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Bayesian Inference of Empirical Ground Motion Models to 

Pseudo-Spectral Accelerations of South Iceland Seismic Zone 

Earthquakes based on Informative Priors 

 

Milad Kowsari1, Tim Sonnemann1,2, Benedikt Halldorsson1,2,*,  

Birgir Hrafnkelsson3, Jónas Þ. Snæbjornsson4 and Sigurjón Jónsson5 

Abstract 

The Icelandic strong-motion dataset is relatively small and the largest recorded earthquake 

magnitude is 𝑀w6.5, whereas events of around 𝑀w7.0 are known to have occurred in the South 

Iceland Seismic Zone (SISZ). As a result, the required features for use in probabilistic seismic 

hazard assessment (PSHA), such as deviation from self-similar magnitude scaling and magnitude-

distance dependent saturation of ground motions at larger magnitudes, is challenging. 

Compounding the issue, GMMs from other seismic regions exhibit a strong bias to the available 

Icelandic strong-motions, underpredicting in the near-fault and overpredicting in the far-field 

regions. In this study, we approach this issue by considering several GMMs that have either been 

used or recommended for PSHA in Iceland or have functional forms that satisfy the minimum 

requirements of such GMMs. We recalibrate these GMMs to fit the Icelandic data in the context 

of the Bayesian statistical framework and a Markov Chain Monte Carlo (MCMC) algorithm, 

where model inference is carried out using both non-informative and informative priors for 

selected model coefficients from the original GMMs. Moreover, we used a random effects model 

to partition the aleatory variability into inter-event and intra-event components. We show that the 

GMMs with informative priors for magnitude scaling and magnitude-distance scaling terms, not 

only capture the high near-fault amplitudes and rapid ground motion attenuation with distance, 

but also introduce a controlled saturation of large magnitude ground motions, which is consistent 

with observations in other interplate regions. In this study we also introduce a simple GMM, based 

on informative priors from a model for magnitude-dependent earthquake depth in the SISZ, that 

fully captures the salient characteristics of the recalibrated GMMs. The presented models thus 

form a suite of new, essentially hybrid, empirical GMMs that can be used with confidence in 

predicting PGA and PSA for Icelandic earthquakes, in particular for the reassessment of the 

seismic hazard of Iceland. 
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Introduction 

The most commonly used intensity measures in current practice of seismic hazard 

assessment, are the peak ground acceleration (PGA) and pseudo spectral acceleration (PSA). 

They are generally estimated by a mathematical function referred to as ground motion model 

(GMM). The (usually empirical) GMMs quantify the attenuation of seismic waves as a function 

of earthquake magnitude, site-to-source distance, local site conditions and various other 

parameters. The quality and quantity of strong-motion data, by which GMMs can be 

constrained, has dramatically increased over the last couple of decades, leading to over 440 

models for PGA and 282 models for the prediction of PSA during 1964-2018 (Douglas 2018). 

To reach a precise and reliable GMM, it is important to use suitable mathematical or statistical 

methods to constrain the model’s coefficients. The choice of constraining method can in fact, 

be as important as the available earthquake strong-motion data itself. Typically, empirical 

GMMs were fitted to recorded data by ordinary least-squares methods. However, in some 

cases, ground motion’s decay with distance could not be appropriately determined due to lack 

of understanding or information about the correlation between observations at different sites 

for a given event (Campbell 1981; Fukushima and Tanaka 1990; Joyner and Boore 1993, 

1994).  

Therefore, the weighted nonlinear least-squares regression methods, such as the two-

stage maximum-likelihood and the random-effects methods, were introduced to improve the 

regression analysis (Campbell 1981, 1989; Joyner and Boore 1981, 1993, 1994; Brillinger and 

Preisler 1984, 1985; Abrahamson and Youngs 1992). However, regression methods are not 

able to decrease the bias introduced by the uneven distribution of recordings in regions with 

sparse data. Moreover, in many cases, the information contained in the recorded ground 

motions is also not sufficient to properly constrain all the regression coefficients for a given 

functional form (Arroyo and Ordaz 2010; Kowsari et al. 2019). For some regions, including 

Iceland, this is the case. Namely, that due to limited data and narrow magnitude range, the 

magnitude-distance dependent scaling terms cannot be constrained reliably (Ornthammarath et 

al. 2011). These are necessary terms in GMMs since the near-field amplitudes of large 

earthquakes decay differently with distance than those from small events indicating that the 

rate of magnitude scaling of ground motion decreases as magnitude increases (Cotton et al. 

2008). In addition, well known deviations from self-similar ground motion magnitude-scaling 

in the far-field region of earthquakes in shallow crustal interplate regions cannot be reliably 
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constrained for the current Icelandic dataset, making self-similar scaling a conservative basic 

assumption (Halldorsson and Papageorgiou 2005; Halldorsson et al. 2007). 

Geohazards, volcanic and seismic activity, are pronounced in Iceland due to its location 

on the Mid-Atlantic Ridge, which along with the Icelandic hot spot, is responsible for the 

tectonics of Iceland and its active seismicity and volcanism (Tryggvason et al. 1983; Einarsson 

1991, 2008; Wolfe et al. 1997). The strongest earthquakes in Iceland occur primarily in two 

transform zones, the South Iceland seismic zone (SISZ) in the South and the Tjornes fracture 

zone (TFZ) in the North. The SISZ is a relatively densely populated agricultural region in 

Iceland and has been the source of many destructive events in the past and is believed to be 

capable of producing earthquakes of around magnitude 7 (Einarsson 1991, 2008). In the SISZ, 

the seismic zone appears to be broken up approximately once per century with the larger 

earthquakes occurring in the easternmost part of the SISZ and moderate-to-strong earthquakes 

along the middle and western part of the SISZ. Examples are the 1896 sequence across most 

of the SISZ and the earthquake of 1912 in the eastern part of the SISZ (Einarsson 1991, 2008). 

It is believed that the two earthquakes in 2000 and the following event in 2008 also form a 

sequence (Einarsson 1991, 2008). These last three strong SISZ earthquakes, form the majority 

of the database of recorded ground motions of Icelandic SISZ mainshocks and are the largest 

recorded Icelandic earthquakes to date, of 𝑀w6.3-6.5 (Ambraseys et al. 2004; Sigbjörnsson et 

al. 2009; Halldorsson and Sigbjörnsson 2009).  

The relative scarcity of larger magnitude earthquake recordings hampers the reliability 

of seismic hazard assessment in SISZ, because there is no data to properly constrain the 

possible non self-similar ground motion scaling at larger magnitudes and/or the increasing 

saturation of near-fault peak amplitudes with increasing magnitudes, as generally observed in 

earthquake ground motions of shallow crustal earthquakes in interplate tectonic regions  

(Abrahamson and Shedlock 1997; Douglas 2003, 2018; Abrahamson et al. 2008). Moreover, 

previously published seismic hazard studies for Iceland have relied on either a single theoretical 

GMM using (at the time, even more limited) local data from the SISZ (Ólafsson and 

Sigbjörnsson 1999; Ólafsson et al. 2001), a regional European empirical GMM (Ambraseys et 

al. 2005), or several GMMs recommended for use in oceanic crustal regions (e.g., Delavaud et 

al. 2012 in the SHARE project). These studies suffer from limitations in that either 

uncertainties were handled in a limited way, the recommended GMMs did not capture 

sufficiently the ground motion characteristics of Icelandic data, or both. For a more reliable 

probabilistic seismic hazard analysis (PSHA) in Iceland, there is a clear need for establishing 

a suite of reliable GMMs that properly describe the rapid attenuation of Icelandic ground 
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motions with distance as well as allowing for and providing constraints on large magnitude 

earthquake ground motion amplitudes. Furthermore, these GMMs need to appropriately 

characterize different types of uncertainties.  

In the context of PSHA, uncertainties are traditionally divided into epistemic uncertainty 

(reflecting our lack of knowledge and measurement error) and aleatory variability (reflecting 

inherent randomness). The aleatory variability of the GMMs controls the shape of the hazard 

curve whereas epistemic uncertainties are primarily responsible for the hazard curve 

uncertainties at low exceedance frequencies (Toro 2006; Kuehn and Scherbaum 2015). A 

logarithmic standard deviation (i.e., sigma) which quantifies the variability of amplitudes about 

the median, is interpreted as the aleatory variability. To account for the possible correlations of 

recorded ground motion from the same single event, the aleatory variability should be 

partitioned into inter-event and intra-event components (Joyner and Boore 1981; Abrahamson 

and Youngs 1992; Walling and Abrahamson 2012). Moreover, Joyner and Boore (1993) 

separated the intra-event term into an inter-site and a record-to-record component by using a 

one-stage maximum-likelihood approach. When the dataset allows, the partitioning of the 

variability into these different components is important to reveal its sources which in turn 

facilitates the correct modelling of the overall aleatory variability of GMMs (Douglas and Gehl 

2008; Rahpeyma et al. 2018, 2019).  

The current practice of PSHA relies on an ergodic assumption stating that the distribution 

of ground motions generated at a given site are similar to the spatial distribution over different 

sites given the same magnitude, distance and site conditions (Anderson and Brune 1999; Kuehn 

and Scherbaum 2016). On the other hand, there are differences in ground motion amplitudes 

and their scaling between different regions which could be incorporated into PSHA to remove 

the ergodic assumption to produce a ‘partially non-ergodic’ region-specific PSHA by having 

separate GMMs for small regions (Stafford 2014; Landwehr et al. 2016; Kuehn and Scherbaum 

2016). Moreover, allowing regional differences in the GMMs may prevent an inflated sigma 

by translating the aleatory variability into epistemic uncertainty (Kotha et al. 2016). However, 

the lack of data for small regions can be problematic and even preclude the development of a 

regional non-ergodic GMM. Instead, recalibrating existing GMMs to the available data from 

data-scarce regions could be an ideal compromise in moving towards a partially non-ergodic 

PSHA, especially adapted to the local conditions. To this end, using prior information for 

essentially little or non-constrained parameters of a GMM in the framework of Bayesian 

statistical inference can be applied to guide the overall parameter inference with the likelihood 

of the observed data, resulting in a posterior density function for the model parameters. This 
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feature makes the Bayesian statistical theory especially beneficial for estimation of GMMs by 

combining the prior parametric information, informed by other models from other regions, or 

numerical or theoretical calculations from physical models, with the observations. This is 

particularly useful in regions where the earthquake records are sparse. The advantages of the 

Bayesian approach for this purpose have been demonstrated through several studies (Ordaz et 

al. 1994; Wang and Takada 2009; Arroyo and Ordaz 2010; Kuehn and Scherbaum 2015, 2016; 

Kowsari et al. 2018, 2019).  

In this study, we take several GMMs for PGA and 5%-damped PSA. The selected 

functions all satisfy the minimum requirements for such GMMs, and have either been used, 

recommended or have functional forms that are of particular interest for PSHA in Iceland. We 

then carry out Bayesian inference to the existing Icelandic strong-motion data based on 

informative priors. The parameters of the GMMs are thus inferred in the Bayesian statistical 

framework using a Markov Chain Monte Carlo (MCMC) algorithm and random effects to 

account for the correlations of the recorded ground motion from a single event by partitioning 

the aleatory variability into inter-event and intra-event components. For the inference, or the 

recalibration of the GMMs, both non-informative and informative priors for model coefficients 

from the other empirical GMMs from different seismic regions were used. In addition, a simple 

new model is presented based on informative priors based on a hypocentral depth distribution 

for SISZ earthquakes, which fully captures the salient characteristics of the recalibrated 

GMMs. We show how the non-informative prior density distribution has the least influence on 

the posterior distribution while the informative prior distribution represents a certain degree of 

knowledge about the values of the parameters and thus has a clear potential to inform the 

inference to obtain a more reliable posterior density distribution. The recalibrated models based 

on the informative priors presented in this study, form a suite of new, essentially hybrid or 

partially non-ergodic, empirical GMMs for Iceland (SISZ). They not only capture the high 

near-fault amplitudes and rapid ground motion attenuation with distance, but also embed a 

saturation of large magnitude ground motions, in a manner consistent with observations in 

other interplate regions of shallow crustal earthquakes. The new GMMs thus form a suite of 

new models that can be used with confidence in predicting PGA and PSA for Icelandic 

earthquakes, and thereby can serve as the backbone for reassessing the seismic hazard in 

Iceland. 
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Icelandic strong-motion data  

Data from the Icelandic Strong-Motion Network (ISMN) and a strong-motion array 

(ICEARRAY I) of the Earthquake Engineering Research Centre of the University of Iceland 

are used in this study (for more details on the used records see Table 1 in Kowsari et al. (2019)). 

The strong-motion data was recorded during six strike-slip SISZ earthquakes, of which the 

largest recorded events are the 𝑀w 6.5, 6.4 and 6.3 earthquakes that occurred on 17 June 2000, 

21 June 2000 and 29 May 2008, respectively (Þórarinsson et al. 2002; Sigbjörnsson et al. 2009). 

The last one was also recorded by the ICEARRAY I (Halldorsson and Sigbjörnsson 2009), the 

first permanent urban strong-motion array in Iceland, installed in the SISZ for the specific 

purpose of establishing quantitative estimates of spatial variability of strong-motions, 

investigating earthquake rupture processes and source complexities of future events 

(Halldorsson et al. 2009).  

Figure 1 shows the main tectonic structures of Iceland and the epicenters of earthquakes 

along with the recording stations of the ISMN and ICEARRAY I. The horizontal distance to 

the vertical surface projection of the fault, 𝑅JB, known as Joyner–Boore distance is used as the 

distance measure in this study (Joyner and Boore 1981). Epicentral distance is also used for 

earthquakes with 𝑀w ≤ 6.0, where the location of the causative fault has not been identified. 

