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ABSTRACT

Spatial correlation of ground motion intensity measures (IMs) plays a critical role in seismic hazard and risk assess-
ment, particularly for understanding how IMs vary across sites during an earthquake event. While conventional IMs
such as PGA, PGV and Sa(T) have been widely studied, there is a growing interest in so-called next-generation IMs,
such as Saavg(T) and FIV3, due to their increased accuracy in characterising seismic vulnerability. However, to date,
no spatial correlation models exist for these next-generation IMs, nor for their cross-spatial correlations with tradi-
tional IMs. This study proposes such a model for within-event residuals among five IM types, including both
conventional and next-generation ones. Principal component analysis (PCA) and geo-statistical methods were used
to develop the model based on 8484 ground motion records from the NGA-West2 and ESM databases. Two modelling
strategies were explored: a global PCA formulation that captures the joint spatial behaviour of all IMs and a pairwise-
PCA approach. The pairwise strategy improves the representation of semivariograms and cross-semivariograms for
specific IM combinations. However, it is primarily intended for pairwise analysis, while the global model provides a
consistent framework for joint simulation of multiple IMs. The proposed model shows good agreement with the
existing spatial correlation models for traditional IMs. The study found that clustering datasets by moment magni-
tude, M,,, did not significantly impact spatial correlations. In contrast, clustering based on site conditions, specifically
Vo (i.e., soft soil vs. hard rock), notably influenced the correlation structure and was hence considered.
Furthermore, illustrative applications indicate that neglecting cross-IM correlation can lead to underestimation
of joint exceedance probabilities. Given the current lack of spatial correlation models for next-generation IMs, this
study fills a critical gap by providing tools that support their integration into more accurate regional seismic hazard
and risk modelling frameworks.

1 | Introduction

Regional-scale seismic risk assessment has been an active research topic since the early 2000s (e.g., Wang and Takada
2005; Park et al. 2007) and continues to evolve with recent developments (e.g., Bodenmann et al. 2023; Heresi
and Miranda 2023; Acevedo et al. 2025; Bantis et al. 2025). A central objective at this scale is to quantify how
earthquake-induced losses and risk are distributed across large building portfolios and geographic regions. This has
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motivated several research groups to develop spatial correlation models for ground shaking since neglecting spatial
correlation has been shown to significantly bias regional loss estimates (e.g., Park et al. 2007).

Spatial correlation of ground motion intensity measures (IMs) has been modelled extensively over the past two decades
using various methodologies and datasets. Approaches including analytical formulations (e.g., Goda and Atkinson
2009; Aldea et al. 2022), geo-statistical tools such as semivariograms (e.g., Jayaram and Baker 2009; Esposito and
Iervolino 2011) and more advanced methods accounting for path and site effects (e.g., Bodenmann et al. 2023) are
all examples of possible models that can be found in the literature (Monteiro and O’Reilly 2026). Spatial cross-correlation
models, which describe the joint spatial behaviour of multiple IMs, have also been developed using diverse methods.
These include the Markov-type screening hypothesis (e.g., Goda and Hong 2008), linear model of coregionalisation
(LMC) (e.g., Loth and Baker 2013), principal component analysis (PCA) (e.g., Markhvida et al. 2018; Du and Ning
2021) and latent dimensions (LD) (e.g., Abbasnejadfard et al. 2020). A recent review by Monteiro and O’Reilly
(2026) compiled over 45 studies on spatial and non-spatial correlation modelling, comparing methodologies, IMs
and datasets used in regional risk assessments.

While significant advances have been made in developing spatial correlation models that allow the simulation of ground
motion fields (GMFs) for a wide range of IMs (e.g., Weatherill et al. 2014; Silva and Horspool 2019), parallel progress in
vulnerability modelling has led to increased use of more sophisticated IMs, such as average spectral acceleration,
Saavg(T), and filtered incremental velocity, FIV3, among others, which better capture structural demands
(e.g., O’Reilly 2021; Eads et al. 2015; Kazantzi and Vamvatsikos 2015; Davalos and Miranda 2019). However, the devel-
opment of spatial correlation models that allow GMFs to be developed for regional studies has not kept pace with these
trends. In particular, there is a specific lack of established models for the spatial and cross-spatial correlation of these next-
generation IMs, or their relationship with traditional IMs like Sa(T), PGA, PGV, etc. This gap limits analysts’ ability to
perform more advanced and accurate regional seismic risk assessments using the most informative IMs.

This article proposes a spatial cross-correlation model for within-event residuals across several IMs, including both con-
ventional and next-generation types. The model is developed using PCA and geo-statistical tools based on a combined
dataset of 8484 ground motions from the next generation attenuation relationships (NGA-W2) for Western US (Ancheta
et al. 2014) and European Strong Motion (ESM) databases (Lanzano et al. 2019). Two modelling strategies are explored: a
global PCA-based formulation that captures the joint spatial behaviour of all considered IMs and a simplified pairwise
fitting approach in which PCA models are calibrated individually for each IM pair. While both approaches are developed
and compared in this study, they serve different purposes: the global PCA formulation provides a unified framework for
multi-IM simulation, whereas the pairwise approach is introduced to improve the accuracy of individual IM-pair spatial
relationships.

In addition to comparing the proposed model with existing cross-spatial correlation models, the study also investigates the
influence of clustering the dataset by moment magnitude, M,,, site soil condition, Vs,, and the ground motion models
(GMMs) used to quantify the residuals and develop correlation models fit for practical implementation. Finally, an illus-
trative example is presented to demonstrate the generation of cross-GMFs between traditional and next-generation IMs,
along with a quantitative analysis of the influence of cross-IM spatial correlation on portfolio-level exceedance metrics.

2 | Ground Motions
2.1 | Available Datasets

A number of extensive ground motion datasets have played a critical role in developing spatial correlation models.
Commonly employed datasets include Japan’s K-NET and KiK-net networks (Aoi et al. 2004), the RESORCE database
(Akkar et al. 2014b), ITACA (Luzi et al. 2008) and the Ridgecrest database (Rekoske et al. 2020). Although each of these
could have been suitable for this study, two major databases were selected: the NGA-W2 database compiled by Ancheta
et al. (2014) and the ESM database curated by Lanzano et al. (2019). These datasets were used to develop a global cross-IM
spatial correlation model for active shallow crustal regions. Here, the term cross-IM indicates that the model establishes
correlations between different IMs. A total of 59 earthquakes were selected from the combined NGA-W2 and ESM data-
sets. The records were filtered according to the same criteria adopted in Aristeidou et al. (2024), as summarised in Table 1.
In addition to the selection criteria applied to the ground-motion parameters, a minimum usable frequency threshold of
0.17Hz was imposed, which corresponds to a maximum usable period of 6 s for each ground-motion record considered in
the database. Furthermore, only earthquakes with at least 40 associated records were retained, meaning that events with
fewer records were excluded from the analysis. This procedure resulted in a final dataset comprising 8484 ground-motion
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TABLE 1 | Range of input parameters used in the database filtering.

