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Abstract
Traditional risk assessments use asset losses as the main metric to measure the severity
of a disaster. Here, an expanded risk assessment is proposed based on a framework that
adds “socioeconomic resilience” — that is, the ability of affected households to cope with
and recover from disaster asset losses — and uses “wellbeing losses” as its main measure
of disaster severity. Using a new agent-based model that represents explicitly the recov-
ery and reconstruction process at the household level, this risk assessment provides new
insights into disaster risks in the Philippines. Its first conclusion is the close link between
natural disasters and poverty. On average, estimates suggest that almost half a million Fil-
ipinos per year face transient consumption poverty due to natural disasters. Nationally, the
bottom income quintile suffers only 9% of the total asset losses, but 31% of the total well-
being losses. As a result of the disproportionate impact on poor people, the average annual
wellbeing losses due to disasters in the Philippines is estimated at US$3.9 billion per year,
more than double the asset losses of US$1.4 billion. The second conclusion is the fact
that the regions identified as priorities for risk-management interventions differ depending
on which risk metric is used. While cost-benefit analyses based on asset losses direct risk
reduction investments toward the richest regions and areas, a focus on poverty or wellbeing
rebalances the analysis and generates a different set of regional priorities. Finally, measur-
ing disaster impacts through poverty and wellbeing impacts allows the quantification of the
benefits from interventions like rapid post-disaster support and adaptive social protection.
While these measures do not reduce asset losses, they efficiently reduce their wellbeing
consequences by making the population more resilient.
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Introduction

The Philippines is by some measures among the most disaster-affected countries in the
world. The 100 million residents of the Philippines, along with their homes and livelihoods,
are exposed to a wide variety of disasters, including typhoons, earthquakes, floods, storm
surges, and tsunamis. Small, geographically limited events occur frequently across the 2,000
inhabited islands in this middle-income country; and asset losses can reach into the billions–
with additional untold human costs–when major storms and earthquakes affect densely
populated urban areas.

On November 8, 2013, Super Typhoon Yolanda (internationally referred to as Typhoon
Haiyan) made multiple landfalls in the Eastern, Central, and Western Visayas regions of the
Philippines (cf. Fig. 2 on page 8), claiming nearly 6,300 lives and directly affecting more
than 16 million individuals across nine regions. At least 1.1 million homes were damaged
or destroyed, and the government estimated total losses at US$2.2 billion ( 95 billion),
making Yolanda the most costly hurricane to affect the Philippines to date. Since Yolanda,
various regions of the Philippines have been affected by numerous wind, earthquake, and
flood events, both large and small.

As these statistics make clear, the consequences of disasters in the Philippines extend
beyond the replacement costs of destroyed assets — or asset losses. Disasters have well-
documented consequences for social and economic development agendas and outcomes,
including especially inequality, agriculture, education, and health (Catane et al. 2012; Yon-
son 2018; Yonson et al. 2018; Blanc et al. 2016; Yi et al. 2015; Huigen and Jens 2006; Dawe
et al. 2009; Yumul et al. 2011). Despite this growing body of research, risk assessments still
typically adopt asset losses as a singular metric of disaster impacts.

This approach limits the development of disaster risk management (DRM) strategies that
can be integrated into larger development agendas, especially poverty reduction, because
asset losses obscure the relationship between disaster risk and poverty. By definition,
wealthy individuals have more assets to lose, and their various discretionary expenditures
can far exceed the total value of others’ housing, or livelihoods. At the same time, asset
losses do not measure many dimensions of disaster impacts that accrue to the poor: while
they may have very little to lose, they also lack the resources and instruments to recover and
rebuild destroyed assets–and, critically, to maintain consumption through income shocks.
When disasters occur, the poor are more likely than the wealthy to forego consumption of
food, health, or education in order to finance their recovery, and to take longer to recover.

For these reasons, DRM strategies that seek to minimize asset losses, do not address
the needs of the poor, even when there are small, cost-effective interventions to build their
resilience to disasters. To correct this bias, the initial Unbreakable report introduced the
concept of wellbeing losses. Wellbeing losses are proportional to traditional asset losses,
but they also account for people’s socioeconomic resilience, including (1) their ability to
maintain their consumption for the duration of their recovery, (2) their ability to save or
borrow to rebuild their asset stock, and (3) the decreasing returns in consumption–that is,
the fact that poorer people are more affected by a $1 reduction in consumption than richer
individuals.

The analysis presented in this paper builds upon and expands the approach proposed in
the initial GFDRR flagship report. It uses a new agent-based model, subnational hazard
information, and household survey data to examine the consequences of natural disasters
on individuals and households. This analysis provides a multi-metric assessment of disas-
ter risks at the regional level, using: (1) traditional asset losses; (2) poverty incidence and
gaps; (3) wellbeing losses; and (4) socioeconomic resilience. Wellbeing losses provide a
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balanced estimate of disaster impacts on the welfare of diverse households, and socioeco-
nomic resilience measures the ability of the population to cope with and recover from asset
losses. This broad perspective is intended as a demonstration of how wellbeing losses can
be measured at subnational level, and to contribute to the development of poverty-integrated
DRM strategies at regional level in the Philippines. The approach is replicable at any level
of spatial resolution allowed by data.

The first conclusion of this analysis is the close link between natural disasters and poverty
in the Philippines, and this connection goes both ways. First, natural disasters are a cause
of poverty: on average, estimates suggest that almost half a million Filipinos per year face
transient consumption poverty due to natural disasters. And in several regions throughout
northwestern Luzon, the number of individuals pushed by disasters into extreme poverty
represents at least 20% of chronic subsistence incidence. In these places, cost-effective
investments in mitigation of disaster impacts on the poor could complement and strengthen
poverty reduction campaigns.

This link between disasters and poverty goes both directions, as poverty magnifies the
impact of natural hazards by making people more vulnerable, or less resilient, to shocks.
Due to many financial and social recourses available only to the wealthy, wellbeing losses
are concentrated among the poorest residents of each region. Nationally, the bottom income
quintile suffers only 9% of the national asset losses, but 31% of the total wellbeing losses.
On average, the poorest quintile suffers from wellbeing losses that are 1.5 times larger
than average individual loss in the country. Overall, the average annual wellbeing losses
due to disasters in the Philippines is estimated at US$3.9 billion per year (3.3% of house-
hold expenditures), more than double the asset losses of US$1.4 billion (1.3% of household
annual expenditures).

A second conclusion is that priority interventions — both in spatial terms (where to act?)
and sectoral terms (how to act?) — are highly dependent on which metric for disaster sever-
ity is used. The most important interventions will focus around Manila if asset losses are
used as the main measure of disaster impacts, while regions like Bicol become priorities in
terms of poverty incidence and wellbeing losses. And the least resilient region — the one
that would struggle the most if it was affected by a disaster — is the poorest, ARMM. Fur-
ther, one needs to use regional averages with care: our results show that the poorest people
in the richest regions are almost as vulnerable as the poorest people in the poorest regions.
An important consequence of these findings is that the choice of the metric used in risk
assessments is not a technical question, but a political choice with significant implications
for which interventions are desirable.

Finally, the third conclusion of this work is that new metrics of disaster impacts —
including poverty headcount, poverty gap, and wellbeing losses — can be used to quantify
the value of interventions currently outside the traditional risk-management toolbox. Asset-
informed risk-management strategies primarily focus on protection infrastructure, such as
dikes, and the position and condition of assets, for instance with land-use plans or building
norms. Wellbeing-informed strategies can utilize a wider set of available measures, such
as financial inclusion, private and public insurance, disaster-responsive social safety nets,
macro-fiscal policies, and disaster preparedness and contingent planning. Even if they do
not reduce asset losses, these measures can bolster communities’ socioeconomic resilience,
or their capacity to cope with and recover from asset losses when they occur, and reduce the
wellbeing impact of natural disasters.

Beyond these policy conclusions, this paper also describes for the first time a model
developed to better understand the impacts of natural disasters on Filipino households,
and their paths to recovery. The approach starts conventionally, incorporating hazard- and
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asset-class-specific exceedance curves at the provincial level from the Government of the
Philippines Department of Finance Catastrophe Risk Model (DFCRM) (Guin and Saxena
2000; Deanna 2017). However, its primary innovation is the combination of these detailed
hazard maps with household survey data–in this case, the 2016 Philippines Family Income
& Expenditure Survey (FIES)–to disaggregate expected asset losses among representative
households. This step is based on an estimation of households’ asset vulnerability from
available household characteristics (i.e., from housing construction materials and condi-
tion). The model generates estimates of asset losses, poverty impacts, and wellbeing losses
by income quintile and region in the Philippines. Many other population subsets are possi-
ble, including ethnicity, head of household gender, education level, and employment sector,
limited only by the resolution and representativeness of the hazard and household survey
data.1

The second main innovation of the model is to explicitly represent disaster reconstruction
dynamics at the household level using an agent-based approach in which (1) each house-
hold acts rationally to minimize its wellbeing losses, and (2) households interact through
firms’ activities and government budgets. The model specifies a unique reconstruction and
savings expenditure rate for all households, assuming each optimizes the fraction of income
dedicated to repairing and replacing disaster-affected assets, at the expense of immediate
consumption. In particular, households close to the subsistence level cannot set aside much
of their income to rebuild their assets without experience large wellbeing losses, and will
therefore take longer to recover. After extreme events, or among fragile populations, house-
holds can become permanently trapped in poverty, generating significant wellbeing losses
long after their neighbors have recovered (Carter and Barrett 2006; Dercon and Porter 2014).

With this approach, we are able to develop a detailed country risk profile for the Philip-
pines that identifies sub-national variations in hazard, exposure, asset vulnerability, and
socioeconomic resilience. This is intended to be used as an input in DRM prioritization
and funding processes at as fine a scale as data allow. We can also assess the benefits of
prospective DRM investments and interventions, including not just engineering projects,
but also formal and informal risk sharing mechanisms (e.g., post-disaster support and pri-
vate remittances), in terms of increased resilience and reduced natural disaster impacts on
all Filipinos’ lives and livelihoods.

The paper is organized as follows. Section “Asset Losses” provides an overview of
asset risk due to wind, precipitation floods, storm surge, and earthquake events in each
of the 17 regions. In “Income, Consumption, and Poverty”, we overlay this information
with household-level income and asset vulnerability data from the 2015 Family Income
and Expenditures Survey (FIES) to develop finely-grained estimates of income and con-
sumption losses to disasters. Based on these results, we estimate the number of households
in the Philippines facing transient income or consumption poverty each year due to natu-
ral disasters. In “Risk to Wellbeing at the National Level” to “Regional Risk Summary”,
we quantify wellbeing risk at the national and regional levels, respectively. In “Poorest
Quintile Risk Summary”, we examine specifically the risk to assets and risk to wellbeing
of the poorest quintile in each region. Section “Policy Simulations” describes policy simu-
lations, and “Conclusions” presents conclusions. A technical Appendix provides details on
the methodology and data, and a discussion of the equations and assumptions underlying
the publicly-available model.

1In geographical terms, the current version of the FIES is representative only at the regional level. An updated
FIES, expected in 2019, will make it possible to perform the same analysis at the provincial level.
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Fig. 1 Traditional risk assessments evaluate asset exposure and vulnerability to hazards to determine
expected asset losses. The Unbreakable model additionally incorporates the socioeconomic resilience of the
communities to predict wellbeing losses

Asset Losses

Typically, risk assessments incorporate information on the hazards (the natural occurrence
of destructive events); exposure (the value of natural and built assets that could interact
with these hazards); and vulnerability (the expected consequences to exposed assets when a
destructive event does occur) of the targeted area. Together, these three dimensions describe
average annual asset losses in the area of interest (Fig. 1).

Table 1 on the next page displays average annual asset losses, by hazard type, for each
region in the Philippines.2 Already, we see that disasters in the National Capital Region
(NCR, or Metro Manila) and in CALABARZON (region IVA) cost over US$300 million
per year, on average. In NCR, these losses are driven primarily by precipitation flooding,
while wind events are responsible for over 50% of annual losses in CALABARZON.

