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A R T I C L E  I N F O   

Keywords: 
Generalized ground motion model 
Recurrent neural networks 
Deep learning 
Subduction ground motions 
Long short-term memory 

A B S T R A C T   

This paper proposes a deep learning-based generalized ground motion model (GGMM) for interface and intraslab 
subduction earthquakes recorded in Chile. A total of ~7000 ground-motion records from ~1700 events are used 
to train the proposed GGMM. Unlike common ground-motion models (GMMs), which generally consider indi-
vidual ground-motion intensity measures such as peak ground acceleration and spectral accelerations at given 
structural periods, the proposed GGMM is based on a data-driven framework that coherently uses recurrent 
neural networks (RNNs) and hierarchical mixed-effects regression to output a cross-dependent vector of 35 
ground-motion intensity measures (denoted as IM). The IM vector includes geometric mean of Arias intensity, 
peak ground velocity, peak ground acceleration, and significant duration (denoted as Iageom , PGVgeom, PGAgeom, and 
D5− 95geom , respectively), and RotD50 spectral accelerations at 31 periods between 0.05 and 5 s for a 5 % damped 
oscillator (denoted as Sa(T)). The inputs to the GGMM include six causal seismic source and site parameters, 
including fault slab mechanism, moment magnitude, closest rupture distance, Joyne-Boore distance, soil shear- 
wave velocity, and hypocentral depth. The statistical evaluation of the proposed GGMM shows high prediction 
power with R2 > 0.7 for most IMs while maintaining the cross-IM dependencies. Furthermore, the GGMM is 
carefully compared against two state-of-the-art Chilean GMMs, showing that the proposed GGMM leads to better 
goodness of fit for all periods of Sa(T) compared to the two considered GMMs (on average 0.2 higher R2). Finally, 
the GGMM is implemented to select hazard-consistent ground motions for nonlinear time history analysis of a 
sophisticated finite-element model of a 20-story steel special moment-resisting frame. Results of this analysis are 
statistically compared against those for hazard-consistent ground motions selected based on the conditional 
mean spectrum (CMS) approach. In general, it is observed that the drift demands computed using the two ap-
proaches cannot be considered statistically similar and the GGMM leads to higher demands.   

1. Introduction 

Regions such as the Pacific Coast of South and North America 
(including Chile, Mexico, and the US), and Japan are known to be 
seismically active with long-rupture subduction zones. Earthquakes 
arising from subduction are generally very high in magnitude (i.e., 
megathrust). This means that densely populated cities (e.g., Mexico City, 
Santiago, Seattle, and Tokyo) can experience high-magnitude and 
damaging strong ground motions. In the specific case of Chile, near 17.5 
million people [1] are exposed to major earthquakes. For instance, three 
out of the 15 largest earthquakes recorded in the world have occurred 

next to the Chilean Pacific coast [2]. These earthquakes have led to 
significant economic and life losses to local communities [2]. The 
Chilean seismicity is primarily explained by the subduction of the 
oceanic Nazca plate underneath the continental South American plate. 
This tectonic setting is considered one of the most active in the world, 
with annual convergency velocities close to 63 mm/year [3], capable of 
producing approximately one major event (Mw > 7.0) every ten years 
[4]. Within subduction seismic environments, there are two main types 
of mechanisms: interface and intraslab earthquakes. The primary 
notable difference between the two is that intraslab earthquakes typi-
cally occur at depths greater than those of the interface events. In Chile, 
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earthquakes due to the former type occur at the contact between the 
Nazca and South American plates, while in the latter case, earthquakes 
occur within the oceanic plate. In the last fifteen years, large magnitude 
events faced by communities in Chile (e.g., 2010 Maule, Mw = 8.8; 2014 
Iquique, Mw = 8.2; and 2015 Illapel, Mw = 8.4, with Mw being their 
moment magnitude) have motivated the field of seismology and earth-
quake engineering to undertake practical actions to mitigate seismic risk 
and particularly improve the seismic hazard assessment through better 
data, procedures, models, and tools. 

Seismic hazard assessment is an essential step for performing prob-
abilistic/deterministic analysis of the impacts of possible earthquakes. 
Ground-motion models (GMMs) are a critical tool in both probabilistic 
seismic hazard analysis (PSHA) and deterministic seismic hazard anal-
ysis (DSHA). In general, GMMs provide statistical estimations of ground- 
motion intensity measures (IMs) using the casual seismic source and site 
information (magnitude, rupture distance, soil shear-wave velocity, 
etc.). Typical IMs include peak ground acceleration (PGA), peak ground 
velocity (PGV), Arias intensity (Ia), strong motion duration (Ds) (in its 
various definitions), and spectral acceleration at different periods of 
vibration (Sa(T)) for a single-degree-of-freedom (SDOF) system. Several 
GMMs have been proposed in the past [5] for such IMs; however, Sa(T)
has been the primary IM that most GMMs have considered. Due to the 
difference in the earthquake characteristics between crustal and sub-
duction zones, GMMs are derived separately for the two types of 
earthquakes, and specific GMMs are developed for the regions near 
subduction zones. Some of these GMMs are based on worldwide data (e. 
g., [6,7]) and others on regional data (e.g., Zhaeo et al. [8] for Japan; Lin 
and Lee [9] for Taiwan). Particularly in Chile, two recent studies have 
provided regression-based GMMs for subduction earthquakes in the re-
gion, i.e., Montalva et al. [10] and Idini et al. [11]. However, similar to 
the crustal zones, these GMMs are primarily based on Sa(T) and inde-
pendently developed for each SDOF natural period. Also, in the case of 
GMMs for other IMs, the models are developed separately, while the 
databases used by these studies have significant overlap. Hence, as 
mentioned by Fayaz et al. [12], these GMMs neglect the inherent cor-
relations/dependencies between the IMs. Since the IMs of the same 
ground motion are expected to be cross-correlated/dependent, it is 
essential that the prediction models accurately maintain such 
correlations. 

Moreover, the cross-IM correlation/dependence is often required for 
the performance-based seismic design and assessment of structures. For 
instance, it is extensively used to define target IMs for ground-motion 
simulation, selection, and modification for engineering applications (e. 
g., the generalized conditional intensity measure [13]). So far, these 
correlations are taken into account through ad-hoc models estimated in a 
subsequent analysis stage. For instance, Baker and Jayaram [14] 
computed the Sa(T) correlations for crustal ground motions through the 
epsilon parameter/values (ε) and suggested a functional form to 
approximate these correlations over a range of periods. As an extension 
to this study, Candia et al. [15] developed Sa(T) correlations for Chilean 
subduction earthquakes. Extending this concept to other IMs, Bradley 
[13] proposed a generalized conditional intensity measure (GCIM) for 
hazard consistent ground-motion selection. This model consists of 
developing the multivariate distribution of any set of ground-motion IMs 
conditioned on the occurrence of a specific IM obtained from PSHA. 
Bradley [13] also proposed a ground motion selection algorithm based 
on a random realization of the conditional multivariate distribution of 
IMs. One of the drawbacks of this approach is that there is not always a 
well-defined linear correlation among the different IMs. Moreover, the 
multivariate lognormal assumption of this approach needs further 
evaluation. Additionally, the application of the GCIM requires pre-
defined GMMs and correlation structures for the considered IMs; 
although there have been some initiatives considering Chilean ground 
motions, they are only focused on the evaluation of Sa(T) correlations 
and do not consider other IMs, such as Ia, Ds, PGV, etc. 

For the case of crustal ground motions (using the NGA-West2 data-

base - Enhancement of Next Generation Attenuation Relationships for 
Western US [16]), Fayaz et al. [12] proposed a novel approach in the 
form of a generalized ground-motion model (GGMM) based on a hybrid 
recurrent neural network (RNN) that estimates a vector of 29 IMs con-
sisting of geometric means of Ia, CAV, D5− 95, and RotD50Sa [17] at 26 
periods (for a 5 % damped oscillator). In addition, the covariance matrix 
adaptation evolution strategy (CMA-ES) was further used to propose 
inter-event and intra-event covariance matrices of the residuals between 
the recorded and RNN-predicted IMs. The model improves the current 
GMMs in the literature since it overcomes most of their statistical limi-
tations (such as predetermined functional forms) and incorporates high 
order dependencies between the vector of the 29 IMs. 

