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Disasters due to natural hazards pose a significant threat to 
people’s well-being and increase the risk of poverty, particu-
larly in vulnerable populations. This paper provides a novel 
global estimate of poverty due to disasters, showing that 
25.6 million people are at risk of poverty due to disasters, 
12.7 million thereof facing extreme poverty. Disaster-re-
lated consumption losses amount to $758 billion and cause 
well-being losses equivalent to a uniform drop in consump-
tion of $1,143 billion. Adaptive social protection aims to 
mitigate these risks by integrating social protection, disas-
ter risk management, and climate adaptation to enhance 
disaster resilience. Yet, given limited resources, finding the 
right balance between coverage (the breadth of the popu-
lation reached by the measure) and intensity (the extent to 

which each beneficiary is supported) of policy measures is 
challenging. The paper systematically analyzes this trade-off 
for various adaptive social protection measures across 131 
countries. Total benefits are usually largest for the scenarios 
with the most extensive coverage and intensity, but the 
optimal expansion path differs between measures and by 
country income groups. The results suggest that prioritizing 
a measure’s intensity while focusing on lower-income pop-
ulations is generally the most effective approach to reduce 
socio-economic disaster impacts. While this pattern holds 
across all income groups, lower-income countries benefit 
more strongly from early coverage increases than higher-in-
come countries.

This paper is a product of the Urban, Disaster Risk Management, Resilience and Land Global Department. It is part of 
a larger effort by the World Bank to provide open access to its research and make a contribution to development policy 
discussions around the world. Policy Research Working Papers are also posted on the Web at http://www.worldbank.org/
prwp. The authors may be contacted at ykawasoe@worldbank.org. A verified reproducibility package for this paper is 
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1 Introduction

Disasters pose a severe risk to society and human well-being. Besides the immediate danger to human lives, disaster-related

damages to physical assets can adversely affect people’s livelihoods. When people lose assets on which they depend to

afford their everyday lives, they oftentimes have to reduce consumption due to foregone income (Arouri et al., 2015; Baez

et al., 2017), or to smooth their assets and pay for reconstruction (Noy et al., 2021). As a result, people can be pushed into

poverty (Baez et al., 2018) and, in extreme cases, fall into ”poverty traps” from which they cannot recover on their own (Carter

et al., 2007).

Adaptive Social Protection (ASP) seeks to safeguard the well-being of poor and vulnerable households by preventing

them from falling into poverty or becoming trapped in it due to the adverse effects of covariate shocks. It achieves this by

integrating social protection, disaster risk management, and climate change adaptation efforts to bolster the resilience of

the most marginalized communities against shocks, such as natural hazard related disasters (Arnall et al., 2010; Davies

et al., 2009). Thus, ASP extends beyond purely ex post disaster shock response, integrating elements of ex ante exposure

and vulnerability to disasters. In a broader context, this integration is central to achieving Universal Social Protection (USP),

which aims for all people to have access to systems that protect against poverty and risks throughout their lives (World Bank

Group, 2022). Adaptive, shock-responsive systems have been identified as a strategic priority for realizing USP, particularly

in disaster-prone contexts where repeated shocks can undermine development gains and trap vulnerable populations in

persistent poverty.

With limited resources, ASP measures have to find the right balance between breadth of coverage among the population

(”coverage” hereafter) and the extent to which each targeted individual is supported (”intensity” hereafter). When the support

provided can be measured against actual needs, the latter is typically referred to as ”adequacy”. We systematically explore

the fundamental trade-off between coverage and intensity for various protection measures and assess the optimal balance

between the two, providing empirical guidance for countries seeking to strengthen their ASP systems as they progress toward

the broader goal of USP.

Central to assessing any policy for the reduction of adverse disaster impacts is the choice of evaluation metric. While

asset damages are commonly used as a risk metric, Middelanis et al. (2025) have argued that risk assessments and the

design of protective measures against disaster risks need to account for the different vulnerabilities of population groups

and resulting well-being implications, as proposed by Hallegatte et al. (2016). We here adopt the metric of well-being losses

alongside asset damages and consumption losses to account for the differences in utility that people at different income

levels gain from one additional dollar of consumption. As a fourth evaluation metric, we also assess the benefits of ASP

measures in terms of reduced disaster-related poverty.

Our contribution to the literature is twofold. First, we complement global estimates of the risks to assets, to consumption,

and to well-being with novel figures on the risk of extreme and societal poverty due to disasters, adding to existing literature on

the importance of disaster risk management for poverty reduction. Second, we assess the benefits that ASP can yield along

these different risk metrics, simulating benefits with different levels of coverage and intensity. We derive optimal expansion

trajectories, indicating whether increasing coverage or intensity is preferable. The resulting trajectories can help design

optimal policy measures in situations where resources are scarce.
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This paper is structured as follows. Section 2 provides an overview of the methods and data used. Results are presented

in section 3, where we first present global disaster risks to assets, consumption, well-being, and of poverty in the absence of

ASP measures. Then, we systematically investigate the effectiveness of different ASP approaches in reducing these baseline

risks. The results are discussed in section 4.

