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Quantification of disaster impacts through
household well-being losses

Maryia Markhvida®'™, Brian Walsh?, Stephane Hallegatte ©2 and Jack Baker ®'

Natural disaster risk assessments typically consider environmental hazard and physical damage, neglecting to quantify how
asset losses affect households' well-being. However, for a given asset loss, a wealthy household might quickly recover, while a
poor household might suffer major, long-lasting impacts. This research proposes a methodology to quantify disaster impacts
more equitably by integrating the three pillars of sustainability: environmental (hazard and asset damage), economic (macro-
economic changes in production and employment) and social (disaster recovery at the household level). The model innovates
by assessing the impacts of disasters on people's consumption, considering asset losses and changes in income, among other
factors. We apply the model to a hypothetical earthquake in the San Francisco Bay Area, considering the differential impact of
consumption loss on households of varying wealth. The analysis reveals that poorer households suffer 19% of the asset losses
but 41% of the well-being losses. Furthermore, we demonstrate that the effectiveness of specific policies varies across cities

(depending on their built environment and social and economic profiles) and income groups.

age to physical assets"*—are routinely used to measure the

impact of natural disasters when they occur and to quan-
tify the risk posed by natural hazards. Consequently, they are the
main financial metric for tracking disaster risk-reduction progress.
This approach generates essential insights for managing interac-
tions among natural hazards and the built environment, in partial
fulfilment of the first Priority for Action of the 2015-2030 Sendai
Framework for Disaster Risk Reduction (understanding disaster
risk)’. However, direct economic asset losses provide an incomplete
measure of the total cost of any event. Other loss dimensions include
lost wages and other income, interruption of educational and health
services, disruption caused by temporary or permanent relocation
and decreased consumption®~’. Furthermore, direct economic asset
losses cannot be used to measure many of the benefits associated
with the other three Sendai Priorities for Action: strengthening
governance, investing in resilience and enhancing preparedness for
effective response. At all scales, emergency preparedness, formal
and informal coping mechanisms, and humanitarian relief affect
the immediate and long-term consequences of disasters, even when
they do not reduce direct asset losses.

The UN Sustainable Development Goals® and the Sendai
Framework for Disaster Risk Reduction’ call for enhanced pro-
tection of people disproportionately affected by disasters, such as
the poor—another aspect that direct economic asset losses fail to
address. By definition, wealthy individuals have the most assets to
lose. Therefore, asset losses often proxy their experience of a shock.
The poor are under-represented in asset loss calculations’ and lack
the resources to smooth income shocks and recover their asset stock
while maintaining predisaster consumption”'’. Therefore, the poor
are more likely than the wealthy to forego consumption of food,
health or education, and to take longer to recover from a shock''-".

Here we address two limitations of traditional risk assessments
that focus on asset losses. First, we model the macro-economic con-
sequences of the disaster, assessing how damage affects economic
output in various sectors, and the implication on jobs and incomes.

D irect economic asset losses—the monetary value of dam-

Second, we use well-being loss to capture the disparate effect of
disasters on different socioeconomic groups throughout the recov-
ery period. Based on classical welfare economics, well-being loss
is a measure of the utility of consumption lost during household’s
recovery from shock'®. The lost consumption includes the loss of
labour income and housing services, cost of reconstruction, and use
of resources such as savings or insurance payouts in the process of
recovery.

Measuring disaster impacts with utility instead of consumption
allows one to account for the differential impact of losing US$1 in
consumption, as a function of wealth. While richer individuals can
reduce their consumption with limited impact on their well-being,
poorer individuals cannot. At the extreme, the very poor have to
reduce consumption of food, education or health care. The impact
of such cuts on well-being can be large and, for children, can have
lifelong consequences'”'.

The well-being quantification methodology in this paper inte-
grates the three aspects of sustainability: environmental (the impact
of the hazard), economic (the cost of damages and implication
for jobs and income) and social (the distributional impact of the
shock and the role of socioeconomic factors). It builds on previous
research'”” and uses a multistage simulation that explicitly quan-
tifies damages to the built environment, postdisaster dynamics of
economic sectors and changes in household consumption across
socioeconomic groups, while propagating modelling uncertainties.
While previous approaches for evaluating disaster management
policies typically focused on assessing the effect of either predisaster
risk reduction®'~*, preparedness and early warning® or insurance”,
the proposed methodology allows evaluation of policies pertaining
to all stages of the disaster management cycle®.

To illustrate the methodology, we evaluate San Francisco Bay
Area earthquake losses and compare the effect of several mitiga-
tion options. We show the importance of including social aspects
in risk assessments: well-being losses are strongly influenced by fac-
tors other than asset damage, such as predisaster income, access to
capital and postdisaster changes in labour income. This can cause
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the geographic extent and severity of well-being losses to extend far
beyond the distribution of direct asset losses. We also demonstrate
the value of the well-being loss metric in evaluating and compar-
ing physical and social intervention strategies. We show that the
effectiveness of different strategies varies across cities, depending
on their building stock, socioeconomic profile, income sources and
location relative to the hazard. As far as we are aware, no previous
study has quantitatively compared regional risk mitigation strate-
gies considering an impact metric that can be equitably applied
across households with different wealth levels.

