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Abstract 

The present study explores the potential of simulating the seismic response of non-linear 

structural systems using Machine Learning (ML) methods. The main objective is to identify 

the seismic parameters of the input excitation that provide the most valuable and predictive 

insights, thereby selecting the most suitable ones for soft computing methods to predict dy-

namic response. Different signals and seismic parameters were used in a parametric numeri-

cal analysis to compute the dynamic responses of 1,000 distinct non-linear single-degree-of-

freedom (SDOF) systems. The results were then analyzed using supervised learning tech-

niques, employing 20 different ML algorithms, including linear regression, decision trees, 

support vector machines (SVM), boosted and bagged trees, and artificial neural networks 

(ANNs). A feature selection analysis was conducted to reduce the number of seismic parame-

ters considered; those with the highest importance scores were used as input for each ML al-

gorithm to determine which parameters yield the most effective predictions of structural 

response.  

Keywords: Synthetic seismic records, Seismic parameters, Machine learning techniques, 

Predictive models, Validation analysis. 
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1 INTRODUCTION 

Over the last few years, Machine Learning (ML) has experienced tremendous growth in 

various engineering fields due to its ability to transform traditional solution strategies into da-

ta-driven approaches for solving complex problems. Its capability to identify patterns, learn 

behaviors, and make predictions based solely on available data has made it a valuable tool in 

structural and earthquake engineering. This growth is driven by the increasing availability of 

massive datasets and advancements in high-performance computing, which have made ML 

techniques both viable and effective for addressing engineering challenges. ML encompasses 

a broad range of algorithms designed to automatically achieve mathematically defined objec-

tives using data. These methods include supervised learning, which analyzes relationships be-

tween input and labeled output data; unsupervised learning, which identifies patterns in 

unlabeled data; and reinforcement learning, where autonomous agents learn to optimize their 

actions within an environment. 

The use of ML in civil engineering began early in the 2000s and incorporated soft compu-

ting methods, such as artificial neural networks (ANN), genetic algorithms, and fuzzy logic, 

into numerical problem solutions [1]. Recent developments are significantly broadening the 

scope of ML applications in earthquake engineering, particularly in seismic hazard assess-

ment, system identification, damage detection, and structural control for earthquake mitiga-

tion issues [2]. Experiments have been conducted to prove the usage of ML in dynamic 

analysis of structures under linear and nonlinear loading [3]-[7] and for soil-structure interac-

tion issues [8].  

The estimation of nonlinear responses of SDOF systems has also been promising with the 

assistance of ML. ANN-based models have been able to make fast and fairly accurate predic-

tions of dynamic responses, particularly for vibration periods of over 0.5 seconds [9],[10]. 

Likewise, the support vector machine approach has worked successfully in nonlinear system 

simulation and prediction issues [11] and tools like Random Forest and Gradient Boosting in 

decision trees have also been extremely successful in seismic response estimation [12]. Be-

sides structural response prediction, ML has been used in seismic signal characterization, fa-

cilitating the selection of data from large earthquake event databases and probabilistic 

modeling of future events [13],[14]. These advances also demonstrate the increasing role of 

ML in contemporary earthquake engineering, with new paradigms for predicting structural 

behavior and enhancing resilience in the built environment. 

In terms of modeling the seismic response of a structural system, characterizing seismic 

signals is a key aspect of vulnerability assessment, especially when the dynamic response is 

highly non-linear [15],[16]. The mathematical model of the structural dynamic response is 

typically derived through supervised or unsupervised ML methods, without an initial investi-

gation focused on identifying which parameters effectively describe the characteristics of 

seismic excitation and, consequently, enable a more accurate modeling of the seismic re-

sponse. Comparable sensitivity analyses have been performed in [17], though using a conven-

tional numerical method.  

This research offers a parametric evaluation for choosing the best seismic parameters that 

define seismic records in order to simulate the dynamic response of non-linear structural sys-

tems through ML methods. In particular, several simulated seismic excitations together with 

different seismic parameters were used within a numerical analyses to examine the seismic 

responses of 1000 equivalent elastic perfectly-plastic SDOF systems featuring various me-

chanical characteristics. In particular, the seismic response was assessed, represented in terms 

of maximum relative displacement, according to the input values of particular seismic param-

eters. These data were analyzed using supervised learning methods with 20 ML algorithms: 
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linear regression, decision trees, SVM, boosted trees, bagged trees, and ANN. A feature selec-

tion analysis was conducted to reduce the number of seismic parameters considered; those 

with the highest importance scores were used as input for each ML algorithm to determine 

which parameters yield the most effective predictions of structural response.  