2 Methods and data

2.1 Microsimulation model

We use the economic microsimulation model presented in Middelanis et al. (2025) to estimate consumption and well-being

losses in response to disaster-related asset damages globally. This model distributes country-level asset damage estimates

(CDRI, 2023) to representative households, depending on socio-economic characteristics such as total income (World Bank,

2025b, 2025c), asset vulnerability (Lloyd’s Register Foundation, 2022; UN-ISDR, 2007; World Bank, 2024b; Yepes-Estrada et

al., 2023) and ownership (CAHF, 2024; Eurostat, 2025; ILO, 2025; IMF, 2022; OECD, 2025; United Nations Statistics Division,

2025), and exposure biases (Doan et al., 2023). As productive assets get destroyed, affected households experience a

decline in income (according to the average productivity of capital, derived from Feenstra et al., 2015) and, as a consequence,

consumption. To account for the fact that the same decrease in consumption has a more severe impact on well-being for a

poor household than for a wealthier household, a utility function is used to translate consumption losses into a measure that

captures the different marginal benefit that households gain from one additional dollar of consumption.

For each household, the model finds a recovery rate that minimizes the loss of well-being in terms of consumption utility.

This optimization process weighs a fast recovery trajectory against a slow one. A fast recovery reduces overall aggregated

consumption losses but comes at the cost of higher short-term reconstruction expenses. A slow recovery, on the other

hand, spreads the reconstruction cost over time but prolongs income losses. Households can smooth consumption by using

available liquidity (Demirgüç-Kunt et al., 2022; World Bank, 2025b), which allows to accelerate the recovery. Household-level

decreases in utility are aggregated to the country level, and the ”well-being loss” is defined as the uniform drop in national

income that would cause the same aggregated decrease in utility. Losses and damages are aggregated over return periods

to obtain annualized figures. While the model presented in Middelanis et al. (2025) considers only low-frequency events

with return periods of at least 10 years, we here also account for more frequent events, assuming full protection at the

2-year return period. An overview of all datasets used with changes made for this paper is provided in table 1. For extensive

documentation of the model, we refer to the methods of Middelanis et al. (2025).

2.2 Poverty estimation

The microsimulation model that is used explicitly accounts for dynamic consumption loss in the aftermath of disasters. To

estimate the disaster-related impact on poverty, we calculate the fraction of the population that is temporarily pushed below

poverty lines during recovery. The original model by Middelanis et al. (2025) simulates representative households at the

quintile level. As poverty is defined by crossing certain fixed levels of daily consumption, we here use a higher resolution of
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income deciles. These decile income shares are obtained from the World Bank’s Poverty and Inequality Platform (PIP, World

Bank, 2025c). Since other datasets used in the model are not available at the decile level, we apply data by income quintiles

to the respective two contained decile households.

According to the World Bank’s definition, people are in extreme poverty if they live on less than $3 a day (in constant 2021

PPP dollars). This extreme poverty line is held constant across all countries. However, as countries grow economically, the

cost of satisfying the same basic needs increases. To account for this, the societal poverty line has been introduced as a

threshold for poverty that is country-specific, depending on a country’s income level. It is defined as $1.30 plus half of the

national median income, but no less than the extreme poverty line (Foster et al., 2025).

As the microsimulation model uses national accounts data to estimate household-level income and capital stock, the

resulting income levels do not match observed poverty rates, which are calculated based on household surveys. Therefore,

we calculate adjusted poverty lines for which the poverty rate in the model matches observed poverty rates. To derive these

adjusted poverty lines, we fit a smooth lognormal Lorenz curve as specified in Irwin and Hautus (2015) to the household

income shares in our economic model. The Lorenz curve with shape parameter σ is defined as

Lσ(p) = Φ
(
Φ−1(p) − σ

)
(1)

with the derivative
dLσ

dp
(p) = exp

(
σΦ−1(p) − 1

2σ2
)

, (2)

where p ∈ [0, 1] denotes the cumulative population share, Φ(·) is the standard normal cumulative distribution function, and

Φ−1(·) its inverse. Given empirical cumulative income shares L̂(pi) for each income decile, we estimate shape parameter σ̂

for each country by nonlinear least squares, solving for

σ̂ = arg min
σ>0

n−1∑
i=1

[
L̂(pi) − Lσ(pi)

]2
. (3)

After estimating σ̂, we compute the adjusted poverty line cadj
poor as the marginal per capita income at the national poverty rate

ppoor using the derivative of the lognormal Lorenz curve:

cadj
poor = max

{
cpoor, c̄

dLσ̂

dp
(ppoor)

}
, (4)

where c̄ denotes mean income across the entire population, derived from national accounts data (World Bank, 2025b).

Observed extreme and societal poverty rates ppoor and official poverty lines cpoor are obtained from PIP (World Bank, 2025c).

From the microsimulations, we calculate the fraction of the population that has to reduce consumption below the adjusted

poverty lines during recovery. We refer to this number as the risk of being pushed into poverty (or, alternatively, the risk of

falling into poverty). This measure counts the annual average number of people for which consumption falls below a poverty

line due to disasters. To avoid double counting, households crossing both the extreme and the societal poverty lines are not

counted toward the risk of being pushed into societal poverty, even though they may experience societal poverty after having

recovered from extreme poverty (Figure 1). The average poverty rate due to disasters is not only determined by the number of

people that fall below poverty lines, but it depends also on the time that these people stay in poverty. To account for different

recovery times, we calculate the nationally aggregated annual average time spent in poverty due to disasters. We call the

latter metric, more generally, the risk of poverty. When the risk of poverty is expressed in terms of years, it can be interpreted

as the poverty headcount due to disasters, or, equivalently, as the fraction of the population in poverty due to disasters.
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Figure 1: Illustration of poverty risk metrics. Schematic recovery trajectories for affected households that are (a) pushed

into extreme poverty, (b) pushed into societal poverty, or (c) not pushed into poverty. Grey lines are the adjusted extreme

(dashed) and societal (dash-dotted) poverty lines. c
(0)
h is the household’s pre-disaster consumption level. Shading indicates

the time spent below poverty lines. A household that is initially pushed into extreme poverty does not count towards the risk

of being pushed into societal poverty, even if it temporarily lives below the societal poverty line after recovering from extreme

poverty. In contrast, the risk of poverty considers the actual time spent below poverty lines, so one household can count

towards both extreme and societal risk of poverty.

