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Abstract 

Our knowledge of earthquake ground motions of engineering significance var-

ies geographically. The prediction of earthquake shaking in parts of the globe with 

high seismicity and a long history of observations from dense strong-motion net-

works, such as coastal California, much of Japan and central Italy, should be asso-

ciated with lower uncertainty than ground-motion models for use in much of the 

rest of the world, where moderate and large earthquakes occur infrequently and 

monitoring networks are sparse or only recently installed. This variation in uncer-

tainty, however, is not often captured in the models currently used for seismic 

hazard assessments, particularly for national or continental-scale studies.  

In this theme lecture, firstly I review recent proposals for developing ground-

motion logic trees and then I develop and test a new approach for application in 
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Europe. The proposed procedure is based on the backbone approach with scale 

factors that are derived to account for potential differences between regions. 

Weights are proposed for each of the logic-tree branches to model large epistemic 

uncertainty in the absence of local data. When local data is available these weights 

are updated so that the epistemic uncertainty captured by the logic tree reduces. I 

argue that this approach is more defensible than a logic tree populated by previ-

ously published ground-motion models. It should lead to more stable and robust 

seismic hazard assessments that capture our doubt over future earthquake shaking. 

Introduction 

Capturing epistemic uncertainty within probabilistic seismic hazard assess-

ments (PSHAs) has become a topic of increasing interest over the past couple of 

decades, especially since the publication of the SSHAC approach (Budnitz et al., 

1997). Put simply this means that the seismic hazard model, comprising a charac-

terisation of the seismic sources (locations, magnitude-frequency relations, maxi-

mum magnitudes) and the ground-motion model (median ground motion for a 

given magnitude and distance and its aleatory variability, characterising the prob-

ability distribution around this median), need to capture our knowledge and also 

our doubt about earthquakes and their associated shaking in the region of interest. 

Epistemic uncertainty is generally quantified by constructing a logic tree with 

weighted branches modelling our degrees of belief in different inputs (Kulkarni et 

al., 1984), e.g.: what is the largest earthquake that could occur along a fault (max-

imum magnitude)? For this article I am using the terms “aleatory variability” and 

“epistemic uncertainty” in the way they are commonly used in the engineering 

seismology community, i.e. aleatory variability is accounted for in the hazard in-

tegral whereas epistemic uncertainty is capture within a logic tree. Stafford (2015) 

proposes a different framework and terminology. Because a given structure may 

only need to withstand a single potentially-damaging earthquake during its life-

time, Atkinson (2011) proposes that all between-event uncertainties (i.e. including 

some of those currently modelled as aleatory variability) should be considered ep-
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istemic. This viewpoint is not considered in the following as it is not (yet) stand-

ard practice.  

The comparisons of the uncertainties captured in various recent PSHAs shown 

by Douglas et al. (2014) suggest potential inconsistencies in some of the logic 

trees. Douglas et al. (2014) report, for various studies and locations, a measure of 

the width of the fractiles/percentiles of the seismic hazard curves equal to 

100[log(y84)-log(y16)] where y84 and y16 are the 84th and 16th percentiles of peak 

ground acceleration (PGA) or response spectral acceleration (SA) for a natural pe-

riod of 1s. This measure indicates how much uncertainty there is in the assessed 

hazard. Douglas et al. (2014) argue that this measure should vary geographically 

with the level of knowledge of engineering-significant ground motions, specifical-

ly areas with limited data (generally stable regions) showing high values (large 

uncertainty) and areas with considerable data showing lower uncertainties. This 

behaviour was generally seen in Europe [e.g. within the European Seismic Hazard 

Model (ESHM, Woessner et al., 2015)] but not in all studies or for all locations. 

Comparing the ESHM with site-specific studies for the same locations suggests 

that the overall uncertainty modelled in the ESHM is too low or alternatively the 

fractiles of the site-specific studies too wide. The key driver of the modelled un-

certainty in PSHAs is often the ground-motion logic tree (e.g. Toro, 2006) and 

hence this is the first place to start when seeking a method to construct PSHAs 

that reflect the underlying level of knowledge. 

The next section of this article assesses the level of uncertainty captured within 

some typical ground-motion logic trees. The following section discusses the vari-

ous approaches applied in the past decade to construct ground-motion logic trees. 

The main focus of this article is to propose a new approach, which is presented in 

the subsequent section and then applied in the penultimate section for three Euro-

pean countries. The article ends with some conclusions. 

Uncertainties captured in logic trees 

Toro (2006) presents approximate results to quantify the impact of epistemic 

uncertainty in the median ground motion on the mean hazard curve. He states that 
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the ratio, R, of the mean to median ground motion (e.g. PGA) for a given annual 

frequency of exceedance roughly equals: 

R=exp岫ど┻の倦購禎態岻,  (1) 

where k is the slope of the hazard curve in log-log space and jた is the lognormal 

epistemic uncertainty in the median ground motion (in terms of natural loga-

rithms1). He notes that this increase in ground motion is the same as would be 

caused by an increase in the aleatory variability from j0 to j1, where j1
2=j0

2+ jた
2. 

The slope of the hazard curve, k, is generally is between 1 (generally, areas of 

low seismicity) and 4 (generally, areas of high seismicity) but k depends on the 

range of annual frequencies of exceedance considered (e.g. Weatherill et al., 2013; 

H. Bungum, written communication, 2017). Douglas (2010b) reports values of jた 

between 0.23 (for well-studied areas such as western North America) and 0.69 (for 

the largest subduction events) from comparisons of median PGAs from many pub-

lished ground motion prediction equations (GMPEs) for a few scenarios. Toro 

(2006) reports similar values from logic trees used in various US site-specific 

studies. Using Equation (1) leads to the percentage increases in the median hazard 

given in Table 1. These calculations show that the effect of large epistemic uncer-

tainties in the ground-motion model can be dramatic, e.g. more than doubling of 

the median ground motion (105% increase) for jた=0.69 and k=3 and the effect is 

highly sensitive to the exact level of uncertainty modelled. Consequently there is a 

need for a rigorous method to assess what uncertainty should be captured. 

  

                                                           
1 Natural logarithms are used throughout for clarity. 
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Table 1: Percentage increase when going from median to mean ground motion due 

to epistemic uncertainty in the ground-motion model of jた for hazard curves with a 

slope k. 

  k 

 Ln Log10 1 2 3 4 

 0.23 0.1 3 5 8 11 

jた 0.46 0.2 11 24 37 53 

 0.69 0.3 27 61 105 160 

 0.92 0.4 53 134 257 446 

 

Rearranging Equation (1) and assuming that the epistemic uncertainty in the 

hazard results is entirely due to the ground-motion logic tree, allows jた to be esti-

mated for published PSHAs. Table 2 reports the jた obtained by this approach for a 

representative selection of the PSHAs considered by Douglas et al. (2014). The k 

value for each site and PSHA is estimated from the slope of the hazard curve 

computed using the ground-motion amplitudes for annual frequency of exceed-

ance of 1/475 and 1/2475. This table suggests that the epistemic uncertainty cap-

tured in the ground-motion logic tree of regional PSHAs such as ESHM are too 

low, particularly for stable areas, as they are far below those captured in site-

specific studies (e.g. Toro, 2006) and those reported by Douglas (2010b) based 

simply on comparing predictions from GMPEs for some scenarios. 

A quick check that could be performed when developing ground-motion logic 

trees for regional applications is to compute the jた for a few key scenarios (see be-

low for guidance from disaggregation on what earthquakes are likely to dominate 

the hazard) and compare it to the values reported in Table 2 for site-specific stud-

ies. Values much lower than these values would need to be carefully justified. Al-

so the jた for ground-motion logic trees for application in active areas should gen-

erally be lower than the jた for stable areas, because of the lack of ground-motion 

data of engineering significance from such areas to constrain the GMPEs. 
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Table 2. Estimated epistemic uncertainty in the ground-motion logic tree for some representative 
sites and PSHAs (for 475 year return period and PGA, except for Thyspunt where the spectral 
acceleration at 0.01s is used). See Douglas et al. (2014) for details of studies. Site-specific stud-
ies are in bold. Only rock sites are considered. 

Site Reference k jた (ln) 

Edinburgh, UK ESHM (Woessner et al., 2013) 1.68 0.23 

Berlin, Germany ESHM (Woessner et al., 2013) 1.55 0.34 

Istanbul, Turkey ESHM (Woessner et al., 2013) 2.51 0.13 

Mühleberg, Switzerland ESHM (Woessner et al., 2013) 2.09 0.18 

“ PEGASOS (Nagra, 2014) 2.15 0.41 

Bruce, Canada AMEC Geomatrix Inc. (2011) 1.94 0.49 

Thyspunt Bommer et al. (2015) 1.19 0.51 

Yucca Mountain CRWMS M&O (Stepp et al., 2011) 1.80 0.45 

     

As stated by USNRC (2012), the aim of any PSHA should be to capture the 

“centre, body and range of technical defensible interpretations”, even if the PSHA 

is regional and not site-specific and even if it is being conducted at a low SSHAC 

level (1 or 2). The results of PSHAs should also be stable with time, i.e. if a new 

PSHA was conducted for the sample location in the future the results of the new 

study should not be greatly different to the original results. This requirement 

means that sufficient uncertainty has to be modelled so that the fractiles of the as-

sessed hazard from the original and subsequent PSHAs broadly overlap.   