Description Min Max
Moment magnitude, M, 4.5 7.9
Rupture distance, Ry, (km) 0.0 300
Joyner-Boore distance, Ry, (km) 0.0 300
Distance perpendicular to fault strike, R, (km) —297.13 292.39
Hypocentral depth, Dy, (km) 2.3 18.65
Basin depth, Z,5 (m) 0.0 7780
Minimum useable frequency, f (Hz) 0.0 0.17
Depth to top of rupture, Z,,, (km) 0.0 16.23
Time-averaged shear-wave velocity, Vg, (m/s) 100 1270
Style of faulting 0 4

records, of which 5155 were obtained from NGA-W2 and 3329 from ESM. Figure 1 presents the distribution of moment
magnitude, M,,, Joyner-Boore distance, Rjp, and site soil condition, Vg, for the final dataset.

2.2 | IMs

The IMs considered in the cross-IM spatial correlation modelling in this study include:

» PGA: peak ground acceleration;
« PGV: peak ground velocity;

» Sa(T): 5% damped spectral acceleration at a
T € {0.01,0.05,0.075,0.1,0.2,0.3,0.4,0.5,0.75,1.0, 1.5, 2.0, 3.0, 4.0, 5.0} s.

vibration

period, T, where

* Saqu,(T): average spectral acceleration, defined as the geometric mean of N linearly spaced spectral acceleration
values. Several studies have proven how this IM improved efficiency, sufficiency and predictability in collapse risk
and economic loss estimation (e.g., Eads et al. 2015; Kohrangi et al. 2017). The formulation for Sa,,(T) is:

1
In Sag,(T)= NZ{Llln Sa(¢;T)

Saavg(T) = (Hflzl Sa(CiT»%
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FIGURE1 | M,, Ry and Vg, distribution of the filtered combined ground motion database.
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where Sa(c;T) corresponds to the 5% damped spectral acceleration value, N = 10 typically, ¢; is a factor
ranging uniformly from 0.2 to 2.0 and 0.2 to 3.0 for what were termed (Shahnazaryan and O’Reilly 2024)
Saguer(T) and S0aygs(T), respectively. The periods T selected for  Sagg are:
T € {0.1,0.15,0.2,0.3,0.4,0.5,0.6,0.75,0.8,0.9,1.0,1.2,1.5, 2.0, 2.5,3.0} s., and for Saavg3(T) are:
T € {0.1,0.15,0.2,0.3,0.4,0.5,0.60,0.75,0.8,0.9,1.0,1.2,1.5, 2.0} s;

« FIV3: proposed by Davalos and Miranda (2019), has shown promising results regarding the efficiency and suffi-
ciency in characterising the collapse performance of the buildings. Basically, it captures the cumulative effect of
ground motion pulses by integrating a filtered version of the acceleration signal over a sliding time window. The
periods selected are: T € {0.1,0.15,0.2,0.3,0.4,0.5,0.6,0.75,0.8,0.9,1.0, 1.2, 1.5, 2.0, 2.5, 3.0,4.0} s. This IM can be
briefly explained as

FIV3= max{Vs,maxl + Vs,maxz + Vs,max3; |Vs,min1 + Vs,minZ + Vs,min3 |} (3)

t+aT

Vi(t)= /t ligr(t) dt, VYt <teg—aT @

where V(t) represents a sequence of incremental velocity (IV) values computed over moving time windows of length
of aT. From this series, the three largest and three smallest local extremes, Vi yax1s Vimaxzs Vsmaxs @04 Vi ints Viminas
Vsmin3> r€spectively, are extracted. The variable T corresponds to the period of interest, while f,nd denotes the final
time step of the acceleration time history. The acceleration signal i, is obtained by applying a second-order
Butterworth low-pass filter to the original motion, using a cutoff frequency f, = ff, where f =1/T and f is a scaling
factor. Following the recommendation of Davalos and Miranda (2019), values of @ =0.7 and = T were adopted in the
generalised GMM (GGMM) employed here and consequently in this study.

2.3 | GMM and Residuals

The IMs values and corresponding residuals were computed using the GGMM proposed by Aristeidou et al. (2024).
Similar to other GMMs developed in the past, this model adopts the conventional lognormal functional form
expressed as

logyy IM;jcpm = pi(Xigms 0) + by - T+ W gy - Q)

where log,, IM,,  is the logarithm of ith IM of interest, 4;(Xy,n, €) is the predicted mean obtained from the GGMM based
on explanatory variables X, ,, (e.g., moment magnitude, M,,, rupture distance, Ry, site conditions, Vg, etc.), model
parameters 6 for a given earthquake k at site m, 6b;; and 6w, are the normalised between- and within-event residuals
of IM;, respectively, and finally 7; and ¢; are the between- and within-event logarithmic standard deviations, respectively.
In spatial correlation models, normalised within-event residuals are utilised, so the formulation to calculate them can be
deduced from Equation (5), solving for 6wy, as

_logyg IMjp — p;( Xy m» 0) — 0bi - 7;
6Wi,k,m - ¢
1

Previous studies have shown that normalised residuals are well represented by a normal distribution, with noticeable
deviations only beyond approximately four standard deviations Baker et al. (2021). Furthermore, IM residuals at multiple
sites are commonly modelled as following a multivariate normal distribution with mean zero and an associated covari-
ance structure Jayaram and Baker (2008).

(6)

3 | Spatial Correlation Model Development

In this section, the theoretical basis to develop a spatial correlation model is first presented using normalised within-event
residuals for each IM mentioned before. The approach then follows the PCA-based methodology initially employed
by Markhvida et al. (2018), combining PCA and geo-statistical methods to develop the proposed spatial correlation model.
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3.1 | Theoretical Background

When analysing spatial correlation across multiple ground motion parameters or IMs (PGA, PGV, Sa(T ), Saq(T), FIV3),
a multivariate approach is necessary. A multivariate random field extends the univariate case by representing the random
function as a vector of variables at each spatial location. To quantify spatial dependence within and between different
components of this multivariate field, the cross-semivariogram has been used (e.g., Loth and Baker 2013; Wang and Du
2013; Markhvida et al. 2018; Du and Ning 2021). For two random functions Zpy, (x) and Zpy (x), representing residuals of

IMs IM; and IM; at spatial locations x and x + h, the cross-semivariogram is defined as

vim, v, (R) = %]E[(ZIMi (%) = Zpy, (x + 1)) (Z1p, (X) = Zipg, (x + 1)) @)

GMMs already account for the systematic scaling of IMs with respect to magnitude, site conditions, distance, etc. After
removing this trend, the remaining residuals represent the unexplained variability, within which a component exhibits
spatial dependence. Residuals, therefore, provide the appropriate input to the cross-semivariogram, ensuring that the
dependence structure is not biased by large-scale deterministic effects. Since the theoretical formulation in Equation
(7) cannot be evaluated analytically, it is common to approximate it empirically using observed residuals from recorded
ground motions. This leads to the empirical cross-semivariogram, given as

Nyj(h)
v, i, (h) = ﬁ Z (21, (%) = 21v, (Xe + 1)) (21, (%) = 20v, (X + 1)) ®)
) a=1

where N ;(h) is the number of observed data pairs separated by an absolute distance h (normally computed using the
haversine formula for geographic coordinates). This empirical function summarises how cross-IM similarity decays with
separation distance.