Asset and well-being loss assessment

The proposed methodology innovates by integrating four distinct
models to calculate well-being losses at the household level. First,
the environmental hazard (in our case, earthquake ground motion)
is simulated at a regional scale for a particular event scenario. To
take into account the uncertainty associated with spatially distrib-
uted hazard, uncertainty models that consider the joint distribu-
tion of shaking throughout the region are used to generate multiple
ground motion maps”**.

Then, for each of the ground motion maps, damage to the built
environment is assessed, considering residential, commercial and
industrial buildings. Damage is determined at the individual build-
ing level and uncertainty is captured by simulating the damage states
with varying probabilities of occurrence. Depending on the building
occupancy type and replacement cost, a damage state is translated to
a repair cost (or direct asset loss) and time*.

Once physical damages and associated losses are simulated, their
effect on the productivity of economic sectors is determined by using
a dynamic adaptive regional input-output model'*”. Productivity
is affected by destruction of productive capital (for example, facto-
ries, equipment or machinery), decrease in demand due to reduced
consumption, increase in demand due to reconstruction, and sup-
ply constraints caused by suppliers’ inability to satisfy demand. Such
postdisaster dynamics and industry interdependencies can cause
large changes in output and gross product of the affected region,
which at an individual level can result in a loss of employment and
income.

Lastly, a new model that uses results from the previous three
steps is used to determine well-being losses at the household level,
considering its unique socioeconomic characteristics. The model
builds on the approach used in the Philippines® by explicitly consid-
ering the impact of the disaster on employment and labour income
and conducting the analysis at a high spatial resolution. This soci-
etal modelling step performs microsimulations of the household’s
change in consumption over a 10-yr recovery period, as shown in
Fig. 1. Changes in consumption can result from the need to pay for
housing reconstruction, loss of housing services and cost of tem-
porary housing, and loss of labour income. Households can reduce
their consumption losses by using their savings, which they will
then need to replenish, or by receiving payments if they have insur-
ance. Reconstruction and recovery of housing services depend on
the severity of damages, repair time and the ability of a household
to finance the repairs. Recovery of labour income depends on the
recovery of the economic sector from which the household derives
its income. Finally, well-being losses are calculated considering
the utility of consumption losses corresponding to the household’s
wealth level. The final metric allows one to directly compare losses
across households of differing socioeconomic status, as it consid-
ers losses in terms of utility and not absolute US$ amount. Model
details and data sources are provided in the Methods.

San Francisco Bay Area earthquake impacts

We consider the consequences of a large potential earthquake
in the San Francisco Bay Area. The San Francisco Bay Area, also
known as the Bay Area, is comprised of nine counties (see Fig. 2)
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in Northern California and is home to over 7.6 million people. The
area has a complex governance structure, with 101 cities, 27 transit
agencies, 67 water districts and four regional governance agencies.
It has a 2017 gross domestic product (GDP) of US$748 billion and
is growing rapidly®. The largest sectors by value added are finance,
insurance, real estate, rental and leasing; professional and busi-
ness services; and manufacturing. The largest employment sectors
are educational services, health care and social assistance; profes-
sional and business services; and manufacturing. While the GDP of
the Bay Area is high, large inequalities exist and upward economic
mobility is limited®. Insufficient housing supply has caused the
highest increase in housing prices in the country, further contribut-
ing to inequality®.

The region is located in the middle of multiple fault zones capable
of producing earthquakes of moment-magnitude (M,,) >6.7 (ref. *).
The earthquake risk in the area is exacerbated by a vulnerable build-
ing stock, low residential earthquake insurance penetration and
a large renters market raising concern over potential postdisaster
out-migration. Here we analyse the impact of an M, 7.2 earthquake
on the Hayward fault. We consider a baseline case with the current
building stock, economic conditions and insurance penetration
(assuming 13% of households are covered™ with a 15% deductible).
We then explore the impact of policy options on reducing losses.

Results

A large earthquake in the Bay Area would be devastating. The aver-
age direct economic asset losses from the simulations are US$115 bil-
lion (15% of regional GDP). This is in line with previous studies™.
Most losses (56%) occur in the housing sector, with only 7% of the
housing losses covered by insurance. Only 56% of residents will be
liable for paying for reconstruction because of the large renters mar-
ket. Housing asset losses are concentrated around the fault rupture,
where larger ground shaking is expected (Fig. 3). The most affected
cities in terms of housing asset losses are Oakland, San Jose and San
Francisco (Fig. 2). The three cities suffering the highest asset losses
per capita are Piedmont, El Cerrito and Berkeley, which are located
in Alameda and Contra Costa counties.