2.3 Scenario setup

When designing protection measures—in particular in case of cash transfers programs—policy makers face a fundamental

trade-off between the intensity of benefits (e.g., the amount of post-disaster support received by each helped household or

the fraction of asset damages covered by insurance) and the breadth of coverage (e.g., the fraction of the population that is

covered by post-disaster support payouts or insurance) within a fixed budget. Striking the right balance is complex, as higher

transfer values typically yield stronger impacts on key economic and social indicators, such as investment, consumption, and

food security. We systematically explore the trade-off between coverage and intensity. To this end, we first simulate global

disaster risks in the absence of ASP measures, to which we refer as the baseline scenario. Then, we assess the benefits

of various protection measures by calculating changes in risk under ASP scenario conditions compared to the baseline

scenario. For each ASP scenario, different levels of intensity and coverage are simulated. We expand coverage of measures

”horizontally” from only the poorest 20% up to reaching the entire population. Intensity is expanded ”vertically” from 10% to

the maximum value, as defined for each of the measures below. The simulated measures can be classified as ex post (1, 2)

and ex ante measures (3–5):

1. Uniform post-disaster support: all covered households that are affected by a disaster receive the same lump-sum

payment. The payment sum (i.e., the intensity) ranges between 10% and 50% of the asset damages experienced by

the bottom income quintile.
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2. Proportional post-disaster support: all covered households that are affected by a disaster receive a payment that is

proportional to experienced asset damages, with the intensity set to values between 10% and 50% of experienced

damages.

3. Income diversification: for all covered households, the fraction of income that comes from diversified sources (e.g.,

social protection transfers, remittances, or capital income) is increased, with the intensity set from 10% to 40%.

4. Vulnerability reduction: the asset vulnerability (and thus, the fraction of an affected household’s assets that is destroyed

by a disaster) is reduced by 10% to 50% (intensity) for covered households.

5. Exposure reduction: the exposure to disasters (i.e., the likelihood of a household to be affected) is reduced by 10% to

50% (intensity) for covered households.

Expanding both intensity and coverage results in ni × nc simulations for each ASP measure, where ni is the number of

expansion steps for intensity, and nc the number of steps along which coverage is expanded. Thus, each of the evaluation

metrics—i.e., reduction in asset damages, consumption losses, well-being losses, or poverty compared to the baseline—can

be arranged on a ni × nc grid. To get an indication of whether horizontal or vertical expansion (i.e., increasing coverage or

intensity) is preferable for a specific metric, we derive an optimal expansion trajectory on this grid. The trajectory starts from

the lowest coverage and intensity levels (20% and 10%, respectively) and increases toward the expansion setup with the

maximum possible benefit along the path of locally steepest ascent. To obtain a smooth trajectory, the grid of evaluation

metrics is interpolated between discrete levels of coverage and intensity, using the monotonicity-preserving Piecewise Cubic

Hermite Interpolating Polynomial (pchip) algorithm.1 Although the trajectory does not account for varying costs associated

with expansion in each direction, it offers a useful heuristic for identifying impactful strategies in terms of reducing negative

disaster outcomes for each of the considered evaluation metrics.

3 Results

We start by assessing global disaster risks in the baseline scenario, i.e., in the absence of policy options. The following

sections present global baseline estimates for the risks of poverty (section 3.1) and to assets, consumption, and well-being

(section 3.2). Baseline risks by country are provided in Supplementary Table 1. After analyzing the baseline results, we

systematically evaluate five ASP measures for different levels of coverage and intensity and derive optimal expansion

scenarios (section 3.3).

3.1 Globally, 12.7 million people in extreme poverty due to disasters

We find that globally, 6.6 million people are at risk of being pushed into extreme poverty, with earthquakes and floods causing

the highest risk (Figure 2, panel a). This highlights the significant impact that disasters can have on vulnerable populations,

1We use the implementation from the Python package scipy.interpolate.
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Table 1: Datasets used. Changes indicate differences in this study to the data used in Middelanis et al. (2025).

Data Source Changes

Income shares PIP (World Bank, 2025c) decile shares instead of quintiles

Poverty rates PIP (World Bank, 2025c) new

GDP per capita ICP (World Bank, 2025b) updated data

GNI per capita ICP (World Bank, 2025b) updated data

Population WDI (World Bank, 2025d) updated data

Household liquidity Findex (Demirgüç-Kunt et al., 2022) —

Diversified income ASPIRE (World Bank, 2025a) updated data

Self-employment rate ILOSTAT (ILO, 2025) updated data

Capital productivity Penn World Table (Feenstra et al., 2015) —

Hazard asset damages GIRI (CDRI, 2023) —

Flood protection FLOPROS (Scussolini et al., 2016; Tiggeloven, 2020) —

Asset vulnerability GEM (Yepes-Estrada et al., 2023), GMD (World Bank,

2024b)

—

Early warning coverage HFA (UN-ISDR, 2007), World Risk Poll (Lloyd’s Regis-

ter Foundation, 2022)

—

Exposure biases (Doan et al., 2023) —

National asset shares ICSD (IMF, 2022), CAHF (2024), Eurostat (2025),

OECD (2025), and United Nations Statistics Division

(2025)

—

particularly in lower-income countries (Supplementary Figure 1), where safety nets are often weak or nonexistent. Another

5.6 million people are at risk of falling below the societal poverty line due to disasters, which yields a total 12.3 million at risk.

