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Modelling the Spatial Correlation of Earthquake Ground Motion:
Insights from the literature, data from the 2016-2017 Central Italy
earthquake sequence and ground-motion simulations

Erika Schiappapietra®!, John Douglas?

2 Department of Civil and Environmental Engineering, University of Strathclyde, Glasgow, G11XJ, UK.

ABSTRACT

Over the past decades, researchers have given increasing attention to the modelling of the spatial
correlation of earthquake ground motion intensity measures (IMs), particularly when the seismic risk
of spatially distributed systems is being assessed. The quantification of the seismic performance of
these systems requires the estimation of simultaneous IMs at multiple locations during the same
earthquake, for which the correlation between pairs of locations needs to be defined. Numerous
spatial correlation models of common IMs, such as peak ground acceleration and spectral
acceleration, have been published. Although the functional forms of the models are generally similar,
significant discrepancies exist in terms of the rate of decay of the correlation with increasing inter-
site separation distance. The main reasons for such differences lie with the selected databases, the
ground-motion models used to derive the spatial correlation models, estimation approaches and
regional geological conditions.

In this study, we aim to provide a comprehensive review of spatial correlation models, analysing
factors that most affect the spatial dependency of IMs. We use strong-motion records from the 2016-
2017 Central Italy earthquake sequence combined with ground-motion simulations to examine the
influence of various factors on spatial correlation models. We investigate the dependency on: (1) the
estimation method and model fitting technique; (2) the magnitude; (3) the response-spectral period;
and (4) local-soil conditions. Our results suggest that the rate of decay is not only period-dependent,

but also regionally-dependent, so that a single universal correlation model based on large datasets is
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not appropriate when describing the correlation behaviour of small geographical areas. Our outcomes

could be used to guide the development of new spatial correlation models.

Keywords: spatial correlation; ground-motion intensity measures; seismic hazard; strong ground
motion; earthquake.

1. Introduction

Stakeholders, such as government, search-and-rescue organizations and private companies, require a
reliable evaluation of the ground-motion field to assess the effects of an earthquake for more informed
risk management and decision making designed to reduce economic and human losses (e.g. Park et
al., 2007; Weatherill et al., 2015). The probabilistic assessment of ground-motion intensity measures
(IMs) at a single site is now a well-established technique, and sophisticated methods have been
developed for this aim. Traditional seismic hazard and risk analysis tools usually determine the
ground motion caused by an earthquake through ground motion prediction equations (GMPES).
GMPEs provide an estimate of the ground shaking and its associated aleatory variability at a given
site, considering IMs at different sites as independent. The seismic risk assessment of spatially-
distributed systems, such as long bridges, water and power lifelines and portfolios of buildings,
however, require not only the estimation of simultaneous IMs at multiple locations during the same
earthquake, but also the quantification of the correlation structure (e.g. Goda and Atkinson, 2009,
2010; Jayaram and Baker, 2009; Esposito and lervolino, 2011, 2012; Weatherill et al., 2015; Wagener
et al., 2016; Heresi and Miranda, 2019). Indeed, understanding the spatial characteristics of the
ground motion arising from similarities in the seismic wave paths and local-site effects is needed to
provide a more accurate representation of ground-motion fields (Verros et al., 2017). For instance,
correlation models can be used to generate spatially-correlated random fields for use in developing
either scenarios for future earthquakes or retro-scenarios of past events in terms of ground motion
shaking, as well as for loss estimates. lervolino (2013), among others, discuss the importance of

considering regional hazard for calculation of aggregate risk. This author compared the annual rate
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of exceedance of a specific IM in at least one site among several with the corresponding site-specific
hazard assessment, demonstrating that consideration of the joint probability of occurrence in the
hazard computation leads to larger values than those obtained for individual sites. Similar conclusions
are found in Sokolov and Ismail-Zadeh (2016) and Sokolov and Wenzel (2019). These studies outline
the discrepancies between site-specific PSHA and multiple-site PSHA: smaller within-event
correlations combined with larger reference areas make the hazard assessment for individual sites and
multiple sites prone to remarkable differences. Besides, Sokolov and Wenzel (2019) demonstrated
that the fraction of the reference area in which the design ground motion level will be exceeded
depends not only on the considered return period, but also on the correlation model. For instance, for
a return period of 475 years, there is a 10% of probability that the design ground motion level will be
exceeded at least once in 50 years in 20% and 40% of the reference area when within-event residuals
are uncorrelated and perfectly correlated, respectively, with corresponding impacts on loss estimates.
The importance of defining spatially-correlated ground-motion fields in seismic risk assessment was
also demonstrated by Park et al. (2007) and Sokolov and Wenzel (2011). Neglecting the spatial
correlation may cause a bias in loss estimates, overestimating the most likely losses and
underestimating rare losses. On the contrary, overestimating the correlation may lead to the opposite
result. As remarked in Park et al. (2007), the effects of including or not the spatial correlation depend
also on the considered portfolio. Analogous outcomes are provided in Crowley et al. (2008), in which
the authors compared the variation of the mean damage ratio of the loss model, obtained considering
uncorrelated and correlated ground motion fields as well as correlated ground motion fields
constrained to the recordings available at a specified number of sites. Given observations at recording
stations and including proper correlation models makes the variability of the ground motions lower,

and hence the variability of the losses narrower.

Over the past decade, the number of studies on spatial correlation has increased significantly. Many

models have been published (Table 1) and common findings suggest that: (1) within-event correlation
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decays rapidly with increasing inter-site separation distances, and (2) ground-motion IMs associated
with longer response-spectral periods have larger correlation lengths (Goda and Hong, 2008; Jayaram
and Baker, 2009; Esposito and lervolino, 2012; Wagener et al., 2016; Sgobba et al., 2019).
Nevertheless, a thorough comparison among the proposed models demonstrates significant
inconsistencies, which may make the assessed seismic risk prone to large uncertainties (Figure 1).
The majority of the studies are for different regions (e.g. California, Japan and Taiwan), suggesting
that the underlying database as well as regional and local-site effects are likely to play first-order
roles in the observed differences. Besides, the use of either existing GMPEs or ad hoc study-specific
GMPEs as well as different estimation approaches may contribute to different outcomes. Further

analyses are thus required to draw firm conclusions on the spatial correlation structures of different

IMs.
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87  Table 1: Main published correlation models. PGA is peak ground acceleration, PGV is peak ground velocity, SA
88  isresponse spectral acceleration, lais Arias intensity, CAV is cumulative absolute velocity and T is spectral period.
89 Mw is moment magnitude and Rss is Joyner-Boore distance. GMPEs is ground motion prediction equations.
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90

91 Figure 1: A typical selection of spatial correlation models for PGA: B03: Boore et al. (2003); GHO08: Goda and
92 Hong (2008); GA09: Goda and Atkinson (2009); JB09: Jayaram and Baker (2009); GA10: Goda and Atkinson
93 (2010); Ell1lesm: Esposito and lervolino (2011) ESM database; El11itaca: Esposito and lervolino (2011) ITACA
94 database; EI12itaca: Esposito and lervolino (2012) ITACA database; S12: Sokolov et al. (2012); DW13: Du and
95 Wang (2013); HM19: Heresi and Miranda (2019); HG19: Huang and Galasso (2019).