Significant differences across regions and disaster type are explained by variations in the
hazard, exposure, and vulnerability of each part of the country. For example, while major
typhoons can theoretically strike any part of the country, the northeastern coast of Luzon
(regions II, IVA, and V) and the Eastern Visayas (region VIII) are the most frequently
affected–that is, these islands face elevated typhoon hazard (cf. Fig. 2). Further, all the
regions facing asset losses in excess of US$100 million are in mainland Luzon, the wealth-
iest and most developed part of the country (elevated exposure). By contrast, asset losses
in Mindanao, the southernmost island group, comprise just 5% of total losses (inclusive of

2Comprehensive asset loss estimates are a direct output of the AIR catastrophe model, a probabilistic model
of natural hazards and their interactions with, or impacts on, insurable assets. Starting from event simula-
tions with localized intensity calculations, the AIR model estimates damages and expected losses, taking
into account the best available exposure data and policy conditions (Guin and Saxena 2000; Grossi and Kun-
reuther 2005). However, this analysis is specifically interested in the impacts of disasters on household assets,
consumption, and welfare. One issue we face is the difference between the Gross Domestic Income (GDI)
derived from national accounts and the aggregated household consumption (AHC) calculated from household
surveys. As is well known, the latter tend to report lower incomes and consumption than national accounts
(Deaton 1997). In this analysis, we work based on the AHC. Therefore, the expected losses in Table 1 have
been scaled by AHC as a fraction of the nominal regional productivity (GRDP), a factor of 0.43 on average
(cf. Table 7).
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Table 1 Expected annual
household asset losses in
millions of US$ from
earthquakes (EQ), hurricanes
(HU), precipitation floods (PF),
and storm surges (SS)

Household asset losses [mUS$ per year]

Region EQ HU PF SS Total

NCR 68.6 67.1 169.7 1.4 306.8

IVA - CALABARZON 71.5 156.3 67.2 9.8 304.9

III - Central Luzon 56.2 119.2 54.8 3.4 233.5

V - Bicol 11.2 68.4 7.8 27.0 114.4

I - Ilocos 37.7 62.4 13.1 0.8 114.0

II - Cagayan Valley 9.7 88.7 9.5 6.0 113.8

VIII - Eastern Visayas 11.3 34.1 2.1 13.2 60.7

VII - Central Visayas 8.9 15.0 25.8 9.9 59.6

VI - Western Visayas 19.3 11.1 8.3 7.3 46.0

IVB - MIMAROPA 6.1 11.1 1.7 0.8 19.8

CAR 3.5 9.0 6.2 0.0 18.7

XI - Davao 12.6 0.6 0.9 0.0 14.1

XIII - Caraga 9.9 3.0 0.5 0.5 13.9

XII - SOCCSKSARGEN 7.2 0.1 0.1 0.0 7.3

X - Northern Mindanao 3.3 2.4 1.3 0.2 7.1

ARMM 4.5 0.3 0.3 0.0 5.1

IX - Zamboanga Peninsula 3.2 0.2 0.2 0.0 3.6

National total 344.7 648.9 369.4 80.4 1,443.3

Regions are listed by total
expected losses in descending
order (presented in the rightmost
column, for convenience)

regions IX, X, XI, XII, XIII, and ARMM). This is due not only to the relative infrequency
of major events in Mindanao (low hazard), but also the low density of valuable assets (low
exposure) and high poverty (high vulnerability)–particularly outside Davao, the largest city
in the island group.

Figure 3 on the following page maps multihazard asset losses, again by region. On the
left, expected losses are represented in millions of dollars (as in the rightmost column in
Table 1). On the right, the same results are presented as a percentage of each region’s aggre-
gate household consumption (AHC).3 Generally, the same regions (i.e., Metro Manila and
surrounding parts of Luzon) are highlighted in both representations of asset losses. How-
ever, in the map on the right, Cagayan Valley and Bicol (regions II and V, respectively) have
replaced NCR and CALABARZON as the most heavily-impacted regions.

The simple comparison in Fig. 3 illustrates an essential insight: different metrics can
lead to different disaster risk “hotspots”–and, therefore, priorities. This suggests that asset
losses, though conceptually straightforward and easily quantified, do not give a complete
picture of disaster impacts in the Philippines. Specifically, both maps in Fig. 3 describe
mostly what happens to the wealthiest regions (and, within these regions, the wealthiest
households) because they are based on aggregate loss data, and the wealthy have the most
to lose. Although asset losses in ARMM (the southernmost islands in the archipelago) total
just US$5 million per year, plans for and responses to disasters must in some way account
for the 54% poverty rate in ARMM (versus 4% in NCR).

3AHC is the total household consumption in each region, as reported in FIES.
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Fig. 2 Administrative map, indicating the 17 regions of the Philippines. Source: “Regions of the Philippines”
on Wikipedia (CC BY-SA 4.0)

Socioeconomic Resilience Input Data

Clearly, a more spatially disaggregated approach will be required. But moreover, we need
to understand–and develop metrics for–the ways in which natural disasters affect the poor.
To these ends, this paper presents a distributional analysis, moving from the regional scale
to the household level. In the following sections, we examine disaster impacts on household
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Fig. 3 Total risk to assets (expected annual losses) from earthquakes, hurricanes, precipitation floods, and
storm surges for each of the 17 regions of the Philippines. At left, annual expected asset losses are expressed
in US$. At right, losses are shown as a percentage of regional AHC

income and consumption, based on insights generated by the merger of the above regional
asset loss data with household-level socioeconomic characteristics. Among other results,
this novel approach allows researchers and officials to develop estimates of the number of
individuals pushed into transient poverty each year by disasters.

Table 2 summarizes the main inputs taken from the FIES survey of household
income and consumption in the Philippines. Before applying the socioeconomic resilience
framework to integrate all of these factors into a single metric, we can identify several
trends in the data, and in some cases anticipate their effects on socioeconomic resilience to
disasters.

• From a DRM perspective, Metro Manila, or NCR, is distinct in all ways from the rest
of the Philippines. Most critically, the population density in the capital region is nearly
21,000 people per square kilometer. This is 25 times greater than in nearby CALABAR-
ZON, which is the most populated region and the second most densely populated one
(870 persons per square kilometer).

• The total household asset value exposed to disasters is over ten times greater in NCR
than in ARMM. Asset and population densities are critical considerations for DRM
investment decisions, as physical hazards (e.g., wind, flooding, surge, etc.) can only
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result in catastrophes when they interact directly or indirectly with households and their
livelihoods.

• Regions are listed by per capita consumption in descending order in Table 2. Household
size is inversely correlated with consumption, increasing from 4.2 in Metro Manila,
the wealthiest region, to 6.1 in ARMM, the poorest. Both across and within regions,
households may become more vulnerable to consumption shocks as the number of
dependents increases, due to a greater number of individuals reliant on household
income.

• Resilience is expected to increase with per capita consumption, as wealthier households
have more tools to smooth their consumption–and can in many cases scale back discre-
tionary spending for the duration of their recovery, as necessary. With fewer options,
poorer households and communities are more likely to reduce essential consumption
streams, including on food, health, and education.

• As a general trend, poverty incidence and severity (i.e., poverty gap) increase as one
moves south in the Philippines, from the Luzon island group in the north, to the Visayas
group in the center of the archipelago, and finally to the southernmost island group,
Mindanao. Socioeconomic resilience decreases with deepening poverty, and this is true
not just for individual households, but also for communities: dynamic and wealthy
economies will be able to cope with and recover from their collective losses more easily
than areas that were stagnant or impoverished even before the disaster.

• The “Vulnerability” column in Table 2 describes the average fraction of assets lost by
disaster-affected households, when a disaster occurs. Each household surveyed in the
FIES is categorized as fragile, moderate, or robust based on its durability of construc-
tion and its condition. We use this value as an estimate of the vulnerability of all the
assets on which that household relies for income. This is based on the assumption that
people living in fragile homes use makeshift assets, unpaved roads, and inadequate
infrastructure, etc., to make their living. Average asset vulnerability increases from
12-15% throughout Luzon to 17-20% in Mindanao.

• The “Social transfers” column describes the average fraction of household consumption
funded by transfers, including public assistance and private remittances. We do not
see a clear relationship between social transfers and income (noting that the former
may be underreported in the FIES); neither is there an obvious relationship between
consumption and the value of savings. Nevertheless, we expect that greater transfers
and savings help to increase socioeconomic resilience to disasters: the former, as an
income stream not exposed to physical hazards, and the latter as a tool for coping when
disasters inevitably occur.

• Early warning helps communities to secure their belongs as possible, and to evacuate if
necessary, in advance of an approaching hazard. Particularly in a country that is affected
by several major typhoons per year, early warning is essential to minimizing loss of life
and property. In this model, households considered to receive early warning are those
that report owning a cell phone, computer, television, or radio, or that have access to
the internet.

Income, Consumption, and Poverty

In this section, we present the main insights generated by the union of the DFCRM with
the FIES, focusing on how households’ socioeconomic characteristics can mitigate or mag-
nify the impact of disasters. Asset losses are disaggregated to the household level on the

Economics of Disasters and Climate Change (2020) 4: –29492 3258



basis of the socioeconomic characteristics discussed above. At the regional scale, and in
the absence of more detailed data, we assume that all households in a given region are
equally likely to be affected by a disaster when it occurs (uniform exposure). The techni-
cal details of the asset loss disaggregation are discussed in the technical Appendix to this
report.

Income Losses

When disasters damage or destroy the assets on which individuals rely for their liveli-
hood, households incur income losses. Across the socioeconomic spectrum, these assets
can include not only privately-owned shops or fields, but also somebody else’s factory, and
public buildings and infrastructure. Although the replacement value of each of these asset
classes can be measured in pesos, their respective impacts on household consumption can
be very different. For example: it matters very much to each household whether it is their
home or a public hospital that gets destroyed. When entire communities are affected, some
households may receive extraordinary public assistance or remittances to supplement their
regular income while they rebuild. These and other socioeconomic characteristics mani-
festly influence household recovery pathways. Therefore, income losses are a useful metric
of disaster impacts insofar as they can inform DRM policies that respond to socioeconomic
effects.

To provide a historical example: when Super Typhoon Yolanda made landfall in the East-
ern Visayas (region VIII), it caused an estimated US$1.4 billion in damages to that region
alone. In terms of asset losses, then, Yolanda was a roughly 100-year typhoon (including
damage fromwind, storm surge, and precipitation flooding) in the region. Following our dis-
cussion, it is important to understand how these losses were distributed among the affected
population, and the size and duration of consequent income losses in the region.

The top panel of Fig. 4 on page 17 illustrates the expected impact of a Yolanda-like
wind event on individual incomes in the Eastern Visayas region. The black outline indicates
the regional income distribution as reported in FIES, while the red histogram illustrates
the expected income distribution immediately following a Yolanda-like event in the region.
This distribution shows a mode around US$350 per person, per year, with nearly 40% of
the population living below the poverty line. The large bar on the right shows the number
of people with incomes higher than US$2,500 per year; the poverty and subsistence lines
are indicated by the dotted lines around US$350 and US$450 per year, respectively. For this
Yolanda-like event, the wind destruction alone is expected to push over 160,000 individuals
into income poverty in Eastern Visayas, and over 170,000 below the subsistence income
level (4% of the regional population).

Consumption Losses

Already, income losses represent an important step beyond asset losses, and are interesting
as a conceptually straightforward input for poverty-informed DRM investment portfolios.4

However, they still do not take into account a range of characteristics and coping mech-
anisms that can mitigate or exacerbate the effects of disasters on individual households.
For example, we have not yet accounted for the reconstruction costs that directly-affected

4We also note that post-disaster income losses should be observable using high-frequency panel surveys in
areas recovering from disasters.
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Fig. 4 Expected impact of Yolanda-like (100-year) hurricane on per capita income (top) and consump-
tion (bottom) in the Eastern Visayas (region VIII). Income losses take into account the lost productivity
of disaster-affected assets, while consumption losses additionally include reconstruction costs, post-disaster
support, and savings

households (and, through taxation, even those not directly affected) must pay to rebuild
their assets after a disaster. Further, many households have some amount of savings to be
used in case of a disaster, and wealthier households may benefit from formal and informal
post-disaster transfers (Townsend 1995; Morduch 1995). The net effect of these costs and
resources determine households’ consumption losses, or the gap between their initial and
post-disaster consumption, for the duration of their recovery.