Starting from Equation (7), the cross-semivariogram can be expanded as
7’1M,-,1Mj(h) = %E[(ZIMi (x) —Zy, (x + h))(ZIMj (x) —ZIMj (x+h))]

= JE[Zny,(x) - Zin, (%) = Zin, (X) - Zing, (X + h) = Zpng, (x) - Zpng, (x + )
+Zpp, (X + h) - Zppg, (x + h)]

= 3 (BlZung (9) - Zin, (5)] = ElZapg (%) - Zig (5 + )]
~ EZnng (%) - Z, (% + )] + E[Zung (6 + h) - Zin (x + ) )

©

Under second-order stationarity, the mean and covariance structure are assumed not to vary with location, which can
then be exploited to give

E[Z g, (x) - Zpng, (x)] = Cr, v, (0) + tang, - Hin
E[Z i, (x) - Zu, (x+h)] = CIM,-,IM (h) + pim, i (10)
E[Zpy, (x) - Zpy, (x + )] = Crvy,im, (R) + n, - b,
E(Zn, (x+h) - Ziyg (X +h)] = Crag, 1, (0) + ing, - pa,

where Cpy,, IMj(O) and Cyy,, IMj(h) are the cross-covariance at zero distance and at distance h, respectively. Substituting
into the expression for the cross-semivariogram gives

=3 [(CIM,-,IM,- (0) + pnng, - ﬂzM,-) -2 (CIM,.,IM,. (h) + tren, - /*tIMi)
(CIMj,IMi(O) + pm, ‘ﬂIMj)] a1
1

=3 [2CIM,-,H\/1J-(0) + 2unv, -+ g, — 2Cra, i, (R) — 201, - ﬂIMj]

+

If the cross-covariance function is symmetric (i.e., Cpy,, ™ (h)= Crm,, 1, (h)), the expression simplifies to

viv,, v, (R) = Crng, v, (0) = Crag, rng (R) (12)
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and the cross-covariance function can be written in terms of the cross-semivariogram as follows:
Crm,, v, (M) = Crvt, 1, (0) = ¥1na,, 1na, (H) (13)
From this, the spatial correlation function can be derived as (Wang and Du 2013)

CIMl-,IMj (0) Yim;, 1v; (h)
pIMi,IMj(h') = -
\/CIM,-,IM,- (0) X Cr1,,1,(0) \/CIMi,IMi (0) X Crng,,1m,(0)

(14)

To represent the spatial relationships among all N number IMs, the cross-semivariogram matrix of terms, I'(h), the cor-
responding covariance matrix, C(h), and the correlation matrix, R(h), are defined as

-71M1,1M1 (h) cee YIM, IMy (h)
L'(h) =y, v, (h)] = : - . 1s)
LY IMy,IM, (h) <o YIMy,IMy (h)
_CIMI,IM] (h) ... Cim,, vy (h)
C(h) =[Crm, 1, (R)] = : . . (16)
_CIMN,IM1 (h) ... CIMN,IMN (h)
_pIMl,IMl (h) <o PIM,,IMy (h)
R(h) = [prm, m, (h)] = : - . a7)
LPIMy, IM, (h) <o PIMy,IMy (h)

Since normalised within-event residuals are often modelled as following a multivariate normal distribution, their spatial
variability for a specific earthquake event k can be fully described by their mean and covariance. The mean is assumed to
be zero, and the covariance matrix, X, captures the spatial dependence across M observation sites, For event k, the full
covariance matrix is assembled using the N X N sub-matrices C(h) for each inter-site separation:

C(Zu) C(Zu) e C(Zuw)
Z(event k) _ C(21) C( 22) C( ZM) (18)
Clhan) oo vr Clham)

Maintaining a positive definite covariance matrix is essential for valid spatial modelling and ensures physically realistic
simulation when developing GMFs. Several studies (e.g., Loth and Baker 2013; Wang and Du 2013; Markhvida et al.
2018; Abbasnejadfard et al. 2020; Du and Ning 2021) have proposed different methods to fit cross-semivariograms models
while preserving this property.

32 | PCA

In PCA, normalised within-event residuals are linearly transformed to an orthogonal basis, which produces uncorrelated
principal component (PC) projections in a new coordinate system. Equations (19) and (20) define that linear transfor-
mation, where P is the orthogonal linear transformation matrix with size N X N, Z is the matrix with normalised IM
within-event residuals for each record so the size is N XM and Y is the final matrix with the transformed uncorrelated
variables with the same shape as matrix Z, where N is the total number of IMs and M is the total number of records.

PZ=Y (19)
Pim, -+ Pumy | [Zim, (1) o Ziu, () i) o i)
: ' : : - : =1 - : (20)
PN, -+ DPnimy ) LZimy (1) ... Zm, (xm) () o yn(e)
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The original residuals can be recovered from the PCs as
Z=P- 1Y =PTY (21)

For a better understanding of how PCA works, Figure 2 demonstrates the steps necessary to go from matrix Z to matrix Y.
The process begins with the residuals matrix, denoted as Z, which contains the normalised IM within-event residuals,
where each row corresponds to a record and each column to an IM.

PCA reduces data complexity by projecting the original dataset into a smaller set of orthogonal components that capture
the main spatial variations. These PCs can be thought of as capturing the main modes of spatial variation in the data,
which are much easier to analyse compared to the original multi-dimensional data. This methodology was applied to
pooled earthquake data, as there was a good agreement in the mode behaviour between each earthquake individually and
the pooled data. Using this methodology, 21 models were developed for each IM pair used in this study. Table 2 sum-
marises the cross-IM spatial correlation models developed in this study, denoted as MAO26, and also some other cross-IM
spatial correlation models from the literature.

3.3 | Spatial Correlation Using PCs

Empirical semivariograms and cross-semivariograms were computed for each transformed dataset Y following Equation
(8) using a distance bin of 2 km. For this model, the pooled data across all stations were used, resulting in a total of
1,004,030 station pairs. To characterise the spatial dependence structure of the PCs, a nested semivariogram model pro-
posed by Markhvida et al. (2018) was employed. This model, presented in Equation (22), accounts for the initial discon-
tinuity at the origin, commonly referred to as the nugget effect, as well as both short-range and long-range spatial
correlation behaviours. In this formulation, {;,_, is an indicator function that takes the value of 1 when h=0, and 0
otherwise. The parameters ¢y, Cii, Cox, @1 and a,y are regression coefficients estimated for each PC k.