2 SYNTHETIC SEISMIC RECORDS GENERATION 

ML methods rely on algorithms that examine data to identify a correlation between input 

and output variables; the greater the volume of available data, the more robust the ability to 

generate a dependable structural response given by the algorithm. From this viewpoint, it is 

crucial to obtain sufficient data that characterizes seismic demand, selecting input signals ac-

cording to the site's seismic risk [18]-[23]. Since seismic records from natural events for given 

sites are rare, synthetic accelerograms are instead created [24]-[26]. Employing Aki's "specif-

ic barrier model" [27], factors that can be altered in this specific generation consist of magni-

tude, Joyner-Boore distance, soil type, and tectonic regime. This model is executed using 

Seismoartif software [28] and has been validated with a substantial database of response spec-

tra for seismic occurrences in intraplate, interplate, and extensional tectonic environments.  

In this study, the parameters chosen to characterize site seismic hazard are: a far field 

earthquake with a moment magnitude of 8, a Type A design spectrum as per Eurocode 8 part 

C, an importance factor of 1, a target PGA of 0.24 g, linear site effect, and a distance from the 

epicenter to the site randomly selected from a uniform distribution between 15 and 25 km. In 

this manner, 400 artificial seismic disturbances have been created randomly. In Figure 1(a), 

one generated signal's time-history is displayed, while the elastic pseudo-acceleration spectra 

for all artificial seismic records along with the reference spectrum related to Eurocode 8 – 

ground type A, are shown in Figure 1(b). 
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Figure 1: (a) artificial seismic signal; (b) elastic pseudo-acceleration spectra of the 400 artificial seismic records. 

The present investigation is focused on studying soft computing prediction of structural re-

sponse to seismic records by evaluating 16 seismic parameters (Sp) for every single synthetic 

seismic signal. These seismic parameters are listed in Table 1.  

3 DYNAMIC RESPONSE OF NON-LINEAR SDOF SYSTEMS 

An elastic perfectly-plastic SDOF model has been adopted for evaluating the seismic re-

sponse in terms of displacement. This model, introduced by Shibata and Sozen [29] and wide-

ly used in both scientific literature and design provisions [30] is characterized by three 
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parameters: the elastic stiffness ( k ), yield strength ( yf ) and relative displacement capacity 

( mx ) (Figure 2).  

Table 1: Seismic parameters characterizing the signals adopted in numerical analyses. 

pS Seismic parameter Description 

No. 1 Peak Acceleration Peak acceleration of the seismic input time-history: ,g peakuɺɺ

No. 2 Peak Velocity Peak velocity of the seismic input time-history: ,g peakuɺ

No. 3 Peak Displacement Peak displacement of the seismic input time-history: ,g peaku

No. 4 AV ratio Peak ground acceleration-to-velocity ratio: 
, ,/g peak g peakAV u u= ɺɺ ɺ

No. 5 Acceleration RMS 
Square root of the mean of acceleration squares: 2

0

t
T

g tRMS u dt Ta =  ɺɺ
 , where tT  is the 

time duration of the signal 

No. 6 Velocity RMS 
Square root of the mean of velocity squares: 2

0

tT

RMS g tv u dt T=  ɺ
 , where tT  is the time 

duration of the signal 

No. 7 Displacement RMS 
Square root of the mean of displacement squares: 2

0

tT

RMS g tx u dt T= 
 , where tT  is the 

time duration of the signal 

No. 8 Arias Intensity 

Time-integral of the square of the acceleration: 2

0

( )
2

dT

A gI u t dt
g

π
=  ɺɺ

, where dT  is the time 

duration of the signal above a threshold equal to 0.05g

No. 9 Character. Intensity 1.5 0.5
C RMS SI a t= ⋅ , where St  is the significant duration 

No. 10 
Specific Energy 

Density 

Energy of the velocity-time history: 2

0

( )

dT

gSED u t dt=  ɺ
 , where 

dT  is the time duration of 

the signal above a threshold equal to 0.05g

No. 11 
Cumulative  

Absolute Velocity 

Area under the accelerogram over a significant duration: 

0

( )