In those cases, the distances are quite similar to 𝑅JB due to the small rupture planes of such 

earthquakes (Ambraseys et al. 2005). The recording stations are classified into rock and stiff 

soil classes based mostly on qualitative assumptions or surface geology as measurements or 

estimates of the average shear-wave velocity over the uppermost 30 m (𝑉s30) at the sites are 

not available. The rock sites would fall into soil type A, having 𝑉s30>800 m/s and the stiff soil 

sites into the upper type B with 360 m/s<𝑉s30<800 m/s of Eurocode 8 provisions. Based on 

surface geology most ISMN strong-motion stations are classified as rock. In total, 83 records 

are used for the analysis from the 62 and 21 stations for rock and stiff soil site classes, 

respectively. Figure 2 shows magnitude-distance distribution and also the distribution of 

records indicating which station has provided accepted data for a given event (rock sites are in 

black diamonds and soil sites are in grey squares). 
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Table 1. The earthquake strong-motion data used in this study. 

Name of event 
Date 

(mm/dd/yyyy) 
Time Lat. Lon. Depth Mw 

Num. of 

records 

Vatnafjöll 25/05/1987 11:31:56 63.91 -19.79 11.3 6.0 7 

Mt. Heng. Area 04/06/1998 21:36:54 64.03 -21.29 5.0 5.4 11 

Ölfus 13/11/1998 10:38:34 63.95 -21.34 5.3 5.1 8 

Holt 17/06/2000 15:40:41 63.97 -20.36 6.3 6.5 17 

Hestfjall  21/06/2000 00:51:48 63.97 -20.71 5.1 6.4 23 

Ölfus 29/05/2008 15:45:59 64.01 -21.00 5.1 6.3 17 

 

 

 

Figure 1. The area under study in Southwest Iceland showing the epicenters of earthquakes (stars) along 

with the recording stations of the ISMN and ICEARRAY I (the inset picture at bottom right). Moreover, 

the inset map at top left indicates the extent of the study area in Iceland showing schematically the south 

Iceland seismic zone (SISZ). The black solid line shows schematically indicates the present-day axis of 

the Mid-Atlantic Ridge in Iceland.  

 

Figure 2. Parametrization of the Icelandic strong-motion dataset in terms of rotation-invariant recorded 

peak ground acceleration (PGA) values as a function of magnitude (left) and distance (middle) on rock 

(circles) and stiff soil (diamonds) site conditions. The bars show the number of observations with 

respect to magnitude and distance, respectively. The parametric distribution in terms of earthquake 

magnitude versus distance is also shown (right) 
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The data used are the PGA from recorded raw acceleration time histories on two 

horizontal components, combined into a single value. There are many ways to combine two 

horizontal components of the ground motions into a single measure, of which the geometric 

mean (GM) is one of the accepted and most used measures in ground motion models. However, 

the GM is not invariant to the orientation of the sensors. To overcome this issue, Boore et al. 

(2006) introduced an independent measure for the in-situ orientation of sensors, based on the 

GM of two horizontal components rotated in small increments over a 90° range. This measure 

is denoted by GMRotDnn, where D stands for period-dependent rotation angle and nn is the 

fractile of the geometric means for all rotation angles sorted by amplitude. Another independent 

orientation measure introduced by Boore (2010), denoted RotDnn, is similar to the previous 

measure, but the geometric means are not used in its computation. Then Rupakhety and 

Sigbjörnsson (2013) proposed a rotation invariant (RIavg) based on only one orientation of the 

sensor. Unlike previous measures, it does not require computation of response spectra for 

numerous sensor orientations. In this study, we use RIavg to combine the response spectra of 

two horizontal components. However, we examined the ratio of RIavg to the other measures 

by using a dataset of 83 records from 6 Icelandic earthquakes. For completeness we also show, 

in Figure 3, the ratio of the rotation invariant average of horizontal components, RIavg 

(Rupakhety and Sigbjörnsson 2013), to various other ground motion measures. Those include 

the geometric mean, GM; largest value of two components, LV; GM rotation-invariant for 0, 

50 and 100 percentile, GMRotD00, GMRotD50 and GMRotD100, respectively (Boore et al. 

2006); rotation-invariant single component for 0, 50 and 100 percentile, RotD00, RotD50 and 

RotD100, respectively (Boore 2010); and the maximum rotation-invariant, RIMAX 

(Rupakhety and Sigbjörnsson 2013). In Figure 3, the blue line shows the ratios of RIavg to 

various ground motion measures and the blue bars show ± 1 standard errors. The red lines show 

2.5, 50 and 97.5 percentiles of all values. The values in each upper-left plot corner (𝑏𝑃𝐺𝐴
1𝑠 ) give 

the mean overall ratio values of PGA and PSA from lowest period (i.e., 0.042 s) to 1s. From 

this figure, we observe that the ratio of RIavg/RotD00 is high. This is likely because RIavg 

gives the expected (mean) values of response spectra for all possible orientation of 

accelerometer axes in the horizontal plane, while RotD00 is one component with the lowest 

possible amplitude. Therefore, the results presented in Figure 3 can be used for ensuring 

consistency by adjusting the amplitudes of different GMMs that predict various ground motion 

measures.  
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Figure 3. Ratios of RIavg (rotation invariant average of horizontal components by RS2013) to various 

strong ground motion measures (PGA at 0.02s, else PSA), showing mean ± 1 standard errors (blue line 

and bars) over dataset of 83 records (6 earthquakes). The values in each upper-left plot corner (𝑏𝑃𝐺𝐴
1𝑠 ) 

give the mean over all ratio values of PGA and PSA from lowest period to 1s. The red lines show 2.5, 

50 and 97.5 percentiles of all values. 

Empirical ground motion models 

From the outset, GMM development exclusively from Icelandic earthquake ground 

motions is challenging due to the lack of data for earthquakes larger than 𝑀w6.5 (Sigbjörnsson 

et al. 2014). For that reason, the first attempts of constructing a ground motion model from 

Icelandic data were based on Brune’s scaling of the 𝜔2-model source spectrum for the 

prediction of PGA in the context of the stochastic method (Boore 1983; Ólafsson et al. 1998; 

Ólafsson and Sigbjörnsson 1999; Ólafsson et al. 2001). Later, the specific barrier model was 

calibrated to Icelandic data in the context of the stochastic method for the prediction of PGA 

and PSA (Halldorsson et al. 2007). The specific barrier model simulates heterogeneous rupture 

by allowing the fault plane to be populated by 𝑁 individual sub-events that rupture statistically 

independently from one another, and for which the aggregate source spectrum can be presented 

in closed form. Then the first attempt of a local empirical GMM had a very simple functional 

form and included some selected data from Turkey, Greece and Slovenia, primarily at larger 

magnitudes (Rupakhety and Sigbjörnsson 2009a). A similar simple empirical GMM but 

calibrated exclusively to the Icelandic dataset was later proposed (Olafsson et al. 2014).  

Currently there exists a large collection of empirical GMMs for peak ground motions 

from earthquakes in shallow crustal interplate regions worldwide (Abrahamson and Shedlock 

1997; Douglas 2003, 2018; Abrahamson et al. 2008). A common trend is a deviation from self-
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similar scaling at larger magnitudes, in particular at near-fault distances. In part, this is caused 

by the recording sites being in proximity of the earthquake fault so that progressively smaller 

parts of the earthquake fault contribute to the peak motions of the ground motion recordings 

(e.g., Halldorsson and Papageorgiou 2012). For that reason, the criteria for the inclusion of 

GMMs in PSHA for such regions is, among other things, that the functional forms must be able 

to account for the saturation of amplitudes with increasing magnitudes (non-self-similar 

scaling) and/or near-fault magnitude-dependent distance scaling (Cotton et al. 2006; Bommer 

et al. 2010). The strong earthquakes in the interplate transform zones of Iceland are indeed 

shallow, so by these criteria one expects that empirical GMMs that are acceptable for use in 

PSHA for Iceland need to include such terms. At the same time, the limited magnitude range 

of the current Icelandic strong-motion dataset makes constraining such terms a challenge.  

Recently, Kowsari et al. (2019a) presented the Bayesian inference of GMM to earthquake 

PGA data for the SISZ, and showcased it on GMMs that had previously been used for PSHA 

in Iceland. The majority of them were GMMs calibrated to data from other seismic regions and 

the study quantified their strong bias and relatively large variability against the Icelandic 

strong-motion dataset (see also Ólafsson and Sigbjörnsson 2006; Ornthammarath et al. 2011). 

Kowsari et al. (2019a) argued that due to the bias the previously used GMMs are not suitable 

for application in hazard assessment for Iceland and therefore the GMMs need to be 

recalibrated to the Icelandic dataset, in particular those that satisfy the above criteria for 

functional forms. In addition, multiple GMMs for Iceland are ideally needed to quantify the 

contribution of model variability to epistemic uncertainty. In Kowsari et al. (2019a), the GMMs 

for PGA that were proposed in the SHARE project as suitable models for PSHA of active 

crustal regions and used for Iceland were chosen: Akkar and Bommer (2010), AB10; Cauzzi 

and Faccioli (2008), CF08; Zhao et al. (2006), Zh06. The Chiou and Youngs (2008), CY08, 

model was also proposed in the SHARE project for such regions, but it was not recalibrated 

due to its complex functional form and the large number of regression coefficients involved. 

The regional (Ambraseys et al. 2005), Am05, model was also chosen because it had been 

applied in several seismic hazard studies in Iceland. Moreover, additional GMMs (i.e., Danciu 

and Tselentis (2007), DT07; Gülkan and Kalkan (2002), GK02; Lin and Lee (2008), LL08) 

were also selected for the recalibration due to their inclusion of desirable terms in their 

functional forms. All the GMMs were recalibrated to Icelandic PGA using the Bayesian 

inference method using non-informative priors. In this study however, we revisit and expand 

the previous recalibration by expanding the prediction capabilities to PSA over a wide range 

of oscillator periods, in addition to PGA. We also apply the exclusion criteria discussed 
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previously and eliminate those GMMs of Kowsari et al. (2019a) that have too simple functional 

forms. Table 2 shows the remaining original GMMs used in this study with their (functional 

forms slightly rewritten for simplicity), listing their magnitude and distance ranges, site 

classification and region of origin.  

Table 2. The GMMs used in this study, along with their original magnitude and distance ranges, 

combination method for the two horizontal components, number of records and region. Y1-Y4 are 

identification codes for the distinct functional forms themselves. 

GMM Functional Form Units 𝑴w 𝑹 
Hor.  

com., N 
Region(s) 

Y1 

(AB10) 

log 𝑌  = 𝐶1 + 𝐶2𝑀w + 𝐶3𝑀w
2 + 

(𝐶4 + 𝐶5𝑀w) log √𝐶6
2 + 𝑅2 + 𝐶7𝑆 

cm/s2 5.0-7.6 0-100 (𝑅JB) GM, 532 
Europe and 

Middle East 

Y2 

(Am05) 

log 𝑌 = 𝐶1 + 𝐶2𝑀w + 

(𝐶3 + 𝐶4𝑀w) log√𝐶5
2 + 𝑅2 + 𝐶6𝑆 

m/s2 5.0-7.6 0-100 (𝑅JB) LV, 595 
Europe and 

Middle East 

Y3 

(LL08) 
ln 𝑌 = 𝐶1 + 𝐶2𝑀w + 

𝐶3ln (𝑅 + 𝐶4𝑒
𝐶5𝑀w) + 𝐶6𝐻 + 𝐶7𝑆 

g 4.1-8.1 15-630 (𝑅hyp) GM, 4823 
Northern 

Taiwan 

Y4 

(Zh06) 
ln 𝑌 = 𝐶1 + 𝐶2𝑀w + 𝐶3𝑅 

− ln(𝑅 + 𝐶4𝑒
𝐶5𝑀w) + 𝐶6𝑆 

cm/s2 5.0-8.3 0-300 (𝑅rup) GM, 4726 Japan 

𝑌 is the peak ground acceleration (PGA), or pseudo-spectral acceleration (PSA). 𝑆 is the soil factor and takes the value of 

1 for stiff soil sites and 0 for rock sites. 𝐻 is the focal depth in km. Horizontal component: GM geometric mean, LV larger 

value; N is the number of records. In Zh06, we removed the depth term (i.e., (min(max(𝐻, 15) , 125) − 15)) that does not 

address the shallow Icelandic earthquakes. Moreover, instead of two separate site terms for rock and stiff soil, we used a 

linear term (i.e., 𝐶1 + 𝐶6𝑆). In LL08, the soil factor, 𝑆 is added. 