96

97  To address these issues, we use large databases of recorded strong ground motion from previous
98  earthquakes and ground-motion simulations. In particular, we carry out a geostatistical analysis using
99  the database of the 2016-2017 Central Italy earthquake sequence, which includes nearly 6900 records
100 from 63 Mw > 3.7 events (and nearly 1600 records from nine events with Mw > 5.0) that occurred
101 over aperiod of five months (August 2016 — January 2017). We choose this dataset because it allows:
102 (1) removal of some of the uncertainties related to the underlying region; and (2) quantification of the

103 variability of spatial correlation among different earthquakes when the same area is considered.
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Conversely, simulation of spatially-correlated ground-motion fields provides a controlled

environment to test the factors that most influence the correlation structure.

In this article our goal is to provide a well-structured review critically summarising the main findings
to advance understanding of the spatial correlation of strong ground motion. We employ the outcomes

from the simulations and observations to address the main issues and research gaps.

2. Basic Definitions

The correlation of ground-motion IMs from an earthquake includes three main elements, namely: (1)
the spatial correlation among residuals of the same IM for adjacent sites; (2) the correlation among
residuals of different IMs at the same location; (3) the spatial cross-correlation among residuals of
different IMs for closely spaced sites (Weatherill et al., 2015). We focus on the first of the above-

mentioned elements.

In general, the similarity of ground-motion IMs at two different sites depends on: (1) the earthquake
source; (2) the propagation path from the source to the sites and local-site effects; (3) the position of
closely-spaced sites in near-source conditions with respect to the main fault asperities (Park et al.,
2007). The first of these aspects is commonly accounted for by the between-event residual provided
by the GMPE. GMPEs relate a ground motion IM (e.g. peak ground acceleration, PGA; peak ground
velocity, PGV; peak ground displacement, PGD; or pseudo-spectral acceleration for 5% of critical
damping, SA) to a set of explanatory variables describing the source (e.g. magnitude and faulting
mechanism), the wave propagation path (e.g. distance metric and regional effects) and the site
conditions (e.g. soil classification) (e.g. Douglas and Edwards, 2016). IMs are commonly modelled
as lognormally-distributed random variables, through a mixed-effects approach. Therefore, GMPEs

take the form:

logyo Vi =1logyo V;j(M,R,S,0) + &; + n; (D
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where Y;; is the IM of interest at the ji" site due to the i'" event, whereas Y;; is the predicted median
function of magnitude (M), distance from the source (R), local-site conditions (S) and other
explanatory variables (6). n;is the between-event residual term, assumed as an independent,
identically and normally distributed random variable with zero mean and standard deviation . It
denotes the systematic deviation of observed IMs associated to an event with respect to the GMPE
prediction and does not depend on the site. Conversely, ¢;; represents the independent within-event
residual term, which is site dependent as it accounts for differences from the average model due to
the path and local-site effects. ¢;; follows a multivariate Gaussian distribution, completely defined by
its mean function ETe;;], and covariance function, which reflects the correlation of within-event

residuals:
COV;(i,k) = Ele; - e;] — E[eyj] - E[ex)] @)

The within-event correlation between all pairs of sites during an earthquake due to the similarity of
travel path and local-site effects depends on the inter-site separation distance. Typically, it is modelled

as an exponential function:

pe(h) = exp(ax - h) ©)

where a and g are the model coefficients, usually inferred through a least-squares approach, and h is

the separation distance.

As above-mentioned, the between-event correlation, which arises from commonality of the rupture
process, is taken into account by the n;term and is defined as the ratio between the variability

components:

I
N

S

Py (4)
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in which o, = /72 + ¢?2 is the total variance and ¢ is the standard deviation of the within-event
residuals. Therefore, the total correlation among residuals for closely spaced sites, which considers

both the between-event and within-event variability, is given by:

pr() = py + 9% ©)

T

It is noted that the between-event correlation among different pairs is always positive, as a result of
all sites sharing the same source rupture. As a matter of fact, the total correlation will never drop to
zero, although p,(h) decays to zero with increasing separation distance (Heresi and Miranda, 2019).
In this study, we focus only on the within-event correlation because the within-event residual term is
the only component of the total variability that varies from site to site and thus affects the spatial

dependency of IMs (Stafford, 2012).

Furthermore, only one observation from a given earthquake is available for each station, making it
impossible to draw any inferences from it (Webster and Oliver, 2007). Therefore, the hypothesis of
second-order stationarity and isotropy are generally assumed, so that the mean function of the random
variable (g;;) is constant for all sites, and the covariance COV;(i, k), and thus the correlation, depends

only on the separation distance (h) between two sites and not on their absolute position and
orientation [p(e;;, &1 ) = p(R)].

Finally, one should be aware that the correlation is usually computed on the residual terms rather than
directly on the IM. Indeed, the diverse underlying distributions of each IM value, due to different
explanatory variables (such as R,S,8), would make the assessment of the IMs correlation

inappropriate (Heresi and Miranda, 2019).

3. Databases

10
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3.1. Central Italy earthquake sequence

Starting from 24" August 2016, one of the most important earthquake sequences ever recorded in
Italy struck the Central Apennines between the municipalities of Amatrice and Norcia, causing
widespread damage, thousands of homeless and invaluable losses for the historical heritage of the
region. The first mainshock (Mw 6.0) struck on 24™ August 2016 at 01:36 UTC near Amatrice and it
was followed, within less than an hour, by a Mw 5.4 aftershock (Chiaraluce et al., 2017). After two
months, two other large earthquakes occurred: a Mw 5.9 on 26" October 2016 at 19:18 UTC, near
the village of Ussita and a Mw 6.5 on 30" October 2016 at 06:40 UTC with an epicentre close to
Norcia (Luzi et al., 2017). Four other Mw > 5.0 earthquakes occurred on 18" January 2017 near the
villages of Campotosto and Montereale (Figure 2, Table 2). Event and stations metadata are from
Lanzano et al. (2018). All the events, generated by normal fault segments, were recorded by
permanent and temporary networks, set up to monitor the earthquake sequence at a high resolution
and to retrieve more accurate observations of the ground shaking in the near-source region (Luzi et

al., 2017).

