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Weighing the importance of model uncertainty against

parameter uncertainty in earthquake loss assessments

Jeremy Rohmer®', John Douglas®, Didier Bertil?, Daniel Monfort?, Olivier Sedan?

BRGM, 3 av. C. Guillemin, B.P. 36009, 45060 Orléans Cédex 2, France

Abstract

Epistemic uncertainties can be classified into two major categories: parameter and model.
While the first one stems from the difficulties in estimating the values of input model
parameters, the second comes from the difficulties in selecting the appropriate type of model.
Investigating their combined effects and ranking each of them in terms of their influence on
the predicted losses can be useful in guiding future investigations. In this context, we propose
a strategy relying on variance-based global sensitivity analysis, which is denszhssiag

an earthquake loss assessment for Pointe-a-Pitre (Guadeloupe, France). For the considered
assumptions, we show: that uncertainty of losses would be greatly reduced if all the models
could be unambiguously selected; and that the most influential source of uncertainty (whether
of parameter or model type) corresponds to the seismic activity group. Finally, a sampling
strategy was proposed to test the influencehefexperts’ weights on models and on the
assumed coefficients of variation of parameter uncertainty. The former influenced the
sensitivity measures of the model uncertainties, whereas the latter could completely change
the importance rank ohé uncertainties associated to the vulnerability assessment step.

Keywords. seismic risk; economic direct loss; epistemic uncertainty; variance-based global

sensitivity analysis; Sobol’ indices; ranking
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1 Introduction

Predicting the consequences (losses) of future earthquakes is of primary importance for risk
management. One of the greatest challenges when building such predictive models is the
treatment of the multiple sources of uncertainty pervading the different steps of earthquake
loss assessment (seismic source, wave propagation, local sites, effgmsed inventory,
vulnerability assessment, and damage and loss estimation). This issue has been highlighted by
numerous authors over the last decades [e.g., 1, 2, 3, 4, 5]. It is now common to classify
uncertainty into randomness (aleatory variability) and knowledge-based uncertainty
(epistemic uncertainty) [e.g., 6]. Though appearing to be padhoice of the modeller [7]

this categorization can be useful in practice, because decisions motivated by the aleatory
variability will be quite different from decisions based on the knowledge-based uncertainty.

In the first case, no concrete actions can reduce randomnessiyfithdirect” actions can be
proposed by means of protective or preventive measures. In the second, concrete actions can
be undertaken to act directly on the uncertainty reduction and the best solution is to set
priorities for data collection/analysis under budget constraints on the basis of the

identification of the most influential sources of knowledge-based uncertainties [e.g., 8].

To reduce epistemic uncertainties, sensitivity analysis can provide valuable information by
addressing the following questions: what sources of uncertainty contribute the most to the
uncertainties in the predicted les® And at what stages of the loss assessment procedure
(e.g., hazard, vulnerability or damage evaluation)? How to rank these sources of
uncertainties? And how to set priorities for future investigations? The great value of
addressing such questions has long been recognized in the field of seismic risk assessments
and, more specifically, for probabilistic seismic hazard assessment (PSHA) relying on logic
trees [9]. Two main approaches have been followé&dne-factorat-atime” (OAT) approach
analysng variations froma base model results by varying, in turn, the input parameters or
considering different scenarios [3, 10]; and the multi-parameter method based on factorial
designs allowing simultaneous changes to parameters on the branches of a Iddit].tree

This approach was applied in an Italian case study by Barani&2Jal.

In the present article, we focus on two types of epistemic uncertainty, which are those most
commonly encountered in practice: parameter and model. The first category stems from the
difficulties in estimating the input parameters (in a broad sense) of models/analysis due to the

limited number, poor representativeness (caused by time, space and financial limitations), and
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imprecision of observations/data. In addition, models are necessarily simplified
representations of the phenomena, i.e. they are based on assumptions, and compliance
between the model assumptions and the properties of the system being analysed never exist in
an absolute sense [e.g., 13]. Uncertainty can then appear in the structure/form of the model
which depends on the choice of variables, dependencies, processes and so forth regarded as
relevant and prominent for tingourpose in the model. Yet, in some cases, a set of different
models (e.g. differing in their structure and input variables)e#heer considered equally
adequate (e.g., they equally fit the observations), or they are associated with different
confidence levels. This is exemplified by the extergivdebated issue of selecting

appropriate ground motion prediction equations (GMERH,,[14]).

In this context, the objective of the present articleoishow how recent advances in global
sensitivity analysis [15] can provide valuable information to answer the following questions
for earthquake loss estimatioWhat is the contribution of model uncertainty to the
uncertainty in predicted losses when simultaneously accounting for parameter uncertainty?
How to measure such a contribution? Should future investigations spend effort on the
modelling procedure or on parameter estimation? In this vieyprepose a strategy based on
variance-based sensitivity analysis (VBSA), which can overcome some limitations of the

afore-mentioned sensitivity approaches (as discussed in Section 2).