The red histogram in the bottom panel of Fig. 4 represents the household consumption
distribution in the Eastern Visayas region immediately after a Yolanda-like hurricane in
the region. After accounting for reconstruction costs and precautionary savings, the event
is expected to generate a net increase of 177,000 individuals whose consumption is below
the poverty line (4% of the regional population), and over 230,000 below the subsistence
line (cf. Fig. 4). At the other end of the distribution, we note that there is no longer a
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discernible difference between pre- and post-disaster consumption for households whose
pre-disaster income is at least US$2,500 (compare to income losses). This suggests that
the poor struggle to cope with lost income, while the wealthy are able to use savings and
other instruments to maintain their consumption, even when they are affected by large
disasters.

Multihazard Risk and Chronic Poverty

On average, inclusive of all hazards and regions, we estimate that almost half a million
Filipinos per year face transient consumption poverty due to natural disasters. This is
equivalent to 2.2% of national poverty incidence, though the sub-national results indicate
significant regional variation (cf. Table 3 on the following page). For example, in several
regions throughout northwestern Luzon, including NCR, Cagayan Valley, CALABARZON,
and Central Luzon, the number of individuals pushed into subsistence represents at least
20% of subsistence incidence, as measured by FIES. Although we do not model economic
growth or other pathways out of poverty, these results indicate that exposure to natural disas-
ters may be a major driver of extreme poverty in certain regions of the Philippines. In these

Table 3 Annual, regional impacts of natural disasters on consumption poverty and subsistence incidence

Consumption poverty impacts of natural disasters

Region Poverty Subsistence

Increase % of regional Increase % of regional

[thousands] incidence [thousands] incidence

IVA - CALABARZON 107 8.3 76 23.1

III - Central Luzon 97 7.8 69 20.6

NCR 82 16.6 36 43.6

V - Bicol 55 2.5 65 9.2

II - Cagayan Valley 26 4.7 23 25.7

I - Ilocos 26 3.8 16 9.4

VII - Central Visayas 21 1.0 24 2.8

VIII - Eastern Visayas 17 1.0 22 2.9

VI - Western Visayas 15 0.9 13 2.3

XII - SOCCSKSARGEN 6 0.4 4 0.4

XIII - Caraga 5 0.4 6 1.4

IVB - MIMAROPA 4 0.6 4 1.5

CAR 4 1.1 4 3.4

XI - Davao 4 0.4 4 1.1

X - Northern Mindanao 2 0.1 2 0.2

ARMM 2 0.1 3 0.4

IX - Zamboanga Peninsula 1 0.1 1 0.2

Total 473 2.2 375 4.6

Results are expressed in thousands of individuals, and as percentages of the FIES 2015 regional poverty
and subsistence rates. Shifts are defined as the number of individuals in consumption poverty or subsis-
tence immediately after a disaster occurs, less the pre-disaster headcount. Poverty incidence is inclusive of
subsistence
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areas, disaster risk management strategies can be a highly efficient tool to decrease poverty
and subsistence incidence, either by reducing asset losses, or by enhancing households’
abilities to maintain consumption as they recover from a disaster.

Figure 5 on page 21 maps the annual consumption poverty impacts of multihazard expo-
sure in each region. The map on the left indicates disaster-related poverty incidence as a
percentage of the total population in each region, while the map on the right describes
disaster-related poverty incidence relative to the FIES estimate of chronic poverty in each
region. Comparing these perspectives, we see that, as a multiannual average, the large major-
ity of Filipinos pushed into transient poverty each year are in Luzon. This is not a surprising
result, as the elevated frequency of hazards and high population and asset densities in the
capital and surrounding regions should be expected to create strong DRM-poverty interlink-
ages. Interestingly, we see in the map on the right that disasters have the largest effect, as a
fraction of chronic poverty incidence, within Metro Manila. This result is reflective of both
the low baseline poverty rate in the capital (4%), and the great potential for major catastro-
phes there. It suggests that disasters may be a major driver of residual poverty in the capital
region.

Fig. 5 These maps indicate natural disaster-related increases in the number of Filipinos expected to face
poverty or subsistence for any duration each year. At left, map colors indicate new poverty incidence as a
percentage of regional population. At right, map colors indicate new poverty incidence as a percentage of
regional poverty rate (inclusive of subsistence)
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Socioeconomic Characteristics and Disaster Recovery Dynamics

Both asset losses and the foregoing poverty-focused analysis characterize the status of
households in the instant after a hazard has occurred, and provide useful insights into how
governments and other first responders should target humanitarian relief. However, two
households starting from the same initial conditions can follow very different recovery path-
ways. After asset losses are assessed, one household may be able to fund its recovery due
to an insurance payout or a surge in remittances, while another becomes mired in poverty.
In contrast to asset losses, income and consumption losses can help design policies that
address the temporal dimensions of disaster impacts. Of the estimated half million Filipinos
pushed into transient consumption poverty by disasters each year, some 25,000 will still be
in poverty 10 years later.

Returning to the Yolanda-like event, Fig. 6 on page 23 maps the expected time to recover
90% of the assets destroyed when a 100-year wind event strikes each region. Unsurprisingly,
the map indicates that Metro Manila and surrounding parts of Luzon are the quickest to

Fig. 6 Map of time to recover
90% of assets destroyed in
100-year hurricane
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recover. In other words, although disasters are more frequent, costlier, and push more indi-
viduals into transient poverty in Luzon than elsewhere, these regions’ economies can also
be expected to achieve relatively rapid and inclusive recoveries. When major disasters occur
outside these areas, recovery is expected to proceed more slowly (and, in some cases, not at
all), and disaster strategies seeking to minimize recovery times should focus on providing
innovative post-disaster support outside of Luzon. Notably, this modeling result is largely
independent of initial asset losses, as it is instead a proxy for the overall socioeconomic
resilience of each region.

Our modeling concludes that disaster costs can persist for large groups of people long
after official recovery efforts have concluded, and this effect has been documented after
some large-scale disasters in other countries (Dercon and Porter 2014; Carter and Barrett
2006; de Janvry et al. 2006; Caruso 2017). In most cases, however, these groups should be
difficult to detect in aggregate economic data because they are much poorer than the average
household. Socioeconomic heterogeneity could also help explain why some studies have
found long-term impacts of disasters on growth (Hsiang and Jina 2014; Noy 2009; Klomp
and Valckx 2014), while others have not (Skidmore and Toya 2002; Kocornik-mina et al.
2016; Bertinelli and Strobl 2013; Cavallo et al. 2013).

By measuring disasters in terms of poverty and recovery times, we can identify those
groups that are least likely to recover. In some regions, the link between disaster losses and
chronic poverty is strong enough that risk management can further anti-poverty objectives,
and vice-versa. This may already be an actionable result, but poverty headcounts do not
provide insight into how households already in poverty (nor those whose income does not
drop below the poverty line) are impacted by disasters. This is an important limitation, as
the goal of this analysis is to motivate inclusive and integrative DRM strategies, to inform
investment decisions that do not discount disaster-related costs to the welfare of any house-
holds. This is why we now introduce the concept of wellbeing losses, which can be used to
measure disaster impacts on all households, without creating a bias toward the richest or the
poorest ones.

Risk toWellbeing at the National Level

The foregoing has shown that, even if disaster-affected households suffer identical asset
losses, their consumption losses and recovery timewill vary according to their socioeconomic
status and the resources available to them. Poverty-integratedDRMstrategies should account
for the insurance, savings, remittances, and public support that help some households to
smooth the consumption shocks, but not others. Even after accounting for these differences,
however, $1 in consumption losses can have very different consequences for individual
households, depending on their income. In particular, while rich households will be able to
spend down their savings or scale back their discretionary consumption, poorer households
will often have to cut on essential consumption, including food, health, and education. This
can threaten their long-term prospects, as well as the development of their community.

Given finite governmental budgets, DRM strategies should attempt to balance the inter-
ests of the poor and the wealthy, and wellbeing losses are constructed to do precisely this.
In this analysis, wellbeing losses are calculated from consumption losses, using a classi-
cal constant relative risk aversion welfare function. This operation translates the value of a
household’s consumption into a measure of welfare, at each point in its individual recov-
ery. The metric measures the value derived from a given level of consumption. Decreasing
marginal returns reflect the fact that small consumption shifts (in either direction) deliver
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greater value to the poor, than to the wealthy.5 In other words, the difference in the well-
being generated by $1 of consumption is a simple proxy for the continuum from survival
consumption (the very first units of consumption that have the largest impact on wellbeing)
to luxury consumption (which enhances total welfare less and less, the larger it grows).

As a metric of disaster impacts, wellbeing losses integrate each household’s consumption
losses over the duration of its recovery, giving more weight to consumption losses accruing
to the poor. In other words, $1 in wellbeing losses describes the same amount of value,
or welfare, for all households, though this value corresponds to greater asset losses for
the wealthy than for the poor. In this way, wellbeing losses account for socioeconomic
differences among households. They correct for the pro-wealthy bias inherent in asset losses
without relying on conceptually simpler, but inadequate binary thresholds like the poverty
line. Most importantly, they capture more fully the costs of disasters and the benefits of
prospective DRM investments than do asset losses. Given poverty-integrated DRM as a
policy goal, wellbeing-informed strategies will be not only more equitable, but also more
cost-effective than asset-informed strategies.

As discussed in “Asset Losses” on page 9, we estimate annual asset losses to house-
holds from natural hazards (inclusive of hurricanes, precipitation floods, storm surge, and
earthquakes) in the Philippines at over US$1.4 billion ( 72 billion, cf. Table 4 on page 29),
equivalent to 1.3% of household annual expenditures. Wellbeing losses are much higher, at
US$3.9 billion ( 193 billion; 3.3% of household expenditures) per year. In other words, if
DRM assessments in the Philippines took into account households’ variable capacities to
cope with and recover from disasters–that is, their socioeconomic resilience–the impact of
disasters would be valued at (equivalent to) a decrease in national consumption by almost
US$4 billion.6

Socioeconomic Resilience to Disasters

The analysis has moved from asset to income, consumption, and wellbeing losses, incorpo-
rating additional relevant household-level socioeconomic characteristics at each stage. To
summarize these developments, we return to the traditional risk-assessment framework (cf.
1 on page 6). The three conventional components (i.e., hazard, exposure, and vulnerability)
can be used to measure tangible destruction, set insurance premiums, and rightsize disas-
ter relief budgets. This is to say, these three layers are sufficient inputs for asset-focused
DRM strategies. However, they leave unaddressed the essential policy question of whether
disaster-affected populations cope with and bounce back from their losses, and how they
can be helped to do so.

In response to this gap in the study and practice of DRM, we have added a fourth layer
of analysis, called socioeconomic resilience. Defined as the ratio of expected asset losses

5Here, the unit of analysis is the households. It would be useful to do it at the individual level, to uncover
intra-household distributional effects, linked to gender or age. In the absence of within-household data, we
make the strong assumption that pre-disaster consumption and disaster losses are distributed equally per
capita within each household.
6More precisely, the impact on wellbeing is equivalent to a 193 billion decrease in consumption that would
be optimally shared across households in the country and across time. Or it is equivalent to a 193 billion
decrease in consumption that would be equally shared across households in the country, if all households had
the same income (i.e. if all inequality had disappeared).
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Table 4 Asset losses, socioeconomic resilience, and wellbeing losses for the entire population of each region
of the Philippines

Region Asset losses Socioeconomic Wellbeing losses

[mUS$/year] resilience [mUS$/year]
[%]

IVA - CALABARZON 304.9 45.8 665.7

V - Bicol 114.4 18.9 605.3

III - Central Luzon 233.5 42.4 551.1

NCR 306.8 60.7 505.6

I - Ilocos 114.0 35.9 317.7

II - Cagayan Valley 113.9 39.3 289.7

VIII - Eastern Visayas 60.7 24.4 249.3

VII - Central Visayas 59.6 28.9 206.2

VI - Western Visayas 46.0 28.1 163.9

IVB - MIMAROPA 19.8 30.4 65.0

XIII - Caraga 13.9 22.8 60.9

XI - Davao 14.1 29.9 47.1

CAR 18.7 47.8 39.1

XII - SOCCSKSARGEN 7.3 19.3 38.0

ARMM 5.1 15.2 33.2

X - Northern Mindanao 7.1 26.4 27.0

IX - Zamboanga Peninsula 3.6 24.9 14.4

Total 1,443.3 37.2 3,879.2

Asset and wellbeing losses are denominated in USD, and socioeconomic resilience is the ratio of asset losses
to wellbeing losses in each region

to wellbeing losses, socioeconomic resilience is independent of asset losses.7 Rather, it
describes the capacity of households (individually and in aggregate) to deal with asset losses
of any magnitude, when they occur.

