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Abstract

Probabilistic seismic risk assessments are vital tools in understanding and estimating
the losses, to people and infrastructure, that earthquakes can cause. There are two main
approaches to earthquake risk assessment: unconditional, where risk is calculated
directly from observations of a system, and conditional, where risk is estimated
through a series of probabilistic steps. Although unconditional methods are considered
more robust, they are computationally expensive and so rarely used. In contrast, there
have been considerable developments in conditional risk modelling techniques in

recent years, with the growing popularity of machine learning spurring innovation.

This thesis evaluates potential improvements to both hazard and demand modelling
techniques (two stages of the conditional approach) and explores how novel methods
and machine learning opportunities can enhance the accuracy of risk estimates. Firstly,
the ability of different ground-motion models to improve the accuracy of seismic
hazard and risk estimates is investigated. Secondly, the combined selection of seismic
intensity measure and demand model is evaluated to find the optimal combination for
estimating component-level damage assessment. Finally, modelling the covariance of
seismic demand estimates is explored, with impacts assessed through loss estimates
on a case study structure. The analysis is performed using hypothetical scenarios and
stochastic ground motion models, allowing all results to be validated against risk

estimates from the unconditional approach.

The findings of this thesis help to demonstrate the potential for machine learning to
improve earthquake risk assessment practice, whilst also highlighting that traditional
practices can often still out-perform the state-of-the-art. Improving the way in which
earthquake risks are modelled helps to better understand, prepare for, and protect

against, these risks, ultimately resulting in safer communities and structures.

Vi



Table of Contents

DECLARATION OF AUTHENTICITY AND AUTHOR’S RIGHTS ....................... I
STATEMENT OF CO-AUTHORSHIP........oooiiiiiiiiiieeeeeeeeeee e II
ACKNOWLEDGEMENTS ...ttt v
ABSTRACT ...ttt ettt ettt e VI
TABLE OF CONTENTS ..ottt VII
LIST OF FIGURES ... ...ttt X
LIST OF TABLES ...ttt s XVI
LIST OF ABBREVIATIONS AND ACRONYMS......ccooiiiiiiiieeee e XVII
LIST OF SYMBOLS ...ttt XVIII
I INTRODUCTION ...ttt sttt 1
1.1 THESIS AIM AND OBJECTIVES.....cccctttteeiieeeeitieeeeiireeeesrreeessreeesssseeessssesessssesesssseeens 4
1.2 OUTLINE OF THESIS .....utttiiiitieeeeeiteeeeeiteeeeeiteeeestreeessseeesssssesesssseeesssssessssssesesssseeennnns 5
1.3 LIST OF PUBLICATIONS.....cceeittitieitteeeeiteeeeetteeeeereeeesssseeesssesessssseesssssesessssesensssseenns 8
2 BACKGROUND REVIEW ..ottt 10
2.1 HAZARD ASSESSMENT ....c.uuttiiiiteeiiiesieeeteeeteesteeesieeessteessseesseesseesseessseessssessseenns 10
2.1.1  Ground motion MOAEIIING................c.ccccocuiiiiiriiiiiiiiiiiiieeeeee ettt 15
2.1.2 INIENISIEY THEASUTES ...ttt ettt 18
2.1.3  INtensity MeASUre SCLECHION. ...............cc.ccouviiiiiriiiiiisieee ettt e 21
2.2 DEMAND ASSESSMENT .....ccciitiiieiiiiieeeitieeesiiteeeessrreeessseeesssreeessssseeassssesessssssesssnsees 24
2.2.1  Probabilistic seismic demand modelling.................c..cccccccoeveviiiiioiiiniiiiiiiinesesese s 26
23 UNCONDITIONAL APPROACH FOR SEISMIC RISK ASSESSMENT .......cccccevueruirueennens 28
2.3.1 Ground MOtION STMULALIONS ............c..c.ccccoeveiieiieiieeie ettt ettt 31
24 MACHINE LEARNING OPPORTUNITIES IN SEISMIC RISK ASSESSMENT ................... 33

vii



3 THE ASSESSMENT OF PROBABILISTIC SEISMIC RISK USING GROUND-

MOTION SIMULATIONS VIA A MONTE CARLO APPROACH.................... 38
3.1 INTRODUCTION ...cuuviiieeiiieeeiireeeseiteeeesiteeeestaeeeeaaeeeesssseeeesseseessseeeassesessssssessnnsees 39
32 SEISMIC SCENARIO AND STOCHASTIC MODEL ........cccocoiiiiiiiiiiiiiiiccicieeienns 44
33 GROUND-MOTION MODELS .......cuttiiiiiiieeiiieeeeireeeesvreeestreeeesesseeesesesesssseessssseeens 46
34 RESULTS ..ottt ettt ettt st ettt ea 48
341 ReSIAUAL ANGLYSIS ..ot e 48
3.4.2  Predicting Spectral QCCEIEFALION ................ccceviiiiiiiiiniiniiiiieeeetete et 49
3.4.3  ASSESSING RAZAFA. ... e 50
3.4.4  Evaluating differences between hazard reSults .................cccccoovoeeveevencieieiieiieieeeeene 54
3.4.5  Hazard diSAZEreGALION ..............c..ccccueiiiioiiiiiiiiieeee ettt 56
3.4.6  Restricting the magnitude and distance ranges of SEISMICILY.............cccccocvcircirvniirieniennen. 57
3.5 EXTENSION TO RISK ASSESSMENT ......cccoiiiiiiiiiiiiiiiiiiicieeeic e 59
3.6 OBSERVATION-BASED HAZARD ASSESSMENT........cccouiiiiiiiiiiiiiiiiicicieeeeeenenes 63
3.7 CONCLUSIONS ...ttt sttt ettt sttt st sat e st satesaee st satesatesmeesaeesanesanesaeenaee 67
4 THE IMPACT OF THE CHOICE OF INTENSITY MEASURE AND SEISMIC

DEMAND MODEL ON SEISMIC RISK ESTIMATES WITH RESPECT TO AN

UNCONDITIONAL BENCHMARK .....cc.ciiiiiiiiiiienieeeeeeeeeceee e 69
4.1 INTRODUCTION ...uuviiieeiiiieeiiieeeeiteeeestteeestaeeeesaeeessssseeeesseeeesssseeessseeessssseessnnsens 70
4.2 SEISMIC SCENARIO ......ceeiiiiiieeeiiieeeiieeeeerteeestteeessereeeessseeesssseeessssesessssesesssseesannns 75
4.3 STRUCTURAL MODEL ....ccccuttiiiiiiieeeiieeeeetteeeeiteeeeiraeessesveeesssesesssssesesssesesssseessnnns 77
44 INTENSITY MEASURE SELECTION .......cciiuiiiiiiiiniiiiiieiiciecenc e 80
4.4.1  Current practice to determine an optimal intensity MEASUTe................cccrcercervenierenrennen. 82
4.4.2  Proposed method to identify optimal intensity MeASUTe...................cccccecvcercerciniiniinenennen. 83
4.5 RISK ASSESSMENT PROCEDURE ......ccceiutiiieiiiieeeiireeesireeeesireeeessveeesnseeessnsseeesnnnens 84
4.5.1  Benchmark unconditional procedure ..................c..c.ccoccoeveviniocoiioiioiiieiiititeee e 85
4.5.2  Conditional risk assesSMent ProCedure..................c.ccocvurerercoieiioiiieieisese e 85
4.5.3  Comparing mean riSk eSHIMQALES .............cc.ccocivviriiriiininiiieee ettt 91
4.6 INVESTIGATING IMPACT OF INTENSITY MEASURE SELECTION.........ccccocvuiiiinnnnn. 93
4.6.1  Traditional IM performance MELFICS .............c.ccocuviueriirininienieieieeteeee sttt 94
4.6.2  Proposed performance MELFIC .............cccuciuoiuiiriirininineisieeeseeeee ettt 97
4.6.3  Correlation between the new and existing performance Metrics ..............c.ccccocuvervenvennenn. 99
4.7 SENSITIVITY ANALYSIS 1iuttiieeiieeeeiieeeeeciteeeeireeeessreeesssresesssssessssssesessssssessssseeens 100
4.8 COMPONENT DAMAGE ANALYSIS ....ooouiiiiiiiiiiiiiiiiieinncsic e 102
4.9 CONCLUSIONS ...c.tittittenitenitestt et eeitesieesiees bt esbe e bt e bt esbee bt e bt enbe e bt enbeeseenseeseenteens 104

viii



5 COVARIANCE STRUCTURE MODELLING OF ENGINEERING DEMAND

PARAMETERS IN CLOUD-BASED SEISMIC ANALYSIS.....ccccceieiiee 108
5.1 INTRODUCTION ...ceutiieiiieeiieeniieesiieesteeeteesteessteeseeeeseeesneeesnseesssessnseesnseesseesnseenn 109
5.2 METHODOLOGY ...cevteutinitenitenitenitenieesitesieesieesieesieesieesieesseesseesseesieesseesseesseessecnsees 117
52,1 Demand ASSESSTNENL ..........cc.ccucoueieiiieiieiiiteit ettt sttt 119
5.2.2  Demand and l0SS RAZAVAS.................ccccccuiviioiiiiiiiiiiiiiiiiineeeee ettt 123
5.2.3  Evaluating the accuracy of demand and 10Ss eStMALES ..............ccccoovceevieveiiieiriiairannnn. 125
5.3 SEISMIC SOURCE MODEL AND STRUCTURAL MODEL .......ccccvvuveeeririeeeerreeeeeeeenns 126
5.4 RESULTS ..ottt sttt sttt e es 129
5.4.1  Median demand MOAELS ..................ccccccocuioiiiiiiiiiiiiiiiiiiiieeeeee et 129
542 VAFIANCE MOAELS ...t s 130
5.4.3  Correlation MOAEIS .................cccccouiiiiioiiiiiiiiit ettt 132
544 Demand RAZAFA.................ccccoooouiiiiiiiiiiiiiiiest s 134
5.4.5  Comparing demand hAzard FESUILS..............cocociioiniiiiininiiiiiieeeeeee e 137
54,60 LOSS RAZATA........o.ooiiiiie s 139
5.5 SENSITIVITY OF LOSS ESTIMATES TO THE NUMBER OF GROUND MOTIONS......... 144
5.6 CONCLUSIONS ...c.tiitittenitenttesttesit et esteesiees bt esbe e bt e bt e bt e bt enbeenbeesbeenbeeseesseeseeseens 147
6 CONCLUSIONS AND RECOMMENDATIONS.....cccooiiiiieiinieeeeneeeeee 150
6.1 SCOPE FOR FUTURE RESEARCH ......uceeetieiiieniieeiieetieesieesieesseesseesseessneeesnseenns 155
REFERENCES . ...ttt s 158
APPENDIX A Lottt ettt et 172

iX



List of figures

Figure

1-1: Schematic of earthquake risk assessment framework with the topics
covered by each chapter of the main research body overlaid. Solid lines
indicate stages of the process that are investigated, whilst dashed lines

demonstrate areas where risk estimates are evaluated. .........ccoeveveveeeeeeeeeeenenn... 5

Figure 2-1: probabilistic seismic hazard assessment workflow, taken from Baker et al.

Figure

Figure

(2021) (a) example seismic source model, (b) earthquake magnitude
probability distribution, (c¢) earthquake source-to-site distance probability
distribution, (d) example ground motion model for a single magnitude, (e)

SEISIMIC NAZATA CUIVE. <. e e e e e e e eeeeeeeeeeeas 12

2-2: Taken from Boore and Atkinson (2008). The top two panels show the
observed magnitude-distance-intensity (in the form of peak ground
acceleration, and spectral acceleration with a period of 1.0s) relationships for
records used to construct the Boore et al. (1997) (BFJ97) and Boore and
Atkinson (2008) (BA0S8) ground motion models. The bottom two panels show
the median estimates from both the BFJ97 and BAOS ground motion models

for a variety of magnitudes and diStances. ..........cccceeveeeciienieeiiienieeieeee e, 17

2-3: Commonly used intensity measure performance metrics efficiency,
sufficiency, and practicality. Hazard computability cannot be graphically
displayed. Note that sufficiency is represented by the p-value of the slope,
determining if a statistically significant relationship is present between

magnitude or distance and the model residuals...........ccccevveriininiiniinennne. 22



Figure

Figure

2-4: Example applications of three major probabilistic seismic demand
modelling approaches (a) Incremental Dynamic Analysis (b) Multiple Stripe
Analysis (€) Cloud analysis..........ccceeriieriieiiieiiieieeie et 27

3-1: Workflow of the conditional approach to risk assessment, the
unconditional approach is also presented (blue line). P(IM) represents the
complementary cumulative distribution function (CCDF) of the intensity
measure (IM) within the region of interest, whilst P(EDP|IM) is the CCDF of
the engineering demand parameter (EDP) conditional on the IM. ................ 40

Figure 3-2: The seismic source model used for this study..........cccceveevenienienennene. 45

Figure 3-3: Median spectral acceleration predictions from the area source for all three

Figure

conditional models (solid lines), at fixed distances of 25km and 75km, and
fixed magnitude of 5.75 and 6.75, dashed lines represent plus and minus one

standard deviation of the MeEdIan. .....ooeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeenn. 50

3-4: Mean hazard curves for all created models, solid lines show the mean
hazard results whilst dashed lines show the 16th and 84th percentiles of the
mean. Spectral acceleration at a period of 0.2 seconds is plotted on a linear

scale to better show the differences between the results.........cooeveeeveeeeeeennn... 52

Figure 3-5: Mean hazard curves for all created models using Spectral acceleration at a

period of T=ls, solid lines show the mean hazard results whilst dashed lines

show the 16th and 84th percentiles. ..........ccoeceeriiiiiieniiieciieeeeee e, 53

Figure 3-6: Comparison of mean hazard calculations via two approaches; calculating

the mean of the annual frequency of exceedance; and calculating the mean
spectral acceleration. Solid lines show the mean hazard, with dashed lines

showing the 16th and 84th percentiles. .........c.ccoceeviiieniieiiienieeiieieeeeeeee, 54

Figure 3-7: Hazard disaggregation results from the Monte Carlo-based approach and

three conditional hazard assessment approaches, for spectral acceleration

values 0f 0.1g and 1.0Z. ....oooviiiiieiieiiee e 57

Figure 3-8: Mean hazard curves produced by the Monte Carlo-based hazard approach

and three conditional hazard approaches, for restricted distance range of 10 to

xi



50km and magnitude range of 5.5 to 6.5, plotted by solid lines. Dashed lines
show 16th and 84th percentiles of mean hazard. ............ccccoceevinininicnene. 58

Figure 3-9: Example empirical fragility curves created for conditional risk assessment,
at ductility thresholds 1, 2, 3, 4 and 5. Curves are created as a mean from all

100 sets 0f CAtAlOGUES. ......eevvieriiieiieiie ettt 61

Figure 3-10: Mean risk curves for all created models evaluating a single degree of
freedom system with period T=0.2s, solid lines show the mean risk whilst

dashed lines show the 16th and 84th percentiles of the mean........................ 62

Figure 3-11: Mean risk curves for all created models evaluating a single degree of
freedom system with period T=1.0s, solid lines show the mean risk whilst

dashed lines show the 16th and 84th percentiles of the mean........................ 63

Figure 3-12: Heat-map showing number of records belonging to each magnitude-
distance bin from (a) an example simulated catalogue and (b) the NGA-West2
AAtADASE. ...t 65

Figure 3-13: Mean hazard curves for the four observation-based hazard assessment
models compared to the unconditional benchmark hazard, solid lines show the

mean hazard whilst dashed lines show the 16th and 84th percentiles of the

Figure 4-1: Workflow of the conditional approach to risk assessment when ground
motion simulations are utilised. The unconditional approach can be described

by the red WOrKILOW. ......ooviiiiiiiiiie e 71
Figure 4-2: Seismic source model for the site of interest...........cceecveevieriiienienieennens 75

Figure 4-3: Plan and front elevations of the structural model under investigation [taken

from Scozzese et al. (2020)] Thick lines highlight moment-resisting frames.

Figure 4-4: (a) Static pushover curve and (b) cyclic response, of the structure under

TNVESTIZALION. L...tentiiiiiieietteie ettt ettt ettt sttt nees 80

Xii



Figure 4-5: Demand models for (a) peak ground acceleration (b) peak ground
displacement, the engineering demand parameter is top-storey interstorey drift

TALIO. oottt 89

Figure 4-6: P(EDP|IM) curves for (a) peak ground acceleration and (b) peak ground
displacement, and each of the seismic demand models, at interstorey drift ratio

thresholds of 0.2% (solid lines), 0.7% (dashed lines) and 1.0% (dot-dash lines).

Figure 4-7: Mean demand hazard estimates for all intensity measures and seismic

demand models under iINVeStigation............cccveeriieiienieeiiieieeie e 93

Figure 4-8: Boxplot showing the (a) efficiency (b) magnitude sufficiency (c) distance
sufficiency (where sufficiency is the p-value of the slope of the residuals from
the P(EDP|IM) model against magnitude and distance respectively) and (d)
practicality of each intensity measure when considering a linear demand model
for the top-storey interstorey drift ratio. Note the reversed x axis in (a) as a

lower value of efficiency is best (smallest standard deviation). .................... 95

Figure 4-9: Plot showing how the mean of (a) efficiency (b) magnitude sufficiency and
(c) distance sufficiency changes for each intensity measure and seismic
demand model combination. Note the reversed x axis in (a) as a lower value of

efficiency is best (smallest standard deviation). .........ccccceceeveeveriineenennenne. 96

Figure 4-10: Boxplot showing Dmax for each intensity measure and each seismic

AeMANd NOAEL ... e e e e e e e e eeeeeeeeeeaeeenas 98

Figure 4-11: Sensitivity of Dmax to the number of samples used in the risk assessment
procedure. The intensity measures (IMs) used are (a)Sa and (b)AI, which are

considered representative of all accurate IMs. .........coceveeviiiiiiniininicneeen. 100
Figure 4-12: Fragility curves for both components under investigation.................. 102

Figure 4-13: Mean annual frequency of exceedance of each damage state for both
components using the empirical demand model, with 16" and 84" percentiles
plotted as error bars. The unconditional estimate is marked by the solid (mean)

and dashed (16" and 84" percentile) iNES. ........cccoeveveverereeeeerereeceeeeeeerennes 104

Xiii



Figure

5-1: Methodology workflow to estimate demand hazard and losses via

unconditional (for validation, red) and conditional (black) approaches. ..... 117

Figure 5-2: Seismic source model for the site of interest.........ccceevevvienienerieneenens 127

Figure 5-3: (a) Static pushover curve of the case study structure; (b) a Cloud of points

Figure

Figure

Figure

Figure

Figure

Figure

Figure

returned from structural analyses compared against those from Barroso and

Smith (1999), best fit lines are also presented. ..........ccceeverciierienciienieennnnne. 129

5-4: Median demand models for all engineering demand parameters (EDPs)
considered within this study. Note, the subscript attached to the EDP name

refers to the level within the StruCtuIe. .......ooovvveiieeieeeeeeeeeeeeeeeeeeeeeeeeeeeeeee, 130

5-5: Variance models for all engineering demand parameters (EDPs)
considered, using the bilinear median demand model. A logarithmic scale on
both x and y axes to prevent negative standard deviation predictions. Note, the

subscript attached to the EDP name refers to the level within the structure.131

5-6: Correlation models under investigation. Only the lower half of the
correlation structure is shown due to symmetry. Note, the subscript attached to

the engineering demand parameter name refers to the level within the structure

5-7: Mean demand hazard estimates made with the bilinear median demand
model and all associated covariance models via the conditional method (solid

lines) compared against the unconditional benchmark (dashed lines)......... 136

5-8: Boxplot of EMD values for all demand hazard estimates from the (top)
linear, (middle) bilinear, and (bottom) Gaussian process regression median

demand models across all 100 sets 0f r€COTdS. .oovvvveeeeeeeeeeeeeeeeeeeeeeeeeeeeeeenn, 138

5-9: Mean loss estimates made from the (top) linear, (middle) bilinear, and
(bottom) Gaussian process regression median demand models, and associated

covariance models, across all 100 sets of records. ......ccoovvvveviiiiiiiiiiineenenen. 140

5-10: Boxplot of EMD values for all loss estimates from the (top) linear,
(middle) bilinear, and (bottom) Gaussian process regression median demand
models across all 100 sets of records. A logarithmic y-axis is used to display

ALl TESUILS ON ONIE SCALE. ..o e e 142

X1v



Figure 5-11: Mean EMD value of the loss estimate for each model derived from the
bilinear median demand model against the number of samples used to develop

CACK TNIOUEL. . e e e e e e e e e e e e e e e e eeeeeeeeeeenas 145

Figure 5-12: Sensitivity analysis results considering the bilinear median demand
model, Gaussian process regression (GPR) variance model, and GPR
correlation model. (a) presents the sensitivity of this model to the number of
bins used to create the variance and correlation models, (b) presents the

sensitivity of this model to the kernel choice used within the GPR models.146

XV



List of tables

Table 2-1: A collection of commonly used and investigated seismic intensity measures

FOUN 1N the THEETATUTE ..o e e e eeeeeeeeeeeas 19

Table 2-2: Summary of the arguments between using either the conditional or

unconditional approach, taken from Scozzese et al. (2020)........cccccecveruennee 29
Table 3-1: Sigma values from the ground motion models created in this study........ 49

Table 3-2: Results from Kolmogorov-Smirnov test on the three conditional hazard

IOACLS. Lottt 56
Table 4-1: IMs under investigation within this study. ........cccocevviiniiiininniinenen. 81

Table 5-1: Summary of studies incorporating EDP correlations into their risk
estimates. L = loss estimates, F = fragility curves, R = structural demand

estimation, Dam = damage estimates, Dem = demand hazard estimates .... 114

xvi



List of abbreviations and acronyms

ANN
CCDF
CDF
GMM
GMPE
GPR
IDA
KS test
LB
MAF
MSA
PBEE
PDF
PEER Center
PSDM
PSHA
RF
SDOF system
SSM
SVM
UB

Artificial neural network

Complimentary cumulative distribution function
Cumulative distribution function

Ground motion model

Ground motion prediction equation

Gaussian process regression

Incremental dynamic analysis
Kolmogorov-Smirnov test

Lower bound

Mean annual frequency

Multiple stripe analysis

Performance-based earthquake engineering
Probability distribution function

Pacific Earthquake Engineering Research Center
Probabilistic seismic demand model
Probabilistic seismic hazard assessment
Random forest

Single degree of freedom system

Seismic source model

Support vector machine

Upper bound

Xvil



List of symbols

For clarity to the reader, symbols are defined at the start of each chapter, this section

summarises some of the main symbols used across this thesis.

a Rate of earthquakes within the region of interest

b Relative ratio of small- to large-magnitude earthquakes within the
region of interest

DM Damage measure

Dimax Maximum absolute difference between two cumulative distribution
functions

DS Damage state

DV Decision variable

EDP Engineering demand parameter

EMD Earth mover's distance

JX) Probability density function of random variable X

GX|Y) Compl.imentary cumulativc? distribution function of random variable X
conditional on random variable Y

1 Indicat.0r function equal to 1 if conditions of X are met, and 0
otherwise

IDR Inter storey drift

IM Intensity measure

ISwW Importance sampling weight

M Earthquake magnitude

Nsource Number of rupture sources

XViii



P(X)

P(X]Y)

PFA
PGA

Sa(T.C)

V§30

AMX)

pXY)

2(xY)

Cumulative distribution function of random variable X

Cumulative distribution function of random variable X conditional on
random variable Y

Peak floor acceleration

Peak ground acceleration

Source-to-site distance

Spectral acceleration at given period, T, and damping, C
Structural period

Average shear-wave velocity in the top 30m of the ground
Lognormal dispersion of a probabilistic seismic demand model
Damping ratio

Lognormal mean of a probabilistic seismic demand model
Frequency of exceedance of random variable X
Correlation of random variables X and Y

Model error parameter, usually evaluated as the standard deviation of
residuals

Covariance of random variables X and Y

Cumulative distribution function of the standard normal distribution

Xix



1 Introduction

Seismic risk assessments are important tools for earthquake engineering. They express
probable losses due to shaking through different metrics (e.g., dollars, downtime, and
deaths) (e.g., Musson, 2000) and have uses in a range of sectors (e.g., design,
insurance, and policy making) (e.g., Erdik, 2017). As seismicity is a complex and hard-
to-predict phenomenon, there is an inherent uncertainty and variability within these
risk assessment practices (Moehle & Deierlein, 2004). This makes it favourable to
perform seismic risk assessment within a probabilistic framework, allowing for better

utilised and more efficient designs and decision making.

Probabilistic seismic risk can be assessed via two distinct approaches (e.g., Scozzese
etal., 2020). The first, known as the unconditional approach, directly uses observations
of a system’s response to ground motions to simply count the rate of exceedance of
some loss threshold (e.g., Bradley et al., 2015). Unconditional methods are considered
the more robust approach of the two and are noted for their adaptability and conceptual
simplicity. However, this approach can be computationally expensive, requiring
analysis of a large number of earthquake records, and so is rarely used outside of

research.

The second, more popular, approach (known as the conditional approach) was

established to solve this problem. Perhaps the most popular conditional method is the



Pacific Earthquake Engineering Research (PEER) Center’s framework for
performance-based earthquake engineering (PBEE) (e.g., Moehle & Deierlein, 2004),
which comprises four intermediate stages, and corresponding parameters, combined

into the triple integral of Equation 1-1:

A(DV) = [[[ G(DV|DM)|dG(DM|EDP)||dG(EDP|IM)||dA(IM)| (1-1)

where:

A(X), is the mean annual frequency (MAF) that X exceeds some threshold.

e G(X|Y)is the complementary cumulative distribution function (CCDF) of X
conditional on Y.

e dA(IM), known as the hazard assessment, expresses the ground shaking at the site
of interest and is represented by an intensity measure (/M).

e G(EDP|IM), known as the demand assessment, describes the structural response
to ground motions and is represented by an engineering demand parameter (EDP).

e G(DM|EDP), known as the damage assessment, gives an indication of the
system’s damage due to the structural response, and is represented by a damage
measure (DM).

e Finally, G(DV|DM), known as the loss assessment, estimates the losses in the

system due to the estimated damage and is represented by a decision variable (DV).

The discrete nature of this approach allows for separate analyses to be performed at
each stage. There is an ever-growing array of interchangeable modelling techniques
available for use at each stage. In particular, there has been considerable recent
innovation in both hazard and demand modelling, with advancements in machine

learning techniques fuelling research into these disciplines (e.g., Kong et al., 2018;



Kubo et al., 2024). The introduction of new techniques and the growing number of
available hazard and demand models warrant an exploration into their ability to

estimate risk.

Moreover, the approach is heavily reliant on the initial selection of the /M. This choice
should have little impact on risk estimates, provided that it is sufficient (i.e.,
statistically independent of earthquake characteristics, such as magnitude and
distance) (Luco & Cornell, 2007), and adequate ground-motion records are used to
characterise the system’s demand. However, these conditions cannot always be met,
and this has led to a proliferation of candidate /Ms in the literature (e.g., Katsanos et
al., 2010). An optimal method for selecting /Ms in the direct context of PBEE, given

the growing variety of hazard and demand models, is lacking.