Damages in the productive private sector result in an average
US$51billion of direct asset losses. The destruction of productive
capital ripples through the economy causing an additional US$35 bil-
lion of losses in value added (or flow losses, sometimes referred to as
indirect economic losses) and it takes ~2.5yr for the regional GDP
to recover. The most affected sectors in absolute terms are profes-
sional and business services (35% of total losses in value added) and
finance, insurance and real estate industry (32%). However, the sec-
tors with the largest losses relative to their predisaster value added
are service industries such as repair and maintenance services,
personal and laundry services, and religious, grantmaking, civic,
professional and similar organizations, collectively known as ‘other
services, whose total losses amount to 81% of the sector’s annual
value added. Information on economic sector losses and the associ-
ated uncertainty is provided in the Supplementary Information.

The decrease in production causes an initial drop in employment
of 8.7% and an average of 36,200 employee-years are lost over the
recovery period (around half of the employee-years lost in the fault
zone of the 1994 Northridge earthquake®®). Most of the lost employ-
ment is in service industries. Income losses over the recovery period
are substantial—on average 23% of the housing asset losses. Figure
3 shows that income losses are distributed more broadly than asset
losses, since employment income is related to the economic health
of the entire region. The city of San Francisco is more affected in
terms of employment losses than other major cities such as Oakland
and San Jose, since it has a larger number of employees who work
in highly affected sectors. In some areas, income losses can even
exceed asset losses (Fig. 3). This shows the importance of looking
beyond asset losses to understand disaster consequences.
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Fig. 1| Schematic of the household postdisaster consumption model. The time interval t is the time during which savings are used to offset consumption

losses and y is the consumption loss during that time.
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Fig. 2 | The consequences of a potential earthquake in the San Francisco Bay Area on the largest cities. Map of the Bay Area (left). Average total well-
being losses, housing asset losses and income losses for the ten largest cities in the Bay Area, ranked by housing asset losses (right). Credit: ESRI, i-cubed,
GeoEye (basemap); Metropolitan Transportation Commission and the Association of Bay Area Governments (counties shapefiles).

At the household level, housing asset losses tend to increase with
predisaster income because wealthier households tend to be home-
owners with higher valued assets (see Supplementary Fig. 4). The
housing asset loss metric, however, does not indicate how the over-
all consumption and well-being of the household is impacted since
it does not consider loss of labour income, availability of savings,
the need to relocate during housing repair works and the house-
hold’s predisaster socioeconomic status. Well-being losses, on the
other hand, do consider such factors and the trend is the opposite to
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that of asset losses: well-being losses sharply decrease with increas-
ing income (see Supplementary Fig. 4). The result reveals the dis-
proportionate effect of disasters on lower income households (Fig.
4). While households in the poorest quartile suffer only 19% of the
overall asset losses, they experience 41% of the well-being losses.
On the other hand, the wealthiest quartile suffers 35% of the asset
losses, while experiencing only 15% of the well-being losses.

At the regional scale, well-being losses are more than double
the housing asset losses and extend beyond areas surrounding the
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Fig. 3 | Spatial distribution of average losses per capita. Spatial distributions of average housing asset losses per capita (top left) and average income
losses per capita considering a 10-year recovery period (top right). Relationship of average income losses and asset losses where in blue are areas where
average income losses exceed asset losses and in red are areas where average asset losses exceed income losses (bottom left). Spatial distribution of
well-being losses per capita (bottom right). Credit: US Department of Commerce, US Census Bureau, Geography Division/Cartographic Products Branch

(census tract shapefiles).

earthquake fault rupture. Comparing asset and well-being losses
in Fig. 3, this is particularly evident near Concord, San Francisco,
and in the eastern San Mateo County. Considering the ten largest
cities in the Bay Area (Fig. 2), well-being losses exceed housing
asset losses by 1.2 to 8 times, depending on factors such as the city’s
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proximity to the fault rupture, building stock composition, income
level and predominant employment industries. The ranking of the
most affected cities changes depending on the metric of choice. For
instance, while Berkeley and Hayward suffer comparable asset and
labour income losses, Hayward experiences two and a half times
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Fig. 5 | Comparison of three risk-reduction strategies. Effect of no policy and enhanced risk-reduction strategies as compared to the baseline in terms of
percent change in average housing asset losses (left) and average well-being losses (right).

more well-being losses (Fig. 2). This stark difference can be partly
explained by the difference in predisaster income levels (average
income per capita: Berkeley US$52,260 versus Hayward US$34,720)
and access to savings (average savings per capita: Berkeley US$6,110
versus Hayward US$4,410), which affects the households’ ability to
recover. The cities with the largest per capita well-being losses are
Pinole, Richmond and San Leonardo, whose income per capita is
86% (or less) of Bay Area’s average.

The value of risk-reduction efforts. Quantifying well-being
losses allows one to evaluate both predisaster and postdisaster risk
management efforts and compare their effects across socioeco-
nomic groups. Here, three risk-reduction strategies are analysed
and compared: reduced building vulnerability, property insurance
and unemployment insurance. Because of the differing nature of
these interventions, traditional direct asset loss assessments do
not allow this type of comparison. For each of the strategies, we
compare the baseline results presented in the previous section to
a counterfactual evaluation with no policy (to assess the effective-
ness of existing policies) and to an enhanced policy (to assess the
potential for additional risk reduction). A summary of the results
is shown in Fig. 5 and is also provided in Supplementary Table 2.