Due to the increase in computational resources and high predictive 
power, more studies are being conducted on utilizing deep-learning- 
based techniques in the realm of structural and earthquake engineer-
ing. Previously, Dhanya and Raghukanth [18] adopted an artificial 
neural network (ANN) in combination with a genetic algorithm (GA) to 
train a data-driven model to predict PGA, PGV, and spectral accelera-
tions at 26 periods between 0.01 and 4 s. However, in that study, the 
authors utilized conventional feed-forward neural networks, which do 
not explicitly account for the internal cross-IM dependencies and only 
attempt to ensure that individual mean IM predictions agree well with 
observed IM values. Apart from this, studies like Datta et al. [19], Fayaz 
and Galasso [20], Chiang et al. [21], Hyun-Su [22], Liu and Dai [23], 
etc., have explored the utilization of convolutional neural networks 
(CNNs), variational autoencoders (VAE), and RNNs for the real-time 
estimation of source parameters (e.g earthquake magnitude and loca-
tion), ground-motion intensity measures (e.g., PGA), and structural 
response parameters (e.g., drift levels). However, such research studies 
and their related computational tools aim to advance/improve earth-
quake early warning and are not particularly suitable for ground motion 
modelling and seismic hazard/risk analysis. 

Motivated by the preceding discussion, this study extends the pre-
vious research by Fayaz et al. [12] and proposes an RNN- and mixed- 
effects-regression-based GGMM specifically for the earthquakes recor-
ded in Chile (South America). Unlike previous studies that mainly rely 
on feed forward networks for modelling amplitude-based IMs and event 
parameters, this study is a novel attempt to develop an end-to-end 
framework using long short-term memory (LSTM)-based RNNs and hi-
erarchical mixed-effects regression for generalized cross-dependent 
predictions of a vector of amplitude-, energy-, frequency-, and 
duration-based IMs. A total of ~7000 ground motion records from 
~1700 events are used to train a data-driven framework of LSTM-based 
RNN model that uses six source and site parameters (including fault slab 
mechanism (F), magnitude (Mw), closest rupture distance (Rrup), Joyne- 
Boore distance (RJB), soil shear-wave velocity (Vs30), and hypocentral 
depth (Zhyp) to predict a vector of 35 IMs (denoted as IM hereafter), 
including geomean of Ia, PGV, PGA, D5− 95 (denoted as Iageom , PGVgeom, 
PGAgeom, and D5− 95geom , respectively), and RotD50Sa at 31 periods be-
tween 0.05 and 5 s (for a 5 % damped oscillator; denoted as Sa(T)). The 
RNN is particularly trained using an information-theory-based time-se-
ries cost function known as index of agreement (IA). Furthermore, the 
residuals between the true recorded IM and the RNN-based estimated 
IM are split into between-event and within-event covariance matrices 
using hierarchical mixed-effects regression and Pearson correlation 
analysis. Unlike previous studies, the utilization of advanced LSTM- 
based RNNs in this study alongwith IA as the cost function retains the 
internal cross-IM dependencies while showing high prediction power for 
the amplitude-, energy-, frequency-, and duration- based IMs. Further-
more, the use of mixed-effects regression enables the hierarchical divi-
sion of the residuals. The proposed framework is then illustrated by 
selecting ground motions for nonlinear time-history analysis (NLTHA) of 
a 20-story steel special moment frame (SSMF) developed using the 
OpenSees [24]. The SSMF model is utilized to perform NLTHA using 
hazard-consistent ground motions selected based on the proposed 
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GGMM and conventional conditional mean spectrum (CMS)-based [25] 
approaches. A total of 180 ground motion components are selected for 
three hazard levels, i.e., 475, 975, and 2475 years and used for NLTHA. 

The primary goals and engineering novelties of this study are 
threefold: 1) propose a GGMM model to estimate the IM vector using a 
data-driven deep-learning-based model leading to good prediction 
power while explicitly maintaining the higher-order cross-dependencies 
between the IM components (which include amplitude-, energy-, fre-
quency-, and duration- based IMs); 2) demonstrate the use of GGMM for 
selecting hazard-consistent ground motions using vector-valued objec-
tive function considering the IM components; and 3) assessing the 
applicability and efficiency of the proposed ground-motion selection 
approach in structural analysis. Therefore, this investigation seeks to 
provide further insights into the knowledge of subduction ground mo-
tions, develop a multi-criteria solution for estimating IMs, and demon-
strate a practical way of implementing the proposed GGMM for record 
selection using a vector-valued objective function. 

The proposed GGMM is a general tool that can also be helpful for 
other possible applications such as 1) the assessment of geotechnical 
structures (e.g., liquefaction-induced settlements, seismically-induced 
slope displacements), where the parameters of interest are commonly 
not only the spectral coordinates Sa(T), but other IMs are required, such 
as PGV [26], and Ia [27]; 2) analysis and validation of simulated ground 
motions [28–31]; 3) vector-valued PSHA [32], etc. For instance, CAV is 
used in evaluating liquefaction-induced building settlements (e.g., 
[33,34]). Similarly, PGV and Ia are utilized for estimating seismically 
induced slope displacements and landslides (e.g., [27,35–38]). CAV, 
PGV and Ia are also useful assessing liquefaction triggering (e.g., 
[27,39–41]). 

This paper is divided into seven sections, starting with this intro-
ductory section. The following section describes the ground-motion 
database used in this study. Next, the various modelling components 
of the proposed GGMM are presented in the subsequent sections. Spe-
cifically, the mean model using the proposed RNN and the covariance 
matrices for residuals are described first. For the sake of consistency, the 
models are explained first, and then their corresponding statistical 
evaluations are described. After the explanation of the proposed GGMM, 
its prediction power is statistically compared with other commonly used 
Chilean GMMs [10,11], and a spectral comparison against the CMS [25] 
is carried out through likelihood comparisons. Hence, the GGMM is 
assessed against the currently available models, and its advantages are 
discussed. Finally, an application of the GGMM for seismic NLTHA of a 

20-story building is presented. Conclusions, limitations of this investi-
gation, and recommendations for future work are outlined in the last 
section of the paper. 

2. Ground-motion database 

This study uses a set of ~7000 two-component ground-motion ac-
celeration time series from ~1700 seismic events available in the SIBER- 
RISK strong motion database [42]. The locations of these events are 
shown in Fig. 1a, and the corresponding Mw − Rrup metadata is pre-
sented in Fig. 1b. In terms of the two mechanisms, i.e., interface and 
intraslab, ~5000 ground motion records are from interface events, and 
~2000 ground motion records are from intraslab events. As observed 
from Fig. 1b, the records include events with Mw ranging from 3.7 to 8.8, 
while Rrup ranges from 15 to 300 km. The statistical details of the other 
event parameters obtained from the metadata include i) 0.9 ≤ RJB ≤

298.2 km; ii) 2 ≤ Zhyp ≤ 213 km; and iii) 108 ≤ Vs30 ≤ 2127 m/s. 
As discussed in Candia et al. [15], SIBER-RISK strong-motion centre 

applies a third-order bandpass Butterworth filter with corner fre-
quencies at 0.01 and 50 Hz to the acceleration records to remove 
spurious low-frequency acceleration base shifts. The records are base-
line corrected by subtracting a piecewise-linear function to the data 
using a reversible jump Markov Chain Monte Carlo algorithm [43]. The 
RotD50Sa spectra (Sa(T)) and geomean significant duration D5− 95,geom of 
the ground motion records are presented in Fig. 2a and 2b, respectively. 
Unlike previous GMMs in Chile, in this study RotD50Sa (current state-of- 
the-art IM [7,44]) is purposefully selected to represent spectral accel-
erations. In fact, unlike other definitions (such as geomean, average, 
etc.), RotD50Sa is independent of the orientation of the recording sensor 
and leads to the one-to-one causal relation between the source param-
eters and spectral acceleration. As observed from the figures, the spectra 
of the selected ground motion represent both low levels of shaking 
(RotD50Sa < 0.1 g) and high levels of shaking (RotD50Sa > 0.1 g), hence 
showing the vast range of accelerations used for training the proposed 
model. For the other IMs, geomean is used for consistency with the state- 
of-the-art and literature [45]. Furthermore, it can be observed from 
Fig. 2b the selected ground motions are on average ~40 s long and can 
go as high as 150 s thereby representing ground motions with different 
durations. 