The conditional approach improves upon the unconditional approach by allowing for
a computationally efficient description of seismic risk in a region, based on far fewer
observations. However, there is a clear lack in quality and quantity of data used to
evaluate earthquake risk in many regions of the world (e.g., Kramer, 1996; Xie et al.,
2020), and the improper use of this data could introduce bias and uncertainty into risk

models.

Stochastic ground motion models could potentially solve this issue, helping to bolster
empirical datasets to produce more confident risk estimates. Alternatively, the output
of these simulation models could be applied to the unconditional approach, providing
the large number of ground motions needed to provide accurate risk estimates. This
creates an opportunity to compare the two approaches directly, allowing validation of

conditional techniques through the robust unconditional approach.



1.1 Thesis aim and objectives

The overall aim of this thesis is to investigate potential improvements to conditional
earthquake risk assessment processes and explore how novel techniques and machine
learning opportunities can enhance the accuracy of risk estimates. In particular, the
research contained within this thesis focuses on how hazard and demand modelling

techniques can be applied to ensure that risk estimates are as accurate as possible.

To demonstrate the impact of the risk modelling choices explored, it is necessary to
assess their impact across the overall conditional risk assessment framework. As such,
risk estimates are evaluated in the form of demand hazard, component-level damage,
and loss estimates in subsequent chapters of this work. This allows the entire PBEE

risk assessment framework to be explored across this thesis.
The project's aim is met through six objectives:

1. Review current conditional risk assessment practice, in particular hazard and
demand modelling techniques, and identify methods with potential to improve
upon standard practice, e.g., machine learning methods.

2. Evaluate various methods of performing ground motion modelling and hazard
assessment to recommend optimal methods for application to risk assessment.

3. Compare and analyse different demand modelling techniques to identify ways in
which current practice can be further enhanced with respect to the accuracy of risk
estimates.

4. Use stochastic ground motion modelling to benchmark conditional risk assessment

approaches against an unconditional approach.



5. To investigate how techniques explored within this thesis can have downstream
impacts on risk assessment outputs (e.g., DMs and DV’s).
6. Develop appropriate methods to evaluate the performance of risk modelling

techniques in order to aid risk model validation and assist with decision making.

1.2 Outline of thesis

This thesis is organised into six chapters, comprising a background review (Chapter
2), three distinct research articles formatted for peer-reviewed journals (Chapters 3-5),
and finally the overall project conclusions (Chapter 6). Figure 1-1 shows a schematic
of the PBEE risk assessment framework, and highlights which stages are considered

within each chapter of the main research body.

Hazard Demand Damage state Loss
curve hazard curve exceedance curve
A(IM) ANEDP) A(DM) A(DV)

IM Demand Damage Loss
assessment assessment assessment assessment
P(IM) G(EDP|IM) G(DM|EDP) G(DV|DM)
o N\ N\ N /
Chapter3 e
Chapter 4
Chapter S s ennas

Figure 1-1: Schematic of earthquake risk assessment framework with the topics
covered by each chapter of the main research body overlaid. Solid lines indicate stages
of the process that are investigated, whilst dashed lines demonstrate areas where risk
estimates are evaluated.



A brief outline of the contents of each chapter is provided below:

e Chapter 2 provides a background review on the relevant work to this thesis,
specifically focusing on ground-motion modelling and /M selection, probabilistic
seismic demand modelling techniques, and machine learning opportunities within
these stages of earthquake risk assessment. This chapter identifies and highlights
the research opportunities that form the foundation of this thesis, meeting
Objective 1 of this thesis.

e Chapter 3 investigates how the use of different ground-motion modelling
techniques can affect seismic hazard and risk estimates. Relaxing the
homoscedastic assumption for the variance of the /M is explored, while an
observational-based hazard assessment that uses recorded strong motions to
directly quantify hazard is also proposed. Findings highlight the ability of machine
learning models to estimate ground motion intensity. This work contributes to
Objectives 2 and 4 to 6 of this thesis.

e Chapter 4 evaluates how the combined selection of /M and demand models can
impact seismic risk estimates, features that are often considered separately. This
chapter also introduces a novel risk model performance evaluation metric that
could be applied at all stages of a conditional risk assessment framework. Findings
highlight a need to consider /M and demand model selection in tandem to produce
accurate risk estimates, whilst also suggesting that traditional /M performance
metrics may not be sufficient for assessing the accuracy of risk estimates. This

work helps to meet Objectives 2 to 6 of this thesis.



e Chapter 5 proposes a method of incorporating covariance amongst EDPs into
seismic risk estimates. This study examines various types of Cloud analysis-based
demand models and different formulations of the covariance structure through
residual modelling of both the variance and correlation of EDPs. Loss estimates
are produced to fully evaluate the impact that considering covariance has on the
risk assessment procedure. The Earth Mover’s Distance is applied as a new metric
for assessing seismic risk accuracy. Results indicate that heteroscedastic variance
modelling improves the accuracy of risk estimates, as does accounting for
correlation; however, the method of considering correlation is not necessarily
crucial. This study helped to meet Objectives 3 to 6 of this thesis.

e Chapter 6 contains the overall thesis conclusions and highlights potential scope

for future work.

Although each of the three research chapters evaluates a different stage of the
conditional risk assessment framework, they share a broadly consistent experimental
setup: featuring a stochastic ground motion model, a SSM, and a structural model.
However, these components are progressively refined throughout the thesis to better

address the specific objectives of each chapter.

Chapter 3 adopts the Atkinson-Silva stochastic model (Atkinson & Silva, 2000), which
is based on Californian ground motions. This enables more consistent comparison with
the observational hazard model derived from the NGA-West2 database (Ancheta et
al., 2014). In contrast, Chapters 4 and 5 utilise the SIGMA stochastic model
(Fiorentino et al., 2025; Sabetta & Pugliese, 1996; Sabetta et al., 2021), reflecting a
more state-of-the-art approach, with ground motions calibrated and validated against

recent Italian earthquakes.



The SSM used in Chapters 4 and 5 is largely consistent with that in Chapter 3, with
some alterations. In Chapter 3, multiple stations are included to capture ground motion
path effects within the hypothetical region, helping to enhance the realism of the
created hazard assessments. However, as Monte Carlo hazard assessment is employed
in Chapters 4 and 5, this detail is no longer required; and so, the SSM is simplified to
a single central station. Additionally, in Chapter 5, fault distances are reduced and
maximum magnitudes increased to generate stronger ground motions, allowing the

better investigate of the case study structure’s nonlinear response range.

Finally, the structural modelling approach also evolves. Chapter 3 employs a single
degree of freedom (SDOF) system, as the primary focus is on hazard characterisation,
with risk assessment included as a simple extension. In Chapters 4 and 5, a more
advanced structural model is adopted to develop more realistic demand models and

improve the applicability of the results.

1.3 List of publications

The following is a comprehensive list of peer-reviewed journal articles and conference

papers related to this thesis.

e Relating to Chapter 3 of this thesis:

o Rudman, A., Douglas, J., & Tubaldi, E. (2023). Using ground-motion
simulations within a Monte Carlo approach to assess probabilistic seismic risk,
SECED 2023 Conference, Cambridge, UK.

o Rudman, A., Douglas, J., & Tubaldi, E. (2024). The assessment of probabilistic

seismic risk using ground-motion simulations via a Monte Carlo approach.



Natural Hazards, 120(7), 6833-6852. https://doi.org/10.1007/s11069-024-
06497-1
e Relating to Chapter 4 of this thesis:

o Rudman, A., Douglas, J., Tubaldi, E., Scozzese, F., & Turchetti, F. (2024).
Evaluating the impact of intensity measure selection on conditional seismic
risk, 18th World Conference on Earthquake Engineering, Milan, Italy.

o Rudman, A., Tubaldi, E., Douglas, J., & Scozzese, F. (2024). The impact of the
choice of intensity measure and seismic demand model on seismic risk
estimates with respect to an unconditional benchmark. Earthquake Engineering
& Structural Dynamics, 53(14), 4183-4202.
https://doi.org/https://doi.org/10.1002/eqe.4208

e Relating to Chapter 5 of this thesis:

o Rudman, A., Tubaldi, E., Gentile, R., Douglas, J. (2026). Covariance Structure
Modelling of Engineering Demand Parameters in Cloud-Based Seismic
Analysis. Earthquake Engineering & Structural Dynamics. 2026; 55: 1533-

1551. https://doi.org/10.1002/eqe. 70151



2 Background review

This Chapter provides a background review of the components of the conditional risk
assessment framework explored within this thesis. First, the concept of probabilistic
seismic hazard assessment (PSHA) is reviewed (Section 2.1), including the techniques
available to model ground motions and the metrics used to select the most appropriate
seismic intensity measure (/M). Next, in Section 2.2, available techniques for assessing
the seismic demand on structures are evaluated. After this, the role of ground motion
simulations in seismic risk assessment is examined (Section 2.3). Finally, the use of
machine learning techniques in both hazard and demand modelling are summarised

(Section 2.4).

2.1 Hazard assessment

PSHA is the foundation of a probabilistic seismic risk assessment, establishing the
frequency of earthquake occurrence at the site under investigation over a specified
period of time, usually one year (e.g., McGuire, 2008). This method was developed in
the 1960s by Cornell (1968) and Esteva (1967), and further enhanced by Cornell
(1971) who translated PSHA into a total probability theorem-based framework, as per

Equation 2-1:
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where, A(IM > im) is the recurrence rate of earthquakes with intensity, /M, greater
than some threshold, im, 4;(M > m,,;,) is the recurrence rate of earthquakes with
magnitude, M, greater than a threshold, m, f,,(m) is the probability distribution of
earthquake magnitudes at each source, and finally fzp(7) is the distribution of
earthquake source-to-site distances for each potential source. This integral is
performed and summed over the number of sources present in the region, ng,yce. The

workflow of this equation is represented by Figure 2-1, and consists of five steps:

1. Capture all earthquake sources within the region of interest within a seismic source
model (SSM).

2. For each source, characterise the distribution of potential earthquake magnitudes.

3. For each source, characterise the distribution of source-to-site distances.

4. For each source, estimate the probabilistic distribution of an /M at the site as a
function of earthquake magnitude, distance, and other relevant parameters, using
a ground motion model (GMM).

5. Combine information from all steps and sources to estimate site hazard.

Essentially, the PSHA equation could be thought of as the combination of two models.
The SSM is the first of these models and describes the characteristics of shaking within
a region. The second model describes how ground motions are generated and

propagate from the source and interact with the site of interest and is known as a GMM.
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Figure 2-1: probabilistic seismic hazard assessment workflow, taken from Baker et
al. (2021) (a) example seismic source model, (b) earthquake magnitude probability
distribution, (c) earthquake source-to-site distance probability distribution, (d)
example ground motion model for a single magnitude, (e) seismic hazard curve.

An SSM is developed by defining the type of earthquake fault, the location of the
potential rupture, and finally its potential size and recurrence (e.g., Baker et al., 2021).
Earthquake faults are most commonly represented as points, one-dimensional lines, or
as two-dimensional areas, although more complex models may represent three-
dimensional zones of faulting (e.g., Kramer, 1996). The potential distribution of
earthquake magnitudes is often modelled using a Gutenberg-Richter recurrence
relationship (Gutenberg & Richter, 1944), which provides an estimate of how many
earthquakes of a certain size occur in a given time period, usually a year. This is

represented by Equation 2-2:
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logioA =a—bm (2-2)
where, A4 is the number of earthquakes occurring within a given period greater than
magnitude, m, and a and b are constants estimated by statistical analysis of past
earthquakes within the region. a represents the rate of earthquakes within the region
and b represents the relative ratio of small- to large-magnitude earthquakes, usually
found (or assumed) to be one. Often, the bounded Gutenberg-Richter relationship is
used to describe the probability distribution of earthquake magnitudes at a source (e.g.,
Baker et al., 2021), where a maximum and minimum magnitude of earthquakes at the

source are specified. This probability distribution is calculated as per Equation 2-3:

b- ln(l()) . 10—b(m—mmin)
fM (m) - 1— 10—b(mmax_mmin)

SMopin, < M < Mypgy (2-3)

where, m,,;,, 1s the minimum possible magnitude at the source, and m,,,,, is the largest
possible magnitude at the source. The recurrence of earthquakes at a particular source
is often assumed to follow a Poisson distribution, with mean rate determined from the

Gutenberg-Richter relationship (e.g., Kramer, 1996).

Earthquake occurrence at a source is often assumed to follow a uniform distribution,
i.e., for a line source, an earthquake is equally likely to occur anywhere along that line
(e.g., Reiter, 1990). This means that the calculation of earthquake source-to-site
distances is relatively straightforward and based purely on the geometry of the SSM.
One question, however, within this stage of the PSHA process is deciding which
distance is most accurate, with several alternatives offered in the literature, such as
epicentral distance, hypocentral distance, or Joyner-Boore distance (e.g., Scherbaum

et al., 2004).

13



The processes used to define seismic source characteristics often rely heavily on expert
judgement, and SSMs may be based on conflicting assumptions. For example,
modelling earthquake occurrence with a Poisson distribution assumes independence
among earthquake events, when realistically (as suggested by elastic rebound theory),
events are not independent of one and other (e.g., Kramer, 1996). This can create large
uncertainties which need to be properly accounted for within seismic hazard

formulations.

The second model used for PSHA is the GMM. GMMs are empirical relationships that
describe the relationships between earthquake source, path, and site parameters (e.g.
earthquake magnitude and source-to-site distance) to an /M describing the level of
ground shaking at a site of interest (e.g., Baker et al., 2021). The predictive capability
of GMMs is limited by sparse and heterogeneous earthquake datasets in many regions

(e.g., Kramer, 1996; Xie et al., 2020). They are discussed further in Section 2.1.1.

By performing PSHA at a range of /M thresholds, users can construct a seismic hazard
curve. Hazard curves summarise the likely occurrence rates of different /Ms over a
given period, usually one year, thereby representing the entire hazard at the site of
interest (e.g., McGuire, 2004). An example hazard curve is presented in Figure 2-1.
This output can then be fed into the rest of the probabilistic seismic risk assessment
framework to estimate the risk of losses to a structure on the site of interest. Hazard
curves are also useful for identifying key hazard levels/scenarios for use in seismic
design codes (e.g., Eurocode 8, ASCE 7, NBCC), which prescribe /M levels associated
with predefined probabilities of exceedance over the design life of a structure.

Commonly adopted levels include events with 10% and 2% probabilities of
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exceedance in 50 years, corresponding to mean return periods of approximately 475

and 2475 years, respectively.

An alternative approach to hazard assessment is through a Monte Carlo-based
procedure, a process that estimates seismic hazard at a site numerically rather than
analytically (e.g., Musson, 2000). The first step of Monte Carlo hazard assessment is
to draw many samples of earthquake magnitude and distance from their respective
distributions, as characterised by the SSM. Sample size is often determined by a
specified time horizon and the known earthquake recurrence rate in the region. These
magnitude—distance samples are then propagated through a GMM to estimate ground

motion intensities at the site of interest.

Finally, a simple counting procedure allows users to assess the hazard curve at the site

of interest, as per Equation 2-4:

N; Ii‘j(IM >im)

j=1 N;

AUM > im) = T50 Asource; 2 ]

(2-4)

where, N; is the number of magnitude-distance samples considered for a given i-th
source, and I; j(IM > im) is an indicator function equal to one if for the i* record any
IM exceeds the IM threshold, im, and zero otherwise. Essentially, the frequency of /M

exceeding some threshold is simply a count of how many records are greater than or

equal to that threshold, divided by the number of records (e.g., Musson, 2000).

2.1.1 Ground motion modelling

GMMs, also known as ground-motion prediction equations or attenuation
relationships, were first introduced by Esteva and Rosenblueth (1964). They estimate

the chosen /M using site, source, and path parameters as predictor variables. They
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model both the median ground motion at a site and its variability (e.g., Abrahamson &
Silva, 2008). All GMMs estimate /M using earthquake magnitude and source-to-site
distance (but many include other parameters too), with the simplest models following
the functional form represented by Equation 2-5, which is also visually displayed by

Figure 2-2:

In(IM) =Cy+ ;M + C,In(R) + 0 (2-5)
where, M is earthquake magnitude, R is the source-to-site distance, C are coefficients
fit through regression analysis, and o is the model error term. Other parameters are
often included in GMMs. For instance, the well-known Chiou and Youngs (2014)
GMM included 15 predictor variables, accounting for earthquake magnitude, several
source-to-site distance metrics, and measures of faulting style and site conditions, e.g.,
the average shear wave velocity of the first 30m of soil (VS30). This helps demonstrate
how GMMs are becoming more complex as more data become available and

modelling techniques enable more detailed analyses.

The example GMMs plotted in Figure 2-2 helps to illustrate one of the biggest flaws
of this modelling technique. There is a general lack of ground motion data available in
the area of greatest interest to risk modellers (i.e., high-magnitude, short-distance
events). This is partly down to the long time required to collect sufficient data for a
comprehensive range of earthquake magnitudes and distances, especially in areas of
low seismic activity (e.g., Douglas & Edwards, 2016). To avoid this issue, GMMs are
often developed using data from similar geological regions worldwide, which is called
the ergodic assumption (e.g., Abrahamson & Silva, 2008; Lavrentiadis et al., 2023).

For example, the NGA West 2 GMMs (Ancheta et al., 2014) use data from California,
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Turkey, and Taiwan, among other countries. The ergodic assumption currently helps
improve ground motion prediction practices in areas with insufficient local data and,
in turn, risk assessment. However, there is a growing trend towards site-specific
ground motion prediction, with advanced modelling techniques and better data making

this more possible (e.g., Bradley, 2025; Lavrentiadis et al., 2023).
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Figure 2-2: Taken from Boore and Atkinson (2008). The top two panels show the
observed magnitude-distance-intensity (in the form of peak ground acceleration, and
spectral acceleration with a period of 1.0s) relationships for records used to construct
the Boore et al. (1997) (BFJ97) and Boore and Atkinson (2008) (BA08) ground motion
models. The bottom two panels show the median estimates from both the BFJ97 and
BAO08 ground motion models for a variety of magnitudes and distances.

Despite there being limited data available for the creation of GMMs, a large number
of GMMs are available in the literature, and this is growing at a considerable rate each
year (Douglas, 2024). Newer GMMs often focus on capturing model uncertainty and

on delineating between epistemic uncertainties and aleatory variabilities, reducing
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epistemic uncertainties as far as possible (e.g., Aldama-Bustos et al., 2023; Liou &
Abrahamson, 2024). Nonparametric techniques have also become more popular (e.g.,
Douglas & Edwards, 2016). Both machine learning (Section 2.4) and ground motion
simulation (Section 2.3.1) approaches have been used to increase predictive power and
reduce uncertainties, within ground motion prediction and ultimately hazard
assessment (e.g., Boore, 2003; Khosravikia et al., 2018). The growing number of
GMMs using these more advanced techniques warrants a comparison of the methods

available to predict ground motion, which is presented in Chapter 3.

2.1.2 Intensity measures

IMs are the response variable of a GMM, representing the ground shaking intensity at
the site of interest, and are used to evaluate the site hazard, as well as to define the
structural response by means of a probabilistic seismic demand model (PSDM, see
Section 2.2.1). In general, IMs represent one or more of three ground motion

characteristics: amplitude, frequency, and duration (Baker et al., 2021).

Historically, the most common /Ms used were peak ground motion amplitudes (e.g.,
the largest absolute acceleration); now, spectral ordinates are more common (e.g., the
5% damped spectral acceleration at the structure's fundamental period). Alternatively,
it has been suggested that a vector of /Ms would better describe ground motions (e.g.,

Baker & Cornell, 2005; Gehl et al., 2013).

Conditional seismic risk assessments are highly reliant on the selection of the /M,
making their selection important, as each has distinct trade-offs and uses in different
contexts. As such, a range of /Ms has been proposed in the literature, with some of the

most popular candidate /Ms identified and described in Table 2-1.
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Table 2-1: A collection of commonly used and investigated seismic intensity measures found in the literature

Amplitude (A),
Intensity Measure Frequency (F), Definition Units
Duration (D)?
Acceleration amplitude corresponding to 95% of )
A9S AD cumulative Arias Intensity (e.g., Sarma & Yang, 1987). m/s
Time between first and last exceedance of a specified
Absolute/Relative Bracketed Duration D threshold acceleration (usually 50 cms™?) (e.g., Bommer s
et al., 2009).
Absolute/Relative Significant D Time interval between two percentages (often 5%-95%) <
Duration of Arias Intensity (e.g., Bommer et al., 2009).
Total time period within a ground motion where the
Absolute/Relative Uniform Duration D amplitude has surpassed a given threshold (usually 50 ]
cms?) (e.g., Bommer et al., 2009).
Acceleration/Velocity Spectral AT Integral of acceleration/velocity response spectrum over — m/s?'s,
Intensity ’ a defined period range (e.g., Sarma & Yang, 1987). m/s-s, m-s
. . Integral of squared acceleration over time, representing
Arias Intensity (IA) AD total energy per unit mass (e.g., Arias, 1969). m/s
. Measure of frequency content spread (e.g., based on
Bandwidth F spectral moments) (e.g., Kramer, 1996). )
Frequency at which spectral energy is centred (ratio of
Central Frequency (fc) F second to zero spectral moment) (e.g., Kramer, 1996). Hz
.. . Function of Arias Intensity and duration used to estimate
Characteristic Intensity (IC) A structural damage potential (e.g., Park et al., 1985). m/s
Cumulative Absolute Velocity (CAV) AD Integral of absolute velocities (e.g., Reed et al., 1988). m/s
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Cyclic Damage Parameters

Housner Intensity (IH)

Number of Cycles

PGA, PGV, PGD

Predominant Period (Tp)

Root Mean Square
Acceleration/Velocity/Displacement

Sa, Sv, Sd

Sa_avg

Slope (of Husid plot)

Total Duration

vmax/amax

AD

AF

AF

AF

AD

AF

Quantify cumulative inelastic energy demand based on
cyclic loading (e.g., Park—Ang index) (e.g., Gehl et al.,
2013).

Integral of the the pseudo-velocity spectrum usually
between a period range of 0.1-2.5s (e.g., Housner,
1952).

Effective number of significant loading cycles
contributing to damage (e.g., Hancock & Bommer,
2005).

Peak ground acceleration/velocity/displacement of a
ground motion (e.g., Baker et al., 2021).

Period corresponding to maximum Fourier amplitude of
the motion (e.g., Kramer, 1996).

Root-mean-square acceleration/velocity/displacement
(e.g., Kramer, 1996).

Spectral acceleration/velocity/displacement for a given
period and damping ratio (e.g., Baker et al., 2021).

Average spectral acceleration over a specified period
range (e.g., Vamvatsikos & Cornell, 2005).

Average slope of the Husid plot (Arias Intensity vs.
time) over significant duration, indicating energy rate
(e.g., Gehl et al., 2013).

Total duration of the recorded motion (e.g., Bommer et
al., 2009).

Ratio of peak velocity to peak acceleration (e.g., Kramer,
1996).

m/s?, m/s, m

m/s?, m/s, m

m/s?, m/s, m
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2.1.3 Intensity measure selection

Due to the large number of /Ms in existence, the topic of selecting an optimal /M for
risk assessment has become a well-covered and wide-ranging debate - see e.g.,
Katsanos et al. (2010) for a review of /M development and selection in the context of
ground motion record selection. It has proved challenging to find a comprehensive IM
that is optimal for all types of earthquake risk assessment. This, in turn, has led to
many research efforts devoted to evaluating /M selection across a range of contexts.
For instance, Mackie and Stojadinovic (2003) evaluated /M selection for probabilistic
seismic demand models of highway bridges in California. Bray and Travasarou (2007)
investigated the impacts of /M selection for estimating seismic slope displacements.
Kohrangi et al. (2016) compared the impact of selecting eight different structure-

specific IMs on repair cost estimates of three different 3D building models.

In general, an optimal /M is selected from one, or a combination of, four key metrics:
efficiency, sufficiency, practicality, and hazard computability. These are represented

by Figure 2-3.

The first, efficiency, describes the variability in the system demand, which is
characterised by an engineering demand parameter (EDP) conditional on the /M (Luco
& Cornell, 2007). The efficiency of an /M can be calculated as the standard deviation
of residuals from a linear regression fit between /M and EDP, with a smaller value

indicating a more efficient /M.

The sufficiency of an IM is a measure of its statistical independence from earthquake
characteristics, e.g., magnitude and distance (Luco & Cornell, 2007). Sufficiency can

be calculated by fitting linear regression models to the residuals from the regression of
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IM on EDP, with either magnitude or distance as predictor; the p-value of the
regression line slope would serve as the sufficiency measure, with a large p-value
indicating that the slope is zero and as such the two variables are independent of each
other. Although any IM with a sufficiency value above the confidence threshold
(usually 0.05) can be defined as sufficient, it could be considered that the higher the p-

value, the lower the evidence of an insufficient IM.
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Figure 2-3: Commonly used intensity measure performance metrics efficiency,
sufficiency, and practicality. Hazard computability cannot be graphically displayed.
Note that sufficiency is represented by the p-value of the slope, determining if a
statistically significant relationship is present between magnitude or distance and the
model residuals.

The concept of hazard computability was introduced by Giovenale et al. (2004) and is
defined as the ease with which a hazard curve can be computed for a given /M.
Essentially, this is determined by whether a hazard curve exists for, or could exist for,
the IM under investigation. For example, a simple way to evaluate hazard

computability is to consult the Douglas (2024) GMM compendium to determine

whether a model exists for the specified /M (for the region of interest).
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Finally, Padgett et al. (2008), among others, introduced practicality, which is the
correlation between the /M and EDP within the regression model. This metric is
defined by the slope of the linear regression model; a higher slope indicates a stronger

correlation and therefore greater practicality.

Other metrics have been proposed in the literature, but none as widely used as these
four, in particular, efficiency and sufficiency. Padgett et al. (2008) also introduced the
term proficiency (efficiency divided by practicality), and Tothong and Luco (2007)
introduced scaling robustness (lack of bias in response estimation from scaled
records). Du et al. (2020) used a joint-entropy-based approach to determine the optimal
IM for site-specific seismic risk assessment. Qian and Dong (2022) used multi-criteria
decision-making principles to identify the optimal /M. Finally, Khosravikia and
Clayton (2020) offered updated definitions of efficiency, practicality, and proficiency,
suggesting that current /M selection metric formulations do not always guarantee the

selection of the optimal /M.

Given the crucial role the /M plays in seismic risk assessment, it is understandable that
a wide range of /Ms have been proposed in the literature and that many methods exist
to choose the optimal /M. However, there has been little-to-no research developing an
IM selection methodology based on the unconditional approach to risk estimation
(Section 2.3), and research has not been performed to validate existing /M selection

metrics by comparing them against benchmark, unconditional, risk estimates.
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2.2 Demand assessment

The next stage in the PBEE framework is to estimate the frequency of exceedance of
demand that the structure undergoes - this term is also often called the system response.
The demand assessment does this by combining a model of the system demand
conditional on the seismic intensity, known as a PSDM (Section 2.2.1), with the site
hazard curve (as per the total probability theorem). This is explained by Equation 2-6

(e.g., Bradley, 2013):

A(EDP > edp)

@ dA(IM > Lml) (2-6)
= f P(EDP > edp|IM =im;)
0

where, A(EDP > edp) is the frequency of EDP exceeding some threshold, edp,
P(EDP > edp | IM = im;) is the complementary cumulative distribution function

(CCDF) of the structural demand conditional on the /M of choice (found via the

is the absolute derivative of the hazard curve at

PSDM), and finally |M|

threshold, im;, with the absolute value taken to ensure a positive frequency is returned.