-3h -3h
y(k):cok(l—ch:0)+clk<1— exp ( afk )) +Czk(1— exp < ai >> (22)

Figure 3 illustrates the empirical semivariograms and the corresponding fitted nested models for the first 10 PCs.
Figure 3a corresponds to the first three PCs, while Figure 3b shows results from the 4th to the 10th PCs. The semivario-
gram model coefficients, including the nugget, sill and range parameters, were estimated using an ordinary least squares
approach, which minimises the sum of squared differences between the empirical semivariance values 7(h;) and the
values predicted by the nested model y(h;;0):

Residuals Matri Compute the Mean for each Compute the Covariance
1éu = column and center the Data Matrix
1
C= chTentered * Zeentered
Zy(x1) - Zo(za) 1 & 4,
7_ nj = N Z IM;; U%Ml s oMMy
Ziuy(x1) - Zouy(eu) Zeentered = Z — 11 =
2
OIMyIM, **° TiMy
Project the Data onto Sort the eigenvectors Compute the Eigenvalues
Tranform the Data g ! .
Principal Components by largest eigenvalues and the Eigenvectors
(K=2)
)\12)\22"')\]\] C-v=A-v
Y = P Zcenterea P= [V1 Vz}
Viorted = [V1 V2 ... Vi] V=[vi...vy]
FIGURE 2 | PCA workflow.
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TABLE 2 | Cross-IM spatial correlation models proposed here and existing ones from the literature.

IMs Sa(T) St (T) Sage3 (T) PGA PGV FIV3
Sa(T) MAO?26, MAO26 MAO26 MAO26, MAOQO?26, MAO26
LB13, DN21 DN21

MCB18,
DN21

Sage (T) MAO26 MAO26 MAO26 MAO26 MAO26
SAgye3 (T) MAO26 MAO26 MAO26 MAO26
PGA MAO26, MAO?26, MAO26

DN21 DN21
PGV MAO26, MAO26

DN21
FIV3 MAO26

Note: MAO26: This study; LB13: Loth and Baker (2013); MCB18: Markhvida et al. (2018); DN21: Du and Ning (2021).

. PC4
< PC1

smse? PC5

PC6
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FIGURE 3 | Empirical semivariograms and the fitted models for (a) the first three PCs and (b) for the 4th —10th PCs.

O=arg miny _ (7(h) =7 (h;;0))° (23)
i=1

where 6 ={cy, ¢, a;,¢,,a,} are the model parameters (nugget, sills and ranges). This approach provides a standard, con-
ceptually simple fit of the nested semivariograms to the observed data for each PCs. Several other methodologies for
semivariogram fitting, including ordinary and weighted least squares (WLS) approaches, are reviewed by Baker and
Chen (2020).

As observed in Figure 3, the spatial correlation structure varies considerably with PC order. In this context, it is useful to
identify how many PCs of the transformed data are necessary to retain a significant amount of the original variance since
the first PC captures most of the variance and so on.

In many cases, particularly for higher order components, the empirical semivariance increases only gradually with dis-
tance, which would justify the use of a simplified model that accounts only for the nugget effect.

4 | Results
4.1 | Model Fitting

To validate the proposed model, it is essential to compare the spatial variability derived from empirical ground motion
residuals in the original normalised space Z with the modelled cross-semivariograms. This comparison relies on a
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multivariate adaptation of the covariance structure to incorporate inter-IM relationships as expressed in Equation (14).
Following the formulation by Markhvida et al. (2018), the cross-semivariogram between two IMs, IM; and IM;, can be
written as

J’IMi,IM_,-(h) = CIMi,IM,-(O) - CIMi,IMj(h)
ko1 Pram,Prins, COV(Y(x), Y (X)) = 3201, P Proam, COV (Y (x), Y (x + 1))
= 2 oie1 PrantPran; (Ci(0) = Ci(R)

P Pr.im,Pr.am; Yk (h)

(24)

Here, py y, and Pk.m, are the coefficients of the kth PC for the respective IMs, obtained from the PCA transformation

matrix P, and N is the total number of PCs used. The term y, (h) represents the semivariogram of the kth PC evaluated at
separation distance h, calculated using Equation (22). This decomposition enables the reconstruction of the cross-semi-
variogram in the original space as a weighted sum of individual PC semivariograms. Empirical semivariograms and cross-
semivariograms are estimated using the residuals of the original IMs, following the procedure described in Equation (8).
By comparing these empirical estimates with the model-based reconstructions, it is possible to assess how well the
PCA-based approach captures the spatial correlation structure across different IMs.

The semivariogram, variance and covariance functions must be normalised by the explained variance percentage to
account for the missing variance. This normalisation was applied by Markhvida et al. (2018) and Du and Ning
(2021) as shown in Equations (25), (26) and (27), respectively.

Cok(1—5h=o)+61k<1—exp (_Sh))+czk<l—exp (-_3}1))

5513 Aok

ri(h)= @3
%O-gxpl.cum
Cy(0) = S0kt T O o6
%Uexpl.cum
Cik(h) = Ci(0) —yi(h)
i e (52) rewm (2) o
%ngpl.cum

The cross-variance and cross-covariance for each pair of IMs can be computed with the same methodology as Equation
(24), as shown in Equations (28) and (29), respectively. The final correlation, pyy, IMj(h), is then obtained by applying

Equation (14).

N
Crn, 1, (0) = ZPk,IM,- “ Pram; * Ci(0) (28)
=1
N
Crm,m,(h) = Zpk,IMi “ Py, - Ci(h) (29)
=1

In order to understand how the fitted semivariograms and cross-semivariograms compare to the empirical values,
Figure 4 presents examples of these comparisons for different IM pairs. Each plot shows both empirical and modelled
semivariograms and cross-semivariograms using all selected PCs in the summation. The results indicate that while the
PCA-based model generally preserves spatial correlation patterns across different IM types, including Sa(T), Sa,,,(T) and
other measures like FIV3, some deviations are observed. In particular, pairs like Sa(T)-—FIV3(T)/PGV and
PGA — FIV3(T) show less accurate fitting, which will be explored further in the next section.

4.2 | Global versus Pairwise Fitting of PCs

The imperfect fitting observed in Figure 4 for some IM pairs was already observed in Markhvida et al. (2018) and Du and
Ning (2021), which suggests that the full PCA-based model, which incorporates many IMs simultaneously (Equation (20)),
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FIGURE 4 | Comparison between empirical semivariogram and model semivariogram using Equation (24) with all PCs for the

model used.

sometimes fail to capture pairwise spatial correlations accurately. This is because including multiple IMs compromises the
fitting accuracy of specific pairs while trying to maintain overall accuracy. To address this, a simplified modelling approach
that focuses on each pair of IMs individually was investigated, using only two PCs relevant to that pair and one PC in the
case of using the same IM.

Table 3 summarises the number of PCs used for each model in this work, alongside comparisons to previous studies. For
more information regarding the PC coefficients used for each combination pair of IM, please refer to the online GitHub
repository. If an IM period not explicitly listed is required, the PC coefficients can be linearly interpolated without sig-
nificantly impacting the model or its parameters, as noted by Markhvida et al. (2018).

