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Short Note

The Predictive Power of Ground-Motion Prediction Equations

by D. Bindi

Abstract Although model calibration should be always performed alongside model
validation, this is rarely the casewhen deriving new ground-motion prediction equations
(GMPEs). Explanatory modeling (Shmueli, 2010) is often preferred to data-driven
predictive approaches, and the analysis of the residual distribution is generally used
to support the model qualification. Following previous studies (Kuehn et al., 2009;
Scherbaum et al., 2009), this work aims to again stress the importance of validation
for assessing the predictive power of GMPEs and for avoiding, or at least limiting, data
overfitting. Considering the strong-motion data and models recently analyzed by Roselli
et al. (2016), I exemplify the application of standard validation approaches based on
predictive metrics (Akaike and Bayesian information criteria), resample techniques
(cross validation and bootstrap), and validation against new data. The results confirm
that GMPEs overfitting the calibration data have a limited predictive power, whereas,
regarding validation against new data, the selection of the validation data set should take
into account possible regional effects in the ground motion.

Introduction

The selection of alternative ground-motion predictions
(GMPEs) is one of the fundamental steps in probabilistic
seismic-hazard assessment (Kulkarni et al., 1984; McGuire,
2004). Starting from a set of viable candidates (e.g.,
Bommer et al., 2010), the selection of models to populate
the branches of the logic tree (e.g., Bommer and Scher-
baum, 2008; Bommer, 2012) is often supported by meas-
uring the goodness-of-fit with respect to selected data sets
(e.g., Delavaud et al., 2012). In particular, Scherbaum et al.
(2009) introduced an information-theoretic perspective for
ranking a set of GMPEs with respect to a set of observations.
To perform a relative ranking, Scherbaum et al. (2009) pro-
posed using the difference between the base-2 average log
likelihood (logLH) computed for the selected models consid-
ering a validation data set that is independent of the calibra-
tion one. Recently, Roselli et al. (2016) proposed a weighting
scheme based on the Bayesian information criterion (BIC,
Schwarz, 1978) to build an ensemble model from a set of
GMPEs. The BIC as well as other criteria like the Akaike
information criterion (AIC, Akaike, 1973) introduces a pen-
alty term to correct for the bias in the maximum-likelihood
estimators (MLEs) when the model performances are evaluated
over the calibration data. This aspect is of particular relevance
for GMPEs, which are generally based on complex functional
formswith several parameters. As observed by Scherbaum et al.
(2009), despite the strong overfitting to which the models are
exposed, their performance in predicting new data is seldom
addressed (e.g., Kuehn et al., 2009; Kaklamanos and Baise,

2011;Mak et al., 2015), and rarely during the calibration phase.
Indeed, a GMPE performance is generally evaluated through
residual analysis performed with respect to the same calibration
data, and the significance of the model coefficients as well as
their trade-offs are often not discussed. The goal of the present
work is neither to propose new validation tools for assessing the
predictive power of GMPEs nor to discuss the best practice for
their calibration. Indeed, the goal of this work is to promote the
application of validation approaches to assess the predictive
power of GMPEs, because such an assessment is not yet a
standard practice during the calibration phase. Three standard
validation approaches are exemplified using the Italian strong-
motion data analyzed by Roselli et al. (2016). First, the per-
formance of MLEs for different models constructed from the
functional forms of two GMPEs evaluated in Roselli et al.
(2016) are compared in terms of AIC and BIC values. Second,
their predictive power is assessed by applying different resam-
pling techniques based on either cross validation or bootstrap
strategies. Finally, two different data sets, one including recent
Italian earthquakes and the other extracted from the Next Gen-
eration Attenuation-West2 (NGA-West2) flatfile (Ancheta
et al., 2014), are used to test the predictive power of the con-
sidered models against new data.

Methods

Explanatory and predictive modeling can be defined in
different ways (e.g., see Breiman, 2001; Shmueli, 2010).
Following Shmueli (2010), an explanatory model is driven
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by the physical interpretability (theory) of the causal connec-
tion (model) between a set of available observations, whereas
data generalization is one of the main requirements for pre-
dictive modeling, in which the ability of the model to predict
new data is crucial. For example, in the seismological con-
text, explanatory and predictive modeling can be exemplified
with the retrospective (i.e., testing a set of already existing
hypotheses) and prospective (i.e., predicting new observa-
tions) testing approaches, respectively (e.g., Jordan, 2014).