The risk of falling into extreme poverty is largest in lower-income countries, both in absolute terms, but also relative to

the population size (Supplementary Figure 1). In low-income countries (LICs) and lower-middle income countries (LMICs),

680,000 and 4,730,000 people2 are at risk of being pushed into extreme poverty each year, respectively, corresponding to

0.116 % and 0.154 % of the population. For societal poverty, this risk amounts to 40,000 and 1,670,000 people, or 0.007 % and

0.054 % of the population. In contrast, higher-income countries exhibit a larger population share at risk of being pushed into

societal poverty than extreme poverty. We estimate that in upper-middle income countries (UMICs), disasters push 960,000

people into extreme poverty (0.036 %) and 3,020,000 (0.113 %) into societal poverty, for a combined total of 3,980,000

(0.149 %). In high-income countries (HICs), 280,000 people (0.021 %) are at risk of falling into extreme poverty and 910,000

(0.070 %) at risk of being pushed into societal poverty, totaling 1,190,000 (0.091 %).

However, the risk of being pushed into poverty only tells part of the story of disaster-related poverty, as it only counts

people who cross the poverty line each year, and does not account for the duration that people stay below poverty lines. This

duration is determined by the time needed to recover from disaster-related shocks. It has been shown that recovery times can

be long (Hsiang & Jina, 2014) and that people can fall into poverty traps, from which they cannot recover at all (Carter et al.,

2Poverty figures are rounded to the nearest 10,000.
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2007). Therefore, we also calculate the risk of poverty as the aggregated annual average number of years spent in poverty. At

global scale, the annual time spent in extreme and societal poverty is 12.7 million and 12.9 million years, respectively, which

yields a total of 25.6 million years.

Putting the number of years spent in poverty in perspective with the number of people at risk of being pushed into poverty

each year shows that affected people take, on average, almost two years to recover from poverty (Supplementary Figure 2).

This suggests that the actual poverty headcount is larger than the population at risk of being pushed into poverty every year.

Under the assumption that households are not affected by consecutive disasters during recovery,3 the annual number of

years spent in poverty is equivalent to the poverty headcount, which means that an estimated 12.7 million and 12.9 million

people are in extreme and societal poverty due to disasters. If, alternatively, disasters would always hit the same households,

the number of poor people would be closer to the estimated number of people at risk of being pushed into (potentially chronic)

poverty, which we consider a lower bound for the risk of poverty.

Panel (d) of Figure 2 shows the global risk of extreme and societal poverty for all simulated countries as a fraction of the

population. The highest risk for extreme poverty is found for Haiti, where on average 2.4% of the population lives below the

extreme poverty line due to disasters alone. The second-highest risk for extreme poverty is found in Myanmar (1.9% of the

population), which also shows a high fraction of the population below societal poverty (2.1%) and has the largest combined

poverty rate due to disasters (4%).

3.2 Risk to assets, consumption, and well-being

Focusing on poverty as defined by poverty lines alone misses a large share of the total impacts on well-being and livelihoods.

Arguably, those who are already below the extreme poverty line in the absence of disasters face even more severe

consequences when hit by a hazard. Only accounting for people that temporarily cross poverty lines misses the well-

being consequences for those that are already poor. Therefore, we complement our poverty figures with estimates of total

consumption losses and resulting well-being losses due to disasters.

Average annual damages to assets—or, equivalently, the risk to assets—amount to $589 billion (0.4 % of aggregated

GDP) in the 131 countries included in the simulations. This risk to assets translates into a risk to consumption of $758 billion

(0.5 %) and to well-being of $1,143 billion (0.7 %). This means that on average $1 of asset damages due to disasters has the

same impact on national aggregate well-being as a uniform drop in consumption of $1.94.

There are large differences between the risks that countries face, as illustrated by Figure 3. While absolute losses are

highest in large economies (China, the United States, and India are the three countries with highest absolute well-being

losses), smaller countries can face disproportionately higher relative losses. For example, Haiti has the highest risk to assets

of over 5% of the country’s GDP and a resulting well-being loss equal to over 18%. When comparing well-being losses to the

asset damages that cause them, it becomes apparent that countries differ significantly in their capacity to buffer disaster

impacts on well-being. Across all countries, LICs and LMICs experience the highest well-being losses per dollar of asset

damages (Supplementary Figure 3).

3This is a central assumption of the microsimulation model used. If households are affected by subsequent disasters during recovery, recovery times can

be significantly longer.
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Figure 2: Estimated global poverty impact of disasters. Number of people at risk of being pushed into poverty due to

disasters (a) by hazard type and (b) for the 15 countries with the highest total risk. (c) Fraction of the population at risk of

being pushed into poverty for the 15 countries with the highest relative risk. (d) Risk of poverty as a fraction of the population.

Orange (blue) indicates risks of extreme (societal) poverty for all simulated countries (light grey).

3.3 The benefits of adaptive social protection

How can the disaster risks as identified in the baseline scenario be mitigated in situations where resources are scarce? This

section systematically explores the trade-off between coverage and intensity for different risk reduction measures. To this end,

we simulate the benefits of all protection measures with varying levels of coverage and intensity. For each simulated measure,
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Figure 3: Risk to assets, consumption, and well-being in the baseline scenario. Risks are shown for the 10 countries with

the highest well-being risk in (a) absolute terms and (b) relative to national GDP. Panel (c) shows well-being and consumption

losses relative to asset damages for the 10 countries with the highest well-being to asset damage ratio.

we set coverage to values between the poorest 20% up to reaching the entire population. Similarly, intensity is expanded

between 10% to the maximum value of the respective measure’s metric of intensity.