Instead of reconstructing, for example, Sa(0.1) — Sa(0.5) cross-correlation from the global model with 22 PCs covering all
Sa(T) periods, each pair was modelled via Equation (20) with just two PCs specifically capturing their joint behaviour.
Figure 5a illustrates this approach with the example of Sag,e(0.1) — Sa,,,(0.5), where the full model uses 22 PCs, while
the simplified use only 2 PCs. The simplified model demonstrates a much improved fit to the empirical semivariograms,
with no real computational penalty, aside from needing to fit several individual models rather than a single one. Applying
this simplified modelling approach, where each IM pair is analysed individually, Figure 5b presents the WLS errors for all
pairs that the global model was developed. In this context, the WLS quantifies the discrepancy between the empirical and
the modelled semivariograms obtained using Equation (24). As expected, the simplified two-IM model often yields lower
WLS errors, indicating a better fit to the observed spatial variability.

The pairwise modelling strategy adopted in this study enhances the fitting accuracy of individual semivariograms and
cross-semivariograms by constructing PCA transformations independently for each IM pair. Because each pairwise model
is formulated in a two-dimensional space, it produces a valid 2 X 2 covariance structure. However, when multiple inde-
pendently calibrated pairwise models are assembled into a higher dimensional covariance matrix, positive semi-
definiteness is not formally guaranteed for arbitrary combinations of IMs. This limitation reflects a trade-off between

10 of 22 Earthquake Spectra, 2026

85U8017 SUOWIWOD 8A181D 3|edl|dde 3y Aq peuenob 8 Seolle O ‘SN JO'S3INJ o} Akeiq) 8UlUO A1 UO (SUORIPUOD-PUR-SWLBHW0D A8 | 1M ARIq U UO//:SANY) SUORIPUOD pue swis | 841 88S *[9202/50/9T] Uo Akiqiauliuo (1M ‘eined I ISIBAIUN - A[1BY.0 PR Aq 9200L 7AS8/200T 0T/10p/W0d A8 |imAeIq1 Ul uo//Sdny Wo.j pepeojumod ‘Z ‘9202 ‘T0Z8rr6T



TABLE 3 | Comparison of the number of principal components used in the simplified models between this study and models
developed by Markhvida et al. (2018) and Du and Ning (2021).

This study This study

(global (pairwise Markhvida et al. Du and Ning

Models model) model) (2018) (2021)
No. of earthquakes 59 59 45 28

No. of ground motions 8484 8484 4910 3797

No. of PCs used in total 22 2/1* 19 23

No. of PCs used in reduced 3 2/1* 5 7
model

%02 ol cum 95 100 95 90

Note: *2 PC were used when applying PCA to different IM pairs (e.g., PGA-PGV); only 1 PC was used when the same IM was paired with itself
(e.g., PGA-PGA).
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FIGURE5 | (a) Comparison between PCA-based models with fewer and total amount of PCs for Sagygeq2(0.1) = S@gygsaz (0.5) cross-
semivariogram model, and (b) error reduction for all semivariograms and cross-semivariograms when used two specific IM pairs and all
of the IM pairs simultaneously.

local fitting accuracy and global structural consistency. Joint latent-variable formulations, such as those proposed
by Markhvida et al. (2018), or linear models of coregionalisation (e.g., Loth and Baker 2013), enforce positive semi-
definiteness through a unified covariance structure. However, when a large number of IMs are included simultaneously,
such global approaches may compromise the accuracy of individual pairwise relationships. In contrast, the present meth-
odology prioritises accurate representation of pairwise spatial dependence across a broad set of IMs, without imposing a
single global covariance constraint. As a result, the pairwise formulation should be interpreted primarily as a modelling tool
for accurately representing pairwise spatial dependence between two IMs. For applications requiring the joint simulation of
multiple IMs, the global PCA model should be used, as it provides a unified covariance structure that is internally consistent
by construction.

While direct fitting of semivariograms could potentially provide slightly improved agreement with empirical correlations, it
does not naturally provide a generative framework for simulating spatially correlated residual fields across multiple IMs. In
contrast, the global PCA-based formulation introduces a latent-variable structure in which a reduced number of spatially
correlated PCs can be simulated and subsequently transformed back into the original IM space. This enables efficient gen-
eration of spatially correlated GMFs while preserving both spatial correlation and cross-IM correlation. In the pairwise
formulation, PCA is applied in a two-dimensional setting, and, therefore, no dimensionality reduction is achieved. The
computational advantage observed in this case arises from the factorisation of smaller covariance matrices rather than
from a reduction in the dimensionality of the system. By contrast, global PCA models involving multiple IMs can achieve
true dimensionality reduction and provide a more efficient framework for high-dimensional simulation problems.
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Although the pairwise framework can be extended to multi-IM applications, assembling independently calibrated models
does not guarantee a positive semi-definite covariance matrix, which may lead to computation inconsistencies. This issue
can be addressed through reconstruction of a consistent correlation matrix (see Supplemental Material), for example by
projection onto the nearest positive semi-definite matrix (Higham 2002), followed by transformation to covariance form.
However such procedures introduce additional processing steps and depart from the unified PCA-based latent-variable
structure of the global PCA formulation. A comparative example is provided later in Section 6, indicating that this
approach can still achieve reasonable accuracy for the case study considered. Both the pairwise and global models devel-
oped in this study are available in the accompanying GitHub repository to enable future study on the feasibility of this
alternative.

4.3 | Comparison with Previous Models

The performance of the proposed global and pairwise inter-IM spatial correlation models are compared against previous
studies that developed cross-spatial correlation models for several IMs as mentioned in Table 2. Figure 6 presents rep-
resentative examples of correlograms (plots of correlation coefficients as a function of separation distance) and cross-
correlograms for Sa(T) at periods of 0.01, 0.1, 0.5, 1, 2 and 5's, chosen to illustrate the behaviour across short-, interme-
diate- and long-period ranges.

Overall, the proposed model exhibits trends broadly consistent with existing formulations. The model of Du and Ning
(2021) systematically predicts higher correlation values across periods and separation distances compared to the other
models. In contrast, the proposed models shows a somewhat faster decay of spatial correlation with distance
than Markhvida et al. (2018), while generally predicting higher correlations than Loth and Baker (2013).
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FIGURE 6 | Comparison of the proposed correlograms and cross-correlograms for different Sa(T) between this study and other
studies.
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These differences observed in Figure 6 likely stem from several methodological factors, including differences in ground
motion datasets, modelling assumptions and functional factors, including differences in ground motion datasets, model-
ling assumptions and functional forms. In particular, the treatment of dimensionality reduction through PCA can have a
significant influence on the resulting correlation structure. The approach adopted by Du and Ning (2021), which involves
pooling PCs across earthquake events, may lead to smoother and more uniform correlation estimates depending on how
event-specific components are combined. For example, variations in the orientation (sign) of PCs across events can affect
the aggregated representation if not explicitly harmonised prior to pooling. Such effects could contribute to the compar-
atively higher and less rapidly decaying correlations observed in their model when compared to others, such
as Markhvida et al. (2018) which used similar data.

By contrast, the present study and Markhvida et al. (2018) retain stronger event-specific structure in the dimensionality
reduction stage, which may preserve a greater degree of variability and lead to comparatively lower correlation estimates.
These observations highlight the sensitivity of multivariate spatial correlation models to implementation details in PCA-
based frameworks, even when broadly similar datasets and modelling philosophies are employed.