Reduced building vulnerability: Improving the building
stock can reduce repair costs, shorten the loss of housing services
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and temporary relocation, and prevent loss of life in collapses
(though this third benefit is not considered here). To evaluate the
impact of an existing policy, we repeat the analysis assuming all
post-1975 buildings were built only to 1975 building standards
(corresponding to moderate-code in HAZUS?). In the absence
of modern building standards, the average housing asset losses
would increase by 16% and well-being losses by 11%. We also con-
sider a potential future policy. This is a retrofit ordinance, where
all pre-1975 apartment buildings (15% of residential asset value)
would be brought up to modern building code standards (similar
to the Mandatory Seismic Retrofit Program in San Francisco”).
Such a policy would reduce both the housing asset losses and the
well-being losses by 8%.

Property insurance: Our baseline scenario assumes 13% of
homeowners have earthquake insurance (matching statewide adop-
tion®) and that insurance penetration is uniform across income
groups. If there was no property insurance, the homeowners’ asset
losses would increase by 8%, as compared to the baseline. If insur-
ance penetration is increased to 40%, the average asset losses would
decrease by 16%. This is double the reduction of non-insured asset
losses as with a retrofit ordinance. The effect of insurance distri-
bution among different wealth-level groups is discussed in the
Supplementary Information. While residential earthquake insur-
ance allows property owners to decrease out-of-pocket repair costs,
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Fig. 6 | Effect of risk-reduction strategies on the Bay Area’s ten largest cities (ordered by population). Effects of the various strategies are shown in
terms of total average well-being losses (left) and percent change in average well-being losses (right).

it does not affect repair times or well-being of renters. This can be
seen in the limited effect of insurance on well-being losses (Fig. 5).
The absence of the current level of insurance penetration would
increase well-being losses by only 3% and increasing insurance pen-
etration to 40% would only decrease the baseline well-being losses
by 7%. Relative to retrofitting, insurance is less effective for reducing
well-being losses.

Unemployment  insurance:  Californias ~ Employment
Development Department currently provides unemployment ben-
efits that range from US$40 to US$450 per week for a period of up
to 26 weeks for those who are eligible®*. Unemployment insurance
has no effect on asset losses but can reduce well-being losses after a
disaster. If all employees whose jobs were affected by the earthquake
did not receive unemployment insurance benefits, the well-being
losses would on average increase by 5%. Extending the current
insurance payment period to 1.5yr would reduce the well-being
losses by 6%, as compared to the baseline. Extending unemploy-
ment insurance for a longer time has a decreasing marginal benefit
since more people are able to return to work at later stages of the
recovery. Raising the benefit amount can be an alternative strategy
to further reduce well-being losses.

Comparison of risk-reduction efforts. The results show the value
of comparing the efficacy of different policies, although the cost
of these remains to be assessed. The efficacy can also be evaluated
for subsets of the population, offering further insights for policy
makers. Figure 4 shows that the highest income quartile has the
greatest reduction in non-insured housing asset loss under any
risk-reduction policy. Conversely, the lowest income quartile has
the greatest well-being benefits. Retrofitting multifamily apart-
ment buildings in low-income areas is particularly effective, since a
large portion of low-income households live in this type of housing
(see Supplementary Fig. 1). However, seismic retrofit of apartment
buildings is a substantial capital investment and costs may be passed
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on to renters”. Without an assistance program for lower income
households that are unable to meet the added financial obligation,
this can lead to unwanted relocation.

Increasing property insurance penetration can also be an effec-
tive mechanism for reducing well-being losses but only if insurance
coverage is available to households at all income levels. Further
analysis (see Supplementary Information) shows that insuring the
lowest income households is twice as effective in terms of well-being
loss reduction as insuring the highest income households. In reality,
lower income households are less likely to be able to afford insur-
ance premiums without government assistance. For unemployment
insurance, well-being loss reduction is five times greater for lowest
income group than for the highest income group, since they derive
most of their income from wages or salaries.

Risk mitigation at the city level. Many recent seismic risk
mitigation efforts have been enacted at the city level (for example
refs. 774%4) Tt is therefore important for city authorities to under-
stand the local impact of potential risk mitigation strategies as their
effectiveness can differ when looking at the city level versus the
regional scale.

We see that the effectiveness of different risk-reduction strategies
varies across the ten largest cities (Fig. 6). In San Jose, the enhanced
retrofitting, insurance and unemployment policies yield compa-
rable reductions in well-being losses. In San Francisco, a retrofit
ordinance is much more effective than either type of insurance.
This is due to San Francisco’s relatively vulnerable residential
building stock and the large number of renter-occupied households
who benefit from reduced recovery times of strengthened homes
but not from property insurance payouts. On the other hand,
in Santa Rosa a large portion of well-being losses comes from
loss of income, since the city is located further away from the rup-
ture and therefore unemployment insurance is the most effective
mitigation strategy.
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While a particular mitigation strategy might have been effective
in the past, further efforts of the same type may not be comparably
effective. For example, while Fremonts residential building stock
saw large benefits from previous building code improvements, ret-
rofitting the remaining multifamily apartment buildings to modern
code standards has relatively less impact and increasing insurance
penetration has more impact.