As with hazard assessment, the output of this stage can be plotted as a demand curve,
which summarises the MAF of exceedance of different EDP levels (e.g., Bradley,
2013). The output of the demand assessment could subsequently be used in a damage
and loss assessment; however, these stages of the overarching framework are beyond

the scope of this review.

The CCDF of the structural demand conditional on the /M is often derived analytically
from the output of a PSDM, assuming a lognormal distribution (e.g., Baker, 2015;

Shome, 1999), as per Equation 2-7:
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P(EDP > edp | IM = im;) = &( (ﬁg )) 2-7)

where @ is the cumulative distribution function (CDF) of the standard normal
distribution, and @ and £ are the lognormal mean and standard deviation of the CCDF,
estimated through statistical fitting. A variety of fitting approaches for these
parameters exists in the literature. The method of moments approach finds 8 and § by
matching them to the associated mean and standard deviation, as determined from data
produced by structural analyses (e.g., Baker, 2015). Alternatively, users could use a
maximum likelihood approach, which finds the 6 and £ values that maximise the
likelihood of having generated the data (e.g., Shinozuka, 1983). Finally, the least
squares approach estimates 6 and f values to minimise the sum of squared errors

relative to the data generated by structural analyses (e.g., Shome, 1999).

To accurately fit this CCDF, many IM-EDP sample pairs are required, whether derived
through observation or estimation. This can be impractical and inefficient to achieve,
given the large time and computational power required to perform thousands of
structural analyses on even a relatively simple structural model (e.g., Kim & Kim,
2025). Instead, models that surrogate the structural response have been developed,
enabling efficient simulation of EDP across the entire /M domain. The formulation of

these PSDMs are discussed further in Section 2.2.1.

As with hazard assessment, a direct demand assessment approach is also available,
based on a Monte Carlo procedure. This forgoes the use of intermediate modelling
steps and can use the output of structural analyses to estimate structural demand
directly (e.g., Bradley, 2013; Scozzese et al., 2020). This is discussed further in Section

2.3.
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2.2.1 Probabilistic seismic demand modelling

PSDMs bridge the gap between hazard assessment and demand assessment by deriving
a relationship between /M and EDP. There are three main approaches to developing
PSDMs, as illustrated by Figure 2-4. One of these methods is Incremental Dynamic
Analysis (IDA) (Vamvatsikos & Cornell, 2002). IDA involves performing structural
analyses under a set of ground motions, each scaled to a different /M level, until
collapse is achieved. These results can then be plotted to illustrate the structure’s
demand to shaking across its whole response profile, as shown by Figure 2-4a. As the
entire response profile can be explored, demand can be estimated by simply
summarising the analysis results through a method of moments approach.
Alternatively, demand estimates can be derived from an IDA by locating the fractiles
of the IDA curves, thus providing insight into the distribution of structural demand

(e.g., Baker, 2015).

Another method, Multiple Stripe Analysis (MSA) (e.g., Mackie & Stojadinovic, 2005;
Scozzese et al., 2020), follows a similar methodology, except that a set of ground
motions is used at discrete /M levels (e.g., Jalayer & Cornell, 2009). It is not required
to perform MSA up to collapse; moreover, because different ground motions are used
at each IM level, the response shape may differ from that for IDA. Maximum
likelihood estimation or least squares regression is often used to fit demand CCDFs
from the estimated output of MSA (e.g., Baker, 2015). Both IDA and MSA often
require scaling of input parameters and are heavily reliant on the efficiency and
sufficiency of the IM used and the selected ground motions. This increases uncertainty
in the risk assessment process, making it important to ensure that demand output is as

accurate as possible to obtain the most accurate loss estimates.
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Figure 2-4: Example applications of three major probabilistic seismic demand
modelling approaches (a) Incremental Dynamic Analysis (b) Multiple Stripe Analysis
(c) Cloud analysis.

Finally, Cloud analysis fits a regression-type model directly between EDP and
unscaled /Ms, using all available ground motions regardless of their /M, thus creating
a “cloud of points” as seen in Figure 2-4c (e.g., Shome, 1999). Typically, Cloud
analysis assumes a linear relationship between /M and EDP (e.g., Baker & Cornell,
2006), where the median prediction from this model represents 0, and the standard
deviation of model residuals represents . The homoscedasticity assumption is often
introduced, i.e., f is assumed to be constant across various /M levels (e.g., Du &
Padgett, 2020). Research has shown that this assumption is not necessarily sound, with

several studies investigating the ability of heteroscedastic models to improve upon this
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(e.g., Bradley & Lee, 2010; Du & Padgett, 2020; Jayaram et al., 2012). However, little
research has compared homoscedastic and heteroscedastic models, and few studies
have attempted to validate heteroscedastic approaches. This topic is investigated

within Chapter 5 of this thesis.

Recent research has shown that a bilinear fit could improve the accuracy of Cloud
analysis PSDMs (e.g., O'Reilly & Monteiro, 2019; Tubaldi et al., 2016). The benefits
of the bilinear demand model are evident as the second branch of the model can
account for the change in demand once the structure enters the nonlinear demand
range, providing a physical meaning behind the mathematical function. Another
benefit of bilinear models is that they allow two values of the model dispersion
parameter, [3, thereby slightly relaxing the homoscedastic assumption. PSDMs can
also be developed to account for multiple predictors (e.g., other /Ms or structural
parameters) through multivariate regression models, such as the polynomial response
surface model and the multivariate adaptive regression spline technique (Ghosh et al.,
2013; Towashiraporn, 2004). Furthermore, there is a growing trend in the use of
machine learning models for the development of PSDMs (e.g., Soleimani &
Hajializadeh, 2022), as further discussed in Section 2.4. Given the increasing number
of techniques available for developing Cloud analysis PSDMs, a comparison of these
methods is necessary to identify the best approaches, in terms of both median demand
estimation and the capturing of uncertainty. This comparison is provided in Chapters

4 and 5 of this thesis.

2.3 Unconditional approach for seismic risk assessment

As outlined in Chapter 1, one alternative to the PBEE approach is to directly estimate

losses through a simulation-based approach, known as the unconditional approach
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(e.g., Cornell, 2005; Scozzese et al., 2020). This involves directly estimating structural

demand and, ultimately, losses from a large number of ground motion samples (Au &

Beck, 2003; Cremen et al., 2022), rather than breaking the procedure into conditional

steps. Scozzese et al. (2020) outlines the advantages and disadvantages of this

unconditional approach, when compared to conditional approaches; these are

summarised in Table 2-2.

Table 2-2: Summary of the arguments between using either the conditional or
unconditional approach, taken from Scozzese et al. (2020)

Unconditional approach

Conditional approach

e Research-oriented

e No conditioning on IM

e Large number of simulations
(structural analyses) required

e Robust and tool for seismic risk
estimation

e Requires a large number of ground
motions to describe the seismic
input i.e., from a stochastic ground

motion simulation model

Practice-oriented

Dependent on the initial selection of
IM

Reduced number of structural
analyses required if /M Is efficient
Potentially biased if /M is not
sufficient and ground motion
records are not representative of the
hazard

Can be applied using recorded
ground motions, but in this case, the

accuracy cannot be checked

Similar to the Monte Carlo hazard assessment procedure outlined in Section 2.1, this

approach first requires the collection of a large number of ground motions at the site

consistent with the SSM for the region of interest. In the numerical approach, structural
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analysis is then performed on the structure in question using each of these ground
motions to obtain a catalogue of structural demands which can be processed into EDPs.
These can then be counted to estimate the demand on the structure, using Equation

2-8:

sources N

v(edp) = z Asourcej
j=1 i

J

j
I; j(edp)

N, (2-8)

=1
This approach has been used by several researchers in the literature. For instance, Azar
and Dabaghi (2021) and Bijeli¢ et al. (2019) examined unconditional hazard and risk
assessments, respectively, using the CyberShake software (Graves et al., 2011).
Scozzese et al. (2020) used simulated ground motions to compare a conditional MSA-
based approach of estimating structural demand with a direct approach based on subset
simulation. The results showed that, when the MSA is optimised, the conditional
approach can achieve similar results to the directly simulated method but required far

less computation time.

Studies that adopt the unconditional approach mainly focus on validating conditional-
based models. For instance, Bradley et al. (2015) and Kwong et al. (2015a, 2015b) use
this conditional approach as a benchmark to compare the ability of different ground
motion selection procedures, with both studies utilising nonlinear single-degree-of-
freedom systems. Moreover, Franchin et al. (2012) compared demand estimates of a
15-storey reinforced concrete structure generated from various conditional and
unconditional methods to validate the conditional-based methods. However, it is
important to note that this study considered only a single EDP (maximum interstorey

drift) and did not consider frequencies of exceedance below 10-3/yr.
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One limitation of the unconditional simulation method is that it requires a large number
of realisations to achieve accurate demand estimates. This is due to the very small
exceedance probability of high-intensity, damaging events, which are of greatest
interest to seismic risk assessment (e.g., McGuire, 2008). To address this inefficiency,
a sampling approach could be employed to obtain accurate results with far fewer
samples, thus improving computational efficiency. As such, Au and Beck (2003)
propose a strategy known as ‘subset simulation’, a reliability-based approach that helps
compute small failure probabilities by combining a series of intermediate conditional
failure events. Further, Jayaram and Baker (2010) developed a strategy that used
importance sampling to select events of interest, followed by a K-Means Clustering
algorithm to further refine the sample size when generating ground-motion intensity

maps for lifeline risk assessment.

2.3.1 Ground motion simulations

The large number of samples required for the unconditional approach makes it unlikely
that an accurate risk assessment could be conducted with purely empirical ground
motions compatible with the site’s SSM. To resolve this, ground motion simulation
methods can be used. These techniques are often used to bolster existing ground-
motion catalogues, helping to cover the whole possible range of earthquakes that could
occur in a region, where there may be insufficient data to represent less likely events
(e.g., Beauval et al., 2009; Douglas et al., 2024). However, they can also be used to
create a comprehensive dataset of simulated ground motions for seismic risk

assessment (e.g., Stupazzini et al., 2021).

Different techniques exist to simulate ground motions. Stochastic methods, such as the

well-known Boore (2003) model, simulate ground motions as a random process, using
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statistically derived parameters to calibrate the realisations to the specific site, path,
and source effects of the region. Alternatively, more complex physics-based
simulation models have also been developed, like the finite difference method (e.g.,
Oprsal & Zahradnik, 2002) and the wavelet packet transformation method (Yamamoto
& Baker, 2013), which can both create more realistic time-histories, but are more
computationally expensive and potentially impractical for detailed risk assessments.
For a thorough comparison of the techniques available to simulate ground motions,

see Douglas and Aochi (2008).

The method presented by Boore (2003) demonstrates the fundamentals of stochastic
ground motion simulation. It is a simple single-source model that generates synthetic
ground motions from a small number of inputs. This technique first computes a Fourier
spectrum of ground motion using a combination of simple functional forms (i.e.,
source, path, and site factors), then converts it to the time domain to produce a realistic

time series.

As stochastic models are fit to empirical ground motions, they can be calibrated to
specific regions in the world. For instance, the Atkinson-Silva stochastic model
(Atkinson & Silva, 2000) is derived for earthquakes in California. Whilst the SIGMA
model (Fiorentino et al., 2025; Sabetta & Pugliese, 1996; Sabetta et al., 2021) is
calibrated to a dataset of recent Italian earthquakes (Lanzano et al., 2019). This means
care is required when selecting a stochastic model to ensure the correct ground motions

are simulated for the specific risk assessment context.

Although using an entirely simulated dataset of ground motions may not fully capture

the complexity of real ground motions, these datasets can help enhance empirical
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ground motion datasets by filling gaps where real-world data may be lacking, thus
avoiding record scaling, which is not always desirable. This is done by Meirova et al.
(2018), Kowsari et al. (2021), and Zolfaghari (2015), who used ground-motion

simulations to improve PSHA in Israel, Iceland, and Iran, respectively.

Beauval et al. (2009) compared different hazard analysis techniques, using an
empirical Green’s function to simulate data for larger events on the island of
Guadeloupe (France) from smaller earthquakes. A hybrid PSHA model is built for the
island, with hazard curves shown alongside results from the GMM of Ambraseys et
al. (2005). Moreover, Stupazzini et al. (2021) used ground-motion simulations to
assess hazard. The study also examined the impact of simulations on the conditional
risk assessment for a portfolio of buildings in Istanbul. Medel-Vera and Ji (2016) also
proposed an approach to use ground-motion simulations in an unconditional risk
assessment, although this study was specifically for nuclear facilities in the UK. They
found the results comparable to current practice, justifying the method’s use for

earthquake risk assessments.

2.4 Machine learning opportunities in seismic risk

assessment

The use of machine learning in seismic risk modelling is a particularly interesting
research area, with growing applications in earthquake engineering over recent years
(e.g., Kong et al., 2018). Machine learning is a branch of artificial intelligence that
uses algorithms to learn patterns from data and to make inferences from these patterns
to predict new data. There are two broad classes of machine learning algorithms,
supervised and unsupervised. Supervised learning is the branch that relates most to

earthquake risk modelling, using labelled data (i.e., predictor variables that map onto
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corresponding response variables) to help solve regression or classification problems

(e.g., Jordan & Mitchell, 2015).

Supervised learning techniques should help improve both ground motion prediction
and demand estimation, as they are not constrained by the rigid functional forms of
traditional GMMs, which may not fully capture the complexity of the underlying
physical processes of shaking (e.g., Alidadi & Pezeshk, 2025). Of the many algorithms
available to help model GMMs and PSDMs, some of the most popular are artificial
neural networks (ANNs), random forest (RF) regression, and Gaussian process

regression (GPR).

ANNSs are a supervised learning technique inspired by the structure of the human brain,
consisting of layers of interconnected nodes that collectively process data. The classic
structure of an ANN consists of an input and output layer that map the predictor
variables to the response variables, respectively (e.g., Derras et al., 2014). These are
connected by a hidden layer that adjusts the input variables based on weightings and
transformations optimised by both the machine and the user. Weightings are usually
optimised by a backpropagation algorithm, which looks to minimise the error between

the input and output (e.g., Pradhan & Lee, 2009).

RF regression is a machine learning method that builds an ensemble of decision trees
to produce more accurate and stable predictions than a single tree on its own. Each tree
in the forest is trained on a random subset of the data and decision tree hyperparameters
before being averaged to produce a final output (e.g., Xie et al., 2020). By averaging
the predictions of many diverse trees, the model reduces the risk of ‘overfitting’ and

improves the models’ ability to estimate unseen data (e.g., Izquierdo-Horna et al.,
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2022). The simplicity of the RF approach makes this type of model easy to optimise

as few hyperparameters are needed to be input by the user.

Finally, GPR is a technique that fits a range of possible functions to the data and finds
a distribution over all these functions that fit the data. GPRs are characterised by a
mean function and a covariance function (or kernel) (e.g., Minas et al., 2018). The
kernel captures the similarity between data points, allowing the model to infer smooth
patterns and correlations in the input space (e.g., Gentile & Galasso, 2022). This allows
GPR models to incorporate both the mean prediction as well as associated variability

into a single model (e.g., Gentile & Galasso, 2022).

Each of these models are unconstrained by a proscribed functional form, they can
handle multiple inputs and outputs, and they often require minimal user input to be
optimised (e.g., Xie et al., 2020). This gives these tools great flexibility and allows
them to detect and estimate complicated patterns and uncertainties within data and
make predictions based on these (e.g., Alidadi & Pezeshk, 2025). This potentially
makes machine learning techniques ideal candidates for ground motion and structural
demand modelling, contexts in which processes are driven by complex nonlinear
physical processes that traditional, fixed-form regression practices are not necessarily

well-adapted.

Supervised learning is already being used within earthquake risk research. Khosravikia
and Clayton (2021) compared the performance of three machine learning approaches
for ground-motion modelling with that of a traditional linear regression model. The
three considered models, an ANN, an RF regression, and a support vector machine

(SVM), all performed better than the traditional approach, with the RF model
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providing the most accurate estimates. These techniques have also been evaluated for
demand modelling, demonstrating great promise (e.g., Li et al., 2022; Mangalathu et

al., 2019).

ANN models have received particular attention from ground-motion modellers. One
distinct benefit of an ANN is that it can be reconfigured to provide a functional form
and thus is not entirely a black-box model, unlike other machine learning techniques
(e.g., Khosravikia et al., 2018). Khosravikia et al. (2018) created an ANN to estimate
ground motions in the southwestern United States, primarily due to induced seismicity.
Derras et al. (2012) discussed the use of ANNs to estimate /Ms and developed one
based on the KiK-net strong-motion database. This approach was then extended to
create ANN-based GMMs for a range of candidate /Ms (Derras et al., 2014; Derras et
al., 2016). See recent review articles by Xie et al. (2020), Alidadi and Pezeshk (2025)
and Xie (2025) for a thorough review of the use of machine learning in both ground

motion prediction and estimation of structural demand.

It is important to note that machine learning models are not perfect predictive tools.
They are heavily reliant on the data used to train them, and this can lead to biases and
inaccuracies within GMMs (e.g., Kubo et al., 2020). Moreover, they are prone to
overfitting, which can make them poor at extrapolation and at predicting events within
the range of the training data that have not occurred before (e.g., Monterrubio-Velasco
et al., 2024). The black-box nature of many machine learning models creates a lack of
transparency in the modelling techniques and can make results harder to interpret or
to give physical meaning to the underlying processes (e.g., Khosravikia et al., 2018).
Nevertheless, the significant potential of machine learning techniques to enhance the

accuracy of risk estimates necessitates evaluating them not only against one another
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but also against current risk assessment practice, thereby identifying the most accurate
techniques. As such, machine learning techniques are evaluated in Chapters 3-5 of this
thesis for both ground motion modelling (Chapter 3) and demand modelling (Chapters

4 and 5).
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3 The assessment of probabilistic seismic risk using
ground-motion simulations via a Monte Carlo

approach

This Chapter has been adapted from:

Rudman, A., Douglas, J. & Tubaldi, E. The assessment of probabilistic seismic risk
using ground-motion simulations via a Monte Carlo approach. Nat Hazards 120,
6833-6852 (2024). https://doi.org/10.1007/s11069-024-06497-1

Accurately characterizing ground motions is crucial for estimating probabilistic
seismic hazard and risk. The growing number of ground-motion models, and increased
use of simulations in hazard and risk assessments, warrants a comparison between the
different techniques available to predict ground motions. This chapter aims at
investigating how the use of different ground-motion models can affect seismic hazard
and risk estimates. For this purpose, a case study is considered with a circular seismic
source zone and two line sources. A stochastic ground-motion model is used within a
Monte Carlo analysis to create a benchmark hazard output. This approach allows the
generation of many records, helping to capture details of the ground-motion median
and variability, which a ground motion prediction equation may fail to properly model.
A variety of ground-motion models are fitted to the simulated ground motion data, with
fixed and magnitude-dependant standard deviations (sigmas) considered. These
include classic ground motion prediction equations (with basic and more complex
functional forms), and a model using an artificial neural network. Hazard is estimated
from these models and then we extend the approach to a risk assessment for an
inelastic single-degree-of-freedom-system. Only the artificial neural network
produces accurate hazard results below an annual frequency of exceedance of 1x10-3
vears-1. This has a direct impact on risk estimates - with ground motions from large,
close-to-site events having more influence on results than expected. Finally, an
alternative to ground-motion modelling is explored through an observational-based
hazard assessment which uses recorded strong-motions to directly quantify hazard.
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3.1 Introduction

Seismic risk expresses the expected probable losses due to shaking, measured through
different metrics e.g.: economic, social, and environmental (e.g., Musson, 2000). The
basis of estimating seismic risk is through a hazard analysis, which establishes the
likelihood of earthquake ground motion of a given intensity occurring in the area under
investigation. Probabilistic predictions of earthquake hazard and risk can be obtained

via two distinct approaches: unconditional and conditional (e.g., Scozzese et al., 2020).

Unconditional methods use direct observations to estimate hazard and risk, an example
of this being Monte Carlo hazard assessment (e.g., Musson, 2000) or subset simulation
(e.g., Au & Beck, 2003). The unconditional method is noted for its adaptability,
flexibility, and conceptual simplicity, and has been used frequently in research to good
effect, such as EqHaz (Assatourians & Atkinson, 2013) a program to assess seismic
hazard. Unconditional methods are considered more robust approaches to estimate
risk; however, they are computationally expensive, meaning they are rarely used in

practice.

Conditional methods are a more practice-orientated approach to estimate risk. Such
methods include the PEER Center’s PBEE approach (Moehle & Deierlein, 2004).
Cornell (2005), among others, discusses both the benefits and drawbacks of this type
of approach, which is illustrated by Figure 3-1. These techniques require the definition
of an intensity measure (/M) which describes the ground-motion intensity at the site of
interest. Seismic hazard can then be evaluated by characterising the seismic source
zones of the site and combining this with a GMM, to fully describe the frequency of
exceeding this /M during a time period of interest. The next step is to perform structural

analyses for a given system to calculate the conditional probability of exceeding a
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given engineering demand parameter (EDP) at certain /M values; this can be done
through various approaches, with the most common being IDA (Vamvatsikos &
Cornell, 2002) and MSA (e.g., Mackie & Stojadinovic, 2005; Scozzese et al., 2020).
Finally, risk is estimated by convolving the results from both these steps. It is worth
noting here that this chapter uses two different terms to describe methods of predicting
ground motion. Ground motion prediction equations (GMPEs) refer to traditional
methods of predicting ground motions, i.e., those relying on regression analysis and a
prescribed functional form, whereas GMM is used to refer to all models that predict

ground motion.

Unconditional Method

|
Seismic Sggf:é'c Ground Structural
Inputs Source — . —> Motion — Model
Motion -
Model si . Samples Definition
imulation
M Conditional
Demand
Stages Assessment
P(IM) Assessment
P(EDP|IM)
............................................... J
Hazard Curve .| Risk Curve
Outputs A(IM) | MEDP)

Figure 3-1: Workflow of the conditional approach to risk assessment, the
unconditional approach is also presented (blue line). P(IM) represents the
complementary cumulative distribution function (CCDF) of the intensity measure (IM)
within the region of interest, whilst P(EDP|IM) is the CCDF of the engineering
demand parameter (EDP) conditional on the IM.

One disadvantage of the unconditional approach is that it needs a large number of
ground motions to be accurate; therefore, a rapid method of simulating ground motions

is required. Stochastic ground motion simulations model the randomness of the
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earthquake rupture process and seismic wave propagation, which cause ground
motions, thereby creating samples from just a few seismological inputs. This research
uses the same terminology as Boore (2003), i.e. the general means of simulating
ground motions is referred to as the stochastic method, whilst the specific application
of this method is called a stochastic model. Stochastic methods can create a large
number of records rapidly, helping to remove potential gaps and biases in empirical
data. This makes them attractive for conditional risk assessments where stochastic
models can be used to bolster empirical datasets and improve PSHA, as is done by
Meirova et al. (2018) building upon the SVE approach described in Shapira and van
Eck (1993) to produce an updated PSHA for Israel. Kowsari et al. (2021) and
Zolfaghari (2015) also used ground motion simulations to help improve PSHA in

Iceland and Iran, respectively.

This study makes use of a stochastic model to directly estimate hazard and risk from
simulated ground motions through the unconditional approach. Few studies explicitly
compare conditional and unconditional methods. Both Jalayer and Beck (2008) and
Franchin et al. (2012) explored the effects of using conditional and unconditional
approaches on seismic risk estimates for a reinforced-concrete frame structure. Whilst
Azar and Dabaghi (2021) and Bijeli¢ et al. (2019) examined unconditional hazard and
risk assessments, respectively, using the CyberShake software (Graves et al., 2011).
Unconditional techniques also provide a good reference solution to evaluate different
methods of carrying out a conditional risk assessment. Bradley et al. (2015) uses this
direct method of estimating hazard and risk to compare different ground motion

selection strategies when evaluating the peak displacement response of a nonlinear
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SDOF system. Scozzese et al. (2020) uses the outputs of Monte Carlo analyses as a

reference solution to investigate the accuracy of a conditional method based on MSA.

Moreover, Beauval et al. (2009) used earthquake simulations in the unconditional
method to derive a hybrid deterministic-probabilistic hazard assessment, for the island
of Guadeloupe (France). Comparisons were made between the built model and the
Ambraseys et al. (2005) GMPE, but this is purely for illustrative purposes - as Douglas
et al. (2006) showed that GMPE not to be well adapted for predicting earthquakes in
the region. The study by Beauval et al. (2009) built on the work by Convertito et al.
(2006) and Hutchings et al. (2007) to develop unconditional hazard assessments based

on simulations of ground motion.

Stupazzini et al. (2021) also used ground motion simulations to perform hazard
assessment using different GMMs and compare these results. The study also looked at
their impact on conditional risk assessment procedure, estimating the risk to a portfolio
of buildings for a case-study in Istanbul. Medel-Vera and Ji (2016) also proposed an
approach to use ground-motion simulations in an unconditional risk assessment,
although this study was specifically for nuclear facilities in the UK. They found results
to be comparable to current practice, justifying the method’s use for earthquake risk

assessments.

When estimating hazard, and subsequently conditional risk, conditional methods are
far more prevalent in the literature - as seen by the ever-growing number, and variety,
of GMMs Douglas (2022). It is difficult to make an effective comparison between
different conditional methods for risk assessment, especially with respect to the

precision of the GMM. This is because there are a lack of high-quality ground-motion
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data in many regions of the world (e.g., Xie et al., 2020) and so it is hard to establish

an effective benchmark for models to be compared against.

Moreover, the data are being constantly updated, meaning that hazard models of the
same region can provide different estimates. Gkimprixis et al. (2021) showed that
using two different hazard models (built in different years) at the same site in Italy,
yielded significantly different hazard results, which directly impacted on the estimated
risk. Again, this shows a difficulty in comparing hazard models, as the benchmark that

does exist is constantly changing, alongside its associated uncertainties.

The need for any comparison between hazard assessments could be made redundant if
enough high-quality ground motion data was present in a region of interest, as the need
for GMMs could then be removed completely. Sufficient data collected from
observations of shaking used in a Monte Carlo hazard assessment could fully capture
all forms of variability and uncertainty without the need for modelling, making the
most accurate hazard assessment possible. The collation of large strong-motion
databases, such as the NGA-West2 database (Ancheta et al., 2014), presents a dataset

for this idea to be tested.

This paper aims to compare the impact of using different GMMs on estimates of the
seismic hazard, and subsequently risk. For this purpose, a stochastic model is
employed within a fictive scenario to simulate ground motions (Section 3.2), allowing
the creation of benchmark hazard and risk estimates through the unconditional
approach. The following sections describe the creation of three GMMs (Section 3.3),
before investigating hazard assessment results from these GMMs against the created

benchmark (Section 3.4). These results are extended to a risk assessment of a simple
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structural model for both conditional and unconditional approaches (Section 3.5). For
the conditional approaches an empirical fragility curve is created from the stochastic
model (Section 3.5), allowing a convolution with the hazard estimates from each of
the GMMs (Section 3.5). This procedure allows for direct comparison between the
unconditional and conditional approaches, allowing judgements to be made on the
impact that each of the conditional approaches has on risk. Finally, an observation-
based hazard assessment approach is demonstrated (Section 3.6), which directly
estimates hazard using a strong-motion database, to investigate how well recorded data

can match the benchmark hazard.