These differences, observed in the correlograms and cross-correlograms in Figure 6, arise from several methodological
choices. Beyond the selection of ground motion databases and functional forms, the treatment of dimensionality
reduction via PCA is particularly influential. For instance, the higher correlations in the Du and Ning (2021) model
may be related to the way PCs are pooled across different earthquake events, if the signs of these components are
not consistently aligned before averaging, the resulting pooled model can undergo a degree of over-averaging. This
process can inadvertently smooth out event-specific variability, leading to the higher and more uniform correlation esti-
mates seen in their results. Conversely, the present study and Markhvida et al. (2018) appear to preserve more of this
inherent dispersion, resulting in the comparatively lower correlation values that better reflect the diversity of the under-
lying seismic records.

Further representative comparisons for other IMs, including Saq,g; (T), Saqye3 (T) and FIV'3, are shown in Figure 7. To the
authors’ knowledge, no direct inter-IM spatial correlation models exist for Sa,,,(T) or FIV3. In this study, an indirect
estimation of Sag,g (T) correlations was derived following the methodology proposed by Heresi and Miranda (2021) and
compared with the direct model proposed herein, showing good overall agreement between both approaches. The pre-
sented model offers the first insight into the spatial correlation structure of these composite IMs. With respect to
FIV3, Aristeidou et al. (2025) observed strong internal correlations of the IM with itself across different periods. In par-
ticular, the spatial correlation analysis revealed that the cross-correlograms both across different FIV3 periods and
between FIV3 and PGV exhibit highly consistent behaviour.

5 | Sensitivity Analysis

To explore potential dependencies in spatial correlation models, this section investigates their behaviour when applied to
clustered datasets. Previous studies have examined the role of magnitude (e.g., Azarbakht et al. 2014; Baker and Bradley
2017), with mixed conclusions: some reporting no significant influence, while others found noticeable effects. Site con-
ditions have also been shown to matter. For example, Jayaram and Baker (2009); Wang and Du (2013) demonstrated that
clustering databases by V3, values can alter the observed correlations, as the range differs when earthquakes are analysed
in relatively non-homogeneous soil conditions. In the following sensitivity analysis, the simplified pairwise model is
adopted for all computations and applied consistently across the different clustering datasets.

5.1 | Impact of Earthquake Magnitude

The influence of earthquake magnitude on the spatial correlation modelling was investigated. The same filtering criteria
were maintained, but with a stratification of events based on moment magnitude, M,,, to create two subsets: 1) a low-
magnitude (M, < 6) events: 35 earthquakes yielding 3312 ground motion records (894 from NGA-W2 and 2418 from
ESM); and 2) a high-magnitude (M,, > 6) events: 24 earthquakes yielding 5171 ground motion records (4261 from
NGA-W2 and 910 from ESM). The correlograms and cross-correlograms derived from these two magnitude-based data-
sets were compared with those from the full (non-clustered) dataset, as shown in Figure 8 bottom. The comparison
indicated minimal differences in spatial correlation patterns between the low- and high-magnitude subsets and the full
dataset. Similar behaviour was observed across various IMs, including Sa(T), S@ag (T), S@qaues(T) and FIV'3 at multiple

Earthquake Spectra, 2026 13 of 22

85U8017 SUOWIWOD 8A181D 3|edl|dde 3y Aq peuenob 8 Seolle O ‘SN JO'S3INJ o} Akeiq) 8UlUO A1 UO (SUORIPUOD-PUR-SWLBHW0D A8 | 1M ARIq U UO//:SANY) SUORIPUOD pue swis | 841 88S *[9202/50/9T] Uo Akiqiauliuo (1M ‘eined I ISIBAIUN - A[1BY.0 PR Aq 9200L 7AS8/200T 0T/10p/W0d A8 |imAeIq1 Ul uo//Sdny Wo.j pepeojumod ‘Z ‘9202 ‘T0Z8rr6T



1.0

5 <
S Eo.s& —— This study - global model
“Q ] —— This study - pairwise model
1.0 10 —— MCB18 model
S < LB13 model
< T o054 0.5
e 2 K& —— DN21 model
T Q .
i 00 =] 00y T —-== Indirect Sas,g2(T)
1.0 1.0 1.0
5 ~
= <
= T 054 0.5 0.5
{Vu] @ 0.01 0.0 A 0.0 A
1.0 1.0 1.0 1.0
3 g
2L £ o5 o.sL 0.5 051
m 2
> £ |
woQ 0.01 0.0 A 0.0 A 0.0 1
1.0 1.0 1.0 1.0 1.0
=
a EO.S* 0.5 1 OSK 05& 0.5 4
- & \
e 0.0 1 0.0 1 0.0 1 0.0 1 0.0 1
1.0 1.0 1.0 1.0 1.0 1.0
<
E(') §05¥ 0.5& o.sk 0.5 0.5 1 0.5
h S g
< 0.0 1 0.0 1 0.0 1 0.0 1 0.0 1 0.0 1
6 5‘0 160 1.")0 6 5‘0 160 15‘:0 6 Sb 160 1_")0 6 5‘0 160 l.":O 6 Sb 160 15‘:0 6 5‘0 160 1_%0
h (km) h (km) h (km) h (km) h (km) h (km)
Sa(0.1) Saavg2(0.5) Saavg3(1.0) FIV3(1.5) PGV PGA

FIGURE 7 | Comparison of predicted correlations and cross-correlations for Sa(T), Sa,(T), FIV3, PGV and PGA between this
study and other studies.

periods. These findings align with previous observations that spatial correlations of IMs are relatively insensitive to earth-
quake magnitude. However, it is noted that both the low- and high-magnitude subsets exhibit slightly higher p(h) values
compared to the combined (non-clustered) dataset. A plausible explanation for this behaviour lies in the statistical effects
of heterogeneity mixing. When events spanning a broad magnitude range are pooled together, differences in source
characteristics and associated between-event variability may introduce additional dispersion in the residuals. This
increased variability can effectively dilute the apparent spatial coherence, leading to a modest reduction in the estimated
correlation coefficient. In contrast, clustering the dataset by magnitude reduced this inter-event heterogeneity, resulting
in more homogeneous residual fields and consequently slightly higher estimated spatial correlations.

5.2 | Impact of Site Soil Conditions

The influence of site soil conditions on the spatial correlation modelling has been previously investigated in the literature
(e.g., Jayaram and Baker 2009; Wang and Du 2013). Here, the combined ground motion database was further analysed by
stratifying it based on Vg, values into two main categories: 180 m/s < V3, < 360 m/s group comprises 16 earthquakes and
1834 recordings (1650 from NGA-W2 and 184 from ESM), while the high-V g, group contains 48 earthquakes and 5334
recordings (2837 from NGA-W2 and 2497 from ESM). Figure 9 top shows the distribution of the number of records by M,,,
and the corresponding V;, values in each magnitude bin.