Lastly, while the scale of well-being losses and the effectiveness
of risk mitigation strategies largely depend on the built environment
and demographics, they also depend on the earthquake location
and resulting damage patterns, where Hayward fault rupture is only
one of many possible earthquake scenarios in the San Francisco Bay
Area.

Discussion

Using well-being loss as opposed to asset loss as a metric to assess
disaster impacts provides more insight into the consequences of a
disaster throughout the recovery process. Here we measure well-
being loss by integrating models at multiple spatial and temporal
scales, including regional hazard simulation, building level damage
and loss prediction, modelling of economic output variations, and
simulation of resulting changes in household consumption.

The choice of metric to assess disaster impacts is extremely
important. Standard asset loss metrics provide a biased representa-
tion of disaster consequences and emphasize impacts on the wealthy.
However, if we consider well-being losses that take into account the
utility of consumption changes throughout the recovery process, a
completely different picture emerges in which the poorest quartile of
the population is three times more affected than the wealthiest. This
is also seen on a city level, where one city might be highly affected in
terms of asset losses but substantially less affected when considering
well-being losses. Ultimately, the metric should be chosen based on
the objective of the stakeholder or decision-maker. Asset loss is an
appropriate metric for an insurance company but well-being loss is
more effective for considering policies that aim to ‘focus on protect-
ing the poor and people in vulnerable situations™.

The results presented here reflect real patterns and confirm our
qualitative understanding of disasters. The distributions of asset
losses are driven by the spatial distribution of the hazard event,
and wealth and asset concentration. The housing sector is the most
affected in terms of direct asset losses. Unemployment increases with
the destruction of productive capital and produces ripple-effects in
supply chains*~*. In contrast, employment increases in sectors that
experience reconstruction-related demand, such as construction
and manufacturing®”. The impact on households extends beyond
the immediate geographically affected area, where the poorer neigh-
bourhoods are disproportionately affected over the recovery period
and their recovery rate is lower than that of the wealthy.

When it comes to risk-reduction strategies, there is no one stan-
dard solution and each community needs to design approaches
based on its drivers of vulnerability, whether it is aging build-
ing stock and infrastructure, low wealth levels or volatile income
sources. The optimal approach is likely to involve a combination of
predisaster interventions and preparedness action to help people
cope and recover from unavoidable losses'**%. The methodology
proposed in this research can support the design of such a package
of interventions, combining the rigour of cost-benefit analyses with
consideration of socioeconomic characteristics and vulnerabilities
of the affected population.

Methods

The results presented in this paper are derived by combining several probabilistic
seismic, engineering and economic models. The four main models are
summarized next.

Earthquake rupture and ground motion simulation. The earthquake rupture
scenario is taken from the US Geological Survey’s UCERF2 Earthquake Rupture
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Forecast”. The Abrahamson et al. ground motion prediction equation” is used

to characterize ground motion shaking intensity throughout the Bay Area,
considering factors such as distance from the rupture and local soil conditions. The
uncertainty in the shaking is captured by simulating 500 ground motion maps that
consider spatial correlation”. The ground motion uncertainty is the largest source
of uncertainty (as compared to uncertainty in the building damage described in the
next section) in the overall results of the well-being model.

Physical damage and direct asset loss modelling. For each of the analysed
1,577 census tracts, information on the number of buildings, their occupancy,
structural type and building replacement cost is used to simulate damages for
each of the 500 ground motions maps. In addition to residential buildings, the
building inventory included industrial and commercial buildings that are linked
to activities across different economic sectors. Fragility functions that specify
the probability of various damage states (none, slight, moderate, extensive and
complete) given a level of shaking are used to model building damage. Each
damage state has an associated loss ratio (repair cost as a percentage of the
building replacement value), which is used to assess direct asset losses to the
region. The building inventory, fragility functions and loss ratios are taken from
the US national standardized methodology, HAZUS*, where building values
and replacement costs are adjusted to 2016 US$.

Postdisaster economic recovery modelling. The disaster impacts on 15 economic
sectors and their subsequent recovery are modelled using a modified version of
the Adaptive Regional Input-Output (ARIO) macro-economic model'””. The US
Bureau of Economic Analysis’s (BEAs) 15 aggregated sectors are used:

(1) agriculture, forestry, fishing, and hunting

(2) mining

(3) utilities

(4) construction

(5) manufacturing

(6) wholesale trade

(7) retail trade

(8) transportation and warehousing

(9) information

(10) finance, insurance, real estate, rental and leasing

(11) professional and business services

(12) educational services, health care and social assistance
(13) arts, entertainment, recreation, accommodation and food services
(14) other services, except government

(15) government

Direct asset losses are assumed to be associated with damages to factories,
equipment, office space and other productive capital, which leads to a decrease
in production until these damages are repaired. The decrease in each sector’s
productive capacity due to damages is proportional to the asset losses, using
a unique average productivity of capital ratio for each sector. The average
productivity of capital is derived by taking the ratio of sector’s value added and
fixed assets from the national BEA statistics. It is assumed that reconstruction
efforts cause increased demand in construction (80% of the direct asset losses)
and manufacturing (20% of direct asset losses) sectors. This is taken into account
by adding demand from reconstruction to the local final demand, interindustry
demand and export demand in the two sectors.