At the national level, expected asset and wellbeing losses total US$1.4 billion and
US$3.9 billion, respectively. Therefore, the wellbeing impact of disaster losses in the Philip-
pines is 170% (3.91.4 = 2.7) higher than asset losses. On average, every $1 in asset losses is
equivalent to a $2.70 consumption loss, as experienced by a household earning the national
average income. Alternatively, we can say that the socioeconomic resilience of the Philip-
pines is 37%.8 Although this is an informative result, the national average of socioeconomic

7Socioeconomic resilience is independent of asset losses, except for a threshold effect that occurs when
households fall into extreme poverty, and are unable to reconstruct at all. Resulting wellbeing losses can
approach infinity, but the effect is rare enough that resilience results are robust against the inclusion or exclu-
sion of these households in this analysis. This will not be true in all countries or contexts, and particularly in
the poorest, least developed cases.
8This estimate is significantly lower than that from the Unbreakable report, and cannot be directly compared,
considering the difference between the models. The difference is explained by the improved consideration
of distributional impacts (using the full survey instead of only two categories of households) and the explicit
representation of the reconstruction pathway. The difference confirms the need to model the reconstruction
pathway in a dynamic manner and to include the impact of short-term consumption drops.
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resilience belies significant regional variation in the capacity of Filipino households to cope
with and recover from disasters.

Figure 7 maps socioeconomic resilience to disasters at the regional level. Among all
regions, Metro Manila (NCR) enjoys the highest resilience (61%). This is due not just to its
overall wealth and poverty rate of just 4%, but also to its high degree of financial inclusion
and social protection coverage (30% higher than the national average). On the other hand,
despite these advantages, wellbeing losses to disasters in the capital region are still 64%
( 1
0.61 = 1.64) higher than asset losses, and most of these losses still accrue to the poorest
residents of the region. On the other end of the resilience ranking, ARMM has the lowest
resilience among all regions (15%). Low annual asset losses in ARMM indicate that major
events are rare (low hazard) and that the total value of assets in the region is relatively
small (low exposure). However, household resilience is very low, and special policies and
measures should be implemented to help this and other fragile regions cope when disasters
inevitably occur.

In addition to these diagnostics, the extension of the hazard-exposure-vulnerability
framework to include socioeconomic resilience has the benefit of expanding the disaster

Fig. 7 Regional map of
multihazard socioeconomic
resilience to disasters
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risk management “toolbox.” Conventional risk management strategies seek to mitigate haz-
ards as well as the exposure and vulnerability of assets. This includes engineering and
retrofitting, land use planning, early warning systems, and evacuation routes. Other tools
(e.g., post-disaster support, financial inclusion, private and public insurance, and sovereign
contingent credit) are not easily included in risk assessments because they do not affect
asset losses. In a wellbeing-informed framework, however, the benefits of these policy
options become obvious and quantifiable: to the degree that they allow households to
maintain a healthy degree of consumption while they rebuild, these interventions increase
socioeconomic resilience and reduce wellbeing losses to disasters.

Regional Risk Summary

The annual risk to assets, risk to wellbeing, and socioeconomic resilience for each region
of the Philippines are summarized in Table 4. In absolute terms, risk to household assets
is highest in Metro Manila and in CALABARZON. Asset losses in these two regions total
over US$610M ( 30 billion) per year, over 40% of the expected losses in the entire country.
The asset and population density in these areas make DRM interventions effective, but also
expensive.

When disaster impacts are measured in wellbeing losses (Fig. 8), an alternative set of
regional priorities emerges. In particular, Table 4 indicates that Bicol and CALABARZON
suffer the greatest losses each year. In absolute terms, CALABARZON suffers the highest
wellbeing losses, surpassing US$665 million ( 31 billion) per year, equivalent to 3.4%
of AHC in the region. These losses are due to elevated exposure to hurricanes and storm
surges (51% and 22% of annual regional asset losses, respectively), which result in major
wellbeing losses despite an above average value for socioeconomic resilience (45%) and a
low regional poverty rate (just 9%). In Bicol, where asset losses are much lower, wellbeing
losses are driven by a very high chronic poverty rate (36%), low household savings (60%
of the national average, across all deciles), and low social transfer receipts (75% of national
average).

Overall, wellbeing losses are less geographically concentrated than asset losses, and this
result is indicative of the magnitude of the challenge facing disaster managers in the Philip-
pines. At the same time, it signifies new opportunities to mitigate disaster risk and chronic
poverty by investing in socioeconomic resilience outside the most developed parts of
Luzon.

Poorest Quintile Risk Summary

Because our results are based on information at the household level, we are able to assess
asset and wellbeing losses not just at the regional level, but also for different income
groups.9 Table 5 on page 31 lists annual asset and wellbeing losses for the poorest quintile
in each region. Across all regions, the asset losses of the poorest 20% are US$125 million
( 6.3 billion per year), or just 9% of total asset losses. On the other hand, the wellbeing

9It is also possible to look at different subgroups in the country or at the regional scale (e.g., per occupation,
head of household gender, household size, ethnic background or religion, social transfer enrollees), within
the limits of the representativeness of the household survey.
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Fig. 8 Expected (average annual) wellbeing losses from earthquakes, hurricanes, precipitation floods, and
storm surges for each region of the Philippines. Losses are shown in US$ (left) and as a fraction of regional
aggregate household consumption (AHC, at right)

losses of the poorest quintile give a better sense of their experience of disasters: the wellbe-
ing losses of the poorest quintile are valued at US$1.2 billion ( 61 billion) per year, or 31%
of total wellbeing losses. This means that, on average, individuals in the poorest quintile
suffer wellbeing losses that are 50% larger than the average individual loss in the country.

Critically, Table 5 shows that variation in regional socioeconomic resilience values
decreases significantly when we narrow our focus to the poorest Filipinos. While NCR has
the highest overall resilience (61%), the poorest households in the capital have a resilience
of only 17%. To wit: on average, the poorest residents of NCR lose on average US$9.50 per
person, per year to natural disasters, but this equates to nearly US$60 per person and per
year in wellbeing losses (cf. Table 6 on the following page). In terms of disaster impacts and
recovery prospects, this result suggests that the poorest Manileños have more in common
with the poor in other regions than with their wealthier neighbors. At the other extreme, the
socioeconomic resilience of the wealthiest quintile ranges from 54% in ARMM, to 426% in
NCR.

This is an important caveat to regional-scale assessments: the aggregate wealth of the
capital region does not imply that its poorest residents are well-protected from or resilient
to natural disasters. To the contrary, the low resilience of the poor to asset losses, combined
with the large contribution of disasters to poverty incidence in the capital region (cf. Table 3
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Table 5 Natural disaster impact on the poor: risk to assets, socioeconomic resilience, and risk to wellbeing
for the poorest quintile (20%) in each region

Region Asset losses Socioeconomic Wellbeing losses

Resilience

[mUS$/year] [% of total] [%] [mUS$/year] [% total]

IVA - CALABARZON 26.2 8.6 11.9 219.8 40.6

V - Bicol 13.1 11.4 6.4 204.5 38.1

III - Central Luzon 19.2 8.2 11.4 168.6 36.9

NCR 23.8 7.8 17.5 136.0 35.1

I - Ilocos 10.5 9.2 10.9 96.0 36.9

II - Cagayan Valley 10.5 9.2 12.1 87.2 38.2

VIII - Eastern Visayas 5.6 9.3 6.6 84.8 39.8

VII - Central Visayas 4.8 8.0 6.3 75.9 41.8

VI - Western Visayas 4.3 9.3 8.2 52.1 37.1

IVB - MIMAROPA 1.7 8.4 7.8 21.2 38.7

XIII - Caraga 1.2 8.9 6.0 20.6 38.9

XI - Davao 1.3 8.9 7.7 16.2 40.3

XII - SOCCSKSARGEN 0.6 7.7 4.1 13.9 39.9

CAR 1.1 6.0 10.5 10.7 34.1

X - Northern Mindanao 0.5 7.2 5.6 9.2 38.2

ARMM 0.5 9.2 6.2 7.5 24.6

IX - Zamboanga Peninsula 0.3 9.0 7.3 4.4 35.4

Total 125.2 8.7 10.2 1228.5 38.1

on page 20), suggests that interventions to reduce asset losses and build resilience of the poor
could be very effective for reducing disaster exposure and poverty incidence, particularly in
Metro Manila and other wealthy cities.

Policy Simulations

The theoretical framework and metrics presented here are not limited to disaster risk diag-
nostics. They also allow for detailed, poverty-informed cost-benefit analyses of many types
of investments to reduce disaster risk, or make the population better able to deal with them.
Conventional DRM tools to mitigate exposure and vulnerability can assessed using this
framework, but here we will examine cash transfers, as a tool for the government to help
disaster-affected population. Although post-disaster cash transfers do not affect asset losses,
they do affect the resilience of program beneficiaries, and all of the metrics discussed here
(e.g., poverty headcount and gap, reconstruction time, and wellbeing losses) can be used
assess their effects. Because the model estimates losses at the household level, it is also
possible to examine the distribution of these costs and benefits throughout the population.

Post-disaster Support in the Philippines

Cash transfers are used by governments in many countries to help households cope with and
occur from disasters. In developing economies including the Philippines, informal sources
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Table 6 Per capita risk to assets and wellbeing for the poorest quintile (20%) of each region

Region Q1 population Per capita losses

[thousands] Asset Well-being

[US$ per cap., per year]

V - Bicol 1,206 10.86 169.51

II - Cagayan Valley 698 15.08 124.89

I - Ilocos 1,024 10.25 93.71

VIII - Eastern Visayas 906 6.21 93.55

IVA - CALABARZON 2,824 9.29 77.84

III - Central Luzon 2,218 8.65 75.98

Total 20,278 6.17 60.58

NCR 2,528 9.41 53.80

VII - Central Visayas 1,486 3.22 51.06

XIII - Caraga 541 2.29 38.04

IVB - MIMAROPA 614 2.70 34.56

VI - Western Visayas 1,539 2.77 33.84

CAR 355 3.15 29.98

XI - Davao 990 1.27 16.40

XII - SOCCSKSARGEN 912 0.62 15.17

ARMM 738 0.63 10.11

X - Northern Mindanao 940 0.54 9.75

IX - Zamboanga Peninsula 751 0.43 5.86

of credit are widely used as well. For example, community-based insurance and other risk
pooling schemes can provide a small income to households in times of crisis. However,
these systems are generally very small, and can be easily overwhelmed in the event of
a catastrophe affecting a large fraction of the pool. In these cases, or where community
risk sharing does not exist, households often resort to private lenders. In many cases, these
lenders’ practices are designed to exploit households in distress, and particularly poor ones–
for example, through usurious interest rates.

In the Philippines, the Department of Social Welfare and Development (DSWD) is the
lead agency for disaster response within the government’s National Disaster Risk Reduction
and Management Plan (NDRRMP). In response to Yolanda, DSWD implemented a vari-
ety of SP and social welfare programs: distribution of in-kind relief items, cash transfers
(unconditional and conditional), shelter, and community-driven development.10 Initially, the
emphasis was on food and nonfood items (like mats, blankets, tarpaulins, hygiene kits, and
clothing) to meet the immediate and urgent survival needs, plus temporary shelter assistance
for displaced households.