3.2 Seismic Scenario and Stochastic Model

For this study, a fictive scenario is established with a circular source zone of radius
100km, and two faults of length 75km and 25km. Ground motions are computed at
eleven stations along a line through the centre of the areal source, with hazard and risk
calculated for a site at the centre-point of the region. This allows for different distances
from the faults to be sampled — and so properly account for ground motion attenuation
from the faults. The location and details of each of these seismic sources are shown in
Figure 2. All earthquakes in the scenario follow the Gutenberg-Richter relationship
with minimum magnitude 5 and »=1.0; the maximum magnitude and the a value for

each source are provided in Figure 3-2.

The Atkinson and Silva (2000) stochastic model is implemented within this study. The
model is altered by the generalised double-corner-frequency source spectral approach
of Boore et al. (2014) to allow the stress drop of each source (detailed in Figure 3-2)
to be changed, therefore changing the strength of each source, and allowing the ground

motions from each source to be accounted for when developing hazard assessments.
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Figure 3-2: The seismic source model used for this study

The stochastic model is used to obtain ground motions for this scenario, with the /M
assumed as the spectral acceleration (S. (7, {)) corresponding to a damping ratio
{=5% and a period 7=0.2s. One hundred catalogues are generated for a time period of
25,000 years to form the hazard and risk assessments. The number of events occurring
from each source is a function of their yearly activity. Multiplying this by the number
of years to produce a total of 10,605 events within the time frame from all sources.
Each event is recorded by all 11 stations, yielding a total of 116,655 records per
catalogue. All stations are used to derive GMMs; however, hazard and risk is only
evaluated at the site of interest, defined in Figure 2. A large number of simulations are
used within this research to capture the precision of both the unconditional and
conditional approaches, with mean hazard and risk estimates presented alongside their

accompanying uncertainties.
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Both magnitude and distance samples are generated based on their respective
probability distributions to create ground-motion samples using the stochastic model.
The distributions of the simulated magnitude, distance, and Sa were evaluated to

ensure that they conform to expectations.

The assumption is made that the stochastic model used produces accurate and realistic
ground motion intensities for the earthquakes modelled in this study. This is justified
by various studies that validate the stochastic method (e.g., Silva et al., 1996; Tsioulou
et al., 2019). This assumes the unconditional hazard and risk estimates from the
stochastic model are the truth and so act as a benchmark for the created GMMs to be

compared against.

3.3 Ground-Motion Models

Separate to the unconditional analysis, the simulated ground motions are used to create
three GMMs. These include a basic and more complex GMPE created through least
squares regression analysis, with the functional forms shown in Equation 3-1 and

Equation 3-2 respectively:

In(Sa) = Cy + C;M + C,In(R + 5) + C3Fault_ A+ C,Fault_B (3-1)
where, C, = —2.6642,C; = 1.110, C, = —1.6812, C; = —0.4639, and C, =

0.2926.

In(Sa) = Cy + C;M + C,In(R + 5) + C3M?% + C4,R + CsFault_A
(3-2)
+ CcFault_B
where, C, = —8.0230, C, = 2.4141, C, = —1.1646, C; = —0.1134, C, = —0.0073,

Cs = —0.4154, and C, = 0.3748.
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In these equations, M represents magnitude, R distance (km) and Sa is 5% damped
spectral acceleration (g). The terms Fault_A and Fault_B equal 1 to predict ground

motions from Fault A or Fault B and 0 otherwise.

A feedforward ANN is also considered, consisting of a single hidden layer of five
nodes. The input of the ANN is the same as the GMPEs (i.e., M, R, Fault_A and
Fault_B) and the output remains as In(Sa). The ANN uses the Levenberg—Marquardt
optimisation technique (e.g., Dhanya & Raghukanth, 2018) and five nodes are used to

prevent over-fitting (e.g., Derras et al., 2014).

Machine learning tools have become more common in the field of engineering
seismology in recent years (e.g., Kong et al., 2018). There is clear potential for their
use in ground-motion prediction, helping to model complex nonlinear behaviours of
ground motion that the fixed functional form of a GMPE may fail to capture (e.g.,
Alavi & Gandomi, 2011), providing there are enough data. An ANN was selected for
this study as its use has been well investigated for the purpose of ground-motion
prediction; further research could investigate the use of other machine learning tools,

as discussed by Khosravikia and Clayton (2021).

Each of these GMMs are used in PSHA to predict ground motion intensity samples
based on the simulated magnitude-distance combinations from the stochastic
earthquake catalogue. The conditional hazard analyses rely on the standard deviation
(sigma) of each GMM to introduce variability in results when estimating Sa, whilst
the unconditional approach already models the variability in ground motions by using
every simulated record in the hazard analysis. On top of this, a model-error parameter

(€moa) 1s introduced to the stochastic model, as proposed by Jalayer and Beck (2008).
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This parameter scales the radiation spectra calculated by the stochastic model in order
to account for modelling uncertainty. It is characterised by a normal distribution with
mean of zero and standard deviation (in natural logarithm) of 0.5. For this study, only
the total sigma is considered within the GMMs created. Future research could consider

the effects of inter-event and intra-event variabilities separately.

3.4 Results

In this section, results from the conditional hazard models are presented and compared
to each other, and against the results obtained using the unconditional approach. This
includes comparing the residuals from each GMM, the returned median spectral
acceleration values from the GMMs, a comparison of the hazard results produced by

each of the models, and an investigation into the differences in these hazard results.

3.4.1 Residual Analysis

Residual plotting of the three models indicated that magnitude-dependant sigmas
could be considered (e.g., Youngs et al., 1997). As such, plotting magnitude (binned
at 0.1 intervals) against sigma for each of these intervals showed a relationship
between these two variables. An ANN (with a single hidden layer of two neurons) was
fitted for each of the models to predict sigma based on magnitude. The ANN was
selected to achieve a good fit of these data, ensuring accurate sigma prediction. A
summary of the sigma values for each of these six considered models is presented in
Table 3-1. The basic GMPE constructed has a higher sigma value than both the
complex GMPE and ANN, implying it has a worse fit to the true ground-motion
samples than the other two models. The sigmas are slightly smaller than generally

observed for GMPEs obtained from actual ground-motion records (e.g., Douglas et al.,
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2014). This is because the stochastic model does not include all sources of variability

in earthquake ground motions.

Table 3-1: Sigma values from the ground motion models created in this study.

Model Sigma (natural logarithm)
Basic GMPE 0.5548
Basic GMPE (magnitude dependant sigma) 0.5411 —0.5557
Complex GMPE 0.5455
Complex GMPE (magnitude dependant sigma) 0.5167 — 0.5498
ANN 0.5437
ANN (magnitude dependant sigma) 0.5135-0.5479

3.4.2 Predicting spectral acceleration

Median predictions of Sa for the three conditional models are presented on Figure 3-3
for fixed distances of 25km and 75km, and fixed magnitudes of 5.75 and 6.75: with
dashed lines on Figure 3-3 representing plus and minus one standard deviation from
the median. Magnitude-dependant sigma models are not included in this plot as median
Sa predictions are not affected by this. As the differences between each of the GMMs
was consistent across all three of the seismic sources, only the median Sa predictions

from the background source are presented here.

For the fixed distance plots, predictions from the ANN appear almost identical to that
of the complex GMPE: whilst all three models appear to vary from each other at
extreme distances in the fixed magnitude plot. There are similarities in median Sa
prediction at points where there are a wealth of magnitude and distance samples,
allowing each of the models to be sufficiently trained. The differences in predictions
appear where fewer events are expected in the catalogue. This is most noticeable with

the basic GMPE, which considerably overpredicts Sa values for higher magnitudes
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and extreme distances due to the simplicity of its functional form, meaning it cannot

fully describe the possible ground motions for all possible earthquakes.
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Figure 3-3: Median spectral acceleration predictions from the area source for all
three conditional models (solid lines), at fixed distances of 25km and 75km, and fixed
magnitude of 5.75 and 6.75, dashed lines represent plus and minus one standard
deviation of the median.

3.4.3 Assessing hazard

The hazard, or MAF, is estimated for each source by finding the number of ground
motions that exceed an Sa threshold and multiplying it by the seismicity rate of the
source: this is performed on a series of Sa thresholds (finely discretised at 1.0x103g
spacing between 0g and 2.5g) and summed across all sources at these thresholds, to
produce the overall site hazard. The process is repeated for 100 sets of records to obtain
the MAF. This procedure is performed on the simulated ground motions in the case of

the unconditional Monte-Carlo based hazard assessment, and on the predicted ground
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motions from the GMMs in the case of the conditional methods. Figure 3-4 shows the
mean hazard curves for all created models: with dashed lines representing the 16" and

84 percentiles of the mean.

The standard deviation of MAF values is also computed, allowing the calculation of
the 16 and 84™ percentiles - assuming a lognormal distribution. All models appear to
have a similar predictive quality at more frequent hazard occurrences, matching until
an MAF of exceedance of 0.025 years™!, but are quite different for lower MAFs. The
hazard curves assuming magnitude-dependant sigma models show similar behaviour
to the fixed sigma alternatives and so results from these models are not shown in the
following plots. This similarity between magnitude-dependent and magnitude-
independent GMMs could be because the magnitude dependency of sigma is quite

small in the developed GMMs.

Since the differences between the hazard curves are large when using a wealth of
simulated data, they will likely be even more significant when using actual strong-
motion records, which are fewer in number and sparser in distribution. This indicates
that GMM selection can be important when carrying out a hazard analysis, as these
inaccuracies will be propagated through to the risk assessment, leading to poorer loss

estimates.
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Figure 3-4: Mean hazard curves for all created models, solid lines show the mean
hazard results whilst dashed lines show the 16th and 84th percentiles of the mean.
Spectral acceleration at a period of 0.2 seconds is plotted on a linear scale to better
show the differences between the results.

To check whether the differences in hazard curves were persistent, the same procedure
was carried out to predict Sa at a period of 7=1.0s. Figure 3-5 presents the MAF of
exceedance hazard curves for three GMMs derived for 7=1.0s. There is still a
difference between the results from each of the GMMs, especially with respect to the
basic GMPE; however, the models are more similar than when evaluated at 7=0.2s.
Further research could investigate whether the differences between conditional hazard
models is maintained for a range of /Ms. For this study, the differences in hazard
estimates of Sa at 7=1.0s are not further investigated as the differences for this spectral

period still indicate the importance of GMM selection for risk assessment.
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Figure 3-5: Mean hazard curves for all created models using Spectral acceleration at
a period of T=1s, solid lines show the mean hazard results whilst dashed lines show
the 16th and 84th percentiles.

A different set of mean hazard results can also be obtained by finding the mean ground
motion intensity for a fixed set of MAF of exceedances. The suitability of these two
approaches has been discussed previously and they were found to yield distinct hazard
curves (e.g., Bommer & Scherbaum, 2008). Interestingly, with the large suite of
simulated data created by this study, both approaches to calculate the mean hazard

yield very similar results, as shown in Figure 3-6.
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Figure 3-6: Comparison of mean hazard calculations via two approaches; calculating
the mean of the annual frequency of exceedance; and calculating the mean spectral
acceleration. Solid lines show the mean hazard, with dashed lines showing the 16th
and 84th percentiles.

3.4.4 Evaluating differences between hazard results

The Kolmogorov—Smirnov (KS) test (e.g., Stephens, 1974) is used to compare results
from the conditional hazard models against the benchmark hazard results. The test is
carried out by finding the maximum absolute difference between two CDFs tested.
Although different techniques exist to compare hazard results such as Cohen’s
effective size (e.g., Malhotra, 2014), the KS test was chosen for its ease of application.
As a non-parametric test, the KS test does not rely on the assumption and description
of a probability distribution. It evaluates differences between the entire range of the
two distributions, so it can ascertain differences at the extremes of the distribution,
including stronger ground motions, which are more likely to be different in the various

hazard results.
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The null hypothesis of the KS test is that the two CDFs are drawn from the same
population. A CDF can be obtained from a hazard curve by first converting the
frequency of exceedance for a range of Sa values to a probability. Given that our SSM
assumes a Poisson process, Equation 3-3 converts MAF of exceedance to annual

probability of exceedance:

P=1-¢* (3-3)
Where, P is the annual probability of exceeding a certain Sa value, and A is the MAF
of exceeding the same Sa value at the site i.e., the cumulative MAF of exceedance
from each of the three sources. One minus the annual probability of exceedance
provides the CDF value for the given Sa. CDFs for each hazard model are obtained by
performing this procedure on hazard results for Sa values at 0.01g intervals between 0

and 2.5g.

Each of the CDFs from the conditional approaches can then be tested against the CDF
of the reference solution. Failing the test implies that the created GMM did not
generate similar hazard estimates to the reference curve. This would imply that it

would not be an appropriate model to use for risk assessment.

Table 3-2 presents the returned p-value of the KS test, with only the ANN model
passing the test at the 5% significance level — agreeing with visual inspection of the
hazard curves. Thus, this is the only model that could be considered as coming from
the same distribution as the simulated data and so provides the best prediction of the

hazard.
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Table 3-2: Results from Kolmogorov-Smirnov test on the three conditional hazard
models.

Model Basic GMPE Complex GMPE ANN
P-value <0.001 0.0136 1.0000
Reject null hypothesis? v v x

The KS test is known for its sensitivity when the CDF is described at different
sampling points, which could influence the returned result from the test, and this holds
true for this scenario. For instance, carrying out the test at intervals of 10**g spacing
between 0 and 2.5g rejected the null hypothesis for all three models; whilst using
intervals of 0.1g for the same Sa bounds only rejected the null hypothesis for the basic
GMPE. Ultimately, the interval spacing of 0.01g used to perform the test was
considered acceptable for this scenario as this broader spacing is more likely to be used
when comparing conditional hazard models to real world data. Nevertheless, further
research should consider using other statistical tests to test the similarity between the

hazard results, because of the sensitivity of the KS test.

3.4.5 Hazard disaggregation

To investigate the differences in hazard predictions, hazard disaggregation (e.g.,
Bazzurro & Cornell, 1999) is performed. This breaks down the ground motions into
the factors that contribute towards hazard, i.e., in this case magnitude, distance, and
epsilon. Figure 3-7 plots disaggregation results from both the Monte Carlo and
conditional hazard analysis approaches for Sa values of 0.1g and 1.0g — mean
magnitude and distance are also provided. Results are very similar at 0.1g, as expected
by the agreement of the hazard curves (Figure 3-4) at this value of Sa. However, when
disaggregation is performed at 1.0g, results vary between each of the models, as seen

by differences in the plots.
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The disaggregation results at 1.0g show a change in the dominant earthquake scenario.
The mean magnitude-distance combination for the Monte Carlo-based approach at
0.1g is 5.86 and 33.56km, respectively, whilst at 1.0g this changes to 6.51 and 10km.
At smaller magnitudes and further distances, the GMPEs accurately predict ground
motions but at higher magnitudes and shorter distances, the GMPEs poorly predict the
less abundant, stronger ground motions. This creates greater inaccuracies within the

hazard assessment, which could lead to poor quality risk assessments, reaffirming the

importance of GMM selection.

Monte Carlo Basic GMPE Complex GMPE ANN
Sa:
0.1[g]
Mean M: 5.86 [-] Mean M: 5.84 [-] Mean M: 5.88 [-] Mean M: 5.86 [-]
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503 503 5 5
Soz2 No2 8 §
T T T T
Sa: E 0.1 :o: 0.1 E S
S0 L < 0 < 13
10001} § o3 § s 3 8
@ &
M -] M) R [km] M R [km]
Mean M: 6.51 [-] Mean M: 6.27 [-] Mean M: 6.83 [-] Mean M: 6.43 [-]
Mean R: 10 [km] Mean R: 10.22 [km] Mean R: 17.5 [km] Mean R: 8.34 [km]

Figure 3-7: Hazard disaggregation results from the Monte Carlo-based approach and

three conditional hazard assessment approaches, for spectral acceleration values of
0.1g and 1.0g.

3.4.6 Restricting the magnitude and distance ranges of seismicity

All hazard models appear to perform well for smaller Sa. This is well indicated by the
hazard curves of Figure 3-3 and the hazard disaggregation of Figure 3-7. To confirm
this agreement, hazard assessment is performed again on each of the models, but this
time the seismicity is restricted to magnitude and distance ranges of 5.5-6.5 and 10-

50km, respectively. In order to create this restricted scenario, both faults are halved in
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length and in their distance from the centre of the site, so that all distances simulated
from the stochastic model will be between 10 and 50km. The mean hazard results for

this restricted scenario are plotted on Figure 3-8.

When comparing the hazard curves created by this new, restricted, scenario, all models
match quite well, with the ANN mirroring the true values for the whole range of values
under investigation. This shows that the models are a good fit for the simulated data
for this range of interest, and that discrepancies in hazard predictions between the
models (when considering the whole range of magnitudes and distances), is likely
down to the influence of ground motions caused by higher magnitudes and smaller

distances, as suggested by the hazard disaggregation.
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Figure 3-8: Mean hazard curves produced by the Monte Carlo-based hazard approach
and three conditional hazard approaches, for restricted distance range of 10 to 50km
and magnitude range of 5.5 to 6.5, plotted by solid lines. Dashed lines show 16th and
84th percentiles of mean hazard.
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3.5 Extension to risk assessment

To demonstrate the impact of GMM selection on seismic risk assessment, each hazard
model was extended to assess the risk of an inelastic SDOF system, with system
ductility selected as the EDP. The system has elastic-perfectly plastic behaviour
designed to withstand a ductility factor of g=4 for a MAF of exceedance of 2.1x10-3
years™!; with elastic period 7=0.2s, and yield displacement p,=0.0013m. The yield
displacement was calculated for the ductility factor, based on the assumption that the
SDOF system is in the medium ductility class defined in Eurocode 8 (European
Committee for Standardization (CEN), 2004). As the structure is in the short period
range, the equal energy rule is used (Equation 3-4) as inferred by the N2 method
(Fajfar, 1999) and Eurocode 8:
Ga==14@-DE>q (-4)
My r

where q, is the modified ductility factor, u is the inelastic displacement of the SDOF,
Wy is the yield displacement, q is the ductility factor, T, is the corner period of the
SDOF (T.=0.5s according to Eurocode 8 (EN-1998-1)) and T is the period of the
SDOF. The inelastic displacement of the SDOF, u, is estimated by multiplying the
design elastic displacement with the Newmark and Hall inelastic displacement

coefficient, C, (Newmark & Hall, 1982), where C was found to equal 2.34.

Nonlinear dynamic structural analyses were carried out for all 100 sets of 10,605
ground-motion samples at the site of interest to calculate the maximum system
displacement for each record. Displacements are normalised by the system’s yield

threshold to produce the system ductility demand.
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For the unconditional Monte Carlo-based approach, seismic risk can be assessed by
finding the annual frequency of exceeding a ductility demand threshold, as illustrated
by Equation 2-8, using ductility demand () as the EDP. The mean risk estimate is the
average rate that the ductility demand value is exceeded for all 100 sets of records.
Reproducing this assessment for a series of ductility demand thresholds creates a

Monte Carlo-based risk curve.

To estimate risk for the conditional approach, a fragility curve must be created and
combined with the hazard results. An empirical fragility curve is created for each
ductility threshold by finding the conditional probability that the system ductility
exceeds the threshold level, given the intensity measure of shaking. These are derived
from the simulated hazard and ductility values, with fragility curves for ductility
thresholds of 1, 2, 3, 4 and 5 shown in Figure 3-9. To produce a fragility curve, Sa is
separated into 40 bins: displayed by the dashed lines on Figure 3-9. The probability of
exceeding a ductility threshold is then calculated for each bin for all 100 sets of
records, with the process repeated for each ductility threshold to create a series of

fragility curves.
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Figure 3-9: Example empirical fragility curves created for conditional risk
assessment, at ductility thresholds 1, 2, 3, 4 and 5. Curves are created as a mean from
all 100 sets of catalogues.

Conditional risk estimates are made for each ductility threshold by convolving the
corresponding fragility curve with the hazard curves for each GMM (e.g., Baker et al.,
2021). Risk curves for both the Monte Carlo based approach and conditional
approaches are presented in Figure 3-10, with mean risk (solid lines) and the 16" and

84 percentiles of the mean risk (dashed lines) presented.

The basic GMPE considerably overpredicts risk at estimates lower than approximately
0.025 years™.. For instance, for a ductility of 2.0, the basic GMPE overpredicts risk by

24% and at a ductility of 4 the benchmark risk is overpredicted by 35%.

Both the complex GMPE and ANN lead to far better risk estimates, with the ANN
marginally better than the complex GMPE, especially at higher ductility values. This
extension reinforces the results from the hazard assessment, demonstrating the

importance of GMM selection when carrying out a risk assessment.
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Figure 3-10: Mean risk curves for all created models evaluating a single degree of
freedom system with period T=0.2s, solid lines show the mean risk whilst dashed lines
show the 16th and 84th percentiles of the mean.

For completeness, risk is also estimated for an SDOF where the period of the system
is changed to 7=1.0s. As this structure is in the medium-long period range, the equal
displacement rule can be used, as per Eurocode 8 (EN-1998-1). This assumes that the
peak elastic displacement of the system is equal to the peak inelastic displacement of
the system. Therefore, dividing the calculated elastic displacement of the SDOF by the
ductility factor g=4, the system is found to have yield displacement #,=0.0067m.
Figure 3-11 presents mean risk curves with both 16™ and 84" percentiles of the mean
(dashed lines) for the unconditional and conditional approaches investigate. Similar to
the hazard assessment for a period of 7=1.0s, the conditional risk estimates appear to
match the unconditional approach more closely — however there is still a noticeable

difference between the two approaches.
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Figure 3-11: Mean risk curves for all created models evaluating a single degree of
freedom system with period T=1.0s, solid lines show the mean risk whilst dashed lines
show the 16th and 84th percentiles of the mean.

3.6 Observation-based hazard assessment

So far, this study has compared the impact that different GMMs have on risk estimates.
However, if sufficient real-world ground motions had been recorded, stochastic
models and GMMs would no longer be needed to assess seismic risk. Instead, the
empirical data could be implemented directly within a Monte Carlo analysis to
estimate the hazard and risk in the area — as has been done with the simulated ground
motions in this study. To test this idea, an “observation-based” hazard assessment is
presented here, where the hazard estimated using real strong-motion records is

compared against the benchmark hazard.

First, to improve the match between the benchmark hazard and the empirical data, a
simpler seismic scenario is considered from the previous study: leaving just the areal

source. To provide strong motion records the NGA-West2 database (Ancheta et al.,
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2014) was selected. This is one of the largest databases yet compiled so there is a good
chance of containing enough records to provide a comparable hazard assessment to the
benchmark. Moreover, NGA-West2 includes mainly records from the same
geographical region as the Atkinson-Silva stochastic model (i.e., western United
States) — so ground motions from this database should be similar to those simulated by
the stochastic model: making a comparison of this method against the benchmark

hazard suitable.

To estimate hazard from this observational data, both the simulated magnitude-
distance pairs from the stochastic model, and magnitude-distance combinations from
the NGA-West2 database, are binned. The bins, and the number of magnitude-distance
pairs in each bin, are shown in Figure 3-12. Records that fall outside of these bins (i.e.,
with magnitudes less than 5 and greater than 7.5, and hypocentral distances greater

than 100km) are discarded as they fall outside the range of the stochastic model used.

Each simulated magnitude-distance combination is randomly matched to an NGA-
West2 record that falls into the same bin — with the corresponding empirical ground
motion assigned to this simulated event. For example, if the simulated magnitude-
distance pair fell in the range of 5.5-6.0 magnitude and 25.12-39.81km, the ground
motion assigned to this simulated event would be one of the 129 records that fell into
the same bin. Records are randomly selected from each bin to introduce variability into
the hazard model. The process is repeated for all 100 sets of records to produce mean

hazard results.
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Figure 3-12: Heat-map showing number of records belonging to each magnitude-
distance bin from (a) an example simulated catalogue and (b) the NGA-West2
database.

The stochastic model used in this research is calibrated to rock sites; however, there
was insufficient data to only include rock sites from the NGA-West2 database in this
analysis. To account for this, two different approaches were considered. The first
where all sites are used within hazard assessment, irrespective of the average shear-
wave velocity in the top 30m of the ground (¥s30). The second, where only sites with
Vs30 greater than 450 m/s are considered. Figure 13 shows the mean hazard curves

produced from these two approaches, with dashed lines representing the 16" and 84

percentiles.

Figure 3-13 shows that the purely observational method with no site restrictions
consistently over-predicts hazard. This is likely down to the NGA-West2 database
being dominated by sites with relatively low Vs30, meaning site amplification is
greater and stronger ground motions are produced than the fixed Vs30 of 620 m/s in

the benchmark stochastic model. The site restricted model only produces an improved
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hazard prediction at small Sa, suggesting that there are an abundance of sites with a

low Vs30 producing small ground motions.

To try and achieve a better fit to the benchmark hazard assessment, a Vs30-based
adjustment is introduced. This adjustment scales the observed ground motions by a
site amplification factor. The site effects equation from the Chiou and Youngs (2014)
GMPE was used to estimate this site amplification factor. This model was calibrated
for the NGA-West2 database and hence is appropriate for this adjustment. This
modelling was used for both the site restricted and unrestricted approaches to produce

two new observation-based hazard curves, also shown in Figure 3-13.
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Figure 3-13: Mean hazard curves for the four observation-based hazard assessment
models compared to the unconditional benchmark hazard, solid lines show the mean
hazard whilst dashed lines show the 16th and 84th percentiles of the mean

Out of these two new hazard curves, only the non-restricted model with site effects

scaling (denoted as “observational scaled” in Figure 3-13) makes a great improvement
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on results. This model matches the benchmark considerably better than the other
curves, across the whole range of Sa values, only slightly overpredicting hazard.
Although promising, this method does not provide a particularly accurate description
of the scenario hazard, when compared against the benchmark. To improve this,
further study could consider a larger database with a closer match to the site conditions
of the stochastic model in the hopes to obtain a better hazard assessment without the

need for the introduction of any ground-motion modelling at all.

It is worth noting that the uncertainties presented by Figure 3-13 appear small. This is
likely down to the poor sampling that can be observed for the observation-based
models. For example, in the bin for magnitudes 5.5-6.0 and distances 39.81-63.10km
there are 204 empirical records and 6088 simulated records — meaning each record
would be sampled on average 30 times for this set of data. Using a bigger database
may resolve this issue to capture the natural variability of ground motions more

accurately.

3.7 Conclusions

In this study, a comparison of different ground motion prediction methods has been
carried out, in regard to their impact on hazard and risk estimates. A fictive scenario
was established, with a stochastic model employed to simulate ground motions and

build these models.

Three ground-motion models were considered: a basic and more complex classical
ground motion prediction equation, and an artificial neural network. An empirical
fragility curve was also created from simulated ductility data, before being convolved

with each of the ground-motion models to produce risk estimates via the conditional
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approach. Alongside this, simulations were directly used in a Monte Carlo analysis to
directly estimate benchmark hazard and risk results, to which the ground-motion

model-based estimates were compared.