Bommer and Scherbaum (2008) note that the different models on the branches 

of logic trees should be mutually exclusive and collectively exhaustive (MECE) so 

that the branch weights can be considered as probabilities, an implicit assumption 

when computing mean hazard curves and those for different fractiles. This means 

that one of the models (although we do not know which) is the true model and that 

all the models are independent. This criterion is likely not to hold for logic trees 

developed using GMPEs derived from overlapping datasets. 

This study discusses how to populate logic trees for the ground-motion compo-

nent of the seismic hazard model to capture epistemic uncertainty within national 

or continental-scale seismic hazard assessments, where our knowledge of ground 

motions in moderate and large earthquakes varies. The focus is not on site-specific 

studies (e.g. those conducted for critical infrastructure), which have different chal-
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lenges (e.g. higher regulatory scrutiny) and opportunities (e.g. much smaller geo-

graphical range and more resources per km2 covered). The approach proposed in 

this article may, however, be of interest for these studies, particularly in regions 

with limited data. The focus of this study is on models for the prediction of the 

median ground motions rather than the, equally important, models for the aleatory 

variability (sigma). 

Current state of practice 

There are three principal ways in which geographically-varying logic trees 

could be constructed, if the approach of Savy et al. (2002) using point-based esti-

mates from expert judgement for various magnitude-distance-period scenarios is 

excluded as being too cumbersome for regional-scale PSHA. These are summa-

rised in this section, focussing on the relatively new approach of backbone mod-

els. Goulet et al. (2017, Chapter 2) provide a recent comprehensive review of the 

development of ground-motion logic trees to capture epistemic uncertainty, par-

ticularly within US projects. 

Multiple ground motion prediction equations 

The most common way of constructing ground-motion logic trees is to populate 

the branches with a selection of previously published GMPEs. A recent example 

of such a logic tree was that used in the ESHM and presented in Delavaud et al. 

(2012). A recent overview of this approach and ways of selecting and weighting 

the GMPEs is provided by Kale and Akkar (2017) in the context of the Earthquake 

Model for the Middle East (EMME, Danciu et al., 2017). 

For areas with a set of recently-published and robust GMPEs (e.g. California, 

Japan and Italy) this approach appears relatively straightforward. Nevertheless, for 

these areas there are difficulties in deciding which of the many available models to 

choose and how many models should be included. For California two recent pro-

jects (NGA-West1 and 2) have developed a set of five GMPEs using a consistent 

database and independent and dependent variables (Power et al., 2008; Bozorgnia 

et al., 2014). Therefore, it would appear that a logic tree for California should 
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comprise the most recent version of these five GMPEs. However, there are doubts 

that such a logic tree would capture all the epistemic uncertainty concerning 

earthquake ground motions in future earthquakes because the models may be too 

similar. In this situation it has been proposed that additional logic-tree branches 

equivalent to a backbone approach are required (see below).  

For many areas, however, there are no indigenous GMPEs, or those that are 

available are based on extrapolations from weak-motion data, often using the sto-

chastic method (e.g. Rietbrock et al., 2013). When adopting a multiple GMPE ap-

proach for such areas, the problem is which of the models published for other re-

gions should be included and will these GMPEs truly model ground motions in 

future earthquakes. Delavaud et al. (2012) were uncertain about whether ground 

motions in much of northern Europe (continental crust) were similar to those in 

the Mediterranean region, for which many indigenous models exist, or closer to 

those in the Scandinavian shield, for which they believed GMPEs developed for 

tectonically-similar eastern North America could be used. Therefore, their ground-

motion logic tree included GMPEs for both tectonic regimes for that part of the 

continent. The logic tree proposed by Stewart et al. (2015) for the Global Earth-

quake Model discusses the considerable epistemic uncertainty in assessing ground 

motions for the majority of the world and they seek to propose a logic tree that 

captures this uncertainty by choosing robust models that displaying differing char-

acteristics, e.g. decay rates in subduction earthquake ground motions. However, 

this is not an objective procedure nor was the resulting logic tree checked to see 

whether it models sufficient (or what appears to be sufficient) uncertainty. EMME 

sought to combine and improve on both these procedures for the construction of 

its ground-motion logic tree (Danciu et al., 2017). 

Musson (2012) proposes that the weights on the logic tree are the probability of 

each GMPE being “the best model available”. As pointed out by Bommer (2012), 

this implies that if there is only a single model available for a tectonic regime, this 

GMPE would automatically get a weight of unity, implying no epistemic uncer-

tainty. In fact the uncertainty may be high, particularly as a single model often im-

plies a lack of data from which to build more. 
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Hybrid empirical composite ground-motion model 

To create ground-motion models that are more regionally-specific, Campbell 

(2003) proposed the hybrid-empirical method where existing empirical GMPEs 

are adjusted based on the ratio of stochastic models for the target and host regions. 

In Campbell (2003) this method is applied to adjust GMPEs for California to 

make them applicable for eastern North America. Douglas et al. (2006) developed 

this method to account for uncertainties in developing stochastic models for the 

target region, where invariably there are fewer recorded data than in the host re-

gion (because otherwise robust GMPEs for the target region could have been pro-

posed directly). These uncertainties in the various parameters of the stochastic 

model, e.g. stress (drop) parameter, are accounted for using a logic tree so that 

many stochastic models are created and applied when computing the ratios be-

tween target and host regions. In addition, Douglas et al. (2006) apply the tech-

nique to GMPEs from various host regions, again to capture uncertainty in the fi-

nal logic tree of the adjusted models. 

This approach appears more rigorous and transparent than the multiple GMPE 

approach using previously-published models but it is a time-consuming approach, 

particularly for a continent containing many target regions. In addition, there is 

subjectivity in deciding on the branches and weights for the stochastic models for 

the target region. Finally, although the uncertainties are propagated to the final ad-

justed GMPEs there is only a single (mean) model for each host GMPE and, con-

sequently, a logic tree comprised simply of the adjusted GMPEs would not cor-

rectly model the uncertainty. However, the uncertainties could be tracked 

throughout the adjustment [e.g. Figure 15 of Douglas et al. (2006)] to obtain a log-

ic tree with branches modelling this uncertainty. For the site parameters Vs and 

kappa this is commonly done for site-specific studies and hence it could be ex-

tended to other parameters. This leads to the final main approach: backbone 

GMPEs, as discussed in the following section. 
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Backbone GMPEs 

In the past decade and often in the context of site-specific PSHAs for critical 

facilities the backbone approach (Atkinson et al., 2014) has been used to construct 

ground-motion logic trees. In this approach a single or a handful of existing 

GMPEs are scaled up and down to account for uncertainty in the median motion. 

The scaling factors employed are generally related to uncertainty in the average 

stress (drop) parameter in the region, as well as other inputs to the stochastic mod-

el, e.g. anelastic attenuation. Using this approach leads to multiple GMPEs that are 

explicitly MECE. The level of uncertainty modelled is also made transparent. 

Starting in 2008 and continuing in 2014, the US National Seismic Hazard 

Model applies a simple backbone approach to increase the modelled epistemic un-

certainty in the ground-motion logic tree for shallow crustal seismicity in the 

western states (Petersen et al., 2014). Petersen et al. (2014) argue that the selected 

GMPEs for this tectonic regime (all five of the NGA-West2 models) show too 

much similarity because they were derived using similar data and approaches fol-

lowing considerable interaction between the GMPE developers. Therefore, the ep-

istemic uncertainty captured by these models is too low. To overcome this, for 

each original GMPE branch in the logic tree they add a higher and lower branch 

equal to the original GMPE shifted up or down by a factor that varies in nine 

magnitude (M 5-6, 6-7 and 7+) and distance bins (<10km, 10-30km and >30km). 

This factor is given by: exp[0.4√(n/N)], where n and N equal the number of earth-

quakes used to derive the GMPE within the M 7+ and R<10km bin and the num-

ber in the specific magnitude-distance bin, respectively. The M 7+ and R<10km 

bin is generally the one with the smallest number of earthquakes for which an ep-

istemic uncertainty of 50% [i.e. exp(0.4)] was assumed. The uncertainty for all 

other bins was scaled with respect to this bin. 

The Petersen et al. (2014) approach recognizes that a lack of data is the reason 

for epistemic uncertainty and tries to capture this in a relatively simple manner. 

The basis of the function used to scale the uncertainty factor with the number of 

earthquakes is not given in Petersen et al. (2014) but it is likely related to the 

equation for the standard error of the mean, where the standard deviation is divid-
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ed by √N where N is the number of values used to compute the standard deviation. 

This is a reasonable basis for the function. Also reasonable is the use of the num-

ber of earthquakes in each bin rather than the number of records because uncer-

tainty in what the average source characteristics (e.g. stress drop) are for a region 

(related to the number of earthquakes observed from which to assess this) is often 

more important than what the average path or site characteristics are (related to the 

number of records).  