Fig. 1. Earthquake events: (a) epicenters; and (b) Mw-Rrup metadata.  
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3. Mean model using recurrent neural network 

Similar to Fayaz et al. [12], this study employs RNNs to predict the 
considered IM vector and model the IM sequence-dependent behaviour, 
which means that the values in the output vector are related to each 
other. The underlying principle of modelling sequences in RNNs is 
recurrency in artificial neural networks compared to conventional 
feedforward neural networks. The connections between nodes of an 
RNN form a directed graph along with sequential data. This is done by 
feeding back the output of a neural network layer at sequence step t to 
the input of the same network layer at the sequence step t + 1. This 
allows the RNN to exhibit sequential dynamic behaviour. Since the 
ground motion IM vector represents the IMs of the same ground motion, 
the values are dependent on each other. Hence, the IM vector can be 
modelled as a sequence of IMs where the individual IMs are dependent 
on each other. Therefore, an RNN is one of the best candidates to train an 
unbiased data-driven model that predicts a cross-dependent vector of 
IMs (IM). 

Conventional RNNs still suffer from drawbacks, such as short-term 
memory and vanishing gradients [46], which can be remedied using 
LSTM units [46]. LSTMs modulate the information flow using internal 
mechanisms of cell and forget gates. The general details of the LSTM- 
RNN structures can be obtained from Fayaz et al. [12]. LSTM-RNN not 
only feeds forward but keeps an internal memory to adaptively process 
the sequences of inputs while maintaining the internal dependencies 
between the components of the output vector. Furthermore, the recur-
rent nature of an LSTM-RNN enables performing the same function for 
each input, copying and sending the data back to the network while 
producing the output simultaneously. Hence, in this study, LSTM-based 
RNN cells are utilized for training the neural network. 

More specifically, LSTM consists of internal mechanisms called 

‘gates’ that regulate information flow. A typical LSTM structure is a cell 
state comprised of three gates is illustrated in Fig. 3 where σ and tanh 
represents sigmoid and hyperbolic- tangent functions, respectively; xt, 
ht, ft , ot, it, and Ct, represent current input, hidden state, forget vector, 
sigmoid output, sigmoid input, and cell state, respectively. An LSTM 
layer consists of recurrently connected blocks, known as memory blocks. 
Each one contains recurrently connected memory cells and three mul-
tiplicative units – the input, output, and forget gates. The forget gate 
determines what information should be discarded or retained from the 
previous steps in the sequence based on ft. The input gate determines 
how the cell state (Ct) will be updated, and memory will be modified 
based on the input: xt, and ht-1. Output gate decides what the next hidden 
state (ht) should be and which information will be produced by the state 
(Ct). For further information, the readers are referred to Fayaz et al. [12]. 

The architecture of the LSTM-based RNN trained in this study is 
shown in Fig. 4. The neural network structure is trained with cross- 
validation using randomly selected 80 % data out of the total dataset. 
The remaining 20 % of the dataset is used as the test set, which is not 
used in the training of the RNN. The RNN structure is trained using six 
seismic source and site parameters, including F, Mw, Rrup, RJB, Vs30, and 
Zhyp. The parameter F is inputted as a one-hot vector with [1,0] for the 
interface mechanism and [0,1] for the inslab mechanism. These features 
describe the physical mechanism of the earthquake source (i.e., F, Mw, 
Zhyp) and the site characteristics (i.e. Rrup, RJB, Vs30). Although Rrup and 
RJB are correlated with each other, especially for large distances (>50 
km), the model proposed in this study performs significantly better 
when both features are used as inputs. Also, unlike traditional machine 
learning and statistical models, neural networks do not need explicit 
feature engineering as the neurons’ weights are automatically optimized 
through gradient descent depending on the sensitivity of the target 
variables with respect to the input features. While previous studies [55] 
have considered more causal parameters, based on NGA-West2, this 
study considers the mentioned six parameters since they are the only 
ones available and formally published in the Chilean databases and 
literature. The RNN is trained to output the corresponding 35x1 IM 
vector in the logarithmic space. The training is conducted using IA [74] 
as the cost function due to its capability to lower the information loss for 
time series analysis. Since IA value of 1 indicates a perfect match and 
0 indicates no agreement between the true and predicted IM vectors, the 
gradient descent is conducted using IA in a negative sense implying a 
value of − 1 for perfect match. 

The prediction power of the trained RNN is analyzed by comparing 
the measured and predicted values of the IM vector through the coef-
ficient of determination, R2. The R2 for the 32 periods of Sa(T) (also 
including PGA) and the other three IMs are shown in Fig. 5a and 5b, 
respectively. It can be observed from the figures that in most cases the R2 

Fig. 2. Subduction database ground motions: a) RotD50Sa spectra; b) D5− 95,geom.  

Fig. 3. Long short-term memory (LSTM) cell structure.  
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is above 0.7 except for D5− 95,geom and Sa(T) for very short periods of 
<0.5 s for both train and test sets. This can be attributed to the fact that 
the high magnitude subduction ground-motion spectra tend to be less 
smooth and have high variability for Sa(T) of shorter periods, presum-
ably, because the high-frequency zones in the response spectra of sub-
ductive earthquakes in Chile are greatly influenced by the number of 
asperities that participate in the rupture area, which vary throughout 
Chile and depend on the rupture areas, and therefore the event magni-
tudes. As an example, Montalva et al. [10] indicates a total standard 
deviation (in log-space) close to 0.86 for the short period domain (nat-
ural periods < 0.5 s) and 0.79 for natural periods between 0.5 and 2.5 s. 
This can also be observed from Fig. 2a, where for Sa(T) at shorter pe-
riods, the median and ±σ have a sharp bent in the trends than the rest of 
the spectrum. Hence such similar bents are also in the prediction power 
of the RNN framework due to the high variability involved. Also, engi-
neering structures with such short periods are not commonly designed 
with advanced engineering tools and may not require sophisticated re-
cord selections. The R2 values are also observed to be very close for both 
the testing and training sets, showing that the trained RNN does not 
overfit the data and can model IMs for the ground motions that are not 
used to train the model (i.e., the test set). It should be noted that the RNN 
framework is trained to have good prediction power for each IM and 
maintain the internal cross-dependencies within IM. Nevertheless, it 
will be shown in Fig. 8a (Section 5) that the proposed GGMM out-
performs the other known GMMs used in Chile. 

Furthermore, the prediction power and unbiased nature of the RNN 

is assessed by checking the normality of the residuals and comparing 
them against their corresponding Mw and Rrup. This is presented in Fig. 6 
for four IMs. The plots also show bars demonstrating quantile 1 (Q1), 
median (50th percentile), and quantile 3 (Q2) of the residuals. In gen-
eral, these plots show that the residuals tend to be normally distributed 
with zero medians across all Mw and Rrup.values. It is further noticed that 
the residuals for D5-95,geom are larger than other IMs, which is consistent 
with their R2 (i.e. larger variability of residuals lead to lower R2). Finally, 
the residuals are tested for normality using the Shapiro-Wilk hypothesis 
test at a 5 % significance level, further validating the normality 
assumption with no evident bias. 