Explanatory modeling is generally applied in the devel-
opment of new GMPEs. Most of the recent GMPEs are based
on physical interpretations of source, propagation, and site
effects, and numerical simulations often aid both the model
calibration (e.g., in constraining the hanging-wall–footwall
effects and the nonlinearity of the soil response) and the
selection of the functional form. The calibration of the
GMPE often involves regression analysis where the residuals
between observations and predictions are minimized (see
Douglas et al., 2014; Gregor et al., 2014, for a summary of
recent developed GMPEs). When complex functional forms
are implemented, the obtained models are often overfitting;
that is, the models fit details in the data, which are specific
features of the analyzed sample, not of the population gen-
erating the sample. Because the overfitting limits the predic-
tive power (e.g., Hagerty and Srinivasan, 1991; Forster and
Sober, 1994; Shmueli, 2010), some predictive metrics that
introduce a penalty term over the model complexities to
handle the bias-variance trade-off must be introduced to
evaluate the model performance (e.g., Foulser-Pigott and
Goda, 2015). Examples are the BIC (Schwartz, 1978) and the
AIC (Akaike, 1973).

Given an n-dimensional data set Yn, AIC and BIC are
defined as follows:

EQ-TARGET;temp:intralink-;df1;55;337BIC � −2logLH�θ̂knjYn� �Dk log�n� �1�

EQ-TARGET;temp:intralink-;df2;55;303AIC � −2logLH�θ̂knjYn� �Dk �2�

(e.g., Forster and Sober, 1994; Cavanaugh and Neats, 2012),
in which θ̂kn denotes the estimator of the parameters θk (i.e.,
the coefficients of the GMPE), obtained by maximizing the
likelihood LH�θkjYn� over the k-dimensional parameter
space Θk⊂Rk. In equations (1) and (2), Dk is the number of
independent parameters of the model estimated from data.
By considering the AIC and BIC selection criteria, models
whose complexity is not justified in terms of goodness-of-fit
improvements are penalized (and considering large samples,
the penalization is stronger considering BIC). A detailed
discussion about the application of AIC and BIC for model
selection is given by Burnham and Anderson (2004).

Beside the application of the AIC and BIC selection cri-
teria, the predictive power of a group of models can be com-
pared by comparing their accuracy in predicting data not
used for the model calibration. When data scarcity does not
permit the splitting of the observations into calibration and

validation data sets, resampling techniques can be applied. In
the following, I consider two different versions of the cross-
validation technique (Stone, 1974), namely leave-one-out
and k-fold cross validation. In the leave-one-out strategy,
the model is calibrated using all data but one, which is then
used for validation. The procedure is repeated until all data
have been left out once. Several cost functions can be con-
sidered to assess the prediction power. In this study, I com-
pute the average squared error given by

EQ-TARGET;temp:intralink-;df3;313;625ElooCV � 1

N

XN
i�1

�Yi − �Yi�θ̂ki ;Y−i��2; �3�

in which the predictions �Yi for data i are computed from the
MLE θ̂ki evaluated removing sample i from the original data
set (i.e., Y−i).

In the k-fold approach, the original data set is first split
into k subsets, or folders; then, samples from k − 1 subsets are
jointly used to calibrate the model, whereas samples in the
excluded folder are used for validation. The procedure is re-
peated until all the k subsets have been considered for valida-
tion once. The average squared error is computed as follows:

EQ-TARGET;temp:intralink-;df4;313;472Ek�foldCV � 1

K

XK
j�1

1

Nj

XNj

i�1

�Yi − �Yi�θ̂kj ;Y−j��2; �4�

in which Nj, with j � 1;…; K, is the number of samples in
folder j and the MLE θ̂kj is evaluated excluding the samples
belonging to folder j. The different folders are generally se-
lected with the same number of elements. To limit the corre-
lation among recordings in different folders, in this study the
folding procedure is applied at the earthquake level (that is,
each folder contains almost the same number of earthquakes,
but a different number of recordings). In particular, I consider
K � 8 folders.

The so-called :632� bootstrap method (Efron and
Tibshirani, 1997) is also applied to test the predictive power
of the models. As any standard bootstrap technique, the :632�
bootstrap is based on generating a given number of replica-
tions of the original data set by randomly selecting samples
with repetition. In computing the error for any repetition, only
those records not selected in that specific repetition are con-
sidered. The error function is computed as follows:

EQ-TARGET;temp:intralink-;df5;313;213Etraining �
1

N

XN
i�1

�Yi − �Yi�θ̂kn;Yn��2 �5�

EQ-TARGET;temp:intralink-;df6;313;168Eboot �
1

NR

XNR
j�1

1

jC−jj
X
b∈C−j

�Yb − �Yb�θ̂kj ;Y−j��2 �6�

EQ-TARGET;temp:intralink-;df7;313;125E0:632� � 0:368Etraining � 0:632Eboot; �7�
in which NR is the number of bootstrap replications (100 in
this study), C−j are the samples of the original data set not
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included in the bootstrap replication j, and jC−jj is the number
of such samples.