 

The selected GMMs all have similar, but different functional forms. They use different 

distance measures and all of them are developed based on data that includes large magnitudes 

(i.e., 𝑀w > 7.0). In AB10, parameters 𝐶2 and 𝐶3 take into account the self-similar and non-

self-similar magnitude scaling, respectively. The non-self-similar magnitude scaling which is 

the quadratic-magnitude term is responsible for the saturation of ground motions of large 

magnitude earthquakes at all distances. The 𝐶4 scales the linear inelastic attenuation term that 

quantifies the attenuation of ground motion with increasing distance. The 𝐶5 however scales 

the magnitude-dependent attenuation with distance. The Am05 has the same functional form 

as AB10 but without the quadratic-magnitude term for non-self-similar scaling. Both the LL08 

and Zh06 models assume self-similar magnitude scaling, but contain an exponential 

magnitude-dependent distance-related term that is scaled by parameters 𝐶4 and 𝐶5. In LL08, it 

has the effect of an additional distance that is magnitude-dependent. In Zh06, this term is 

included in an unscaled logarithmic attenuation term while a scaled linear distance attenuation 

is added as well, which is based on the behaviour of Japanese crustal and subduction 

earthquakes.  
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Model set up 

Bayesian random effects 

The application of random effects in the modelling of correlated data provides a 

framework for performing data modelling in unbalanced designs and a clear way to separately 

model within- and between subject variations (Pham 2006). For GMMs, the random effects 

regression presented by Brillinger and Preisler (1984, 1985) was used to separate the inter-

event and the intra-event components of ground motion variability. This one-stage maximum-

likelihood approach was then improved by Abrahamson and Youngs (1992) through a 

computational algorithm, considering that the regression coefficients could be estimated 

incorrectly if the coefficients in the nonlinear regression analysis did not start with good initial 

estimates (Stafford 2014). In Bayesian statistics, the updated knowledge about parameters is 

summarized in a posterior distribution. The posterior distribution is proportional to the product 

of the prior density of the parameters, 𝜋(𝜽), and the likelihood function, 𝜋(𝒚|𝜽): 

𝜋(𝜽|𝒚) ∝ 𝜋(𝜽)𝜋(𝒚|𝜽) (1) 

A typical GMM with the partitioned error into inter-event and intra-event terms can take the 

following form: 

ln 𝒚𝑖𝑗 = 𝑓(𝑀𝑖, 𝑟𝑖𝑗, 𝜽) + 𝜂𝒊+𝜀𝑖𝑗, 𝜂𝒊~𝑁(0, 𝜏
2 ), 𝜀𝑖𝑗~𝑁(0, 𝜙

2) (2) 

where 𝒚𝒊𝒋 is a ground motion intensity measure (here, PGA and PSA at different periods) for 

the 𝑗-th recording from the 𝑖-th event, 𝑀, 𝑟, 𝜽 are magnitude, distance and a vector of model 

parameters, respectively. The 𝜂𝒊 and 𝜀𝑖𝑗 are the inter-event and intra-event variations which are 

assumed to be normally distributed with standard deviation 𝜏 and 𝜙, respectively. On the other 

hand, the logarithmic ground motion residual is generally assumed and observed to follow a 

normal distribution (Papageorgiou and Aki 1983; Strasser et al. 2009). Therefore, the log-

likelihood of the observation is given by: 

ln(𝜋(𝒚|𝜽)) = −
𝑁

2
ln (2𝜋) −

1

2
𝑙𝑛|𝑪| −

1

2
(𝒚obs − 𝒚sim)𝑇𝑪−1(𝒚obs − 𝒚sim) (3) 

where 𝒚obs and 𝒚sim are 𝒚𝒊𝒋 and 𝑓(𝑀𝑖, 𝑟𝑖𝑗, 𝜽), respectively. Within the random effects model 

in equation (2), the data covariance matrix to be used in the likelihood function (i.e., equation 

(3)) is not a diagonal matrix of 𝜙, but a block-diagonal matrix composed as: 

𝑪 = 𝜙2𝑰𝑁 + 𝜏
2⊕𝑖=1

𝑀 𝑱𝑛𝑖    (4) 

where ⊕𝑖=1
𝑀  is the matrix direct sum (creating a diagonal block matrix) of square matrices of 

ones, each matrix denoted by 𝑱𝑛𝑖whose size, 𝑛𝑖, corresponds to the number of records for event 

𝑖: 
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𝑪 =

(

 
 

𝜙2𝑰𝑛1 + 𝜏
2𝑱𝑛1 0

0 𝜙2𝑰𝑛2 + 𝜏
2𝑱𝑛2

…              0        
…               0         

⋮                         ⋮
0                         0

   ⋱              0           
    0 𝜙2𝑰𝑛𝑀 + 𝜏

2𝑱𝑛𝑀)

 
 

 (5) 

The important capability of the Bayesian method is that it allows for prior knowledge of 

model parameters to be included, in the form of an informative prior probability distribution, 

which, then carefully chosen, improves the inference for the model parameters. We assume the 

prior distribution for the model parameters, 𝜋(𝜽), is a boxcar function that each model 

parameter is bounded by two values  𝜃𝑖min  and 𝜃𝑖max  (e.g. Monelli and Mai 2008; Decriem et al. 

2010): 

𝜋(𝜽) = {

1

𝜃𝑖min − 𝜃𝑖max
    𝑓𝑜𝑟 𝜃𝑖min ≤ 𝜃𝑖 ≤ 𝜃𝑖max

0                     otherwise

 (6) 

where 𝜋(𝜃) = ∏ 𝜋(𝜃𝑖)
𝐾
𝑖=1  and 𝐾 is the number of parameters in 𝜋(𝜃).  

Markov Chain Monte Carlo Simulations 

The MCMC as an analytic approximation technique is one of the best ways to integrate 

complex and high dimensional functions required for Bayesian statistics when an explicit 

evaluation of these integrals is not possible (Smith and Roberts 1993). A properly implemented 

MCMC method will produce random values from approximate distributions and then correct 

those values to better approximate the target posterior distribution, 𝜋(𝒚|𝜽). The sampling is 

done sequentially, with the distribution of the sampled draws depending on the last value 

drawn, hence, the draws form a Markov chain (Gelman et al. 2014). Markov chain is a 

stochastic process in which future states are independent of past states given the present state. 

In this study, to sample from the joint distribution, we use the Metropolis-Hastings algorithm 

(Hastings 1970) which is an extension of the Metropolis algorithm (Metropolis et al. 1953). 

The Metropolis–Hastings algorithm follows the following steps: 

I. Choose an arbitrary starting value 𝜽0. 

II. For 𝑡 = 0,… , 𝐾 − 1 iterations, sample a proposal value 𝜽∗ from a given proposal 

density 𝑞(𝜽∗|𝜽𝑡). 

III. Compute an acceptance ratio (probability): 𝛼 = 𝑚𝑖𝑛 {1,
𝜋(𝜽∗|𝒚)𝑞(𝜽𝑡|𝜽∗)

𝜋(𝜽𝑡|𝒚)𝑞(𝜽∗|𝜽𝑡)
} 

IV. Sample 𝑢~𝒰(0,1), accept 𝜽∗ as 𝜽𝑡+1 if  𝛼 > 𝑢. If 𝜽∗ is rejected, then 𝜽𝑡+1 = 𝜽𝑡. 

V. Repeat steps II-IV, 𝐾 times to get 𝐾 draws from 𝜋(𝜽|𝒚).  
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The proposal distribution 𝑞(𝜽∗|𝜽𝑡) determines where we move to in the next iteration of 

the Markov chain and should be easy to sample for any 𝜽 and easy to compute in the acceptance 

ratio. If the subsequent acceptance rate of the chain is very high or low, the parameter steps 

may be too small or large, respectively, which is considered ineffective sampling. When a 

symmetric proposal distribution is used, the 𝑞(∙ | ∙) terms in III cancels, and the algorithm is 

known as the Metropolis algorithm. Moreover, by selecting the target density 𝜋(𝜽|𝒚) as 

proposal density in Metropolis–Hastings algorithm, that is 𝑞(𝜽∗|𝜽𝑡) = 𝜋(𝜽|𝒚), then the 

acceptance probability in step III becomes equal to one. This version of the Metropolis–

Hastings algorithm is the Gibbs sampler. Finally, draw a 𝑢-value from the uniform distribution, 

𝒰(0,1), for each 𝜽∗. If  𝛼 > 𝑢 accept 𝜽∗ as 𝜽𝑡+1, otherwise, use 𝜽𝑡+1 = 𝜽𝑡. 

To sample efficiently, the proposal covariance should approach the target distribution. 

For non-linear models with strong correlations between posterior densities and high number of 

dimensions, obtaining an appropriate starting covariance can be difficult but is important. To 

overcome this issue, we use a method known as Delayed Rejection and Adaptive Metropolis 

or DRAM, which combines two efficiency-increasing additional steps (Haario et al. 2006). The 

Adaptive Metropolis step tunes the proposal covariance while sampling based on previous 

samples, which makes it non-Markovian, but as the adaptation decreases while converging to 

the target density, the ergodicity of the sample can be shown to remain (Haario et al. 2001).  

Results and discussions 

Model Inference Based on Informative Priors 

The original GMMs all fail in predicting the characteristics of Icelandic earthquake 

ground motion attenuation with distance and scaling with magnitude (Kowsari et al. 2019a). 

This is illustrated in Figure 4 where the original GMMs’ predictions of PGA and PSA at 

selected periods of 𝑇=0.2, 0.3 and 1.0 s are shown along with the corresponding data points. 

The models shown are for 𝑀w 5.2 (dash-dotted line), 6.4 (solid line) and 7.2 (dashed line). The 

largest magnitude corresponds roughly to the estimated maximum earthquake magnitude 

expected in the eastern part of the SISZ, and the 𝑀w6.4 is then the weighted average magnitude 

of the three largest earthquakes that account for the majority of the data (i.e., the two 2000, and 

the 2008 earthquakes with 𝑀w of 6.5, 6.4 and 6.3, respectively). The rotation-invariant data 

points are shown as diamonds color-coded by magnitude. For consistency, all the GMMs are 

plotted vs. Joyner-Boore distance, 𝑅JB. The GMMs AB10 and Am05 were originally proposed 

in Joyner-Boore distance, LL08 in hypocentral distance, and Zh06 in rupture distance (closest 
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distance to the fault rupture plane). For the sake of illustration, therefore, the different distance 

measures are converted to 𝑅JB using simple assumptions. For this purpose, the hypocentral 

distance, 𝑅hyp, is converted to 𝑅JB by 𝑅hyp = (𝑅JB
2 + ℎ2)

1

2 where ℎ is taken as the hypocentral 

depth of 5.7 km. To convert 𝑅rup to 𝑅JB an upper seismogenic depth of 0-2 km was assumed 

(0 for 𝑀w≥ 6.0 and 2 for 𝑀w < 6.0). As previously stated, the original GMMs use different 

ground motion measures such as the geometric mean for the combination of the two horizontal 

components into a single value (AB10, Zh06 and LL08) and the largest value (Am05) of the 

horizontal components. Therefore, based on the quantitative comparison presented in Figure 3, 

the GM and LV have been converted to RIavg.  

As can be deduced from the comparison, the original models underestimate the ground 

motions in the near-fault region and overestimate it at far-field distances, a characteristic that 

had been pointed out previously (Ólafsson and Sigbjörnsson 2004; Sigbjörnsson et al. 2009) 

and confirmed and quantified by Kowsari et al. (2019a). Therefore, all the selected GMMs 

exhibit a strong bias against the Icelandic dataset, which as a result, casts doubts on the results 

of hazard studies that used some of these GMMs for Iceland. Moreover, it calls into question 

the applicability of such ergodic GMMs to the seemingly unique character of SISZ earthquakes 

that are characterized by shallow hypocentral depths that contribute to large near-fault 

amplitudes which then attenuate rapidly with distance across the severely fractured seismic 

zone (Einarsson 1991, 2008; Stefansson et al. 1993; Panzera et al. 2016; Kowsari et al. 2019a). 

As these GMMs have functional forms that satisfy the minimum criteria for use in PSHA, they 

can be recalibrated to the existing Icelandic data allowing them not only to capture the 

characteristics of strong-motions in the SISZ but also to partially remove the ergodic 

assumptions by having separate GMMs for a relatively small region (Landwehr et al. 2016).  
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Figure 4. The attenuation of the original ground motion models for PGA and PSA at various periods on 

rock. The models are evaluated at 𝑀w 5.2 (dash-dotted line), 6.4 (solid line) and 7.2 (dashed line). The 

𝑀w 6.4 is the weighted average magnitude of the three largest earthquakes that account for the majority 

of the data. The rotation-invariant observed data are shown as color-coded diamonds by magnitude. 

Moreover, different distance measures are converted to Joyner-Boore distance, 𝑅JB, and the geometric 

mean and largest value measures are converted to rotation invariant for the sake of comparison. 

Kowsari et al. (2019a) stated that some parameters in the recalibrated models (e.g., those 

controlling magnitude scaling) could not be sufficiently constrained by the limited regional 

data available for Iceland. However, one of the great advantages of the Bayesian approach is 

that it allows useful prior information of the GMM parameters to be combined with the 

likelihood of the observed data. Defining the prior parametric distribution in Bayesian analysis 

is a challenging task and normally, if general information about a variable is available, a non-

informative prior information is used that has a minimal influence relative to the data on the 

final inference. Otherwise, an informative prior is used that incorporates useful available 

information in the prior density and increases the precision of the posterior outcome. In other 

words, the use of the informative prior incorporates local experience and expert judgment that 
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can be especially effective in regions with small number of data (Wang and Takada 2009). In 

this study therefore, both the non-informative and informative priors are used to develop the 

posterior distribution for the recalibrated GMMs. 

We first obtain the posterior distribution of the unknown parameters 𝜽 by using Equation 

(1) when a uniform distribution is applied as a non-informative prior (Box and Tiao 2011). An 

MCMC, which forms the backbone of modern Bayesian posterior inference, is used to simulate 

samples from the posterior density of the GMM parameters. Twelve MCMC chains of several 

thousand samples each are simulated using this approach. To better represent the final 

stationary distribution and mostly remove the starting values’ influence, a certain number of 

the first iterations is discarded, known as the burn-in. As a matter of practice, a primary concern 

in applying such a method is determining that it has in fact essentially converged, i.e. after an 

initial burn-in period. Therefore, the Gelman-Rubin statistic (Gelman and Rubin 1992) is used 

to assess the convergence of iterative MCMC simulations. Good convergence of successive 

simulations is confirmed by the Gelman-Rubin statistic for all the recalibrated GMMs. 

Figure 5 shows the results, the prediction of the recalibrated GMMs for PGA and PSA at 

various periods on rock when using non-informative priors. For plotting the recalibrated 

GMMs, the 50th percentile value of the posterior distribution of each parameter is used. The 

models that now have a new set of coefficients are identified as Y1-Y4, indicating their distinct 

functional forms (see Table 2). Near-fault and far-field predictions are now constrained to fit 

the Icelandic data, but due to the lack of data at magnitudes larger than 𝑀w6.5, the recalibrated 

GMMs are associated with coefficients that are poorly constrained and/or associated with a 

large uncertainty. In other words, the non-informative inference results essentially provide 

unconstrained GMMs for predictions of ground motion outside the data range, which is a well-

known limitation of empirical GMMs. As a result, little confidence can be bestowed upon these 

GMMs at larger magnitudes, especially in the near-fault region, for either ground motion 

prediction or for use in PSHA.  

Providing further insight, the Pearson’s cross-correlation coefficient matrices of the 

posterior model parameters for the recalibrated GMMs with non-informative priors at PGA are 

shown in Figure 6. For the sake of space, the Pearson’s matrices are presented for PGA, but 

the exact same trends are seen for PSA. These matrices reveal a relationship between the model 

parameters that are assumed independent in GMMs. The values close to ±1 indicate strong 

correlation between two variables and in fact, high correlations are seen for all recalibrated 

models with non-informative priors, indicating that some parameters are not well constrained 
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by the data which results in strong trade-offs between parameters. In other words, while they 

appear to fit the available data, the GMMs cannot be trusted outside the recorded data range. 