While the internal cross-dependencies within the IM vector are not 
necessarily linear, for the sake of interpretability and brevity, the 
empirical Pearson correlation matrices of the measured IM vector and 
predicted IM vector are compared. The two correlation matrices are 
presented in Fig. 7 for 9 out of 35 IMs in the IM vector. The observations 
suggest that, in general, the two correlation matrices are visibly similar, 
and the RNN framework performs well in maintaining the internal 
correlations in the outputs of the IM vector. Furthermore, the correla-
tion values differ mainly within the − 0.15 to 0.15 range, which is not 
expected to alter the IM vector’s sequence-dependent prediction 
significantly. However, it should be noted that an RNN framework does 
not explicitly intend to preserve the linear correlations within a 
sequence. Instead, it ensures that the internal dependencies are main-
tained, which may be highly nonlinear. Hence a mismatch in linear 
correlations does not necessarily indicate the lower performance of a 

Fig. 4. Proposed RNN architecture.  

Fig. 5. R2 for: a) Sa(T); and b) Ia,geom, PGVgeom, and D5− 95,geom.  
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Fig. 6. RNN residuals for: a) Ia,geom vs Mw; b) Ia,geom vs Rrup; c) D5− 95,geom vs Mw; d) D5− 95,geom vs Rrup; e) CAVgeom vs Mw; f) CAVgeom vs Rrup; g)Sa(T = 1s) vs Mw, h) 
Sa(T = 1s) vs. Rrup. 
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trained RNN. Nevertheless, the RNN maintains the correlations without 
any significant evident biases. 

4. Covariance matrices for residuals 

Due to the hierarchical structure of the ground motions arising from 
multiple recordings of the same event at different stations and re-
cordings from various events at the same stations, the residuals between 
the true log-scaled IMij vector and RNN-predicted log-scaled ÎMij vector 
are used to compute 35 values of between-event and within-event var-
iabilities for ith event and jth recording. This is done by fitting a mixed- 
effects regression [47] model to the residuals as given in Equation (1), 

IMij − ÎMij = c0 + ηi
(
0,T2)+ εij(0,Φ2) (1)  

where ηi represents between-event variability with T2 variance matrix 
for the 35 IMs (with τ2

k for kth IM in the IM vector),εij represents within- 
event variability with Φ2 variance matrix for the 35 IMs (with ϕ2

k for kth 

IM in the IM vector), and c0 represents any pending bias in the residuals 
for the 35 IMs. c0 was observed to be very close to zero (failing the 
regression hypothesis t-test at 5 % significance level [48]) and hence 
dropped in the overall analysis. Also, empirical Pearson correlations are 
computed for the residuals of IM vector, which are then used to convert 
the between-event and within-event variance matrices into their 
respective covariance matrices. The independent variances and the 
correlation structure (only for 31-period Sa(T) spectrum) of the residuals 
are presented in Fig. 8a and 8b, respectively. It is assumed that the cross- 
IM correlation structure for εij and ηi is the same. In summary, the overall 

RNN framework is developed for log-scaled mean predictions, and the 
residuals are used to construct between-event and within-event covari-
ance matrices. The overall model (i.e., mean and covariances) represents 
a generalized ground motion model (GGMM). 

5. Comparison against other Chilean GMMs 

In this section, the spectral prediction of the proposed mean GGMM 
(i.e., RNN predictions) is compared against two popular GMMs utilized 
in Chile, i.e., (Montalva et al. [10]; Idini et al. [11]), denoted as MBR16 
and IRRP17, respectively). However, both the GMMs were originally 
developed for the estimation of the geometric mean spectrum 
(GeomeanSa). RotD50Sa has recently gained popularity in the earth-
quake engineering community mainly due to its unbiased nature and 
non-dependence on the orientation of sensors. Hence, to provide a fair 
comparison between the proposed GGMM and existing GMMs, it is 
essential to convert the GeomeanSa predictions into RotD50Sa without 
the addition of any variability. Fig. 9a presents the ratios of the 
RotD50Sa and GeomeanSa for all the ~7000 Chilean subduction ground 
motions for the 32 periods used in this study. It can be observed that 
while the mean ratios for all periods lie very close to 1, the ratios can go 
as high as ~3 and as low as ~0.75. Hence, GeomeanSa-based GMM can 
not be directly used for RotD50Sa estimates. Several research studies 
have tried to develop conversion relations between the two types of 
estimates [49]. Most of these relations are not explicitly developed for 
Chilean subduction and, based on the authors’ implementation, they did 
not perform very accurately and led to additional sources of variability. 
Therefore, the predictions of the GMMs (i.e., MBR16 and IRRP17) are 

Fig. 7. IM cross-correlations a) measured; and b) predicted.  

Fig. 8. a) Between- and within- event variances; and b) residual correlation structure.  
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converted to RotD50Sa with no additional variability. This is done using 
Equation (2). 

μGMM,RotD50Sa
= μGMM,GeomeanSa

× TrueRotD50Sa
/

True GeomeanSa (2) 

First, for all ~7000 ground motions, the two GMMs are utilized to 
obtain their median estimates of GeomeanSa (this is denoted as 
μGMM,GeomeanSa

). Then the obtained μGMM,GeomeanSa 
estimates are multiplied 

by the ratio of the true recorded values of RotD50Sa and GeomeanSa 

(computed directly from a time-history analysis of SDOF) of their 
respective ground motions. This ratio is a scalar value (unique to each 
ground motion), and each ground motion corresponds to a single factor. 
Hence by computing the product in Equation (2), no variability is added 
to the estimates of the GMM. This multiplication process leads to the 
GMM estimates of RotD50Sa (denoted as μGMM,RotD50Sa

). This is equivalent 
to the GMMs developed for RotD50Sa having the same variance and 
errors that are associated with the GMM GeomeanSa. Based on the his-
tory of GMMs (such as [6,7,44]), it is generally observed that the vari-
ances of the GMMs do not change significantly with the change of 
spectral acceleration measure. The comparison between the GMMs and 
proposed GGMM is only done for spectral acceleration and not for other 
IMs, as at the time of this study, there are no widely accepted GMMs in 
Chile for the other IMs. 

Fig. 9b shows the comparison of the two GMMs and the GGMM es-
timates using the coefficient of determination R2. It is observed that for 
all periods, the proposed GGMM leads to better goodness of fit and 
performs better than the other two GMMs. The two GMMs are very close 
in their prediction power, with IRRP17 having a slight edge for longer 
periods. It can be further observed that the proposed GGMM, on 
average, leads to 0.2 higher R2 then the other two GMMs. Hence, it can 
be concluded that the proposed GGMM performs statistically better than 
both of the GMMs (i.e., MBR16 and IRRP17) while maintaining the in-
ternal cross-dependencies between the spectral accelerations at various 
periods, which is not present in the GMM estimates. 

5.1. Scenario-based comparison against conditional spectrum 

To further assess the predictions of the proposed GGMM in com-
parison to other approaches, two recorded events are randomly selected 
from the test set (20 % of the dataset) as input scenarios for the GGMM. 
The outputs of the GGMM are compared against the predictions made 
using the conditional spectrum (CS) [50] for the same scenarios. The two 
selected target scenarios involved an event with low magnitude Mw =

5.0 andRrup = 74.1 km and a high-magnitude event Mw = 8.4 andRrup =

62.0 km. The CS was computed based on IRRP17 GMM and the spectral 
correlation structure proposed by Candia et al. [15] for Chilean sub-
duction ground motions. The IRRP17 GMM outputs are converted to the 
RotD50Sa as described in the previous section using the Equation (2). 

Both GGMM and CS are used to construct the mean and ± one standard 
deviation of log(Sa(T)) for the 32 periods. It should be noted that the 
proposed GGMM also provides additional IMs apart from log(Sa(T)). 
However, such IMs cannot be estimated using CS, so comparison is 
primarily made using log(Sa(T)) for 32 periods. 