Models and Data

The computation of BIC (and AIC) for models which are
notMLEs has little statistical interest. Therefore, I consider the
ITalian ACcelerometric Archive (ITACA) data (Luzi et al.,
2008) also analyzed by Roselli et al. (2016) to derive a set of
MLEs based on the functional forms of two GMPEs analyzed
by Roselli et al. (2016). The functional forms are similar to
those of Cauzzi and Faccioli (2008) and Bindi et al. (2011), in
the following referred to as CF and IT, respectively. The func-
tional form of model CF is
EQ-TARGET;temp:intralink-;df8;55;394

ln�YCF� � e1 � e2�M −Mref� � e3 ln�Rhypo�
� δEC8s � δSOFe � ϵ; �8�

whereas the IT functional form is
EQ-TARGET;temp:intralink-;df9;55;332

ln�YIT� � b1 � �b2 � b3�M −Mref�� ln
� �������������������

R2
JB � b24

q
=Rref

�

� b5

� �������������������
R2
JB � b24

q
− Rref

�
� F�M�

� δEC8s � δSOFe � ϵ; �9�
in which the magnitude term F�M� is defined as

EQ-TARGET;temp:intralink-;df10;55;229F�M� �
�
b6�M −Mh� � b7�M −Mh�2 for M ≤ Mh

0 otherwise
:

�10�
In equations (8) and (9), δEC8s is a random effects
term for each site class of Eurocode 8 (2004); that is,
EC8 � �A; B; C;D; E�; δSOFe is a random effects term de-
pending on the style of faulting (SOF), considering the four
classes: normal (N), reverse (R), strike slip (S), and unknown
(U); and ϵ is the residual distribution. The site effects and the
SOF are introduced in equations (8) and (9) as random ef-
fects on the offset coefficients e1 or b1, respectively. For the

prediction of new values, δEC8s and δSOFe are used as sca-
lar adjustment to the median; that is, applied along with the
fixed-effects components of the model, their variances re-
moved from the aleatory variability. Because the main goal of
this work is to discuss the model validation, the decomposition
of the residuals into the between- and within-event components
is not required. Model IT considers the Joyner–Boore distance
RJB, whereas CF implements the hypocentral distance Rhypo.
Following Bindi et al. (2011), the reference distance Rref , the
reference magnitudeMref , and the hinge magnitudeMh are set
equal to 1, 5, and 6.75 km, respectively. The regressions are
performed for the peak ground acceleration (PGA).

To test the predictive power of the GMPEs as a function
of the model complexity, I consider three further versions of
the IT functional form, where either the apparent anelastic
attenuation (b5), the quadratic magnitude term (b7), or both,
are dropped:

EQ-TARGET;temp:intralink-;df11;313;354Model A : b7 � b5 � 0 in equation�9� �11�

EQ-TARGET;temp:intralink-;df12;313;320Model B : b5 � 0 in equation�9� �12�

EQ-TARGET;temp:intralink-;df13;313;298Model C : b7 � 0 in equation�9�: �13�
The MLEs for the models described by equations (8)–(13)
are computed using ITACA as the calibration data set.
The models are also calibrated considering a selection of data
corresponding to the magnitude and distance ranges ana-
lyzed in Cauzzi and Faccioli (2008; see Table 1), referred
to as ITACA-SEL.

To validate the models against new data, two different
data sets are considered. The first (referred to as IT-VAL)
includes recordings relevant to earthquakes that occurred in
Italy after 2009 (i.e., earthquakes not contained in ITACA);
the second one (referred to as NGA-SEL) includes a selec-
tion of records extracted from the NGA-West2 flatfile (An-
cheta et al., 2014). In particular, I removed the Italian records
from the Campbell and Bozorgnia (2014) selection and, to
validate the models over the calibration ranges, I considered
only magnitudes in the 4.5–7 range and distances less than
150 km. Discussions about the possibility to extrapolate the