Tt

gCAV u t dt=  ɺɺ
, where tT  is 

the time duration of the signal 

No. 12 
Acceleration  

Spectrum Intensity 

0.5

0.1

( , )ASI PSA T dTξ=  , where PSA  is the pseudo spectral acceleration; T is the natural

period and 0.05ξ =  is the damping coefficient 

No. 13 
Velocity Spectrum 

Intensity 

0.5

0.1

( , )VSI PSV T dTξ=  , where PSV  is the pseudo spectral velocity; T is the natural

period and 0.05ξ =  is the damping coefficient 

No. 14 Housner Intensity 

2.5

0.1

( , )H vSI S T dTξ= 
, where 

vS  is the pseudo-velocity response spectrum; T  is the nat-

ural period and 0.05ξ =  is the damping coefficient 

No. 15 Sustained Max Acc. Third-highest acceleration absolute value peak in the time history record: SMA  

No. 16 Sustained Max Vel. Third largest velocity peak in the time history record: SMV

The dynamic equation governing the seismic response of a non-linear SDOF system with 

mass , inherent viscous damping coefficient  and resisting force ( )Sf x  can be written as 

follows: 
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2
0 02 ( )y S gx x x f x uξω ω+ + = −ɺɺ ɺ ɺɺ  (1) 

where 0 /k mω = , ( )0/ 2c mξ ω=  and ( ) /S S yf f x f= . In the following, the value of the yield 

strength has been defined in each case as the product between the peak value of the earth-

quake-induced resisting force in the corresponding linear system 0f  and the yield strength 

factor yR , as follows: 0y yf R f= ⋅ . During the elastic response, ( )Sf x  represents the restor-

ing force and depends on the stiffness k. The corresponding elastic vibration period is denoted 

as 0T . 

0 

Figure 2: Force-relative displacement curve: actual response compared with the elastic perfectly-plastic model. 

A comprehensive parametric analysis, aimed at determining the seismic demand and, thus, 

the maximum ductility for the 400 generated seismic excitations, has been carried out. Specif-

ically, for each seismic excitation, 1000 different elastic perfectly-plastic SDOF systems have 

been considered. The initial stiffness k   has been modified such that 0T  varies in the range 

[0.05 s, 3.00 s] . Similarly, the yield strength has been varied so that yR  ranges from a mini-

mum value of 0.05  to a maximum value of 1, corresponding to a linear dynamic response of 

the system. In the following, the peak relative displacement is the response variable of the 

non-linear SDOF systems to predict through ML models [31]-[34]. 

4 SUPERVISED MACHINE LEARNING MODELS AND FEATURES SELECTION 

The previous results representative of the non-linear response of the considered SDOF sys-

tems have been utilized as input and output data in an extensive numerical analysis involving 

20 ML algorithms (Table 2). The aim is to study the relationship between the mechanical 

properties characterizing SDOF systems, the characteristics of the seismic excitations and the 

seismic responses in terms of peak relative displacement. Specifically, the two properties 

characterizing the system, namely k  and yR , together with the 16 seismic parameters, repre-

senting the seismic signal, have been provided as input data for the specific ML algorithm de-

fining the corresponding ML model. The aim of the numerical analysis is to identify an 

optimal set of seismic parameters to model the non-linear dynamic response of several struc-

tural systems using supervised ML techniques.  

As a first step, a statistical analysis of the available data allows for a reduction in the nu-

merical complexity of the problem and a more effective interpretation of the results [35]-[40]. 

In particular, a feature selection analysis was performed using the F-test technique. The F-test 

is a powerful statistical tool widely used in feature selection procedures to enhance machine 

learning model performance [41]. It measures the relationship between features and the target 
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variable by comparing variances, making it highly effective in identifying the most relevant 

predictors [42]. It is particularly beneficial in high-dimensional datasets due to its computa-

tional efficiency [43] and, additionally, its ability to identify features with high discriminative 

power makes it particularly useful in scenarios where interpretability is a priority. The ad-

vantages of the F-test extend beyond its statistical rigor and computational efficiency; it also 

serves as a valuable tool for improving model robustness. By eliminating irrelevant features, 

it reduces the risk of overfitting, ensuring that the model generalizes well to unseen data [44]. 

In Figure 3, the F-test results in terms of importance scores are shown for the 16 considered 

seismic parameters. Results highlight that seven parameters exhibit a stronger correlation with 

the nonlinear response of the SDOF system (Peak Velocity, Peak Displacement, AV Ratio, 

Velocity RMS, Displacement RMS, Specific Energy Density, Sustained Maximum Velocity), 

allowing subsequent analyses to focus on these parameters and determine which algorithm 

provides the most effective modeling of the obtained numerical results. The selected seismic 

parameters involve velocity and displacement, as well as integral-based energetic factors. In 

contrast, parameters directly related to acceleration or time are less effective in this context. 