The remainder of the present paper is organized as follows. In the next section, we describe
the global sensitivity analysis using VBSA and the method for both investigating sensitivity
to model and parameter uncertainty. Such a strategy is applipdedictions of direct
monetary losses for the city of Pointei&+® (Guadeloupe, France) using simplified
information on uncertainty (but based on real data). The following section describes the
earthquake loss model and the case study of Pointe-a-Pitre (context and assumptions for
representing the different uncertainty sources). It should be underlined that the application to
Pointe-a-Pitre has been chosen for demonstration purposes only and all the presented results
should not be interpreted as a definitive uncertainty assessment. The subsequent section
shows the results of the VBSA and discusses how results are modified by changing the size of
the different sources of uncertainty. The article ends with some brief conclusions and

suggestions for future work.
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2 Investigating sensitivity to model and parameter uncertainty

In this section we present the technique used here to assess the sensitivity of the results to the
two different types of uncertainty.

2.1 Variance-based sensitivity analysis

VBSA is a stochastic method providing a quantitative measure of sengit®jt§7] assigned

to each source of uncertainty (represented by any kind of probabilistic distribution, e.g.
uniform, normal or discrete). VBSA presents the advantages of exploring the sensitivity over
the whole range of variation (i.e. in a global manner) of the input random variables and of
fully accounting for possible interactions between them. This is contrary to the OAT

technique, as discussed by Saltelli and Anfip8]. VBSA allows identification of:

- which input parameters contribute the most to the output variability (within the
“factors’ prioritisation setting” as described by Saltelli et al. [15]) through the use of
the Sobol’ indices of first order, also called main effects (see below for a formal

description);

- which input parameters interact with om®ther through the use of tiSebol’ indices

of higher order,

- which input parameters are insignificant and can be eliminated to “simplify” the model
(within a “factors’ fixing setting” as described by Saltelli et §l5]) through the use of
total effects (see below for a formal description).

By comparing the main and total effects, this technique improves insight into the nature of the
considered model. For instance, the case where main and total effects are of equalémporta
and the sum of the main effects nearly reach unity, indicates that the uncertainty of the output
(i.e. the variance) is only due to the sum of the effects of each uncertain parameter taken
alone, and not from interactions among them. Thus, the model can be simplified and be
represented as a sum of elementary one-dimensional functions of the input parameters.
Formally, the model is said to Fadditive’. Conversely, if the main effects have low values
compared to the total effects, this indicates strong high-order interactions between the
parameters, hence a model of high complexity. Thus, VBSA helgxplore the model
behaviour in the domain of variation of the input parameters, which can be of great value

when using a loss model in a black-box fashion (see discussion provided by Bommer et al.
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[4]). More recentlythe overview of the model complexity brought by VBSA has been better
formalized with the notion of effective dimension [19], which can be understood as the

number of dominant parameters of the model.

Finally, VBSA is general in the sense that it applicable to any kind of model (linear, non-
linear, additive and so forth), i.e. without introduciray priori assumptions on its
mathematical structurgl5]. For instance, simultaneously varying the extreme values of
parameterse(g. using a two-level factorial design as carried out by Rabinowitz and Steinberg

[11]) only shows good results for quasi-linear models.

2.2 Brief mathematical description

We introduce here the basic concepts of VBSA. For a more complete introduction and full
derivation of the equations, the interested reader is referred to Saltelli @i5hland

references therein.

Let us definef as the earthquake loss model. Consideringntdenensional vectoX as a
random vector of independent random variablg$=1,2,...,n), then the outpuY=f(X) is also

a random variable (as a function of a random vector). VBSA timdstermine the part of the

total unconditional variance Vaf) of the outputY resulting from each input random variable

Xi.

In practice, the partial and total variance'@fre determined based on the decompositidn of
(i.e. functional analysis of variance decompositionf @k proposed by Sobol’ [16]), into
summands of increasing dimension (provided thedn be integrated). Each of these terms
can be evaluated through multidimensional integrals, which can be approximated through
Monte-Carlo-based algorithms (see [20], for a recent review and discussion). For instance, the
sequential algorithm of Saltelli et al. [20], using a formula of JafaEn requires a total of
N(n+2) model evaluations, whend is the number of Monte-Carlo samples amds the
number of input uncertain parametefs This is noteworthy as the quality of the Monte-
Carlo-based approach directly depends on the samplélsidee interested reader is referred
to Saltelli et al[15] for a review of other computational procedures.