3.3.1 Uniform post-disaster support

Post-disaster support (PDS) mechanisms aim to ease the economic burden of natural hazards by providing financial

assistance to affected households. In a first analysis, PDS is assumed to provide a lump-sum payment to all affected

households within the covered population. In this uniform variant of post-disaster support, each affected household is provided

with the same amount of aid. Vertically expanding the intensity of the measure, payouts are set to match between 10% and

up to 50% of the average damages experienced by households in the poorest income quintile (”q1”). Figure 4 shows avoided

asset damages as well as reductions in consumption and well-being losses under the different expansion scenarios.

While transfers are provided after the shock and therefore cannot prevent damages to assets, they can significantly reduce

consumption losses and mitigate well-being impacts. The most substantial gains in well-being occur when both coverage and

intensity are highest—providing broad access and extensive support to recipients. The optimal expansion path indicates

that increasing intensity early (vertical expansion) is particularly effective for reducing well-being losses, especially for the

most vulnerable households. However, this advantage diminishes when focusing on consumption losses, where expanding

coverage and intensity tend to yield comparable results.

Poverty reduction is most effectively achieved through vertical expansion (i.e., increasing intensity of benefits rather than

coverage) as it targets the households most at risk of falling into poverty after a disaster (Figure 5). By providing larger

benefits to recipients, vertical expansion directly supports those most vulnerable to income shocks. Significant benefits in

terms of avoided societal poverty risk emerge only for coverage above 20% because only 4.4 % of all households at risk of
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Figure 4: Reduced damages and losses due to uniform post-disaster support. Avoided (a) asset damages, (b)

consumption losses, and (c) well-being losses due to uniform post-disaster support for different levels of coverage (horizontal

axes) and intensity (vertical axes). Numbers on tiles indicate absolute avoided damages and losses. Coloring indicates the

relative decrease in damages or losses, compared to the baseline case without ASP. Grey lines show optimal trajectories of

vertical and horizontal expansion for each impact metric, given by the locally steepest direction of ascent.

societal poverty are in the bottom income quintile. Overall, benefits in terms of avoided poverty (extreme, societal, and total)

continually increase for any horizontal or vertical expansion.
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Figure 5: Reduced risk of poverty due to uniform post-disaster support. Avoided (a) total, (b) societal, and (c) extreme

annual poverty due to uniform post-disaster support for different levels of coverage (horizontal axes) and intensity (vertical

axes). Benefits are expressed in terms of avoided annual years of poverty, which can be interpreted, equivalently, as the

reduction in poverty headcount. Coloring indicates the relative poverty decrease, compared to the baseline case without ASP.

Numbers on tiles indicate absolute avoided poverty. Grey lines show optimal trajectories of vertical and horizontal expansion

for each impact metric, given by the locally steepest direction of ascent.
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3.3.2 Proportional post-disaster support

In a second variant of post-disaster support, we set aid payouts to be proportional to the asset damages experienced by each

affected household, rather than providing an equal sum to all. Total aid payouts are higher than in the uniform PDS variant,

resulting in greater total reductions of both consumption and well-being losses. Prioritizing vertical expansion remains the

most effective strategy for minimizing well-being losses. Interestingly, the scenario that achieves the greatest reduction in

well-being losses is no longer the one with maximum coverage and benefits. The optimal outcome occurs at 80% coverage

and 50% intensity, which reduces well-being losses by $323 billion (Figure 6). As costs are assumed to be shared across the

entire population proportionally to pre-disaster incomes, the additional well-being benefits from covering the wealthiest 20%

are outweighed by the negative impact of higher costs for the remaining 80%.
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Figure 6: Reduced damages and losses due to proportional post-disaster support. See Figure 4 for explanation.
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Figure 7: Reduced risk of poverty due to proportional post-disaster support. See Figure 5 for explanation.
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Figure 8: Cost-effectiveness of post-disaster support measures. Benefits in terms of avoided (a, b) total poverty, (c, d)

consumption losses, and (e, f) well-being losses per $1 of disaster aid payouts from (left) uniform or (right) proportional

post-disaster support. Displayed numbers and coloring indicate absolute ratios of benefits to costs for each level of coverage

(horizontal axes) and intensity (vertical axes).

3.3.3 PDS cost-effectiveness

When comparing the effectiveness of uniform and proportional post-disaster support, we assume that the costs are equal to

the total sum of aid payouts, though in reality, additional costs—such as those due to targeting errors and financing—would

also need to be considered. As Figure 8 shows, benefit-cost ratios of avoided consumption and well-being losses exceed 1 for

all levels of coverage and intensity, while both PDS variants are most cost-effective when targeting lower-income populations.

Cost-effectiveness for reducing poverty is highest when covering the bottom 40%, where each $1 of disaster aid reduces

poverty by 0.27 days (uniform) and 0.26 days (proportional). Equivalently, avoiding one dollar of poverty requires $3.70 and

$3.85 of aid, respectively. Note that these numbers are calculated based on our adjusted poverty lines, which are generally

13



higher than the official ones. When calculating benefit-cost ratios for extreme poverty only, coverage of the bottom 20% of the

population is most cost-effective (Supplementary Figure 4).

Uniform PDS has generally higher benefit-cost ratios than the proportional variant with regard to avoided well-being

losses, except for avoided consumption losses at very low coverage levels. Higher coverage and intensity come with reduced

benefit-cost ratios for both consumption and well-being losses. Because well-being losses assign higher weights to the

consumption losses of the poor, benefit-cost ratios for the coverage level of 20% exceed those for higher coverage levels,

regardless of the level of intensity.