Table 1
Main Features of the Considered Data Sets

Data Set �Nrec; Neq; Nst �* M† RJB (km)‡ SOF [N,R,S,U]§ EC8 [A,B,C,D,E]‖

ITACA [957,152,311] 4.1–6.9 0–300 [684,151,87,35] [401,271,219,22,44]
ITACA-SEL [479,41,172] 5–6.9 0–150 [399,62,18,0] [215,145,111,8,0]
IT-VAL [1335,67,367] 4.1–6.1 0–150 [564,0,259,0] [373,671,260,0,31]
NGA-SEL [1362,58,825] 4.5–7 0–150 [41,773,548,0] [79,707,529,47,0]

ITACA, ITalian ACcelerometric Archive; ITACA-SEL, a subset of ITACA; IT-VAL, Italian data
independent from ITACA.

*[Number of records, number of earthquakes, number of stations].
†Magnitude range.
‡Joyner–Boore distance range.
§SOF, style of faulting [normal, reverse, strike slip, unknown].
‖Eurocode 8 (2004) site classes from A to E.
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models outside the calibration ranges are beyond the goal of
this work. The magnitude–distance scatter plots for the four
data sets are shown in Figure 1, whereas Table 1 lists their
main characteristics.

Results

Predictive Metric

Table 2 summarizes the performance of the considered
models in terms of logLH, AIC, and BIC; the standard
deviation σ of the residuals is also listed. Although, as ex-
pected, the most complex model (i.e., IT) shows the lowest
logLH, model B shows the best performance in terms of both
AIC and BIC. Therefore, the introduction of the apparent
anelastic term (coefficient b5 in equation 9) is not justified
in terms of the balance between goodness-of-fit and model
complexity. Indeed, a significance test performed over b5
confirms that it is not significantly different from zero at any
confidence level (because its t-value is less than 1). To avoid
overfitting, the AIC values suggest that one should remove
this parameter. It is worth noting that the contribution of the
anelastic term to the seismic attenuation increases with dis-
tance. When larger distances are analyzed, the contribution
of the anelastic term could become significant, as expected
from theory. Considering that the average attenuation along a
ray path depends on the traveled distance, the application of

the anelastic attenuation term over distances larger than the
calibration one should be avoided unless constrained by
further information. Model B shows the lowest AIC (and
BIC) value also when the ITACA-SEL data set is considered.
Regarding the CF model, the larger BIC, AIC, and σ values
suggest that this model is underfitting the data.

The test case analyzed in this work has been inspired by
Roselli et al. (2016). In their work, the authors proposed the
usage of BIC for ranking the predictive performances of a set
of candidate GMPEs similar to those calibrated in the present
study. To compare the results of this study with Roselli et al.
(2016), the logLH is also computed for the B-2011 (Bindi
et al., 2011) and CF-2008 (Cauzzi and Faccioli, 2008) mod-
els considered by the authors. Because in this case θk is not
an MLE, the values of AIC and BIC have no particular stat-
istical meaning. Therefore, Table 3 shows the logLH values,
the mean residual (bias) and the standard deviation of the
residuals. Because B-2011 was calibrated over a data set very
similar to ITACA (only small differences due to data selec-
tion could exist), the bias is almost zero and the logLH is
smaller than for CF-2008, which was calibrated considering
mainly Japanese data. Indeed, CF-2008 shows a positive
bias, suggesting possible regional differences between the
high-frequency ground-motion scaling in Japan and Italy.
Even when the penalty term applied by Roselli et al. (2016);
(i.e., 14log[957], in which 14 is the number of degrees of

1 ITACA 2 ITACA−SEL

3 IT−VAL 4 NGA−SEL
4

5

6

7

4

5

6

7

1 2 5 10 20 50 100 200 1 2 5 10 20 50 100 200

JB Distance [km]

M
ag

ni
tu

de

Figure 1. Magnitude–distance scatter plot for four considered data sets: (1) ITACA, ITalian ACcelerometric Archive data set used for
calibration; (2) ITACA-SEL, a subset of ITACA, also used for calibration; (3) IT-VAL, Italian data independent from ITACA, used for
validation against new data; (4) NGA-SEL, records extracted from the Next Generation Attenuation-West2 (NGA-West2) data set, used
for validation against new data. JB, Joyner–Boore.
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freedom considered by the authors for B-2011) is added to
the deviance (defined as −2logLH) of the ITA10 model,
the obtained value is still less than the deviance computed
for CF-2008 without the penalty term. The same conclusion
is reached when ITACA-SEL is considered. Therefore,
different from what was observed by Roselli et al. (2016),
B-2011 describes the data set to which the model was fitted
better than CF-2008 in terms of both goodness-of-fit and
penalized deviance.