In this study, we select data from strong-motion stations within an epicentral distance of 200 km. The
distributions of the selected data with respect to distance, magnitude and distance, magnitude and
number of stations per EC8 soil classes (Eurocode 8, 2004) are summarized in Figure 3. The site
conditions at each strong-motion station are expressed through the EC8 soil categories, which is based
either on the average shear-wave velocity of the upper-most 30 m (Vsz30) or on the available

geological information. Most of the selected stations are classified as site class B/stiff soil.

11
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* Norcia Event Epicentre

Montereale | Event Epicentre
Montereale Il Event Epicentre
Pizzoli | Event Epicentre

Pizzoli || Event Epicentre
Cities
Events 2016-2017

Mw
. 25-3 i\f5'5-5
¢ 3-4 %5.5-6
® 4-5

6-6.5

® 5-6

Event Event Time Latitude [°] | Longitude [°] | Depth [km] | Mw | # Records
Amatrice 24/08/2016 01:36 42.70 13.23 8.11]6.0 158
ﬁ?t“:g:%eck 24/08/2016 02:33 42.79 13.15 8.0 |53 138
Visso | 26/10/2016 17:10 42.88 13.13 8.7 |54 158
Visso Il 26/10/2016 19:18 42.91 13.13 75|59 166
Norcia 30/10/2016 06:40 42.83 13.11 9.2 |65 159
Montereale | 18/01/2017 09:25 42.55 13.26 92|51 127
Montereale 1l | 18/01/2017 10:14 42.53 13.28 9.1 |55 141
Pizzoli | 18/01/2017 10:25 42.49 13.31 89|54 129
Pizzoli 1l 18/01/2017 10:33 42.48 13.28 10.0 | 5.0 124

Table 2: Main characteristics of the largest events of the Central Italy sequence [source: Lanzano et al. (2018)].

Figure 2: Epicentres (stars) of the nine Mw > 5.0 earthquakes of the sequence. Mw > 2.5 aftershocks for one year
after the Amatrice mainshock are also mapped with blue dots. [source: http://cnt.rm.ingv.it/]

12


http://cnt.rm.ingv.it/

195
196
197
198

199

200

201

202

203

204

600 - " (b)
L ] L ] L ] e & S ((009) SRS (00(0
6 - ® @ LR T I{ON T 1)) ]
L ] o0 & (& S(ODISIS) SOOI 0S
[}]
© 400+
8 L e 0 @ (999NN e) e)
Py g .l 00O (00O G000
I ® (000 00 @
- =
; 51 :
=z .’ o
200
®)!
o)
) @ @)
IIII I ) |
N i
T T T T
1 OO 1 50 200 0.1 1 10 100
JB Distance [km] JB Distance [km]
200 ‘e .
15 - (C) (d) Classification
- Geology
150 = Vs30
© 10 A 2
c o
g g
2 % 100+
o [S)
2 S
5 -
0 III- -
A B C D E
My EC8 soil classification

Figure 3: (a) Records-distance distribution; (b) Magnitude-distance distribution; (c) Events-magnitude
distribution; (d) Distribution of stations in terms of EC8 site classification. Distances are in terms of Joyner and
Boore distance (Rjp, i.e. the distance to the surface projection of the rupture).

3.2. Simulated ground-motions fields

To simulate spatially-correlated ground-motion fields, we employ the approach described in Strasser
and Bommer (2009), which accounts for both the between- and within-event variabilities. The former
is specified through the between-event standard deviation in the IMs computation, whereas the latter
is included through the computation of a random field based on a multivariate normal distribution.

The procedure includes the following steps:

13



205 1. Generation of deterministic fields using GMPEs (GM,,;). We employ the GMPE by

206 Lanzano et al. (2019) for shallow crustal earthquake in Italy, considering homogeneous
207 rock site conditions (Figure 4a).

208 2. Generation of ground motion random fields (Figure 4c).

209 The spatially correlated random field P (h,, ®) is computed through a multivariate normal
210 distribution characterized by an exponential correlation model with correlation length h,
211 and standard deviation @ (see section 2). We choose different values of h, (5, 10 and 30
212 km) and @ (0.1, 0.32 and 0.5) to allow a deeper insight into the impact of these parameters
213 on the analysis.

214 3. Generation of ground-motion stochastic fields (Figure 4b).

215 This is obtained by combining steps 1 and 2:

216 GM,,y = 1016Maet+P(ho.®)] (6)

217  The ground-motion fields are generated on a 200 km x 200 km grid with a 2 km resolution. Finally,
218  we randomly locate strong-motion recording stations throughout the region and use the simulated

219 IMs at these stations. We repeat the process 1000 times for each hy, — & pair to obtain stable results.

14
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Figure 4: Example of deterministic (a), stochastic (b) and random (c) ground-motion fields. obtained through the
above-described approach. PGAs are expressed in cm/s2. The triangles represent the stations used in the analysis.

4. Modelling of spatial correlation

4.1. Estimation of the within-event spatial correlation

It is common practice to adopt an existing GMPE or an ad hoc study-specific GMPE to compute the
within-event residuals at each site in order to assess the within-event spatial correlation p.(h). This
can be estimated with two different approaches, namely: (1) computing directly the covariance and
the correlation coefficient (e.g. Wang and Takada, 2005; Sokolov et al., 2010, 2012), or (2)
calculating the sample semivariogram, which measures the average dissimilarity between spatially
distributed data (e.g. Jayaram and Baker, 2009; Esposito and lervolino, 2011, 2012; Wagener et al.,
2016; Heresi and Miranda, 2019; Sgobba et al., 2019). In the first method, the spatial correlation is
estimated as:

COV(eiJ-, ekj)

7 (7

Pe (h) =
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where COV denotes the covariance function, whereas ¢;; ande; are the within-event variabilities for

the it and k™" sites during the j event with zero mean and standard deviation ¢.

The second method computes the experimental semivariogram to represent the spatial dependency of

IMs values with varying separation distance, which is defined as:

1
y(h) = Evar[gij - gkj] (8)

in which Var indicates the variance. It is common practice to adopt two different estimators to
compute the sample semivariogram:

1) Method of moments (Matheron, 1962)

O o P ©)
WV ZoNmy L0~ 5
N(h)
where y(h) represents the empirical semivariogram and N(h) is the number of pairs separated
by h.
2) Estimator proposed by Cressie (1985)

1 -

2 0.494
0.457 + 7t
IN(R)|

y(h) = (10)

This is found to be a more robust estimator, being less sensitive to outliers (Esposito and

lervolino, 2012; Du and Wang, 2013; Oliver and Webster, 2014).