3.3.4 Income diversification

Increasing the share of income from diversified sources—like social transfers, private remittances, or capital gains—effectively

protects exposed people from experiencing consumption and well-being losses, and from being pushed into poverty. Indeed,

countries where a higher share of income consists of transfers and remittances tend to be more resilient to disasters

(section A.1). In this section, we assess the effect of increasing the share of income that people receive from diversified

sources. In practice, this can be done through measures like the expansion of social protection schemes or improved financial

inclusion.

As households diversify their income and rely less on local productive assets to generate income from labor, they need

to own fewer productive assets directly that could be destroyed by a disaster. We keep total household income constant

while shifting a certain fraction of labor income (as set by the level of intensity) to diversified sources. As a result, income

diversification can reduce asset damages and overall consumption losses, when productive assets are ”shifted” away from

people with higher asset vulnerability or exposure (Figure 9). However, this effect is only observed when diversification is

applied to a subset of the population. If income diversification increases across the entire population, the total amount of

productive capital and its distribution remain unchanged.

The greatest gains in well-being are not achieved when covering the entire population, but when the measure is applied

only to the bottom 60% of the population. Up to this point, ownership of productive assets—and the risk of their destruction

along with the associated labor income losses and reconstruction costs—is partly shifted from lower-income households to

the upper 40%. Since the asset vulnerability of these households is generally lower than for less wealthy households, this

shift also reduces asset damages and total consumption losses. Beyond the threshold of 60% coverage, asset distribution

starts to shift back towards lower-income groups. Therefore, regardless of the intensity, the optimal population coverage is

around the bottom 60% of the population.

Poverty reduction is most effectively achieved through vertical expansion (Figure 10). The optimal trajectory favors vertical

expansion, as it provides targeted support to those most at risk, offering significant improvements in poverty alleviation.

Reducing the share of non-diversified income by 40% for 60% of the population could reduce global poverty by up to

10.5 million people, of which 5.6 million extreme and 4.9 million societal poverty.
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Figure 9: Reduced damages and losses due to income diversification. See Figure 4 for explanation.
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Figure 10: Reduced risk of poverty due to income diversification. See Figure 5 for explanation.

3.3.5 Asset vulnerability reduction

Reducing asset vulnerability (simply ”vulnerability” hereafter) is a key asset-focused strategy for strengthening resilience

against disasters. In traditional disaster risk reduction contexts, this can be achieved through measures such as retrofitting

homes, enforcing stricter building standards, or enhancing early warning systems to improve preparedness and response.

Anticipatory, forecast-based cash transfers to vulnerable populations can allow households to prepare for disasters and

strengthen their housing, e.g, through securing doors and windows or fixing pre-existing damages. Reducing asset vulnerability

can also be part of more integrated ASP strategies, for example if disaster relief aid promotes the reconstruction of more

resilient structures. Vulnerability reduction ensures that affected households suffer fewer losses when hit by a disaster.

Intensity of this measure determines the percentage by which vulnerability is reduced for those covered by the measure, as

indicated by the coverage level. In the most extensive scenario, where vulnerability is reduced by 50% for the entire population,
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global asset damages decline by the same rate, or $295 billion, leading to avoided consumption losses of $427 billion and

well-being gains of $693 billion. While the same affected people remain exposed to the disasters, they experience fewer

losses. As a result, they may be prevented from falling below societal or extreme poverty altogether or spend less time in

poverty.

While reducing asset damages and consumption losses is most effectively achieved by early-on horizontal expansion,

reducing well-being losses favors a more symmetrical expansion in both coverage and intensity. In contrast, a reduction in

poverty is consistently achieved more effectively through prioritizing expansion of intensity, i.e., focusing on lower-income

populations.
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Figure 11: Reduced damages and losses due to vulnerability reduction. See Figure 4 for explanation.
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Figure 12: Reduced risk of poverty due to vulnerability reduction. See Figure 5 for explanation.
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3.3.6 Exposure reduction

Reducing exposure to disasters is another asset-focused strategy for mitigating economic and social impacts from disasters

that can be integrated into ASP measures. It can be achieved through measures such as investing in protective infrastructure—

like dikes or sea walls—or implementing risk-informed land-use planning to prevent development in high-risk areas. Such

infrastructure measures rarely target specific income groups only and typically benefit all residents within the protected area.

Yet differences in income levels between neighborhoods or regions can still influence who benefits most. Anticipatory and

forecast-based cash transfers can be used to address vulnerable households more directly. Such transfers allow for time to

reduce people’s exposure of productive assets, for example by moving them to safe areas.
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Figure 13: Reduced damages and losses due to exposure reduction. See Figure 4 for explanation.
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Figure 14: Reduced risk of poverty due to exposure reduction. See Figure 5 for explanation.

By reducing the number of people exposed to disasters, this approach directly reduces asset destruction and its economic

repercussions. As in the case of reduced vulnerability, expanding coverage yields greater benefits in terms of avoided asset

damages and consumption losses. This is because wealthier households by definition own assets of higher value and have
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higher levels of consumption. However, to reduce well-being losses, vertical expansion is slightly more beneficial. Protective

measures that reduce exposure effectively prevent people from experiencing disaster-related income shocks at all, ensuring

that fewer households fall into poverty. Since the risk of poverty is highest among poorer populations, prioritizing vertical

expansion proves to be the most effective strategy for minimizing poverty.