 

 

Figure 5. The attenuation of the recalibrated ground motion models when non-information prior is used 

for PGA and PSA at various periods on rock. The models are evaluated at 𝑀w 5.2 (dash-dotted line), 

6.4 (solid line) and 7.2 (dashed line). The 𝑀w 6.4 is the weighted average magnitude of the three largest 

earthquakes that account for the majority of the data. The rotation-invariant observed data are shown as 

color-coded diamonds by magnitude. The dotted lines represent the range of model uncertainties (±1𝜎) 

around the median predictions for 𝑀w5.2. 

The GMM predictions of ground motion attenuation with distance and the Pearson’s cross-

correlation coefficient results, thus quantitatively confirm what has previously been 

qualitatively stated, namely that such a narrow range Icelandic data do not have sufficient 

information to properly constrain all the regression coefficients of the GMMs. This is 

particularly true for the parameters that control the saturation of ground motions at near fault 

distances. However, the calibration to the available data gives increased confidence in some of 

the coefficients. The variable 𝑅 in the GMMs represents horizontal distance whereas the 

coefficients that appear under the square root of the first two functional forms may be thought 
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of as “effective depth” (𝐶6 and 𝐶5 for Y1 and Y2, respectively). Both are associated with low 

cross correlations and are therefore well determined by the data. In addition, the site conditions 

flag (𝐶7 and 𝐶6 for Y1 and Y2, respectively) are well determined. The confidence we have in 

the “effective depth” is primarily due to the well-recorded near-fault motions of the Ölfus 

earthquake in 2008, as they constrain the shape of amplitude saturation in the near-fault region, 

albeit for that narrow magnitude range only. On the other hand, the magnitude scaling terms 

(𝐶1-𝐶3) and the distance scaling terms (𝐶4 and 𝐶5) are heavily cross-correlated between 

themselves for Y1, while all of them (𝐶1-𝐶4) are cross-correlated for Y2. The same can be said 

of the coefficients of Y3 and Y4, to various degrees. 

 

Y1 Y2 

  

Y3 Y4 

  

Figure 6. Pearson’s cross-correlation coefficient matrices for posterior model parameters when the non-

informative prior is applied in model inference to PGA. 

The magnitude range of the Icelandic dataset, while admittedly narrow, still allows for 

the first order determination of self-similar magnitude scaling. However, the same cannot be 

said for the higher-order magnitude scaling coefficient 𝐶3 of Y1, nor the magnitude-distance 

scaling terms 𝐶5 of Y1, 𝐶4 of Y2, 𝐶4 and 𝐶5 (primarily) of Y3, and 𝐶4 and 𝐶5 of Y4. As a result, 

they exhibit strong trade-offs with adjacent parameters. The onset of progressively increasing 

near-fault amplitude saturation with magnitude due to the limited crustal width can be expected 

above magnitudes about 6.0-6.5 (Scholz 2002; Halldorsson and Papageorgiou 2005). This 

saturation is a manifestation of the recording site’s peak motions being controlled by a 
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relatively smaller part of the causative fault as it is forced to grow in length as magnitude 

increases. It is dependent on the geometry between the recording site and the isochrons on the 

fault plane (Rogers and Perkins 1996; Spudich and Chiou 2008; Halldorsson and Papageorgiou 

2012). The resulting peak ground motions thus start to exhibit a saturation known as deviation 

from self-similar ground motion scaling, the rate of which appears to increase with magnitude 

(Halldorsson and Papageorgiou 2005). The quadratic magnitude term in GMMs is meant to 

model this phenomenon. The effective depth of seismic radiation received by the recording site 

also plays a role in ground motion saturation, the effects of which are limited to the near-fault 

region. The SISZ dataset lacks observations of earthquakes above 𝑀w6.5 as well as near-field 

records except for the 𝑀w6.3 to 6.5 group. Therefore, to construct GMMs that predict 

reasonable ground motion amplitude estimates for expected but yet unrecorded larger 

magnitudes, the model parameters relevant to non-self-similar and distance-dependent 

magnitude scaling require additional input information for a meaningful inference.  

The parameter 𝐶3 that directly affects non-self-similar magnitude saturation over all 

distances is influenced in the inference process by an informative prior based on the coefficient 

value reported by AB10. The resulting recalibrated model with an informative prior is now 

denoted Y1(𝐶3-AB10). Applying informative priors on the magnitude-distance scaling term as 

well 𝐶5 is also desirable, and as it does not trade off with 𝐶3 we carry out another inference of 

a model we call Y1(𝐶3,𝐶5-AB10) with simultaneous informative priors for both 𝐶3 and 𝐶5. The 

Am05 model contains the magnitude-distance scaling term 𝐶4, therefore the model that uses 

informative priors for 𝐶4 is Y2(𝐶4-Am05). For LL08 and Zh06, we use simultaneous 

informative priors for both 𝐶4 and 𝐶5 that control the magnitude-dependent saturation as they 

are shown to trade-off with one another. The recalibrated GMMs with such informative prior 

are now called Y3(𝐶4,𝐶5-LL08) and Y4(𝐶4,𝐶5-Zh06), respectively.  

The use of the above informative prior distributions in Bayesian inference allows the 

parameters of interest to be guided by the original parametric values, from the calibration to 

other more complete datasets, thus guiding them towards its final posterior distribution rather 

than completely constraining (i.e., fixing) them or leaving them free (i.e., non-informative). By 

incorporating informative priors for the higher-order magnitude terms and the magnitude-

distance scaling terms, we are physically stating, that to the first approximation, the attenuation 

of strong-motion amplitudes with distance in the SISZ is a critical difference from that in other 

regions. As the current dataset is populated enough to allow this high attenuation rate to be 

captured accurately, Bayesian inference of the first-order parameters controlling the self-
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similar magnitude scaling and logarithmic distance scaling can be determined with relative 

confidence from non-informative priors. On the other hand, the higher-order scaling parameters 

need to be inferred from informative priors. To this end, we recalibrate the GMMs again, but 

this time with the above informative prior information in the form of normal distributions for 

the higher-order scaling parameters. The published parametric values are considered as the 

mean values of the Normal distribution. Since their standard deviations had not been published, 

we carried out a sensitivity analysis of the influence of parametric uncertainty on the stability 

of the inference using informative priors. Eventually, we set the parametric standard deviation 

so that the ratio parametric coefficient of variation was 0.1. 

The GMM prediction for PGA and PSA at 𝑇=0.2, 0.3 and 1.0 s on rock when using the 

recalibrated GMMs Y1-Y4 on the basis of informative priors is shown in Figure 7. It also 

shows a new model, Y5, which is explained below. From this figure, it is clear that the near-

fault and far-field amplitudes are well-constrained to the Icelandic data. The effects of the 

informative priors are now clearly seen on the predicted ground motion amplitudes at larger 

magnitudes as they are markedly lower compared to those of the non-informative inference. 

Moreover, the ground motion predictions exhibit greater stability outside the data range. All of 

the models now also exhibit non-self-similar scaling for large earthquake magnitudes, as 

expected. Furthermore, the informative prior density that is constructed based on the 

knowledge that is available for the area under study, gives more certainty about the parameter 

values as is reflected in the posterior distribution of the parameters. 



22 
 

 

Figure 7. The attenuation of the recalibrated ground motion models when information prior is used for 

PGA and PSA at various periods on rock. The models are evaluated at 𝑀w 5.2 (dash-dotted line), 6.4 

(solid line) and 7.2 (dashed line). The 𝑀w6.4 is the weighted average magnitude of the three largest 

earthquakes that account for the majority of the data. The observed data are shown as color-coded 

diamonds by magnitude. The dotted lines represent the range of model uncertainties (±1𝜎) around the 

median predictions for 𝑀w5.2. 

Ground Motion Model Based on Magnitude-dependent Depth 

The behaviour of the GMMs Y1-Y4 based on informative priors is quite consistent and 

has incorporated the expected saturation of near-fault amplitudes, which progressively 

increases with magnitude. We have previously noted that the effective depth of seismic 

radiation has saturation effects on predicted near-fault ground motions but otherwise minimal 

effects on far-field motions.  

The seismogenic crust thickens from approximately 8 km in the westernmost part to 15 

km in the easternmost part of the SISZ. This can be seen from hypocentral locations of mapped 

seismicity in the seismic zone over the past few decades by the South Iceland Lowland (SIL) 
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network (Stefansson et al. 1993; Tryggvason et al. 2002; Angelier et al. 2008; Panzera et al. 

2016, 2017). 

With increasing magnitudes, hypocentral depths tend to become larger (Wells and 

Coppersmith 1994) as well as the effective depth of seismic radiation, which in turn increases 

the rate of magnitude-distance dependent saturation. For example, an earthquake reported to 

have been of around magnitude 7 occurred in 1912 near the farm Selsund in the easternmost 

part of the SISZ, the magnitude estimate has been confirmed by mapping of surface fault traces 

(Einarsson 1991, 2008). This prompts us to propose a new GMM for the SISZ with a simple 

functional form that we believe appropriately describes the characteristics of the observed 

earthquake strong-motions and is consistent with the observed predictions of the GMMs 

inferred from informative priors and the dataset. This new GMM, which we call Y5, does not 

include a quadratic-magnitude term. This term is generally used as a proxy accounting for the 

observed non-self-similar magnitude scaling of large earthquakes in shallow tectonic regions, 

in particular where data from long and shallow strike-slip faults are prevalent (e.g., California, 

Turkey, etc.). The consensus is that due to the tectonic conditions (e.g., SISZ earthquakes are 

constrained in fault lengths) and the relatively thin oceanic crust in Iceland, earthquakes larger 

than 7-7.2 are highly unlikely. Therefore, self-similar scaling for Icelandic strong-motions is 

favoured, and it is judged a prudent conservative assumption. However, instead of empirical 

coefficients, we introduce a magnitude-dependent effective depth to account for the 

progressively increasing saturation of near-fault ground motions. The depth term has a clear 

physical meaning but also acts as a proxy for magnitude-dependent distance scaling in the near-

fault region, supported by a strong observational evidence from the three largest earthquakes 

of our dataset, in particular the Ölfus earthquake of 2008, and by physics-based finite-fault 

simulations of SISZ strong-motions (Sonnemann et al. 2019). Therefore, our proposed model 

is 

log 𝑌  = 𝐶1 + 𝐶2𝑀w + 𝐶3 log√𝑅2 + 𝑧2(𝑀w) + 𝐶7𝑆

𝑧(𝑀w) = 𝐶4 + 𝐶5(𝑀 − 𝐶6)
2𝐻(𝑀 − 𝐶6)

 (7) 

where 𝑌 is the ground motion intensity measure in m/s2, 𝐻 is the Heaviside function and 𝑆 is 

the soil factor that takes the value of 0 for rock sites and 1 for stiff soil sites. The effective depth 

𝑧(𝑀w) (in km) is a constant  𝑧�̅�𝑐  (i.e., 𝐶4 above), representing the approximate average of 

hypocentral depths in the Western part of the SISZ where moderate-to-strong earthquakes are 

known to occur. Then, above an effective “cross-over magnitude” 𝑀𝑐 (i.e., 𝐶6 above) the 

effective depth increases quadratically as controlled by 𝐶5, representing the larger earthquakes 
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that are known to take place in the Eastern part of the SISZ. As data does not allow constraining 

all the parameters of the effective depth, we set the model to  

𝑧(𝑀w) = 4.4 + 0.5(𝑀 − 5.3)
2𝐻(𝑀 − 5.3) (8) 

based on the results of model inference using non-informative priors and considering the 

reported depth distributions of small-to-strong earthquakes in the SISZ (Angelier et al. 2008; 

Dubois et al. 2008; Decriem et al. 2010; Panzera et al. 2016). Figure 8 shows the prior effective 

depth function 𝑧(𝑀w) along with the theoretical predictions of the new GMM, which we denote 

as Y5 in the figure. To investigate the applicability of our GMM to the data and to ensure 

consistency with the inferred models Y1-Y4, we carry out the Bayesian inference under 

informative priors for the effective depth parameters, resulting in the model Y5(𝐶4,𝐶5,𝐶6) 

shown in Figure 7. The new model is shown to capture the salient features of the data over the 

distance and magnitude ranges shown, and those of the recalibrated GMMs at all magnitudes 

shown, while at the same time being founded on a simple and physical magnitude-dependent 

depth term that moreover does not depend on oscillator frequency. It can therefore be argued 

that Y5 is a simpler but more physical GMM than the others. 

  

Figure 8. Left: A simple model of the effective depth of earthquake hypocenters in the SISZ. The mean 

depth is constant below 𝑀w 5.25 and at larger magnitudes it smoothly becomes quadratic with respect 

to magnitude. Right: PGA predictions of model Y5 at magnitudes from 3 to 7.5 in increments of 0.25. 

Note the constant near-fault amplitude interval below 𝑀w 5.25, and the narrowing interval above this 

magnitude, while the far-field amplitudes maintain a constant interval regardless of magnitude. 

Performance of the Bayesian Inference 

The median posterior model parameter values for the recalibrated GMMs are shown in 

Appendix 1. Each model inference is based on MCMC simulation using twelve chains that 
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were sampled in parallel. Each chain contained 15,000 iterations of which the first 4320 

samples were burn-in. An example of the visual inspection and convergence diagnostic of the 

posterior parameters of Y1(𝐶3-AB10) at 𝑇=1.0 s is shown in Figure 9 indicating the MCMC 

samples are successful in estimating posterior model parameters. 

An example of the chain histograms of all model parameters after burn-in for Y1(𝐶3,𝐶5) 

at 𝑇=0.25 s is shown in Figure 10. All of the posterior distributions are well behaved and 

approximately Gaussian, except for the inter-event uncertainty. Prior density functions are 

shown as red dashed lines, and non-informative priors were in the form of uniform probability 

density functions over a wide range of values (i.e., unconstrained). Informative priors were 

assumed to follow the normal density function with the published parametric values as means. 