Both the covariance and the semivariogram are calculated for each pair of stations (x;, x;) whose
inter-site spacing falls in a distance bin defined as h — Ah/2 < |xl- — x]-| < h + Ah/2. Esposito and
lervolino (2012) and Du and Wang (2013) suggest setting the bin size in such a way that there are at
least 30 pairs in each bin. Other authors (e.g. Wagener et al., 2016) advise having at least 100 pairs
per bin to have more reliable and representative estimations. Furthermore, the definition of ¢ is of
primary importance. ¢ can be estimated either from the sample semivariogram at large separation
distances, where the within-event residuals are assumed to be uncorrelated, or as the standard
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deviation of the within-event residuals for a given event (Goda and Atkinson, 2010). Alternatively,
Esposito and lervolino (2012) employ the standard deviation related to the GMPE as ¢. However,
this approach is strongly discouraged by other studies, since using a constant value of ¢ for different
events might lead to a biased within-event correlation (Heresi and Miranda, 2019, Foulser-Piggott

and Goda, 2015).

Parametric functions are used to fit the experimental values computed either through the sample
semivariogram or covariance approaches. This allows for the spatial variation of ¢;; to be retrieved
for any separation distance h. Examples of basic second-order stationary and isotropic models are:
(1) Matérn; (2) Exponential; and (3) Gaussian (Webster and Oliver, 2007). The exponential model

(Figure 5), which usually provides the best performance, takes the form:

y(h) = a1l —exp (— %)] (11)

where h is the separation distance, a and b are the sill and the range of the semivariogram and c is a
given positive constant set to 3. The sill equals the variance of the data, whereas the range represents
the distance beyond which the correlation between sites is negligible. The range is the distance at
which y(h) equals 0.95 times the sill. It is worth mentioning that in some studies (e.g. Wang and
Takada, 2005; Huang and Galasso, 2019) c is set equal to 1. Consequently, the range outlines the
distance at which the correlation equals exp(—c) = exp(—1) = 0.37. The implementation of either
one or the other value leads to a different meaning of the range, without however affecting the spatial
correlation structure of the IM of interest. Moreover, under the hypothesis of second-order
stationarity, the semivariogram and the covariance function are equivalent, so that the following

relation holds (Oliver and Webster, 2014):
y(R) = @2 — COV(ey, &) = P*[1 — pe (W] (12)
being p.(h) = COV(ey;, &) /P2
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Consequently, combining Eqg. (11) and Eq. (12), we have that:

pe() =1-12 = exp (- ) (13)

which is equivalent to Eq. (3).

Furthermore, the hypothesis of second-order stationarity may sometimes not hold. The expected value

of the random variable E[g;;] may not be constant across all sites, but indeed varying depending on

the location. In such cases, the semivariogram y(h) increases with separation distance, without
reaching a stable sill (Diggle and Ribeiro, 2007). These long-range spatial trends should be removed
so that small-range correlation structures can be detected. It is common practice to model spatial
trends through trend surface models, namely the mean function is described by either first- or second-
order polynomial functions of the geographic coordinates (Diggle and Ribeiro, 2007; Oliver and
Webster, 2014). Alternatively, the trend and the semivariogram of the residuals can be estimated all

at once through the residual maximum likelihood approach, as suggested by Oliver and Webster

(2014).
0.12
b =range
0.09 %o - Lo,
L0 =W o o o
. gt - — *
< -
= 0.06 |:rn
a = sill
0.03
0.00 + T T T T
0 25 50 75 100

Separation Distance [km]

Figure 5: Exponential model. The black solid line is the theoretical model, whereas black squares represent the
experimental semivariogram. The sill and range parameters are also highlighted.

Different approaches have been used in previous studies to fit the experimental data, such as the
weighted least-squares and manual-fitting techniques. Jayaram and Baker (2009), among others,

suggest inferring the model parameters manually so that the experimental data are better fitted at
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shorter separation distances. This technique should, however, be discouraged as it involves a certain
degree of subjectivity that can lead to prediction errors. Regarding the least-squares approach, weights
can depend on either the separation distances (e.g. increasing the weights of data at shorter distances)

or the number of pairs in each bin.

4.2. Modelling caveats

The previously described approach suffers from some shortcomings. GMPEs (eq. 1) are usually
developed through regression analysis using either the two-stage algorithm proposed by Joyner and
Boore (1993) or the one-stage mixed-effects approach by Abrahamson and Youngs (1992),
considering independent within-event residuals. The similarity of the earthquake source, path and
local-site effects leads to spatially correlated within-event residuals. This issue was firstly
investigated by Hong et al. (2009), who demonstrated that the inclusion of spatial correlation in
GMPE development does not affect the estimated ground motion model coefficients but it does affect
the variability of the between- and within-event residuals. In particular, the between-event variance
decreases, whereas the within-event component increases, with consequences for the assessment of
seismic risk of spatially-distributed systems. Similarly, Jayaram and Baker (2010) adopted a different
approach and drew analogous conclusions. While spatial correlation model parameters can be inferred
from statistical analysis of residuals independently of GMPE regressions, caution must be applied in
the estimation of ® and t. Ming et al. (2019) reviewed the studies by Hong et al. (2009) and Jayaram
and Baker (2010), and pinpointed their main limitations. They proposed a new algorithm (the scoring
estimation approach) that, while achieving the same results in terms of ® and t, provides more
statistically robust ground-motion models along with spatial correlation parameters to improve

seismic hazard and risk assessments.

In addition, seismic risk analyses usually employ an average estimate of the correlation structure,
derived considering heterogeneous databases, without accounting for its event-to-event variability.

Goda (2011) investigated the event-to-event variability of within-event spatial correlation, studying
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41 different earthquakes individually. He found that the model by Goda and Atkinson (2010)
reasonably fits the overall median tendency. However, +0.1 units should be added to the same spatial
correlation model to take into account the event-to-event uncertainty. Likewise, Heresi and Miranda
(2019) quantified the event-to-event variability, comparing the within-event residuals correlation of
39 well-recorded earthquakes. They provided general equations to calculate the median and
dispersion of the correlation length (range), so that the uncertainty can be easily accounted for in

regional seismic risk computations.

In Figure 6, we compare the outcomes obtained analysing the data from the 2016-2017 Central Italy
sequence with the models proposed by Goda (2011) and Heresi and Miranda (2019) along with their
event-to-event uncertainty. We follow the approach described in Heresi and Miranda (2019) to
compute the central tendency and the standard deviation, based on the number of stations that
recorded each event. The Central Italy database features a smaller event-to-event variability because
all the earthquakes nucleated within the same region. Conversely, the two other models are calibrated
on worldwide datasets, leading to a larger variability in terms of correlation length. According to our
analysis, a region-specific variability should be considered when performing regional seismic hazard

and risk assessment to obtain more accurate results.

