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Large earthquakes cause widespread damage and can result in substantial direct and
indirect economic losses. Previous researchers have proposed separate models for pre-
dicting region-wide direct and indirect losses due to future earthquakes; however, com-
prehensive simulation approaches that include both remain underdeveloped. In partic-
ular, the propagation of uncertainty along the various modeling steps has not been pre-
viously considered. This paper addresses that gap by proposing a three-stage model to
assess economic impacts of possible future earthquakes, consisting of regional ground
motion simulation, damage and direct loss modeling, and macroeconomic recovery
modeling. In this model, economic indicators such as direct asset losses and changes
in economic sectors’ value added and employment are quantified. The model also cap-
tures uncertainty in the spatial distribution of earthquake shaking and damage patterns,
which in turn is reflected in post-disaster economic indicators. The results show that
considering uncertainty leads to a wide range of possible economic outcomes and high
variance in direct and indirect losses. A cross-model sensitivity analysis is performed
to evaluate the effect of different model parameters on the quantification of economic

consequences.

INTRODUCTION

Disasters affect societies in many ways; they cause injuries and fatalities, displacement of the
population, societal disruptions, damages to man-made and natural capital, and economic losses.
Economic impacts are commonly classified into direct and indirect losses (Rose and Lim, 2002;
Brookshire et al., 1997; Hallegatte and Przyluski, 2010). One definition of direct economic losses
is that they stem from damages to productive capital (i.e. physical capital used in the production
process) and are measured in terms of the value of destroyed assets or the cost of repairing dam-
aged assets (Hallegatte, 2008; Howe and Cochrane, 1993). Some authors also include business

interruption losses that result from direct damage (e.g. loss to a business that cannot operate due
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to damage to its facilities) as direct losses (Brookshire et al., 1997; Rose et al., 1997), while oth-
ers consider such losses as indirect (Federal Emergency Management Agency, 2012; Grossi and
Kunreuther, 2005). Indirect economic losses are associated with the disruption of services and re-
duction in output, and can be measured in terms of losses to value added (Hallegatte and Przyluski,
2010; Howe and Cochrane, 1993). Value added can be approximated by compensation to employ-
ees and profits before taxes. Indirect losses include “higher-order effects” such as output changes
resulting from supply and demand changes, also known as forward and backward linkages (Rose,

2004). Such losses can result even when no direct damage to an entity is observed.

Indirect losses can make up a significant portion of the overall economic impact of a disaster,
and sometimes exceed direct losses (Daniell et al., 2011). Direct and indirect losses during five
large earthquakes are provided in Table 1. The loss amplification factor, or total economic loss
(direct plus indirect) divided by direct loss, ranges from 1.08 to 1.37, signifying the wide range
of indirect impacts that can occur. Previous research suggests that in addition to the magnitude of
damage, indirect losses are influenced by the state of the economy at the time of disaster, where
during the economy’s expansion stage losses can be amplified and during recession dampened by
the utilization of unused resources (Hallegatte and Ghil, 2007). Indirect losses also vary depending
on the sector, where some sectors such as construction often experience gains due to reconstruction
stimulus (Parker et al., 2012).

Table 1. Direct and indirect losses from five large earthquakes.

Earthquake name My * Direct loss  Indirect loss Loss amplifi- Reference

and year (billion USD)  (billion USD) cation factor**

1989 Loma Prieta 6.9 5.9 0.2-0.7 1.08 Brady and Perkins (1991)
1994 Northridge 6.7 42 7.3 1.17 Petak and Elahi (2000)
1999 Marmara 7.6 3.0-6.5 1.2-2.0 1.34  World Bank (2003)

2008 Wenchuan 7.9 124 44 1.35 Wuetal. (2012)

2011 Tohoku *** 9.0 211 78 1.37 MacKenzie et al. (2012)

Kajitani et al. (2013)

*My = moment magnitude
** Loss amplification factor is calculated using the midpoint for direct and indirect loss ranges
*#** Earthquake and tsunami damages are considered

Direct and indirect economic losses are typically quantified following a disaster or predicted
before a disaster even occurs. Government entities and insurers routinely estimate economic losses
following an earthquake for loss accounting, forensic loss analysis, claim settlement, budgeting,
and future planning. Prediction of economic losses due to potential future earthquakes (i.e., seismic
risk assessment) is also a common practice in the insurance industry and is starting to be used by

government entities in planning and mitigation efforts (Brechwald, 2018b,a; Detweiler and Wein,