Finally, an observation-based hazard assessment technique was outlined that
demonstrated potential to estimate hazard when compared against the benchmark
results, if a site-effect scaling was applied. This technique indicates that in certain
situations it may be possible to estimate hazard and risk purely from empirical data,

without needing a ground-motion model.

Conditional results show that careful selection of a ground-motion model is required
to obtain the best estimates of seismic risk. Out of the three ground-motion models
created, only the artificial neural network appears to produce hazard estimates similar
to the benchmark results, and the same outcome is visible from the risk estimates.
Although it is important to note that such models are only successful when trained on

large, complete, datasets - something that is hard to replicate in the real world.

Hazard disaggregation was performed on each hazard model. With the ground motion
prediction equations struggling to predict high magnitude, short distance, events at
higher ground-motion levels, causing the over-prediction of hazard, and ultimately
risk. It may be possible to partially reduce this problem by using more complex
functional forms, but these are difficult to constrain without large datasets. Uncertain
risk estimates may result in inaccurate risk assessment and design, and ill-informed
decision making. If estimates are poor in a data-rich scenario, they will be worse in the

real world where data are less comprehensive.
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4 The impact of the choice of intensity measure and
seismic demand model on seismic risk estimates

with respect to an unconditional benchmark

This Chapter has been adapted from:

Rudman A, Tubaldi E, Douglas J, Scozzese F. The impact of the choice of intensity
measure and seismic demand model on seismic risk estimates with respect to an
unconditional  benchmark. Earthquake  Engng  Struct  Dyn. 2024; 53: 4183—
4202. https://doi.org/10.1002/eqe.4208

Many methods for seismic risk assessment rely on the selection of a seismic intensity
measure (IM) and the development of models of the seismic demand conditional on the
IM. The individual importance of these two features to accurately assess seismic
performance is well known. In contrast, this chapter aims at evaluating the impact that
the combined selection of IM and the demand model has on risk estimates. Using a
hypothetical seismic source model and a non-stationary stochastic ground-motion
model, we present risk estimates for a mid-rise steel structure for 15 different IMs and
five demand models derived by cloud analysis (four based on regression and a fifth
based on an empirical binning approach). The impact of these choices is investigated
through a novel method of model performance evaluation using a benchmark solution
obtained via the unconditional approach (i.e., directly estimating demand exceedance
frequencies from simulated ground motion time-histories). The obtained results are
also compared against traditional IM performance metrics, e.g., efficiency and
sufficiency. Finally, we demonstrate how risk estimate inaccuracies are propagated
by performing a damage assessment on two example components. The results show
that, for the scenario under investigation, Arias intensity combined with the binned
demand model provide the best risk estimates, if sufficient samples are available,
whilst ground displacement and duration-based IMs ranked worst, irrespective of the
demand model. The findings highlight the importance and interconnectedness of the
selection of the IM and the demand model when using cloud analysis and present a
clear method of determining the most accurate combination for risk assessments.
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4.1 Introduction

The seismic risk of structures can be assessed via two distinct approaches (e.g.,
Bazzurro et al., 1998; Scozzese et al., 2020). The first, known as the unconditional
method, directly uses observations of a system’s response to ground motions to
estimate the rate of exceedance of some loss threshold (e.g., Bradley et al., 2015). This
is a conceptually simple, but computationally expensive, approach — and so is rarely
used outside of research. The second approach, known in the literature as the
conditional method, was established to overcome this problem. Cornell (2005), among
others, describes the basis of the conditional method, where a series of intermediate
modelling steps are made to assess the risk of a system (Figure 4-1). This method
allows the efficient description of seismic risk in a region with far fewer simulations,
and with a considerable reduction in computational expense. More detailed
descriptions of the conditional method can be found elsewhere (e.g., Bradley, 2013;

Cornell et al., 2002).

One of the most popular conditional approaches for assessing earthquake risk is the
PEER’s PBEE framework (e.g., Cornell & Krawinkler, 2000; Moehle & Deierlein,
2004). The original intention of the framework was to report risk estimates that
represent the whole structure. However, performing performance assessments at
component-level can provide a more thorough understanding of a building’s
performance (e.g., Cremen & Baker, 2019), given the high contribution of non-
structural components to overall earthquake-induced losses (e.g., Taghavi, 2003).
Therefore, more recent implementations of the PBEE approach (e.g. the FEMA P-58
method, FEMA, 2012) include component-level analyses within seismic risk

assessments.
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Conditional approaches rely on defining a set of conditioning parameters that represent
each stage of the assessment process. Decision variables (DVs), damage states (DSs)
and engineering demand parameters (EDPs) describe respectively the system’s losses
(e.g., deaths, dollars, and downtime), damage (e.g., cracking of concrete, or buckling
of beams and columns), and response to shaking (e.g., exceedance of an inter-storey
drift ratio threshold), respectively. These three parameters are reliant on the initial
selection of an intensity measure (/M), which represents the ground shaking at the site
of interest and is used to evaluate the site hazard, as well as describing the structural

and non-structural component response.

Unconditional Method

Seismic Stochastic Ground Structural Component
Ground - Component
Inputs Source | . —>  Motion = Model o Consequence
Motion o Definition S
Model ) . Samples Definition Definition
Simulation
IM Demand Damage Loss
Stages A nent A nent A nent nent
P(IM) P(EDP|IM) P(DM|EDP) P(DV|DM)
Demand Loss
Hazard Curve Hazard Damage state\ Hazard
Outputs eedance(s)
A(IM) Curve DM Curve
MEDP) (DM) ANDV)

Figure 4-1: Workflow of the conditional approach to risk assessment when ground
motion simulations are utilised. The unconditional approach can be described by the
red workflow.

The importance of IM selection is well known, with a range of /Ms proposed in the
literature. These generally consider one or more of three ground-motion
characteristics: amplitude, frequency, and duration (e.g., Baker et al., 2021).

Historically, the most common /M used was the peak value of ground-motion
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amplitude (e.g., largest absolute acceleration); whereas now it is more common for
spectral ordinates to be used (e.g., 5% damped spectral acceleration at the fundamental
period of the structure or a combination of spectral accelerations at different periods).
Alternatively, it has been suggested that a vector of IMs would describe ground
motions more accurately (e.g., Baker & Cornell, 2005; Gehl et al., 2013; Vamvatsikos
& Cornell, 2005). In an ideal scenario, /M selection should have little impact on risk
estimates, provided that the /M is sufficient (statistically independent from earthquake
characteristics, e.g., magnitude and distance) (Luco & Cornell, 2007), and enough
ground-motion records are used to characterise the system’s response. However,
satisfying these criteria is not always possible, and the need of limiting the number of
numerical simulations has led to a proliferation of alternative /Ms and comparisons in

terms of efficiency.

Due to the large number of /Ms in existence, the topic of selecting an optimal /M has
become a well-covered, and wide-ranging debate (see e.g. Katsanos et al., 2010, for a
review of /M development and selection in the context of ground motion record
selection). It has proved difficult to find a comprehensive /M that is optimal for all
types of earthquake risk assessment. This in turn has led to many research efforts being
devoted to evaluating /M selection for a range of contexts. For instance, Mackie and
Stojadinovic (2003) evaluated /M selection for PSDMs of highway bridges in
California. Whilst Bray and Travasarou (2007) investigated the impacts of IM
selection for estimating seismic slope displacements. Kohrangi et al. (2016) compared
the impact of selecting eight different structure-specific /Ms on repair cost estimates

of three different 3D building models.
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Despite this coverage, there is little research on the impact that /M selection has on the
final output of PBEE assessments. Some notable examples of studies that did consider
this final output are Kohrangi et al. (2016), who made loss estimates within their study
on 3D building models, O’Reilly (2021) who investigated /M selection for seismic risk
assessment of bridges, and Du et al. (2020) who provided insight on the influence of
IM selection in the context of regional seismic risk assessment. However, most studies
that compare /Ms only go as far as predicting the statistics of the demand conditional
on the /M or the frequency of exceeding an EDP threshold (the demand hazard),
instead of also examining the results that would more likely be useful to end users,
e.g., damage estimates. There has also been little evaluation of /M impact through
comparison with an unconditional benchmark, although Kwong et al. (2015a, 2015b)
have previously demonstrated how this comparison can be used to evaluate ground

motion selection procedures at the demand hazard step of risk assessment.

The IM choice plays an important role in characterising the seismic demand, i.e., the
response of a system due to ground motions, represented by the conditional demand
assessment stage in Figure 4-1. Several different methods have been proposed to
describe this relationship, including MSA (e.g., Mackie & Stojadinovic, 2005;
Scozzese et al., 2020) and IDA (Vamvatsikos & Cornell, 2002). Possibly the simplest
of these methods to implement is Cloud analysis (e.g., Mackie & Stojadinovic, 2005)
which fits a regression model with /M as the independent variable, and EDP as the
dependent variable. The most practical, but least sophisticated, regression models are
based on a linear fit between /M and EDP, whereas more complex models use bilinear
fits to account for the nonlinearity in the structural response (e.g., O'Reilly & Monteiro,

2019; Tubaldi et al., 2016); machine learning tools have also been used to improve this
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characterisation (e.g., Soleimani & Hajializadeh, 2022). Nevertheless, there are few
studies comparing these different methods of modelling the seismic demand,

especially against an unconditional benchmark and considering different /Ms.

This research aims to investigate the impact that both the /M selection and the method
of characterising the /M-EDP relationship have on component-level earthquake risk
and damage estimates. Using a numerical model of a benchmark building widely
employed in PBEE-based studies and a non-stationary stochastic ground-motion
model for a hypothetical seismic source scenario, a total of 15 different /Ms and five
seismic demand models are considered, with the subsequent impact of each
combination on the risk estimates evaluated. Ground-motion simulations are used to
generate a large amount of data to properly evaluate uncertainties within the risk
assessment procedure, and also to allow the estimation of risk via the unconditional

approach, which acts as a benchmark to compare against conditional estimates.

The following sections describe: the seismic scenario and method of ground-motion
simulation employed (Section 4.2), the structural model (Section 4.3) considered for
the study, and the /Ms evaluated (Section 4.4). Current methods for evaluating the
optimal /M are also discussed, and a new method to determine the optimal /M is
presented (Section 4.4). The conditional risk estimates obtained for each /M using all
five seismic demand models are presented (Section 4.5), before the impact of each /M
and demand model is evaluated (Section 4.6). Finally, damage estimates are made for
two components with comparison between the benchmark (unconditional) and
conditional damage estimates also shown, to demonstrate the impact that /M selection
and seismic demand modelling can have on FEMA P-58 component-level analysis

(Section 4.8).
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4.2 Seismic scenario

For this study, a fictive scenario is established with a circular source zone of radius
100km, and two faults of length 75km and 25km. Simulated ground-motion
“recordings” are made at a single station at the centre of the circular source zone. The
location and details of each of these seismic sources are shown in Figure 4-2. All
earthquakes in the scenario follow the Gutenberg-Richter relationship with minimum
magnitude 5 and »=1.0; the maximum magnitude and the a-value for each source are

provided in Figure 4-2.

Areal Source

Radius = 100 km
Stress drop = 80 bars
Magnitude =5.0-7.5
a=45

Fault A

Fault A

Length =75 km

Distance from centre = 75 km
Stress drop = 40 bars
Magnitude =5.0-7.0

a=40

Fault B

Length = 25 km

Distance from centre = 75 km
Stress drop = 160 bars
Magnitude = 5.0 - 7.25
a=30

Fault B

Figure 4-2: Seismic source model for the site of interest.

The non-stationary stochastic model of Sabetta et al. (2021) is used to generate realistic
ground motions. The model simulates ground motions with just a few easily defined
inputs: moment magnitude, source to site distance, time-averaged shear-wave velocity

in the upper 30m of the site (Vs30) and style of faulting. These are input to models
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estimating Arias intensity, significant duration, central frequency, and frequency
bandwidth; these in turn are used to simulate ground motions by filtering, scaling and

windowing Fourier amplitudes in the frequency and temporal domains.

The coefficients within the stochastic model are calibrated to a recent dataset of Italian
earthquakes (Lanzano et al., 2019).Therefore, the seismic scenario developed in this
study could be considered suitable for a high seismicity region such as central/southern
Italy or California, where the most important earthquake scenarios are moderate to
large events (M>5.5) at short to moderate distances (R<50km). Normal faulting is
considered within the stochastic model, and a fixed site with Vs30=255m/s being used
to replicate a soft-soil site. By fixing the values of the style of faulting and Vs30, only
moment magnitude and source-to site distance are required as inputs to the stochastic
model. In an additional step, to allow differences in ground motion characteristics from
each source, the code has been altered to allow the stress drop to be changed within

the model (Figure 4-2).

Generating magnitude and distance inputs directly from their probability distributions
would require many simulations to capture sufficient extreme events — high
magnitudes and short distances. This would be computationally unaffordable and
would lead to the generation of many events that would not actually contribute to the
hazard and risk at the site under investigation. To combat this, the importance sampling
approach described in Jayaram and Baker (2010) is used to simulate magnitudes and
distances. This method involves generating a uniformly distributed sample of
magnitudes and distances, then attributing an “importance weight” to these values

based on the ratio of their expected (from the original distributions) and their actual
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probabilities. The “importance weight” can then be used within the analysis, so that

sampling bias is not introduced into the risk assessment process.

In total 100 sets of 1,000 magnitude-distance pairs are sampled at the site of interest
using the importance sampling procedure, with ground motions simulated from these.
This large number of ground motions being simulated allows uncertainty and
variability within the risk assessment process to be modelled. We have used a similar
approach in a recent study focussed on seismic hazard and risk estimates using single-

degree-of-freedom systems (Rudman, Douglas, et al., 2024).

4.3 Structural model

The structural model employed is replicated from the SAC phase 2 steel project (SAC,
1994). This case study was selected as it is a well-studied structure with many previous
uses in the literature, thus allowing the developed model to be validated. It is a typical
three-storey office building designed to the local code for Los Angeles (UBC, 1994)
using post-Northridge connections. The front elevation of the structure is made up of
three moment-resisting bays and one simply-supported bay, all of 9.15m width, with

each storey being 3.96m in height.

Both plan and front elevations, as well as steel member sizes of the structure are
provided in Figure 4-3. The typical floor dead load is 4.6kN/m?, the roof dead load is
4.0kN/m?, and the typical live load on all floors is 1.0kN/m?. Column steel strength is
397 MPa while the steel used for the beams has a strength of 339 MPa, as reported by
Barroso and Smith (1999). Further details regarding the structural model definition can
be found in many articles (e.g., Barroso & Smith, 1999; Gupta & Krawinkler, 1999;

Ohtori et al., 2004).
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Figure 4-3: Plan and front elevations of the structural model under investigation
[taken from Scozzese et al. (2020)] Thick lines highlight moment-resisting frames.

The structure is modelled in OpenSees (e.g., Mazzoni et al., 2006; McKenna, 2011),
via the open-source Frame-Modeller 2D software (Elkady, 2022), which facilitates
modelling and analysis in OpenSees. However, for this study Frame-Modeller 2D was
only used for model development, with the outputted structural model used directly in

OpenSees and MATLAB (The MathWorks Inc., 2023) for structural analysis.

The model’s columns are represented by elastic beam-column elements with nonlinear
rotational springs at their end (i.e., through a lumped plasticity approach), using a
corotational transformation to account for geometric nonlinearity and assist with
model convergence. These springs are assigned the modified Ibarra-Median-
Krawinkler deterioration model (Ibarra et al., 2005), using the IMKbilin material in
OpenSees. The parameters for the material assigned to each spring are defined by
Lignos et al. (2019) who defines a set of regression equations that determine both the
first-cycle envelope and monotonic backbone properties of the material depending on
different steel member sizes. These material models are selected as they help ensure a
good match with the benchmark models used for validation whilst capturing more

realistic degradation (e.g., Barroso & Smith, 1999; Gupta & Krawinkler, 1999).
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Deformation of the structural panel zones is accounted for using the parallelogram
model discussed in Gupta and Krawinkler (1999), which allows the model to better
account for degradation within the system — an important aspect to consider when
evaluating ground motion duration as an /M. This is achieved by modelling the corner
of the idealised panel zone with a nonlinear rotational spring formed with a degrading
hysteretic material available in OpenSees. The parameters for this material are defined
by Skiadopoulos et al. (2021) who developed a set of panel zone stiffness and shear
strength equations (based on structural analyses on different panel zone geometries
and compositions) at discrete levels of panel zone shear distortion i.e., at yielding, four

times yielding, and six times yielding.

Frame-Modeller 2D is able to directly handle the equations referenced above, meaning
that users are only required to input minimal information such as steel member sizes
and building geometry, with the material properties calculated from these. Thus,
readers are also referred to Elkady (2022) for further information regarding the
numerical modelling of the structure. The numerical model used in this work is

publicly available via a Zenodo repository (Rudman, 2026).

The first, second and third structural periods of the model are 1.00s, 0.30s and 0.14s
respectively. The static pushover curve of the structure is presented in Figure 4-4a,
where roof drift (roof displacement normalised by the total height) is plotted against
normalised base shear (the base shear divided by the structure’s self-weight). The
pushover curves derived by Barroso and Smith (1999) and Gupta and Krawinkler
(1999) are also plotted in Figure 4-4a for comparison. The cyclic response of the
structure is presented in Figure 4-4b, which demonstrates the strength degradation of

the structure under loading. As vibration periods and static analysis results are in good
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agreement with the literature (e.g., Barroso & Smith, 1999; Gupta & Krawinkler, 1999;

Ohtori et al., 2004), it can be assumed that the structural model is sufficiently accurate.
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Figure 4-4: (a) Static pushover curve and (b) cyclic response, of the structure under
investigation.

Several modelling assumptions were introduced for this structure, which would likely
explain any differences between the studied model and those from the literature: these
assumptions also explain the more significant stiffness reduction and softening
observed in the pushover curve of the developed model in Figure 4-4. Columns within
the structure are modelled using the Ibarra-Medina-Krawinkler deterioration model
(Ibarra et al., 2005) and a lumped plasticity approach. Deformation of the structural
panel zones is accounted for using the parallelogram model discussed in Gupta and
Krawinkler (1999). Finally, a fictitious bay that represents all the
pinned/simple/gravity connections in the structure is introduced, as per Gupta and

Krawinkler (1999) in order to account for P-delta effects.

4.4 Intensity measure selection

In total 15 different /Ms were considered within this study, with their names,

descriptions and units provided in Table 4-1. Most of these /Ms are well known (e.g.,
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PGA, PGV and PGD) but some require clarification as to how they were defined.
Further description of absolute durations (ABDur and AUDur) are available in

Bommer et al. (2009).

Table 4-1: IMs under investigation within this study.

Name Description Units
PGA, PGV & _ o g, cm/s &
Peak ground acceleration/velocity/displacement
PGD cm

5% damped spectral acceleration at fundamental

5 period (T=1.00s) s
Geometric mean of 5% damped spectral

Sa(avg) accelerations between periods of 0.2s and 3.0s g
(e.g., Vamvatsikos & Cornell, 2005)

Absolute bracketed duration using acceleration

ABDur S
threshold of 50 cms™
Absolute uniform duration using acceleration

AUDur S
threshold of 50 cms™

Al Arias intensity (e.g., Baker et al., 2021) m/s

Cumulative absolute velocity: integral of
CAV - cm/s
absolute velocities (e.g., Baker et al., 2021)

Root-mean-square

ARMS, VRMS & . o g, cm/s &
acceleration/velocity/displacement (e.g., Kramer,

DRMS cm
1996)
Acceleration spectrum intensity: integral of Sa

ASI between periods gs
of 0.1s and 2.5s (e.g., Kramer, 1996)

Ccl Characteristic intensity (e.g., Park et al., 1985) -

Housner intensity: integral of the 5% damped
HI pseudo-velocity spectrum between of 0.1s and cm

2.5s (e.g., Kramer, 1996)
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4.4.1 Current practice to determine an optimal intensity measure

To determine an optimal /M, several indicators have been proposed. The two most
used indicators were introduced by Luco and Cornell (2007), who described the
concept of efficiency (variability in the EDP conditional on the /M) and sufficiency
(statistical independence from earthquake characteristics, e.g., magnitude and
distance). Moreover, Giovenale et al. (2004) added the concept of hazard
computability (ease of computing a hazard curve for the given /M), and Padgett et al.
(2008), among others, included practicality (correlation between IM and EDP).
Padgett et al. (2008) also introduced the term proficiency (efficiency divided by
practicality), and Tothong and Luco (2007) introduced scaling robustness (lack of bias
in response estimation from scaled records). For this study, efficiency, magnitude-
sufficiency, distance-sufficiency, practicality, and hazard computability are used to

evaluate the impact that /M selection has on risk estimates.

The efficiency of an IM can be described by the standard deviation of a linear
regression model fit between /M and EDP, with a smaller value indicating a more
efficient /M. Practicality can be described by the slope of the same linear regression
model — the higher the slope the greater the practicality. Sufficiency can be represented
by fitting linear regression models between the residuals of the /M versus EDP model
and both magnitude and distance, with the p-values of the regression line slopes being
considered to demonstrate the IMs sufficiency. Although any IM with a
sufficiency value above the confidence threshold (in this case 0.05) can be determined
as sufficient, it could be considered that the higher the p-value, the lower the evidence
of an insufficient /M (e.g., Padgett et al., 2008). Finally, hazard computability is

assessed here by only investigating /Ms for which a recent ground-motion model

82



exists. These were identified by cross-referencing /Ms within the literature, e.g., using

the Douglas (2022) GMPE compendium.

4.4.2 Proposed method to identify optimal intensity measure

As traditional /M performance metrics are only reliant on knowing the /M-EDP
relationship, the impact of the /M choice for damage and loss assessments is not
directly considered. This could potentially lead to the use of suboptimal /Ms and

demand models when performing a risk or loss assessment.

The proposed method of identifying an optimal /M involves comparing the conditional
risk assessment procedure against the unconditional benchmark. To this end, the KS
test (e.g., Stephens, 1974) is considered as an alternative to the traditional /M
performance metrics. This test finds the maximum absolute difference (Dmax) between

two cumulative probability distributions (CDFs), as per Equation 4-1:

Dmax = max(|Py(X) — P,(X)1) (4-1)
where, P; (X) and P,(X) are both CDFs at a value, X. As a non-parametric test, the KS
test does not rely on the assumption and description of a probability distribution. The
KS test compares two CDFs and evaluates if they are from the same population;
however, the demand hazard is in the form of MAF of exceedance. To overcome this,
a MAF of exceedance is converted to an annual probability of exceedance using
Equation 3-3, assuming that the exceedance events are a Poisson process. The null
hypothesis of the KS test is that the two CDFs are drawn from the same population.
This is evaluated by comparing the returned p-value of the test against an assumed

significance level (in this case 0.05, i.e. 5%).
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Investigation found that comparing the returned p-value for the KS test did not provide
enough information to be able to properly evaluate and compare the performance of
each IM. Instead, we propose to simply use Duar as a method of quantifying the
difference between an IM-based demand hazard assessment and the unconditional
assessment. As this is a measure of closeness, a smaller value of D, would indicate
a CDF that is more similar to the benchmark assessment, thus implying a better IM.

These results are investigated/evaluated in Section 4.6.2.

An alternative approach would have been to use the relative entropy method (e.g.,
Jalayer et al., 2012; Tsioulou & Galasso, 2018) which employs a cumulative measure
of the difference between two probability distributions. This study opts for the
maximum difference between the two as it is less sensitive to the shape of the
underlying distribution of the data and will highlight any large local deviations
between the two distributions - which may not be fully represented by a cumulative
change. The technique for calculating Dyax is also computationally simpler, making

the technique more attractive for future use.

As all of the outputs from the conditional risk assessment workflow are in the form of
MAF of exceedance (as demonstrated by Figure 4-1), the outlined procedure can be
performed at any stage of a risk assessment. This allows for more direct comparison

between the suitability of /Ms for the specific use under question.

4.5 Risk assessment procedure

Firstly, the evaluation of the demand hazard via the unconditional approach is
described in this section. Secondly, each of the seismic demand models used to

estimate structural response, and demand hazard, via the conditional approach are
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discussed. Finally, the demand hazard estimates from each of the /Ms and each of the

demand models are compared against the benchmark estimates.

4.5.1 Benchmark unconditional procedure

The benchmark demand hazard (referred to from now on as the unconditional

estimate) can be obtained using Equation 4-2:

sources

Nj
I :(ed ISW:;
'U(edp) = Z Asourcel-z l’](e p) : (4-2)

= i N, XISW

where v(edp) is the MAF of EDP exceedance, Asourcej describes the activity-rate of
each source, N; is the number of magnitude-distance pairs simulated for a given j-th
source, ; j(edp) is an indicator function equal to one if for the i record the EDP
threshold edp is exceeded and zero otherwise, and ISW is the importance sampling
weight for each event. Performing this sum over a range of EDP thresholds, and over

all sets of ground-motion samples, allows the formation of a demand hazard curve,

which describes the MAF of exceeding a demand hazard level.

4.5.2 Conditional risk assessment procedure

Demand hazard is estimated through convolution of the hazard curve, describing the
MAF of exceeding an IM, A(IM), and the CCDF of an EDP conditional on the /M,
P(EDP|IM). Hazard curves are created for each /M through Monte Carlo hazard
assessment with importance sampling, with the hazard evaluated at 50 /M thresholds
logarithmically spaced between the minimum and maximum value of each /M, across

all sets of samples.

After performing dynamic analyses in OpenSees, top-storey /DR (IDR between the

roof and third floor) was selected as the EDP. While the top-storey /DR may be
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expected to exhibit less nonlinearity than the ground storey, the structure’s response
profile indicates that it consistently produces the largest drifts within the structure.
Therefore, this EDP was selected, as this study is primarily focused on peak structural
demands and exploring the full range of response. However, it is worth noting that the

following results are not strongly dependent on the choice of EDP.

The structural response is then analysed using cloud analysis (e.g., Mackie &
Stojadinovic, 2005). Within this study, four different regression models have been
considered. They are a linear fit between /M and EDP; a more complex bilinear
relationship between the predictor and response that follows the functional form of
Tubaldi et al. (2016); and two simple machine learning based regression models: a RF
regression and an ANN. The functional form of the linear and bilinear fits are provided

in Equations 4-3 and 4-4(4-4 respectively:

In(EDP) = a; + by In(IM) + o (4-3)
In(EDP) = (ay + by In(IM))H, + [a; + (b, — by) InIM*

(4-4)

+b,InIM|(1—H,)+ o

Where, a4, by, a,, by, Hiand IM* are coefficients fit by the regression model, and o is
the model error. a,, by, a, and b, control the intercept (a) and slope (b) of the first
and second segments respectively, whilst H; is a step function to determine which
segment /M lies in, finally IM™ identifies the breakpoint between the two segments.
For the bilinear model o can take two values depending on which segment the /M lies
in.
Two machine learning models have been used in this study so that the risk estimates

from one can be cross verified by the estimates of the other. The ANN consists of a
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single hidden layer of three neurons, using the natural logarithm of /M as input to
predict the natural logarithm of EDP. The ANN uses the Levenberg—Marquardt
optimisation technique, as well as a sigmoid activation function, as both are known to
be effective at solving nonlinear models. The RF model is an ensemble of decision
trees that are developed using Bayesian optimisation to control their hyperparameters,
this technique helps to avoid overfitting. The RF model uses the same input and output
as the ANN. Relaxing the assumption of homoscedasticity was considered for the
machine learning models, by estimating the model dispersion values as a function of
IM. However, this change proved to have little impact on the accuracy of the demand
models, and so heteroscedasticity was not included within either machine learning
model. It would be expected that considering a different EDP such as ground-storey
IDR, which tends to exhibit a greater nonlinearity in response, may see a greater use
for heteroscedastic models, and further research could investigate this. Instead, for this
study, single (homoscedastic) dispersion ¢ values were calculated for both machine
learning models, which equal the standard deviations of model residuals in the two

casces.