1 ey .
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— Goda2011
0.6
<
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Figure 6: Correlation models proposed by Goda (2011) and Heresi and Miranda (2019) [HM19] and obtained
considering data from the Central Italy sequence for PGA (a) and SA(3 s) (b). Solid lines represent the median
values, whereas shadow areas indicate the event-to-event uncertainty. Black dashed line helps indicate the
distances at which the correlation equals 0.05.

5. Major factors influencing spatial correlation

In this section we present a detailed literature review and the results from our analyses, with the aim

of understanding the main factors that affect the spatial correlation of ground-motion IMs.

5.1. Dependence on the estimation approach

In section 4.1 we described two different approaches to estimate the within-event spatial correlation,
namely: (1) the covariance and correlation coefficient and (2) the semivariogram. The implementation
of either one or the other technique should provide similar results as the semivariogram and the
covariance are equivalent for second-order stationary random fields. Goda and Hong (2008)
compared the results obtained for the My, 7.6 Chi Chi earthquake using both the approaches and found
that the computation of the covariance provides slightly different estimates. Similarly, Goda and
Atkinson (2009), while characterizing the spatial correlation of Japanese data, drew the same
conclusions. The correlation decays faster when the correlation coefficient is directly computed, and
some inconsistent trends may occur, especially if the number of available data is inadequate.
Nevertheless, they provided a general correlation model by averaging the results obtained using both

approaches, as subsequently suggested by Sokolov et al. (2012, 2013).

In order to address this issue, we carry out a thorough geostatistical analysis of the within-event
correlation structure using simulated spatially-correlated ground-motion fields. We compute the
range implementing both the techniques and both the sample semivariogram estimators by varying
the number of sites. As found by Goda and Hong (2008) and Goda and Atkinson (2009), the direct
estimation of the correlation coefficient not only features slightly different results, but also a larger
dispersion compared to the semivariogram approach in our simulations (Figure 7). Furthermore, the
graph well illustrates how the availability of stations plays a crucial role in obtaining more robust
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outcomes: even though the mean of hg assumes to some extent a constant value, the uncertainty halves

as the number of stations increases.

Correlation Model -PGA  — Mw6.5 hg=10km o =032

4 f_a) Robust (b) Classic (C) Covariance
* O TT
L
2° 2 0o ([ (= '
e
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Figure 7: Estimated range ho normalized by the true value of the range h* as a function of the number of sites
(stations) using: (a) the Cressie and Hawkins (robust) estimator; the Matheron (classic) estimator; and (c) the
covariance approach. Grey squares represent the mean value, whereas the solid vertical lines indicate the
variability of the estimates. The red dashed line signifies a ratio of 1.

Most of the proposed models use the classic estimator of Mathéron (1962) to compute the sample
semivariogram. The estimates obtained are variances and as such they are sensitive to outliers, which
might lead to less reliable semivariograms. A statistically more robust estimator was proposed by
Cressie (1985) to down-weight the effects of atypical observations (Oliver and Webster, 2014).
Esposito and lervolino (2011, 2012) implemented both the estimators, concluding that there are
negligible differences. Du and Wang (2013) suggested using the robust approach directly to obtain
consistent estimations. Clearly, the two different estimators provide almost the same correlation
distance in terms of average value, as observed in Figure 7 and according to Esposito and lervolino
(2011, 2012). However, a more in-depth analysis suggests that: (1) the classic estimator is likely to
converge faster; (2) the two different approaches do not provide always the same range, as shown in
Figure 8. In particular, the smaller the number of considered stations, the more significant are the
differences. Although our simulations do not show which is the best semivariogram estimator, Oliver
and Webster (2014) demonstrated that if the data features outliers, the classic estimator diverges from

the input function, in contrast to the robust estimator.
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Figure 8: Comparison between the ranges obtained through both the classic and robust estimators, considering
different numbers of stations.

5.2. Dependence on the fitting method

A number of methods have been proposed to fit experimental values by means of parametric models.
The trial-and-error (manual fitting) and least-squares regression, among others, are the most common
techniques. Jayaram and Baker (2009) recommend manually fitting the experimental semivariogram
so that shorter separation distances, which are more important for engineering purposes, are weighted
higher. Despite its high degree of subjectivity, this approach was chosen also by Du and Wang (2013)
for its versatility in fitting the data. Esposito and lervolino (2011) and Infantino et al. (2018) visually
fitted experimental semivariograms, assuming the least-squares regression as a basis. Conversely,
other studies, such as Esposito and lervolino (2012), Sokolov et al. (2012), Wagener et al. (2016),
Heresi and Miranda (2019) and Sgobba et al. (2019), adopt the weighted least-squares regression
approach, using different weights. Some of the authors prioritise either the short separation distances
or the number of pairs in each bin; others apply the same weight to all the experimental values, so

that the model is fit equally over the full range of data. In our analysis, we opt for the weighted least
23
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squares regression, in which weights are computed based both on the number of pairs and on the
separation distance, so that the impact of longer distances is minimized as they are associated with
low correlations (Jayaram and Baker, 2009). However, we carry out a further analysis in which all
the data are equally weighted to understand the influence of the fitting method on the correlation
structure. Figure 9 illustrates how the different weightings lead to dissimilar results. A similar
comparison can be found in Jayaram and Baker (2009), where the authors criticised the study by
Wang and Takada (2005). Stafford et al. (2018) achieved similar outcomes, arguing that there is
variability in the ranges due to the adopted technique. Therefore, according to Jayaram and Baker
(2009), among others, we suggest prioritising models that fit the experimental data well at short

separation distances, which have a significant impact on seismic risk estimates.

PGA — Mw 6.5 h’; =10km © =0.32
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Figure 9: Correlation models obtained through the robust (a) and classic (b) estimators. Blue curves indicate the
results in which the weights used to fit the experimental data are computed based on the number of pairs and
separation distance; red curves represent the results in which equal weights are applied to all the data. Shadow
area represent the standard deviation of the results computed on 1000 simulations. The standard deviation of the
model with weights (8.7 and 7.12 km for the robust and classic estimators respectively) is smaller than the standard
deviation of the model without weights (9.02 and 7.73 km).

5.3. Dependence on magnitude

The relationship between magnitude and correlation length is one of the most debated topics in studies
of spatial correlation. Some studies (e.g. Sokolov et al., 2012, 2013; Foulser-Piggott and Goda, 2015)

argue that the range tends to increase with increasing magnitude because moderate-to-large
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earthquakes feature lower frequency content and hence an additional non-random component.
Conversely, other authors (e.g. Jayaram and Baker, 2009) did not find any correlation between these
two parameters. Heresi and Miranda (2019) performed a statistical analysis and found that only a
small ratio of the variability in terms of correlation length can be explained by considering the
magnitude, in particular for SA at longer periods. Garakaninezhad and Bastami (2017) showed that
there is a positive correlation between magnitude and anisotropy ratio (ratio between the ranges of
the direction with the largest and smallest spatial correlations, respectively) of residuals for the nine
earthquakes analysed. This is valid only for PGA, however, and it does not apply to spectral

accelerations.