2018; Rose et al., 2011b; Jones et al., 2008). Historically, regional seismic risk assessments have
focused on predicting direct losses (e.g. Silva et al., 2015; Grossi and Kunreuther, 2005); more re-
cently, potential indirect losses stemming from disruption of lifelines and utility services have been
increasingly investigated (e.g. Chang et al., 2015; Martinelli et al., 2014; Rose and Liao, 2005).
However, unlike direct losses associated with damaged buildings and infrastructure, quantification
of indirect losses is not yet a standard practice in regional seismic risk assessments, leading to a
systematic underestimation of overall economic losses. In addition, predictions of indirect losses
have not previously considered the large uncertainties stemming from ground shaking and damage
patterns, which can lead to misrepresentation of disaster impacts. Inclusion of uncertainty has been
highlighted as one of the needed areas of improvement in post-disaster economic impact assess-
ment (Okuyama and Santos, 2014). Engineering estimations of the physical recovery of productive
capital are not commonly considered in economic recovery models, where previous implementa-
tions either make assumptions about the recovery rate (Hallegatte, 2014) or do not explicitly take
the rate into account (Cutler et al., 2016; Sue Wing et al., 2021).

The research presented in this paper integrates regional earthquake risk analysis with an input-
output (I-O) economic recovery model (Adaptive Regional Input-Output model, Hallegatte, 2014,
2008). The integrated end-to-end approach creates a pipeline for quantifying total economic losses,
considering how uncertainty in the ground shaking and damage propogate to post-disaster eco-
nomic recovery indicators, such as value added, employment, and regional capital reconstruction
time. This approach also allows one to constrain the economic capital recovery model using phys-
ical asset repair times, and on the other hand, constrain the physical reconstruction with macro-
economic conditions — a two-way relationship not previously considered in regional seismic risk
analysis. The methodology is applied to a hypothetical M,,7.2 earthquake scenario on the Hay-
ward fault to model the impact on the San Francisco Bay Area’s economy. Physical damages,
direct losses, and changes in value added and employment in 15 interdependent economic sectors
are modeled as a function of time. The results bring insight into how uncertainty from the seismic
risk analysis affects economic recovery predictions. In addition, a cross-model sensitivity anal-
ysis of parameters from different stages of modeling is performed, evaluating their effect on the

prediction of economic consequences.

OVERVIEW OF PREVIOUS ECONOMIC LOSS MODELING APPROACHES

DIRECT ECONOMIC LOSSES DUE TO EARTHQUAKE DAMAGE

Several engineering frameworks and computational tools exist for predicting regional direct as-

set losses and business interruption losses that result from an earthquake (Elhaddad et al., 2019;



FEMA, 2015; Pagani et al., 2014; Rojahn and Sharpe, 1985). These frameworks require catego-
rization of the building stock in the region of interest into a set of representative structural and
occupancy typologies. Different frameworks employ either analytical or simulation approaches,
but in general the analysis is performed in several computational stages. First, regional ground
motion maps that represent ground shaking caused by an earthquake scenario are produced. Then,
discrete damage states or damage ratios that depend on the ground shaking are predicted for each
building in the building stock. This is typically done using building-level fragility or vulnerability
functions. Finally, the damage states or damage ratios are translated into monetary losses, using a

replacement cost corresponding to the building’s occupancy type.

Business interruption losses require an additional computational step that estimates the repair
and re-occupancy time of a building given a damage state. The time is then used to calculate
income losses. While several methodologies exist to quantify this time (Burton et al., 2015; FEMA,
2015; Almufti and Willford, 2013), these times do not explicitly incorporate regional factors such

as the capacity of the construction sector, post-earthquake cordons, or real estate market conditions.

There are also several rapid, empirically-based direct economic loss models such as the Prompt
Assessment of Global Earthquakes for Response (PAGER) (Jaiswal and Wald, 2013) and the
reduced-form rapid economic consequence model (Heatwole et al., 2013). While these models
are simple, transparent, and provide rapidity, they do not quantify loss metrics (e.g. sector-specific

direct losses) that can be linked to indirect economic loss modeling.

INDIRECT ECONOMIC LOSSES

The two most common approaches to computing indirect economic losses are input-output (I-O)
(Giannopoulos, 2018; Okuyama and Santos, 2014; Rose and Wei, 2013; Haimes et al., 2005) and
computable general equilibrium (CGE) (Prager et al., 2018; Pauw et al., 2011; Rose and Liao,
2005) economic models. The I-O framework is widely used in disaster economics, typically with
linear models that use an I-O matrix to represent all the purchases and sales between different
industry sectors in a bounded economy (Okuyama, 2007). I-O models allow one to see the effects
of changes in demand and supply due to disaster damage on the output of businesses along the
supply chain (i.e. higher-order effects). These models are popular due to their ability to reflect
industry inter-dependencies, their relative simplicity, and the easy link that can be made between
direct damages and losses originating from engineering risk models and higher-order impacts.
Some shortcomings of traditional I-O models are their linearity, lack of behavioral content (e.g.
consumer behavior change based on commodity prices), lack of input and import substitutions,
lack of explicit resource constraints, and lack of interdependence between price and output (Rose,
2004).