On this basisthe Sobol’ indices (ranging between null and unity) can be definexk

_ Var[E(Y|X,)] _ VarlE(v]x,, x;)
© o VvarfY) T Var(Y)

-3-3 (1)
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The first-orderS is referred to @ “the main effect of X;” and can be interpreted as the
expected proportion of the total variance of the outp(ite. representing the uncertainty in

Y) that would be removed if we were able to learn the true valXe @his index provides a
measure of importance (i.e. a sensitivity measure) useful when ranking, in terms of
importance, the different input paramet¢i$]. The second order teri§; measures the
combined effect of both parametetsandX;. Higher order terms can be defined in a similar
fashion. The total number of sensitivity indices reactek. Sensitivity analysis is generally

limited, however, to the pair of indicators corresponding to the main effeand to the total

effect S, of X; (see e.g[15]). The latter is defined as follows:

s, = L VarlE(v]x,)] )

Var(Y)
where X;={Xy,..., X1, X+1,... X3}. The total inde corresponds to the fraction of the
uncertainty inY that can be attributed ¥ and its interactions with all other input parameters.

S, =0 implies that the input factoX has no effect and 9§ can be fixed at any value over

its uncertainty rangéfactors’ fixing setting).

As afore-mentioned, the relationship between the main and total effects helps to explore the
model complexity. Several cases have been formalized by Kucherenko et al. [19]. In
particular, ifS=§ for any i and j and ;§Sy; then the model has equally important variables,

but with “weak” interaction among them. Conversely, $=§ for any i and j and §<Sy; then

the model has equally important variables, but with “strong” interaction among them.

2.3 Method

The method adopted here relies on the main and total effects. Parameter uncertainties are
classically assigned a probability distributi@y., uniform or normal) according to which the
samples are generated to estimate the main effects. In practice, the number of parbmeters o
loss assessment models can be large (>20) and we advocatex Momge-Carlo strategy

relying onSobol’ quasi-random sequences (e.g., kBequence) allowing the generation of
samples as uniformly as possible (see e.g., [20]). This can outperform crude Monte-Carlo
sampling in the estimation of multi-dimensional integfalg. Besides, instead of calculating

the pair of sensitivity measures for each model parameter, we propose to define such

sensitivity indices for“groups of variablés The definition provided by Eqg. 1 can be

6
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generalized to a set of random variables (see the formal definition and discussion in Saltelli et
al. [15], section 1.2.15). Examples of such groups for the example shown here are the groups
of: seismic activity parameters, vulnerability indices and site amplification factors (see
Section 3.3).

Model uncertainties can be treated by assigning to a family of plausible models, a discrete
random variable, i.e. randomly taking its value from a set of finite values. For instance, when
four different models are considered plausible, the discrete variable takes its value from the
set {1, 2, 3, 4}, each integer value corresponding to a given model. If all the whiffecelels
are considered equally adequate, i.c. experts’ weights of confidence are equal (to 25 % inith
example); then the discrete random variable is uniformly generated. Convefséig,
confidence weights are different, they can be used to constrain the random generation.

3 Example application

In this section, we present: the context of the Pointe-a-Pitre application (Section 3.1), the
earthquake loss model applied to predict direct monetary losses associated to future
earthquake events (Section 3.2), and the assumptions made to represent both model and

parameter uncertainty of the loss model (Sections 3.3 and 3.4).

3.1 Pointe-a-Pitre’s context

The study is focused on the Pointe-a-Pitre urban area, the main city of Guadeloupe, an island
in the French Antilles glocation in Fig. 1A), which represents more than Haifisland’s
population. Guadeloupe is situated in the Lesser Antilles arc, which is a zone of convergence
between the South American and the Caribbean plates at a rate of about R22in/¥his
movement is absorbed by the subduction of the South American plate below the Caribbean
plate and deformation of the wedge of the upper plate on a 100-250 km-wide zone, producing
an extended system of active crustal faults. It results in a high seismicity level (about 1,000
detected events per ye|3]), making this region particularly exposed to seismic risk, as

demonstrated by major earthquakes in 1843 and 1897 (see http://sisfrance.brgm.fr/Antilles/),

which were particularly devastating for Pointe-a-Pitre.

[Fig. 1 about here]
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3.2 Earthquake loss assessment model

Hereafter, we describe the earthquake loss assessment model used, which is mainly based on
the procedure described by Sedan efza] and references therein. It should be underlined

that the objective of the present article is not the development of a sophisticated earthquake
loss model, but the application of a method to investigate the sensitivity to model and
parameter uncertainty. This approach could be applied to any kind of loss assessment.
Examples of more advanced earthquake loss assessment procedures are provided by Crowley

et al. [3], for instance.

The evaluation is restricted to the tangible economic losses to residential dwellings, i.e. to
direct losses associated with physical damage to buildings relatedidoditle repair of
structural damage and the replacement of building contents. The costs associated to damage to

equipment within buildings are not considered.