We tested various levels of confidence in those priors, represented by assumed ratios of the 

mean values to their standard deviations (that generally are not published). We tried several 

values for the ratios such as 2 and 10 indicating loose and stringent priors, respectively. The 

inference results were not overly sensitive to the ratios and we set the mean/sigma ratio of the 

priors to 10.  
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Figure 9. Left: trace plots of all posterior parameters of Y1(𝐶3-AB10) at 𝑇=1.0s. The MCMC 

simulations are based on 12 chains with total iteration of 15,000 of which the first 4320 samples are 

burn-in. Right: autocorrelation plots until lag 50. 

The results shown in Figure 10 clearly showcase one of the advantages of the Bayesian 

statistical method, namely that it determines the posterior distribution of every model 

parameter, as opposed to the classical approach, which only gives point estimates. In the 

Bayesian method, the parameters are considered as random variables in which their associated 

uncertainties can be quantified in terms of the posterior distribution. It makes the Bayesian 

MCMC preferable over the classical regression approach because more information can be 

extracted from the probability distribution of each parameter. A case in point is the inter-event 

uncertainty that has a skewed posterior distribution clearly suggesting that it is close to zero 

but still associated with a relatively large uncertainty. This is seen at all low oscillator periods 

for Y1(𝐶3,𝐶5), as shown in Figure 11, which effectively shows the same as Figure 10, but over 
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the entire range of oscillator periods considered. This coefficient behaviour of other models is 

similar to the one shown in the figure.  

Taking the analysis of the coefficient posterior values further, an indicator of the 

statistical confidence associated with each parameter for the recalibrated GMMs with both non-

informative and informative priors can be obtained by dividing their mean values by their 

corresponding standard deviations. We show ratios for the coefficients inferred against PGA 

in Figure 12, where large values indicate high confidence (i.e., small parametric uncertainty 

relative to the parametric value), while values below the dashed line at 1.96 generally indicate 

poor confidence. The figure shows how the use of informative priors in one coefficients 

increases the confidence in others e.g., informative priors for 𝐶3 and 𝐶5 in AB10 results in 

much improved determination of 𝐶2 and 𝐶4, informative prior for 𝐶4 in Am05 results in the 

better determination of 𝐶3, thus resolving their strong trade-offs seen in Figure 6. Thus, after 

recalibrating with informative prior (red cross mark) most of the regression coefficients of the 

models are all well-constrained. Of note however is that the abscissa 𝐶1 is in most cases the 

least well determined coefficient of the inferences, along with the inter-event standard 

deviation 𝜏. It is also obvious that the term 𝐶6𝐻 of Y3 is superfluous, with low confidence in 

the coefficient and its, effectively, zero value. Finally, the Pearson’s cross-correlation 

coefficient matrices for the recalibrated GMMs with informative prior at PGA are shown in 

Figure 13. The results show that the correlation between model parameters has been reduced 

for the recalibrated GMMs with informative priors compared to those of the GMMs with non-

informative priors. 

 

 
Figure 10. Model parameter chain histograms (after burn-in) for Y1(𝐶3,𝐶5) at 𝑇=0.25 s. The 

corresponding percentiles (2.5, 16, 50, 84, 97.5) are shown as thin lines (dotted, dashed, solid, dashed, 

dotted), respectively. The mode and mean are shown as thick solid and dashed lines, respectively. Red 

dashed lines PDF indicate the informative prior probability density functions. 
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Figure 11. Results coefficient values of Y1(𝐶3,𝐶5-AB10) using informative priors: Maximum 

likelihood estimates (solid line), median (dashed), and 2.5 to 97.5 percentiles (shaded area) of model 

coefficients and standard error terms.  

Y1(𝐶3-AB10) Y1(𝐶3,𝐶5-AB10) 

  

Y2(𝐶4-Am05) Y3(𝐶4,𝐶5-LL08) 

  

Y4(𝐶4,𝐶5-Zh06) Y5(𝐶4,𝐶5,𝐶6) 

  

Figure 12. Ratio of each model parameters’ posterior density mean by its standard deviation for the 

recalibrated GMMs with both non-informative and informative priors at PGA. Black and red cross 

marks correspond to the non-informative and informative priors, respectively. The dashed black line 

indicates a ratio of 1.96. 
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Y1(𝐶3-AB10) Y1(𝐶3,𝐶5-AB10) Y2(𝐶4-Am05). 

   

Y3(𝐶4,𝐶5-LL08)  Y4(𝐶4,𝐶5-Zh06) Y5(𝐶4,𝐶5,𝐶6) 

   

Figure 13. Pearson’s cross-correlation coefficient matrices for posterior model parameters when the 

informative prior is applied at PGA. 

The informative priors appear as essentially none or very low cross-correlated with other 

parameters, but as expected, there still exist some significant cross-correlations between 

coefficients. This is especially apparent for Y1 (𝐶3) that clearly indicates that it was not 

sufficient to exclusively adopt the AB10-observed deviation from self-similar magnitude 

scaling as informative prior, and that the magnitude-dependent distance scaling was also 

required to resolve the trade-offs. In particular, the lowest cross-correlation between 

coefficients is seen for Y5 that uses magnitude-dependent depth. 

Residual Behaviour and Model Bias 

As a measure of the quality of fit of the GMMs to the data, the residuals of model 

Y1(𝐶3,𝐶5) at each discrete oscillator frequency above 1 Hz are presented in Figure 14 plotted 

versus magnitude and log-distance, respectively. Their distribution shows that there are no 

significant residual outliers in this dataset. Moreover, there appear to be no clear systematic 

trends in the overall distribution of residuals, as indicated by the 95% confidence intervals for 

the individual fitted regression lines all being effectively horizontal.  
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Figure 14. PSA residuals (diamonds) of Y1(𝐶3,𝐶5-AB10) using median model parameter estimates 

along with the 95% confidence intervals for a least-squares line fit versus magnitude (top) and the 

logarithm of distance (bottom).  

A more concise view of any trends that may persist in the residuals is shown in Figure 

15. The overall fit of the model to the data is concisely given in Figure 15a where the median 

estimate of the mean residual value at each frequency is plotted (solid line). This is referred to 

as the “model bias”. The dashed lines show the ±1 standard deviation of the overall residual 

scatter at each frequency, but the 90% confidence limits of the mean bias are indicated by the 

shaded region. The model bias against this dataset is thus shown to be zero overall and over 

the frequency range considered in this study. Then, in Figure 15b and c the slopes of the 

regression lines to the residuals in Figure 14 are plotted against the oscillator frequency over 

the entire frequency range considered. Apart from a slight positive slope for distance vs 

frequency, below 0.3 Hz, there is no evident systematic residual trend. Therefore, at almost all 

frequencies for distance and at all frequencies for magnitude the null-hypothesis that distance- 

and magnitude-trends are zero cannot be rejected at the 95% confidence level. For the sake of 
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space, Y1(𝐶3,𝐶5-AB10) was shown as an example, however, the same behaviour is also seen 

for the other GMMs with informative priors. Of note, another way to test the applicability of 

the GMMs against a ground motion dataset for a given region is to use data-driven selection 

methods. This has been recently addressed in Kowsari et al. (2019b) where a data-driven 

method is introduced on the basis of the Deviance Information Criterion (DIC) that uses 

Bayesian statistical analysis to select the most suitable GMMs for application in PSHA. 

The total standard deviation 𝜎 = √𝜏2 +𝜙2 of the Y1(𝐶3,𝐶5-AB10) model residuals in 

Figure 14 is plotted against oscillator period in Figure 16b where in addition, its partition into 

inter-event (𝜏) and intra-event (𝜙) standard deviation values is also shown (see Appendix). For 

completeness, the plots for the other models are also shown (for the sake of space other plots 

such as residuals and biases are not shown, noting that all essentially look the same). The inter-

event variability is fairly low and appears to be near constant at oscillator periods below 1 s, 

while the intra-event variability is below 0.20 for periods above 1 s and slightly larger than 

0.20 in the low period range (See Appendix 1). The intra-event uncertainty dominates the total 

model uncertainty. The combined standard deviation value is relatively low as it falls into the 

range of 0.15–0.25 for reported lower limits of standard deviations of empirical GMMs 

worldwide (base-10 logarithmic units, with around 0.35 being the upper limit) (Strasser et al. 

2009; Douglas 2010). For comparison, calibration of empirical models of various functional 

forms to PGA of the Icelandic dataset exclusively, yields standard deviation values of around 

0.17 (Kowsari et al. 2019a). It should be noted, that based on a Bayesian hierarchical empirical 

model for PGA an intra-event, a standard deviation of around 0.16 was found to be stable over 

a wide magnitude range for a large dataset of recordings on a small-aperture strong-motion 

array in South Iceland (Halldorsson and Sigbjörnsson 2009; Douglas and Halldorsson 2010; 

Rahpeyma 2018; Rahpeyma et al. 2019).  

 

 

Figure 15. (a) Bias of residuals ± one standard error versus frequency [0.33 to Inf Hz] for Y1(𝐶3,𝐶5-

AB10) using median estimates of model parameters to the 6 earthquakes using 83 records. The gray 

shaded area represents the 90 % confidence interval of the bias. Total bias: 0.005, standard deviation σ: 

0.186. (b) and (c), slopes of lines fitted to residuals plotted versus the logarithm of distance and linear 

magnitude, respectively, ± one standard error for each frequency. 
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Figure 16. Median estimates of inter-event 𝜏, intra-event 𝜑 and total standard error 𝜎 plotted versus 

oscillator period for models (a) Y1(𝐶3-AB10), (b) Y1(𝐶3,𝐶5-AB10), (c) Y2(𝐶4-Am05), (d) Y3(𝐶4,𝐶5-

LL08), (e) Y4(𝐶4,𝐶5-Zh06), and (f) Y5(𝐶4,𝐶5,𝐶6). 

 

We expect that empirical models have lower variability than seismological models 

constructed from physical functions that exert constraints on model parameters. Indeed, the 

total standard deviation values of our models are comparable to those of other physics-based 

models calibrated exclusively (i.e., non-ergodic GMM) to the Icelandic dataset (0.21 for 

Olafsson et al. 2014; 0.216 for Sonnemann et al. 2019). They are, on the other hand, 

considerably lower than for those models that include data from other regions (i.e., semi-

ergodic) (0.282 for Ambraseys et al. 2005; 0.287 for Rupakhety and Sigbjörnsson 2009b). They 

are also lower than those from other GMMs that have been developed from data in other regions 

and used for probabilistic seismic hazard assessment for Iceland or other shallow crustal and 

oceanic regions (0.28-0.34, see in Delavaud et al. 2012; Kowsari et al. 2019a). Finally, the 

consistent near-zero value of inter-event standard deviation at oscillator frequencies above 1 

Hz indicates similarity between the high-frequency strong-motions of SISZ earthquakes. It is 

a measure of the relative stability of the variation of mean values of the inter-event random 

effects 𝜂𝑖 of the seismological model, which are all on the zero line for oscillator periods below 

1 s (not shown). We acknowledge however that this result is not conclusive in terms of the 

physical similarities of high-frequency ground motions vs. numerical uncertainty, as the 
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posterior distribution for 𝜏 is not Gaussian and is associated with relatively large uncertainty 

itself, as is apparent from Figure 10 and Figure 11. 

 

Model-to-Model Variability 

While the recalibrated GMMs using informative priors fit the Icelandic dataset well, the 

models there may be an internal disagreement between them. In Figure 17 we plot the mean of 

the model Y1-Y5 median predictions in Figure 7 vs. distance and for three distinct magnitudes, 

as solid black lines for PGA and SA, and their variation of the means are indicated by the ±1 

standard error of the mean, along with the observed data shown as diamonds color-coded 

diamonds by magnitude. As was to be expected, the models show minimal differences in 

median predictions around magnitude 6.4 and across all distances, due to prevalence of data. 

Consequently, the models start to diverge at magnitudes and/or distances where the dataset is 

lacking. Nevertheless, the variation of the mean model predictions is not very large for 

predictions at larger magnitudes, most likely a consequence of the informative priors for 

magnitude and magnitude-dependent distance scaling, suggesting that our inference is based 

on common observations seen in different seismic regions of shallow interplate crustal 

earthquakes. 

 

Figure 17. The mean of the model predictions Y1-Y5 of Figure 7 are now shown as solid black lines 

for PGA and SA, and the variation of the means are indicated by the ±1 standard error of the mean, vs. 

the observed data shown as diamonds color-coded diamonds by magnitude. 
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The variation of the mean predictions contributes to the variation of the PSHA, in that an 

additional epistemic uncertainty can be incorporated into the median ground motion estimates 

when applying a set of GMMs (Al Atik and Youngs 2014). To come up with such additional 

epistemic uncertainty, therefore, the model-to-model variability (inter-model uncertainty) in 

the median of the GMMs and uncertainty in the median predictions from each GMM (intra-

model or model-specific uncertainty) are evaluated as proposed in Al Atik and Youngs (2014). 

The intra-model uncertainty is the asymptotic variance of a future prediction of a nonlinear 

model at a given location, and it requires calculation of the GMMs’ first partial derivatives and 

matrix operations with the original dataset’s explanatory variables and the model’s covariance 

matrix which includes its inter-event and intra-event variance terms (Seber and Wild 1989; Al 

Atik and Youngs 2014). Figure 18 shows both the inter-model and intra-model uncertainties 

of the recalibrated GMMs for multiple moment magnitudes vs. Joyner-Boore distance for PGA 

and PSA at 𝑇=0.2, 0.3 and 1.0 s, on rock sites. The behaviour of the inter-model and intra-

model uncertainty for different magnitudes vs distances is almost identical at all periods.  