The proposed covariance matrices of the GGMM residuals and the 
correlation structure of the epsilons (ε) CS are used to construct the ±
one standard deviation bands of predictions. This can be done using 
Equation (3) as exercised by Baker [25]. In Equation (3), ρ represents the 
correlation between the residuals of kth IM and IM*, σIMk represents the 
standard deviation of IMk and σIMk |IM* represents the standard deviation 
of the kth IM conditioned on the standard deviation of IM*. 

σIMk |IM* = σIMi

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 − ρ2(IMk, IM*)

√

(3) 

In the case of CS, Equation (3) is implemented with the concept of ε 
value of the kth IM rather than IM residuals. For both GGMM and CS, the 
spectra (and other IMs in the case of GGMM) are constructed using a 
conditioning period (T) of 1 sec. It should be noted that the GGMM 
framework does not require the conditioning of T to obtain the mean 
prediction; however, the estimation uncertainty bands (± one standard 
deviation) for the 35 IMs are conditioned on the variance of the selected 
IM*. Since the construction of CS also requires an appropriate ε, the true 
ε of the records are computed directly by comparing the IRRP17 GMM 
mean estimate and recorded value of log(Sa(T = 1s)) for the ground 
motion records. This means that the CS and the true recording match 
perfectly for log(Sa(T = 1s)), while the GGMM is not explicitly made to 
match the recorded log(Sa(T = 1s)). However, it was observed that the 
GGMM without any alteration matches the target recorded spectrum at 
multiple periods. 

Fig. 10a and 10c presents the spectrum of the recorded ground mo-
tions compared against the estimates of the GGMM and CS (i.e., CMS ±σ) 
conditioned on Sa(T = 1s) for the two events. In the case of the GGMM, 
the estimates of the other three IMs are also compared with the recorded 
values in Fig. 10b and 10d. It can be deduced from Fig. 10a and 10c that 
the GGMM performs better in describing the short and long period 
spectral shapes of the selected scenarios as compared to the CS. More-
over, it is observed that the GGMM leads to significantly smaller un-
certainty (i.e., standard deviation, which represents 16th and 84th 
percentiles) in the predictions and still captures the true recorded 
spectra within the uncertainty prediction bands better than the CS 
(which has a larger uncertainty band). The efficiency of the proposed 
model in developing a target spectrum with lower variability can be 
beneficial in performance-based analysis and engineering applications. 
The uncertainty reductions in the IM estimates can significantly save 
computational time, enabling practitioners to confidently obtain statis-
tical estimates of structural responses/seismic demands with a reduced 
number of required ground motions and analyses. It can be noticed that 

Fig. 9. a) Ratio of RotD50Sa and GeomeanSa; and b) R2 GGMM vsGMMs.  
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the GGMM spectrum (especially for the Mw = 8.4 and Rrup = 62.0 km 
event) also tries to replicate the spikes (with some bias) in the spectrum 
observed in the true recordings. This postulates that, with enough data 
and proper processing techniques, future work on the GGMM framework 
can be very useful in understanding the peculiarities of the ground 
motions spectrum and their shapes for a variety of tectonic settings and 
regions. Furthermore, it is observed that for both scenarios, the other 
three IMs D5− 95geom , Iageom , and PGVgeom estimated by the confidence in-
terval of the GGMM encloses the true recorded values. The recorded 
values are observed to lie very close to the mean log predictions of the 
GGMM. This suggests that the proposed GGMM framework can accu-
rately capture the values of the 35 IMs and their cross-dependencies. 

5.2. Likelihood-based comparison against conditional spectrum 

To statistically compare the proposed GGMM (i.e., RNN framework 
and covariance matrices) against the CS for the predictions of RotD50Sa, 
the GGMM and CS are used to construct the median and ± one standard 
deviation of the log(Sa(T)) for 32-periods for all ~7000 ground motion 
records. This is done using the records’ seismic source and site param-
eters as inputs to the GGMM and CS. Similar to the previous section, the 
spectra are constructed for a conditioning period (T) of 1 sec 
(IM*=Sa(T = 1s)). As mentioned in the previous section, since the 
construction of CS requires an appropriate ε, the true ε of the records 
were directly computed by comparing the IRRP17 GMM mean estimate 
and recorded values of log(Sa(T = 1s)) for all the ~7000 ground motion 

records. This means that the CS and the true recording match perfectly 
for log(Sa(T = 1s)) and hence the intensity level is appropriately 
captured by the CS. The GGMM does not require any postprocessing and 
is not explicitly made to match the recorded log(Sa(T = 1s)). Hence, 
plots like Fig. 10 are developed for all records in the database. It should 
be noted here that even though the GGMM also outputs other three IMs 
in its IM vector, only the 32 values of Sa(T) for periods 0 to 5 s are 
compared against the identical period-range spectra from CS for this 
section. 

The Sa(T) predictions of the GGMM and CS are compared by 
computing the log-likelihood of the recorded spectrum at each recording 
station to fall within the uncertainty bands of estimation of the GGMM 
and CS, using Equation (4). In Equation (4), the log-likelihood for each 
of the 32 periods is calculated (term inside the brackets) and then 
summed across the entire spectrum to achieve one estimate per 
recording. Hence, a higher log-likelihood represents a better predictive 
power. There are two reasons for using Equation (4) in this form without 
consideration of covariance instead of variance: i) LSTM-based RNN 
model does not give correlation values but rather represents the 
nonlinear dependencies through activation functions and gate mecha-
nisms; hence it would not be possible to use a correlated version of the 
loglikelihood function in Equation (4); and ii) uncertainty bands for both 
CS and GGMM are already correlated using Equation (3), hence using 
correlation in Equation (4) would cause double counting of the corre-
lation values in the likelihood. 

Fig. 10. GGMM vs CS for example events: (a) Sa spectra (Mw = 5 and Rrup = 74.1 km); b) other IMs (Mw = 5 and Rrup = 74.1 km); and (c) Sa spectra (Mw = 8.4 and 
Rrup = 62 km); d) other IMs (Mw = 8.4 and Rrup = 62 km). 
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lnL =
∑n=32

i=1

[

−
ln(2π)

2
−

ln(σi
2)

2
−

1
2σi

2(xi − μi)
2
]

(4) 

The results of this analysis are presented in Fig. 11a and 11b for all 
the ground motions against the magnitude and rupture distances of their 
respective events. For all the cases, it is observed that the estimation of 
GGMM has a relatively stable log-likelihood indicating no observable 
bias in the predictions concerning the Mw or Rrup of the events. For both 
scenarios, GGMM performs better than CS, leading to a higher log- 
likelihood. It is also observed that CS tends to be biased concerning 
Mw with an increasing trend. In contrast, the GGMM tends to have no 
observable trends concerning both Mw or Rrup. Hence, the brief com-
parison presented here seems to suggest that the proposed GGMM can 
represent an improved method for estimating the ground-motion spectra 
of an earthquake without large variability in predictive power, partic-
ularly with respect to the distance to the fault rupture or magnitude of 
the seismic event. 

6. Utilization of the GGMM for structural performance analysis 

6.1. Building design and nonlinear model description 

To assess the robustness of the GGMM through evaluation of struc-
tural response, a twenty-story SSMF building (T = 2.1s, fundamental 
period) is developed in the OpenSees version 2.5.0 simulation platform. 
The building is designed as per the Chilean seismic code [51] and ANSI/ 
AISC 341–16 [52], considering a seismic zone 3 (i.e., the highest seismic 
design level), and a soil type C (i.e., very dense soil, with Vs30 between 
350 m/s and 500 m/s). Fig. 12 shows the plan view and elevation of the 
building. Seismic demands for the designs are calculated by performing 
response spectrum analysis (RSA). The design process is carried out 
under the following assumptions:  

• Occupancy: office buildings.  
• Location: Andalue, Concepcion, Chile.  
• Typical Story height: 3.5 m at all stories.  
• There is no contribution of the gravity system to the lateral force- 

resisting system.  
• All beam-column connections are detailed as reduced beam section 

(RBS) connections designed according to ANSI/AISC 358-16 [53] 
using a = 0.625 bf , b = 0.75 db and c = 0.250 bf .  