ANNSs and RFs have been used in various studies to create seismic demand models
(e.g., Lietal., 2022; Soleimani & Liu, 2022). In this study, both techniques have been
implemented to demonstrate the capabilities of machine learning for this application.
These models could be trained with a wide range of training data, such as other ground-
motion characteristics and structural information. However, in this study, the only
input to the machine learning models is /M, allowing direct comparisons with the linear

and bilinear demand models.
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When investigating both duration-based /Ms (4BDur and AUDur), it was found that a
log-linear regression model better described the relationship between IM and EDP.
The cloud analysis models for these /Ms are generated by simply replacing the

In(IM) terms in Equations 4-3 and 4-4 with IM, for example Equation 4-4 becomes:

In(EDP) = (ay + b;IM)H; + [a; + (by — by)IM*
(4-5)
+ b,IM](1-H)+ o
Each cloud analysis model is shown in Figure 4-5 for one set of simulations with PGA
(Figure 4-5a) and PGD (Figure 4-5b) as the /M, and top-storey IDR as the EDP. In
Figure 4-5a, the linear cloud analysis model appears to fit the data well until 0.2g PGA
at which the system begins to respond nonlinearly. This will likely lead to over
prediction of seismic demand at larger ground motions. The bilinear fit improves upon
this and fits the data much better within this nonlinear segment. Both machine learning
models also fit the data well, with the RF and ANN providing median predictions
somewhere between the linear and bilinear models, before tending towards the bilinear
model in the nonlinear range. The RF appears to be simply following the median of
the dataset. However, demand model estimates outside of the data range for both

machine learning models are poor, as they have not been trained at these values,

making extrapolation inaccurate.

The fit for all models appears to be very similar in Figure 4-5b. As there is no
significant non-linearity, the linear model appears to match the trend in the data as
successfully as the other models. However, there is a much larger variation in response

than is visible in Figure 4-5a. This implies that PGD is a less efficient /M, and that the
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models fitted are not as suitable as those for PGA. Once again, demand model

estimates outside of the data range for both machine learning models are poor.

An alternative to performing cloud analysis is generating the CCDFs for the EDP using
an empirical binning procedure. For this purpose, the /M is separated in 50 equally
sized bins (each containing 2% of the population) between its minimum and maximum
value, and the probability of exceeding a given EDP threshold, within each bin,

calculated via Equation 4-6:

Nj

I. .
P(EDP > edp|IM;) = Z# (4-6)

i=1
where P(E DP > edplIMj) is the CCDF of EDP, given that the ground motion falls
into bin IM;, N; is the number of ground motions that fall into bin IM;, and [; ; is an
indicator function that equals one if the i™ record in bin j is greater than the EDP
threshold and zero otherwise.
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Figure 4-5: Demand models for (a) peak ground acceleration (b) peak ground
displacement, the engineering demand parameter is top-storey interstorey drift ratio.
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Interpolation can then be used to estimate the CCDF for the relevant thresholds. Any
CCDF value conditioned on an /M outside of the range of data is assigned the next
nearest value for which data are available. The median of each of these bins is also
plotted on Figure 4-5 for comparison with the cloud analysis models. The empirical
model fluctuates significantly as it is tracking the local trends (i.e., following the
median of each bin). This feature is expected to yield accurate estimates of the demand

as the model is most responsive to the data that it is built on.

The CCDF for each regression model is found using the median model prediction at
the IM threshold of interest, and the accompanying model ¢ - assuming that
P(EDP|IM) follows a lognormal distribution. In total 50 CCDFs are created for each
model, conditioning EDP on the same /M thresholds as for the hazard curves, thus
making the convolution for demand hazard straightforward. Figure 4-6 plots fragility
curves for the same set of samples, with PGA (Figure 4-6a) and PGD (Figure 4-6b) as
the /M, and top-storey /DR as the EDP. The CCDFs are plotted for /DR thresholds of
0.2%, 0.7% and 1.0%. Example empirical fragility curves for the same /DR thresholds
are also provided in Figure 4-6. Most demand models produce similar CCDFs, except
the linear model which underpredicts the drift demand at 0.2% and 0.7% and
overpredicts the drift demand at 1.0% (in agreement with Figure 4-5). The variation in
CCDF values between the other models is mostly due to their associated model o. Both
the RF and empirical models produce less smooth CCDFs than the other demand
models; this is because their median model estimations are not always increasing (as

is clear from Figure 4-5), and so the CCDF value will not always increase.
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Figure 4-6: P(EDP|IM) curves for (a) peak ground acceleration and (b) peak ground
displacement, and each of the seismic demand models, at interstorey drift ratio
thresholds of 0.2% (solid lines), 0.7% (dashed lines) and 1.0% (dot-dash lines).

4.5.3 Comparing mean risk estimates

Demand hazard is estimated through this procedure for all /Ms, all seismic demand
models, and all 100 sets of samples, allowing the MAF of top-storey /DR exceedance
to be calculated. Figure 4-7 presents the mean of this demand hazard for each of the
IMs and demand models under investigation, comparing each against the
unconditional estimates. Most /Ms, and all demand models, appear to fit relatively well
until an /DR between 1% and 1.5%. This is approximately the range at which the
IM|IDR relationship in the log-log plane becomes nonlinear due to structural
component’s yielding (see pushover curve in Figure 4-4) and so the /M choice and

demand model becomes more important here.

The linear model overestimates the demand hazard for all /Ms, with no visually
discernible best fitting /M. The bilinear fit significantly improves upon the linear fit as
the nonlinear system response is now much better accounted for, with demand hazard
estimates for Sa(avg), AL, and CAV in particular appearing to match the unconditional

estimates most closely, when compared to the other /Ms. Both machine learning
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models (the RF and ANN) produce almost identical demand hazard estimates for all
IMs across all EDP thresholds, with these estimates appearing to be superior to that of
the bilinear model. These models even appear to improve estimates for both ABDur
and AUDur, both of which could not be well described by the linear and bilinear
models. However, care must be taken in the design and implementation of machine
learning models, especially at the edges of the model range, where overfitting can lead
to poor response estimates. Finally, the empirical model seems to estimate the
unconditional demand hazard very closely, with all /Ms appearing to be good choices
using this technique. Nonetheless, this result warrants further exploration to see how
well the empirical model performs when estimating the benchmark demand hazard.
Moreover, Figure 4-7 shows it would be difficult to draw a conclusion as to the optimal
IM for any of the demand models from visual inspection alone, so quantitative /M

performance metrics need to be used to help decide this.
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Figure 4-7: Mean demand hazard estimates for all intensity measures and seismic
demand models under investigation

4.6 Investigating impact of intensity measure selection

In this section, traditional /M performance metrics are evaluated and analysed for each

of the seismic demand models. After this, a novel technique to measure IM
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performance is proposed. A comparison between the different techniques is then

provided and discussed.

4.6.1 Traditional IM performance metrics

The efficiency, magnitude-sufficiency, distance-sufficiency, and practicality of all IMs
using the linear demand model are presented in Figure 4-8. These measures were
assessed through the procedures described in Section 4.4 and repeated for all 100 sets
of ground-motion samples — thus allowing the assessment of their distributions (as
shown by the boxplots presented, where the boxes represent the median, 25" and 75

percentiles, and the whiskers represent the maximum and minimum values).

Overall, there appears to be no one optimal /M for the estimation of demand hazard
that outperforms the others in terms of all the above performance metrics, although it
is evident that PGD, ABDur, AUDur and DRMS rank worst of all /Ms considered. A
visual comparison of these measurements suggests that Sa performs the best out of all
considered /Ms. This is unsurprising as the structure’s response is dominated by its
first mode. Figure 4-8 shows that Sa is the most efficient IM, the third most practical
IM, the most magnitude sufficient IM, and fifth most distance sufficient IM. In this
thesis, “most sufficient” means the one with the highest p-value, i.e. the one that is

furthest from failing the significance test based on a p-value threshold.

Figure 4-8d shows CAV to clearly be the most practical. Results appear to suggest that
efficiency and practicality are highly correlated. Figure 4-8b shows that most /Ms
satisty the magnitude sufficiency threshold of 0.05, however no /M is clearly the most
magnitude sufficient. On the other hand, Figure 4-8c indicates that distance sufficiency

is a harder requirement to achieve with 7 of the 15 IMs being deemed insufficient

94



according to their mean values, and a much larger spread of results clearly visible.

VRMS appears to be the most distance sufficient IM.
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Figure 4-8: Boxplot showing the (a) efficiency (b) magnitude sufficiency (c) distance
sufficiency (where sufficiency is the p-value of the slope of the residuals from the
P(EDP|IM) model against magnitude and distance respectively) and (d) practicality
of each intensity measure when considering a linear demand model for the top-storey
interstorey drift ratio. Note the reversed x axis in (a) as a lower value of efficiency is
best (smallest standard deviation).

As the assumption of homoscedasticity is relaxed for the bilinear cloud analysis model,
two error terms are produced (one for each segment of the model), this makes it harder
to compare /Ms in terms of efficiency when the bilinear model is employed. To resolve
this, an overall efficiency term is calculated for the bilinear model by finding the
standard deviation of all residuals. Moreover, the linear model is the only demand
model where the issue of practicality can be easily resolved as each of the other models
produce multiple slopes, making it harder to compare /Ms for this metric. As such,

practicality is only evaluated for the linear model and ignored for all others.
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Figure 4-9 shows how the efficiency, magnitude sufficiency, and distance sufficiency
of each IM changes for every demand model. Efficiency is improved for all /Ms (except
ABDur and AUDur) when using either the bilinear or machine learning demand
models, reducing by 10-25% from the linear to the bilinear model. The ANN and RF
models vary just 5% from the bilinear model so return very similar efficiency values.
Sa improves the most with the efficiency value reducing 36% from the linear model.
Magnitude, and distance, sufficiency are improved across all IMs for the bilinear
model, with all /Ms deemed sufficient — again except ABDur and AUDur. However,
there is no consistent improvement of sufficiency results between the machine learning

models and the linear demand model.
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Figure 4-9: Plot showing how the mean of (a) efficiency (b) magnitude sufficiency and
(c) distance sufficiency changes for each intensity measure and seismic demand model
combination. Note the reversed x axis in (a) as a lower value of efficiency is best
(smallest standard deviation).
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4.6.2 Proposed performance metric

Figure 4-10 presents the boxplot of the Dy values (i.e. the difference to the
unconditional results) calculated according to Equation 4-1 for each /M and each
seismic demand model, for all 100 sets of simulations. From these boxplots it is clear
that in general, the linear cloud analysis model produces the most different demand
hazard estimates to the unconditional estimates (i.e. the least accurate). The bilinear,
RF, and ANN models both provide similarly close demand hazard estimates, with the
ANN appearing to produce slightly superior estimates. However, the ranking of these
three models for each /M vary, which would not have been obvious from visual
inspection of the demand hazard curves alone. For all /Ms the empirical demand model

produces the most similar estimates to the unconditional approach.

As with the traditional performance metrics, it is hard to identify one optimal /M from
these results. According to the proposed performance metric, the combination of A7 as
IM and the empirical demand model is the optimal one, in the sense that it yields the
lowest mean Dy.qx value. As has been seen throughout, both duration and displacement-
based IMs perform considerably worse than all other /Ms. Velocity-based measures
(e.g., PGV, CAV, and VRMS) always outperform their acceleration-based counterparts
(e.g., PGA and ARMS). This is likely because the velocity-based measures capture the
longer period effects of ground-motion better, leading to a better description of the
demand hazard. Spectral ordinate-based /Ms, Sa and Sa(avg), are generally the most
used /Ms. Both Sa and Sa(avg) perform similarly well as measured by Dy, providing
the fourth and fifth overall most accurate demand hazard estimates respectively. Sa
provides the most accurate demand hazard estimates when using either the bilinear or

ANN models, and Sa(avg) provides the second most accurate demand hazard estimates
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when using the linear model — after CA V. This supports their continued use throughout

earthquake engineering.
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Figure 4-10: Boxplot showing Dmax for each intensity measure and each seismic
demand model.
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4.6.3 Correlation between the new and existing performance metrics

AS Dnax 1s a direct evaluation of the similarity of risk estimates with a benchmark truth,
comparing Dyax values for each /M with the traditional /M performance metrics can
provide information on the suitability of these commonly used indicators. Linear
regression analyses were carried out between the mean D, value for each /M (using
the linear demand model), and the corresponding mean values of each of the four
previously examined performance metrics. R? values were then calculated to evaluate
the correlation between D, and each of the four metrics. A strong correlation was
found between Dyqx and both efficiency and practicality, with R? values of 0.787 and
0.729 respectively. In contrast, there is little to no correlation between Dj.x and both
sufficiency metrics, with R? values of 0.359 and 0.113 between Dyar and magnitude-

sufficiency, and distance-sufficiency, respectively.

Interestingly, if the inaccurate IMs (i.e., ABDur, AUDur, PGD, and DRMS) are
removed from this correlation calculation, the R? values change considerably.
Efficiency and practicality fall to 0.260 and 0.003 respectively, whilst the magnitude-
sufficiency and distance-sufficiency rise to 0.602 and 0.492 respectively. This indicates
that when considering only accurate IMs, efficiency and practicality are poor predictors
of IM-optimality, and both sufficiency values are acceptable predictors. This suggests
that /Ms that perform well in terms of traditional /M performance metrics do not
necessarily yield accurate demand hazard estimates. It is noteworthy that in the
demand hazard assessment using the conditional demand approach, a very high
number of records (i.e., 1000) has been considered for building the demand models,

which is much higher than the number of records typically used in cloud analysis.
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Thus, it is necessary to evaluate how the obtained results are affected by the number

of records, which is investigated in the next section.

4.7 Sensitivity analysis

To further investigate the optimal /M and demand model combination, a sensitivity
analysis was performed, evaluating how changing the number of ground motion
samples affects the reported D value, for every IM and demand model. For this
purpose, the mean Dy.. was calculated using the risk estimation procedures previously
described, for samples between 50 and 1000 records. Figure 4-11 shows the sensitivity
analysis results for (a) Sa and (b) A/ for all five demand models. The sensitivity of
estimates for these /Ms is considered representative of all other /Ms, except the
displacement (PGD and DRMS) and duration (4BDur and AUDur) based IMs - where
risk estimates remain inaccurate irrespective of the number of samples.
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Figure 4-11: Sensitivity of Dmax to the number of samples used in the risk assessment
procedure. The intensity measures (IMs) used are (a)Sa and (b)AI, which are
considered representative of all accurate IMs.
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As already demonstrated, the empirical model is the superior demand model when all
1000 samples are used, yielding a mean Dy value 8% lower than the next best model
for Sa and 21% for AI. However, for Sa the empirical model becomes less accurate
than the bilinear model when less than 900 samples are used, and this is also true for
AI when less than 700 samples are used. When just 50 samples are used the empirical
model is the second least accurate model for Sa, with the RF model being the least
accurate. Whilst, for 47 when 50 samples are used the empirical model is considerably
the least accurate demand model, with a D value 20% higher than the next worst.
This result is expected as a smaller sample size would mean fewer records in each bin,
thus limiting the methods ability to account for variability in conditional demand and

reducing its accuracy.

The linear model is by far the worst model when all 1000 samples are used; however,
this demand model is very insensitive to the record number, and it is the second best
one for both Sa and A7 when just 50 samples are used. Both machine learning models
and the bilinear models perform similarly with large amounts of samples — in
agreement with Figure 4-10. However, the machine learning models are far more
sensitive and have a large drop in accuracy when using less than 200 samples for Sa,
and 300 samples for A/ - making these methods unsuitable for small sample sizes.
Restructuring, or using more complex architectures for the machine learning models,
may improve the demand estimates at smaller sample sizes. From this sensitivity
analysis it can be concluded that the empirical demand model should only be used
when enough samples are available, otherwise users are recommended to consider a

bilinear demand model when assessing risk.
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4.8 Component damage analysis

To fully demonstrate the impact that both /M and demand model selection has on risk
assessment, the demand hazard estimates are extended to damage estimates on typical
components within the structure under investigation. The FEMA P-58 Normative
Quantity Estimation Tool (FEMA, 2012) is used to populate the structural model with
typical structural and non-structural components, based on the structure’s size and
occupancy. Of these components, damage estimates from two are presented within this
chapter: C2011.001b, a prefabricated steel staircase, and C1011.001a, a wall partition,
both components are affected by /DR. These components are located on the top storey
of the structure. The FEMA P-58 fragility database provides fragility information for
both components — with the fragility curves for each plotted in Figure 4-12. Each DS

is sequential, meaning that each DS can only occur if the preceding one has already

occurred.
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Figure 4-12: Fragility curves for both components under investigation
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Fragility curves are convolved with the demand hazard estimates from Section 4.5.3
to produce estimates of the MAF of exceedance of each DS for each component. This
is repeated for all combinations of /M and demand model, and all 100 sets of simulated
ground motions, allowing the mean result to be plotted along with the corresponding
uncertainties. The unconditional damage estimate is also produced through a

convolution with the fragility curves.

Figure 4-13 presents estimates for the MAF of exceedance of each component’s DSs
using the empirical demand model, as this has been found to be the most accurate when
using all 1000 samples. All except the displacement (PGD and DRMS) and duration
(ABDur and AUDur) based IMs have been plotted on Figure 4-13, with these four /Ms
excluded due to their poor accuracy in terms of demand hazard. The mean damage
estimate for each DS is plotted by the black circle, with error bars denoting the 16
and 84™ percentiles of the mean. The unconditional damage hazard for each DS is
plotted by the solid line (mean) and dashed lines (16" and 84" percentiles) for

comparison against the estimates from the conditional demand models.

These results show how an improper choice of /M can lead to poor estimates of risk,
with the inaccuracies of the demand hazard stage propagated through to the damage
estimates. For instance, acceleration-based IMs (PGA, ASI, and ARMS) overpredict all
DSs for C2011.001b, and DS1 and DS2 of C1011.001a, a result that would not have
been clearly indicated from the demand hazard results and traditional /M performance
metrics. For both components, Sa, A1, and VRMS appear to give the overall most
accurate estimates of damage hazard for each DS — although CAV, CI, and HI give
considerably better damage hazard estimates for DS3 than for DS1 or DS2. This

demonstrates how it is difficult to determine a single comprehensive /M with which to
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perform a risk assessment and reaffirms that it is not necessarily best practice to

determine /M optimality at the demand hazard level.
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Figure 4-13: Mean annual frequency of exceedance of each damage state for both
components using the empirical demand model, with 16™ and 84" percentiles plotted
as error bars. The unconditional estimate is marked by the solid (mean) and dashed
(16" and 84" percentile) lines.

4.9 Conclusions

The impact of the combined selection of intensity measure and seismic demand model
on demand hazard estimates has been evaluated for a mid-rise steel structure. Using a
fictive scenario and stochastic ground motion simulations, we first estimated a
benchmark demand hazard for the system via the unconditional approach, before
making conditional demand hazard estimates based on 15 different intensity measures,
and five conditional seismic demand models using cloud analysis — four developed
through regression and a fifth through an empirical binning technique. Visual

comparisons were made for all 75 demand hazard estimates against the unconditional
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approach, with further investigation performed by evaluating traditional performance

metrics: efficiency, sufficiency, and practicality.

After this we presented a novel performance metric to assess the accuracy of intensity
measures, and demand modelling choices, based on the maximum distance between
the demand hazard estimates obtained using the conditional approach and the
unconditional benchmark. This metric can be applied to any level of a conditional risk
assessment framework, providing the estimates are in the form of frequencies of
exceedance, and could also be used to evaluate a wider range of risk assessment
modelling choices. A sensitivity analysis was performed, using the new metric, to
evaluate how the number of records used within the demand model impacted the
quality of demand hazard estimates. Finally, damage estimates were made for two
typical components to evaluate how the choice of intensity measure and demand model

can impact the latter stages of a loss assessment.

From this study, the following main conclusions can be drawn for the scenario under

investigation:

¢ Intensity measures based on ground displacements and duration performed
consistently poorly at estimating risk.

e Our proposed metric demonstrated that a combination of Arias intensity with an
empirical demand model provided the most accurate demand hazard estimates, but
a more traditional intensity measure such as the spectral acceleration at the
fundamental vibration period of the structure also performed quite well.

¢ Comparing our new measure against the traditional performance metrics indicated

that optimal intensity measures in terms of the traditional performance metrics did
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not necessarily guarantee accurate demand hazard estimates when using a large
set of records for developing the demand model.

The sensitivity analysis revealed that when using more than 700 samples, Arias
intensity with the empirical demand model still provided the most accurate
combination of intensity measure and demand model. Yet, when fewer than 700
records were used the most accurate combination was the spectral acceleration at
the fundamental vibration period of the structure alongside a bilinear seismic
demand model.

For all intensity measures, the empirical demand model was superior when sample
sizes were large. However, if very few records were used to develop the demand
model, the bilinear model provided the best demand hazard estimates.

Ground acceleration-based intensity measures were found to be poor estimators of
the damage state, whilst spectral acceleration and Arias intensity continued to

perform well.

It is important to caveat the findings of this study due to its relatively narrow scope.

Only two components are considered that are both affected by the same single demand

parameter, in one structure, and results from other types of demand models are not

evaluated i.e., through incremental dynamic analysis or multiple stripe analysis. A

different demand model and intensity measure combination may be optimal when

considering a different risk assessment context; likewise, the intensity measures shown

to be inaccurate within this scenario may perform better in another. Further research

would be needed to make more generalised conclusions on the ability of different

combinations of intensity measures and demand models to estimate seismic risk. This

study has, however, demonstrated the importance of selecting both the intensity
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measure and the demand model in a joint fashion, and has presented a clear method of

doing this that can easily be applied to different contexts.

It is noteworthy that the bilinear model is a rational choice for representing the
variation of the seismic demand with the intensity measure when considering
structures whose response is dominated by the first mode of vibration and exhibits a
clear transition between a linear and nonlinear phase (as could be inferred from the
capacity curve plot of Figure 4-4). In these cases, the intensity measure value
representing this transition is the intensity that corresponds to the yielding of the

system (e.g., Freddi et al., 2017; Tubaldi et al., 2016).

In conclusion, it is essential that the optimal combination of conditioning intensity
measure and seismic demand model are selected to ensure earthquake losses are
accurately described. The approach presented in this study provides an objective way
of choosing the most appropriate combination of intensity measure and seismic

demand model for any seismic risk and loss assessment.
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5 Covariance structure modelling of engineering
demand parameters in Cloud-based seismic

analysis

This Chapter has been adapted from:

Rudman, A., Tubaldi, E., Gentile, R., Douglas, J. 1 Covariance Structure Modelling
of Engineering Demand Parameters in Cloud-Based Seismic Analysis. Earthquake
Engng Struct Dyn. [Submitted]

Probabilistic seismic demand modelling aims to estimate structural demand as a
function of ground motion intensity- a critical stage in seismic risk assessment.
Although many models exist to describe the structural demand, few consider the
covariance among engineering demand parameters (EDPs), potentially overlooking a
key factor in improving the accuracy of these models. This chapter aims to investigate
the impact of heteroscedastic covariance models on seismic demand hazard and loss
estimates, using an illustrative example of a mid-rise steel structure, a hypothetical
seismic source model, and a non-stationary stochastic ground-motion model. Cloud
analysis is performed to establish median demand estimates using a linear model, a
bilinear model, and a Gaussian process regression (GPR) model. Various seismic
demand and loss estimates are produced from combinations of four variance and four
correlation models, which consider both homoscedasticity and heteroscedasticity.
Heteroscedastic models include a step-model, a linear regression-based model, and a
model using another GPR. Earth mover’s distance is used as a metric to assess the
accuracy of each estimate against a benchmark solution obtained via an unconditional
approach (i.e., empirically estimating demand exceedance frequencies from simulated
ground motion time-histories). The study shows that using more complex,
heteroscedastic variance models improves risk and loss estimate accuracy, with the
GPR-based variance model proving the most accurate. Although the method used to
account for correlation has a smaller impact on model accuracy, considering
correlation is also important for covariance formulation, as models that ignore
correlation yield the least accurate seismic demand and loss estimates.
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5.1 Introduction

The creation of an accurate PSDM is a key step in seismic risk assessment (e.g.,
Gentile & Galasso, 2020; Scozzese et al., 2020; Tubaldi et al., 2016). PSDMs establish
a statistical relationship between one or more ground motion intensity measures (/Ms)
and engineering demand parameters (EDPs), such as drift, acceleration, and
displacement, within the framework of PBEE. Several methods have been established
to create PSDMs, most notably IDA, MSA, and Cloud analysis (e.g., Bradley, 2013).
IDA involves scaling a set of ground motions to varying /M levels and plotting the
structural demand until collapse (Vamvatsikos & Cornell, 2002). MSA differs from
IDA in that multiple sets of ground motions are used for each /M level to reduce the
use of scaling (e.g., Scozzese et al., 2020). Finally, Cloud analysis utilises a large set
of natural, unscaled ground motions to fit a regression between /M and EDP, thus

eliminating the need for record scaling (e.g., Mackie & Stojadinovic, 2005).

The simplicity of the Cloud-based approach makes it attractive in risk assessment
practice, as it is easy to establish a demand model without having to scale ground
motions. This is preferable as scaling ground motions can distort the characteristics of
natural ground motions and introduce bias into risk estimates, if an inappropriate
ground motion selection method is chosen (e.g., Whittaker et al., 2011). Typically,
Cloud analysis models assume a linear relationship between the logarithms of /M and
EDP (e.g., Cornell et al., 2002). However, recent research has shown that a bilinear fit
could improve the accuracy of Cloud analysis PSDMs (e.g., Freddi et al., 2017;
O'Reilly & Monteiro, 2019; Rudman, Tubaldi, et al., 2024; Tubaldi et al., 2016). The
benefits of the bilinear demand model are evident as the second branch of the model

can account for the change in demand once the structure enters the nonlinear demand
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range, providing a physical meaning behind the mathematical function (e.g., Tubaldi
etal., 2016). There is also evidence that more complex fitting techniques, such as GPR,
could further enhance Cloud analysis models (Rudman, Tubaldi, et al., 2024). One
downside of the Cloud-based approach is that it requires many ground motions to be
accurate (e.g., Gehl et al., 2015; Jiang et al., 2023). However, the use of simulated
ground motions can overcome this issue by providing an efficient way to establish
sufficient samples to explore the full capabilities of a Cloud analysis model (e.g.,

Rudman, Douglas, et al., 2024; Rudman, Tubaldji, et al., 2024).