The procedure is comprised of three main steps. The first one aims to estimate the local
hazard. A single ground-motion parameter/intensity measure (peak ground acceleration,
PGA) is chosen for this assessment. Starting from the PGA on bedrock derived from regional
probabilistic hazard assessment, lithological site effects, which can cause significant
amplification of earthquake ground motions, are accounted for by a constant multiplicative
factor applied to the PGA on bedrock at a given location. Such amplification factors are
estimated based a zonation of the studied region into zones, where the amplification is
assumed to be spatially homogeneous. These zones are defined by the processing of different
information (seismic microzonation): geological, geophysical (spectral analysis of surface
waves and analysis of ambient vibrations) and geotechnical data. Pointe-a-Pitre is particularly
prone to such site effects, as demonstrated by the 1985 Montserrat earthquake when Pointe-a-
Pitre suffered more structural damage than other cities on Guadgks®6]. These effects

are mainly due to the particular geology of the area, characterized by the predsemed o

limestone hills and mangrove swamps filled with limestone from the surrounding hills.

The second step aims to estimate the physical damage to buildings using the European
Macroseismic Scale (EMS-98) damage grd@&$. Six damage gradesywith k from 0 to

5) are considered: {>- 0 corresponds to ‘‘no damage’’, D; =1 to “‘slight damage’’, D = 2 to
““moderate damage’’, D3 to ‘‘heavy damage’’, D4 = 4 to ‘‘very heavy damage’’ and D5 = 5 to
“maximum damage’’. This assessment is mainly based on the macroseismic approach

developed in the project RidlE, funded by the European Commission’s 5" Framework

8
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Programmd28]. This approach uses the macroseismic intertfined according to EMS-

98. This is calculated by converting the local PGA derived from the hazard assessment using
empirical equations. In the present study, a single conversion model, based on a combination
of [29], for low intensities, and [30], for high intensities, was considered relevant. In the Risk-
UE method, the seismic behaviour of buildings is subdivided into vulnerability classes
grouping different types of buildings that may perform in a similar way during earthquakes.
The vulnerability is evaluated by means of the Vulnerability Index (VI) ranging from null to
unity (i.e. least to most vulnerable). The studied urbanized area is subdivided into districts,
which define sets of buildings (Figure 1B)Vithin each defined district, the ratio of
vulnerability classes is evaluated by compiling an inventory based on either aerial photos or,
more recently, satellite remote sensing and ground-based omnidirectional imaging [31] or site
surveys (i.e. through visual inspection of a limited number of buildings chosen within the
district). The combination of the macroseismic intensity, the vulnerability indices assigned to
each typology and the distribution of vulnerability classes in each district allows computation
of the distribution of the number of building per district in the six damage gradg28séer

further details).

In the final step, the economic losses are quantified by converting the damage grades into
monetary losses. This is conducted using empirical relationships linking the damag®grade
the repair damage ratioseés for instance, Table @& [32]), which represent the cost of repair
divided by the cost of full replacement of the structure (assumed to be the construction cost).
Based on the distribution of buildings per district in each damage grade, the repair damage
ratios and the average replacement cost of each typology of buildings, the overall economic
losses can be calculated by summing the contributions of the different districts.

3.3 Sources of parameter uncertainty

Within each phase of the afore-described loss-assessment model, different sources of
parameter uncertainty can be identified (Table 1, grodpsZ”, “LITH”, “VI” and “COST”).

Below, we describe the assumptions made for their mathematical representations. The
influence of these assumptions on the fssofl the sensitivity analysis (more particularly of

the assumed coefficients of variatiagpliscussed in Section 4.3.

In the hazard assessment step, the first group of parameter uncertainties correspond to the

seismicity activity for the PSHA, namely: the maximum magnitude; the annual occurrence
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rate for an anchoring magnitude; the focal depth and the b-value of the Gutenberg-Richter
relation. The regional probabilistic hazard assessment used here (and also the basis of the
Eurocode 8 seismic design map for this region, http://www.planseisme.fr/Zonage-sismique-

deda-France.html) was carried out in 2002 by Martin et al. [33] for the French Antilles

(Guadeloupe and Martinique and other islands), with a spatial resolution of 0.1° (~10km).
Therefore, the hazard for Pointe-a-Pitre is given by a single node. This assessment was carried
out usinga logic tree approach combined with a Monte-Carlo technique to account for

uncertainties.

The second group of parameter uncertainties corresponds to those related to site effects. Two
zones of homogeneous amplification were identified in Pointe-a-Pitre. Limited data and
information are availableo we assume that the amplification factors’ values vary around

their nominal values by a factor of 10%. When faced with incomplete information, the
probability distribution should be selected as the one consistent with the limited knowledge at
hand (here satisfying the constraints of lying within an interval), but without introducing
unwarranted information. Formally, this can be achieved by choosing the probability
distribution with statistical entropy as large as possible, i.e. following the principle of
maximum entropy [3§ In our case, the available knowledge is restrictethe bounds of
variation, which suggests the use of a uniform probability distribution. The choice of the
bounds of this distribution is based on experts’ judgements and is expected to have an impact

on the results of the sensitivity analysis. Thus, this is further investigated in section 4.3

through a sampling strategy.