This figure shows that for low magnitudes, the inter-model variability is generally 

smaller in the distance range of prevalent data and increases considerably in the near-fault 

(𝑅JB<10 km) and far-field (𝑅JB>50 km) distances where in both cases the small earthquake 

magnitude data is sparse. For moderate magnitudes (i.e., 𝑀w 6.0-6.5), however, inter-model 

variability is the lowest in the distance range of the moderate magnitude data (𝑅JB<70 km) and 

the lack of data can be clearly seen in the far-field where the GMMs are calibrated based on 

just few records and consequently the uncertainty increases. Despite the lack of large 

magnitude data, the inter-model variability is relatively low in the near-fault regions indicating 

that most GMMs predict similar values. The reason is that the informative priors are applied 

on the magnitude-distance-dependent parameters of the used GMMs to describe the seismic 

characteristics of Icelandic strong motions at near-fault regions. The inter-model uncertainty 

falls below 0.05 for all models and periods at 𝑀w6.2 from about 10 to 80 km and at 𝑀w5.2 

from about 10 to 50 km, while it increases beyond those distances and for 𝑀w7.2 as it is 

unconstrained by data.  

The intra-model uncertainties are generally lowest for those magnitudes and distances 

best supported by data, in this case the intra-model uncertainty can reach below 0.1 for all 

GMMs at 𝑀w 6.2 from about 5 to 80 km at all periods. At 𝑀w 5.2 the uncertainty is below 0.1 

from about 10 to 50 km for short periods (i.e., PGA and 𝑇=0.2 and 0.3 s), while it rapidly 

increases beyond those distances and for larger magnitudes as well. There is however, 
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considerable variation between the GMMs, with Y1(𝐶3-AB10), Y1(𝐶3,𝐶5-AB10) and Y2(𝐶4-

Am05) having close values for low and moderate magnitudes at near-fault regions. The 

Y3(𝐶4,𝐶5-LL08), Y4(𝐶4,𝐶5-Zh06) and Y5(𝐶4,𝐶5,𝐶6) models have higher uncertainties below 

10 km distance, particularly for larger magnitudes, which is due to the depth term, whose 

influence becomes very strong near the fault. Furthermore, the intra-model uncertainty of 

Y1(𝐶3-AB10) and Y1(𝐶3,𝐶5-AB10) is unreasonably high for large magnitudes, which can be 

explained by its quadratic magnitude term which greatly increases the uncertainty at 

magnitudes not covered by data (𝑀w>6.5).  

 

Figure 18. Model-to-model variability and asymptotic standard errors of mean log(PSA) prediction 

from nonlinear models (GMMs) over Joyner-Boore distance for multiple moment magnitudes and PSA 

periods or PGA, all at rock sites only. This measure represents a part of each model’s epistemic 

uncertainty, as this standard deviation represents the uncertainty in the median prediction of GMMs for 

given scenarios. 
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Conclusions 

Earthquake ground motion models that have been calibrated to data in other seismic 

regions, believed to be applicable for PSHA in Iceland, have been proposed and applied in the 

past (e.g., Delavaud et al. 2012). However, these studies are flawed because they have ignored 

the inconsistencies between their GMM predictions and the local dataset of Icelandic strong-

motions, which has been rapidly increasing in the wake of moderate-to-strong SISZ 

earthquakes in 1987, 2000 and 2008. The uniqueness of the attenuation characteristics of 

Icelandic data were shown early on, first by theoretical models based on the recordings of a 

single earthquake, the 𝑀w6 Vatnafjöll earthquake in 1987, the predictions of which have since 

been gradually and consistently been confirmed by later data (Ólafsson et al. 1998; Ólafsson 

and Sigbjörnsson 1999, 2006). National and site-specific hazard studies based on local models, 

have in most cases only used a single GMM, whereas the current international standard practice 

is to apply multiple GMMs for the appropriate handling of epistemic uncertainties. However, 

the establishment of multiple GMMs for Iceland is challenging due to a relatively small strong-

motion dataset with 𝑀w6.5 as the largest recorded earthquake magnitude in the South Iceland 

Seismic Zone (SISZ). This was addressed by Kowsari et al. (2019a) for PGA, and is further 

improved upon and extended in this study. The suite of GMMs studied by Kowsari et al. 

(2019a) have been further refined and the functional forms that did not allow for the deviation 

from self-similar magnitude scaling of ground motions and the magnitude-distance dependent 

saturation of ground motions at larger magnitudes have been eliminated. This resulted in four 

GMMs of distinct and different functional forms for PGA and PSA over oscillator periods 

below 3 s and oscillator frequencies up to 25 Hz. To remove their strong bias against the 

Icelandic dataset we have recalibrated them to the available data in the context of the Bayesian 

statistical framework using a Markov Chain Monte Carlo (MCMC) algorithm introduced by 

Kowsari et al. (2019a). This time improving the inference method by using random effects to 

partition the aleatory variability into inter-event and intra-event components. In addition, 

instead of non-informative priors of model parameters in the Bayesian inference, we apply 

informative priors for selected model coefficients because higher-order terms of the GMMs 

cannot be determined with confidence from the Icelandic dataset. Therefore, we carried out the 

inference on the basis of informative prior probability density functions for selected key 

parameters based on the original publications, allowing for incorporating a certain degree of 

knowledge about the values of the parameters that will affect the posterior distribution of model 
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parameter and improve the overall fit. In other words, it effectively allows the inference to 

adopt some of the salient features of higher-order ground motion scaling at larger magnitudes 

observed in other inter-plate regions of shallow crustal earthquakes, thus informing the locally 

inferred GMMs. In this manner, we avoid the inherently non-objective selection of individual 

data from other regions and instead adopt the overall characteristics of commonly observed 

ground motion scaling in inter-plate regions of shallow crustal earthquakes. The recalibrated 

models using informative priors for magnitude and magnitude-distance scaling terms of the 

original models not only capture the high near-fault amplitudes and rapid ground motion 

attenuation with distance, but most importantly, for the first time introduce a controlled 

saturation of large magnitude ground motion predictions for Iceland, consistent with 

observations in other inter-plate regions of shallow crustal earthquakes. Moreover, from insight 

provided by physics-based finite-fault simulations of SISZ strong-motions we recognize that 

this feature effectively acts as a proxy for the physical and average effective source depth that 

is known to increase with earthquake magnitude, a condition that is allowed for in the SISZ 

seismogenic zone. The new models based on informative priors for effective depth fully 

captures the salient characteristics of the data and the recalibrated GMMs based on informative 

priors from other regions, for all distances and magnitudes considered in this study. The 

presented models thus form a suite of new, essentially hybrid, empirical GMMs that can be 

used with confidence in predicting PGA and PSA for Icelandic earthquakes and are suitable 

candidates for the reassessment of seismic hazard of Iceland. 
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Appendix 1 – Bayesian GMM parameters using informative priors    
 

A1 The median posterior model parameter values at all periods for Y1(𝐶3-AB10) 

Period 𝑪𝟏 𝑪𝟐 𝑪𝟑 𝑪𝟒 𝑪𝟓 𝑪𝟔 𝑪𝟕 𝝉 𝝓 

0.000 -1.17378 1.32283 -0.08079 -2.13881 0.07909 5.39920 0.37066 0.04365 0.17852 

0.050 -0.45720 1.19240 -0.07337 -2.29472 0.09716 5.33151 0.38059 0.05558 0.20295 

0.100 1.20182 0.94466 -0.07409 -3.53503 0.30206 4.78510 0.44713 0.07401 0.21049 

0.150 -1.48178 1.34753 -0.07534 -1.39669 -0.00975 4.05830 0.33318 0.08095 0.19866 

0.200 -1.76449 1.41358 -0.07839 -1.36600 -0.01637 4.50550 0.38391 0.04847 0.22496 

0.250 -3.10760 1.73137 -0.08726 -0.89693 -0.12330 6.50771 0.42574 0.08838 0.23549 

0.300 -3.76247 1.96478 -0.10312 -1.09770 -0.11239 7.32374 0.35449 0.06623 0.23563 

0.350 -4.21662 2.07031 -0.10807 -0.95990 -0.13844 7.35321 0.26019 0.06796 0.22052 

0.400 -4.07764 2.06820 -0.11302 -1.10562 -0.11224 7.09761 0.20042 0.06109 0.20189 

0.450 -3.60023 1.99426 -0.11682 -1.66742 -0.01289 6.09387 0.22941 0.06641 0.19492 

0.500 -4.13268 2.15621 -0.13102 -1.63383 -0.01764 5.66047 0.25759 0.05277 0.19756 

0.550 -4.60442 2.29359 -0.14377 -1.54507 -0.02180 5.21202 0.24883 0.05356 0.21092 

0.600 -3.56111 2.11301 -0.14558 -2.52496 0.14924 4.47986 0.26875 0.03606 0.20727 

0.650 -2.81006 2.04112 -0.15486 -3.42713 0.30029 4.15774 0.26897 0.03655 0.20846 

0.700 -2.47312 1.99127 -0.15464 -3.66565 0.33488 4.12472 0.26512 0.05070 0.20471 

0.750 -2.73679 2.05869 -0.15892 -3.56513 0.31301 4.21967 0.25048 0.06318 0.20181 

0.800 -2.86806 2.10768 -0.16454 -3.69625 0.33591 4.19615 0.24220 0.08803 0.19562 

0.850 -3.19088 2.20308 -0.17371 -3.70499 0.34659 4.07412 0.22121 0.09897 0.18971 

0.900 -3.54240 2.23448 -0.17260 -3.39167 0.30583 3.85014 0.20936 0.11113 0.19278 

0.950 -3.99649 2.29656 -0.17321 -3.08058 0.26260 3.73813 0.20143 0.12187 0.19444 

1.000 -4.67358 2.42715 -0.17887 -2.72920 0.21473 3.60029 0.19119 0.13686 0.19489 

1.050 -5.39900 2.58323 -0.18601 -2.44700 0.17284 3.61070 0.18101 0.13364 0.18957 

1.100 -6.06590 2.71745 -0.19124 -2.19097 0.13439 3.54837 0.16943 0.12555 0.18359 

1.150 -5.99545 2.68015 -0.18851 -2.24354 0.14954 3.28385 0.15659 0.11317 0.17696 

1.200 -5.62603 2.58380 -0.18424 -2.47989 0.19149 3.02505 0.14262 0.10803 0.16691 

1.250 -4.95701 2.40308 -0.17346 -2.73629 0.23453 2.79819 0.13071 0.11295 0.15595 

1.300 -4.64210 2.28942 -0.16298 -2.73891 0.23525 2.72126 0.13256 0.11573 0.15142 

1.350 -4.77184 2.30047 -0.16249 -2.68945 0.22701 2.63673 0.14092 0.11213 0.15249 

1.400 -4.95854 2.32743 -0.16243 -2.60360 0.21365 2.58417 0.15048 0.10570 0.15741 

1.450 -4.94748 2.29954 -0.15887 -2.56714 0.20850 2.50386 0.15175 0.11167 0.16247 

1.500 -5.08441 2.30141 -0.15662 -2.45635 0.19226 2.49017 0.14794 0.11279 0.16290 

1.550 -5.21176 2.31808 -0.15633 -2.41673 0.18759 2.46382 0.15245 0.10819 0.16367 

1.600 -5.38089 2.34025 -0.15707 -2.37358 0.18470 2.35643 0.15382 0.11021 0.16445 

1.650 -5.45392 2.36491 -0.15980 -2.46588 0.20276 2.21552 0.15239 0.11628 0.16196 

1.700 -5.39943 2.36582 -0.16244 -2.63275 0.23155 2.09080 0.15129 0.12324 0.15969 

1.750 -5.63859 2.43643 -0.16804 -2.71105 0.24639 2.06004 0.14939 0.12633 0.15902 

1.800 -5.88864 2.49191 -0.17103 -2.71354 0.24881 2.02262 0.14850 0.13189 0.15735 

1.850 -6.04930 2.50326 -0.16945 -2.57232 0.22877 1.94680 0.13803 0.14363 0.15454 

1.900 -6.13675 2.51088 -0.16937 -2.57776 0.23178 1.88118 0.13119 0.14692 0.15035 

1.950 -6.04783 2.48617 -0.16816 -2.66795 0.24875 1.89887 0.12728 0.14680 0.14647 

2.000 -6.17725 2.51940 -0.17072 -2.70275 0.25644 1.92583 0.11589 0.14496 0.14374 

2.050 -6.25119 2.53360 -0.17203 -2.74535 0.26492 1.95347 0.10583 0.14709 0.14325 

2.100 -6.30453 2.53955 -0.17214 -2.76182 0.26835 2.01193 0.09304 0.14892 0.14453 

2.150 -6.36001 2.54494 -0.17157 -2.76538 0.26985 2.09472 0.08807 0.14981 0.14647 

2.200 -6.97433 2.74996 -0.18893 -2.75662 0.26907 2.15912 0.08242 0.15482 0.14929 

2.250 -7.14292 2.77863 -0.19012 -2.71631 0.26343 2.20848 0.08111 0.15876 0.14971 

2.300 -7.19398 2.79298 -0.19146 -2.70730 0.26390 2.24181 0.07861 0.16531 0.14959 

2.350 -7.09777 2.74102 -0.18544 -2.70318 0.26223 2.38227 0.07778 0.17010 0.14859 

2.400 -7.16455 2.75185 -0.18564 -2.68180 0.25887 2.47819 0.07856 0.17436 0.14987 

2.450 -7.17940 2.75237 -0.18538 -2.69468 0.26061 2.54829 0.07379 0.17642 0.15231 

2.500 -7.07923 2.71755 -0.18257 -2.68081 0.25754 2.68119 0.06766 0.18120 0.15292 

2.550 -6.95922 2.67270 -0.17882 -2.70752 0.26049 2.88943 0.06180 0.18101 0.15253 

2.600 -7.14406 2.74653 -0.18668 -2.77083 0.27190 2.97481 0.06028 0.18258 0.15245 

2.650 -6.91756 2.67790 -0.18137 -2.84948 0.28471 3.10654 0.06153 0.18595 0.15185 

2.700 -6.83533 2.63066 -0.17615 -2.76107 0.27141 3.18032 0.05747 0.19015 0.15015 

2.750 -6.82932 2.60783 -0.17285 -2.66317 0.25525 3.29271 0.05423 0.19256 0.14755 

2.800 -6.79042 2.57401 -0.16896 -2.58783 0.24284 3.45754 0.05007 0.19139 0.14530 

2.850 -6.85789 2.56519 -0.16595 -2.44575 0.22041 3.64647 0.04330 0.18767 0.14424 

2.900 -6.88812 2.54769 -0.16291 -2.35231 0.20755 3.76955 0.03826 0.18976 0.14497 

2.950 -6.97009 2.54228 -0.16139 -2.25625 0.19521 3.74820 0.03357 0.19130 0.14502 

3.000 -6.90673 2.49003 -0.15494 -2.18541 0.18647 3.76624 0.02888 0.19667 0.14511 
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A2 The median posterior model parameter values at all periods for Y1(𝐶3,𝐶5-AB10) 