In addition to direct disaster impacts on a sector’s production, the ARIO
model captures several indirect effects from industry interdependencies.
By using Bay Area’s input-output matrix, the model captures output
variations caused by changes in postdisaster interindustry consumption and
reconstruction demand; input scarcity resulting from suppliers’ inability to meet
demand; exhaustion of input inventories; and overcapacity production, with
production increasing above the predisaster level by engaging previously unused
resources or increasing the use of available resources (for example, employees
working overtime). Over the course of the recovery, the industries’ productive
capacity increases as physical repairs take place and productive capital is
recovered. The physical reconstruction time is constrained by the construction
and manufacturing sectors’ ability to satisfy reconstruction demand and
physical repair times defined in HAZUS?. The model also quantifies changes in
employment and labour income for each of the industries, by assuming that they
are proportional to industry output throughout the recovery process. The ARIO
model has been previously validated using Hurricane Katrina economic losses”,
where changes in value added, employment, prices and profits across different
industries were modelled. It has also been used to assess the impacts of the 2008
Wenchuan earthquake™.

Household well-being microsimulation. The household model builds on Walsh
and Hallegatte’s socioeconomic resilience model* and adds to it by (1) explicitly
including household labour income, rent and mortgage payments and (2) linking
the household income to the impact of the disaster on jobs and labour income,
as estimated by the ARIO model. In particular, the predisaster income level is
decreased if the household is employed in the industry whose production is
affected by the disaster.
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The model performs microsimulations of households’ consumption over a 10-yr
postdisaster recovery period and determines the resulting changes in well-being. For
each census tract, average per capita values for damages, savings, rental payments,
mortgage and income sources are calculated and used to compute well-being losses.
Below we describe the formulation of predisaster and postdisaster household models
in terms of household’s capital stock, income, consumption and well-being.

Predisaster household capital stock. Households derive income from three types of
capital: (1) k%, capital that is associated with employment and is used in the process
of earning a salary or wages. This includes buildings, machinery and equipment,
where in some cases the capital is owned by the households earning the salary (for
example, small shops) and in others it is owned by other investors (for example,
owners of the factory where someone works); (2) k%, other capital comprised of
income-generating investments, such as financial investments; (3) k", capital that
provides housing services, regardless of whether this capital is owned or rented

by the household. This capital (that is, the market value of the residence) is the
sum of the land value (k"**!) and the value of the building structure (k**). The total
predisaster capital stock (k,) used by the household is the following:

ko = K5 + k2™ + K
=hgoh g

1)
where it is the labour income and x is the US average productivity of capital. z is
derived using Penn World Tables™".

Predisaster household income. The household’s generalized income is comprised of
labour income (i), investment income (i) and non-monetary income associated
with the receipt of housing services (i"). If the housing is rented, the rental
payment (p™) is removed from i" to avoid double-counting the effective income
derived from housing. The predisaster household income (i,) has the following
formulation:

i =ik it b — prent

2
=i+ 7kg™ o+ 7k — prent @

Predisaster household consumption. The predisaster consumption (c,) is equal to the
predisaster income minus any mortgage payments (p™"), again to avoid double-
counting housing services. We assume that the remaining income is consumed

by the household in the same year and there are no financial savings, except for
housing investments.

Co = 1o _Pmm( (3)

Household well-being. At an instance in time, the utility derived from consumption
is calculated using a constant relative risk aversion (CRRA) utility function, with
the elasticity of the marginal utility of consumption (that is, the increase in utility

when consumption is increased by US$1 at one point in time), as per equation (4).

u(t) = (4)

For CRRA utility functions, the same parameter 7 describes both risk aversion

and the elasticity of the utility value of a marginal US$1 increase in consumption.
The utility function captures the fact that US$1 in consumption is worth more to

a poorer individual, which is one of the many reasons why poorer individuals are
more vulnerable to natural disaster impacts. Well-being (or welfare in economics
jargon) is then defined as the discounted sum of utility over time (see equation (10)
for well-being loss formulation).

Postdisaster household capital stock. Capital changes occur as a result of physical
damage to buildings and infrastructure. For households, this is represented by

the repair costs associated with structural and non-structural damage to their
residences. The labour capital is also affected by destruction of productive capital
in industries by which the household is employed. To calculate changes in labour
capital, we use labour income losses calculated using the ARIO model. It is
assumed that the other capital (k") related to investments is outside of the affected
area and is unaffected by the disaster. The postdisaster capital stock, k(t), at time

t is shown in equation (5), where a positive A represents a loss, v is the loss ratio
which is repair cost divided by the total building value (k) and A is the household’s
reconstruction rate determined by equation (12).