In the damage assessment step, parameter uncertainties correspondl tagsigned to the

15 types of buildings identified in the 80 districts defined during a survey led by BRGM to
define a‘Regional Scenario for Seismic Rig85]. The main building types are: traditional
housing, recent private housing, villa, collective housing and makeshift shelters. Similarly, as
for the amplification factors, due to the scarcity of information and data to constrain their
uncertainty representations, we adopt the maximum entropy approach [34] and assume that
they uniformly vary around their nominal values by a factor of 10%. The influence of the

assumed range of variation is further investigated in Section 4.3.

Finally, in the loss assessment step, parameter uncertainties correspond to those related to the
average replacement costs associated to each building type. These were estimated by

combining, for each class, the construction cost per net floor area and the average area derived

1C
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from several French sourceadinistry of the Environment and Housing, National Statistical
Agency, Public Reinsurance Institution and so forth (for further details see Réveillére et al.
[36]). Based on the available data, the uncertainty in this parameter is represented by a normal
probability distribution with a mean corresponding to the evaluated replacement cost and a

coefficient of variation of 20%.

[Table 1 about here]

3.4 Sources of model uncertainty

Within each phase of the afore-described loss assessment model, different sources of model
uncertainty can be identifie@lable 1, groups “GMPE”, “RAT”, and “INV”). These are
described here. The influence of the confidence weights assigned by the experts is discussed

in Section 4.2.

In the hazard assessment step, we primarily focus on the assumptions for the selection of the
GMPEs. Other model-type epistemic uncertainties (e.g., seismo-tectonic zonation and
magnitude transformation) are not treated in the present study. Martin et al. [33] showed the
negligible influence of two types of seismo-tectonic zonation on the results of regional
probabilistic hazard assessment in the case of Guadeloupe; no magnitude transformation was
necessary as the earthquake catalogue and the GMPEs were already unified to the same
moment magnitude scale. Different combinations for the GMPEs are assumed here (Table 2).

[ Table 2 about here]

Each of these combinations is assignedsarrts’ weight of 25 % so that each combination
was considered equally plausible by the experts’ panel. Fig. 2 presents the four cumulative
probability distributions associated to the rock PGA at Pointe-a-Pitre, resulting from the
propagation of the group of uncertain seismic activity parametesscfaysen return period of

475 years (that remains fixed in the present study).

[Figure 2 about here]

11
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Compilation ofthe buildings’ inventory in each district faces several constraints in practice
financial/time constraints prevents the inspection of each building in detail, because it is often
carried out from the roadside; due to the spatial extension of the district, the expert is only
able to inspect a few districts, where it is possible to do so; both site surveys and analysis of
aerial photos necessarily involves human judgements (in particular during the site surveys)
though the recent use of advanced satellite- and ground-based remote sensing techniques have
shown promising results [31 this context, from one vulnerability inspector to another, the
estimation of the ratios of vulnerability classes is expected to vary. This reflects the
cumulative contribution of all the different uncertainties within the processing chain. It is
chosen to classify such sources of uncertainty as model type. In practice, this should be
accounted for by different vulnerability inspectors conducting the same inventory. An
example of such an approach is provided by Steimen et al. [37]. Unfortunately, this was not
achievable in the present study and we chose to synthetically generate two different
inventories by randomly generating a variability of 10 % in the proportions of the original

inventory. Both synthetic inventories were assigned a confidence weight of 50%.

At the vulnerability step, we acknowledge the presence of other model-type uncertainties, in
particular regarding the choice of the type of vulnerability analysis (here vulnerability is
assessed using an intensity-based method by means of the scalar pavdneteweral
authors have recognized the importance of such model-type uncertainty using a OAT-based
(parametric) approach. Crowley et al. [38] showed a significant difference in the calculation
of seismic risk maps for Italy between two different meclasiased methods even though
these methods share some similarities. Strasser et al. [39] compared different European
vulnerability models for a single earthquake scenario close to the city of Istanbul (Turkey).
They showed that the predicted distribution of collapsed bu#dieye similar for the four
intensity-based methods, whereas the predictions resulting from the three
mechanical/analytical methods were different to a greater degree. Recently, this issue was
also investigated by Gehl et al. J4i@r a single building using VBSA. They showed that the
type of procedure for the generation of fragility curves (whether from dynamicsasaby

from a capacity spectrum approactmost influenced the resulting damage assessment
compared to other sources of uncertainties (like those associated with the mechanical

properties).

12
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A deeper analysis of this issue is worth investigating and constitutes a line of futurelresear
but with the following difficulties to be overcome. Fiyst intensity-based and
mechanical/analytical methods have inputs that differ both in types and numbers (in terms
ground-motion representation, structural description of the building and so forth). Thus, the
number and the natud the parameter uncertainties differ from one vulnerability method to
another, which might pose difficulti@s place them at the same “level” when investigating

thar joint contribution. Secory, increasing the complexity of vulnerability curves
automatically increas the computation time (as pointed out by Crowley et al. [3] in their
conclusion), which means conducting the analysis by more advanced procedures such as

meta-modelling (see [41] for an example in the field of landslide modelling).