Figure 9 bottom presents a comparison of correlograms and cross-correlograms for several IMs, based on the two V3,-
clustered datasets and the full (non-clustered) dataset. For most IM pairs, the influence of Vs, clustering appears mini-
mal, suggesting that the use of a non-clustered database (black line) is generally reasonable. However, differences emerge
with increasing periods and softer soils. As the period of Sa(T) or Sa,,(T) reaches 1.0-1.5s, the correlation coefficients
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FIGURE8 | Comparison of predicted correlograms and cross-correlograms for different IMs varying the level of M,, (bottom), and

distribution of M,, for the two clustered datasets (top).

of the low and high-V 3, groups tend to converge towards the non-clustered dataset. Notably, for shorter periods, the
low-V 3, group exhibits lower correlation, while at longer periods, it often shows higher correlation compared to the high-
V30 group.

To assess whether the differences observed between the two V,-clustered datasets could be attributed to the disparity in
sample sizes, an additional analysis was conducted. Random subsets of approximately 1500 recordings were extracted from
the high-V i, dataset (originally containing 5334 recordings), ensuring each subset maintained a minimum of 40 records per
earthquake. The results from these subsets closely matched those obtained from the full high-V 5, clustered dataset, indi-
cating that the spatial correlation model was not overly dependent on sample size. This finding reinforces the conclusion
that the differences between the low and high-V g, groups for FIV3 are indeed driven by the underlying site conditions,
rather than unequal sample sizes, as previously noted in studies for Sa(T) such as Jayaram and Baker (2009), for example.

5.3 | Impact of GMMs

This study also investigated the impact of different GMMs on spatial and cross-spatial correlation modelling. Figure 10
presents a comparison of correlograms and cross-correlograms obtained in this study with those derived using alternative
GMMs, namely, Akkar et al. (2014a); Campbell and Bozorgnia (2014) and Chiou and Youngs (2014), referred to as ASB14,
CB14 and CY'14, respectively. A simplified version of the Aristeidou et al. (2024) GMM was also included in the compar-
isons, which can be found on that study’s GitHub repository. This version requires fewer input parameters, but comes at
the expense of a slightly increased dispersion compared to the original model. As illustrated in Figure 10, the correlation
coefficients obtained using ASO24 GMM are generally lower, yet they remain in strong overall agreement with those
derived from the other GMMs. It is also evident that the simplified version of the Aristeidou et al. (2024) GMM exhibits
behaviour similar to ASB14, CB14 and CY14, which can be attributed to differences in residuals computed from each
underlying GMM. For the ASO24 GMM, residual differences are notably larger at smaller distances compared to the other
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distribution of the number of records taking into consideration the M, and different bins of Vs, (top).

models, which alters the shape of the empirical semivariogram, leading to faster decays from small distances.
Consequently, when the correlation coefficients are calculated using Equation (14), the correlogram yields slightly dif-
ferent values. In short, although applying different GMMs can introduce some variation in correlation levels, the broader
spatial correlation trends remain consistent.

6 | Application Example

To explicitly demonstrate the cross-IM capability of the model, multi-IM simulations were subsequently performed in
which spatial and cross-IM correlations were considered simultaneously. For these simulations, the global PCA model
was adopted to ensure a consistent latent-variable structure across multiple IMs. While the pairwise PCA formulation
provides improved accuracy for individual IM pairs, it does not directly define a consistent latent-variable structure for
more than two IMs, consequently when multiple pairwise models are assembled, the resulting covariance matrix is not
guaranteed to remain positive semi-definite. Therefore, for applications requiring simultaneous simulation of multiple
IMs, the global model is used to ensure internal consistency of the simulated fields. Because between-event correlation
models are currently available only for Sa(T), the between-event cross-IM correlation was assumed equal to the corre-
sponding within-event correlation at zero separation distance (h = 0), consistent with the common assumptions in prior
literature (e.g., Goda and Hong 2008). This enables a coherent joint simulation of all four IMs while remaining consistent
with existing empirical knowledge. The resulting cross-correlation fields are shown in Figure 11. In contrast to the inde-
pendently simulated fields, these joint simulations preserve the spatial co-variability between IMs, such that regions of
elevated motion in one IM are systematically associated with elevated levels in the others according to the prescribed
cross-correlation structure. This coherence is particularly relevant for applications involving vector-valued IMs or loss
estimation frameworks where multiple IMs jointly influence structural response.
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(2024), ASO24s: simplified version of Aristeidou et al. (2024), CY14: Chiou and Youngs (2014), CB14: Campbell and Bozorgnia (2014),
and ASB14: Akkar et al. (2014a).

This application illustrates the practical consequences of incorporating cross-IM spatial correlation in multi-IM simu-
lations. When cross-IM dependence is neglected, spatial patterns of different IMs are implicitly treated as independent,
which alters their joint variability structure and may bias joint exceedance probabilities in regional risk assessments. By
explicitly modelling both spatial and cross-IM correlation, the proposed framework enables coherent multi-IM simulation
within a single probabilistic model.

To provide a quantitative illustration of the implications of cross-IM correlation, a simplified portfolio-level exceedance
analysis was performed based on joint IM threshold exceedance. In this example, each spatial location in the GMF was
interpreted as an asset and classified as affected when all IM thresholds were jointly exceeded. The IMs chosen here were
Sa(1.0), PGV and FIV3(0.5), and the thresholds utilised were 0.1g, 10cm/s and 15cm/s, respectively. The selected
thresholds were deterministic and illustrative, and do not correspond to a specific damage state. Instead, they provide
a convenient proxy to examine how joint IM variability propagates to portfolio-scale metrics and could be investigated in
more specific detail in future studies for different regions and structural typologies.

Here, the number of affected assets n jointly exceeding these thresholds was computed and expressed as a fraction of the
total number of assets considered, which was N =1107. These joint IM exceedances were computed for 1000 GMF, from
which the empirical exceedance probability was derived, i.e., P(IM; > imy,IM, > im,,IM; > im3). To simulate the GMF,
three modelling strategies were considered. First, each IM was simulated independently, neglecting cross-IM correlation.
Second, simulations were performed using the global PCA model. Third, the pairwise PCA model was also extended to
multi-IM case. In this latter approach, a full correlation matrix was assembled from pairwise models and subsequently
projected onto the nearest positive semi-definite matrix following Higham (2002), as detailed in a Supplemental Material.
Figure 12 presents the results for the three-IM combination Sa(1.0) — PGV — FIV3(0.5).