4 Discussion and conclusions

We started by investigating the annual risk of poverty due to disasters and found that 12.7 million and 12.9 million people

are at risk of extreme and societal poverty, respectively. These numbers are in line with previous estimates by Rozenberg

and Hallegatte (2016), who found that 2.8 million to 44 million people are in extreme poverty due to earthquakes, storm

surges, tsunamis, and extreme wind across 89 countries. While our poverty estimates are in the lower half of this range, the

study did not account for hazard protection measures, which can significantly reduce the impact of disasters. If we exclude

flood protection measures from our analysis, our estimate would increase to 35.8 million with a lower bound of 14.9 million

(Supplementary Figure 5), which corresponds to the upper half of the range estimated by Rozenberg and Hallegatte (2016).

In 2024, 692 million people, or 8.5% of the global population lived below the extreme poverty line (World Bank, 2024c). In

the same year, 24% of the global population, a total of 1,990 million people, lived in societal poverty (World Bank, 2025c). Our

results suggest that 1.8% and 0.66% of the global extreme and societal poverty headcount are due to the disasters simulated

here alone. The actual contribution of disasters to poverty is likely higher, as our analysis only covers 131 countries and a

selection of hazards. Our comparison of the risk of falling into poverty and the annual average time spent in poverty (i.e., the

more general risk of poverty) underscores the importance of accounting for the recovery duration and the time that people

spend in poverty.

Adaptive social protection aims to provide timely, scalable, and shock-responsive support before, during, and after

disasters (Bowen et al., 2020). Ex ante, ASP reduces vulnerability by building human capital, protecting productive assets,

and enhancing incomes through predictable transfers, public works, and livelihood support. Ex post, it accelerates recovery

by supporting reconstruction, restoring livelihoods, and facilitating a faster return to pre-shock welfare trajectories. While most

discussions around ASP have focused on shock responses and setting up adequate mitigation systems, the simulations

carried out for this work cover both—the ex ante benefits in terms of lower vulnerability, exposure reduction, and diversified

livelihoods, as well as the ex post benefits of different disaster aid variants for affected households.

While we here simulated ex ante and ex post benefits separately, both can in reality be the result or co-benefits of the

same ASP measure. For example, expansion of mobile wallets for digital payments not only strengthens the capacity to

deploy social assistance to affected beneficiaries, but can be an active building block in increasing income diversification

(e.g., through facilitating transfers among family members). Other programs can provide post-disaster relief while reducing

future exposure or asset vulnerability. For example, disaster aid after the 2013 Typhoon Yolanda in the Philippines promoted a

”building back better” strategy to prevent reconstruction of destroyed houses in high-risk zones (Bowen, 2015). Our findings

underscore the multiple benefits that ASP measures can yield if they succeed in integrating social protection with disaster risk

reduction.
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Most measures favor expanding intensity more strongly than coverage, in line with empirical evidence. For instance, a

study in Pakistan found that doubling cash transfer amounts from 1,500 PKR to 3,000 PKR—when the median household

income in the study sample was 8,075 PKR (approximately USD 77) at baseline—significantly improved child and maternal

nutritional outcomes among recipients of the higher transfer amount (Fenn et al., 2017). Conversely, in Jordan, cash transfers

under the General Food Assistance program for Syrian refugees (2015–2018) were too low to generate broader livelihood

improvements or facilitate economic self-sufficiency, limiting their ability to contribute to sustainable development outcomes

(World Food Programme, 2021). However, there is no one-fits-all strategy for all countries. Juxtaposing optimal expansion

trajectories for different country income groups (Figure 15), we find that lower-income countries typically favor an earlier

horizontal expansion than higher-income countries, especially when looking at the evaluation metric of poverty reduction.

In these countries, policy makers should aim for broader coverage among the population than in higher-income countries.

This supports the progressive USP approach (World Bank Group, 2022), which begins by focusing on the poorest and

most vulnerable populations, gradually expanding coverage, and finally enhancing benefit intensity as fiscal resources and

administrative capacity improve.

Our benefit-cost ratios confirm emerging evidence that anticipatory and post-disaster cash transfers can mitigate negative

shocks (United Nations & World Bank, 2010), particularly by enhancing food security and reducing reliance on harmful

coping mechanisms (World Bank, 2024d). Even modest transfers can still provide meaningful improvements in household

consumption (World Bank, 2024a). At the same time, the results demonstrate the importance of allocating such transfers

well. While avoided consumption and well-being losses generally exceed the total amount of aid payouts, the return on each

dollar of aid varies strongly. For instance, while total uniform PDS payouts with 20% coverage and 50% intensity are similar to

payouts at 100% coverage and 10% intensity, benefits differ strongly; avoided well-being losses range at $157 billion and

$74 billion, and avoided extreme poverty lies at 4.49 million against 2.19 million, respectively. These theoretical insights align

with documented cases of both inadequate disaster aid (Gilligan et al., 2009; Noy et al., 2021) and suboptimal allocation

of support (Francken et al., 2012). Moreover, the above example also underscores the importance of choosing the right

evaluation metric that aligns with policy goals: if the primary policy goal were to reduce consumption losses or societal poverty

instead of well-being losses and extreme or total poverty, the setup with 100% coverage and 10% intensity would yield higher

benefits than the one focusing on the bottom income quintile.

Of course, the design of effective policies entails not only the right choice between horizontal and vertical expansion. In

practice, policy makers also need to decide on how to best target the support to those who are most in need (Hernandez

et al., 2023). For example, it has been shown that flooding in Africa poses a problem particularly for urban areas where social

assistance is not sufficiently extended (World Bank, 2022). This highlights the critical role of targeting as a third dimension for

the design of ASP measures. Minimizing inclusion and exclusion errors, well-targeted measures ensure that aid is directed

where it is needed the most. However, targeting can come with significant costs—both in terms of time and transaction

costs—and there is a trade-off between the perfect targeting level and cost-efficient, timely support. Here we assumed perfect

targeting throughout all simulations without considering associated costs. To complement the findings of this study, future

work should explicitly account for more specific targeting and the costs thereof to find the point at which higher benefits due

to improved targeting no longer outweigh the additional costs.