In Figure 10 we compare the ranges obtained for each M,, > 4.0 earthquake belonging to the Central
Italy seismic sequence as a function of magnitude. The results do not suggest any clear relationship
between range and magnitude, at least for this M,, interval, in agreement with the findings of Jayaram
and Baker (2009). It is worth noting that both Sokolov et al. (2012, 2013) and Foulser-Piggott and
Goda (2015) analysed a wider range of events in terms of magnitude, grouping as moderate-to-large
earthquakes all events with M,, > 6.0. We believe that our analysed database represents too narrow
a magnitude interval to draw sound conclusions on the relationship between magnitude and range.
Besides, it is biased towards small-magnitude earthquakes, which could influence the result. Other
factors should be considered to explain the variability in terms of correlation length, especially when
the same seismic region is considered. Stafford et al. (2018) demonstrated that the rupture process of
events of equal magnitude has a significant contribution on the variability in the range. Likewise,
while studying correlation spatial patterns using physics-based ground-motion simulations, Chen and
Baker (2019) found a dependence of the correlation on source effects and on the relative position of

a site with respect to the fault asperities.

25



447

448
449
450

451

452

453

454

455

456

457

458

459

460

4061

462

463

464

465

(a) (b)
100.0 T .
L ..:. ° L P ® b
° S o2° o o
—_ e ® L ...3 o ¢
é 10.01 .:.%ee ® o [ '. ® ] ::. o O
o %’.’”.”. ””””””” it I R et e e
S H
[v]
o [ ]
1.0' .. R I\ ®
04 PGA | sAa(T=45s)
40 45 50 55 60 65 40 45 50 55 60 65
MW MW

Figure 10: Range as a function of magnitude: (a) PGA; (b) SA(4s). Ranges are obtained by means of the robust
semivariogram. We also apply a detrending processing using second-order surface models to remove long-range
spatial trends.

5.4. Dependence on period

Previous research (e.g. Goda and Hong, 2008; Jayaram and Baker, 2009; Esposito and lervolino,
2012; Wagener et al., 2016; Infantino et al., 2018; Sgobba et al., 2019; Chen and Baker, 2019) has
demonstrated that the spatial correlation structure is affected by the response-spectral period
considered. Range and period are found to be directly proportional. This is consistent with studies on
ground-motion coherency, a measure of similarity between waveforms and phases of two ground-
motion time histories recorded at two different sites. Hough and Field (1996) demonstrated that
ground motions at frequencies up to 2-3 Hz and distances up to 3-4 km are characterized by a high
level of waveform coherence, which by contrast drops for shorter period ground motions. Zerva and
Zervas (2002), while investigating spatial coherency, proved that small-scale heterogeneities in the
travelling path strongly affect the short-period waves (short wavelengths), which therefore tend to be
less coherent, in contrast to long-period waves. Figure 11 provides an overview of the correlation
lengths as a function of period of the above-mentioned studies. All the range values in Figure 11 are
computed as the distance at which the correlation equals 0.05 in order to compare the results. Esposito

and lervolino (2012) and Wagener et al. (2016) showed that at short periods (up to 0.5 s) it is not
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possible to clearly delineate a trend between range and period. Goda and Atkinson (2010) found that
the correlation is clearly affected by the vibration period especially at short separation distances (h <
10 km), in contrast to greater distances (h > 50 km), where the models tend to converge towards
similar results. Consequently, they proposed an average constant model (Figure 11), calibrated on
the results obtained at nine different periods. To further test the hypothesis of a dependence of the
correlation on period, here we present a model for the Central Italy sequence computed by pooling

all the data from the nine M,, > 5.0 events.

100 ¢
A Goda & Hong (2008)

Jayaram & Baker (2009)
Goda & Atkinson (2010)
Esposito & lervolino (2012)
Du & Wang (2013)
Wagener et al. (2016)
Infantino et al. (2018)

A& Huang & Galasso (2019)

A This study

Range [km]

0.2 0.5 1 2 3

Figure 11: Range as a function of response-spectral period, T. The main studies are reported along with a model
for the Central Italy seismic sequence, denoted as “This study”. This model is calibrated by pooling all the data
from the nine Mw > 5.0 events. The model of Jayaram and Baker (2009) refers to their model for heterogeneous
soil condition, whereas the model of Du and Wang (2013) is computed considering a Vsso correlation of 4.5 km.

As we summarise in Figure 12, we observe the increasing trend with period for all M,, > 5.0 events

of the sequence taken individually, as well.
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Figure 12: Range as a function of response-spectral period, T, computed using the robust estimator for the nine
M,, = 5.0 events of the sequence. In black we reported the weighted (geometric) average model, in which the
weights are given based on the number of stations that recorded each event.

5.5. Dependence on local site effects and geological structure

Several studies (e.g. Jayaram and Baker, 2009; Sokolov et al., 2010, 2012; Du and Wang, 2013;
Infantino et al., 2018; Chen and Baker, 2019) indicated that the level of correlation is strongly
influenced by regional geologic and site conditions, especially when short-period IMs are of interest.
Conversely, Heresi and Miranda (2019) demonstrated that the clustering of Vs3o values does not
explain the high variability in the correlation length. To address this issue, we develop an ad hoc
GMPE for the Central Italy sequence without accounting for different site conditions and then we
introduce a site-specific correction factor to remove any dependency on local-site effects, following
Sokolov et al. (2010, 2012, 2013). The within-event spatial correlation is understood as a non-random
component in the residuals, which arises from neglecting a number of factors in the GMPE, such as
site, path and azimuth as well as hanging-wall and footwall effects (Sokolov et al., 2012, 2013). Due
to the shortage of data, we could not derive a correlation model for each site class, similarly to