After immediate survival needs were addressed, DSWD delivered a number of cash-
based response programs, such as Cash for Work, Cash for Building Livelihood Assets,
and cash for shelter (Emergency Shelter Assistance)–then transformed into the Core Shel-
ter Assistance Program to rebuild permanent housing. DSWD also temporarily removed

10A more complete description of the response to Yolanda is provided in the Shock Waves report (Hallegatte
et al. 2015).
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Fig. 9 Asset and wellbeing losses from a 100-year hurricane (wind) event in the Eastern Visayas are shown
by quintile. In the left two clusters, asset and wellbeing losses are modeled in the absence of any governmental
post-disaster support. The third and fourth clusters show the net cost and expected wellbeing losses, by
quintile, of a post-disaster support package in which all affected households receive a uniform payout equal
to 80% of the average asset losses of the poorest quintile. Note that post disaster support reduces wellbeing
losses without impacting asset losses

all conditionality of the Pantawid Pamilyang Pilipino Program (4Ps), a usually conditional
cash transfer program. In addition, at least 45 international humanitarian agencies imple-
mented cash transfers (unconditional and conditional), delivered in art through the 4Ps
infrastructure. Four agencies alone distributed around US$34 million, benefiting 1.4 million
disaster-affected people.

Modeling Post-disaster Support

Here, we do not try to reproduce the very complex response to typhoon Yolanda, but instead
we assess the benefit from a very simple post-disaster support system (PDS) provided to
the population after a disaster, as an illustrative exercise. In this system, all disaster-affected
households receive a uniform cash payout, equal to 80% of the average asset losses suf-
fered by the poorest quintile. This system ensures that poor people are compensated for a
large fraction of their losses, and assumes that all affected households are supported, while
total costs remain acceptable. The cost of the program is distributed among all households
throughout the Philippines via a flat tax on income.

Returning to the Yolanda-like hurricane event: expected wind damage to household
assets in the Eastern Visayas region is valued at US$633 million. Wellbeing losses from
the same event are valued at US$2,176 million, meaning that the socioeconomic resilience
of the region is just 29%.11 In Fig. 9 on page 36, we plot per capita asset and wellbeing
losses, grouped by income quintile. The figure shows that the richest households lose the
most assets, while the poorest households suffer the greatest wellbeing losses.

11Here, we report expected asset losses from the 100-year wind event in the Eastern Visayas (a product of the
DFCRM, scaled to match AHC), and this represents 45% of the reported US$1.4 billion in losses to Yolanda
in the Eastern Visayas. The total value includes damage from precipitation flooding and storm surge (not
included in this example), as well as the assets that account for the difference between AHC and nominal
GRDP.
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Fig. 10 The poverty gap, defined for each income decile as the average consumption shortfall of the poverty
line. Decile-level results are shown for the Eastern Visayas region as reported in FIES 2015 (“Pre-disaster”)
and after a 100-year wind event strikes the region. The post-disaster poverty gap is modeled both in the
absence of any governmental post-disaster support (“No PDS”), and with one potential post-disaster support
(“PDS”) package, and is calculated only for disaster-affected households

In response to this disaster in this location, our idealized post-disaster program disburses
a total of US$187 million ( 9.4 billion), distributed uniformly among all affected house-
holds.12 Note that the flat tax payment mechanism used here effects a net transfer from
the top quintile to the bottom four. The two clusters on the right in Fig. 9 show how post-
disaster support would reduce wellbeing losses (without having any effect on asset losses),
especially for the poorest households, as a result. The first quintile sees its wellbeing losses
halved, while the impact of this transfer on the richest quintile is small.

Because post-disaster support does not impact asset losses, such programs cannot be
subjected to traditional cost-benefit analyses. In this analysis, we see that this version of
post-disaster support reduces wellbeing losses by US$916 million, a 42% decrease relative
to the nominal simulation. As a result, the socioeconomic resilience of the region increases
from 29% to 50%. Based on the cost of this theoretical disbursement (US$187 m.), and
using avoided wellbeing losses (US$916 m.) to assess its benefit, we projects a benefit-to-
cost ratio of 4.9 for this intervention. More detailed analysis would allow DRM authorities
the optimize the costs and benefits of post-disaster support, including more realistic (or
actual) limitations on budgeting, targeting, and delivery.13

12Progressive taxation, social insurance-like systems, existing program enrollments and conditionalities, and
more complex alternatives can also be modeled.
13It is important to note that even if the amount of post-disaster support is equal to asset losses, it does not
fully cancel wellbeing losses: indeed, post-disaster support maintains consumption, but consumption losses
are larger than asset losses. This result is consistent with intuition: even if people are immediately given
in cash the cost of rebuilding their houses and replacing their assets, they would still experience wellbeing
losses during the reconstruction period, since assets and houses cannot be replaced instantaneously.
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On an annual basis, the cost of the idealized post-disaster program is US$472 million,
equivalent to 32% of expected annual losses for all hazards. Overall, the program is expected
to reduce wellbeing losses from all disasters by 17%, or US$598 million ( 30 billion),
achieving a benefit-cost ratio of 1.3 on average. This benefit-cost ratio is lower than in the
previous example because, for any individual event, the benefit-cost ratio depends on who is
affected. When a very rich area is affected, the system may redistribute resources from poor
(but non-disaster-affected) people to richer (but disaster-affected) people, which reduces the
benefit-cost ratio. This system is provided just as an example; the cost of a post-disaster
support package could be significantly reduced–and the wellbeing benefits significantly
improved–if it were better targeted to benefit only the poorest Filipinos (e.g., by restricting
beneficiaries to those in the first quintile).

The impact of post-disaster support systems on disaster recovery and poverty reduc-
tion can also be measured. Again using wind damage from a 100-year hurricane event in
the Eastern Visayas as an example, Fig. 10 on the next page plots the poverty gap (with
only households in the bottom half of the income distribution) as reported in FIES (“pre-
disaster”) and immediately after the hurricane hits, with and without post-disaster support.
The figure shows that a 100-year hurricane in the region is expected to deepen the poverty
gap by 12 percent in the first quintile, from 40% baseline shortfall of the poverty line, to
45%. With the post-disaster support discussed above, the magnitude of the shock decreases
to 6%. The benefits of this program are even larger in the second and third income deciles.

Conclusions

The concept of resilience is used within many disciplines and policy planning processes.
Though there are many definitions in practice, all applications include notions of “pertur-
bation” and “recovery.” In the context of DRM, many effective frameworks for building
resilience have been developed, but most do not seek to measure resilience directly, as an
integrative property of systems (or agents therein) (Tiernan et al. 2019). This can create
ambiguity and tradeoffs for policy makers, particularly when their agenda includes multi-
valent goals, rather than a singular objective function (e.g., average household income, or
whole-economy widget production).

This paper has presented the results of a risk assessment based on an expanded frame-
work, which includes in the analysis the ability of affected households to cope with and
recover from disaster asset losses and uses “wellbeing losses” as its main measure of disas-
ter severity. This framework adds a fourth component, socioeconomic resilience, to the three
usual components of risk assessments (i.e., hazard, exposure, and vulnerability). Like the
more familiar components of risk management, socioeconomic resilience can be measured
at any degree of spatial resolution, from households to national averages.

Using a new agent-based model that represents explicitly the recovery and reconstruc-
tion process at the household level, this risk assessment provides more insight into disaster
risk in the Philippines than conventional asset risk assessments. In particular, it shows how
the regions identified as priorities for risk-management interventions differ depending on
which risk metric is used. While a simple cost-benefit analysis based on asset losses would
drive risk reduction investments toward the richest regions and areas, a focus on poverty or
wellbeing rebalances the analysis and provides a different set of regional priorities.

In parallel, measuring disaster impacts through poverty and wellbeing implications
helps quantify the benefits of interventions that may not reduce asset losses, but do
reduce their wellbeing consequences by making the population more resilient. These

Economics of Disasters and Climate Change (2020) 4: –29492 3274



interventions include financial inclusion, social protection, and more generally the provision
of post-disaster support to affected households.

The model and data used in this analysis have many limitations. For instance, the 2015
FIES is only representative at the regional level and does not offer the geolocalization
of households. Further, the DFCRM is itself a complex and imperfect modeling exercise.
Finally, the model does not represent all coping mechanisms available to households, such
as international remittances or temporary migrations. However, even with these limits and
simplifications, the introduction of socioeconomic resilience and household characteris-
tics into risk assessments provides useful insights and appears as a promising research
agenda.
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Technical Appendix—Methodology andmodel description

This section explains the methodology and describes the model used to translate asset losses
into wellbeing losses. The code of the model is freely available, and the reader is invited
to refer to the code for the implementation of the principles and equations presented in this
section. The household survey data cannot be made available directly, as they need to be
requested from the statistical agency of the Philippines.

In all applications, the model assumes a closed national economy. In terms of disas-
ter risks, this means that 100% of household income is derived from assets located inside
the country, and that post-disaster reconstruction costs can be distributed to non-affected
taxpayers throughout the country, but not outside its borders.14

This report picks up and develops the analytical machinery of the original Unbreakable
report. Its primary innovation is in its use of the Family Income & Expenditure Survey
(FIES) to disaggregate expected asset losses among representative households, resulting in a
measurement of asset losses, poverty impacts, and wellbeing losses by income quintile and
region in the country. While the remainder of this report offers a detailed description of the
methodology we highlight three ways in which this iteration of the Unbreakable analysis is
an extension of previous work (Hallegatte et al. 2016; Hallegatte et al. 2018):

• Based on national data, the original model could not give insight into spatial het-
erogeneities in hazard, exposure, or asset vulnerability. This shortcoming limited the
practical value of theUnbreakable framework to inform funding decisions at actionable
level of spatial detail. The present analysis is based on hazard- and asset class-specific
exceedance curves at the provincial level, even though the spatial resolution of the
analysis is limited by the representativeness of the available household survey.

• The original analysis, used most recently to generate national-level indicators for 149
countries in Hallegatte et al. (2018), divided the population of each country into “poor”

14This is a serious limit in a country where international remittances have reached more than 8 percent of the
gross national income in 2017, and where remittances have been shown to support post-disaster recovery (Le
De et al. 2013; Yang and Choi 2007).
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and “non-poor” groups. National averages for the characteristics of each group (e.g.,
income and asset vulnerability; access to early warning and financial institutions; social
protection receipts, etc.) are used to estimate their respective asset and wellbeing losses
and socioeconomic resilience. Consequently, it was not possible to examine the charac-
teristics that influence socioeconomic resilience within quintiles. In the new iteration,
we can examine income and expenditures data for more insight into how best to help
the poor cope with disasters.

• Formerly, the model assumed exogenously that all households recover at the same pace
when they are affected by a disaster. In its current iteration, the model explicitly rep-
resents disaster reconstruction dynamics at the household level using an agent-based
approach in which each household acts rationally to minimize its wellbeing losses.
This optimization specifies each household’s reconstruction and savings expenditure
rate, assuming households optimize the fraction of income they dedicate to repairing
and replacing their assets. For instance, people close to the subsistence level can-
not set aside much of their income to rebuild their assets without experiencing large
wellbeing losses, and may therefore take longer to recover. In extreme cases, they
may even be trapped in poverty, generating large wellbeing losses going well beyond
the few years that follow a disaster (Carter and Barrett 2006; Dercon and Porter
2014). The model also provides a better assessment of wellbeing losses by distinguish-
ing between short-lived deep consumption losses, and more persistent but shallower
impacts.