The principal criticism of the factor of Petersen et al. (2014) is the apparently 

arbitrary decision to assume a 50% uncertainty for the M 7+ and R<10km bin 

from which to scale all others. This value should be related to how well average 

ground motions are known for that bin, which itself should be controlled by the 

available data. If the value was explicitly defined by the available data, over time 

the epistemic uncertainties modelled by this approach would reduce (as data are 

collected). Also it would allow the approach to be transportable to other regions or 

for other GMPEs. Currently if a GMPE is based on a single event for M>7 then 

the additional uncertainty is the same as if a GMPE is based on many hundreds of 

earthquakes for that magnitude range. A recent study by Douglas and Boore 

(2017) suggests that the epistemic uncertainty in ground motions in the M 7+ bins 

is lower than could have been thought given the limited data used to constrain 

GMPEs in that magnitude range.  

A more sophisticated method has been proposed by Al Atik and Youngs (2014) 

to add additional branches to model the statistical uncertainty characterized by the 

confidence limits from regression analysis based on a finite dataset [see Douglas 

(2007, 2010a) for estimates of these confidence limits for other GMPEs]. General-

ly this additional uncertainty is smaller than the uncertainty coming from model-

to-model differences. As Al Atik and Youngs (2014) show it is also smaller than 

the additional uncertainty added to the US National Seismic Hazard Model using 

the approach discussed above.  

Atkinson and Adams (2013) use a backbone approach to develop ground-

motion logic trees for the PSHA underlying the Canadian National Building Code. 

For crustal seismicity in western Canada, they examine the spread of the NGA-
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West1 models for magnitudes and distances critical for the PSHA of this region 

and averages of data to define a representative GMPE [in this case the GMPE of 

Boore and Atkinson (2008)] and an upper and lower GMPE to cover the observed 

range of median predictions. They find that weakly distance-dependent additive 

and subtractive terms of between 0.23 and 0.69 in terms of natural logarithms can 

envelope the observed spread in the models. [Atkinson (2011) also develops a 

simple ground-motion logic tree using a similar approach, although as noted above 

she adopts an unconventional split between epistemic and aleatory components]. 

Because this western region is the best studied area of Canada, and epistemic un-

certainties for active crustal GMPEs should be the lowest, this uncertainty is as-

sumed to be a lower limit when constructing logic trees for other Canadian re-

gions. For example, for eastern Canada, which is a stable continental region, 

Atkinson and Adams (2013) found that applying a similar approach led to lower 

uncertainties for some magnitudes and distances than in the western Canadian log-

ic tree and hence they added uncertainty to take account of the fewer ground-

motion observations from eastern Canada.  

Gehl (2016) applies this approach to produce a pan-European representative 

GMPE. Kale and Akkar (2017) propose a similar technique for the selection of 

multiple GMPEs that cover the centre, body and range but they also include calcu-

lation of the seismic hazard to check that no particular model dominates.  

An example of a backbone model from a site-specific study is that developed 

by Bommer et al. (2015) for the Thyspunt (South Africa) nuclear power plant haz-

ard assessment. In this approach, as well as adjusting for Vs and kappa (and ac-

counting for uncertainty in these site parameters), they also add branches to scale 

the predictions from three existing GMPEs to account for uncertainty in the medi-

an stress drop for earthquakes in the surrounding region. Four branches are con-

sidered: one for the chance that average stress drops in the region are lower than 

average (because the tectonics are extensional), one that the average stress drops 

are the same as in the original GMPEs (i.e. a scale factor of unity) and two for 

higher stress drops due to the area being part of a stable continental region.  
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In the procedure proposed by Goulet et al. (2017) to develop ground-motion 

logic trees for central and eastern North America, the suite of seed ground-motion 

models are extended, making sure that certain physical criteria are met, to a con-

tinuous distribution of ground-motion models so that the set is then MECE. The 

ground-motion space modelled by this continuous distribution is visualized using 

the mapping approach of Sammons (1969), which approximates the high-

dimensional (magnitude, distance, period) ground-motion space on a 2D map 

(Scherbaum et al., 2010). To obtain a continuous distribution the expected epis-

temic uncertainty in ground motions at different distances is imposed based on 

analogies to western North America and understanding where the seed GMPEs are 

best constrained. The continuous distribution of ground-motion models is then 

discretized to a representative set that is easier to handle computationally within 

PSHA. Weights are then assigned to this set based on prior knowledge and residu-

als between each models predictions and strong-motion records from the consid-

ered region. This rigorous approach, although scientifically appealing, requires 

considerable computational effort and choices to be made. Therefore, in this arti-

cle I am seeking a more straightforward approach but using some of the ideas 

from the procedure of Goulet et al. (2017).   

Retrospective test of logic trees for California 

Because it is not possible to test objectively whether a ground-motion logic tree 

developed today will correctly capture observations of future earthquakes, Doug-

las (2016) undertakes a retrospective analysis using the 35 years following 1981 as 

a basis. As the analysis of Douglas (2016) was only presented within an oral 

presentation at the 35th General Assembly of the European Seismological Com-

mission, I include a summary here.  

Douglas (2016) chose 1981 as a basis for his analysis because, if a PSHA for 

horizontal PGA had been conducted at that time following current practice2 for 

shallow crustal seismicity (particularly in California), it is likely that the ground-

                                                           
2 The use of logic trees within PSHA were only proposed in 1984 (Kulkarni et 

al., 1984) so this is a truly hypothetical situation. 
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motion logic tree would have included the three robust GMPEs that had only re-

cently been published: Trifunac (1976), Campbell (1981) and Joyner and Boore 

(1981). Therefore, using the data in the NGA-West2 database (Ancheta et al., 

2014) from 1981 onwards (the database ends in 2011) enables a comparison be-

tween the predictions from such a ground-motion logic tree and the observed 

PGAs. In particular, a check can be made of whether the right level of uncertainty 

was captured by this simple logic tree consisting of GMPEs that would no longer 

be considered state-of-the-art. The observation that inspired this approach is that 

made in Douglas (2010b, p. 1519), who notes that the scatter in predictions of me-

dian PGAs from many dozens of GMPEs (a proxy for the epistemic uncertainty) is 

wider than the confidence limits in the average observed PGA for narrow magni-

tude-distance bins from a large strong-motion database. 

The ground-motion logic tree considered is one comprised of the three GMPEs 

each given a weight of one-third. The basis of the comparison is to compare, for 

all magnitude-distance bins, the predicted median PGAs from the logic tree, both 

in terms of the weighted average and the upper and lower PGAs branches (corre-

sponding to the median PGA from one of the three GMPEs but which one will 

vary with M and R), with the median PGAs (and its 5 and 95% confidence limits, 

which are assumed proxies for the uncertainty due to the lack of data for that bin) 

computed from the PGAs observed in post-1981 earthquakes. Ideally the PGA 

from the lower branch of the logic tree should equal the 5% confidence limit from 

the observations, and weighted average from the logic tree should equal the medi-

an from the observations and the upper branch should equal the 95% confidence 

limit from the observations. If the logic tree’s branches are wider than 5-95% con-

fidence limits from the observations then the logic tree is capturing too much un-

certainty whereas if they are narrower sufficient uncertainty is not being modelled. 

The 100 bins used for the analysis were constructed using ten intervals 0.5 

units wide between M 3 and 8 and ten logarithmically-spaced Joyner-Boore dis-

tance intervals between 0 and 300km. The variability in a single observation (i.e. 

the standard deviation) as well as the uncertainty in a median observation (i.e. the 

standard error) from the database are shown in Figure 1. From this figure it can be 
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seen that despite low apparent aleatory variability at large magnitudes (around 0.5) 

the uncertainty in the median PGA is still quite high (between 0.1 and 0.15, i.e. 

factors of 10 to 15%) and despite high apparent aleatory variability at low magni-

tudes and large distances (around 1.0) the uncertainty in the median PGA is low 

(between 0.04 and 0.08). For a much larger database the graph on the left (aleatory 

variability) would likely show a similar trend because it is related to ground-

motion variability, which cannot be modelled simply using magnitude and dis-

tance (e.g. Douglas and Smit, 2001), whereas the graph on the right would ap-

proach zero throughout as the true median PGA given a magnitude and distance 

would be known exactly. 

Figure 2 shows the comparison between the predictions from the logic tree and 

the observations. Ideally the bottom row of graphs would show contours around 

unity, meaning that the correct amount of uncertainty is being captured. This is 

roughly the case for the upper branch of the logic tree (bottom middle and right 

graphs). Contours higher than unity mean that too much uncertainty is being cap-

tured. This is true for the lower branch of the logic tree (bottom left graph). 

Figure 3 shows the standard deviation of the logic tree (cf. Toro, 2006). This 
graph shows that the epistemic uncertainty captured by this logic tree is quite low. 
Referring to   
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 indicates that the difference between the mean and median PGA for a given 

annual frequency of exceedance will hence also be small (less than 50% for typi-

cal values of k).  

Finally, Figure 4 shows the Sammon’s map (Sammon, 1969; Scherbaum et al., 

2010) of the three original GMPEs, the GMPEs divided by two and multiplied by 

two (to simulate a simple backbone approach) and the binned observed PGAs. The 

observations are surrounded by the GMPEs, although this map suggests that the 

Joyner and Boore (1981) GMPE could be removed from the logic tree as it is fur-

ther from the observations than the other two models.  