Period 𝑪𝟏 𝑪𝟐 𝑪𝟑 𝑪𝟒 𝑪𝟓 𝑪𝟔 𝑪𝟕 𝝉 𝝓 

0.000 0.42568 1.06210 -0.08117 -3.33473 0.27630 4.97488 0.38639 0.04471 0.17871 

0.050 1.46523 0.87190 -0.07307 -3.69696 0.32871 4.86253 0.40051 0.05914 0.20340 

0.100 1.21759 0.94468 -0.07440 -3.54294 0.30364 4.78553 0.44983 0.07535 0.20985 

0.150 0.67638 0.99158 -0.07506 -2.98351 0.25094 3.55925 0.35791 0.08223 0.19920 

0.200 0.17794 1.09581 -0.07892 -2.76815 0.21586 4.02136 0.40242 0.04984 0.22474 

0.250 -0.43799 1.28814 -0.08702 -2.84999 0.19843 5.89997 0.45119 0.08745 0.23637 

0.300 -1.31584 1.56365 -0.10316 -2.87467 0.17970 6.78176 0.37719 0.06133 0.23647 

0.350 -1.61259 1.64686 -0.10813 -2.86186 0.17283 6.84992 0.28653 0.06662 0.22177 

0.400 -1.70961 1.68221 -0.11282 -2.82797 0.17000 6.69698 0.22350 0.05744 0.20316 

0.450 -2.02879 1.73344 -0.11662 -2.81335 0.17532 5.76490 0.24407 0.06591 0.19506 

0.500 -2.55630 1.89556 -0.13095 -2.75257 0.16730 5.32421 0.27375 0.05320 0.19787 

0.550 -3.15215 2.05961 -0.14437 -2.62852 0.15499 4.92050 0.26268 0.05000 0.21048 

0.600 -3.68204 2.13437 -0.14581 -2.43221 0.13611 4.49504 0.26501 0.03641 0.20759 

0.650 -4.20550 2.26870 -0.15525 -2.37381 0.12990 4.35189 0.25483 0.03609 0.20834 

0.700 -4.05658 2.24236 -0.15439 -2.44977 0.13643 4.35315 0.24815 0.05108 0.20562 

0.750 -4.14706 2.28719 -0.15897 -2.50582 0.14035 4.43341 0.23633 0.06474 0.20324 

0.800 -4.49179 2.37393 -0.16537 -2.45043 0.13345 4.47275 0.22419 0.08930 0.19709 

0.850 -4.90193 2.47780 -0.17386 -2.38387 0.13214 4.34215 0.20381 0.10301 0.19088 

0.900 -4.94725 2.46157 -0.17311 -2.31539 0.13156 4.04366 0.19465 0.11369 0.19281 

0.950 -5.01386 2.45978 -0.17349 -2.29434 0.13609 3.87048 0.19218 0.12792 0.19354 

1.000 -5.32729 2.53391 -0.17938 -2.24648 0.13668 3.65934 0.18515 0.13810 0.19427 

1.050 -5.80795 2.64860 -0.18606 -2.14748 0.12497 3.61411 0.17986 0.13823 0.18871 

1.100 -6.16017 2.73355 -0.19184 -2.10477 0.12203 3.49443 0.17051 0.12789 0.18231 

1.150 -6.24253 2.71418 -0.18773 -2.02853 0.11478 3.31722 0.15430 0.11551 0.17601 

1.200 -6.37763 2.70749 -0.18457 -1.92976 0.10295 3.04776 0.13441 0.11364 0.16607 

1.250 -6.12690 2.58948 -0.17288 -1.85400 0.09230 2.92161 0.11692 0.11714 0.15609 

1.300 -5.92542 2.49353 -0.16311 -1.77877 0.08064 2.82770 0.11675 0.11587 0.15164 

1.350 -5.99517 2.50102 -0.16280 -1.78988 0.08194 2.77454 0.12832 0.11145 0.15242 

1.400 -6.07418 2.50754 -0.16281 -1.78956 0.08249 2.68684 0.13814 0.10754 0.15755 

1.450 -6.05461 2.47925 -0.15918 -1.74370 0.07636 2.58825 0.14076 0.11464 0.16165 

1.500 -6.17711 2.48120 -0.15696 -1.65743 0.06376 2.58385 0.13622 0.10969 0.16238 

1.550 -6.27885 2.48671 -0.15607 -1.60356 0.05723 2.53437 0.13813 0.10971 0.16292 

1.600 -6.40881 2.50535 -0.15702 -1.59112 0.05867 2.42476 0.14186 0.11303 0.16448 

1.650 -6.55187 2.54044 -0.15989 -1.63270 0.06880 2.31361 0.14014 0.11491 0.16268 

1.700 -6.70129 2.57953 -0.16313 -1.66913 0.07698 2.19234 0.13606 0.12174 0.16015 

1.750 -6.94474 2.64347 -0.16750 -1.70809 0.08503 2.16945 0.13414 0.12745 0.15969 

1.800 -7.15908 2.68581 -0.16960 -1.68494 0.08368 2.11824 0.13234 0.13391 0.15774 

1.850 -7.31953 2.70638 -0.16915 -1.63028 0.07703 2.03617 0.12496 0.14287 0.15399 

1.900 -7.48024 2.72389 -0.16902 -1.57341 0.07118 1.96316 0.11513 0.14844 0.15077 

1.950 -7.55710 2.72835 -0.16836 -1.52830 0.06557 1.99178 0.11039 0.14933 0.14786 

2.000 -7.74717 2.77153 -0.17078 -1.52108 0.06642 2.04989 0.09953 0.14888 0.14521 

2.050 -7.86425 2.79448 -0.17194 -1.52261 0.06823 2.08506 0.08733 0.15244 0.14490 

2.100 -7.93865 2.80519 -0.17179 -1.52818 0.06993 2.16469 0.07462 0.15288 0.14609 

2.150 -7.93189 2.79674 -0.17138 -1.55565 0.07509 2.23231 0.06996 0.15372 0.14792 

2.200 -8.54620 3.00224 -0.18881 -1.60906 0.08519 2.24788 0.06431 0.15646 0.15010 

2.250 -8.55701 3.00682 -0.18970 -1.64144 0.09130 2.32464 0.06494 0.15934 0.15072 

2.300 -8.63301 3.02767 -0.19154 -1.65241 0.09364 2.39055 0.06238 0.16426 0.14964 

2.350 -8.47175 2.95881 -0.18510 -1.64622 0.09169 2.53286 0.06389 0.16981 0.15013 

2.400 -8.50900 2.96506 -0.18535 -1.65931 0.09380 2.61535 0.06203 0.17222 0.15046 

2.450 -8.49753 2.96248 -0.18520 -1.66911 0.09509 2.69133 0.06025 0.17907 0.15318 

2.500 -8.39290 2.93259 -0.18303 -1.70301 0.09953 2.86245 0.05241 0.18117 0.15328 

2.550 -8.21650 2.87784 -0.17853 -1.75660 0.10742 3.04249 0.04826 0.18421 0.15280 

2.600 -8.27039 2.93445 -0.18727 -1.96567 0.14191 3.08514 0.04709 0.18607 0.15269 

2.650 -8.06621 2.86334 -0.18142 -1.98140 0.14452 3.22227 0.04869 0.18565 0.15225 

2.700 -7.85821 2.79396 -0.17626 -1.97707 0.14435 3.30434 0.04649 0.18960 0.14965 

2.750 -7.72036 2.75133 -0.17300 -1.98475 0.14513 3.42201 0.04511 0.19086 0.14761 

2.800 -7.61634 2.70943 -0.16913 -1.98538 0.14545 3.53165 0.04169 0.19240 0.14460 

2.850 -7.41773 2.65389 -0.16570 -2.02703 0.15238 3.72204 0.03691 0.19505 0.14424 

2.900 -7.38339 2.62634 -0.16281 -2.00475 0.15103 3.79876 0.03334 0.19154 0.14420 

2.950 -7.35066 2.60414 -0.16130 -1.98364 0.15148 3.75522 0.02962 0.19647 0.14413 

3.000 -7.32220 2.55529 -0.15506 -1.85723 0.13362 3.79107 0.02382 0.19575 0.14430 
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A3 The median posterior model parameter values at all periods for Y2(𝐶4-Am05) 