Sokolov et al. (2012, 2013). The following functional form is assumed:

logyo Y;j = by + b,M,, + (b3 + byM,,) logy, /R]ZB + b (14)
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where ¥;; is the PGA or SA(T) for T equal t0 0.2, 0.5, 1, 2, 3 and 4 s and R, is the Joyner-Boore
distance (or the epicentral distance for those events where the fault geometry is not defined and the
point-source approximation holds). b,, b,, b, b, and bs are the model coefficients inferred through
the maximum-likelihood regression method by Joyner and Boore (1993). It is noted that our main
goal is to estimate the residuals for correlation purposes, and not to develop a new GMPE; therefore,
we keep the functional form as simple as possible. The between-event and within-event residual
components are evaluated using the mixed-effects approach. In the same way, we compute the site-
specific correction term 8525, which represents the site-specific deviations from the average model
calibrated considering all sites in the dataset, as explained in Kotha et al. (2018). We evaluate the
sample semivariogram through equation (eg. 10) and we fit the values using the weighted least-
squares approach (section 5.2) considering an exponential model (eqg. 11). We follow the approach of
Esposito and lervolino (2011, 2012) to pool data from different events. We repeat these steps

including the site-specific correction term, so that the corrected IM is:
logo Yij,corr = logyo 17ij + 6528, (15)

Figure 13 provides an overview of the within-event correlation models obtained considering or not
the site-specific correction term. Similarly to Sokolov et al. (2010, 2012, 2013), the range decreases
if a correction factor is included in the analysis, suggesting that neglecting site conditions might add
an artificial correlation due to systematic biases in the residuals (Stafford et al., 2018). Besides, the
lower level of correlation found at longer periods (grey curve) requires further analysis, since the
local-site effects influence is expected to decrease with increasing period, as demonstrated by

Jayaram and Baker (2009) and Infantino et al. (2018), among others.
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Figure 13: (a) Range as a function of the response-spectral period, T, for within-event residuals &;; (dWes) with
and without the site correction factor; (b) Correlation function in terms of PGA for within-event residuals &;;with
and without the site correction factor. The black dashed line indicates a correlation of 0.05.

Furthermore, the level of correlation of Vs3 values can be used as a proxy to represent either
homogeneous or heterogeneous local-soil conditions in terms of local-site effects, since a smaller
correlation indicates a more varied geological setting. Jayaram and Baker (2009) identified a positive
relationship between clustering of Vs3o values and correlation of spectral accelerations, especially at
shorter periods. They proposed a model to predict the range as a function of both the period and the
V3o range. Similarly, Du and Wang (2013) drew analogous conclusions, illustrating that the influence
of local-site effects on the correlation of spectral accelerations drops with increasing period. Sokolov
et al. (2012) provided a relationship between the PGA range and the Vs3o correlation, after finding a
dependency of these parameters for different regions in Taiwan. Garakaninezhad and Bastami (2017)
found that the anisotropy ratio of residuals tends to increase as the anisotropy ratio of Vsso increases.
However, this positive correlation is significant only for PGA, similarly to the relationship with
magnitude. To further emphasis this aspect, Figure 14 compares the above-mentioned studies along
with a model calibrated on the M,, > 5.0 events of the Central Italy sequence. We develop the latter
using the code by Ming et al. (2019), which was also used in Huang and Galasso (2019) to study the

correlation observed in Italian data. Two main observations are worthy of remark. Firstly, the effects

of local-soil conditions on spatial correlation models are much greater at shorter periods, compared
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to longer periods where the different models practically overlap. Secondly, the comparison between
the Huang and Galasso (2019) and Central Italy models suggests that the correlation strongly depends
on the geological characteristics of the considered area, so that a single universal correlation model
based on large datasets is not suitable to represent small regions. Indeed, the model of Huang and
Galasso (2019) is obtained by including events that occurred in all of the Italian mainland, thus
leading to an average spatial correlation model calibrated on diverse geological contexts, with
variable spatial dependency of IMs. The same was also previously demonstrated by Sokolov et al.
(2010, 2012, 2013) for Taiwan. Besides, this behaviour is particularly evident at shorter periods, in
agreement with different studies, such as Jayaram and Baker (2009) and Du and Wang (2013), in
which these authors demonstrated the impact of local-site effects as a function of period. Figure 11

illustrates this aspect: the Central Italy and the Huang and Galasso (2019) models nearly coincide for

T>1s.
1 —
(@)
Jayaram & Baker (2009)
0.8 Heterogenuos soil cond.
Jayaram & Baker (2009)
0.6 Homogeneous soil cond.
Q_"J Sokolov et al. (2012)
0.4 Du & Wang (2013)
Huang & Galasso {2019)
0.2 This study
0 ‘ .
1 10 25
h [km] h [km]

Figure 14: Correlation function in terms of PGA (a) and SA at T =2 s (b). The model referred as “This study” is
computed by means of the code developed by Ming et al. (2019) using data from the nine M,, = 5.0 central Italy
earthquakes. The red shadow area represents the 95% confidence intervals of the central Italy model. The black
dashed line indicates a correlation of 0.05.

5.6. Dependence on GMPEs

To develop a correlation model either an existing GMPE or an ad hoc relation is used to assess the

within-event residuals. Authors, such as Wang and Takada (2005), Jayaram and Baker (2009),
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Esposito and lervolino (2011, 2012) and Wagener et al. (2016), employed and existing ground motion
model in their analyses. Conversely, other authors such as Goda and Hong (2008), Goda and Atkinson
(2009, 2010), Sokolov et al. (2010) and Infantino et al. (2018) developed a GMPE calibrated on their
specific dataset. Du and Wang (2013) asserted that the chosen GMPE does not affect the correlation
results. Analogously, Jayaram and Baker (2009) and Goda (2011) demonstrated that similar outcomes
are achieved if different GMPEs are used. In contrast, Sokolov et al. (2010) maintained that the
decomposition of the total aleatory variability into between- and within-event components is
influenced by the particular GMPE and hence the spatial correlation is affected in turn, as it is
calibrated on the residuals. Infantino et al. (2018) built a ground-motion model based on their
databases to avoid any dependency on the GMPE. Likewise, we opt for the ad hoc GMPE approach
and we develop a study-specific ground-motion model, as described in section 5.5. We also calibrate
ad hoc models for each M,,, > 5.0 event of the Central Italy sequence to obtain a specific correlation

model for each earthquake. We assume the following functional form:

loglo Yl] = b1 + bz loglo \/R]ZB + bf + b3\/RJZB + bZ (16)

where by, b,, b; and b, are the model coefficients inferred through a one-stage ordinary regression,
which is justified as we are only using data from a single event each time. We show some of the

results in Figure 10 and Figure 12.