Validation through Resampling Techniques

The results of the predictive power evaluation through
resampling techniques are given in Table 4. Although the
different models produce similar mean squared errors, models
B (equation 12) and A (equation 11) are preferred by all tech-
niques. In particular, model B is selected by the leave-one-out
cross validation, confirming the asymptotic behavior of AIC
to converge to the leave-one-out solution (Stone, 1977).

Validation against New Data

Table 5 shows the performance of the models against
new data, considering either Italian data (IT-VAL data set) or
recordings from regions outside of Italy (NGA-SEL data set).
Regarding the Italian data, model A shows the lowest logLH,
whereas model B is the only one with a null bias. The large

bias and logLH obtained for model CF (equation 8) confirm
that this model is probably underfitting. The recordings in
NGA-Sel are relevant to earthquakes that occurred outside
of Italy. The results in Table 5 show a different picture about
the performance of the various models: in this case, model B
shows the worst performance in terms of logLH and bias,
whereas model C (equation 13) shows the lowest logLH and
bias. These results suggest that the samples in NGA-SEL
cannot be considered as being generated by the same (un-
known) physical process that generated the Italian data used
for calibration. In other words, these results suggest that
regional effects can have an impact on ground motion vari-
ability, as has been recognized in previous studies, where
regional attributes have been included in the GMPE (e.g.,
Campbell and Bozorgnia, 2014; Kotha et al., 2016).

Conclusions

The calibration of GMPEs usually follows an explana-
tory modeling approach where the causal connection be-
tween observables reflects theoretical expectations. Such
GMPEs are based on complex combinations of explanatory
variables such as magnitude, fault-to-site distance, proxies
for site amplification, and for finite-fault effects, etc. More-
over, results from numerical simulations are often exploited
for constraining nonlinear site effects, for describing hanging-
wall–footwall source effects, and for including basin-related
site amplifications. The overall quality of the GMPE is gen-

Table 2
Goodness-of-Fit and Predictive Metric Computed for Different

Models and Two Different Data Sets

Data Set Model Dk logLH AIC BIC σ*

ITACA
(N � 957)

CF 6 −1168 2348 2377 0.8035
A 8 −1123 2261 2300 0.7732
B 9 −1117 2251 2295 0.7686
C 9 −1122 2263 2306 0.7705
IT 10 −1116 2253 2301 0.7685

ITACA-SEL
(N � 479)

CF 6 −534 1080 1105 0.7259
A 8 −513 1042 1075 0.6967
B 9 −493 1003 1041 0.6673
C 9 −513 1044 1081 0.6967
IT 10 −493 1005 1047 0.6672

logLH, log likelihood; AIC, Akaike information criterion; BIC, Bayesian
information criterion; CF, Cauzzi and Faccioli (2008); IT, Bindi et al. (2011).
*The standard deviation of the residual distribution.

Table 3
Log Likelihood (logLH), Mean (Bias), and Standard
Deviation (σ) of the Residual Distribution for Two

Models

Data Set Model logLH Bias σ

ITACA (n � 957) CF-2008 −1251 0.15 0.87
B-2011 −1108 0.01 0.77

ITACA-SEL (n � 479) CF-2008 −560 0.23 0.75
B-2011 −505 0.01 0.68

CF-2008, Cauzzi and Faccioli (2008); B-2011, Bindi et al. (2011).

Table 4
Mean Squared Error for Different Resampling

Techniques

Model CV-LOO* CV-k-fold† Bootstrap‡

CF 0.66 0.69 0.64
A 0.61 0.62 0.61
B 0.60 0.62 0.61
C 0.62 0.64 0.65
IT 0.62 0.64 0.66

*Leave-one-out cross validation (equation 3).
†k-fold cross validation with k � 8 (equation 4).
‡:632� bootstrap (equation 7).