Figure 3: Feature importance score using F-Test algorithm. 

Therefore, 20 different algorithms have been analyzed with respect to the seven selected 

seismic parameters (input features) to model the responses of the 1000 non-linear SDOF sys-

tems to the 400 artificial records. As for the ML model validation, the method called “N-fold 

cross-validation” has been employed. This implies to divide the original dataset, composed of 

the 400000 cases, into N equal parts, denoted as “validation folds”. The training and valida-

tion process is repeated  N  times, each time using a fold as validation set and the remaining 

1N −  folds as the training set. This way, each observation in the dataset has the opportunity to 

be in both the training and validation sets. During each iteration, the model is trained on the 

1N −  training folds and evaluated on the basis of the single validation fold. In this study, N 

was set to 5, dividing the dataset into 5 subsets for each analyzed case. Two evaluation met-

rics are then computed: specifically, the root mean squared error (RMSE) and the Mean Abso-

lute Error (MAE). The RMSE provides a measure of the dispersion between the model-

predicted values and actual values in the validation dataset, as expressed by Eq.(2): 

2
, ,

1

1
( )

N

s true s pred

s

RMSE x x
N =

= − (2) 
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in which N represents the total number of observations in the validation dataset (i.e., 

N=400000), ,s truex  is the target parameter value for the non-linear SDOF system, represented 

by the peak relative displacement obtained from the parametric analysis and ,s predx  is the pre-

dicted value by using the considered ML model. 

Table 2: Considered Machine Learning algorithms. 

ML Algorithm 

Group 
# Algorithm Algorithm Description 

Linear Regression 

[44] 

1 Linear 
Minimizes the sum of squared differences between predicted and 

observed values. 

2 
Interaction 

Linear 

Introduces interactive terms capturing non-linear relationships or 

conditional dependencies between independent parameters 

3 Robust 

Introduces a loss function to mitigate the impact of outliers during 

training, ensuring reduced sensitivity to errors from anomalous val-

ues. 

4 Stepwise 

Sequentially adds or removes parameters based on statistical criteria, 

simplifying the model by considering only the most significant pa-

rameters. 

Tree 

[45] 

5 Fine Tree 
Uses decision trees with a high number of terminal nodes, capturing 

more details from input data but increasing the risk of overfitting. 

6 Medium Tree 
Uses decision trees with a balanced number of terminal nodes, main-

taining a trade-off between detail capture and overfitting risk. 

7 Coarse Tree 
Uses decision trees with a low number of terminal nodes, generaliz-

ing well but potentially missing finer details. 

Support Vector 

Machine (SVM) 

[46] 

8 Linear SVM 
Uses a linear kernel function to find the optimal hyperplane for clas-

sifying input data. 

9 Quadratic SVM 
Uses a second-degree polynomial kernel function to transform data 

into a higher-dimensional space for more complex decision bounda-

ries. 

10 Cubic SVM 
Uses a third-degree polynomial kernel function for even more flexi-

ble decision boundaries. 

11 
Fine 

Gaussian SVM 

Uses a Gaussian kernel function with a small bandwidth ( ), allow-

ing the model to capture intricate patterns in the data. 

12 
Medium 

Gaussian SVM 

Uses a Gaussian kernel function with a moderate bandwidth ( ), 

balancing complexity and generalization. 

13 
Coarse 

 Gaussian SVM 

Uses a Gaussian kernel function with a large bandwidth ( ), making 

the model more generalized but potentially less sensitive to fine de-

tails. 

Ensemble 

[47] 

14 Boosted Trees 
Combines multiple weak learners (often shallow decision trees) it-

eratively, where each new model focuses on correcting errors made 

by previous ones. 

15 Bagged Trees 

Uses bootstrap sampling with replacement to train multiple decision 

trees on different subsets of data, improving robustness and reducing 

variance. 

Neural Networks 

(NN) 

[48] 

16 Narrow NN 
A neural network with a single hidden layer containing 10 nodes, 

designed for simple pattern recognition tasks. 

17 Medium NN 
A neural network with a single hidden layer containing 25 nodes, 

offering a balance between complexity and computational efficiency. 

18 Wide NN 
A neural network with a single hidden layer containing 100 nodes, 

capturing more complex patterns but requiring greater computational 

resources. 

19 
Deep NN 

 (2 Layers) 

A neural network with two hidden layers, enabling the learning of 

more complex hierarchical patterns in data. 