In an ideal world, sufficient ground motions and computational power would exist that
a PSDM would not be needed at all when assessing seismic risk. Instead, a structure’s
demand could be fully characterised using an unconditional method. This is where
direct observations of a system’s demand to ground motions are used to estimate the
rate of exceedance of some threshold — again meaning that record scaling is avoided.
One drawback of the unconditional approach is that it requires a sufficiently large
database of appropriate ground motions to be considered accurate. Nevertheless,
Rudman, Douglas, et al. (2024) have demonstrated that unconditional methods can
already provide accurate estimates using existing ground motion databases through
their observation-based hazard assessment approach. Moreover, simulated ground
motions can compensate for a lack of available data, facilitating the unconditional
method and creating a benchmark to validate probabilistic “conditional” approaches
(i.e., estimating risk through a series of intermediate conditional probabilities, as is
done in PBEE-based risk assessments) (e.g., Rudman, Douglas, et al., 2024; Rudman,

Tubaldi, et al., 2024; Scozzese et al., 2020).
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Whilst few studies have considered different methods of modelling the variance within
a PSDM (e.g., Bradley & Lee, 2010; Rossetto et al., 2016), to improve accuracy, the
additional consideration of covariance among EDPs is a less studied topic, likely due
to the perceived increase in complexity and computational demand of correlation
modelling (e.g., Bradley & Lee, 2010). Covariance amongst EDPs can be accounted
for by combining the variance of the individual EDPs with the correlation structure of
the EDPs to produce the covariance structure, which can then be used within a joint
probability distribution (e.g., Bradley & Lee, 2010). The interactions among EDPs can
vary considerably at different seismic intensities and could have a significant impact
on the accuracy of PSDMs, and consequently, the accuracy of seismic demand and
loss estimates (e.g., Bradley & Lee, 2010; Du & Padgett, 2020). Thus, better
accounting for the covariance structure of EDPs is important, as it enables more
accurate quantification of the probability of damage and associated losses (e.g.,

Cremen & Baker, 2018).

Table 5-1 summarises previous research efforts that have explicitly accounted for the
correlation amongst EDPs as part of the risk assessment process. Out of the 17 studies
considered, seven use a heteroscedastic covariance term (i.e., the covariance changes
in response to an explanatory variable, usually the /M). Interestingly, Kang et al.
(2023) considered a heteroscedastic covariance term using structural characteristics,
such as the first mode period and damping ratio, as predictors instead of the /M. Nine
studies incorporated a homoscedastic correlation term into their demand model — the
covariance is constant. Jayaram et al. (2012) reported that the correlation between
EDPs with respect to IM level was not significant enough to justify using a

heteroscedastic correlation matrix term for the six tall buildings considered within their
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study (four steel moment resisting frames and two concrete frames). However, the
authors state that this could be due to the small number of ground motions used within
the study. Only one study by Du and Padgett (2020) compared the impact of
considering both homoscedastic and heteroscedastic covariance models on a 3-span
concrete girder bridge. The study concluded that their homoscedastic covariance
model was optimal for the site under investigation, as fragility estimates from the
model were comparable to those from a heteroscedastic model and were far less
computationally expensive. The choice between homoscedastic and heteroscedastic
residual analysis is especially relevant for bilinear Cloud analysis models, as
combining residuals from both segments into one could be considered an
oversimplification. This idea is explored by Tubaldi et al. (2016) who considered a

bilinear variance term alongside their bilinear Cloud analysis model.

Seven of the 16 studies created their PSDM through IDA or MSA. Many of these
studies are reliant on record scaling to derive demand models and covariance matrices.
A Cloud analysis-based approach to demand modelling would avoid the issue of record
scaling. However, PSDMs based on IDA and MSA are not necessarily applicable to a
Cloud analysis approach. There is limited research on the development of correlation
models for direct use within Cloud analysis-based demand models. Only the studies
by Minas et al. (2018) and Du and Padgett (2020) develop a heteroscedastic correlation
model using a Cloud analysis-based approach. The latter opt to recommend a
homoscedastic model over their heteroscedastic one, whereas the former recommends

their heteroscedastic approach.

Three studies employed copulas to construct the joint probability distribution of the

correlated EDPs (Goda & Tesfamariam, 2015; Qian & Dong, 2022; Zhou & Li, 2019)
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at various fixed intensities. Copulas are not adopted in this study, since modelling a
multivariate normal distribution represents a direct extension of current risk
assessment practice, and because the assumption of a lognormal relationship between
seismic intensity and structural demand is already well established in PBEE (e.g.,
Baker, 2015; Ge et al., 2021). However, it is worth highlighting that there has been
little to no comparison on the performance of copula-based approaches to demand

modelling against alternative methods (e.g., multi-output GPR).

Finally, only two studies attempted to validate their PSDM that incorporates
correlation. Lupoi et al. (2006) validated their EDP-correlated fragility functions by
comparing the ultimate limit state fragility function against empirical fragilities at four
IM values, which are calculated by performing a Monte Carlo procedure on several
nonlinear time history analyses at each /M level. Yi and Taflanidis (2025) validated
their stochastic emulation model by comparing response distribution estimates against
a reference sample that follows a lognormal distribution. However, to the authors’
knowledge, no other study has attempted to compare their correlation model against

an unconditional (i.e., Monte Carlo-based) risk benchmark.
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Table 5-1: Summary of studies incorporating EDP correlations into their risk estimates. L = loss estimates, F = fragility curves, R =
structural demand estimation, Dam = damage estimates, Dem = demand hazard estimates

Heteroscedastic Analysis Suitable for
Study Structural model
correlation? output Cloud analysis?

Aslani and Miranda (2005) v 7-storey RC frame (hotel) L X
Nielson (2005) X Portfolio of multi-span bridges F v
Luco and Cornell (2007) X 3,9 & 20-storey steel MRF R v

11-span continuous beam bridge & 3-storey RC
Lupoi et al. (2006) v F X

frame
Bradley and Lee (2010) v 10-storey RC frame (office) L X
Jayaram et al. (2012) X 6 x tall buildings (20, 40, and 42 storey) L v
Ghosh et al. (2014) X City-scale bridge/transportation network F v
Goda and Tesfamariam (2015) X 4-storey non-ductile RC frame L X
Wang et al. (2018) X Multi-span continuous RC bridge F v
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Minas et al. (2018)
Zhou and Li (2019)
Du and Padgett (2020)
Bandini et al. (2022)
Qian and Dong (2022)
Kang et al. (2023)
Zhong et al. (2023)

Yi and Taflanidis (2025)

N x X

2 x 4-storey RC MRFs
two-span RC continuous girder-box bridge
3-span simply supported concrete girder bridge

Continuous concrete girder bridge
Portfolio of multi-span RC bridges
Regional assessment of a virtual city
3 x MDOFs

3-storey RC MRF

Dem

x N NS

\

115



Therefore, this study seeks to fill these knowledge gaps by pursuing the following

three aims:

1. To evaluate the impact of modelling covariance among EDPs within Cloud
analysis-based PSDMs on seismic demand and loss estimates.

2. To compare the influence of homoscedastic and heteroscedastic assumptions on
Cloud analysis-based PSDMs and their subsequent effect on seismic risk
estimates.

3. To develop and demonstrate an approach for validating conditional risk models

that account for covariance among EDPs, using an unconditional benchmark.

To meet these objectives, both homoscedastic and heteroscedastic approaches are
considered, using the interstorey drift ratio (/DR) and peak floor acceleration (PFA) as
the EDPs, which are calculated from structural analyses on a benchmark building
widely employed in PBEE studies. This research is done in the context of a
hypothetical site that utilises simulated ground motions from a non-stationary
stochastic ground motion model. This enables the establishment of a benchmark risk
estimates created via the unconditional approach, allowing validation of the developed

conditional risk models.

Within this chapter, Section 5.2 describes the methodology of developing covariance
and risk models that consider the relationship among EDPs. The hypothetical SSM
and the structural model employed as a case study are presented in Section 5.3, with
results presented and analysed in Section 5.4. Finally, a sensitivity analysis on the
number of samples used to create different covariance models is carried out in Section

5.5 to explore how these models may perform in the face of the limited availability of
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ground motion records for Cloud analysis. The study findings highlight both the
individual importance of accurately modelling median demand, variance, and
correlation, as well as the interplay between each model in creating the most precise

risk estimates possible.

5.2 Methodology

Figure 5-1 visualises the workflow to obtain demand hazard estimates from both
unconditional and conditional approaches, as well as demonstrating how the demand
hazard estimates can be extended to evaluate the structural losses on a multi-storey

structure, which is the focus of this study.

Inputs Outputs
[
- Stochastic
Seismic Ground . . |Hazard Curve
Source > X —>
Model Motion : . A(IM)
Simulation N
g Demand Assessment P(EDP|IM)
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: NEDP)
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Model .
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Story loss | @ | Repair cost 7 ”| Loss Curve
function : estimate A(DV)

A 4

Figure 5-1: Methodology workflow to estimate demand hazard and losses via
unconditional (for validation, red) and conditional (black) approaches.

The unconditional approach to estimating demand hazard, demonstrated by the red
workflow in Figure 5-1, can be mathematically represented, alongside an importance

sampling procedure, by Equation 4-2 (e.g., Bradley et al., 2015; Jayaram & Baker,
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2010). As indicated in Figure 5-1, in this study, the unconditional method can only be
used to calculate the demand hazard on the structure; as such, it is treated in the same
manner as the conditional approach when extended to estimate losses to the structure.
Although it is an alternative to the conditional approach, in this study the unconditional
approach is used to create a benchmark risk estimate through direct observation of the
case study structure’s demand, which can act to validate the calibrated conditional risk

models.

Conditional approaches to estimating demand hazard and losses first require the
development of seismic hazard curves, which describe the MAF of exceeding an /M.
These are created in this study through Monte Carlo hazard assessment (e.g., Musson,
2000) with importance sampling. Next, a demand assessment is performed using a
Cloud analysis approach (e.g., Bradley, 2013), where in this study, a variety of PSDMs
are created that consider different formulations of the covariance structure. This
demand assessment is then used to estimate demand and losses to the structure. In this
study, losses are estimated in the form of direct repair costs, using storey loss functions
(e.g., Papadopoulos et al., 2019; Ruiz-Garcia & Miranda, 2010). This forms a simple
extension of the demand hazard estimation workflow, allowing the full impact of

considering different covariance models for demand estimation to be seen.

The following sections outline the methodology of creating these covariance models
(Section 5.2.1), after which the process of estimating demand hazard and loss estimates
is presented in Section 5.2.2. Finally, a procedure to compare conditional risk estimates

against unconditional benchmark estimates is presented in Section 5.2.3.
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5.2.1 Demand assessment

This section presents the process of creating demand models within a Cloud analysis
framework that accounts for the covariance amongst EDPs typically used to compute
losses for a building structure. First, linear, bilinear, and GPR models are created to
estimate the median demand of each EDP. Next, the variance and correlation models
for each of the EDPs are established and then combined to estimate covariance.
5.2.1.1 Median demand model

Linear, bilinear, and GPR median demand models are created for the /DR and PFA at
each level of the structure using Cloud analysis, from the nonlinear time history
analyses output. These EDPs were selected as they can be considered sufficient for
representing the damage to structural and non-structural components within the
building, respectively (e.g., Miranda & Aslani, 2003; Taghavi, 2003). It is important
to note that this process can be easily expanded to include other EDPs (e.g., peak floor
velocity and residual drift) to shed light on other forms of damage and losses. The
functional form of the linear model is presented in Equation 5-1. The bilinear models

follow the functional form of Tubaldi et al. (2016), and are provided in Equation 5-2:

In(EDP) = a, + by In(IM) (5-1)

(5-2)

where a4, by, a,, b, and H; are coefficients fit by the regression model that control
the intercept (a) and slope (b) of the first and second segments, respectively, whilst H;
is a step function to determine which branch of the bilinear model /M lies in. IM*

identifies the breakpoint between the two branches, corresponding to the yielding of

the structure and evaluated as the yield strength of the structure normalised by the
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structure’s weight and assessed to be 0.3g from pushover analysis (e.g., O'Reilly &
Monteiro, 2019), or fitted through regression analysis (e.g., Tubaldi et al., 2016). As

these equations are for the median of the demand, model error is not considered here.

The GPR modelling of the median demand uses a squared exponential kernel function;
all other hyperparameters within the GPR are optimised using a Bayesian optimisation
algorithm (e.g., Snoek et al., 2012). The squared exponential kernel function - a
popular choice for GPR (e.g., Gentile & Galasso, 2022) - is selected since it reflects
the “stability” of the involved physical quantities (i.e., a small perturbation of the input
parameters produces a slight change in the output parameters). For simplicity, the
kernel length scale is also optimised, meaning the model for each EDP has a separate

length scale value.

While other machine learning methods (e.g., artificial neural networks and random
forest regression) could be investigated within the context of this study, GPR was
selected due to its recognised stronger performance on small datasets, reduced reliance
on heuristic hyperparameter tuning, and smoother response output (Rasmussen &
Williams, 2005). Moreover, Rudman, Tubaldi, et al. (2024) showed ANNs and random
forests (based on a linear PSDM approach) to be less effective than a bilinear approach
to modelling demand. As such other machine learning techniques are not considered
within this study.

5.2.1.2 Covariance model

Covariance models are created through residual analysis of each demand model,
combining separate models for the variance and correlation of residuals into one

structure. This study considers variance and correlation modelling separately, rather
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than directly estimating the covariance, as it provides greater flexibility to model the
variance and correlation components separately. In fact, previous research has already
demonstrated the benefits of a heteroscedastic variance term (e.g., Du & Padgett,
2020); however, a heteroscedastic correlation term may not be preferable (given the
expected low impact of the correlation model on results), so this approach allows every
combination of variance and correlation model to be tested together to find the most

accurate covariance model.

Variance models are first created through residual analysis of each median demand
model. The homoscedastic variance models are made by finding the total standard
deviation of residuals from each demand model. A step-model of the variance,
consisting of a two-segment homoscedastic model where the segment break is
determined by IM* is also developed by calculating the standard deviation of residuals

for each segment of the bilinear demand model.

Heteroscedastic variance models are created by dividing all residuals into 25 equally
sized bins according to their /M and calculating the standard deviation of residuals in
each of these bins. The number of bins is selected as it finds a good balance between
practicability and accuracy when creating the risk assessment. Two heteroscedastic
models for describing the variance are created through regression, with /M as the
predictor and the standard deviation of residuals as the response variable. The first
model is a linear regression, with functional form and fitted coefficients presented by

Equation 5-3:

o =c+cIn(IM) (5-3)
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where ¢ is the standard deviation of residuals and c¢; and c, are coefficients fitted
through the regression. The other heteroscedastic model used is a GPR, established in

the same fashion as for the median demand model for consistency.

Next, correlation models are established in a similar manner to the variance models.
Homoscedastic correlations are simply the correlation among all residuals, whereas
step-model correlations are the correlations among residuals on either side of /M*. The
data used for heteroscedastic modelling of correlations are derived using the same
binning procedure as described for the variance models, but the correlation of residuals
in each bin is calculated instead of the standard deviation. Both a linear regression and
GPR (with the same setup as for the median and variance models) are fit for every
element of the correlation structure, using /M as the predictor. This creates 36 models,
one for every element within the correlation structure (formed of the correlation among
the six considered EDPs), but only 15 of these models are unique due to the symmetry
of the correlation structure and perfect correlations between the same EDPs.
Additionally, this study considers correlation structures that account for full
correlation (referred to as LB — lower bound) and no correlation (referred to as UB —
upper bound). These can effectively act as upper and lower bounds of the fragility

estimates.

Finally, covariance models are established by combining the variance models for each

EDP and the correlation structure among EDPs as per Equation 5-4:

S(IM) = o(In(IM))p(In(IM))a(In(IM)) (5-4)

where XZ(IM) € R%*? is the covariance matrix among EDPs at IM, o(In(IM)) €

R%* is a diagonal matrix containing the standard deviation of each EDP at IM on the
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diagonal, p(In(IM)) € R%*4 is the correlation matrix among EDPs at IM, and d is the
number of £DPs under consideration. The flexibility of this modelling approach means
that combinations of each variance and correlation model can be tested together.
Covariance models that exclusively use the homoscedastic terms, or the step-model
terms, are the equivalent of estimating the covariance of the residual terms directly,
either for all the residuals in the case of the purely homoscedastic term, or for each

segment of the bilinear model, when using the step-model terms.

5.2.2 Demand and loss hazards

With median and covariance models established, it is now possible to estimate the
demand hazard curves, expressing the MAF of exceedance of various EDP levels, for
all considered EDPs. Since multiple EDPs are considered, demand estimates at a given
intensity level are made by combining median demand estimates with each considered
covariance model to define a multivariate lognormal distribution with probability
density function (PDF) as per Equation 5-5 (with the dependency on /M level not made
explicit):
flxlw2) = % e 20 TE T ) (5-5)
|Z|2(2m)2

where, x € R? is the vector of EDP thresholds under consideration, u € R% is the
vector of median EDP values returned from the Cloud analysis model, X € R%*%is the
covariance matrix as described in Section 5.2.1.2, and d is the number of EDPs under
consideration. Demand hazard is then estimated through the convolution of the hazard
curves and calculated fragility curves (e.g., Baker et al., 2021), which describe the joint

CCDF of EDPs conditional on the /M.
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The probabilistic distribution of the seismic losses can be estimated using storey loss
functions. In this work, recourse is made to the loss functions developed by
Papadopoulos et al. (2019), which are generalised for use within a PBEE formulation
and are suitable for typical steel moment resisting frame office structures, such as the
case examined here. In total, six storey loss functions are used, which describe groups
of IDR-sensitive structural components, /DR-sensitive non-structural components,
PFA-sensitive non-structural components at the ground, roof, and intermediate
storeys, respectively, and finally the contents of the structure. The functional form of

these storey-loss functions is described by Equation 5-6:

EDP“ EDPY
Crepair(EDP) = MaxCost |e -————+ (1 —¢)

B + EDP< 8Y + EDPY (5-6)

where, Crepqir 15 the estimated repair cost of the storey, MaxCost is the total

replacement cost associated with the component group, and €, a, [, y, and § are
coefficients fit through regression. Papadopoulos et al. (2019) report coefficient values
for each of these parameters, including MaxCost, which can additionally be
customised by the user to refine repair cost estimates further if more specific data were
available. Repair cost estimates returned from the storey loss functions are per 100m?
of the storey; as such, the estimated repair costs are scaled to represent the full size of
the structure under investigation. The total building repair cost is simply the sum of all
six storey loss functions. Finally, the seismic loss hazard curve (i.e., the MAF of
exceeding various loss levels) is made through the convolution of the hazard curve
with the vulnerability curves, which describe the CCDF of repair costs conditional on

the IM.
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5.2.3 Evaluating the accuracy of demand and loss estimates

Aside from visual comparison, it is also possible to quantify the accuracy of demand
and loss hazards against the unconditional estimate. For this purpose, this study
proposes the Earth Mover’s Distance (EMD) metric, also known as the Wasserstein
distance (e.g., Rubner et al., 1998). EMD is essentially the minimum amount of work
required to change one CDF into another, benchmark CDF, and is calculated via

Equation 5-7:

EMD = f |Fref(X) — Fose(X)| dx (5-7)

where F,..r(X)is the reference CDF, and F,s.(X) is the estimated CDF. As losses and

demand hazard are in the form of MAF of exceedance, an additional step is needed to
reach the CDF form required for evaluating EMD. To overcome this, a MAF of
exceedance is converted to an annual probability of exceedance using Equation 3-3,

assuming that the exceedance events follow a Poisson process.

EMD has previously been used within the earthquake research (e.g., Li et al., 2023;
Weatherill & Lilienkamp, 2023), although not for this specific application. Other
commonly used metrics for assessing the accuracy of seismic risk estimates are the KS
test (e.g., Stephens, 1974) and relative entropy (e.g., Tsioulou & Galasso, 2018) — also
known as the Kullback-Leibler divergence. This study prefers EMD because it is more
sensitive to the tails of the distribution than the KS test, which makes it more effective
at capturing extreme values (e.g., low-probability events that cause high /DR values)
that the KS test might overlook. This means that EMD is a better test to perform when
the distributions being assessed are very similar to the benchmark distribution, as is

the case in this study. Additionally, EMD is preferred over relative entropy because it
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is conceptually and computationally easier to estimate an empirical CDF from risk
estimates rather than a PDF, which is required for the relative entropy test. Finally,
EMD outputs a metric that allows evaluation of deviation from the benchmark and the
magnitude of this deviation. Whilst the KS and relative entropy tests are hypothesis
tests which can only determine deviation from the benchmark. This makes EMD a
better performance metric as it allows easier comparison of multiple models to the

benchmark distribution.

5.3 Seismic source model and structural model

To evaluate the demand of the structure, using the approach described above, a
hypothetical SSM similar to that of Rudman, Tubaldi, et al. (2024) is established as a
case study. This model consists of a circular source zone of radius 100km, and two
linear faults of length 40km and 20km, with the non-stationary stochastic model of
Fiorentino et al. (2025) used to generate realistic ground motions. Simulated ground-
motion “recordings” are generated for a single station at the centre of the circular
source zone. The location and details of each of these seismic sources are shown in

Figure 5-2.

All earthquakes in the SSM follow the Gutenberg-Richter relationship with a
minimum magnitude of 5 and 5=1.0; the maximum magnitude and the a-value for each
source are provided in Figure 5-2. Compared to Rudman, Tubaldi, et al. (2024), larger
maximum magnitudes are selected to create a greater structural demand within the
study structure, allowing for a more thorough investigation into the modelling of the
nonlinear demand range. These large magnitudes align with the stochastic model
selected (Fiorentino et al., 2025). In total, 100 sets of 1,000 magnitude-distance pairs

are sampled at the site of interest using an importance sampling procedure (e.g.,
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Jayaram & Baker, 2010), with ground motions simulated from these. The large number
of ground motions being simulated enables a fully detailed residual analysis to be
carried out, allowing for a proper examination of the correlation among EDPs within

the structure.

Areal source Fault A Fault B

Radius = 100km Length = 40km Length = 20km

Stress drop = 80bars Distance from centre = 20km Distance from centre = 20km

Magnitude =5.0- 7.8  Stress drop = 40bars Stress drop = 160bars

a=45 Magnitude = 5.0 - 7.25 Magnitude = 5.0 - 7.25
a=40 a=3.0

Figure 5-2: Seismic source model for the site of interest.

The structural model employed is replicated from the SAC phase 2 steel project (SAC,
1994). This is a well-studied structure with numerous previous applications in the
literature, making the validation of the created model easier. It is a typical three-storey
office building designed to the local code for Los Angeles (UBC, 1994) using post-
Northridge connections. The front elevation of the structure consists of three moment-
resisting bays and one simply supported bay, all of which are 9.15m in width, with
each storey measuring 3.96m in height. Both the plan and front elevations, as well as
the steel member sizes of the structure, are provided in Figure 4-3. For more
information on the structure, see Barroso and Smith (1999), Gupta and Krawinkler

(1999), Ohtori et al. (2004), and Rudman, Tubaldi, et al. (2024).

The structure is modelled in OpenSees (Mazzoni et al., 2006; McKenna, 2011) via the
open-source Frame-Modeller 2D software (Elkady, 2022), which facilitates modelling

and analysis in OpenSees. However, for this study, Frame-Modeller 2D was only used
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for model development, with the output structural model used directly in OpenSees
and MATLAB (The MathWorks Inc., 2023) for structural analysis. Modelling details
and assumptions are provided in Rudman, Tubaldi, et al. (2024), as well as Section
4.3: with numerical models publicly available via a Zenodo repository (Rudman,

2026).

The first, second, and third structural periods of the model are 1.00s, 0.30s, and 0.14s,
respectively, and the associated mass participation percentages are 82.15%, 14.03%,
and 3.75%, respectively. The static pushover curve of the structure is presented in
Figure 5-3a, where roof drift (roof displacement normalised by the total height) is
plotted against normalised base shear (the base shear divided by the structure’s self-
weight). The pushover curves derived by Barroso and Smith (1999) and Gupta and
Krawinkler (1999) are also plotted in Figure 5-3a for comparison. As vibration periods,
participation mass factors, and static analysis results are in good agreement with the
literature (e.g., Barroso & Smith, 1999; Gupta & Krawinkler, 1999), it can be assumed

that the structural model is sufficiently accurate.

For compatibility with the study of Barroso and Smith (1999), 2% damped spectral
acceleration (S,) at the fundamental period of the structure was selected as the /M
within this study. S, was also identified as an accurate /M to use alongside a bilinear
demand model when assessing seismic risk (Rudman, Tubaldi, et al., 2024). Further
validation of the results was completed by visually comparing /DR values generated
through OpenSees analyses with those presented in Barroso and Smith (1999). The
close agreement of /DR values at similar /M levels between each model (as presented
in Figure 5-3b) suggests that the model created within this study is sufficiently

accurate.
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Figure 5-3: (a) Static pushover curve of the case study structure; (b) a Cloud of points
returned from structural analyses compared against those from Barroso and Smith
(1999), best fit lines are also presented.

5.4 Results

First, the developed demand models that account for covariance amongst EDPs are
presented; this includes the median demand estimates (Section 5.4.1), variance
estimates (Section 5.4.2), and correlation estimates (Section 5.4.3). For brevity, only
the variance and correlation models that correspond to the bilinear median demand
estimates are presented. Next, demand hazard estimates from all developed risk
models are presented and compared (Section 5.4.4). Finally, loss estimates are

evaluated in Section 5.4.6.

5.4.1 Median demand models

Figure 5-4 presents the /DR and PFA values at all three levels of the structure, returned
from nonlinear time history analysis on the structural model using one set of records.
The figure also presents the three developed models of the median demand: the linear

regression model, the bilinear regression model, and the GPR model.

The clear benefit of the bilinear model over its linear counterpart can be seen in Figure

5-4, as it accounts for the obvious change in slope that occurs when the structural
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demand enters the nonlinear phase, visually appearing to fit the data at all storeys for
IDR. The GPR median demand model also fits the data well, with a smoother function
accounting for the change in slope as the structure yields. The linear model appears to
be an adequate fit for /DR at all S, values; however, for PF4, it overpredicts the system

response at higher Sa values, as the acceleration response flattens out after yielding.

10™"

IDR [%)]
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Figure 5-4: Median demand models for all engineering demand parameters (EDPs)
considered within this study. Note, the subscript attached to the EDP name refers to
the level within the structure.

5.4.2 Variance models

Figure 5-5 shows the standard deviation of residuals evaluated for each /M bin,
computed for the bilinear median demand model. The homoscedastic model, step-
model, and two heteroscedastic models (linear and GPR) are also plotted on this figure,
fitted from the residuals of the bilinear median demand model. The homoscedastic

variance model is not suitable for capturing the changing variance of /DR residuals as
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IM increases, as it overpredicts the residual standard deviation for all /M values below
IM* and underpredicts the standard deviation of residuals above /M*. This model

provides a much better fit for PFA4 at all three levels of the structure.
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Figure 5-5: Variance models for all engineering demand parameters (EDPs)
considered, using the bilinear median demand model. A logarithmic scale on both x
and y axes to prevent negative standard deviation predictions. Note, the subscript
attached to the EDP name refers to the level within the structure.

Both heteroscedastic models appear to better fit the standard deviation of residuals,
with the GPR fully capturing the changing variance due to /M for all considered EDPs.
The ability of the step-model to have two different variance values, depending on the
segment of the median model, means that the residual standard deviation yields better
variance estimates than the purely homoscedastic model, although not as accurately as
either of the heteroscedastic variance models for the /M values considered. A benefit

of the step-model is that it continues to generate realistic values of standard deviation
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even when extrapolation is required, unlike both heteroscedastic models (the GPR

model in particular), which are unbounded for /M values outside the considered range.