Finally, two different models for repair loss ratios were defined based on Tyagunov et al. [32]
and were assignedn equal confidence weight of 50%. As far as the direct (structural)
damage is concerned, the impact of the conversion of damage to economic losses gan be lar
especially when the damage is low [3]. Yet, no matter how accurate the estimates of the
conversion parameters values might be, the economic loss assessment still remains
incomplete without the inclusion of the effects of intangible and indirect losses. This issue
(beyond the scope of the present study) still suffers from numerous gaps, which can be
gualified as “scientific uncertainties”, either in terms of quantification or in terms of process

understanding [42

[ Table 3 about here]

4 Application

In this section, we apply the technique described in Section 2.2 to investigate the sensitivity of
the loss results to both model and parameter uncertainties (Section 4.1) using the earthquake
loss model as described in Section 3. A parametric study is carried out to investigate the
influence of experts’ assumptions on confidence weights assigned to each model (Section 4.2)
and on the coefficients of variation assumedpfameter uncertainty (Section 4.3). It should

be underlined that the application to Pointe-a-Pitre has been chosen for demonstration
purposes only and all the presented results should not be interpreted as a definitive uncertainty

assessment.
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4.1 Models with equal weights

The technique described in Section 2.3 is applied to the loss model described in Section 3.2.
The sources of uncertainties are those described in section 3.3 asee3adso Table 1. The

output is the total direct economic loss estimated for a return period of 475 years. Samples
were generated using the Sobol' quasi-random sequence generator available at

http://ipsc.jrc.ec.europa.eu/?id=756. Preliminary convergence tests showed=tha00

yields satisfactory convergence (about 1%) for the estimates of the main and total effects
Table 4 shows the main effects calculated for each uncertainty source using the algorithm of

Saltelli et al. [20] (routine also available at http://ipsc.jrc.ec.europa.eu/?id=756). In total,

N(n+2)=2 000(7+2)=18 000 model evaluations were performed. A single loss evaluation took
about 10s so the model evaluations were carried out using grid computing.

[ Table 4 about here]

Analysis of the main effects in Table 4 provides insight into the nature of the considered
model. The sum of the seven main effects reaches 96.5%, hence showing that the loss model
is additive (see section 2.1) and that the different input parameters interact weakly. This leads
to a straightforward quantitative interpretation of the main effects, each of them praviding
direct measure for the portion of the sources of input uncertainty on the overall uncertainty in
the economic loss estimates, i.e. on its total variance (reaching here 400 million euros).
Hence, the analysis can be reséttto the Sobdlindices of first order, i.e. the main effects

(and without using the total effects). This only holds for the loss model considered in the
present study. In the generic case where the behaviour of the loss model is poorlyiknown (
may be linear, additive or highly non-linear, for example) the difference between the main
and the total effects of a given input parameter indicates considerable interactions for that
parameter in the model output. This type of analysis is related to the notion of effective
dimension [19] and can be of interest when using a loss model in a black-box fashion (see
discussion provided by Bommer et al. [4]).

Several observations can be made.

- The most influential source of uncertainty (whether of parameter or mode) types

corresponds to the seismic activity grodpnpted “HAZ”) with a main effect of 24%;
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- Model uncertainty on repair loss ratio and on GMRé&noted “RAT” and “GMPE”)

are approximately of the same importance (of 19 and 20%, respectively);

- Uncertainty on the losses (i.e. represented by its variance) is 55 % explained by
parameter uncertainty and 41 % by model uncertainty (the remainder is explained by
interactions between sources). This means that uncertainty on the losses would be
reduced by 41%, if all the models could be unambiguously selected. Similarly, this
means that uncertainty on the lossesuld be reduced by 55%, if all the input

parameters could be precisely characterized;

- Model uncertainty on inventories and parameter uncertainty on site effects (denoted
“INV” and “LITH”) have little influence (2%). This result should not be considered in
an absolute manner, but it reflects the relative contribution of both sources of
uncertainty compared to the contributions of the other sources as modelled in the
present study. Regarding the former source of uncertainty, this may mostly be
explained by the assumption made to represent the uncertainty in the proportions of
the original inventory. Regarding the latter source, the reason is more physical and
may be asaiated with the low number of assets in geotechnical zones where site

amplification is high;

- Furthermore, the main effects can be analysed by grouping the different sources of
uncertainty according to the stepsthe loss assessment procedure, namely: hazard
assessment squrces of uncertainty “GMPE”, “HAZ” and “LITH”), damage
assessmentYI” and “INV”), and economic loss assessmetqST” and “RAT”).

By adding the main effects, the hazard step shows the greatest contribution to the
uncertainty in the losses (of almost 45 %), hence this step should be prioritized in
future investigations. The contributions of the damage and loss steps are respectively

37% and 15% (the total does not sum to 100% because of interactions).