In conclusion, this simple logic tree would have been appropriate for a seismic 

hazard assessment conducted in 1981 (at least until 2011, the end of the database) 

because the epistemic uncertainty captured is roughly the same as observed in the 

data, although it is slightly too wide at the lower end. This suggests that perhaps 

we do not need more sophisticated GMPEs or logic trees. We should be wary of 

the limitations of this analysis, however. Firstly, this analysis was only for simple 

GMPEs that did not account for site effects (or, if they did, only in a crude way) 

and only for PGA. Secondly, the analysis relies on making the strong assumption 

of no regional dependency in earthquake ground motions (i.e. we can combine all 

the strong-motion data together to assess the medians and confidence limits). 

Thirdly, it assumes that the data available from the period 1981-2011 is sufficient 

to obtain robust statistics and that data from future events will not significantly 

change the assessed medians and confidence limits. A few well-recorded M 7+ 

earthquakes with apparently ‘abnormal’ ground motions could significantly 

change the analysis for that magnitude range; although, as noted above, Douglas 

and Boore (2017) suggest that current predictions for this magnitude range appear 

robust. Fourthly, and probably most importantly, this type of analysis cannot be 

conducted for areas with little or no observations without invoking the assumption 

of no regional dependency.   

  



17 

 

 

Figure 1: Standard deviations of observed PGAs in 10 × 10 bins (left) and standard errors of ob-
served PGAs (right) from NGA-West2 database for earthquakes that occurred since 1981. 

 

Figure 2: Predicted median PGAs from the lower (left), median (middle) and upper (right) 
branches of a logic tree comprised of Trifunac (1976), Campbell (1981) and Joyner and Boore 
(1981) with equal weighting (top row); 5% confidence limit, median and 95% confidence limits 
for the median observed PGAs from the NGA-West2 database (middle row); and the ratio of the 
middle row to the top row (observations/logic tree) (bottom row). 
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Figure 3: Standard deviation of the logic tree in natural logarithm units. 

 

Figure 4: Sammon’s map of the three unadjusted GMPEs, the GMPEs multiplied by two, the 
GMPEs divided by two and the observed PGAs. Note that the absolute positions are arbitrary – 
only the relative positions are meaningful. 
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Proposed new approach 

When developing ground-motion models for induced seismicity Douglas et al. 

(2013) noted large differences in observed ground motions amongst the sites they 

considered. They relate this principally to differences in the average stress (drop) 

parameter for earthquakes near each site. Before a scheme that may induce seis-

micity is begun it is not possible to know what the average stress parameter in fu-

ture earthquakes would be. Hence, Douglas et al. (2013) propose that the logic tree 

used for the initial hazard assessment for the scheme is populated by the 36 

GMPEs they derive from stochastic models that cover the possible range of key 

parameters (stress parameter and attenuation modelled by Q and kappa). If infor-

mation on what the average values of these parameters are for the site in question 

then the logic-tree weights can be tuned to reflect this. If and when ground-motion 

data are collected from the site then again the weights can be modified to empha-

sis more probable GMPEs and reduce the modelled uncertainty. Edwards and 

Douglas (2013) showed that this approach worked in practice by using data from 

the Cooper Basin (Australia) geothermal site, which were not used to develop the 

original 36 models.  

It is proposed here that a similar approach could be applied for natural seismici-

ty. The idea is the opposite of taking a set of GMPEs and then widening out the 

branches to capture uncertainty. Rather, many branches with default weights are 

considered and, when data are available, the weights adjusted to reflect our im-

proved knowledge. This provides a framework where the reduction in epistemic 

uncertainty through the collection of new information is explicitly captured.  

The philosophy of this approach is the same as employed by Douglas et al. 

(2009) to develop potential mean shear-wave velocity profiles and their uncertain-

ty by starting with all possible profiles (generated using a Monte Carlo approach 

with underlying distributions based on an analysis of a large set of observed pro-

files) and then applying the available constraints to obtain a set of profiles that ac-

counts for what you know and what you do not know about site conditions. 
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When developing this approach the simplest possible logic trees are sought be-

cause extra complexity is probably not justified for national or continental PSHAs 

given the large uncertainties and the need to make the hazard calculations for 

many locations tractable. As noted above, the intended use of this proposal is not 

site-specific seismic hazard assessments where time and resources would be avail-

able for analysis of all data. The focus is broad-brush PSHAs, which would be 

more typical of those with a wide geographical scope. Therefore, although the 

procedure of Goulet et al. (2017) is appealing, it is perhaps too complex for appli-

cation beyond projects with considerable resources. 

Disaggregation of PSHAs (Bazzurro and Cornell, 1999) allows the earthquake 

scenarios that contribute most to the seismic hazard at a site to be determined. 

This information is useful for this study because it provides guidance on what 

magnitude-distance range needs to be the principal focus of the ground-motion 

model. Although it must be recalled that all magnitudes and distances that are not 

precluded by the seismic source model will influence the hazard and hence, even 

if some scenarios dominate, the ground-motion model should be accurate for all 

scenarios.  

As an example of a low-to-moderate-seismicity European country, Table 3 re-

ports the mean magnitude, distance and epsilon (i.e. number of standard deviations 

above the median ground-motion) of the disaggregated scenarios reported by Go-

da et al. (2013) for the UK. As an example for a moderate-to-high-seismicity Eu-

ropean country, Figure 5 shows the distribution of mean magnitude, distance and 

epsilons of the disaggregated scenarios reported by Barani et al. (2009) for Italy. 

These results indicate that generally the most important earthquake scenarios for 

return periods used for seismic hazard mapping are magnitudes between about 5.0 

and 6.5 and distances up to about 60km for PGA and SA(0.2s) and between about 

5.5 and 7.0 and distances up to about 100km for SA(1.0s). Epsilons are generally 

between 1.0 and 2.0 with higher values as the return period increases.  
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Table 3. Mean magnitude and distance of the dominant earthquake scenario and 

the value of epsilon for 2500 year return period for two UK cities (Goda et al., 2013).   

Location Period (s) Mean M Mean R 

(km) 

Epsilon 

Cardiff (UK) PGA 5.0 19 1.2 

“ 1.0 5.3 31 1.2 

Oban (UK) PGA 5.2 25 1.0 

“ 1.0 5.5 39 1.1 

 

 

Figure 5: Mean magnitude, distance and epsilon of the disaggregated scenarios for the 19 Italian 
cities considered by Barani et al. (2009). Top: 475year return period, bottom: 2475year return pe-
riod, left: SA(0.2s) and right: SA(1.0s). 

In the following subsection, a full ground-motion logic tree for shallow non-

subduction earthquakes in Europe and the Middle East is proposed. This is fol-

lowed by a subsection adjusting the weights as discussed previously for two coun-

tries with limited ground-motion data (Georgia and Iran) as well as one with much 

data (Italy). 
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Development of a full ground-motion logic tree 

The aim of this section is to generate a full population of possible GMPEs, one 

of which (although which one is currently unknown) is the correct ground-motion 

model for a given location in Europe and the Middle East. Following Bommer and 

Scherbaum (2008), I seek to create a family of MECE GMPEs. Only PGA and 

SA(1.0s) are considered in the following due to space limitations. Also the analy-

sis is conducted assuming VS30=800m/s (Eurocode site class A/B boundary).  

Considering just the principal inputs to a GMPE, i.e. magnitude and distance, 

the available strong-motion records for each magnitude-distance pair can be seen 

as samples from an underlying distribution for which we do not know the mean 

(when using logarithms of the intensity measure). (Its standard deviation is also 

unknown but as noted above this study is focused on the median ground motions 

not the variability). Using published GMPEs and well-recorded earthquakes it is 

possible to assess a possible range for the mean, which can then be related to the 

epistemic uncertainty that should be captured within the ground-motion logic tree. 

This part of the procedure is similar to the approach of Atkinson and Adams 

(2013) in developing a suite of models from a backbone model.  

For active regions where strong-motion data have been collected over the past 

few decades, it is possible to assess how GMPEs are likely to change with the ac-

cumulation of new data. A study that provides guidance on this issue is by Bindi et 

al. (2009) who re-derive the Sabetta and Pugliese (1987) GMPE for Italy, which 

was derived using only 95 PGAs from 17 earthquakes (from before 1985), using 

the same functional form but 235 PGAs from 27 earthquakes from the period 1972 

to 2002. Bindi et al. (2009) find that the 1987 model overpredicts median PGAs 

by less than 5% for magnitude 4.5 and short distances but by more than 50% for 

magnitude 7 and distances around 100km (their Figure 5). Therefore, GMPEs 

based on sparse data are susceptible to significant change when updated. Hence, 

there is a need to recognize that what we think we know now may change. This 

doubt should be reflected in the epistemic uncertainty captured in the ground-

motion logic tree.  
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The causes of epistemic uncertainty can be divided into two. Firstly the statisti-

cal uncertainty: even for regions with much strong-motion data (e.g. Italy) varia-

bility in the ground motions and a finite sample means that the median ground mo-

tion for a given magnitude and distance is not known precisely (cf. the formula for 

the standard error with √n on the denominator). This is modelled by the confi-

dence limits of the regression analysis, which are only rarely published (e.g. 