Several extensions of the I-O model have been proposed to overcome some of the shortcom-
ings, including the Adaptive Regional Input-Output (ARIO) model (Hallegatte, 2014, 2008). The
ARIO model captures demand-driven changes in output caused by changes in inter-industry and
household consumption, reduction in productive capacity of industries due to earthquake damage,
and supply constraints. In addition, it considers the role of input inventories and adaptive behavior
of industries and households following a disaster. This model has been validated against Hurricane
Katrina economic losses (Hallegatte, 2008), and used to assess economic losses after the 2008
Wenchuan earthquake (Wu et al., 2012).

CGE analyses model the entire regional economy based on a behavioral model of individual
producers and consumers in response to multi-market price signals (Rose and Liao, 2005). A CGE
model retains multi-sector characteristics and interdependence of the I-O model, but also explic-
itly considers supply constraints, input and import substitutions, and behavioral response to price
changes (Rose, 2004). However, a CGE model without extensions assumes generous input and
import substitution elasticities and optimizes behavior based on non-disaster assumptions, which
can lead to over-estimates of resilience and business adaptation, and thus under-estimate economic
impacts (Rose and Liao, 2005). In addition, a CGE model requires many more parameters and has

larger data requirements than an [-O model.

The above models have largely been used to analyze previous disasters (e.g., Oosterhaven and
Tobben, 2017; Okuyama, 2014; Wu et al., 2012; Guimaraes et al., 1993). Several authors have
used them to model future indirect economic impacts of earthquakes, in particular the influence
of lifeline disruptions on business activities (e.g., Chang et al., 2015; Martinelli et al., 2014; Rose
et al., 2011a; Rose and Liao, 2005). However, these studies do not consider uncertainty in the
ground shaking or building damage distribution, nor do they include hazard-dependent recovery
times of the overall capital stock in economic recovery modeling. Such assumptions can lead to
misrepresentation of disaster impacts, where consideration of uncertainty has been highlighted as
one of the needed areas of improvement in post-disaster economic modeling (Okuyama and Santos,
2014).

METHODOLOGY

In order to model regional direct and indirect economic losses during an earthquake considering
uncertainty, three separate models are integrated: a regional ground motion simulation, a physical
damage and direct loss model, and an ARIO economic recovery model. In this integrated model
we define direct and indirect loss as in Hallegatte (2014), where direct loss is the aggregate value

of asset damages and indirect loss results from reduced economic value added.



First, for a given earthquake scenario, multiple regional ground motion maps are simulated to
represent the possible ground shaking that can occur across the region. Then, physical damage to
the built environment and losses associated with the cost of damage repair are predicted for each of
the simulations. The time required to repair the damage is also quantified. Once the asset losses and
repair times are calculated, they become an input into the ARIO economic model, which evaluates
the effect of the damages on the production of economic sectors. Unlike previous implementations
of the ARIO model that do not explicitly quantify damage repair time, this study considers both
the damage repair time and the ability of economic sectors to satisfy reconstruction demand. The
three-stage model is used to assess the economic impact of a possible earthquake scenario on the
San Francisco Bay Area (herein referred to as the Bay Area) — a region in Northern California

comprised of nine counties.

REGIONAL GROUND MOTION SIMULATION

In order to simulate damage due to an earthquake, ground motion maps that represent ground shak-
ing across the region must be generated for a particular scenario. To generate the ground motion
maps, Ground Motion Prediction Equations (GMPEs) are used (Abrahamson et al., 2014; Boore
et al., 2014; Campbell and Bozorgnia, 2014; Chiou and Youngs, 2014). GMPEs predict the median
and standard deviation of ground shaking intensity, for a particular magnitude, distance to rupture,
and faulting type. Ground shaking intensity can be expressed as, for example, peak ground accel-
eration (PGA) or spectral acceleration at a period of vibration and it is characterized by between-
and within-even uncertainty. Between-event uncertainty captures the variability between differ-
ent earthquakes events, and within-event uncertainty represents ground motion variability between
different locations for the same event. Within-event uncertainty exhibits spatial correlation and

cross-correlation between different ground motion intensity measures.

In order to capture the large variability in ground motion considering multiple locations, Monte
Carlo simulation can be used to generate numerous ground motions maps using a spatial correlation
model (Goda and Hong, 2008; Loth and Baker, 2013; Markhvida et al., 2018).

This study considers a moment-magnitude (My,) 7.2 scenario on the Hayward fault from the
U.S. Geological Survey (USGS) UCERF2 Earthquake Rupture Forecast (Field et al., 2003). In
order to capture uncertainty in the ground motion, 1000 peak ground acceleration (PGA) ground
motion maps were generated using (Abrahamson et al., 2014) GMPE and (Markhvida et al., 2018)
cross-correlation model. Three sample simulations are shown in Figure 1. For each of the ground
motion maps, PGAs are simulated at the census tract centroids, which is where building stock

information is aggregated.