Period 𝑪𝟏 𝑪𝟐 𝑪𝟑 𝑪𝟒 𝑪𝟓 𝑪𝟔 𝝉 𝝓 

0.000 1.41937 0.07229 -3.52000 0.30647 4.93724 0.39064 0.03758 0.17857 

0.050 2.08797 -0.00757 -3.82880 0.35108 4.80035 0.40352 0.04965 0.20312 

0.055 2.07970 -0.01362 -3.72218 0.33915 4.52506 0.40629 0.04725 0.20303 

0.060 2.06565 0.00085 -3.76169 0.34071 4.94754 0.40614 0.04744 0.20226 

0.065 2.15355 -0.01095 -3.84272 0.35648 5.07608 0.38762 0.04922 0.20492 

0.070 2.30561 -0.02977 -3.86558 0.35942 5.22569 0.39118 0.05504 0.21108 

0.075 2.26730 -0.01026 -3.86952 0.35418 5.67951 0.40360 0.05186 0.22522 

0.080 2.18316 0.00852 -3.89095 0.35447 5.68868 0.42949 0.05462 0.22810 

0.085 2.01277 0.04345 -3.78923 0.33483 5.66367 0.44825 0.05743 0.22373 

0.090 1.92611 0.06507 -3.78514 0.32942 5.80317 0.45033 0.05939 0.22349 

0.095 2.06903 0.02567 -3.81461 0.34510 5.01030 0.45039 0.06847 0.21507 

0.100 2.16220 0.00417 -3.88294 0.35930 4.69903 0.45716 0.06652 0.20900 

0.110 1.94364 0.03495 -3.75108 0.34282 4.61977 0.46719 0.04843 0.21655 

0.120 1.99110 0.04080 -3.68264 0.32619 5.21257 0.44309 0.04460 0.21379 

0.130 1.94900 0.03445 -3.55745 0.31665 4.92085 0.40476 0.05525 0.21146 

0.140 1.65288 0.06100 -3.32142 0.29327 4.12290 0.37558 0.06426 0.20016 

0.150 1.28861 0.10206 -3.06619 0.26466 3.56513 0.36014 0.06912 0.19946 

0.160 1.25508 0.09206 -3.01082 0.26664 3.23724 0.36485 0.05656 0.20818 

0.170 1.35656 0.07575 -3.02479 0.26758 3.34531 0.38555 0.04179 0.21247 

0.180 1.41558 0.06369 -3.02518 0.26837 3.28696 0.38784 0.03926 0.21987 

0.190 1.49276 0.06223 -3.14779 0.28170 3.64536 0.40041 0.04393 0.22667 

0.200 1.35880 0.08816 -3.18308 0.28363 3.85044 0.41101 0.04238 0.22480 

0.220 1.25542 0.11259 -3.16700 0.27598 4.16715 0.43463 0.05994 0.24262 

0.240 1.07176 0.17220 -3.20641 0.26084 5.38785 0.46119 0.07695 0.24462 

0.260 0.90211 0.21790 -3.26551 0.25779 6.18720 0.44613 0.06312 0.22513 

0.280 0.79249 0.25740 -3.28874 0.24722 6.82242 0.42250 0.04942 0.22510 

0.300 0.63965 0.28111 -3.24371 0.24061 6.58699 0.38357 0.04847 0.23645 

0.320 0.55054 0.28892 -3.26449 0.24672 6.27819 0.34927 0.05457 0.23175 

0.340 0.57604 0.28600 -3.24894 0.24114 6.32715 0.30080 0.05169 0.22501 

0.360 0.57930 0.29658 -3.27532 0.23876 6.88303 0.28269 0.05215 0.21760 

0.380 0.50930 0.30377 -3.18143 0.22333 6.85400 0.25983 0.04967 0.21151 

0.400 0.45369 0.30391 -3.11171 0.21603 6.58882 0.22786 0.04098 0.20262 

0.420 0.40674 0.31138 -3.12605 0.21680 6.48443 0.23387 0.03543 0.19567 

0.440 0.34618 0.30728 -3.15279 0.22697 5.92949 0.24408 0.04184 0.19462 

0.460 0.33518 0.29840 -3.14412 0.23071 5.51314 0.25393 0.04523 0.19281 

0.480 0.29879 0.30198 -3.13046 0.22690 5.41519 0.26620 0.03941 0.19254 

0.500 0.17016 0.31880 -3.00990 0.20899 5.24007 0.27697 0.03850 0.19716 

0.550 0.00615 0.32757 -2.85702 0.19311 4.78015 0.26734 0.03997 0.20941 

0.600 -0.22651 0.34117 -2.84664 0.20511 4.24724 0.27299 0.03322 0.20686 

0.650 -0.39107 0.35898 -2.81148 0.20309 4.12463 0.26247 0.03801 0.20748 

0.700 -0.31982 0.35062 -2.86356 0.20614 4.12271 0.25627 0.04693 0.20436 

0.750 -0.37048 0.36039 -2.81359 0.19235 4.25946 0.24282 0.05744 0.20067 

0.800 -0.65339 0.39927 -2.67400 0.17152 4.32496 0.22992 0.08408 0.19572 

0.850 -0.63766 0.38223 -2.72005 0.18811 4.20108 0.20953 0.09607 0.19019 

0.900 -0.59657 0.35726 -2.73830 0.20153 3.84414 0.20156 0.11215 0.19197 

0.950 -1.13846 0.43330 -2.33558 0.14371 3.78431 0.19165 0.12279 0.19353 

1.000 -1.44080 0.46899 -2.16786 0.12423 3.66257 0.18434 0.13502 0.19408 

1.100 -1.85590 0.52322 -2.01773 0.10838 3.44579 0.16955 0.12365 0.18254 

1.200 -2.25941 0.57169 -1.87815 0.09534 3.00995 0.13458 0.10509 0.16597 

1.300 -2.38385 0.58386 -1.83316 0.08953 2.79964 0.11892 0.11202 0.15129 

1.400 -2.62026 0.61390 -1.77103 0.08038 2.62373 0.14038 0.11596 0.15693 

1.500 -2.81483 0.63896 -1.72086 0.07433 2.51701 0.13899 0.12329 0.16222 

1.600 -3.14238 0.67949 -1.59653 0.06016 2.36956 0.14307 0.11867 0.16430 

1.700 -3.19405 0.67718 -1.72676 0.08647 2.14041 0.13927 0.12600 0.15994 

1.800 -3.62640 0.73885 -1.59490 0.06951 2.10458 0.13234 0.13052 0.15778 

1.900 -3.86859 0.76738 -1.54900 0.06732 1.97793 0.11741 0.14305 0.15095 

2.000 -4.00998 0.78325 -1.54545 0.07061 2.04268 0.10069 0.13703 0.14463 

2.100 -4.09432 0.79126 -1.59276 0.08075 2.12764 0.07720 0.14077 0.14574 

2.200 -4.22622 0.80739 -1.60039 0.08387 2.26545 0.06547 0.14472 0.15034 

2.300 -5.22830 0.96514 -0.91936 -0.02483 2.53586 0.05241 0.15915 0.15294 

2.400 -5.36008 0.98336 -0.84632 -0.03772 2.78625 0.05075 0.16967 0.15397 

2.500 -5.50013 1.00587 -0.81920 -0.04372 3.05945 0.04080 0.18121 0.15760 
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A4 The median posterior model parameter values at all periods for Y3(𝐶4,𝐶5-LL08) 

Period 𝑪𝟏 𝑪𝟐 𝑪𝟑 𝑪𝟒 𝑪𝟓 𝑪𝟔 𝑪𝟕 𝝉 𝝓 

0.000 -4.36017 1.57373 -2.38240 0.49174 0.51216 0.01607 0.90610 0.10340 0.39993 

0.020 -4.26077 1.55336 -2.36967 0.48999 0.50473 0.01721 0.92485 0.13512 0.40303 

0.030 -4.12393 1.57612 -2.41959 0.48989 0.50726 0.01620 0.94781 0.15031 0.41707 

0.040 -3.52278 1.48766 -2.39632 0.49035 0.50466 0.00724 0.92731 0.19841 0.43549 

0.050 -3.59966 1.56446 -2.49219 0.49137 0.51835 0.01851 0.93247 0.13057 0.45267 

0.060 -3.48065 1.57439 -2.51377 0.49556 0.52500 0.02393 0.93826 0.11875 0.44720 

0.090 -3.61655 1.83643 -2.78488 0.49936 0.55802 0.02355 1.05965 0.17508 0.50130 

0.100 -3.48316 1.72003 -2.65650 0.49646 0.53883 0.02701 1.05687 0.15216 0.47637 

0.120 -3.32883 1.64583 -2.52194 0.49649 0.53095 -0.00617 1.03771 0.14247 0.48351 

0.150 -3.67415 1.47217 -2.17614 0.48872 0.49592 0.00437 0.83609 0.16863 0.45360 

0.170 -3.51472 1.39235 -2.05994 0.48715 0.48571 -0.02154 0.89960 0.10570 0.48981 

0.200 -3.80296 1.53218 -2.19117 0.49072 0.51071 -0.02147 0.96701 0.11279 0.51669 

0.240 -4.14872 1.74395 -2.37672 0.49765 0.53527 -0.05146 1.11724 0.18614 0.55562 

0.300 -4.97795 1.98410 -2.55864 0.50178 0.54753 -0.04949 0.95102 0.12659 0.53768 

0.360 -5.16024 1.97648 -2.55142 0.50131 0.54220 -0.03341 0.71810 0.13966 0.49708 

0.400 -4.98100 1.89686 -2.49808 0.49865 0.53531 -0.03602 0.58845 0.11745 0.47113 

0.460 -5.31531 1.87729 -2.40997 0.49223 0.51408 -0.05270 0.64360 0.09254 0.44303 

0.500 -5.25945 1.84988 -2.42162 0.49279 0.50844 -0.04888 0.70073 0.08682 0.45919 

0.600 -5.89629 1.89231 -2.35897 0.48998 0.50717 -0.04082 0.68070 0.08341 0.48489 

0.750 -5.85386 1.95321 -2.48806 0.48913 0.51749 -0.05809 0.62700 0.09049 0.46519 

0.850 -6.37035 2.00355 -2.41683 0.49131 0.52133 -0.07055 0.54827 0.13705 0.44329 

1.000 -6.96964 1.95803 -2.18468 0.49201 0.51030 -0.08136 0.48264 0.21272 0.46198 

1.500 -9.52653 2.03754 -1.85073 0.47756 0.45201 -0.02542 0.35337 0.31127 0.39734 

2.000 -12.27930 2.33426 -1.63720 0.47309 0.44451 -0.02724 0.25498 0.27050 0.36396 

3.000 -13.68369 2.50026 -1.55974 0.48723 0.50348 -0.06154 0.08380 0.51232 0.34906 

4.000 -15.36863 2.82106 -1.50056 0.50390 0.58483 -0.11424 0.02884 0.46983 0.39784 

5.000 -16.37372 2.96103 -1.49965 0.51213 0.62904 -0.08861 -0.00855 0.50678 0.43748 

 

 

A5 The median posterior model parameter values at all periods for Y4(𝐶4,𝐶5-Zh06) 

Period 𝑪𝟏 𝑪𝟐 𝑪𝟑 𝑪𝟒 𝑪𝟓 𝑪𝟔 𝝉 𝝓 

0.000 -0.10706 1.24848 -0.02233 0.00543 0.98714 0.90146 0.08572 0.39353 

0.050 0.43046 1.21868 -0.02431 0.00737 0.93865 0.92855 0.11503 0.44408 

0.100 0.41969 1.28475 -0.02499 0.00879 0.92605 1.03942 0.14870 0.47538 

0.150 0.90266 1.19211 -0.01867 0.00975 0.87401 0.83141 0.15215 0.43520 

0.200 0.72710 1.21458 -0.01754 0.01172 0.86412 0.93513 0.09223 0.50957 

0.250 -0.30953 1.39374 -0.02136 0.01380 0.88030 1.06093 0.16870 0.53172 

0.300 -1.09186 1.52846 -0.02380 0.01482 0.87194 0.90202 0.12187 0.53166 

0.400 -1.10863 1.50442 -0.02373 0.00994 0.92416 0.54818 0.11169 0.47138 

0.500 -1.29849 1.49168 -0.02313 0.00595 0.94857 0.66245 0.10067 0.46905 

0.600 -1.69827 1.52300 -0.01981 0.00297 1.02652 0.62900 0.07745 0.49164 

0.700 -1.95859 1.54407 -0.02004 0.00248 1.04122 0.58702 0.11588 0.49265 

0.800 -2.14272 1.55346 -0.02126 0.00220 1.06887 0.55717 0.20413 0.46245 

0.900 -2.17580 1.53357 -0.01754 0.00199 1.08508 0.47843 0.24201 0.46184 

1.000 -2.42480 1.55495 -0.01581 0.00200 1.09442 0.44608 0.27977 0.45943 

1.250 -3.55845 1.70582 -0.01198 0.00198 1.06704 0.29389 0.23221 0.37232 

1.500 -4.30420 1.79012 -0.01110 0.00199 1.03730 0.32916 0.24845 0.38938 

2.000 -6.53911 2.09440 -0.00571 0.00248 1.00195 0.24273 0.30293 0.34303 

2.500 -7.80983 2.25652 -0.00449 0.00280 1.04621 0.13616 0.43219 0.36011 

3.000 -7.86352 2.22296 -0.00227 0.00323 1.07865 0.06222 0.47939 0.34128 

4.000 -9.61805 2.47272 0.00205 0.00405 1.14159 -0.00164 0.55783 0.39100 

5.000 -10.61311 2.61237 0.00308 0.00507 1.16581 -0.04050 0.53074 0.43273 
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A6 The median posterior model parameter values at all periods for Y5(𝐶4,𝐶5,𝐶6) 

Period 𝑪𝟏 𝑪𝟐 𝑪𝟑 𝑪𝟒 𝑪𝟓 𝑪𝟔 𝑪𝟕 𝝉 𝝓 

0.00 -1.21686 0.49537 -1.61034 4.51333 0.50199 5.24258 0.36653 0.03691 0.17496 

0.05 -0.89377 0.47314 -1.65782 4.51762 0.50227 5.24245 0.37808 0.04702 0.19892 

0.10 -0.86393 0.49436 -1.66610 4.51122 0.50152 5.24356 0.42799 0.06309 0.21157 

0.15 -0.89155 0.48025 -1.53556 4.44456 0.50009 5.25296 0.33904 0.05349 0.19681 

0.20 -0.96456 0.48595 -1.50928 4.46436 0.49966 5.25103 0.38507 0.03809 0.22089 

0.25 -1.31863 0.54270 -1.53515 4.53024 0.50032 5.24516 0.43726 0.07537 0.23237 

0.30 -1.59487 0.59805 -1.59253 4.54433 0.50131 5.24241 0.36673 0.05229 0.23283 

0.35 -1.65299 0.60844 -1.61504 4.56266 0.50140 5.24060 0.27638 0.04920 0.21843 

0.40 -1.55228 0.58562 -1.61468 4.57312 0.50245 5.23700 0.21495 0.04916 0.19942 

0.45 -1.69513 0.61061 -1.65180 4.54482 0.50166 5.24037 0.23304 0.04991 0.19132 

0.50 -1.64352 0.60240 -1.68318 4.52676 0.50159 5.24981 0.26187 0.03765 0.19376 

0.55 -1.64039 0.59597 -1.66965 4.48737 0.50021 5.25462 0.25266 0.04008 0.20676 

0.60 -1.92039 0.63199 -1.63895 4.45308 0.49861 5.25427 0.25602 0.03206 0.20569 

0.65 -2.06454 0.65040 -1.63094 4.45795 0.50017 5.25323 0.24530 0.03817 0.20912 

0.70 -2.02874 0.64727 -1.66503 4.45916 0.50101 5.24804 0.24020 0.04383 0.20684 

0.75 -1.97580 0.63595 -1.68907 4.45652 0.50142 5.25153 0.22634 0.05306 0.20359 

0.80 -2.08950 0.64646 -1.67401 4.47516 0.50180 5.24829 0.21500 0.07682 0.19780 

0.85 -2.20082 0.65257 -1.62483 4.46524 0.50085 5.25038 0.19506 0.09120 0.19270 

0.90 -2.22785 0.64487 -1.57987 4.43381 0.49884 5.25095 0.18317 0.10775 0.19473 

0.95 -2.33282 0.65071 -1.54228 4.43563 0.49873 5.25777 0.18023 0.12306 0.19576 

1.00 -2.45332 0.66045 -1.50552 4.42394 0.49998 5.25658 0.17242 0.12856 0.19607 

1.10 -2.70910 0.69262 -1.46660 4.40929 0.49929 5.26311 0.15984 0.11396 0.18526 

1.20 -2.99420 0.73095 -1.44274 4.36164 0.49715 5.26524 0.12300 0.09391 0.17171 

1.30 -3.06036 0.73728 -1.44534 4.32004 0.49662 5.27008 0.10933 0.09633 0.15975 

1.40 -3.20988 0.75822 -1.45626 4.31102 0.49677 5.27546 0.12952 0.09756 0.16675 

1.50 -3.39433 0.78153 -1.44708 4.30676 0.49588 5.27410 0.12932 0.10758 0.17227 

1.60 -3.55856 0.79822 -1.42048 4.30766 0.49466 5.27830 0.13631 0.09639 0.17574 

1.70 -3.82110 0.83203 -1.39601 4.30656 0.49652 5.27262 0.12797 0.08977 0.17367 

1.80 -4.12997 0.87349 -1.36806 4.32996 0.49790 5.27109 0.12267 0.08549 0.17163 

1.90 -4.36945 0.90216 -1.33658 4.30303 0.49632 5.27447 0.10661 0.09258 0.16642 

2.00 -4.55698 0.92243 -1.30153 4.30452 0.49800 5.27547 0.09116 0.09251 0.15954 

2.10 -4.72885 0.94184 -1.27564 4.31283 0.49776 5.27633 0.06752 0.10460 0.15822 

2.20 -4.89255 0.96062 -1.25641 4.32371 0.49620 5.26860 0.05814 0.11907 0.16107 

2.30 -4.95363 0.96259 -1.23629 4.33979 0.49847 5.26935 0.05369 0.13524 0.15937 

2.40 -5.04870 0.97124 -1.22836 4.36522 0.49809 5.26523 0.05471 0.15725 0.15819 

2.50 -5.10590 0.97409 -1.21855 4.37823 0.49716 5.26390 0.04641 0.16923 0.15910 

2.60 -5.16117 0.97647 -1.20073 4.40180 0.49885 5.25938 0.03653 0.17904 0.15828 

2.70 -5.14140 0.96442 -1.18496 4.40769 0.49822 5.26027 0.03443 0.19148 0.15447 

2.80 -5.12761 0.95379 -1.16769 4.41868 0.49771 5.25755 0.03122 0.19395 0.14805 

2.90 -5.17858 0.95205 -1.13328 4.43893 0.49917 5.25830 0.02132 0.19406 0.14649 

3.00 -5.22780 0.95013 -1.09608 4.43770 0.49702 5.25758 0.01518 0.19962 0.14664 

 

 

 