Douglas, 2007, 2010a; Al Atik and Youngs, 2014; Bindi et al., 2017). Secondly, 

the ‘regional’ uncertainty: for regions with little strong-motion data from large 

earthquakes (e.g. much of northern Europe) it is not known whether ground mo-

tions show significant differences to those in well-observed regions (for which na-

tive GMPEs exist), e.g. because of differences in median stress drop. Calibrating 

the width of these additional branches is challenging as we need an assessment of 

our unknown knowledge (i.e. how much we do not know) – it is often hoped that 

selecting GMPEs from various regions covers this uncertainty. 

Statistical uncertainty 

To estimate the statistical uncertainty due to regression analysis using relatively 

complex functional forms on finite datasets Figure 3 of Douglas (2007), Figure 6 

of Douglas (2010a), results from Al Atik and Youngs (2014) and Figure 6 of Bin-

di et al. (2017) are used to assess the component of jた coming only from this fac-

tor: jstatistical. The 95% confidence limits shown on Figure 3 of Douglas (2007) for 

seven GMPEs and the ratios of the 95% to 50% confidence limits of Douglas 

(2010a) for six GMPEs can be converted to obtain jstatistical. For the most poorly 

constrained models at the edges of their magnitude-distance range of applicability 

(e.g. Ambraseys et al., 2005; Sabetta and Pugliese, 1987) jstatistical approaches 0.3 

(natural logarithms). Better constrained models and within the magnitude-distance 

‘comfort zone’ (Bommer et al., 2010) of GMPEs jstatistical from the models consid-

ered by Douglas (2007, 2010a), the NGA-West2 models considered by Al Atik 

and Youngs (2014) and the GMPE of Bindi et al. (2017) are similar with values 

around 0.1. For magnitudes larger than 7 there is an increase in jstatistical, which is 

expected because of the sparsity of data from large earthquakes. 
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‘Regional’ uncertainty 

Here the potential that median ground motions in a region are different to those 

in well-observed regions is assessed by comparing median ground motions for 

scenarios and regions for which the median ground motions are well-known. We 

are using the spread in average ground motions in countries with extensive strong-

motion databases as a proxy for what could be the spread for countries for which 

observations are currently sparse. Subsequently this information is used to assess 

the ‘regional’ uncertainty. Rather than potentially double count the statistical un-

certainty, poorly-sampled areas are not considered when assessing this component 

of uncertainty. 

As shown by the graphs of statistical uncertainty referred to in the previous 

subsection, GMPEs are best constrained for the distance range from roughly 20 to 

60km. This is also the range where anelastic attenuation is unlikely to be having a 

large influence and hence it is possible to identify the difference between average 

ground motions in various regions that is due predominantly to differences in av-

erage stress drop. Using the same assumption as Yenier and Atkinson (2015) that 

differences in stress drop are present for all distances makes it possible to apply 

the factors derived from abundant data from this restricted distance range to all 

distances. As shown above, seismic hazard is often dominated by earthquakes 

within 100km for the return periods of most interest for national mapping and, 

therefore, the range of distances used to estimate differences in average regional 

stress drop overlap. As shown by Figures 4 and 5 of Douglas and Jousset (2011), 

changing the stress drop does not significantly change the magnitude scaling so 

again it is an acceptable first-order solution to apply the derived adjustments for 

the limited magnitude range 5 to 6 to all magnitudes. 

At distances beyond about 60km (for short oscillator periods) regional differ-

ences in anelastic attenuation will make ground-motion predictions for different 

regions diverge (e.g. Kotha et al., 2016, Figure 5). As a first-order solution to ac-

count for this potential uncertainty within the population of possible GMPEs, the 

three regional models of Kotha et al. (2016) (i.e. the ‘Italy’, ‘Turkey’ and ‘Other’ 

models) are used as the backbone models that are then branched out to account for 
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potential differences in the average stress drop. This makes the assumption that 

the anelastic attenuation in these three regions is an adequate sample of the popu-

lation of all anelastic attenuation rates in Europe and the Middle East — this is 

probably untrue but it is assumed for convenience. As noted above seismic hazard 

is often dominated by earthquakes within 100km and hence the effect of potential 

variations in anelastic attenuation is unlikely to be particularly important. The 

backbone models assumed here could be improved in future applications of the 

approach. Boore et al. (2014), for example, also provide terms to account for vari-

ations in anelastic attenuations between regions, which could be used instead. 

An effect that could lead to regional dependency in ground motions, but which 

is neglected here because of a lack of a simple approach for its incorporation, is 

the influence of crustal structure. Previous studies (e.g. Dahle et al., 1990; Somer-

ville et al., 1990; Douglas et al., 2004, 2007) have shown that effects such as wave 

reflections off the Moho can have a strong influence on ground motions at inter-

mediate source-to-site distances (>50km). This effect could potentially be incorpo-

rated into the approach proposed here by developing backbone models for differ-

ent typical crustal structures, perhaps using simulations and the equivalent 

hypocentral distance technique of Douglas et al. (2004, 2007). 

Any regional dependency at short distances (<10km) is not possible to current-

ly assess due to sparse datasets at such distances even when they are not separated 

by region (Figure 6). Therefore, I have not attempted to account for any ‘regional’ 

uncertainty here. The statistical uncertainty discussed above, combined with the 

‘regional’ uncertainty due to differences in average stress drop, is expected to ac-

count for sufficient uncertainty in this distance range. Although, again, this is a 

topic where additional work may be warranted.  

For the calculations made in this section the Engineering Strong-Motion (ESM) 

flat-file 2017 (Lanzano et al., 2017) is used. The distribution of data in this flat-

file with respect to magnitude, distance and various countries is shown in Figure 

6. Data from three countries with many strong-motion records (Italy, Turkey and 

Greece) are used to assess empirically the possible size of regional dependency 

due to average stress drop differences. Data within the magnitude-distance range 
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of 5≤Mw≤6 and 20≤rJB≤60km are used for these calculations for the reasons given 

above and to obtain statistically robust estimates of the ‘regional’ uncertainty 

without relying on weak-motion data (Mw<5), whose relevance to the adjustment 

of empirical GMPEs is unclear. 

 

Figure 6: Magnitude-distance distribution of data in the ESM strong-motion flat-file 2017 
(Lanzano et al., 2017) used for the analysis in this section. The red box indicates the magnitude-
distance interval used to assess the ‘regional’ uncertainty. 

The residuals with respect to the generic Kotha et al. (2016) GMPE, i.e. the 

model where the regional terms are turned off, for each record are computed. The 

equations for problem 1 of appendix of Spudich et al. (1999) are used to evaluate 

the average bias and its uncertainty (for all the data and for each of the three coun-

tries separately) to account for the correlations between data from the same earth-

quake. In addition, the average differences for 5≤Mw≤6 and 20≤rJB≤60km between 

the Kotha et al. (2016) GMPE and recent country-specific GMPEs that are robust, 

at least for this restricted magnitude-distance range, are computed as an additional 

constraint. The country-specific GMPEs are: Akkar and Cagnan (2010) (Turkey), 

Bindi et al. (2011) (Italy), Danciu and Tselentis (2007) (Greece), Sedaghati and 
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Pezeshk (2017) (Iran) and Yenier and Atkinson (2015) (central and eastern North 

America). The model for central and eastern North America is included as an ex-

ample of a GMPE for a stable continental region so as to include within the ‘re-

gional’ uncertainty the possibility that ground motions in an area may show simi-

larities to such regions. This is potentially important for much of northern Europe 

but for which robust native GMPEs are lacking. Both approaches to evaluate this 

‘regional’ uncertainty should be equivalent but that based on country-specific 

GMPEs could be more robust as predictions for this restrictive magnitude-distance 

range borrow robustness from neighbouring magnitudes and distances.   

The results of these residual analyses are shown in Figure 7. From these aver-

age residuals it can be seen that ground motions for this magnitude-distance range 

from some countries (e.g. Italy) are on average below that predicted by the Kotha 

et al. (2016) GMPE whereas ground motions from some countries (e.g. Greece) 

are higher than predicted by this pan-European model. Using this set of averages 

as a sample from the population of average deviations for each country/region in 

Europe and the Middle East, a simple logic tree can be proposed to capture the 

‘regional’ uncertainty that these averages seek to model. This approach is similar 

to studies that develop a suite of stochastic models accounting for epistemic uncer-

tainty in the average stress drop in a region (e.g. Douglas et al., 2013; Bommer et 

al., 2017). 

For PGA, symmetrical lower, middle and upper branches equal to predictions 

from: the Kotha et al. (2016) model × 0.6 [i.e. exp(-0.5)], the Kotha et al. (2016) 

model × 1.2 [i.e. exp(0.2)], and the Kotha et al. (2016) model × 2.5 [i.e. exp(0.9)], 

with weights using a standard three-point distribution of 0.185, 0.63 and 0.185, re-

spectively, would roughly capture the spread in these average residuals. For 

SA(1s), symmetrical lower, middle and upper branches equal to predictions from: 

the Kotha et al. (2016) model × 0.7 [i.e. exp(-0.4)], the Kotha et al. (2016) model 

× 1.1 [i.e. exp(0.1)], and the Kotha et al. (2016) model × 1.8 [i.e. exp(0.6)], with 

the same weights again would roughly capture the spread in these average residu-

als. As discussed above, it is assumed that these adjustments apply for all magni-

tudes and distances. 
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Figure 7: Mean residuals and their 5%-95% confidence limits for all ESM data and for data from 
three countries (the number of records used to compute the averages are indicated) as well as the 
average residuals between country-specific GMPEs and the GMPE of Kotha et al. (2016) for 
5≤Mw≤6 and 20≤rJB≤60km and for PGA (left) and SA(1s) (right). 