These results are discussed in the following section with regards ¢gpkes’ assumptions
on both confidence weights (here assumed equal) and on the coefficients of variation

associated to the sources of parameter uncertainty.

4.2 Influence of the confidence weights

To investigate the influence of the confidence weights on the sensitivity results of Figure 3,
we adopt a sampling strategy by randomly generating weights following the approach of
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Scherbaum et al. [43]. A set of twenty random weights were generated. For egbth ch
weights, the main effects were re-calculated. Figure 3 depicts the results in the form of
boxplots. The horizontal lines correspond to the main effects of the base case with equal
experts’ weights (Table 4). Note that this type of analysis should not be considered a proper
sensitivity analysis (the number of samples being moderate), but rather a parametric one
whose goal is to gain better insightdrthe impact, on the values of the main effects, of the
experts’ choices (here the confidence weights and in the following the coefficients of

variation, section 4.3) in the mathematical representation of the uncertainty.
The following observations can be made.

- Varying simultaneously the experts’ weights of the models not only influences the
main effects of the model uncertainty sources, but also those of the parameter
uncertainty sources (more specifically therameter uncertainty “COST’, which

could increase to the same importance as the uncertainty on hH28£4);

- The choice of the confidence weights mostly influences the main effect associated
with the models for conversion of damage to I6BAT” and with the GMPEs,
whereas those associated with the inventory and with site effects are little influenced

and remain at levels below 5%:;.

- The choice of the confidence weights could greatly decthaseain effect of “RAT”
and of GMPEs to less than %0 Conversely, the choice of the confidence weights
could increase the main effect of GMPEs to the same order as for uncertainty on

hazard;.

- The median of the 20 samples of main effects for each uncertainty source does not
necessarily correspond to that of the base case assuming equal weights. This indicates
that the relationship between the main effects and the experts’ weights is complex

(and not necessarily lingar

[Fig. 3 about here]
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4.3

Influence of the coefficients of variation

Similarly as for the influence of the confidence weights we generate over the range 10 to

20%, a set of twenty random coefficients of variation (i.e. the size of the parameter

uncertainty) associated to the uncertainty souf@d§'H”, “VI”, and “COST”. For each

coefficient-of-variations sample, the main effects were re-calculated. Figure 4 depicts the

results in the form of boxplots. The horizontal lines correspond to the main effects of the base

case with equal experts’ weights (Table 4). Several observations can be made.

Varying simultaneously the coefficients of variation not only influences the main
effects of the parameter uncertainty sources, but also those of the model uncertainty

sources,

The choice of the coefficient of variation principally influences the value of the main
effect associated with the vulnerability assessni&iit so that it could exceed that
associated with the regional hazard assessment as estimated for the base case. This
shows that the mathematical representation of the uncertainty in this parameter (here
the evaluation of the coefficient of variation) should be carefully constrained and

accounted for, because it has the greatest impact on the sensitivity results;

The choice of the coefficient of variation also influences the main effect associated
with the replacement cost so that it could decrease below the one of the base case (of
17%);

The choice of the coefficient of variation had little influence on the main effect
associated with the inventofyNV” and with the site effectd. ITH”, which remain at

levels below 5%;

The median of the 20 samples of main effects for each uncertainty source does not
necessarily correspond to that of the base case. This indicates that the relationship
between the main effects and the size of the parameter uncertainty is complex (and not

necessarily linear).

[Fig. 4 about here]
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5 Concluding remarks and further work

In the present article, we described a method to jointly investigate the influence of model and
parameter uncertainty on the outcomes of earthquake loss assessment models. The method
relying on the variance-based global sensitivity analysis is meant to be generimamel ca
applied to any kind of model (without ang priori assumption on its mathematical
formulation, e.g. linearity or additivity). The procedure is applied to an earthquake loss
assessment for Pointe-a-Pitre (Guadeloupe, French Antilles). Four groups of parameter
uncertainties are accounted for: parameters of the regional hazard assessment; lithological site
effects; vulnerability indices and replacement costs of each building type. Tipese df/

model uncertainty are accounted for: selection of the four ground motion prediction
equations, two models to convert damage grades to direct monetary losses and two different

inventories of the exposed buildings.

Firstly, the technique can provide a better insight into the loss model behaviour, which can be
of interest when using the models in a black-box fashion [4]. In the Pointe-a-Pitre case, the
model is found to be principally additive meaning that the different sources of uncertainty
weakly interact. Secondly, the technique allows identification of the most important sources
of uncertainty. In the considered case, the most influential source of uncertainty (whether of
parameter or model type) corresponds to the seismic activity group; uncertainty on losses
would be reduced by 41%, if all the models could be unambiguously selected. Thirdly, the
technique allows identification of which step of the loss assessment procedure principally
drives the overall uncertainty on the output, i.e. which step should be prioritized for further
investigations in order to decrease the corresponding uncertainty. In the considered case, the
most influential step corresponds to the hazard evaluation grouping the parameter uncertainty
of the regional hazard assessment and of the lithological site effects, and the model

uncertainty associated with the selection of ground motion prediction equations.