Earthquake Spectra, 2026 17 of 22

85U8017 SUOWIWOD 8A181D 3|edl|dde 3y Aq peuenob 8 Seolle O ‘SN JO'S3INJ o} Akeiq) 8UlUO A1 UO (SUORIPUOD-PUR-SWLBHW0D A8 | 1M ARIq U UO//:SANY) SUORIPUOD pue swis | 841 88S *[9202/50/9T] Uo Akiqiauliuo (1M ‘eined I ISIBAIUN - A[1BY.0 PR Aq 9200L 7AS8/200T 0T/10p/W0d A8 |imAeIq1 Ul uo//Sdny Wo.j pepeojumod ‘Z ‘9202 ‘T0Z8rr6T



-118.80

FIGURE 11

FIGURE 12

-118.60 -118.40

-118.20 -118.80

-118.60

-118.40

-118.20

Unconditional cross-IM GMFs for the 1994 Northridge earthquake using the spatial correlation model developed in
this study for (a) FIV3(0.5), (b) PGV, (c) Sa(1.0), and (d) Sagg(1.0).

o© o o =
& [e)] [ee] o
1 1 1 1

Probability of exceedance
©
N
1

Case with cross-IM
using global-PCA model

Case with cross-IM
using pairwise-PCA model

——— Case without cross-IM

o
o

0

200 400 600
Number of affected assets

800

Empirical exceedance probability of the number of affected assets under a joint IM exceedance criterion, comparing
simulations with and without cross-IM spatial correlation for Sa(1.0) — PGV — FIV3(0.5).

18 of 22

Earthquake Spectra, 2026

sdiy) SuoRIPUOD pue swLe 18U} 88S *[920¢/S0/9T] U0 ARIgITaUIUO ABIIM ' eINed I @ISAIIN - A|1BY.0 PXeR9 A 92002 70S8/200T OT/I0p/L0D" A3 1M Alelq 1 pulju0//Say Woly pepeojumod ' ‘9202 ‘T0Z8YY6T

100K 1WA

95UB017 SUOLULLOD AIIRID 8ol [dde ay) Aq peusenof a2 ssjofe O ‘8sn 0 Sa[nl o} Akeiqi8ulUO /811 UO (SUOIPUD-pUe



The results indicate that neglecting cross-IM correlation leads to a systematic underestimation of the number of affected
assets. For the combination of IM presented in Figure 12, accounting for cross-IM has a substantial impact on exceedance
probabilities. For example, the probability of exceeding 300 affected assets increases from less than 10% to approximately
60%. Additionally, the pairwise and global PCA models yield broadly consistent results, with only moderate differences
that are likely attributable to differences in the construction of the correlation matrix in each approach. This figure is
purely illustrative and would need more specific case studies and details to give more accurate and representative impact,
but the goal here was to show that these differences are not negligible. Importantly, these effects arise despite identical
marginal IM distributions, demonstrating that cross-IM correlation primarily governs joint IM behaviour. Overall, these
results highlight that cross-IM spatial correlation not only ensures physically consistent multi-IM GMFs but also influ-
ences estimates of concurrent exceedance across a portfolio of regionally distributed assets. Also notable with the advent
of such cross-IM GMFs is the ability to utilise enable vector IM-based fragility functions (e.g., Ebrahimian et al.
2015; Kohrangi et al. 2016; Du and Padgett 2021) to be utilised, which have shown much promise in past research
but seen limited implementation due to practical limitations.

7 | Summary and Conclusions

This article presents a new spatial cross-correlation model for several IMs, developed using PCA and geostatistic tools,
tailored for active shallow crustal tectonic regions. The model is based on over 8000 ground motion recordings from two
combined databases, NGA-West2 and ESM. It provides spatial coefficients for traditional IMs such as Sa(T), PGA and
PGV, as well as next-generation IMs like Sa,,,(T) and FIV3(T).

The framework follows the methodology proposed by Markhvida et al. (2018), using PCA to transform spatially correlated
normalised within-event residuals into uncorrelated PCs, as described in Equation (20). A key distinction of this study lies in
the formulation of pairwise PCA models, in which each IM pair is modelled independently using a low-dimensional repre-
sentation tailored to that specific combination. This approach leads to a considerable reduction in fitting error and improves
the agreement with empirical semivariograms and cross-semivariograms for individual IM pairs. It is important to note, how-
ever, that in the pairwise formulation the number of PCs equals the number of IMs (i.e., two), and therefore no dimensionality
reduction is achieved. The computational advantage observed for two IMs arises from the factorisation of smaller covariance
matrices rather than from a reduction is system dimensionality. By contrast, global PCA formulations involving multiple IMs
can achieve true dimensionality reduction and provide a unified latent-variable structure for joint simulation.

While each pairwise formulation produces a valid covariance structure in two dimensions, the pairwise models are cali-
brated independently and do not define a unique joint latent-variable representation for more than two IMs. As a result,
assembling multiple pairwise models into a higher dimensional covariance matrix does not formally guarantee positive
semi-definiteness and may lead to inconsistencies in multi-IM simulations. Therefore, the pairwise approach should be
implemented primarily as a modelling tool for accurately representing pairwise spatial dependence. For applications requir-
ing the joint simulation of multiple IMs, the global PCA model is recommended, as it ensures internal consistency of the
covariance structure by construction. If the pairwise models are extended to multi-IM applications via correlation recon-
struction, additional steps such as projection onto the nearest positive semi-definite matrix (Higham 2002) are required (see
Supplemental Material), and the resulting framework departs from a unified PCA-based latent-variable formulation.

To validate the proposed model, comparisons were made with existing spatial cross-correlation models, showing strong
agreement for common IMs and filling a gap for next-generation IMs such as Sa,,(T) and FIV3(T), for which no prior
models currently exist. A sensitive analysis was conducted using clustered datasets based on M,,, Vs, and different
GMMs. The results indicated that the spatial correlation model is relatively insensitive to M,, clustering and different
GMM usage, which suggests that the proposed model can be considered broadly independent of magnitude and GMM,
making it suitable for global application in active shallow crustal settings. However, clustering by Vi, revealed significant
variation and, therefore, should be considered carefully in applications. Specifically, for Sa(T) and Sag,,(T), lower corre-
lation values were observed for the low-V g, subset at short periods, while the opposite trend occurred at longer periods.
For FIV3(T), higher spatial correlation values were consistently found for the low-V 3, dataset, regardless of period.
Finally, an illustrative example demonstrated the application of the proposed model to generate jointly simulated
GMFs for Sa(1.0), Sage,(1.0), PGV and FIV'3(0.5). In this context, the global PCA model was used to ensure a consistent
multi-IM simulation framework. The example highlighted the importance of incorporating cross-IM spatial correlation to
preserve the joint variability structure of multiple IMs. In particular, neglecting cross-IM correlation was shown to sub-
stantially underestimate joint exceedance probabilities, demonstrating that cross-IM correlation can have a direct influ-
ence on portfolio-level exceedance metrics, even when marginal IM distributions remain the same. Overall, the findings
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of this study indicate that the pairwise PCA formulation improves the modelling accuracy of individual IM pairs, whereas
the global PCA formulation should be preferred when consistent multi-IM simulation is required.

While the model assumed stationarity and isotropy, it remains applicable for regional-scale assessments and offers a
simpler alternative to more complex frameworks that explicitly incorporate path and site effects (e.g., Bodenmann
et al. 2023). By addressing a critical gap in current practice (i.e., the lack of reliable spatial correlation structures for
next-generation IMs), the proposed model enables more accurate assessments of seismic risk at regional scales. This
advancement facilitates the adoption of modern ground-motion metrics into large-scale hazard and loss frameworks,
which was the primary motivation of this research.
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