20 
Deep NN 

(3 Layers) 

A neural network with three hidden layers, enhancing model depth 

for highly complex pattern recognition tasks. 
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The MAE is a measure of the accuracy of the prediction model, it is the average of the ab-

solute value of the difference between the model's predictions and the observed actual values, 

Eq.(3): 
 

, ,

1

1 N

s true s pred

s

MAE x x
N =

= −  (3) 

 

The combined use of both metrics allows for a more comprehensive evaluation of the 

model's performance. In fact, while the RMSE reveals the presence of outliers and level of 

dispersion in the predictions, the MAE provides a simple and straightforward measure of the 

average error, being less sensitive to high-intensity prediction errors. To show some results of 

the validation process, Figure 4 and Figure 5 report both the RMSE and MAE values for the 

20 algorithms considered, assuming the Peak Velocity as the input feature (Table 1) and the 

output variable (i.e., peak relative displacement) related to all the 1000 non-linear SDOF sys-

tems subjected to the 400 signals.  
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Figure 4: RMSE for each considered algorithm assuming the Peak Velocity as seismic parameter. 
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Figure 5: MAE for each considered algorithm assuming the Peak Velocity as seismic parameter. 
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5 MACHINE LEARNING MODELS COMPARISON 

The performance of all the 20 considered ML algorithms has been assessed with respect to 

the input features through numerical analyses, where a set of seven selected seismic parame-

ters is provided as input data together with the 400 signals and dynamic characteristics of the 

1000 elastic perfectly-plastic SDOF systems. For all these models, the effectiveness of the 

model prediction has been analyzed by using both the RMSE and MAE indices with respect 

to peak relative displacement output as represented in the Figures 6-8. 
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Figure 6: Prediction performance obtained by the most effective ML algorithm. 

In Figure 6, for each input feature, the ML algorithm that achieved the best performance is 

highlighted. Specifically, Figures 6(a) refer to the RMSE index for peak relative displacement, 

while Figures 6(b) present the results related to the MAE index. 
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Figure 7: Performance comparison between the different seismic parameters for some ML algorithms. 

The results in Figure 6 clearly highlight that the most effective algorithms for achieving the 

prediction objective are Bagged Trees, Fine Tree, Coarse Tree and Fine Gaussian SVM. 

Among these, Bagged Trees and Fine Tree stand out as the optimal choices. Generally, algo-

rithms based on decision trees exhibit higher average predictive performance in this case, as 

shown in Figure 7, for both the metrics considered, with the single exception of the AV ration 

input feature. This figure shows the performance achievable with some relevant algorithms as 

the seismic parameters vary, for both the metrics. It highlights how the choice of the seismic 

parameter plays a significant role. Based on performance predictions in terms of the RMSE 

index, three input features appear to yield better results, namely Specific Energy Density, Ve-

locity RMS, and Peak Velocity, with their RMSE values being slightly above 1.5%. In terms 
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of MAE, the situation is similar, with the only difference being that Peak Displacement re-

places Peak Velocity in the group of three indices achieving the best performance, with values 

close to 0.75%.  

In Figure 8, the actual response in terms of peak relative displacement and the response ob-

tained using the Bagged Trees model (i.e., xpred), for all the signals and non-linear SDOF sys-

tems, are represented for Specific Energy Density input feature. This graph highlights the 

limited error made with the best model in the evaluation of peak displacement. 

Figure 8: Predicted and true response in Bagged Trees models for Specific Energy density input feature 

Figures 9-11 show partial dependence plots to highlight the relationships between the 

structural properties (i.e., the system elastic period 0T  and the yield strength factor yR ), the 

response predicted by the ML model and the input feature Specific Energy Density (SED) for 

which the ML model leads to the best predictions. 
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0
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0.15 
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Figure 9: Partial dependence plot of model prediction depending on SDOF system elastic period: peak relative 

displacement. 

Specifically, Figure 9 and Figure 10 respectively show how the elastic period, 0T , of the 

structural system and the yield strength factor, yR , influence the peak relative displacement 

(Figure 9(a) and Figure 10(a)), predicted by the ML model averaging over the 400 signals and 
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other structural characteristics. It is highlighted how the Bagged Trees model, with the 

knowledge of a single seismic parameter, effectively manages to capture the dependence of 

the non-linear response on the mechanical characteristics of the SDOF systems. In detail, the 

relative displacement demand is greater in the case of lower stiffness levels (Figure 9), while 

the trend of the peak relative displacement as a function of the elastic resistance of the equiva-

lent SDOF system is consistent with the formulations defining yield strength factors within 

the displacement-based design [30].  
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Figure 10: Partial dependence plot of model prediction depending on SDOF system yield strength factor: peak 

relative displacement. 