Finally, to test the influence of the experts’ assumptions on these results, a sampling strategy,

both on the experts’ weights on models and on the assumed coefficients of variation of
parameter uncertainty, was conducted. It was shown that the choice of the coefficient of
variation mostly influences the main effect associated with the vulnerability assessment so
that it could exceed that associated with the regional hazard assessment as estimated for the
base case. This means that the mathematical representation of this source of uncertainty (e.g.,

the evaluation of the coefficient of variation) should be particularly well-constrained, as it has
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the most impact on the results of the sensitivity analysis. It is also shown that the choice of the
confidence weights could greatly alter the main effect associated with both the models for
conversion of damage to loss and with the GMPEs.

Though providing useful insights for seismic risk analysis, we acknowledge that the proposed
procedure may become computationally expensive, especially when using a loss model with a
long run time. A future line of research will, therefore, focus on meta-modelling techniques to
overcome such computational difficulties. An example in the field of landslide risk

assessment is provided by Rohmer and Foerstgr [41
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Tables

Table 1. Description of the sources of uncertainty and assumptions for representing them in
the Pointe-a-Pitre application.

Uncertainty Type Description Representation
source
“HAZ” Parameter Seismic activity Gaussian (normal) distribution
parameters of th
PHSA
“LITH” Parameter Amplification factor of Uniform distribution with variatior
lithological site effect of 10% from the estimated values
“vI” Parameter Vulnerability index Uniform distribution with variatior
of 10% from the estimated values
“COST” Parameter Average cost of eac Gaussian (normal) distribution wit
type of building variation of 20% from the estimatt
values
“GMPE” Model Selection of  theDiscrete variable with value
GMPE, see Table 2 uniformly taken from {12, 3, 4} for
each GMPE
“RAT” Model Conversion of repaiDiscrete variable with value

loss ratio, see Table 3 uniformly taken from {1, 2} for
each model of conversion

“INV?” Model Inventory: assessme Discrete variable with values tak
of the ratio of from {1, 2} for each inventory
vulnerability
typologies within eacl
city district

Table 2. Combinations of GMPE models assumed for the application of Pointe-a-Pitre

Combination Shallow crustal events Subduction events
TT Takahashi et al. [44] Takahashi et al. [44]
BT Berge-Thierry et al. [45] Takahashi et al. [44]
BY BergeThierry et al. [45] Youngs et al. [46]
TY Takahashi et al. [44] Youngs et al. [46]
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Table 3. The two conversion models of repair loss ratio (adapted from Tyagunov et al. [30])

considered here

Damage grade DI D2 D3 D4 D5

Repair loss ratio % (conversion model : 0 10 40 80 100
Repair loss % (conversion model 2) 1 20 60 100 100

Table 4.Main effects (Sobol’ indices of first order) associated with the four uncertainty
sources of type “parameter” (“HAZ”, “LITH”, “VI” and “COST’) and the three ones of type
“model” for the case of equal experts’ confidence weights (“GMPE”, “RAT” and “INV”). See
Table 1 for further description of the uncertainty sources.

Uncertainty Source HAZ LITH VI COST GMPE RAT INV

Main effect (%) 24 1.5 13 17 19 20 2
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Figure caption

Figure 1. A) Location of the case study, Pointe-a-Pitre (Guadeloupe, France);apAwf
the Pointe-a-Pitre urbanized area into 80 districts for vulnerability assessment
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Figure 2. Cumulative probability distribution for the PGA on rock at Pointe-a-Pitre for a

return period of 475 years. Each curve corresponds to a combination of GMPEs. TT:
Takahashi et al. [44] for both shallow crustal and subduction events; BT: Berge-Thierry et al.
[45] for shallow crustal earthquakes and Takahashi et al. [44] for subduction events; BY:
Berge-Thierry et al. [45] for shallow crustal earthquakes and Youngs et al. [46] for subduction
events; and TY: Takahashi et al. [44] for shallow crustal earthquakes and Youngs et al. [46]

for subduction events.
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Figure 3 Boxplot summarizing the influence on the sensitivity results of twenty randomly

chosen confidence weights on the models. Bottom and top of the box are the 25th and 75th
percentile, the band near the middle of the box is the median, and the ends of the whiskers
represent the minimum and maximum of the sample. The red horizontal lines are the values of

the main effects for the base case with equal weights (Table 4).
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Figure 4 Boxplot summarizing the influence on the sensitivity results of twenty randomly
chosen coefficients of variation of uncertainty sosir@elTH”, “VI” and “COST”. Bottom

and top of the box are the 25th and 75th percentile, the band near the middle of the box is the
median, and the ends of the whiskers represent the minimum and maximum of the sample.
The red horizontal lines are the values of the main effects for the base case with equal weights
(Table 4).
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