5.4.3 Correlation models

Figure 5-6 presents the correlation between each EDP considered as /M increases, as
well as the homoscedastic, step-model, and both heteroscedastic models fit to these
correlation values, for the bilinear median demand model. There is an apparent
increase in correlation amongst /DR values between each floor of the structure as S,
increases. This is because the increasing damage in the structure is spread across each
level, which in turn reduces the importance of higher modes, allowing the
monotonically curved “inelastic first mode shape” to dominate the behaviour. In
contrast, there appears to be little change in the correlation amongst PF4 values as S,
increases since the shape of the maximum acceleration profile remains constant. Cross-
correlation between /DR and PFA appears to decrease with seismic intensity for /DR
at the first and third storeys. This makes sense as the variance of /DR dramatically
increases after /M*, whilst there is little change in the PFA. However, there is little
change in correlation with /M between PFA and IDR on the second floor of the
structure; this is likely because the second-storey PFA is more affected by the higher

structural modes than the other two storeys.
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Figure 5-6: Correlation models under investigation. Only the lower half of the correlation structure is shown due to symmetry. Note, the
subscript attached to the engineering demand parameter name refers to the level within the structure
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Due to the limited variation in inter-PFA correlation, the homoscedastic model fits
well. However, it does not suitably represent the rest of the correlation structure as S,
increases. This suggests that taking a purely homoscedastic approach to correlation
modelling may not be appropriate for modelling the dependence between EDPs and
thus cause inaccuracies in seismic risk estimates. All other models are a good match
to the changing correlation structure along with S,. The step-model fits the changing
correlation structure well, especially for the cross-correlation between /DR and PFA,
where a decrease in correlation is observed at /M*. Both heteroscedastic models fit the
correlation data well, with the GPR visually outperforming the linear regression model
as it is flexible enough to cope with the differing relationship between each element of
the correlation structure as S, increases. This is well demonstrated by the flatter shape
of the model describing the correlation between the second and third floor PFA
compared to the curved model representing the relationship between the second and

third floor /DR.

5.4.4 Demand hazard

The demand hazard curves for the various EDPs of interest are estimated by
considering all combinations of median demand models and covariance models, and
averaging results obtained for 100 sets of ground motions. Figure 5-7 presents the
mean demand hazard for each of the covariance models under investigation for the
bilinear median demand model, with demand hazard results for the linear and GPR
median demand models presented in Appendix A. All results are compared against the
corresponding unconditional benchmark hazard estimates. Visual comparisons of
these mean risk estimates suggest that, in general, the bilinear median demand model

provides the most accurate risk estimates, as it appears to follow the contours of the
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unconditional estimate the most successfully, with results from the GPR median
demand model performing similarly well. The demand hazard estimates from the

linear median demand model are consistently poor.

This result aligns with the study of Rudman, Tubaldi, et al. (2024), which found that
using other machine learning-based methods of median demand modelling, namely a
RF regression and ANN model (with a homoscedastic variance model), did not
improve the accuracy of response estimates with respect to the bilinear median demand
model — albeit using the step-model for variance. This is likely due to the bilinear
model's ability to produce reasonable, physically based estimates of the case study
structure’s response across the entire domain of seismic intensity. Whereas machine
learning models are liable to poorly extrapolate outside the range of their training
dataset. With respect to this study, future work could investigate the development of a
more suitable kernel for use within the GPR demand model, as this could improve the

model’s robustness to extrapolation and its ability to estimate seismic demand.

Increasing the complexity of the variance model used can clearly improve the accuracy
of risk estimates. Although the choice of correlation model appears to have little
impact on the overall risk estimates presented in Figure 5-7, ignoring correlation (by
using the UB model) overestimates the demand hazard for all variance models. This
suggests that considering correlation does improve risk estimates, but that the method
of accounting for correlation may not be crucial. It is worth noting that no conditional
demand model provides a perfect match to the unconditional hazard estimates:
increasing the complexity of the median demand model used may be able to improve

upon this.
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Figure 5-7: Mean demand hazard estimates made with the bilinear median demand model and all associated covariance models via the
conditional method (solid lines) compared against the unconditional benchmark (dashed lines).
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5.4.5 Comparing demand hazard results

Figure 5-8 presents the EMD values for risk estimates from all considered median
demand and covariance models across all 100 sample sets. In general, this test reveals
that the bilinear median demand model yields the most accurate risk estimates, while

the linear median demand model provides the least accurate estimates.

The benefit of accounting for correlation amongst EDPs can be clearly seen from
Figure 5-8, with the UB model being the least accurate for each of the variance models
considered, for both the bilinear and GPR median demand models. Moreover, the least
accurate demand hazard estimate from these two median demand models is composed
of the GPR median demand model, a bilinear variance model, and the UB correlation
model, with a median EMD score of 2.2x1073. This result agrees with Figure 5-7 and
Appendix A, demonstrating clearly that incorporating correlation into demand hazard
estimates improves their accuracy. Interestingly, however, this is not the case for the
linear median demand model, where the UB correlation model provides the most
accurate risk estimates across all variance models, except for the step model. This
highlights the need for balance in complexity at each stage of the risk assessment
process, as the accuracy of the simplistic linear median demand model is further
reduced by incorporating more complex modelling techniques (i.e., variance and
correlation modelling). Instead, for the more complex bilinear and GPR median
demand models, the addition of complex variance and correlation models further

increases their accuracy.
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Figure 5-8: Boxplot of EMD values for all demand hazard estimates from the (top)
linear, (middle) bilinear, and (bottom) Gaussian process regression median demand
models across all 100 sets of records.

The overall most accurate demand hazard estimate is made by the model that uses a
bilinear median demand model, a GPR-based variance term, and the GPR correlation
model, with a median EMD value of 0.85x10*. However, the accuracy of this estimate
is virtually indistinguishable from the linear regression-based variance and correlation
models. The risk model that uses the bilinear median demand model, homoscedastic

variance model, and LB correlation model, produces an EMD value of 0.97x10#. This
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demonstrates that even without increasing the complexity of the variance model,
assuming full correlation between EDPs can yield accurate demand hazard estimates
for this structure. In general, the GPR-based variance term appears to give the most
accurate demand hazard estimates for all correlation models. The linear regression-
based and step-model for variance also perform well, with the increase in variance

model complexity appearing to increase the accuracy of risk estimates.

5.4.6 Loss hazard

Simulated EDPs are used to compute repair costs using the storey loss functions
described in Section 5.2.2. The mean MAF of losses across all 100 sets of records, for
each considered risk model, are presented in Figure 5-9. As with the demand hazard
estimates, the linear median demand model performs well in estimating losses at larger
MAF values of exceedance but struggles to accurately reflect the unconditional losses
at small MAF values, where it fails to capture the drop in MAF of losses at
approximately $1.5x10°. The drop occurs between $1.5x10° and $4.0x10° and likely
exists as this is where most repair cost realisations are concentrated (i.e., this is a range
of values that corresponds to the most common intensity-damage values), thus causing

a steep decrease in the frequency of repair costs.

Both the bilinear and GPR median demand models appear to fit the unconditional loss
estimates more accurately than the linear model, with the risk models derived from the
bilinear median demand model providing a slightly superior fit. Models using the step-
model for variance and the GPR variance model seem to fit the unconditional estimate

particularly well.
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Figure 5-9: Mean loss estimates made from the (top) linear, (middle) bilinear, and (bottom) Gaussian process regression median demand

models, and associated covariance models, across all 100 sets of records.
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Changing the correlation model has little impact on the linear median demand models;
however, the effect of each correlation model appears to grow as the complexity of the
median demand model increases, with a greater difference in model estimates seen
from Figure 5-9. Moreover, the selection of the correlation model appears to have a
larger effect for events with a smaller estimated MAF of loss exceedance. The UB
model always produces the most conservative loss estimates, again demonstrating the
importance of accounting for correlation amongst EDPs when assessing losses.
5.4.6.1 Comparing loss results

Figure 5-10 presents the EMD values of loss estimates made for all median demand
and covariance models across all 100 sets of samples. Note that a logarithmic y-axis
is used to allow for proper visualisation of results due to their large spread. These
results confirm the visual comparison, showing that loss estimates derived from the
linear median demand model are considerably less accurate, with all variance and

correlation model variants producing similarly poor results.

Interestingly, the UB correlation model is the least accurate for the linear median
model and all corresponding variance models. This contrasts with the demand hazard
estimates (Figure 5-8), where the UB model gave the most accurate results for that
median demand model. As the LB correlation model is also the least accurate predictor
of losses for all variance models and all other median demand models, it is clear that,
when estimating losses, it is never preferable to assume no correlation amongst EDPs

for the structure being investigated.

Models derived from the bilinear and GPR median demand models appear to perform
more similarly at the loss estimation stage than the demand hazard stage, with the

bilinear-related models only just edging out those derived from the GPR median
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demand model. The overall most accurate model uses the bilinear median demand
model, a GPR variance model, and a GPR correlation model, producing an EMD score
of 1.0x1073. The most accurate loss estimation using the GPR median demand model

uses a GPR variance model and a step-model for correlation and has an EMD score of

TR s
et ey
A 0 s

XS %\\0 be}e 2 o S ¢ 2 e
Q,&b ,6\0\/\0 O Q‘b@ ,@OQQ C') Q)b‘b S(\o\/\(\ O Q’b@ ,&0\/\(\ C')
SN RN RN RN
%) 6\0 =) O0G ({\0 %)
\2\0 \2\0 s2\0 Q\O

Correlation model

Figure 5-10: Boxplot of EMD values for all loss estimates from the (top) linear,
(middle) bilinear, and (bottom) Gaussian process regression median demand models
across all 100 sets of records. A logarithmic y-axis is used to display all results on one
scale.
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It is clear from these results that increasing the complexity of the variance model
improves the accuracy of loss estimates. Furthermore, although using a more complex
correlation model does not always yield more accurate loss estimates, there is clear
evidence that considering correlation (using any method) certainly does improve the
accuracy of loss assessment. In fact, all models that assume full correlation amongst
EDPs perform similarly well to those where the correlation is modelled, so even
accounting for this simple assumption may lead to increased accuracy of loss

estimates.

Both the KS and relative entropy tests were also performed on loss estimates to help
evaluate the effectiveness of EMD as a risk model performance metric. Each of the 72
total loss models (3 median models, 4 variance models, and 6 correlation models) were
ranked according to their mean EMD, KS, and relative entropy scores, respectively.
Pairwise rank correlations were then computed among these three metrics. The
correlation between EMD and KS scores was 0.03, and between EMD and relative
entropy scores was —0.31, indicating that EMD results are largely uncorrelated with
these established performance metrics. In contrast, the KS and relative entropy scores
showed a correlation of 0.63, suggesting a relatively strong relationship between them.
These findings demonstrate that the EMD metric provides a distinct evaluation of

model performance compared to the KS and relative entropy tests.
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5.5 Sensitivity of loss estimates to the number of ground

motions

To further investigate the accuracy of each considered covariance model, a sensitivity
analysis was performed on the number of samples used to develop the models and
create the loss assessment. To that end, variance and correlation models were
redeveloped for the bilinear median demand model, using the same procedure
described in Section 5.5, for sample sizes used in Cloud analysis between 50 and 1000
records. Figure 5-11 presents the sensitivity results for each considered covariance

model, in the form of mean EMD values for loss estimates.

For all four variance models, Figure 5-11 shows that the assumption of independence
is seldom suitable for seismic risk assessment when using a homoscedastic or step-
model for variance. The performance of the UB (independent) model for the Linear
and GPR variance models is slightly more comparable with the other correlation
models; however, it never provides the most accurate loss estimates, even when using
a more realistic sample size, such as 200 samples. The LB model (which assumes full
correlation amongst EDPs) is almost always more accurate than the UB model across
all sample sizes. The performance of both assumptions (no correlation and full
correlation) across all sample sizes helps solidify the conclusion that correlations

among EDPs should always be accounted for in seismic risk and loss assessment.

The GPR variance model appears to provide the least sensitive results to reducing the
sample size used to generate the models. Moreover, when only 200 samples are used
(an order of magnitude more commonly considered in similar studies), the model that
uses the GPR variance model and the homoscedastic correlation model produces the

most accurate results, with an EMD value of 3.5x103. However, assuming full
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correlation (LB model) yields an EMD value of 3.7x10, which is not much higher.
The sensitivity of each correlation model appears to be relatively similar, relative to
the variance model used. All considered covariance models become considerably less
accurate when less than 200 records are used, this is likely due to the low number of
records in the bins used to create the models, leading to poor characterisation of the
benchmark losses. This is why when just 50 samples are used, the homoscedastic

model for correlation becomes more accurate for three of the four variance models.
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Figure 5-11: Mean EMD value of the loss estimate for each model derived from the
bilinear median demand model against the number of samples used to develop each
model.

Additional sensitivity analysis was also performed on the most accurate risk model
(which consists of a bilinear median demand model, a GPR variance model, and a GPR
correlation model) to evaluate the effectiveness of model set up. Figure 5-12.a
investigates the sensitivity of EMD to the number of bins used to build the variance

model, confirming that using 25 bins to develop these models yields the most accurate
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loss estimates. Considering 250 bins, each consisting of four records, also appears to
yield accurate loss estimates, with an EMD value of 1.2x1073; however, calculating
standard deviation and correlation with just four records is likely to be unreliable in
other contexts. Figure 5-12.b presents the sensitivity of the chosen risk model to the
kernel used to develop the GPR variance and correlation models. This investigation
shows the squared exponential kernel leads to the most accurate loss estimates, hence
confirming its choice within this study. It is worth noting that all other kernel choices
produce an EMD value of approximately 1.5x1073, so these models are relatively

insensitive to the GPR kernel choice.
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Figure 5-12: Sensitivity analysis results considering the bilinear median demand
model, Gaussian process regression (GPR) variance model, and GPR correlation
model. (a) presents the sensitivity of this model to the number of bins used to create
the variance and correlation models, (b) presents the sensitivity of this model to the
kernel choice used within the GPR models.
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5.6 Conclusions

This study has investigated the impact of modelling the covariance among EDPs on
seismic risk assessment of a steel frame using Cloud analysis. Using a hypothetical
SSM and a stochastic ground motion model, the seismic response of a three-story steel
moment-resisting frame has been evaluated through nonlinear time-history analyses,
with interstorey drift and peak floor acceleration at each level of the structure selected
as the EDPs. The median demand has been estimated using three different Cloud
analysis-based models: a linear model, a bilinear model, and a GPR-based model.
Next, four distinct correlation and variance models have been developed, with each
combination brought together to create a variety of covariance models, each
accounting for either homoscedasticity, heteroscedasticity, or a combination of the two

assumptions.

Using each median demand model and covariance model, estimates of the demand
hazard and losses (in terms of repair costs) have been obtained for the considered
structures. Both qualitative and quantitative comparisons have been made at the
demand hazard and loss levels, comparing the estimates obtained for each covariance
model against those obtained via the unconditional approach (i.e., directly estimating
demand exceedance frequencies from simulated ground motion time histories). Earth
mover’s distance has been used, for the first time, as a metric to quantify the accuracy
of these estimates. Finally, a sensitivity analysis has been performed to evaluate how
the accuracy of risk estimates using each covariance model changes with the number
of samples employed, the number of bins used to create the models, and the GPR

kernel used. As this is essentially a structure with a bilinear response dominated by the
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first mode, it is reasonable to assume that the obtained results generalise to structures

with a similar behaviour.

From this study, the following main conclusions can be drawn for the site under

investigation:

e The bilinear median demand model provides the most accurate risk and loss
estimates. The physical meaning behind this model ensures that estimates are
stable and bounded across all intensity values, resulting in a slightly better
estimator of seismic response than the more complex GPR-based model.
Developing a bespoke kernel for use within the GPR could make its application
more suitable for this context. The linear demand model lacked the complexity to
account for the change in system response post-yielding.

¢ Using heteroscedastic variance models improves the accuracy of risk estimates for
all three median demand models considered. The GPR-based variance model is
the most accurate at both the demand hazard and loss estimation stages.

e Accounting for correlation amongst EDPs improves the accuracy of risk estimates.
Although there is little difference between results that account for demand
correlation (whether homoscedastic or heteroscedastic), these are considerably
more accurate than those obtained with models that assume independence amongst
EDPs at both the demand hazard and loss estimation levels.

e The sensitivity analysis has revealed that, at almost all sample sizes evaluated
(between 200 and 1000), it is more accurate to assume full correlation amongst

EDPs instead of simply ignoring correlation.
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e When considering a sample size of 200 records, a more practically feasible number
of records for risk assessment studies, a bilinear median demand model is
recommended, with a covariance model composed of a GPR-based variance
model and a homoscedastic correlation model. This finds a good balance between

the accuracy of results and the simplicity of the implementation.

Each of these conclusions has broad implications for both seismic risk assessment and
engineering design practice for the specific use case explored within this study. The
standard approach described by FEMA P-58 is essentially the same as selecting both
the homoscedastic variance and correlation terms in this approach, albeit characterised
through a multiple stripe analysis-based approach. In essence, this shows that the
approach described in this article can make significant enhancement to current risk
assessment practice. By choosing the correct median demand model and accounting
for variability and correlations, engineers can more accurately predict structural
responses to ground shaking, enabling both more reliable loss estimation and more

efficient, performance-based structural design.

The method presented in this study could help enhance future seismic risk studies by
incorporating an often-overlooked feature of probabilistic seismic demand modelling.
There is great potential for incorporating advanced covariance among EDPs to

improve the accuracy of seismic risk, damage, and loss estimates.
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6 Conclusions and recommendations

This thesis explored potential improvements to models used for conditional earthquake
risk assessment, and examined how novel methods and machine learning opportunities
could enhance the accuracy of risk estimates in the context of performance based
earthquake engineering (PBEE). A particular focus was on the hazard and demand
modelling stages of the conditional risk assessment framework, due to the wide variety

of potential modelling techniques available to the user.

The three chapters within the main research body of this thesis used stochastic ground
motion models and hypothetical seismic source models to create realistic case studies.
Employing hypothetical case studies facilitated clearer comparisons between the
different modelling techniques investigated, while also enabling a comparison against
an unconditional “true” risk benchmark (i.e., directly estimating demand exceedance
frequencies from simulated ground motion time histories). Evaluating these
comparisons provides greater insight into the effectiveness of each modelling
technique examined and helps confirm their validity. This would not necessarily be
possible using only ground motion recordings, which are insufficient in many regions

of the world.

While all chapters were based on a similar experimental setup, each has examined

different aspects of the PBEE framework. In Chapter 3, three different ground motion
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modelling techniques were compared against a benchmark solution from a
hypothetical case study: two ground-motion models with simple and more complex
functional forms, respectively, and an artificial neural network. Hazard estimates were
extended to estimate the demand hazard of a single degree of freedom system, with
ductility demand as the engineering demand parameter (EDP). Moreover, the
feasibility of an observational-based hazard assessment model was explored using the
NGA-West 2 ground motion database, with promising results obtained. From this

study, the following conclusions were drawn:

e Out of the three considered models, only the artificial neural network produced
statistically similar results to the unconditional benchmark, according to the
Kolmogorov-Smirnov test.

e Hazard disaggregation revealed that the ground-motion models with fixed
functional forms struggled to predict high ground-motion levels caused by large
magnitude, short distance events, causing the over-prediction of hazard, and
ultimately risk.

e The performance of the observational-based hazard model indicated that, in
certain situations, it may be possible to estimate hazard and risk purely from
empirical data, without needing a ground-motion model or conditioning the risk

estimate on an intensity measure (/M).

In Chapter 4, the well-studied topic of /M selection was extended by considering how
the joint selection of /M and probabilistic seismic demand model impacts seismic risk
estimates. Again, using a hypothetical case study, 15 different /Ms were investigated,

along with five demand models: a linear model, a bilinear model, two machine learning
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models, and an empirical binning model, using interstorey drift (/DR) as the EDP.
After estimating the demand hazard on the structure, the results were extended to
estimate the damage to both structural and non-structural components, helping to
understand how these choices impact the risk assessment process downstream. /M-
demand model performance was assessed via a novel performance metric that
measured the distance between the probability distributions of the conditional and
unconditional solutions. This was also compared against more traditional /M
performance metrics, i.e., efficiency, sufficiency, and practicality. This study revealed

that:

e The most accurate /M-demand model combination was Arias intensity with the
empirical demand model. However, more traditionally used /Ms, such as spectral
acceleration at the fundamental vibration period of the structure, also performed
well.

e Sensitivity analysis revealed that when carrying out a risk assessment with 200
records, a more usual number for risk assessment, spectral acceleration with a
bilinear demand model, was the most accurate combination.

e The developed performance metric showed that traditional /M performance
measures do not necessarily guarantee the most accurate demand hazard estimates

when a large set of records is used to develop demand models.

Finally, Chapter 5 investigated how the covariance amongst EDPs could be
incorporated into a seismic risk assessment to enhance the accuracy of risk estimates.
Three Cloud analysis models were derived: a linear model, a bilinear model, and a

Gaussian process regression (GPR) model. These models were based on a hypothetical

152



case study, using /DR and peak floor acceleration as the EDPs. Further analyses were
conducted to develop various models for the variance and correlation of the residuals
of each model, which were then combined to create models of the residual covariance
structure. Each covariance model was employed to help estimate both the demand
hazard and loss estimates for the considered structure. These estimates were
thoroughly compared using, for the first time, Earth mover’s distance as a seismic risk
performance metric, which compares conditional risk estimates against the

unconditional solution. The main findings from this study were:

e The most accurate risk model for estimating losses used the bilinear median
demand model, a GPR-based variance model, and a GPR-based correlation model.

e In general, increasing the variance model's complexity improved the accuracy of
risk estimates. While this was not necessarily the same for the choice of correlation
model, it was clear that considering correlation yielded more accurate risk
estimates than ignoring it, which is the more conventional practice.

¢ Sensitivity analysis showed that when performing a risk assessment with only 200
records, a bilinear median demand model combined with a GPR-based variance
model and a homoscedastic correlation model is recommended to achieve the most

accurate and easy-to-implement results.

Since each chapter has examined a different aspect of the PBEE risk assessment
framework, their conclusions can be combined to recommend a risk assessment
approach that provides accurate risk estimates for a mid-rise steel moment-resisting

frame structure. Such an idealised hazard-demand model would include:

1. A ground-motion model derived using an artificial neural network,
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2. Arias intensity, or spectral acceleration, as the /M, depending on whether more or
fewer than 700 records are used to build the demand model,

3. A demand model using a bilinear functional form,

4. A model that considers covariance amongst EDPs using a GPR-based variance

model and a homoscedastic correlation term.

The generalisability of the thesis’ findings is constrained by their dependence on the
structural model and stochastic ground motion models used, particularly in identifying
individual models or modelling approaches that yield the most accurate risk estimates.
As such, the quantitative results from this thesis are expected to vary for different
structural typologies and seismic environments, and may not be generalisable.
However, these findings are expected to be broadly applicable to structural systems
exhibiting similar nonlinear behaviour (e.g. bilinear response) and subjected to

comparable ground motion characteristics.

Moreover, several of the key conclusions arise from the structure of the PBEE
framework itself. These include the dependence of optimal intensity measure selection
on the demand model, and the sensitivity of risk estimates to modelling assumptions.
As these are inherent features of the PBEE formulation, they are expected to hold

across a wide range of earthquake engineering applications.

The findings of this thesis help to offer new perspectives on earthquake risk assessment
by re-examining traditional modelling approaches through a different lens and
demonstrating how innovative techniques can enhance existing practices. Using better

risk models can have an impact across society, resulting in improved decision-making,
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safer structures, more accurate insurance rates, and ultimately helping protect people

and property.

6.1 Scope for future research

This thesis has identified and evaluated methods for improving earthquake risk
assessment practices. While the proposed methods advance current approaches, they
do not represent an exhaustive set of solutions. Moreover, the effectiveness of some
methods may be influenced by the underlying assumptions and limitations of the
models used, as well as by the hazard scenarios and case studies considered. The
following is a list of recommendations for future study based on the work contained

within this thesis:

e Exploration of alternative stochastic ground motion models
Many stochastic ground motion models exist beyond the two investigated in this
thesis. The choice of simulation model will likely influence seismic risk estimates,
as models are derived from different ground-motion datasets and employ different
derivation techniques. Future studies could compare these models to identify the
optimal balance between realism and computational efficiency for studies similar
to those within this thesis.

e Evaluation of magnitude and distance sampling techniques
Similarly, a range of techniques for estimating earthquake magnitude and distance
are available in the literature. Each of these techniques could present distinct trade-
offs in terms of bias, representativeness, efficiency and other such parameters.
Future research could assess these techniques to determine whether they lead to

more accurate and realistic suites of simulated ground motions. Further, exploring
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potential interactions between the sampling method and the stochastic ground
motion model would be valuable for determining whether they can be jointly
selected.

Validation of risk models against empirical ground motion datasets

The results in Chapters 3 to 5 depend on how realistic the ground motion
simulation method is. Although the simulated datasets are validated, they cannot
fully replace real ground motion recordings. It would be helpful for future research
to test the modelling approaches recommended in this thesis against real ground
motions. This investigation could help clarify how results differ from traditional
risk assessment practice and reinforce the relevance of the thesis findings.
Integration of physical principles into machine learning models

Machine learning techniques often perform poorly in extrapolation because their
functional forms may behave unpredictably outside the training domain. Future
research could explore integrating physical meaning into machine-learning-
derived earthquake risk models. For example, developing a GPR demand model
with a physically informed kernel and mean model could improve predictive
performance.

Refinement of the observation-based hazard assessment approach

Section 3.6 introduced an observation-based hazard assessment method using the
unconditional approach and data from the NGA West 2 database. This method
shows strong potential and should be further developed. This could include testing
the approach on alternative ground-motion databases or using the method to
estimate damage and losses on a case-study structure, which could then be

compared with real-world observations. Developing this observational model
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would increase the relevance of this thesis by providing a real-world benchmark
for conditional risk assessments, thereby reducing the need for simulated ground
motions.

Application of research findings to a broader range of structure types

The modelling approaches recommended in this thesis could be further tested on
a wider variety of structures, including high-rise buildings, bridges, and other
complex systems. Such studies would help evaluate the generality and robustness
of the proposed methods.

Risk assessment across different resolutions

Future work could also examine how the proposed techniques perform at varying
levels of resolution, from site-specific (non-ergodic) analyses to regional or
portfolio-scale assessments. This would help identify modelling techniques that
maintain accuracy and stability across different seismic risk contexts.
Development of a single PBEE model

Loss estimates in PBEE are achieved through a set of discrete, interchangeable
stages, offering flexibility but also the potential for significant uncertainties and
biases when non-optimal methods are selected. A potential extension of this thesis
could be to develop a single machine learning-informed model that maps site and
structural parameters directly to losses, thereby optimising the PBEE procedure

and reducing epistemic uncertainties attributed to user error.
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Correlation model

Homoscedastic Step-model
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Figure A-1: Mean demand hazard estimates made with the linear median demand model and all associated covariance models via the
conditional method (solid lines) compared against the unconditional benchmark (dashed lines).
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Figure A-2: Mean demand hazard estimates made with the Gaussian process regression median demand model and all associated
covariance models via the conditional method (solid lines) compared against the unconditional benchmark (dashed lines).
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