Pre-disaster situation

Population & weighting

The pre-disaster situation in the country is represented by the households described in the
Family Income and Expenditure Survey (FIES). We use a per capita weighting (ωh), such
that summing over all households in the survey or in an administrative unit (Nh) returns the
total population (P ):

P =
Nh∑

h=0

ωh (1)

One essential characteristic of each household is its income (ih). As defined by the FIES, ih
combines primary income and receipts from all other sources, including the imputed rental
value of owner-occupied dwelling units, pensions and support, and the value of in-kind
gifts and services received free of charge. The data recorded in the survey are assumed to
capture the household’s permanent income, which is smoothed over fluctuations in income
and occasional or one-off expenditures.15 It is important to note that the value of housing
services provided by owner-occupied dwelling is included in the income data, so that the
loss of a house has an impact on income (even though it would not affect actual monetary
income).16

15In some countries, it may be necessary or preferable to infer household income from expenditures, whether
because incomes are not reported, because consumption is more stable over time, or because the official
poverty statistics are calculated from consumption rather than income.
16Similarly, the services provided by other assets (e.g., air conditioners, refrigerators) could be added as an
additional income that can be threatened by natural disasters.
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Social transfers, taxation, and remittances

The enrollment and value of social transfers (isph ) are listed in FIES, and the total cost (Csp)
of these programs to the government is given by a simple sum:17

Csp =
Nh∑

h=0

ωhi
sp
h (2)

All incomes reported in FIES are assumed to be reported net of the income tax that finances
general spending of the government (for infrastructure and other services) and of an addi-
tional flat income tax that finances social programs (rate = δtax

sp ). The rate δtax
sp can be

estimated with the following equation:18

Nh∑

h=0

ωhi
sp
h =

Nh∑

h=0

ωhih
Csp∑
ωhih

=
Nh∑

h=0

ωhihδ
tax
sp (3)

Note that, since ih includes i
sp
h , income from social programs is treated as taxable in

the model. A similar approach is used to derive the tax rate (δtax
pub.) to fund post-disaster

reconstruction of public assets.
Remittances and transfers among households play a very important role for people’s

income. Some of these transfers are within a family or a community, while others are inter-
national. The FIES provides estimates of the amount received, but it is of course impossible
to represent the bilateral flows of resources among households. For this reason, remittances
are modeled like an additional social protection scheme: the transfers received from friends
and family are added to the social transfers, and it is assumed that these transfers come
from a single fund, in which all households contribute proportionally to their income (like
a flat tax). Under these assumptions, remittances can be aggregated with social protection
and redistribution systems. This is of course a simplification, especially in that it does not
account from international remittances, which have been shown to play a role after disaster
(Yang and Choi 2007).

Income, capital, & consumption

Household income is equal to the sum of the social transfers and domestic and international
remittances, plus the value generated by a household’s effective capital stock (keff

h ), less
the flat tax at the rate δtax

sp .19

ih = i
sp
h + (1 − δtax

sp ) · k
eff
h · �k (4)

17Administrative costs are not included in the assessment of the cost of the programs. When household data
do not include the transfers, then transfers from social programs can be modeled on the basis of the actual
disbursement rules that qualify households for participation in each program (eg, PMT score, household
number of dependents or senior citizens, employment status, etc.).
18Although we assume a flat tax, the model is capable of handling more complicated tax regimes, including
progressive taxation.
19Since general spending of the government is not explicitly represented in the income ih, the effective capital
stock estimated here k

eff
h is net of the resources used to finance this general spending through taxes.
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In practice, the household’s effective capital stock (keff
h ) is estimated based on the

income and transfers reported in the FIES, and the tax level δtax
sp that would balance the

budget:

k
eff
h · �k =

Income from assets︷ ︸︸ ︷
ih − i

sp
h

1 − δtax
sp︸ ︷︷ ︸

Gross of taxes

(5)

All household income not from transfers is assumed to be generated by household effective
assets, including some assets not owned by the household (like roads and factories). Some of
the assets represented by k

eff
h are private (kprv

h ), such as equipment used in family business

or livestock; some assets are public (kpub
h ), such as road and the power grid (and possibly

the environment and natural capital); and some assets are owned by other households (koth
h ),

but still used to generate income by the household, such as factories.
In the absence of data on different capital stocks, we use the AIR loss model-

ing results to calibrate the model. The AIR catastrophe model describes expected asset
losses in 15 separate asset categories: all private assets are grouped together, while pub-
lic assets, including transport, health, education, and utility infrastructure are reported
individually. For each household, we distribute k

eff
h to private (kprv

h ) and public (kpub
h )

using the fraction of private to total asset losses in the region, assuming that (1) the
ratios of the different capital categories are similar for all households, and (2) the vul-
nerability of each household’s public assets is given by the vulnerability of its private
assets.

The productivity and vulnerability of these assets to various hazards can vary, so it is use-
ful to disambiguate among them as much as the data allow. In addition, these distinctions
are important to understand the consumption and wellbeing losses that follow a disaster,
since the liability for reconstruction varies: households rebuild their own assets (unless
they carried private insurance); the national, regional, or provincial taxpayers rebuild pub-
lic assets; and other privately-held assets are reconstructed by private business owners or
corporations.

Precautionary savings

Precautionary savings play a key role in managing disasters, but there is no estimate of these
savings in the FIES. Also, although the FIES provides information on both income and con-
sumption, the difference between income and consumption is highly variable and negative
for many households (aggregate consumption greater than reported income), making it an
uncertain indicator of savings at the household level. Instead, we calculate the average gap
(income less consumption) by region and decile. We then assume that each household main-
tains one year’s surplus as precautionary savings: separate from their productive assets, and
available to be spent on recovery or consumption smoothing.

Household versus nominal regional GDP

Based on this definition of each household’s income and assets, we note that the total capital
stock (K) of any country is given by a sum over the effective capital of all households, and
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the portion of national GDP from household consumption (hhGDP) as reported in the FIES
is given by the product of K and the average productivity of capital (�k).

K =
Nh∑

h=0

ωhk
eff
h (6)

Table 7 on the following page lists the aggregated household income (AHI) and the nominal
GDP (GRDP) for each region of the Philippines. Overall, the incomes reported in FIES
represent 43% of the nominal GDP, subject to significant regional variations. In order to
compensate for this discrepancy, and ensure that our parameters and variables are consistent,
we decided to work in the FIES reference. To do so, we scale expected asset losses in each
region (based on the AIR catastrophe model (Deanna 2017)) by the ratio of the asset value
calculated from the FIES to the total asset value in the AIR model. In other terms, we do not
use the asset losses in PDP or US$ from the AIR model. Instead, we calculate the damage
ratio or the ratio of losses to total asset values in the AIR model, and then apply the damage
ratio to the assets k

eff
h calculated from the FIES data.

In the following sections, we will trace the impacts of disasters on household assets and
wellbeing through the following steps:

1. Disasters result in losses to households’ effective capital stock (�k
eff
h ).

2. The diminished asset base generates less income (�ih).
3. Reduced income contributes to a decrease in household consumption (�ch), but house-

holds affected by a disaster must further reduce their consumption to finance the repair
or replacement of lost and damaged assets.

4. Household consumption losses are used to calculate wellbeing losses (�wh).

Table 7 Aggregate household
income (AHI), calculated at the
regional level from the 2015
FIES, versus nominal regional
productivities (GRDP). Both
values are expressed in billions
of US$ per year

AHI GRDP

Region [b. /year Ratio

ARMM 98.6 99.6 99.0

CAR 102.8 234.6 43.8

I - Ilocos 293.4 409.1 71.7

II - Cagayan Valley 190.2 236.8 80.3

III - Central Luzon 699.3 1,187.3 58.9

IVA - CALABARZON 957.8 2,059.5 46.5

IVB - MIMAROPA 170.1 204.8 83.0

IX - Zamboanga Peninsula 169.6 277.2 61.2

NCR 1,056.9 5,043.6 21.0

V - Bicol 237.9 282.8 84.1

VI - Western Visayas 403.5 549.8 73.4

VII - Central Visayas 388.1 867.2 44.8

VIII - Eastern Visayas 193.8 271.9 71.3

X - Northern Mindanao 221.5 517.6 42.8

XI - Davao 270.2 565.2 47.8

XII - SOCCSKSARGEN 190.9 356.0 53.6

XIII - Caraga 111.5 159.0 70.1

Total 5,756.2 13,322.0 43.2
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One of the limits of the study is that we treat every event as independent, assuming that
disasters affect the population as described by the 2015 FIES, and that two disasters never
happen simultaneously (or close enough to have compounding effects).

Asset losses

The model starts from exceedance curves, produced by AIR Worldwide, which provide
the probable maximum (asset) loss (PML) for several types of natural disasters (earth-
quakes, tsunamis, tropical cyclones, storm surges, and fluvial and pluvial flooding), each
administrative unit in the country, and various frequencies or return periods. We make the
simplification that a disaster affects only one region at a time, so that total losses in the
affected region are equal to national-level losses.

For each region, the input data detail the total value of assets lost due to hazards as
well as the frequency of each type of disaster over a range of magnitudes. Magnitudes are
expressed in terms of total asset losses (L). For example, the curves specify “An earthquake
that causes at least $X million in damages in Y region is, on average, expected to occur
once every Z years.”

When distributed at the household level, the losses L in the affected region can be
expressed as follows:

L = �a · K =
Nh∑

h=0

ωhfah
k
eff
h vh (7)

Setting aside for the moment the probability of a disaster’s occurrence (the “Hazard” com-
ponent of Fig. 1 on page 6), Eq. 7 expresses total losses (L) in terms of total exposed assets
(K) and the fraction of assets lost when a disaster occurs (�a). In the rightmost expression,
losses are expressed as the product of each household’s probability of being affected (fah

,

the “Exposure” component of Fig. 1 on page 6), total household assets (keff
h ), and asset

vulnerability (vh, cf. Section “Asset vulnerabilities” on page 53).
We make one important simplifying assumption, imposed by the data that are available:

we assume that households are either affected or not affected; and, if they are affected, they
lose a share vh of their effective capital k

eff
h , with vh a function of household characteristics,

independent of the local magnitude of the event. In case of a flood, one household is flooded
or not, and if it is flooded, the fraction of capital lost will depend on the type of housing
and other characteristics of the households and on a random process — but the losses do
not depend on the local water depth or velocity. Similarly, an earthquake will affect a subset
of the population who will experience building damages that depends on luck and the type
of building — but the model does not take into account the ground motion at the location
of the household. While this is of course a crude approximation, it is made necessary by
the uncertainty on the exact localization of households in the FIES. With this approach, a
bigger disaster is a disaster that affects more people, not a disaster that affects people more.

Household exposure

On the right side of Eq. 7 on the previous page, fah
is an expression of household exposure

to each disaster. If we had perfect knowledge of each household’s exposure – for example,
super high-resolution flood maps overlaid with the coordinates of every household (includ-
ing those represented only implicitly in FIES) – we could assign a value of 0 or 1 to fah

for
each household and each event.
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Lacking this information, we interpret household exposure as the probability for any
given household to be affected by the disaster when it occurs, and we assume that this
probability is determined by household localization (at the highest resolution available) and
characteristics. If the localization of a household in the FIES is known through the district,
for instance, then the likelihood of one household to be flooded can be estimated by the
fraction of the area of the district that is within the flood zone. Or, if population density
maps are available and reliable, by the fraction of the population of the district living within
the flood zone. This assumes that there is no relationship between income and exposure
within a district. If poor people are found to be systematically more likely to be flooded, it
is possible to introduce a “poverty bias” in the form of a higher probability of being affected
for household with lower income. We do not have strong evidence that it is the case in
the Philippines, and reviews suggest that such a bias is far from universal (see a review in
Hallegatte et al. (2016) and Erman et al. (2018)).

We therefore assume that the odds of being impacted by a given disaster are the same
for all households in each administrative region. As a result, we can move fah

out of the
sum and drop the “h” subscript to indicate it is no longer household-specific (but it remains
region-specific):20

L = �a · K = fa

Nh∑

h=0

ωhk
eff
h vh (8)

This assumption also allows us to make a critical conceptual shift: if exposure is constant for
all households in a given area, then we can reinterpret exposure (fa) as the fraction of each
household affected by a given disaster. After each disaster, of course, every household will
be in exactly one of only two possible states: either it suffered direct impacts, or it escaped
the disaster. On average, however, we can adopt a probabilistic approach by bifurcating
each household in the FIES into two instances: affected and non-affected. We introduce this
split in such a way that the total weight of each household (as well as asset losses at the
household and provincial levels) remains unchanged:

ωh = ωha + ωhna

{
ωha = fa · ωh affected households
ωhna = (1 − fa) · ωh non-affected households

(9)

Asset vulnerabilities

The model assigns to each household a vulnerability (vh), which describes the fraction of
assets lost when a household is affected by a disaster. Again, this fraction does not depend on
the local intensity of the hazard. Vulnerabilities are based on categorical, qualitative infor-
mation on the construction and condition of each domicile. Households are grouped into
three categories: fragile, moderate, and robust, with associated vulnerabilities as described
in Table 8 on the following page.