Final logic tree 

The first set of branches is the three regional models of Kotha et al. (2016) ac-

counting for variations in anelastic attenuation, each with equal weights of 1/3. 

The second set of branches are the lower, middle and upper branches that model 

the effect of uncertainty in the average stress drop for a given region. The third set 

of branches of the logic tree are those proposed by Al Atik and Youngs (2014) to 

account for the statistical uncertainty component jstatisical, where the upper and 

lower branches equal the 95% confidence limits using this standard deviation [alt-

hough the values of Al Atik and Youngs (2014) for normal and reverse faulting 

are switched because Kotha et al. (2016)’s GMPE is better constrained for normal 

and strike-slip than reverse]. As noted above the model expressed in equations 9 to 

11 of Al Atik and Youngs (2014) is adopted to account for this component as we 
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are adopting well-constrained GMPEs, which are branched out to account for po-

tential regional dependency. If less well-constrained models were used then a 

larger value for jstatisical should be used. 

This ground-motion logic tree implies the values of jた, characterising the level 

epistemic uncertainty, shown in the contour plot on Figure 8. The epistemic uncer-

tainty is independent of magnitude except for M>7, where the statistical uncertain-

ty from the model of Al Atik and Youngs (2014) increases slightly. The effect of 

the three models for anelastic attenuation is to increase the epistemic uncertainty 

at larger distances (>70km). The overall epistemic uncertainty is similar to those 

implied by the site-specific logic trees listed in Table 2, given confidence that 

roughly the right level of uncertainty is being captured. For SA(1s) the graph of  

jた is similar but the values are slightly lower (0.39 for short distances increasing 

to 0.66 at 300km). 

 

Figure 8: jy implied by the proposed ground-motion logic tree for PGA. 

In total 3 × 3 × 3=27 GMPEs make up the population that it is assumed to rep-

resent all possible ground-motion models for application in Europe and the Middle 

East. When there is no additional information on earthquake ground motions in a 
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region this complete population should be used with the weights noted above. 

When observations are available the default weights can be altered to reflect this 

additional information. This is demonstrated in the next section for Georgia, Iran 

and Italy. 

Pruning the ground-motion logic tree for three countries 

Georgia and Iran are chosen here as examples of two countries with considera-

bly less strong-motion data in the ESM database (Figure 6). All available data 

from each country in the interval Mw≥4 and 0≤rJB≤300km are used to adjust the 

weights of the full logic tree derived in the previous section. Because the statistical 

uncertainty in the family of potential GMPEs remains, those branches of the logic 

tree are left unchanged and the testing only alters the weights of the first two sets 

of branches that account for potential regional dependency. 

The log-likelihood approach of Scherbaum et al. (2009) and the data from 

Georgia and Iran are used to update the original weights of the 9 branches related 

to the regional dependence. Combining these branches with the set related to the 

statistical uncertainty leads to the predicted PGAs shown in Figure 9. Also shown 

are predicted PGAs applying the same technique for Italy as a demonstration for a 

country with much data. The result of the adjusted weights is to decrease the width 

of the confidence limits particularly at moderate and long distances because there 

are many records to modify the weights of the three models of anelastic attenua-

tion. However, the effect of the weighting on the level of epistemic uncertainty 

modelled is small even for Italy (jた only decreases from about 0.45 to 0.41 at 

close distances although by larger amounts at greater distances) because of the 

large uncertainty in average bias even when there are many records (Figure 7). 

Therefore, the changes to the weights for the lower, middle and upper branches of 

the ‘regional’ uncertainty are limited. Despite this there is a change in the predict-

ed PGA from the original logic tree. Similar results are obtained for SA(1.0s). 

Rather than simply using all the strong-motion data available from a region to 

adjust the weights it may be more appropriate to use only those records from the 

magnitude-distance range likely to be relevant from the point of seismic hazard. 
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Also other information, e.g. tectonic analogies, independent estimates of anelastic 

attenuation, stochastic models derived from weak-motion data, could be used to 

modify the weights. However, we should be humble about our knowledge of a re-

gion with little strong-motion data.  

 

Figure 9: Median predicted PGA and its 5-95% confidence limits (dashed lines) for an M 6 
earthquake with respect to Joyner-Boore distance. Black curves correspond to the original logic 
tree and the other colours correspond to logic trees for specific countries: Georgia (red), Iran 
(blue) and Italy (green).  

Conclusions 

In this article I have reviewed previous approaches to develop ground-motion 

logic trees that account for geographically-varying epistemic uncertainty. As 

demonstrated by the relatively low epistemic uncertainty implied by some recent 

continental seismic hazard assessments, the classic approach of selecting a handful 

of ground-motion models from the literature can lead to inconsistencies when 

compared with site-specific studies. Therefore, the backbone approach is attractive 

as it allows epistemic uncertainty to be more easily and transparently modelled. 

However, the principal difficulty is calibrating this approach when lacking obser-
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vations, e.g. how much do we not know about earthquake ground motions in coun-

try X where an M>5 earthquake has never been recorded within 50km?   

To provide guidance on applying the backbone approach in national and conti-

nental scale hazard assessments I have proposed a relatively simple ground-

motion logic tree to account for potential variations in average stress drop and 

anelastic attenuation between regions as well as the statistical uncertainty inherent 

in regression-based models. It is based on assuming that the variation amongst re-

gions that are currently poorly-observed will be similar to the differences amongst 

regions with relatively large strong-motion databases. This is a potential weakness 

of the proposal because these regions are also generally those with the highest 

seismicity and consequently, for target areas that are tectonically stable, the range 

of average ground motions modelled could be too narrow. The final step in the 

proposed procedure is to modify the weights of the logic tree by making use of 

any available strong-motion data from the target region. This step slightly reduces 

the epistemic uncertainty and adjusts the predictions to make them more applica-

ble to the region. When such data are not available, the full uncertainty implied by 

the ground-motion model is incorporated into seismic hazard assessments.  

When developing ground-motion models for use within national or continental 

hazard assessments there is a balance to be struck about the resolution captured. 

At one extreme, a single logic tree could be used for all locations, while at the oth-

er, each individual seismic source (e.g. a given fault) could have its own model. In 

this study, each country was assumed to have its own model but as tectonics do 

not generally follow national boundaries this was only done for convenience. The 

higher the resolution the smaller the databases available to calibrate the models. 

These smaller databases lead to higher standard errors in the averages and the risk 

of modelling an event-specific (or sequence-specific) rather than a regional-

specific effect. For example, do the large differences between observed ground 

motions between two areas of central Italy (Molise and Umbria-Mache) as evi-

denced by Douglas (2007), for example, mean that these areas require separate 

ground-motion models? Or are the relatively small sets of observations from these 
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two regions from one or two earthquake sequences insufficient to draw conclu-

sion?  

In addition to the potential problems mentioned above concerning the calibra-

tion of the average stress drop branches as well as the spatial resolution of the 

models, other parts of the procedure require additional work, e.g. the use of the 

Kotha et al. (2016) models to capture regionally dependence in anelastic attenua-

tion, the updating of the weights using the log-likelihood procedure and how to in-

corporate knowledge gained from weak-motion data. In conclusion, the approach 

proposed here aims to be a first-order procedure to develop ground-motion logic 

trees capturing geographically-varying uncertainty for use in seismic hazard as-

sessments covering a large area (i.e. not site-specific studies).  

 

Acknowledgements 

I thank the conference organizers for inviting me to deliver a Theme Lecture. I 

thank the developers of the ESM strong-motion flat-file 2017 for providing these 

data. Finally, I thank Dino Bindi, Hilmar Bungum, Fabrice Cotton, Laurentiu 

Danciu, Ben Edwards and Graeme Weatherill for their comments on a previous 

version of this study. In an effort not to increase the length of this article, I have 

chosen not to follow some of their suggestions, despite agreeing with them. 

References 

Akkar S, Çağnan Z (2010), A local ground-motion predictive model for Turkey and its compari-
son with other regional and global ground-motion models, Bulletin of the Seismological Soci-

ety of America, 100(6), 2978–2995, doi: 10.1785/0120090367. 
Al Atik L, Youngs RR (2014), Epistemic uncertainty for NGA-West2 models, Earthquake Spec-

tra, 30(3), 1301-1318, doi: 10.1193/062813EQS173M. 
Ambraseys NN, Douglas J, Sarma SK, Smit PM (2005), Equations for the estimation of strong 

ground motions from shallow crustal earthquakes using data from Europe and the Middle 
East: Horizontal peak ground acceleration and spectral acceleration, Bulletin of Earthquake 

Engineering, 3(1), 1-53, doi: 10.1007/s10518-005-0183-0. 
AMEC Geomatrix, Inc. (2011). Seismic hazard assessment, OPG’s geologic repository for low 

and intermediate level waste, NWMO DGR-TR-2011-20, revision R000. 
Ancheta TD, Darragh RB, Stewart JP, Seyhan E, Silva WJ, Chiou BSJ, Wooddell KE, Graves 

RW, Kottke AR, Boore DM, Kishida T, Donahue JL (2014), NGA-West2 database, Earth-

quake Spectra, 30(3):989–1005. doi: 10.1193/070913EQS197M. 
Atkinson, G M (2011), An empirical perspective on uncertainty in earthquake ground motion 

prediction, Canadian Journal of Civil Engineering, 38(9), 1002-1015, doi: 10.1139/L10-120. 