• Embedded base-column connections were considered. Soil-structure 
interaction was neglected in this study. 

SSMFs are typically analyzed considering 2D nonlinear models. 
Several researchers in the past have used 2D models for nonlinear time 
history simulations with concentrated plasticity models (e.g., 

[55,56,58]). P-delta effects are accounted for by including the geometric 
stiffness in the element stiffness formulation and adding leaning col-
umns due to the gravity loads acting on the gravity frames. All gravity 
loads (i.e., those acting on the SSMFs and those acting on the leaning 
column) are consistent with a seismic weight equal to 1.00D + 0.25L, 
where D and L are the dead and live design loads, respectively. The 
structural models represent buildings that comply with current seismic 
design codes. Thus, inelastic deformations are assumed to be due to 
flexural plastic hinges at the ends of beams (specifically at RBS loca-
tions), flexural or axial-flexural plastic hinges at the ends of columns, 
and shear deformations at panel zones. Therefore, beams and columns 
are modelled with elastic elements, and inelastic deformations develop 
only at the zero-length nonlinear spring elements, which represent the 
expected plastic hinges locations. 

Beams are modelled with three elastic elements and two inelastic 
rotational springs located at their ends (at the RBS location). The 
properties of the backbone moment-rotation curve are based on the 
modelling parameters of Applied Technology Council [59] and Lignos 
and Krawinkler [60], updated and adjusted after Hartloper [61]. In 
contrast, columns are modelled with one linear-elastic element and two 
inelastic rotational springs at their ends. The properties of the backbone 
curve are based on the recent modelling parameters proposed by 
Hartloper and Lignos [62]. Consistent with Suzuki and Lignos’s [63] 
findings on axial/flexural interaction modelling, the backbone moment- 
rotation curve is computed considering an axial force equal to that due 
only to gravity load. Cyclic deterioration rules of rotational springs in 
columns and beams follow the originally proposed bilinear hysteretic 
model [64] and later on modified by Lignos and Krawinkler [60]. 
Parameter c of the energy-based rule defined by Rahnama and Kra-
winkler [65] is set equal to unity, which gives an almost constant 
deterioration rate, and the recommendations of Hartloper and Lignos 
[62] to model cyclic deterioration are also included. 

Shear panel zone behaviour is modelled considering the parallelo-
gram arrange and the moment-rotation relationship of the rotational 
spring as presented in Gupta and Krawinkler [66], except that the 3 % 
strain hardening is replaced by a 1 % strain hardening, as recommended 
in more recent studies (e.g., [63]). On the other hand, column base 
connections are modelled as linear-elastic elements computing their 
rotational stiffnesses. These stiffnesses for exposed and deeply 
embedded base column connections are defined following Kanvinde 
et al. [67] and Torres-Rodas et al. [68], respectively. Following the same 
approach adopted to model plastic hinges in columns, the rotational 
stiffness of the base plate connections is calculated considering axial 
forces due only to gravity load. Modelling base connections as linear 
elastic elements is consistent with the current practice since practitioner 
engineers prefer to size them using the capacity design criteria (e.g., 
[69]). Finally, damping is modelled adopting Rayleigh damping 

Fig. 11. Likelihood comparison vs: a) Mw; and b) Rrup.  
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assumptions, and it is assigned only to elastic elements. The model 
proposed in the Pacific Earthquake Engineering Research Center (PEER) 
Tall Buildings Initiative (TBI) Guidelines [71] for maximum considered 
event (MCE) level analysis is considered for defining a fundamental 
damping ratio of 2.5 %. 

6.2. Hazard consistent ground motion selection 

As mentioned in the previous subsection, the building is located in 
Andalue, Concepcion, Chile. Using the hazard assessment platform 
developed by Candia et al. [15], three different hazard levels of 475, 
970, and 2475 years mean return period are considered for structural 
analysis. The MBR17 GMM and the recently updated recurrence model 
for Chilean subduction [15] are used for the hazard assessment and 
hazard disaggregation for the three return periods and two seconds. The 
disaggregated parameters of the site are provided in Table 1 for the three 
considered mean return periods. 

Table 1 shows that the disaggregation of the hazard does not 
necessarily lead to an increase in contributing magnitude with an in-
crease in the mean return period (hazard level). As PSHA is based on 
GMMs such as IRRP17 and MBR16, increasing hazard levels are further 
characterized by increasing values of ε, representing the number of 
standard deviations above or below the median IM obtained from the 
GMM [72]. Therefore, to estimate disaggregated IMs, one needs to use 
the Mw,Rrup distribution as input to a GMM to obtain the log-scale mean 
prediction (μ) and then add or subtract (depending on positive or 
negative ε) ε times the standard deviation (σ) of the GMM. Hence, simply 
using the disaggregated Mw − Rrup distribution in the proposed GGMM to 
obtain IM estimates will be inaccurate. Also, the disaggregated ε is based 
on current GMMs whose standard deviations (σ) are typically larger than 
the proposed GGMM; hence ε should not be used directly for the pro-
posed GGMM. For example, for a period of 2 sec (~building’s funda-
mental period), MBR16 GMMs have a σ of 0.65 and 0.76 for intraslab 
and interface mechanisms, respectively, while the proposed GGMM has 
a σ of 0.61. To develop consistent IM using the proposed GGMM, the 
disaggregated event parameters are first used as input to the CMS-based 
on the MBR16 GMM. Then the event parameters are used to obtain the 

median IM vector from the GGMM, which is scaled to match the CMS 
estimate of Sa(T = 2.1s). This is shown in Fig. 13 for all three hazard 
levels. The ratio between Sa(T = 2.1s) obtained from uniform hazard 
spectrum (UHS, thereby CMS) and proposed GGMM is denoted as α. To 
appropriately represent the hazard, the median IM vector is scaled by α 
and utilized as the target for ground motion selection. This ensures that 
the CMS, UHS, and GGMM times α have the same Sa(T = 2.1s) for the 
target. 

It should be noted here that the GGMM and CS are conceptually 
different in developing target spectra. While the GGMM directly (and 
explicitly) captures the cross-IM dependencies based on the causal 
source and site parameters, the CMS additionally uses ε to develop the 
correlation structure. This means that, for a given source and site pa-
rameters, the shape of the median GGMM does not vary, while the CMS 
may lead to differences in spectral shape due to different values of ε. 
While this is generally true, differences are not particularly significant 
for typical engineering hazard levels (including 2 %, 5 %, and 10 % 
probability of exceedance in 50 years; based on the authors’ experience) 
where ε values vary by 1 (and mainly fall between + 1 to + 2) for highly 
seismic prone zones like Chile and Ecuador. To demonstrate this, an 
example scenario (Mw = 8.12, Rrup = 43.5 km, Vs30 = 360 m/s) corre-
sponding to 975-year return period in Andalue, Concepcion, Chile is 
used to construct the CMSs for six values of ε. This is presented in Fig. 14. 
The figure shows that for the given high-magnitude scenario, ε values do 
not severely impact the shape of the spectra, and the differences are only 
observed in their amplitudes. Hence, the use of the α factor to align 
median-GGMM-based spectra and CMS-based spectra should represent 
an acceptable method of comparing the ground-motion selection pro-
cedure. However, for a more accurate and robust comparison, the haz-
ard analysis utilized for deaggregation should be consistent for the two 
methods. In this case, the deaggregation is primarily based on GMMs, 
thereby is more consistent with the considered CMS. Also, a CMS based 
on the GGMM could be developed and then compared against the con-
ventional CMS approach. However, this is outside the scope of this 
study, and such scrutiny is not expected to affect the main findings from 
this study significantly. 