The right-most column in Tab. 8 indicates the fraction of assets lost when a household
is affected by a disaster. Each category includes a smearing factor (±20% for the moderate
and fragile categories, ±40% for robust dwellings). This randomness recognizes a degree
of irreducible uncertainty, including the fact that actual losses depend not only on whether
a household is affected, but also on many situational factors (e.g., for floods, water depth
and velocity; for earthquakes, local soil conditions) and some random factors. For each

20Where higher resolution household and disaster loss data are available, it is of course possible to expand
Equation 8 to the provincial or sub-regional level.
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Table 8 Asset vulnerability categories

FIES descriptor Category vh

Strong material (galvanized iron, brick, tile,

Concrete, aluminum, stone, asbestos) robust 0.14 ± 0.06

Mixed but predominantly strong materials robust 0.14 ± 0.06

Light material (cogon, nipa, anahaw) moderate 0.40 ± 0.08

Mixed but predominantly light materials moderate 0.40 ± 0.08

Salvaged/makeshift materials fragile 0.70 ± 0.14

Mixed but predominantly salvaged materials fragile 0.70 ± 0.14

Not applicable fragile 0.70 ± 0.14

household, a value is chosen at random within the indicated range, allowing for variation as
plotted in Fig. 11 on the next page.

This method of assigning asset vulnerabilities involves a critical, simplifying assump-
tion: the condition of each dwelling is assumed to be a direct proxy for the vulnerability of
all assets that generate income for the household. This vulnerability factor is applied not just
to household (private) assets, but also the assets that a household does not own, but from
which it derives income (e.g., roads, utilities, factories, agriculture, and other infrastructure).
In other words, the model assumes that the vulnerability of assets not owned by a household
but which it still uses to generate income is well-described by the condition of their private
assets—for example, that the roads used by people who live in makeshift dwellings are not
paved, and equally vulnerable to being destroyed as is their home. This assumption avoids
significant increases in data requirements—indeed, global data on the vulnerability of
infrastructure are not available—and is necessary to avoid overly-complex representations
of economic interactions between each household and assets held in common.

Early warning systems

When available, we incorporate data on the presence of early warning systems in affected
regions. This reflects the assumption that early warning systems allow exposed households

Fig. 11 Household asset vulnerability (vh), constructed from qualitative wall and roof descriptions in the
FIES 2015 from the Philippines
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to move, reinforce, or otherwise protect their most fragile or valuable assets, thus reducing
their vulnerability to disaster. Using the same assumption as in the Unbreakable report (Hal-
legatte et al. 2016), we assume that households who receive a warning are able to reduce
their vulnerability by 20%, relative to identical households without access to early warn-
ing systems, by moving valuable items (from important papers to car or motorbikes) and
implementing other mitigating measures (e.g., boarding windows, sandbagging doors).

Summary of asset losses and calibration

Returning to Eq. 7 on page 51, total losses in each region are defined as the losses suffered
by each household, times that household’s likelihood of being directly affected by a disaster
when it occurs. As mentioned in the previous section, losses include all assets that produce
an income for the household—even those that are not owned by the household. If the vul-
nerability of all asset types is assumed to be linked to the vulnerability of the household’s
private assets (Fig. 12):

L =
Nh∑

h=0

ωh · fa · �k
eff
h (10)

where:
�k

eff
h = vh · (k

prv
h + k

pub
h + koth

h ) (11)

The calibration of fa and vh depends on the availability of hazard data. Here, we start from
results from the AIR catastrophe model, which provides an estimate of L in each region and
each possible event (different hazards, different return periods). The value of vh is based on
the damage function from 1 on page 54, and is independent of the intensity of the hazards.
Then, the number of affected people (or, equivalently, the probability for households to

Fig. 12 When disasters occur, affected household reconstruct its assets at the optimal rate while staying out of
subsistence, as described in “Private asset reconstruction” on page 61. Here, we illustrate the reconstruction
process for a household that suffers �k

eff

0 = �k
prv

0 + �k
pub

0 in losses at time t=to, and reconstructs with
period τh= 2.1 years
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be affected) fa is calibrated such that the estimated losses are consistent with the AIR
estimate.21

Income Losses

To represent the longitudinal impacts of a disaster, it is not sufficient to consider the initial
aggregate and distributional asset losses: one needs to explore the impacts on income and
consumption, not only assets. Further, one needs to consider the dynamics of these impacts,
not only the initial shock. The same asset losses do not cause the same effects if recon-
struction and full recovery can be completed in a few months, compared with a case where
various constraints make the recovery span years. To investigate this issue, asset losses are
assumed from this point to be time-dependent: �k

eff
h → �k

eff
h (t). When it is possible, the

time variable is omitted below for simplicity and readability.
Initial asset losses decrease throughout the reconstruction and recovery process as

houses, infrastructure (i.e., roads and electric lines), and natural assets are repaired,
replaced, and regrown. However, we assume that the income these assets had generated for
each household is diminished unless and until they are repaired. This includes the value
households derive from their domicile; their appliances, vehicles, and livestock; and the
infrastructure they use to commute to work or market. In this way, asset losses translate
to income losses. Further, the reconstruction process is not free: households and govern-
ments have to invest in the reconstruction, at the expense of consumption (for households)
or budget reallocation and increased taxes (for government). The objective of the model is
to represent these processes, in order to estimate their longitudinal impacts on consumption,
wellbeing, and poverty.

It is important to note that the model assumes that households and governments aim at
returning to the pre-disaster situation. It is well known that reconstruction can be used to
“build back better” (for instance with more resilient building and infrastructure, but also
with more efficient and productive assets); see (Hallegatte et al. 2018). And the recon-
struction process is sometimes transformative for an economy (Hallegatte and Vogt-Schilb
2016). However, measuring the impact of a disaster as the cost of returning to the pre-
disaster situation is non-ambiguous and objective, making shocks comparable even when
the reconstruction leads to a different end point.

�ih = (1 − δtax
sp ) · �k · �k

eff
h + �i

sp
h (12)

Post-disaster income losses are described by Eq. 12 on the preceding page. The first term
specifies direct losses, while the last two terms incorporate secondary and indirect impacts
on household income, beyond the income losses resulting directly from a disaster. Each of
these links between asset and income losses will be treated separately in this section.

Direct income losses

The definition of k
eff
h includes all assets used by a household to generate income, includ-

ing the value of owner-occupied dwellings that are generating “virtual” income in the form
of housing services. The first term in Eq. 12 on the previous page represents the post-tax

21In exceptional cases where fa exceeds an upper threshold of 0.95, or 95% of households affected, the
exposure is capped at 95% and the vulnerability vh is increased to match the asset losses from the AIR model.
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reduction in income due to the loss of assets, assuming that the income loss is simply
proportional to the asset loss.

�ih = (1 − δtax
sp ) · �k · �k

eff
h︸ ︷︷ ︸

Direct losses

+�i
sp
h (13)

For instance, in the absence of social transfers, a pastoralist losing 3 of 10 goats would see
her income reduced by 30 percent. A factory worker working in a factory losing half of its
machinery would experience a 50 percent loss in income. Hallegatte and Vogt-Schilb (2016)
provides the theoretical basis for this linear relationship, in spite of decreasing returns on
capital, based on imperfect substitutability of assets. Direct income losses are partially
offset by the social transfers tax (δtax

sp ), assuming that households’ tax burden is directly
proportional to their asset base.

Social transfers

The second term in Eq. 12 on the preceding page, �i
sp
h , represents the change in social

transfers due to the decrease in tax revenue. As discussed above, these transfers include
also remittances, which are modeled as an additional social protection scheme. Households’
asset losses directly reduce their income, and as a result the tax they pay and the financial
transfers they make to other households.22 Based on Eq. 3, it is easy to verify that the reduc-
tion in transfers is proportional to national asset losses, and these losses are fully diversified
at the national level:

�i
sp
h (t) = L(t)

K
· i

sp
h (14)

We include explicit time dependence in Eq. 14 to indicate that social transfers recover to
pre-disaster levels throughout the recovery and reconstruction process. Total asset losses
L(t) is inclusive of all asset classes, irrespective of ownership (private, public, and other).
These assets are rebuilt independently, and at different rates. Therefore, social transfers tend
to recover even for households that are unable to recover their direct income losses through
private asset reconstruction.

Importantly, the fact that the assets used by households to generate an income have differ-
ent ownerships introduces interactions across households, with each household benefiting
from a rapid recovery of the others. For instance, poor people benefit from a more rapid
recovery of asset-rich households, if it allows them to re-open shops and factories earlier,
thereby protecting jobs and increasing income of workers. Similarly, a rapid recovery of tax
payers helps governments restore social transfers and rebuild public assets.

In Eq. 15, we update Eq. 12 on page 57 to reflect the structure of �i
sp
h . In Eq. 16,

we show that the aggregate loss in income is equal to the average productivity of capital
multiplied by the total asset losses. Note that the final term, �iPDS

h , is omitted in Eq. 16,
since we have not yet discussed its funding mechanism, but costs and revenue sum to zero
for all PDS systems independently (Fig. 13).

�ih(t) = (1 − δtax
sp ) · �k · �k

eff
h + L

K
· i

sp
h + �iPDS

h (15)

22This is equivalent to assuming that the government budget is always balanced and that inter-household
transfers respond instantaneously to income changes. Other changes in government spending, tax rates, and
remittances are represented through the third term of the equation, �iPDS

h , see below.
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Fig. 13 After being affected by a disaster, each household reconstructs its assets at the optimal rate, while
avoiding falling below the subsistence line, as described in “Private asset reconstruction” on the next page.
Here, we illustrate consumption losses through the reconstruction process for a household that suffers
�k

eff

0 = �k
prv

0 + �k
pub

0 in losses at time t=to, and reconstructs with period τh= 2.1 years

Nh∑

h=0

ωh�ih =
Nh∑

h=0

ωh

(
(1 − δtax

sp ) · �k�k
eff
h + L

K
i
sp
h

)
= �kL (16)

Consumption losses

After their capital has been diminished by a disaster, households are able to generate less
income and, therefore, can sustain a lower rate of consumption.23 Ideally, this decrease in
income and consumption is not permanent, as households usually repair the damages to
their dwelling, replace lost assets such as fridges and furniture, and rebuild their asset base
(for instance regrowing their livestock).

Because assets do not rebuild themselves, affected households will also have to forego an
additional portion of their income (�creco

h ) to fund their recovery and reconstruction.24 Total
consumption losses, then, are equal to income losses plus reconstruction costs, less savings
and post-disaster support (together represented by Sh), as indicated by Eq. 17 (Fig. 13):

�ch = �ih + �creco
h − Sh (17)

Total reconstruction costs are equal to the reduction in consumption needed to rebuild their
asset stock, plus the increase in taxes needed for the government to rebuild public assets

23In addition to the loss of monetary income, this includes the loss in virtual income if the housing services
provided by their home or their asset (fridge, fans, air conditioning systems) is also lost.
24Even though natural capital “rebuilds itself,” people may have to reduce consumption to allow for
accelerated growth.
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such as roads and water infrastructure. The contribution of reconstruction costs to consump-
tion losses at each moment depends on the ownership of the damaged assets, and on the
reconstruction rate. These two dimensions will be discussed next.

Consumption losses due to reconstruction costs vary by asset type (i.e., private, public,
or other):

1. Affected households pay directly and entirely the replacement of the lost assets that
they owned (�kprv).

2. All households pay indirectly and proportionally to their income for the replacement of
lost public assets through an extraordinary tax (�kpub)

3. Households do not pay for the replacement of the assets they use to generate an income
but do not own (such as the factory where they work; �koth).