Figure 11 show how SED input feature is related to the structural response in terms of peak 

relative displacement predicted by the ML model averaging over both the 400 signals and 

1000 SDOF systems. The analysis of this relationship is particularly useful for understanding 

the physical role that each seismic parameter plays in the non-linear response of the system. 

In detail, the Bagged Trees model predicts a regular increasing trend, highlighting a signifi-

cant linear correlation between both the input data and the seismic responses, especially, in 

the range of feature values where the largest number of examples, used during the model's 

training phase, is available. 
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Figure 11: Partial dependence plot of model prediction depending on Specific Energy Density input feature: peak 

relative displacement. 

6 CONCLUSIONS  

The use of supervised learning algorithms in the field of structural engineering, and, in 

general, the potential offered by ML, is a topic that has recently attracted the interest of the 

scientific community. While these techniques appear to be promising in terms of numerical 
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results, they pose challenges due to being black-box models, compromising the physical un-

derstanding of the problem and the control of information necessary for a correct design ap-

proach. 

This study presents the results of a comprehensive investigation aimed at evaluating ma-

chine learning (ML) algorithms that can be effectively applied within the framework of per-

formance-based seismic design procedures. The objective is to identify the ML model with 

the highest capability to predict the nonlinear responses of structural systems. These seismic 

parameters are interpreted as the physical quantities providing the most comprehensive infor-

mation, enabling the model to reliably predict the system's response. 

A feature selection analysis based on F-Test demonstrate that seven out of the twenty-three 

considered seismic parameters, provided as single input data for the ML model, can lead to 

superior quality of the performance predictions. It is also noteworthy that this input features 

set is composed of the seismic parameters involving velocity, displacement and parameters 

with an energetic nature. Instead, the use of seismic parameters directly related to acceleration 

or time is less effective, highlighting the low effectiveness of the seismic hazard definition if 

ML models will be considered in the context of performance-based design. Furthermore, the 

family of algorithms called "Tree", specifically the "Bagged Tree", leads to models capable of 

making more reliable predictions of the non-linear dynamic response, in terms of peak relative 

displacement, of a wide class of equivalent SDOF systems.  

ACKNOWLEDGMENTS 

This work is part of the research activity developed by the authors within the framework of 

the “PNRR”: MOST – Sustainable Mobility National Research Center - SPOKE 7 “Coopera-

tive Connected and Automated Mobility and Smart Infrastructures” - WP4" and received 

funding from the European Union Next-GenerationEU (PIANO NAZIONALE DI RIPRESA 

E RESILIENZA (PNRR) – MISSIONE 4 COMPONENTE 2, INVESTIMENTO 1.4 – D.D. 

1033 17/06/2022). 

REFERENCES  

[1] H. Adeli H, Neural networks in civil engineering: 1989-2000. Computer-Aided Civil 

and Infrastructure Engineering , 16(2): 126–142, 2001. 

[2] Y. Xie, M. Ebad Sichani, J.E. Padgett and R. DesRoches, R., The promise of imple-

menting machine learning in earthquake engineering: A state-of-the-art review. Earth-

quake Spectra, 36 (4), 1769-1801, 2020. 

[3] B.K. Oh, Y. Park and H.S. Park, Seismic response prediction method for building struc-

tures using convolutional neural network. Structural Control and Health Monitoring, 

27(5), e2519, 2020. 

[4] S. Gharehbaghi, H. Yazdani and M. Khatibinia, Estimating inelastic seismic response of 

reinforced concrete frame structures using a wavelet support vector machine and an arti-

ficial neural network. Neural Computing and Applications, 32, 2975-2988, 2020. 

[5] P. Hait, A. Sil and S. Choudhury, Seismic damage assessment and prediction using arti-

ficial neural network of RC building considering irregularities. Journal of Structural In-

tegrity and Maintenance, 5(1), 51-69, 2020. 

1796



Massimiliano De Iuliis 

[6] T. Kim, O.S. Kwon and J. Song, Deep learning based seismic response prediction of 

hysteretic systems having degradation and pinching. Earthquake Engineering & Struc-

tural Dynamics, 52(8), 2384-2406, 2023. 

[7] M. De Iuliis, E. Miceli, P. Castaldo, Machine learning modelling of structural response 

for different seismic signal characteristics: A parametric analysis, Applied Soft Compu-

ting, 2024, 164, 112026. 

[8] J. Won, J and J. Shin, Machine learning-based approach for seismic damage prediction 

method of building structures considering soil-structure interac-

tion. Sustainability, 13(8), 4334, 2021. 

