. The
color shading represents the influence of e /I, with higher
values of e/l corresponding to greater SHAP values for o.
Similarly, in Fig. 15b, the SHAP values for T} are shown to
be relatively low for lower values of Ty, with a noticeable
increase as Ty exceeds a specific range. The color shading
again represents the impact of ex/l on the SHAP values for
T, demonstrating that changes in e,/ modify 7}’s effect.

In Fig. 15c, the feature dependence plot for ex/l shows
that the value of w, represented by color shading, influences
the SHAP values. This plot indicates that as ex/l increases,
the corresponding SHAP values fluctuate, with a more
substantial impact observed when o is within a specific range.
These results provide valuable insights into how the primary
features interact with secondary variables, offering a clearer
understanding of critical parameters in the model’s predictive
behavior.

Conclusions

Structural characteristics such as time period, frequency
ratio, and eccentricity ratio are critical in defining how
a structure responds to seismic occurrences. SMA wire
dampers have proven effective at minimizing the response
to torsionally linked structures. This research proposes
several regression-based ML methods to predict the
behavior of buildings with SMA wire dampers using
modifications in the time period, frequency ratio, and
eccentricity ratio. We also employed the SHAP method
to investigate the factors significantly influencing the
structural response. We have drawn the following
conclusions based on the dynamic time history analysis,
ML techniques, and regression model predictions.

1. The SMA wire damper effectively reduces the structural
RMS response by up to 15% under synthetic ground
motions, showcasing its ability to limit sustained oscil-
latory displacements and accelerations. This reduction
enhances structural durability, minimizes cumulative
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Table 5 Comparison of all model for MAPE in test case
T, ® e,/ ANN (% error) DT (% error) SVM (% error) EBT (% error) GPR (% error)

u,  uy G, iy u ug oty tg u, uy G, U u ug iy tg u, uy G, U

045 0.80 050 1.25 0.93 1.13 0.56 1.25 1.27 0.53 0.64 1.56 1.57 1.55 1.16 4.55 3.07 2.76 298 0.24 0.15 0.29 0.05
0.80 1.00 0.25 2.16 045 0.67 0.19 2.16 1.59 1.34 1.34 0.59 0.74 048 0.61 0.25 0.44 0.04 0.15 0.65 0.57 0.33 0.27
075 090 0.10 454 0.77 2.60 0.23 4.54 1.83 431 0.73 447 1.63 295 1.04 4.18 3.79 248 298 4.64 1.00 3.17 1.15
1.00  0.75 0.85 1.25 0.60 0.53 0.80 1.25 0.03 0.0l 0.02 0.99 1.15 0.85 1.19 3.65 2.01 2.00 2.16 0.28 0.19 0.30 0.46
1.20 1.50 0.70 1.63 7.92 1.20 1.95 1.63 3.33 292 3.66 1.72 2.07 2.08 2.09 0.82 0.98 1.59 1.32 0.93 3.03 245 3.21
1.15 0.75 0.90 197 1.79 096 2.55 197 047 051 054 144 130 091 1.14 437 2.73 1.83 2.19 0.14 0.36 0.43 0.51
0.50 1.00 045 0.48 0.87 0.55 0.51 048 1.57 1.30 1.30 0.21 0.28 044 0.28 3.56 2.23 2.20 3.14 0.12 0.10 0.06 0.03
0.30 1.40 0.30 147 043 0.56 023 147 0.34 1.61 0.64 475 2.86 3.64 2.79 2.72 1.28 2.66 1.69 3.92 1.79 2.99 2.01
090 0.80 0.50 031 0.21 0.76 0.31 0.31 0.29 0.17 0.20 0.30 0.40 0.21 0.39 3.72 3.74 3.13 3.08 0.22 0.12 0.11 0.07
1.30 1.20 1.00 1.06 0.87 0.41 0.55 1.06 0.63 0.11 0.36 8.60 0.36 0.29 1.16 6.64 0.66 0.21 1.28 3.08 0.01 0.17 0.52
MAPE 1.61 1.49 094 0.79 1.61 1.13 1.28 094 246 1.24 1.34 1.19 345 2.09 1.89 2.10 142 0.73 1.03 0.83
ANN, artificial neural network; DT, decision trees; SVM, support vector machine; EBT, ensemble bagged trees; GPR, Gaussian process

regression; MAPE, mean absolute percentage error

Fig. 14 Feature impact analysis
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damage, and ensures better serviceability during seismic
events, highlighting its potential as a reliable vibration
control solution.

2. GPR consistently demonstrated the highest accuracy
across all response variables, achieving the lowest
RMSE (0.0030) and highest R? (0.99) values. GPR’s
performance was robust, maintaining low error rates
across different structural parameter combinations. The
low error rates make GPR the most reliable model for
predicting structural responses in asymmetric buildings
equipped with SMA dampers.

(b) Feature importance summary plot

3. DT also showed strong performance, particularly excel-
ling in computational efficiency with the highest pre-
diction speed (5700 obs/sec) and shortest training time
(7.68 s). DT achieved competitive RMSE (0.0043) and
R? (0.98) values, making it a viable option for real-time
applications requiring quick and reliable predictions.

4. ANN provided a balanced performance, with moderate
error rates (0.0066) and reasonable computational effi-
ciency (3200 obs/sec). Although GPR achieved higher
accuracy, ANN performed adequately across most met-
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Fig. 15 SHAP dependence plots 1.0
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rics, making it a suitable choice for applications that
require a balance between accuracy and efficiency.

5. SVM and EBT showed mixed results in predicting and
testing various parameters. However, SVM was better
than EBT regarding RMSE and R? values (0.01 and
0.87).

6. SHAP analysis reveals that the frequency and
eccentricity ratios have nearly equal effects on the
response of structures equipped with SMA wire
dampers. Simultaneously, the time period of the
structure influences its response more than the other two
parameters.

These findings suggest that GPR is the most reliable
model for predicting the well-being impact of structural
parameters on structural response with an SMA damper. At
the same time, SVM and EBT are potential candidates for
further tuning. The ANN and DT models need additional
optimizations to achieve comparable levels of accuracy.
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