Private asset reconstruction

In the event of a disaster, affected households lose productive assets, which directly
reduces their income. Household-level consumption losses do not end there, however, as the
destroyed assets do not rebuild themselves. Rather, affected households will have to increase
their savings rate–that is, avoid consuming some fraction of their post-disaster income–to
recover these assets. Assuming each household pursues an exponential asset reconstruction
pathway, we calculate a reconstruction rate for each household that maximizes its wellbe-
ing over the 10 years following the disaster while avoiding bringing consumption below the
subsistence level (if possible). If the households cannot avoid having consumption below
the subsistence line (for instance because consumption is below the subsistence level even
without repairing and replacing lost assets), then we assume that reconstruction takes place
at the pace possible with a saving rate equal to the average saving rate of people living at or
below subsistence level in the Philippines (according to the FIES).

Tomodel each household’s recovery, we assume that disaster-affected households rebuild
their lost assets exponentially over some number of years (τh) after the shock, where τh

specifies the number of years each household takes to recover 95% of initial asset losses. τh

is related to reconstruction rate λh as follows:

τh = ln
( 1

0.05

) · λ−1
h (18)

Given these assumptions for the response of each affected household to a disaster, the asset
losses at time t after a disaster (occurring at time to) are given by:

�k
eff
h → �kh(t) = �k

eff
h · e−λh·t (19)

In order to rebuild at this rate, the reconstruction costs to household consumption are given
by:

�creco
h (t) = − d

dt

(
�kh(t)

)
= λh · �kh(t) (20)

In the above equation, we have introduced a negative sign in order to keep this contribution
to consumption losses positive, in accordance with our convention.

To calculate for each household a reconstruction rate that maximizes its wellbeing, we
plug Eq. 17 on the previous page into the canonical definition of wellbeing:

W = 1

1 − η
×

∫ [
ch − �ch(t)

]1−η · e−ρtdt (21)
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Expanding these terms (and omitting social transfers and taxes for simplicity), we arrive at
the following equation, where λh is the optimal reconstruction rate for each household:

W = k
eff
h

1 − η
×

∫ 10

t=0

[
� − (� + λh) · ve−λht

]1−η · e−ρtdt (22)

This integral cannot be solved analytically, but we know that each household will maximize
its wellbeing if it chooses a reconstruction rate (λh) such that ∂W

∂λ
= 0:

∂W

∂λ
= 0 =

∫ 10

t=0

[
� − (� + λh) · ve−λt

]−η(
t (� + λh) − 1

)
· e−t (ρ+λ)dt (23)

We use this expression to determine the value of λh numerically. We note again that the
optimum depends only on productivity of capital (�), asset vulnerability (v), and future
discount rate (ρ), while dependence on initial assets and absolute losses has dropped out of
the expression.

Figure 14 on the following page displays the full distribution of reconstruction times
τh, for two 50-year hurricanes, affecting either the NCR region or the Bicol region. In the
case of the NCR region, most households can recover rapidly, in 2 to 3 years, and only a
few households take more than five years to fully rebuild their asset base. In the case of
Bicol, with much higher poverty rates, reconstruction is much longer, with a significant
fraction of households needing more than five years to rebuild their asset base. This result
is consistent with the idea of a poverty trap (see, e.g, Carter and Barrett (2006)) and with

Fig. 14 Optimal reconstruction time distribution and mean for disaster-affected households in NCR (red
histogram) and Bicol (blue) after a 50-year hurricane event. Reconstruction time is calculated for each house-
hold after each disaster, and characterizes the disaster recovery pathway that minimizes wellbeing losses
individually for each household
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the observation that poor households sometimes need a long time to get back to their pre-
disaster situation (Dercon and Porter 2014; de Janvry et al. 2006; Caruso 2017). It may also
provide a theoretical explanation for the long-term consequences on incomes and growth
that have been identified in the literature (Hsiang and Jina 2014).

In addition, households must maintain consumption above a certain level to meet their
essential needs. To reflect this, we use the following heuristic: if a household cannot afford
to reconstruct at the optimal rate without falling into subsistence (i.e. if

(
ih − �ih −

λh�k
eff
h

)∣∣∣
t=t0

< isub), then the household reduces its consumption to the subsistence line

less the regional savings rate for households in subsistence (Rsub
sav ), and uses the balance

of its post-disaster income to reconstruct. Its consumption remains at this level until its
reconstruction rate reaches the optimum. This leads to an initial reconstruction rate equal to

λh = 1
�k

priv
h

· (
ih − �ih − isub + Rsub

sav

)∣∣∣
t=t0

.

Public asset reconstruction

When disasters occur, we assume that the government borrows externally to finance the cost
of public asset reconstruction, in order to speed recovery and minimize the financial burden
on affected households. Eventually, the government recovers these costs through a tax, but
only when recovery is complete. Through this mechanism, all households throughout the
country share the cost of public asset reconstruction in the affected area.

ih · δtax
pub =

[
�kk

eff
h (1 − δtax

sp ) + i
sp
h

]

︸ ︷︷ ︸
pre−disaster income

·
∑

ωhvhk
pub
h

K︸ ︷︷ ︸
fractional public losses

(24)

Note that Eq. 24 represents a distribution of the costs of rebuilding public assets to both
affected and non-affected households. Like the tax to fund social protection programs,
it should be understood as a universal tax with a flat rate (δtax

pub) that is by construction
proportional to pre-disaster household income.

Because this is conceived as a one-time tax to fund reconstruction, public asset recon-
struction costs are not spread across the duration of the reconstruction (in contrast to income
lost due to the destruction of public assets, which does last for years after the disaster).
Therefore, all of the time-dependence has been eliminated in Eq. 24, which indicates our
assumption that the government does not collect the special tax at any point during recovery,
but rather covers the cost of public asset reconstruction for the duration of reconstruction
and collects taxes to fund this process many years later, after full recovery.

Savings and post-disaster support

The final term in Eq. 17 on page 61, Sh, represents households’ precautionary savings,
increased by post-disaster support, potentially including cash transfers to affected house-
holds, increases in social protection transfers, help through informal mechanisms at the
community level, potential increases in remittances, and other exceptional cash transfers to
households following a disaster. When available, these resources help households to smooth
their consumption over time, or decrease consumption losses.

In “Savings and post-disaster support”, we discussed one example of a post-disaster sup-
port system in which all Filipinos affected by a disaster receive a uniform payout, which
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is equal to 80% of the asset losses suffered by the poorest quintile. In this and other sys-
tems, the value of this PDS in included in Sh, along with any savings the household may
have had before the disaster. In more realistic applications, these benefits can also accrue to
non-affected households: for example, due to targeting errors in post-disaster support sys-
tems. Like the cost of public asset reconstruction, the cost of all exceptional post-disaster
transfers is distributed among all households, including those in unaffected regions, long
after reconstruction is complete (cf. “Public asset reconstruction” on page 64). Similarly,
the rebuilding of the savings of affected households is assumed to take place far in the
future, when reconstruction is complete and affected households’ incomes are back to their
pre-disaster levels.

Optimal consumption of savings and post-disaster support

As illustrated by the gray shaded region in Fig. 13 on page 60, each household uses its sav-
ings, plus any post-disaster support it receives to smooth its consumption. More specifically,
each household spends its liquid assets to establish a floor, or offset the deepest part of its
consumption losses. The floor each household is able to afford is a function of the value of
its income losses, savings and post-disaster support, and reconstruction rate, as well as of
the average productivity of capital. Having assumed an exponential recovery with rate λh

and a total value of savings Stot
h , we can determine the level of this floor (γ ) and the time at

which the household’s savings are exhausted (t̂) by solving the following coupled equations:

Stot
h + γ t̂ = k

eff
h vh

λh

(
� + λh

)[
1 − e−λht̂

]
(25)

γ = k
eff
h

[
� − vh(� + λh)e

−λht̂
]

(26)

As with the reconstruction rate, this optimization cannot be completed in a closed form
without resorting to series expansions, so we combine Eqs. 25 and 26 into Eq. 27, and
numerically find the value of γ that satisfies this equation:

0 = k
eff
h vh

(
� + λh

)[
1 − β

]
+ γ ln

(
β
) − λhS

tot
h (27)

where β = γ · (k
eff
h vh(� + λh))

−1

Importantly, we assume here that the provision of PDS and savings do not accelerate
reconstruction pace, since the utilization of these resources is determined only after the rate
of reconstruction is determined. This is a simplification that allows the two questions (rate
of reconstruction and utilization of savings and PDS) to be solved sequentially, making it
easier to solve the model.

Wellbeing losses

A $10 reduction in consumption affecting a rich household does not impact welfare or
threaten health and wellbeing as much as the same loss would affect a poor household.
Welfare economics theory quantifies this difference by evaluating the utility (w) derived
from a given level of consumption. Here, we use a simple constant relative risk aversion
(CRRA) utility function:

w = c1−η

1 − η
(28)

The value of η, representing the elasticity of the marginal utility of consumption, is impor-
tant to the modeling of the wellbeing losses; it represents both the risk aversion and the
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aversion to inequality in a society and is linked to preferences and values. It describes how
$1 in consumption loss affects differently poor and non-poor people. Implicitly, it sets dis-
tributional weights, i.e. the weight attributed to poor people vs. the rest of the population
in the aggregation of costs and benefits in an economic analysis (Fleurbaey and Hammond
2004). In this study, we use a standard value of 1.5. Higher values give more importance
to poor people, lead to higher estimates of wellbeing losses, and make it relatively more
important to use policy instruments targeted towards poor people to reduce wellbeing risks.

In order to determine the wellbeing losses that accumulate to each disaster-affected
household during the reconstruction period (defined as the time for consumption to return
to its pre-disaster level), we calculate wellbeing as the future-discounted time integral over
10 years after a disaster.

�Wh = c
1−η
ho

1 − η

∫ ∞

0

[(
1 − �ch(t)

co
h

eλht
)1−η − 1

]
e−ρtdt (29)

Note that the integral evaluates to 0 when�ch = 0. For all other values of 0 < � ch < co
h,

Eq. 29 has to be evaluated numerically. To balance the need for precision with computational
limitations, Eq. 29 on the preceding page is evaluated within the model with tmax = 10 years
and dt = 1 week.

�W reconstruction
h = c

1−η
ho

1 − η

tmax∑

t=0

dt ×
[(

1 − �ch(t)

co
h

e−λht
)1−η − 1

]
e−ρt (30)

We have assumed that the reconstitution of household savings and the taxes that fund public
asset reconstruction and post-disaster support are widely distributed and far in the future,
so that they reduce consumption but only after reconstruction is complete. Therefore, we
assume that the wellbeing impact of using savings and PDS-related taxes can be estimated
using the marginal utility of consumption of each household:

�W
long−term
h = ∂W

∂c
�c = c

−η
h ×

(
ih · δtax

pub + �Stot
h

)
(31)

Total wellbeing losses one household are equal to the sum of the loss along the reconstruc-
tion path and the long-term losses:

�Wh = �W reconstruction
h + �W

long−term
h (32)

Then, the total wellbeing losses are calculated by summing over all households, using the
number of individuals in the household as weight:

�W =
Nh∑

h=0

ωh�Wh (33)

Finally, we translate�W from an expression of utility back into an “equivalent consumption
loss” (�Ceq ) by determining the value of the consumption loss that an imaginary individual
earning the national mean income would have to suffer in order to experience wellbeing
losses equivalent to each “real” individual’s losses. This final step allows us to express
wellbeing losses, like asset losses, in currency units and as a percentage of national or
regional GDP.

We derive �Ceq as follows:

�Ceq = �W

W ′ (34)
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where:

W ′ = ∂W

∂c

∣∣∣∣
cavg.

= ∂

∂c

(
c1−η

1 − η

)∣∣∣∣
cavg.

= c−η
avg. (35)

The result �Ceq is the metric we use to measure the wellbeing impact of a disaster (or
of risk) on the population. It is a measure — expressed in domestic currency — of the
wellbeing loss due to a disaster. If a disaster causes 1 in wellbeing losses, it means that its
wellbeing impact is equivalent to a 1 decrease in the consumption of the average Filipino
(i.e. a hypothetical individual with a consumption level equal to the average consumption in
the Philippines).
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