GGMM-based ground motions selection is conducted by limiting the 
scaling such that only scale factors of 0.5 to 2.0 are used. It should be 
noted here that the scaling process alters all the elements of IM vector (i. 
e., PGVgeom, PGAgeom and Sa(T) are scaled by α and Ia,geom is scaled by α2) 
of the ground motions except for the duration D5− 95,geom. Hence, to select 
the ground motions that match the IM vectors, firstly, the ground mo-
tions that have D5− 95,geom between 80 % and 120 % of the target 
D5− 95,geom for the given hazard level are used as the ground-motion 

Fig. 12. Building plan and elevation view.  

Table 1 
Concepción deaggregation event parameters.  

Mean Return Period (years) 475 970 2475 

Mw 8.02 8.12 8.26 
Rrup 49.6 43.5 37.7 
ε 1.61 1.79 2.04  
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selection pool. Subsequently, the pooled ground motions are scaled from 
0.5 to 2.0 at an interval of 0.1 (hence 16 scaling factors), and the 
resultant 34 × 16 IM vectors (without D5− 95,geom) are obtained and 
compared against the target IM vector of the given scenario obtained by 
appropriately scaling the mean GGMM using α. Due to the different 
scales of the IM values, the comparisons are performed using a weighted 
average accuracy, where accuracies for Ia,geom and PGVgeom are computed 
using the normalized accuracy given in Equation (5), and the accuracy 
of the Sa(T) spectrum is computed using the IA [74] in Equation (6). 
Both equations (5) and (6) are bounded between 0 and 1, where 0 is the 
worst match, and 1 is the best match. Then the accuracy measures are 
combined using a weighted average accuracy (Accavg), computed as per 
Equation (7). 

AccIM = 1 − abs
(

IMTar − IMGM

IMTar + IMGM

)

(5)  

IASa = 1 −
∑n

i=1

[
Sa,Tar(Ti) − Sa,GM(Ti)

]2

∑n
i=1

[⃒
⃒
⃒
⃒Sa,Tar(Ti) −

∑n

i=1
Sa,Tar(Ti)

n

⃒
⃒
⃒
⃒+

⃒
⃒
⃒
⃒Sa,GM(Ti) −

∑n

i=1
Sa,Tar(Ti)

n

⃒
⃒
⃒
⃒

]2

(6)  

Accavg =
w1AccIa,geom + w2AccPGVgeom + w3IASa

w1 + w2 + w3
(7) 

For illustrative purposes, in this case, the weights are chosen as w1 =

0.2; w2 = 0.2; and w3 = 0.6; however, users can freely choose weights 
based on their own criteria and/or structural system sensitivity. Also, in 

this study, only Sa(T) values within the period range of 0.5 T1 (i.e., 1.05 
s) and 2 T1(i.e., 4.2 s) [75] are used in Equation (6) for the record se-
lection. For each hazard level, the ground motions and scaling factor 
combination leading to the top 30 Accavg among all ground motions are 
selected for the building structural assessment. The set of these ground 
motions is denoted as GGMMIM. In addition, the selected ground mo-
tions only contain one scaled version. The spectra of the selected ground 
motions for a return period of 475 years are shown in Fig. 15a. Similarly, 
30 ground motions are selected using the developed CMSs as the target 
spectra and Equation (6) as the objective function. The resulting spectra 
of the selected ground motions are shown in Fig. 15b for a return period 
of 475 years. Furthermore, as CMS does not consider other IMs except 
Sa(T), a separate selection of 30 ground motions is also conducted using 
only Sa(T) with GGMM as the target spectrum. This is done by using 
w1 = 0; w2 = 0; and w3 = 1 in Equation (7). Using this criterion, the 
selected 30 recorded ground motions are shown in Fig. 15c for a return 
period of 475 years. The set of ground motions selected using this cri-
terion is denoted as GGMMSa. In addition, Fig. 15d illustrates the min-
imum, median and maximum of the other three IMs of the selected 
ground motions using the three above-mentioned criteria and the 
respective target median GGMM × α hazard IMs for the return period of 
475 years. This process of ground motion selection is repeated for the 
other three return periods. It can be observed from Fig. 15 that the 
selected ground motions lie in a very close range with respect to the 
target hazard spectrum for Fig. 15b and 15c as compared to Fig. 15a. 
This is expected as the ground motions are selected based on uni-criteria 
of Sa(T) match for the former cases while the latter involves other IMs in 
the selection process, which cause variability in the Sa(T) values. This is 
further evident in Fig. 15d, where the ground motions selected using 
GGMM and all IMs (denoted as GGMMIM) have the hazard IM very close 
to the median IM of the selected ground motions. Other cases, where 
only Sa(T)-based selection criteria is used, i.e., CMS and GGMMSa, tend 
to have a similar level of variabilities in the selected IMs. 

6.3. Analysis of building responses 

This section discusses the results of the NLTHA and statistically 
compares the three methods (i.e., CMS, GGMMIM, and GGMMSa) of 
ground-motion selection. The two components of the 30 scaled and 
selected ground motions are used to conduct NLTHA of the 20-story 
frame. Thus, for each hazard level, 60 NLTHA are conducted, and the 
peak interstory drift ratio (PIDR) are recorded. PIDRs are obtained for 
the three hazard levels and the three methods of ground motion selec-
tion. The cases leading to PIDRs > 0.1 are classified as collapse [76]. 
Fig. 16 shows the histograms with kernel density estimation (KDEs) 
functions of the non-collapse cases of PIDRs obtained from the three 
ground motion selection methods (CMS depicted in blue, GGMMIM 
depicted in green, and GGMMSa depicted in yellow) for 2475-year return 

Fig. 13. Scaling of median GGMM to match CMS at Sa(T = 2.1s) for hazard levels: a) 475 years; b) 975 years; and c) 2475 years.  

Fig. 14. CMSs for various ε for Mw = 8.12, Rrup = 43.5 km, Vs30 = 360 m/s.  
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period. The KDEs of the CMS- and GGMMSa- based PIDRs are observed to 
be quite similar. This implies that the ground motions selected using the 
GGMM considering only Sa(T) lead to very similar PIDRs as compared to 
the CMS-based ground motions. In contrast, when the ground motions 
are selected using the GGMM considering complete IM vector, the KDE 
of the associated PIDRs diverges significantly from the CMS. Further-
more, it is specifically observed that the variability of GGMMIM is higher 
(i.e., wider KDE), especially for higher levels of PIDRs. 

The non-collapse PIDRs are statistically compared using the Kol-
mogorov–Smirnov (KS) hypothesis test [77]. The hypothesis test is 
conducted at a 5 % significance level with a null hypothesis that the 
cumulative distributive functions (CDFs) of the PIDRs from two types of 
record sequence selection are similar. The similarity is measured using 
the supremum distance measure between the two CDFs. Hence, p-val-
ues>0.05 mean that the two CDFs are statistically similar to each other. 
The comparison is made between the non-collapse PIDRs of ground 
motions selected through CMS and GGMMIM and CMS and GGMMSa. 
This comparison is conducted independently for each hazard level (i.e., 
mean return period of 475, 975, and 2475 years). Fig. 17a presents the 
results of the KS tests showing that the comparison between CMS and 
GGMMIM leads to p-values<0.05 indicating that the null hypothesis is 
rejected. Thereby the two distributions cannot be considered statisti-
cally similar. 

On the other hand, the comparison between CMS and GGMMSa leads 
to p-values>0.05, denoting their statistical similarity for all hazard 
levels. Fig. 17b further illustrates the number of collapses obtained in 
the NLTHA using the three-ground motion selection criterion. In gen-
eral, the ground motions selected by the mean IM vector from the 
GGMM entail more collapses than the other two criteria for each seismic 
hazard level. For a return period of 475 years, the ground motions 
selected by the GGMMSa did not cause any collapse, while only one of 
the ground motions selected using the CMS led to structural collapse. For 
the other two seismic hazard levels (i.e., 975 and 2475 years), the 
number of collapses from GGMMSa-based selection is relatively higher 
than the CMS-based selection. Though the median GGMM × α and CMS 
match at Sa(T = 2.1s), different shapes of the two target spectra for 

Fig. 15. GMs selected using: a) median GGMM (all IMs considered); b) CMS; c) median GGMM (only Sa considered); and d) comparison of other IMs.  