[9] Abdellatif, B., Benazouz, C., Ahmed, M., Abdellatif, B., Benazouz, C., Ahmed, M., 

Dynamic response estimation of an equivalent single degree of freedom system using 

artificial neural network and nonlinear static procedure. Research on Engineering Struc-

tures and Materials, 2023. DOI: https://doi. org/10.17515/resm2023. 40me0818rs. 

[10] Hammal, S., Bourahla, N., Laouami, N., Neural-network based prediction of inelastic 

response spectra. Civil Engineering Journal, 6(6), 1124-1135, 2020. 

[11] Yinfeng, D., Yingmin, L., Ming, L., Mingkui, X., Nonlinear structural response predic-

tion based on support vector machines. Journal of Sound and Vibration, 311(3-5), 886-

897, 2008.  

[12] Demir, A., Sahin, E. K., Demir, S., Advanced tree-based machine learning methods for 

predicting the seismic response of regular and irregular RC frames, Structures, 64, p. 

106524, 2024. 

[13] L. Luzi, R. Puglia, E. Russo & ORFEUS WG5, Engineering Strong Motion Database, 

version 1.0. Istituto Nazionale di Geofisica e Vulcanologia, Observatories & Research 

Facilities for European Seismology, 2016 

[14] S. M. Mousavi, Y. Sheng, Y., W. Zhu, G.C. Beroza G.C., STanford EArthquake Dataset 

(STEAD): A Global Data Set of Seismic Signals for AI, IEEE Access, 2019 

[15] O.S. Kwon and A. Elnashai, The effect of material and ground motion uncertainty on 

the seismic vulnerability curves of RC structure. Engineering structures, 28(2), 289-303, 

2006. 

[16] F. Kazemi, N. Asgarkhani, R. Jankowski, Machine learning-based seismic fragility and 

seismic vulnerability assessment of reinforced concrete structures. Soil Dynamics and 

Earthquake Engineering, 166, 107761, 2023. 

[17] A. Massumi and F. Gholami, The influence of seismic intensity parameters on structural 

damage of RC buildings using principal components analysis. Applied Mathematical 

Modeling, 40(3), 2161-2176, 2016. 

[18] E. Miceli, D. Gino, P. Castaldo, Reliability Assessment Of Robustness For Reinforced 

Concrete Moment Resisting Frames, Developments in the Built Environment, 2025, 

100639, https://doi.org/10.1016/j.dibe.2025.100639. 

[19] G. Bertagnoli, M. Ferrara, E. Miceli, P. Castaldo, L. Giordano, Safety assessment of an 

existing bridge deck subject to different damage scenarios through the global safety 

format ECOV, Engineering Structures, 2024, 306, 117859. 

1797



Massimiliano De Iuliis 

[20] D. Gino, E. Miceli, P. Castaldo, A. Recupero, G. Mancini, Strain-based method for as-

sessment of global resistance safety factors for NLNAs of reinforced concrete struc-

tures, Engineering Structures, 2024, 304, 117625. 

[21] E. Miceli, P. Castaldo, Robustness improvements for 2D reinforced concrete moment 

resisting frames: Parametric study by means of NLFE analyses, Structural Concrete, 

2024, 25(1), pp. 9–31. 

[22] M. Ferrara, D. Gino, E. Miceli, L. Giordano, M. Malavisi, G. Bertagnoli, Safety as-

sessment of existing prestressed reinforced concrete bridge decks through different ap-

proaches, Structural Concrete, 2024, 25(3), pp. 1637–1657. 

[23] D. Gino, E. Miceli, L. Giordano, G.C. Marano, P. Castaldo, Influence of Masonry In-

fills on Seismic Performance of an Existing RC Building Retrofitted by Means of FPS 

Devices, Applied Sciences (Switzerland), 2023, 13(6), 3509 

[24] E. Miceli, S. Ferrara, P. Castaldo, Confinement effects within the seismic design of re-

inforced concrete frames: reliability assessment and comparison, Engineering Struc-

tures, 2024, 313, 118248 

[25] E. Miceli, D. Gino, P. Castaldo, Approaches to estimate global safety factors for re-

liability assessment of RC structures using non-linear numerical analyses, Engineering 

Structures, 2024, 311, 118193.  

[26] P. Castaldo, G. Amendola, L. Giordano, E. Miceli, Seismic Reliability Assessment Of 

Isolated Multi-Span Continuous Deck Bridges, Ingegneria Sismica, 2022, 39(3), pp. 