(1) = ko — (AR (1) + AR (1))

=k, — (Ai;(t) + vkhe ) ®

Postdisaster household income. Postdisaster income changes are derived from
changes in labour income and changes in capital stock. The change in the housing
capital leads to a loss in housing services (which approximates the expenses needed
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to pay for an alternative temporary accommodation). The labour income depends
on the sector that the household is employed in, where we assume that change

in household income is proportional to the change in sector’s labour income

from the ARIO model. In the case where a specific industry is over-producing to
meet the increased reconstruction demand, labour income can actually increase,
resulting in a negative Ai*(¢). The changes in labour income are adjusted to

reflect unemployment insurance benefits in accordance with the Employment
Development Department of the State of California®. If an individual in a given
household becomes unemployed, they will receive weekly unemployment benefits
ranging from US$40 to US$450 depending on their annual income. It is assumed
that anyone who becomes unemployed as a result of the disaster is eligible to
receive unemployment insurance benefits. With regards to rented households, it
is assumed that renters will not have to keep paying the full rent for a damaged
property and therefore in this model the rental payments decrease proportionally
to the level of damage.

(t) =i, — AQ(t
iy — (A (t) + ZAKM (1) — Ap™(t)) (6)
=i, — (AiL(t) + ﬂl/kgefﬂ _ fo)ente—/lt)

=

Postdisaster household consumption. Postdisaster consumption is affected by
changes in income and the need to pay for reconstruction of physical assets
owned by the households.Therefore, the asset losses are explicitly accounted for
in the form of homeowners paying for reconstruction. In addition, households
can use their savings to make up for the decrease in consumption. Postdisaster
consumption, c(#), is illustrated in Fig. 1 and is expressed in equation (7):

=} 7)

c(t) = max{c, — Ac(t),
where

Ac(t) = Ai(t) + creco(t)

= (A" () + m/kl;e’”“ — yprente ™) 4 JkSfoe M

In equation (8), .. (t) is the repair cost at time ¢, y is the consumption loss
considering the use of savings, which is found using equation (9), and f° is the
fraction of owner-occupied households. The postdisaster consumption remains
constant at level ¢, — y until time # when savings are depleted. Both the asset and
income losses are adjusted to consider payments from property and unemployment
insurance. We also assume that reconstruction of rented residences is financed
by investors (owners) who live outside of the disaster area. Therefore repair costs
associated with rented residences do not affect household consumption in the
affected area. Assuming that all owners of the rented residences are outside of
the region is a simplification, which can lead to underestimation of impacts on
households that own rental properties. However, more granular modelling is
impossible at this stage due to the absence of data on the localization of rental

property owners.
. ¥ = Ac()
) t{ ©)

yt + savings = j'gAc(t)dt

Postdisaster household well-being losses. We define well-being losses, AW, as the
present value of the change in utility from predisaster level over the recovery
period, T, using continuous discounting and a utility discount rate p (assumed to
equal to 10%). The discount rate is calibrated such that the predisaster situation
is optimal, with the marginal productivity of capital equal to the consumption
discount rate. The marginal productivity of capital is classically estimated assuming
a Cobb-Douglas production function, as the product of the average productivity
of capital (the ratio of the output to capital stock) and the share of profit in total
income (assumed equal to 30%). In addition, well-being losses include long-term
effects associated with the decrease in household savings, with the assumption
that that savings replenishment occurs far in the future, after the reconstruction is
completed. Equation (10) shows the full well-being loss formulation.

AW = [¥ (1o — u(r))e " dt + 9

d
c 1¢o

Asavings

o (10)
= fg( i,; - C(f),vy Je P'dr + ¢ Asavings
Finally, since the units in equation (10) are non-monetary and not easy to
interpret, we convert AW into an equivalent consumption change, AC,, (see
equation (11)).
du
ACq =W/ (1)

The equivalent consumption change represents the dollar amount by which
a household earning the mean Bay Area income would have to decrease its
consumption to experience the same well-being decrease as the considered
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household. The final change in equivalent consumption is what we refer to as well-
being loss. This process is equivalent to scaling up losses affecting poor people
and scaling down losses affecting rich people, such that a US$1 loss has the same
impact on well-being regardless of the income of the affected household.

Reconstruction rate optimization and constraints. The household reconstruction
rate, 4, is a minimum of three rates: the physical reconstruction rate, 4,,,,*’; the
reconstruction rate that maximizes the household well-being over 10yr, 4, taking
into account that the household might prefer to defer reconstruction to maintain
its consumption level; and the reconstruction rate at which the household is able
to retain sufficient consumption to avoid extreme poverty, 4,,,. The mathematical
formulation is shown in equation (12):

A = min{Ahazus, dopts Apov | (12)

where

T
1 ,
Aopt = argmax / (co — (A (t) 4 mvkbe ™ —
i Jol=n

rent ,—At
vpye ™)

— AKSTfoe M) e

Model limitations. Several limitations should be highlighted for consideration in
future research. In this model, damages to lifelines such as road, water, power and
telecommunication networks are not explicitly modelled due to lack of data. Other
studies predict that a similar size earthquake (M,,7.0) would cause damage to the
water network, where 30-95% of service would be returned within 7 d, depending
on the county, and full service within 30-210d (ref. *°). In addition, damage due

to secondary hazards such as fire, liquefaction and landslides is not modelled.
Post-earthquake fire can be a large source of loss, where the aforementioned study
estimates a US$16 billion loss in terms of building replacement value. Considering
these damages in our model would increase both asset and well-being losses.