To investigate the dependence of spatial correlation on the chosen ground-motion model, we repeat
all the analyses using the GMPE provided by Bindi et al. (2011), which is also calibrated on Italian
data. This model was found by Michelini et al. (2019) to be the most suitable to predict ground
motions in shallow active crustal regions in Italy. Figure 15 presents a comparison between the
correlation models obtained implementing both the ad hoc and Bindi et al. (2011) GMPEs. We plot
the results illustrated in section 5.5, in which we consider both uncorrected and corrected within-

event residuals. Interestingly, the Bindi et al. (2011) model provides nearly the same range as the

32



583

584

585

586

587

588

589

590

591

592

593
594

595

596

597

598

599

600

601

model obtained including a site correction term for short-period IMs. At longer periods, the Bindi et
al. (2011) model approaches the range value inferred without incorporating any site correction factor.
We interpret these outcomes by also considering the results that we present in section 5.5. The Bindi
et al. (2011) GMPE takes into account the local-site effects through the definition of coefficients
based on the EC8 soil categories. Local-soil conditions most influence the spatial correlation of short-
period IMs and thus, it is not just chance that the correlation model inferred through the Bindi et al.
(2011) GMPE tends to the range obtained implementing a site-specific correction term. Conversely,
the influence of site conditions at longer periods is weaker, and the Bindi et al. (2011) and the

uncorrected correlation models nearly coincide.

dWes
No correction
dWes
Correction
Bindi et al. 2011

0.1 1 10 25 0.1 1 10 25
h [km] h [km]

Figure 15: Within-event ¢;; (dWes) correlation models for uncorrected and corrected residuals and computed
considering the GMPE by Bindi et al. (2011): (a) PGA; (b) spectral acceleration for T equals 2 s.

Overall, we believe that any GMPE can be used, provided that the selected ground-motion model fits
the data well, so that the residuals do not exhibit biases. Systematic deviations from the predicted
median might be mapped as an additional artificial correlation, which inevitably would affect the
seismic hazard and risk assessments of spatial distributed systems. This behaviour is shown in Figure
16, in which we compare the semivariograms obtained considering both the GMPE by Bindi et al.
(2011) and Boore and Atkinson (2008). Clearly, the Boore and Atkinson (2008) semivariogram

diverges from the Bindi et al. (2011) with increasing separation distance. This might be due to the
33



602

603

604
605

606

607

608

609

610

611

612

613

614

615

616

617

618

trend of the within-event residuals with distance found for the Boore and Atkinson (2008) model,

which reflects the inability of the GMPE to properly capture the observed IMs.

0.16
Boore and Atkinson (2008)

Bindi et al. (2011) o o

a
0.12- g
£ 0.081 Do o O
;.—

0044 o U

0.00 T T T
0 25 50 75 100

Separation Distance [km]

Figure 16: Sample semivariogram obtained using the GMPEs by Boore and Atkinson (2008) and Bindi et al. (2011).

6. Conclusions

In this article, we aimed to provide insights into the spatial correlations of earthquake ground-motion
intensity measures. A number of studies, such as Park et al. (2007) Goda and Atkinson (2009)
Esposito and lervolino (2011) and Verros et al. (2017), highlighted the importance of considering
such spatial correlations in seismic hazard and risk analysis, especially when the seismic risk of
spatially distributed systems has to be evaluated. Nevertheless, the correlation models proposed over
the past two decades feature significant discrepancies, which may lead to underestimation or
overestimation of the assessed seismic risk. Therefore, in this article, we critically summarised the
main findings of previous studies and we attempt to address the primary questions about ground-

motion spatial correlation.

We showed the two main approaches to estimate the spatial correlation of ground-motion intensity
measures. In principle, the implementation of either one or the other technique is expected to provide

similar results, as the semivariogram and the covariance are equivalent for second-order stationary
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random fields. Nevertheless, in agreement with Goda and Hong (2008) and Goda and Atkinson
(2009), we find that the results slightly diverge. Concerning the computation of the semivariogram,
the robust estimator (Cressie) is understood to be less sensitive to atypical observations, as
demonstrated by Oliver and Webster (2014). Therefore, we preferred using this estimator in contrast
to the classic one throughout the analyses, although the results from our simulations did not find any
significant difference between the two estimators. To fit experimental data, we advise prioritising
those techniques that weigh the shorter separation distances more highly, since these distances have
a strong impact on seismic hazard and risk assessments of spatially-distributed systems. At the same

time, we discourage adopting a manual fitting due to the high level of subjectivity involved.

Similarly to Jayaram and Baker (2009), we do not find any relationship between magnitude and
correlation distance. We are aware that the analysed dataset is limited in terms of magnitude range
(Mw 4.0 to 6.5), so that firm conclusions cannot be drawn on this aspect. However, we believe that
magnitude itself cannot explain the large variability of correlation distance values, especially when
the same region is considered. Thus, other source effects, such as directivity, azimuth and hanging
wall and footwall effects, should be accounted for, as outlined in Stafford et al. (2018) and Chen and

Baker (2019).

We found a positive correlation between the range and response-spectral period, as expected from
the literature. Small-scale heterogeneities in the travel path tend to affect less the long-period waves,

which turn out to be more correlated, compared to high-frequency waves.

We analysed the dependency of the spatial correlation on local-soil conditions, illustrating that the
influence of local-site effects and regional geology is period-dependent, as demonstrated by several
authors, such as Jayaram and Baker (2009), Du and Wang (2013) and Infantino et al. (2018). The
comparison between our analysis of data from Central Italy and the work proposed by Huang and
Galasso (2019) is significant. Firstly, it confirms the hypothesis that the dependency of spatial

correlation on site conditions in terms of local-site effects decreases as the period increases. Secondly,
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it suggests that a single rate of decay of the correlation as a function of the inter-site separation
distance is not suitable for seismic hazard and risk assessment, as the range appears to be regionally-
dependent, even though all the data came from the same country (Italy in this case). We believe that

region-specific spatial correlation models should be derived.

Finally, our results suggest that any suitable ground-motion model can be applied in correlation
studies, provided that the residuals do not exhibit significant trends or biases, which might result in
an apparent larger correlation. Therefore, a single correlation model could be used in seismic hazard
analysis even if many different GMPEs are employed to estimate ground-motion parameters.
However, as suggested by Sokolov et al. (2012), implementing a logic tree for correlation models as
already incorporated in probabilistic seismic hazard assessments, should be encouraged to account

for the high uncertainty in spatial correlation models.

We note that generally the models are poorly constrained at short separation distances (less than 2
km), due to a shortage of observations (Goda and Atkinson, 2010; Wagener et al., 2016). Results of
ground motion simulations could provide better constraints to further advance insights into the spatial

correlation of ground motions.

Data and resources

The full dataset of strong-motion waveforms of the nine M,, > 4.0 earthquakes of the 2016-2017

Central Italy sequences is available at the Engineering Strong Motion database (ESM,

http://esm.mi.ingv.it, last accessed September 2019) and the Italian ACcelerometric Archive
(ITACA, http://itaca.mi.ingv.it, last accessed September 2019). The full dataset of recordings of the

M,, = 2.5 events of the 2016-2017 Central Italy sequences is available at http://cnt.rm.ingv.it/ (last

accessed September 2019).
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