34 – John Douglas, 16ECEE Theme Lecture 
 

Atkinson GM, Adams J (2013), Ground motion prediction equations for application to the 2015 
Canadian national seismic hazard maps, Canadian Journal of Civil Engineering, 40(10), 988-
998, doi: 10.1139/cjce-2012-0544. 

Atkinson GM, Bommer JJ, Abrahamson NA (2014), Alternative approaches to modeling epis-
temic uncertainty in ground motions in probabilistic seismic-hazard analysis, Seismological 

Research Letters, 85(6), 1141-1144, doi: 10.1785/0220140120. 
Barani S, Spallarossa D, Bazzurro P (2009), Disaggregation of probabilistic ground-motion haz-

ard in Italy, Bulletin of the Seismological Society of America, 99(5), 2638-2661, doi: 
10.1785/0120080348. 

Bazzurro P, Cornell, CA (1999), Disaggregation of seismic hazard, Bulletin of the Seismological 

Society of America, 89(2), 501-520. 
Bindi D, Luzi L, Pacor F, Sabetta F, Massa M (2009), Towards a new reference ground motion 

prediction equation for Italy: update of the Sabetta-Pugliese (1996), Bulletin of Earthquake 

Engineering, 7, 591-608, doi: 10.1007/s10518-009-9107-8. 
Bindi D, Pacor F, Luzi L, Puglia R, Massa M, Ameri G, Paolucci R (2011), Ground motion pre-

diction equations derived from the Italian strong motion database, Bulletin of Earthquake En-

gineering, 9, 1899–1920, doi: 10.1007/s10518-011-9313-z. 
Bindi D, Cotton F, Kotha SR, Bosse C, Stromeyer D, Grünthal G (2017), Application-driven 

ground motion prediction equation for seismic hazard assessments in non-cratonic moderate-
seismicity areas, Journal of Seismology, 21(5), 1201-1218, doi: 10.1007/s10950-017-9661-5. 

Bommer JJ (2012), Challenges of building logic trees for probabilistic seismic hazard analysis, 
Earthquake Spectra, 28(4), 1723-1735, doi: 10.1193/1.4000079. 

Bommer JJ, Scherbaum F (2008), The use and misuse of logic trees in probabilistic seismic haz-
ard analysis, Earthquake Spectra, 24(4), 997–1009, doi: 10.1193/1.2977755. 

Bommer JJ, Douglas J, Scherbaum F, Cotton F, Bungum H, Fäh D (2010), On the selection of 
ground-motion prediction equations for seismic hazard analysis, Seismological Research Let-

ters, 81(5), 783-793, doi: 10.1785/gssrl.81.5.783. 
Bommer JJ, Coppersmith KJ, Coppersmith RT, Hanson KL, Mangongolo A, Neveling J, Rathje 

EM, Rodriguez-Marek A, Scherbaum F, Shelembe R, Stafford PJ, Strasser FO (2015), A 
SSHAC level 3 probabilistic seismic hazard analysis for a new-build nuclear site in South Af-
rica, Earthquake Spectra, 31(2), 661-698, doi: 10.1193/060913EQS145M. 

Bommer JJ, Stafford PJ, Edwards B, Dost B, van Dedem E, Rodriguez-Marek A, Kruiver P, van 
Elk J, Doornhof D, Ntinalexis M (2017), Framework for a ground-motion model for induced 
seismic hazard and risk analysis in the Groningen gas field, The Netherlands, Earthquake 

Spectra, 33(2), 481-498, doi: 10.1193/082916EQS138M. 
Boore DM, Atkinson GM (2008), Ground-motion prediction equations for the average horizontal 

component of PGA, PGV, and 5%-damped PSA at spectral periods between 0.01s and 10.0s, 
Earthquake Spectra, 24(1): 99–138, doi: 10.1193/1.2830434. 

Boore DM, Stewart JP, Seyhan E, Atkinson GM (2014), NGA-West 2 equations for predicting 
PGA, PGV, and 5%-damped PSA for shallow crustal earthquakes, Earthquake Spectra, 
30(3), 1057–1085, doi: 10.1193/070113EQS184M. 

Bozorgnia Y and others (2014), NGA-West2 research project, Earthquake Spectra, 30(3), 973-
987, doi: 10.1193/072113EQS209M. 

Budnitz RJ, Apostolakis G, Boore DM, Cluff LS, Coppersmith KJ, Cornell CA, Morris PA 
(1997), Recommendations for probabilistic seismic hazard analysis: Guidance on uncertainty 
and use of experts, NUREG/CR-6372, U.S. Nuclear Regulatory Commission, USA. 

Campbell KW (1981), Near-source attenuation of peak horizontal acceleration, Bulletin of the 

Seismological Society of America, 71(6), 2039–2070. 
Campbell KW (2003), Prediction of strong ground motion using the hybrid empirical method 

and its use in the development of ground-motion (attenuation) relations in eastern North 
America, Bulletin of the Seismological Society of America, 93(3), 1012–1033. 

Dahle A, Bungum H, Kvamme LB (1990), Attenuation models inferred from intraplate earth-
quake recordings, Earthquake Engineering and Structural Dynamics, 19(8):1125–1141. 



35 

Danciu L, Tselentis G.-A. (2007), Engineering ground-motion parameters attenuation relation-
ships for Greece, Bulletin of the Seismological Society of America, 97(1B), 162–183, doi: 
10.1785/0120040087. 

Danciu L, Kale Ö, Akkar S (2017), The 2014 earthquake model of the Middle East: Ground mo-
tion model and uncertainties, Bulletin of Earthquake Engineering, in press, doi: 
10.1007/s10518-016-9989-1. 

Delavaud E, Cotton F, Akkar S, Scherbaum F, Danciu L, Beauval C, Drouet S, Douglas J, Basili 
R, Sandikkaya MA, Segou M, Faccioli E, Theodoulidis N (2012), Toward a ground-motion 
logic tree for probabilistic seismic hazard assessment in Europe, Journal of Seismology, 
16(3), 451-473, doi: 10.1007/s10950-012-9281-z. 

Douglas J (2007), On the regional dependence of earthquake response spectra, ISET Journal of 

Earthquake Technology, 44(1), 71-99. 
Douglas J (2010a), Assessing the epistemic uncertainty of ground-motion predictions, Proceed-

ings of the 9
th

 U.S. National and 10
th

 Canadian Conference on Earthquake Engineering, pa-
per no. 219.  

Douglas J (2010b), Consistency of ground-motion predictions from the past four decades, Bulle-

tin of Earthquake Engineering, 8(6), 1515–1526, doi: 10.1007/s10518-010-9195-5. 
Douglas J (2016), Retrospectively checking the epistemic uncertainty required in logic trees for 

ground-motion prediction, 35th General Assembly of the European Seismological Commis-

sion, Abstract ESC2016-63. 
Douglas J, Smit PM (2001), How accurate can strong ground motion attenuation relations be? 

Bulletin of the Seismological Society of America, 91(6), 1917-1923. 
Douglas J, Jousset P (2011), Modeling the difference in ground-motion magnitude-scaling in 

small and large earthquakes, Seismological Research Letters, 82(4), 504-508, doi: 
10.1785/gssrl.82.4.504. 

Douglas J, Boore DM (2017), Peak ground accelerations from large (M≥7.2) shallow crustal 
earthquakes: a comparison with predictions from eight recent ground-motion models, Bulletin 

of Earthquake Engineering, in press, doi: 10.1007/s10518-017-0194-7. 
Douglas J, Suhadolc P, Costa G (2004), On the incorporation of the effect of crustal structure in-

to empirical strong ground motion estimation, Bulletin of Earthquake Engineering, 2(1), 75-
99, doi: 10.1023/B:BEEE.0000038950.95341.74.  

Douglas J, Bungum H, Scherbaum F (2006), Ground-motion prediction equations for southern 
Spain and southern Norway obtained using the composite model perspective, Journal of 

Earthquake Engineering, 10(1), 33–72. 
Douglas J, Aochi H, Suhadolc P, Costa G (2007), The importance of crustal structure in explain-

ing the observed uncertainties in ground motion estimation, Bulletin of Earthquake Engineer-

ing, 5(1), 17-26, doi: 10.1007/s10518-006-9017-y. 
Douglas J, Ulrich T, Bertil D, Rey J (2014), Comparison of the ranges of uncertainty captured in 

different seismic-hazard studies, Seismological Research Letters, 85(5), 977-985, doi: 
10.1785/0220140084. 