The economic recovery model used in this study makes several simplifications.
First, the assumption that each sector is homogeneous can lead to underestimating
supply chain disruptions linked to specific products or services. It can also lead
to underestimating the ability of firms to cope with the impact of the disaster*>>.
Second, the assumption that the impact on jobs is proportional to the impact on
value added can underestimate job losses (for instance, when a small firm loses half
of its capacity and goes bankrupt) or overestimate job losses (for instance, when
alarge firm loses production capacity but keeps its workers during the recovery
phase). Third, the model assumes that the economy is in a state of equilibrium
before disaster and returns to this state during the recovery. In reality, post-
reconstruction economies are sometimes notably different from predisaster ones™.
In addition, postdisaster demand surge, which can increase the cost of repairs by
20% or more™, has not been considered. Finally, the macro-economic impact of the
disaster depends on the stage of the business cycle. Previous research suggests that
if the economy is in the expansion stage the losses are amplified and if it is in the
recession stage the losses are dampened through the mobilization of
idle resources™.

At the household level, the model makes several simplifications, largely forced
by data availability. Informal support from friends and family after a disaster is not
considered, and households are assumed to determine their reconstruction rate
optimally. Permanent relocation of households within and outside of the affected
area is also not considered. Previous studies show that disasters often lead to
short-term migration and in some cases long-term migration patterns, which can
affect labour supply and wages in both the affected area and in-migration regions’.
Household decisions to relocate depend on factors such as the type of affected area
(urban or rural) and socioeconomic status, where more educated and wealthier
individuals in urban areas are more likely to relocate following a disaster. Renters
can also relocate more easily given their mobility. This could be a concern in the
Bay Area, given its wealth distribution and high percentage of renters, and should
be investigated further.

Lastly, information on households is aggregated at the census tract level due
to data availability limitations. A census tract is a geographic delineation that
typically has between 1,200 and 8,000 people, with an average population of
4,000. While using census tract aggregation preserves the geographic distribution
of damage, aggregation and averaging can distort household characteristics in
highly heterogeneous areas. In particular, very low-income households whose
consumption can go below poverty or subsistence levels after a disaster, might not
be detected as a result of averaging within a census tract. A way to mitigate this
is to either use a more suitable household survey where information on spatial
and demographic distribution is preserved or generate synthetic population data
through spatial microsimulation modelling®.

Data sources. This research uses exposure data from US Federal Emergency
Management Agency’s HAZUS™; socioeconomic and demographic statistics from
US Census and Consumer Expenditure through the Simply Analytics platform®*;
trade statistics from US Census Import and Export Merchandise; national and
regional industry data from US Bureau of Economic Analysis and Regional
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Input-Output Modeling System (RIMS II); and labour statistics from US Bureau of
Labour Statistics. Year 2016 is taken as the base year, where data from that year are
used when available.

Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

The datasets generated and/or analysed during the current study are available from
the corresponding author upon reasonable request. Several input datasets that
support the findings of this study are available from different platforms and sources
(as described in Data sources section) and restrictions may apply to the availability
of such data. Input data can be obtained from the authors upon reasonable request
and with permission from the relevant data owners.

Code availability
All code used to conduct this analysis is freely available at https://github.com/mary-
mark/well-being_model.
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Analysis, U.S. Bureau of Labor Statistics, U.S. Census Import and Export Merchandise, and U.S. Federal Emergency Management Agency’s
HAZUS

Data analysis Custom code in MATLAB and Python was used for all of the analysis and is available on https://github.com/mary-mark/well-being_model

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers.
We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:
- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

The datasets generated and/or analyzed during the current study are available from the corresponding author upon reasonable request. Several input datasets that
support the findings of this study are available from different platforms and sources (as described in Data sources section) and restrictions may apply to the
availability of such data. Data are however available from the authors upon reasonable request and with permission from the relevant data owners.
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Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences IXI Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description The current study is entirely based on numerical computer simulations where no statistical analyses, experiments, or new data collection
were performed.
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Research sample All input data was taken from existing datasets, via data platforms such as SimplyAnalytics, USGS OpenSHA platform, U.S. Bureau of
Economic Analysis, U.S. Bureau of Labor Statistics, U.S. Census Import and Export Merchandise, and U.S. Federal Emergency
Management Agency’s HAZUS.

Sampling strategy ~ N/A

Data collection N/A
Timing N/A
Data exclusions N/A

Non-participation N/A

Randomization N/A

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies IZ |:| ChlIP-seq
Eukaryotic cell lines IZ |:| Flow cytometry
Palaeontology IXI |:| MRI-based neuroimaging
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