Table 5
Results of Validation against New Data

Data Set Model logLH Bias σ

IT-VAL (n � 1335) CF −1907 −0.32 0.84
A −1778 −0.11 0.84
B −1820 0 0.86
C −1809 −0.22 0.83
IT −1820 −0.13 0.85

NGA-SEL (n � 1362) CF −1690 0.34 0.77
A −1709 0.33 0.77
B −1844 0.52 0.74
C −1605 0.22 0.76
IT −1676 0.39 0.73
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erally assessed by evaluating its goodness of fit with respect to
the calibration data set and analyzing the statistical features of
the residual distribution (e.g., bias, variance, dependences on
the explanatory variables, etc.). Because the measurable data
are only providing a limited representation of the underlying
(unknown) physical process (nature), the GMPEs obtained
following the explanatory approach are exposed to overfitting
which, in turn, limits their predictive power. Indeed, it has been
often observed in the literature that the increase of strong-
motion data availability over the years has corresponded to
an increase in GMPE complexity, without a significant re-
duction in the overall aleatory variability σ (e.g., Bozorgnia
et al., 2015; Malhotra, 2015).

To control the overfitting, the model calibration should
be performed along with model validation. Considering as an
example the Italian strong-motion data, in this study I com-
pared the predictive power of models with different levels of
complexity, starting from two GMPEs analyzed by Roselli
et al. (2016). I applied different validation approaches such
as the usage of predictive metrics introducing a penalty term
for the logLH depending on the model complexity (AIC and
BIC), resampling techniques that split the available data into
learning and testing subsets (cross validation and bootstrap),
and validation against new data. In terms of the balance be-
tween goodness of fit and parsimony of the model, the pre-
dictive metrics and the resampling techniques suggested the
use of a model with an intermediate level of complexity. The
introduction of the apparent anelastic attenuation term does
not improve the goodness of fit enough to justify the increase
in model complexity. Moreover, the trade-off affecting the
parameters controlling the attenuation with distance allows
one to remove a parameter with little impact on the overall
predictive power. On the other hand, whereas the validation
against new Italian data confirms the outcomes of the resam-

pling analysis, the validation against new data generated in
regions different from Italy indicated the need to consider
regional effects.

As a final remark, it is worth remembering that other
modeling approaches can be applied to derive GMPEs. In
particular, in many fields of science, data-driven approaches
have shown their suitability for generating models with high
predictive powers (e.g., Breiman, 2001). In the context of
GMPE calibration, examples of data-driven approaches in-
clude the application of artificial neural networks (e.g., Der-
ras et al., 2012, 2014). To exemplify their application to the
case study at hand, Figure 2 shows a simple neural network
that includes one hidden layer with three neurons. The input
neurons are the magnitude, the logarithm of the distance, the
hypocentral depth, and the EC8 site classes. Despite its rel-
atively simple structure, the calibrated network shows good
performance both in terms of goodness of fit and predictive
power. For example, the logLH and σ values for the calibra-
tion data set (ITACA) are −1085 and 0.75, respectively,
whereas the logLH, bias, and σ of the predictions relevant
to IT-VAL are −1650, 0.09, and 0.82, respectively. When
compared with results shown in Tables 2 and 5, these values
confirm the potentiality of such an approach.

Furthermore, the continuous increase of available
strong-motion data, and the possibility of easily merging
them with weak motion data recorded by seismological net-
works and retrieved through standardized web applications
(e.g., Incorporated Research Institutions for Seismology and
European Integrated Data Archive, see Data and Resources),
suggests that data-driven and parametric modeling ap-
proaches could be integrated in an attempt to minimize the
combination of bias and estimation variance, accepting the
occasional sacrifice of theoretical accuracy for improved
empirical precision (Shmueli, 2010).

Data and Resources

The R software (R Development Core Team, 2008; http://
www.R‑project.org, last accessed May 2016) has been used in
this study to perform the regressions. In particular, the pack-
ages lme4 (Bates et al., 2015; https://cran.r-project.org/web/
packages/lme4/news.html, last accessed May 2016) and
neuralnet (https://cran.r-project.org/web/packages/neuralnet/
index.html, last accessed May 2016) have been used for
mixed-effect regressions and calibration of the neural network,
respectively. The Italian strong-motion data are available at
http://itaca.mi.ingv.it (last accessed June 2016). The Next
Generation Attenuation-West2 (NGA-West2) flatfile is avail-
able at http://peer.berkeley.edu/ngawest2/databases/ (last ac-
cessed June 2016). Incorporated Research Institutions for
Seismology (IRIS) portal can be accessed at http://www.
iris.edu; European Integrated Data Archive (EIDA) portal can
be accessed at http://www.orfeus-eu.org/eida/ (both last ac-
cessed June 2016).

log(Distance)

Class E-EC8

Class D-EC8

Class C-EC8

Class B-EC8

Class A-EC8

Depth

Magnitude

log(PGA)

Figure 2. An example of a neural network calibrated using the
ITACA data set. EC8, Eurocode 8 (2004).
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