Fig. 16. Peak inter-story drift ratios using the three methods of ground mo-
tion selection. 
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other Sa(T) lead to the selection of ground motions with different 
characteristics, thereby leading to variations in the causal PIDRs. This 
also indicates that a Sa(T = T1)-based ground-motion selection is not 
sufficient in explaining PIDRs of the buildings. Moreover, results from 
the analyses of 20-story SSMF indicate that the utilization of Sa(T)-based 
objective function for ground motion selection and NLTHA can lead to 
underestimating the structural demands (e.g., collapse evaluation), and 
perhaps objective functions based on a vector of IMs can improve the 
methods of seismic demand assessment. The results presented herein, 
particularly for the 975 and 2475 return periods, are similar to those 
reported in a previous study by Medalla et al. [78]. In that study, it was 
observed that the median collapse capacity of SSMF buildings with a 
fundamental period>1.0 s is affected by the variability in other IMs (in 
particular D5− 95) when subjected to high magnitude subduction ground 
motions (mainly due to the large number of inelastic cycles). In fact, 
previous studies on the topic (e.g., [79,80]) indicate that collapse ca-
pacity is affected (i.e., reduced) by the strong ground motion duration 
because of the damage accumulated due to the higher number of loading 
cycles. 

7. Conclusions 

This paper developed and implemented a recurrent neural network 
(RNN) based generalized ground-motion model (GGMM) that serves as a 
sophisticated and improved alternative to the existing ground-motion 
models (GMMs) for Chile and a novel approach for subduction envi-
ronments. The proposed GGMM was developed using a database of 
~7000 ground motions recorded from ~1700 events selected from the 
SIBER-RISK strong motion database with magnitudes ranging from 3.8 
to 8.8. The GGMM was trained to output a 35x1 cross-dependent vector 
of intensity measures (IM), including D5− 95,geom, PGVgeom, Ia,geom, and 32- 
period Sa(T) spectrum. The inputs to the GGMM include six seismic 
source and site parameters, i.e., the seismic mechanism (F), moment 
magnitude (Mw), closest rupture distance (Rrup), Joyne-Boore distance 
(RJB), hypocentral depth (Zhyp), and average soil shear-wave velocity at 
top 30 m (Vs30). The parameter F is used as a one-hot vectors for the 
Interface and Inslab mechanisms. The use of an RNN-based network 
allows the predictions to be accurate while maintaining the internal 
nonlinear cross-dependencies within the IM vector. In order to over-
come drawbacks such as short-term memory and vanishing gradients, 
Long-Short-Term-Memory (LSTM) units were deployed in the RNN 
structure. Moreover, the neural network was trained with cross- 
validation using randomly selected 80 % of the dataset and tested 
using the remaining 20 % of the dataset. 

Traditionally, modelling cross-IM correlations is a two-stepped pro-
cess, where known GMMs are used to obtain the mean predictions, and 

conditional spectrum (CS) or generalized conditional intensity measures 
(GCIM) approaches are employed to implement the cross-correlations 
within the IM vector. However, this process has certain drawbacks 
such as i) requirement of GMMs for each independent IM in the IM 
vector; ii) assumption of linear correlations between the IMs; iii) general 
requirement of a functional form for the GMMs; iv) assumption of sta-
tionarity of correlations with respect to source and site characteristics; 
and v) need for a statistically sound procedure to combine the IM pre-
dictions from the GMMs and their correlations. The proposed GGMM 
serves as a more accurate remedy to such limitations using a data-driven 
deep-learning-based approach. 

The predictions of the proposed GGMM were tested using the coef-
ficient of determination, R2. It was observed that the R2 is generally 
above 0.7 for both train and test sets except for D5− 95,geom and Sa(T) for 
very short periods (<0.5 s). Moreover, the Sa(T) predictions of the 
GGMM were compared against two popular GMMs reported for Chilean 
subduction, i.e., Montalva et al. [10] and Idini et al. [11] using R2. It was 
observed that the proposed GGMM leads to better goodness of fit for all 
periods than the other two GMMs and on average, leads to 0.2 higher R2. 
Furthermore, the cross-correlation within the GGMM-based predictions 
of the IM vector were compared with the correlations between the true 
IM vector and are found to be identical. The GGMM was further 
compared with the CS by checking their spectral predictions under two 
randomly selected recorded scenarios, i.e., Mw = 5 and Rrup = 74.4 km; 
Mw = 8.4 and Rrup = 62 km. Through a close examination of the two 
prediction models, it is noticed that the GGMM spectral shape is highly 
consistent with the spectral shape of the recorded ground motion in both 
scenarios while having a lower variance band, and at the same time, the 
GGMM is capable of predicting different cross-correlated IMs. This was 
further seen by comparing the CS against the GGMM through the like-
lihood measure. It was observed that though the GGMM possesses lower 
variance, it still leads to higher likelihood as compared to the CS and 
show no evident bias with respect to Mw or Rrup. 

Finally, a structural analysis exercise was conducted on a sophisti-
cated nonlinear finite-element model representative of a 20-story steel 
special moment frame (SSMF) structure. The proposed GGMM and CMS 
were used to select 30 ground motions with minimal scaling (i.e., scale 
factors between 0.5 and 2) for three hazard levels (i.e., mean return 
period of 475, 975, and 2475 years). The peak interstory drift ratios 
(PIDRs) obtained from the two methods were statistically compared 
using the KS hypothesis test and deemed to be statistically unsimilar 
with larger PIDRs recorded using GGMM-based selected ground mo-
tions. Thus, the GGMM presented herein offers a robust model with six 
significant advantages over the conventional approaches: i) higher mean 
prediction accuracy; ii) inclusion of other different IMs apart from Sa(T); 
iii) maintenance of cross-IM dependencies (not necessarily linear 

Fig. 17. a) KS test comparison of non-collapse cases; and b) number of collapses for CMs vs GGMMIM vs GGMMSa.  
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correlations); iv) easily re-trainable with additional ground-motion 
data; v)flexibility for an extension to larger IM vectors (i.e., the inclu-
sion of other important IMs); and vi) based on a data-driven approach 
with minimal practical assumptions involved. 

In conclusion, the GGMM proposed herein offers a robust seismic 
hazard-consistent tool for the Chilean subduction environment that can 
be used for several purposes, including structural and geotechnical 
design and analysis (e.g., ground motion selection using multi-objective 
IM criteria), risk- and reliability-based decision-making (where hazard 
consistent IMs are required), validation of artificial/simulated ground 
motion records (by checking if the simulated ground motions comply 
with a set of possible IM vector corresponding to causal parameters), etc. 
Tools, such as the GGMM model, can provide users (both researchers 
and professional engineers) with a comprehensive methodology capable 
of estimating different IMs without the need for more complex routines 
to link the various models that currently exist for hazard-consistent as-
sessments. The GGMM can allow users to use simple deterministic es-
timates of a seismic source and site parameters to generate a 
probabilistic distribution of the corresponding IM vector. The proposed 
GGMM can also be easily re-trained with new ground motion records or 
extended to a larger IM vector and appended to existing seismic hazard 
analysis toolbox. 

8. Data and resource availability 

The recorded ground motions used in this study can be obtained from 
Chilean database (https:// siberrisk.ing.puc.cl/StrongMotionDatabase). 
The authors have also developed an executable application to obtain 
estimations from the proposed GGMM. The application can be download 
easily from the following GitHub repository (https://github.com/jfayaz 
/GGMMSubd). 
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