26–51. 

[27] A. S. Papageorgiou, K. Aki, A specific barrier model for the quantitative description of 

inhomogeneous faulting and the prediction of strong ground motion. Part II. Applica-

tions of the model. Bulletin of the Seismological Society of America. 73, 953–978, 1983. 

[28] Seismosoft. SeismoArtif - A computer program for generation of artificial accelero-

grams, [online]. 2020. Available at: https://seismosoft.com/ 

[29] A. Shibata, M. Sozen, Substitute structure method for seismic design in reinforced con-

crete, Journal of Structural Division, ASCE, 102(1): 1-18, 1976. 

[30] Applied Technology Council (ATC), Seismic evaluation and retrofit of concrete build-

ings, Report ATC-40, Applied Technology Council, Redwood City, CA, USA, 1996. 

[31] M. De Iuliis, P. Castaldo, B. Palazzo, Seismic demand analysis of inelastic SDOF sy-

stems designed according to the NTC 2008 for L'Aquila earthquake | Analisi della do-

manda sismica inelastica del terremoto de L'Aquila su sistemi dimensionati secondo le 

NTC 2008, Ingegneria Sismica, 2010, 27(3), pp. 55–68. 

[32] M. De Iuliis, C. Faella, Effectiveness analysis of a semiactive base isolation strategy us-

ing information from an early-warning network, Engineering Structures, 2013, 52, pp. 

518–535. 

[33] L. Petti, M. De Iuliis, Robust design of a single tuned mass damper for controlling tor-

sional response of asymmetric-plan systems, Journal of Earthquake Engineering, 2009, 

13(1), pp. 108–128. 

[34] M. De Iuliis, E. Miceli, P. Castaldo, An energy framework to control viscoelastic semi-

active devices in plan-wise one-way asymmetric systems, Structural Control and Health 

Monitoring, 2025. DOI: 10.1155/stc/7091316 

1798



Massimiliano De Iuliis 

[35] R. Troisi, S. De Simone, M. Franco, Illegal firm behaviour and environmental hazard: 

The case of waste disposal, European Management Review, 2024, 21(3), pp. 605–617. 

[36] R. Troisi, G. Alfano, Is “justice hurried actually justice buried”? An organisational per-

spective of the Italian criminal justice, International Journal of Public Sector Man-

agement, 2023, 36(1), pp. 94–109. 

[37] A. Nese, R. Troisi, Individual Preferences and Job Characteristics: An Analysis of Co-

operative Credit Banks, Labour, 2014, 28(2), pp. 233–249. 

[38] R. Troisi, S. De Simone, M. Franco, The resilience of the regional ecosystems: 

Healthcare-service organizations, public agents and communities in times of Covid-19, 

Mecosan, 2023, (125), pp. 83–97. 

[39] R. Troisi, A. Nese, R. Blanco-Gregory, M.A. Giovanniello, The Effects of Corruption 

and Innovation on Sustainability: A Firm-Level Analysis, Sustainability (Switzerland), 

2023, 15(3), 1848. 

[40] M. Musella, R. Troisi, Property rights and incentives in social cooperatives, AIEL Se-

ries in Labour Economics, 2009, 4, pp. 47–61. 

[41] I. Guyon, A. Elisseeff. An introduction to variable and feature selection. Journal of Ma-

chine Learning Research, 3, 1157-1182, 2003. 

[42] R.O. Duda, P.E. Hart, D. G. Stork. Pattern Classification. John Wiley & Sons, 2001. 

[43] H. Liu, H. Motoda. Computational Methods of Feature Selection. Chapman & 

Hall/CRC, 2008. 

[44] G. James, D. Witten, T. Hastie, R. Tibshirani. An Introduction to Statistical Learning: 

With Applications in R. Springer, 2013. 

[45] C. Sheppard, Tree-based machine learning algorithms: Decision trees, random forests, 

and boosting. Clinton Sheppard, 2019. 

[46] L. Hamel, Knowledge discovery with support vector machines. Wiley Series on Meth-

ods and Applications in Data Mining, Daniel T. Larose, Series Editor, 2009. 

[47] T. Hastie, R. Tibshirani, J. Friedman, The elements of Statistical learning. Data Mining, 

inference and prediction. Springer series in Statistics, Springer, 2009. 

[48] Y. Bengio, A. Courville, I.J. Goodfellow, Deep learning: adaptive computation and ma-

chine learning. Series: Adaptive Computation and Machine Learning series, MIT Press, 

2016. 

1799