Douglas J, Gehl P, Bonilla LF, Scotti O, Régnier J, Duval A-M, Bertrand E (2009), Making the 
most of available site information for empirical ground-motion prediction, Bulletin of the 

Seismological Society of America, 99(3), 1502–1520, doi: 10.1785/0120080075.  
Douglas J, Edwards B, Convertito V, Sharma N, Tramelli A, Kraaijpoel D,  Cabrera BM, 

Maercklin N, Troise C (2013), Predicting ground motion from induced earthquakes in geo-
thermal areas, Bulletin of the Seismological Society of America, 103(3), 1875–1897, doi: 
10.1785/0120120197. 

Edwards B, Douglas J (2013), Selecting ground-motion models developed for induced seismicity 
in geothermal areas, Geophysical Journal International, 195(2), 1314-1322, doi: 
10.1093/gji/ggt310. 

Gehl P (2017), Bayesian Networks for the Multi-Risk Assessment of Road Infrastructure, PhD 
thesis, University of London (University College London).  



36 – John Douglas, 16ECEE Theme Lecture 
 

Goda K, Aspinall W, Taylor CA (2013), Seismic hazard analysis for the U.K.: Sensitivity to spa-
tial seismicity modelling and ground motion prediction equations, Seismological Research 

Letters, 84(1), 112-129, doi: 10.1785/0220120064. 
Goulet CA, Bozorgnia Y, Kuehn N, Al Atik L, Youngs RR, Graves RW, Atkinson GM (2017), 

NGA-East ground-motion models for the U.S. Geological Survey National Seismic Hazard 
Maps, PEER Report no. 2017/03, Pacific Earthquake Engineering Research Center, Universi-
ty of California, Berkeley, USA. 

Joyner WB, Boore DM (1981), Peak horizontal acceleration and velocity from strong-motion 
records including records from the 1979 Imperial Valley, California, earthquake, Bulletin of 

the Seismological Society of America, 71(6), 2011–2038. 
Kale Ö, Akkar S (2017), A ground-motion logic-tree scheme for regional seismic hazard studies, 

Earthquake Spectra, 33(3), 837-856, doi: 10.1193/051316EQS080M. 
Kotha SR, Bindi D, Cotton F (2016), Partially non-ergodic region specific GMPE for Europe and 

Middle-East, Bulletin of Earthquake Engineering, 14(4), 1245-1263, doi: 10.1007/s10518-
016-9875-x. 

Kulkarni RB, Youngs RR, Coppersmith KJ (1984), Assessment of confidence intervals for re-
sults of seismic hazard analysis, Proceedings of Eighth World Conference on Earthquake 

Engineering, San Francisco, USA, 21–28 July 1984, 1, 263–270. 
Lanzano G, Puglia R, Russo E, Luzi L, Bindi D, Cotton F, D'Amico M, Felicetta C, Pacor F, 

ORFEUS WG5 (2017), ESM strong-motion flat-file 2017. Istituto Nazionale di Geofisica e 
Vulcanologia (INGV), Helmholtz-Zentrum Potsdam Deutsches GeoForschungsZentrum 
(GFZ), Observatories & Research Facilities for European Seismology (ORFEUS). PID: 
11099/ESM_6269e409-ea78-4a00-bbee-14d0e3c39e41_flatfile_2017. 

Musson RMW (2012), On the nature of logic trees in probabilistic seismic hazard assessment, 
Earthquake Spectra, 28(3), 1291–1296. 

National Cooperative for the Disposal of RadioactiveWaste (NAGRA) (2004). Probabilistic 
seismic Hazard Analysis for Swiss Nuclear Power Plant sites (PEGASOS Project) prepared 
for Unterausschuss Kernenergie der Überlandwerke (UAK), Final report Vols. 1/6, 2557 pp., 
to be obtained on request at swissnuclear by writing to info@swissnuclear.ch. 

Petersen MD, Moschetti MP, Powers PM, Mueller CS, Haller KM, Frankel AD, Zeng Y, Re-
zaeian S, Harmsen SC, Boyd OS, Field N, Chen R, Rukstales KS, Luco N, Wheeler RL, Wil-
liams RA, Olsen AH (2014), Documentation for the 2014 update of the United States national 
seismic hazard maps, U.S. Geological Survey Open-File Report 2014–1091, 243 p., doi: 
10.333/ofr20141091. 

Power M, Chiou B, Abrahamson N, Bozorgnia Y, Shantz T, Roblee C (2008), An overview of 
the NGA project, Earthquake Spectra, 24(1), 3-21, doi: 10.1193/1.2894833. 

Rietbrock A, Strasser F, Edwards B (2013), A stochastic earthquake ground-motion prediction 
model for the United Kingdom, Bulletin of the Seismological Society of America, 103(1), 57-
77, doi: 10.1785/0120110231. 

Sabetta F, Pugliese A (1987), Attenuation of peak horizontal acceleration and velocity from Ital-
ian strong-motion records, Bulletin of the Seismological Society of America, 77, 1491-1513. 

Sammon JW (1969), A nonlinear mapping for data structure analysis, IEEE Transactions on 

Computers, C18(5), 401-409. 
Savy JB, Foxall W, Abrahamson N, Bernreuter D (2002), Guidance for performing probabilistic 

seismic hazard analysis for a nuclear plant site: Example application to the southeastern Unit-
ed States, NUREG/CR-6607, Lawrence Livermore National Laboratory, USA. 

Scherbaum F, Delavaud E, Riggelsen C (2009), Model selection in seismic hazard analysis: An 
information-theoretic perspective, Bulletin of the Seismological Society of America, 99(6), 
3234-3247, doi: 10.1785/0120080347. 

Scherbaum F, Kuehn NM, Ohrnberger M, Koehler A (2010), Exploring the proximity of ground-
motion models using high-dimensional visualization techniques, Earthquake Spectra, 26(4), 
1117-1138, doi: 10.1193/1.3478697. 



37 

Sedaghati F, Pezeshk S (2017), Partially nonergodic empirical ground-motion models for pre-
dicting horizontal and vertical PGV, PGA, and 5% damped linear acceleration response spec-
tra using data from the Iranian plateau, Bulletin of the Seismological Society of America, 
107(2), 934–948, doi: 10.1785/0120160205. 

Somerville PG, McLaren JP, Saikia CK, Helmberger DV (1990), The 25 November 1988 Sag-
uenay, Quebec, earthquake: Source parameters and the attenuation of strong ground motions, 
Bulletin of the Seismological Society of America, 80(5), 1118–1143. 

Spudich P, Joyner WB, Lindh AG, Boore DM, Margaris BM, Fletcher JB (1999), SEA99: A re-
vised ground motion prediction relation for use in extensional tectonic regimes, Bulletin of 

the Seismological Society of America, 89(5), 1156-1170. 
Stafford PJ (2015), Variability and uncertainty in empirical ground-motion prediction for proba-

bilistic hazard and risk analyses, Perspectives on European Earthquake Engineering and 

Seismology, Geotechnical, Geological and Earthquake Engineering, 39, doi: 10.1007/978-3-
319-16964-4_4. 

Stepp JC, Wong I, Whitney J, Quittmeyer R, Abrahamson N, Toro G, Youngs R, Coppersmith 
K, Savy J, Sullivan T, Yucca Mountain PSHA Project members (2001). Probabilistic seismic 
hazard analyses for ground motions and fault displacement at Yucca Mountain, Nevada, 
Earthquake Spectra, 17(1), 113–151. 

Stewart JP, Douglas J, Javanbarg M, Abrahamson NA, Bozorgnia Y, Boore DM, Campbell KW, 
Delavaud E, Erdik M, Stafford PJ (2015), Selection of ground motion prediction equations 
for the Global Earthquake Model, Earthquake Spectra, 31(1):19–45, doi: 
10.1193/013013EQS017M. 

Toro GR (2006), The effects of ground-motion uncertainty on seismic hazard results: Examples 
and approximate results, Annual Meeting of the Seismological Society of America, doi: 
10.13140/RG.2.1.1322.2007.  

Trifunac MD (1976), Preliminary analysis of the peaks of strong earthquake ground motion – 
dependence of peaks on earthquake magnitude, epicentral distance, and recording site condi-
tions, Bulletin of the Seismological Society of America, 66(1), 189–219. 

United States Nuclear Regulatory Commission (USNRC) (2012). Practical implementation 
guidelines for SSHAC Level 3 and 4 hazard studies, NUREG 2117 (Rev 1), Division of En-
gineering Office, USA. 

Weatherill G, Danciu L, Crowley H (2013), Future directions for seismic input in European de-
sign codes in the context of the Seismic Hazard Harmonisation in Europe (SHARE) project, 
Vienna Congress on Recent Advances in Earthquake Engineering and Structural Dynamics, 
Paper no. 494. 

Woessner J, Laurentiu D, Giardini D, Crowley H, Cotton F, Grünthal G, Valensise G, Arvidsson 
R, Basili R, Demircioglu MB, Hiemer S, Meletti C, Musson RW, Rovida AN, Sesetyan K, 
Stucchi M, The SHARE Consortium (2015), The 2013 European Seismic Hazard Model: key 
components and results, Bulletin of Earthquake Engineering, 13(12), 3553-3596. 

Yenier E, Atkinson GM (2015), Regionally adjustable generic ground-motion prediction equa-
tion based on equivalent point-source simulations: Application to central and eastern North 
America, Bulletin of the Seismological Society of America, 105(4), 1989–2009, doi: 
10.1785/0120140332. 