Other limitations exist with regard to the model used. The microsimulation model only considers the destruction of

productive assets to estimate consumption and well-being losses and does not account for the loss of human lives or the
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weakening of the human capital in economic production due to disasters. In addition to such direct impacts on productivity

through human lives, people affected by disasters often have to reduce or stop their human capital investments (e.g., by

dropping out of school), affecting income and livelihoods in the long run (Corral et al., 2021). Considering such effects would

further increase the baseline risks due to disasters but also lift the potential absolute benefits of ASP measures.

Overall, this study highlights the importance of mitigating disaster impacts to reduce poverty and well-being losses,

especially for the extremely poor. Operationalizing the implications of horizontal versus vertical expansion, we contributed

to filling a critical gap in the understanding of how to balance intensity and coverage best within adaptive social protection

programs. The results can be used by policy makers to develop more effective ASP policies. However, additional work is

required to further complete this understanding, particularly with regard to optimal targeting levels.
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Figure 15: Optimal expansion trajectories for all protection measures by country income group. Optimal expansion

trajectories by country income group are derived for all evaluated ASP measures and metrics. Dashed line represents the

optimal trajectory at the global level as shown in previous figures.
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A Text supplement

A.1 Transfers and disaster resilience

Why do some countries experience more severe repercussions from disasters than others? While asset damages from

disasters are largely shaped by exposure to hazards and the vulnerability of what people own, the effects on well-being,

consumption, and poverty vary widely. One dollar in damages does not translate into the same reduction in well-being across

countries. Factors beyond exposure and asset vulnerability, such as the structure of income and access to social protection,

play a crucial role in shaping people’s resilience to shocks (Middelanis et al., 2025).

One such factor is the diversification of livelihoods and income. When people rely less exclusively on local labor income

and instead receive transfers—whether through social protection systems, private remittances, or capital income—their

vulnerability to local shocks diminishes. The more income streams are diversified, the less earnings are disrupted by a local

disaster, helping to stabilize consumption and reduce the likelihood of being pushed into poverty. Supplementary Figure 6

illustrates this relationship, showing that countries where the population receives a higher share of income from transfers tend

to experience smaller disaster impacts in terms of consumption and well-being losses, as well as risk of poverty. However,

it should be noted that income diversification, e.g., through transfers, is but one element that factors into socio-economic

resilience and risk (reduction). GDP per capita is a good overall predictor for factors that improve socio-economic resilience in

general (Middelanis et al., 2025), and it is also associated with the transfer share of income. Thus, the relationship should not

be understood as an exclusive causality, but rather as an illustration that higher-income countries tend to perform better on

multiple determinants of socio-economic resilience as defined for this work, including income diversification through transfers.

Especially LICs remain critically underprotected. According to a recent World Bank report on the global state of social

protection (World Bank, 2025), one in four people in these countries still lives without any form of social protection coverage.

This lack of a safety net significantly limits their ability to prevent impacts on well-being and poverty, reinforcing the importance

of investing in inclusive and adaptive social protection systems as part of disaster risk management and resilience strategies.
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Supplementary Figure 1: Risk of being pushed into poverty by country income group. Same as Figure 2, differentiating

by country income group.
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Supplementary Figure 2: Time in poverty. Histogram of the time spent in (a) extreme and (b) societal poverty globally (black

line) and by country income groups (colors). Vertical dashed lines show mean time spent in poverty. Affected populations with

more than 5 years in poverty are grouped into one bin. Recovery times are averaged over return periods.
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Supplementary Figure 3: Damages and losses due to disasters by country income group.
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Supplementary Figure 4: Benefit-cost ratios for post-disaster support with extreme poverty. Same as Figure 8 with

extreme poverty instead of total poverty.
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Supplementary Figure 5: Annual average poverty due to disasters without hazard protection. Risk of poverty in terms

of annual (a) number of people being pushed into poverty, and (b) cumulative number of years spent in poverty. Both metrics

without accounting for hazard protection levels.
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Supplementary Figure 6: The relationship between disaster impacts and transfers. Horizontal axes denote the average

share of all income that is received from transfers and remittances. (a) Consumption loss per dollar of asset losses, (b)

well-being loss per dollar of asset damages, and (c) increase in total poverty as a fraction of the population per experienced

asset damages worth 1% of national GDP. Coloring indicates country income group.
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C Supplementary tables

Supplementary Table 1: Baseline disaster risks. Risks for each simulated country in the absence of adaptive social

protection measures. Risks to assets, consumption, and well-being are expressed as percent of GDP, poverty risks are

expressed as percent of the population.

Risk to

assets consumption well-being extreme poverty societal poverty total poverty

ISO A3 [% GDP] [% GDP] [% GDP] [% Pop] [% Pop] [% Pop]

AGO 0.062 0.099 0.292 0.033 0.009 0.042

ALB 0.928 1.476 2.592 0.336 0.733 1.069

ARM 0.567 0.868 1.305 0.217 0.498 0.714

AUS 0.139 0.173 0.250 0.014 0.058 0.072

AUT 0.294 0.338 0.439 0.015 0.074 0.089

AZE 0.339 0.431 0.823 0.000 0.319 0.319

BDI 0.491 0.957 1.846 0.169 0.000 0.169

BEL 0.163 0.206 0.279 0.001 0.068 0.069

BEN 0.116 0.204 0.397 0.110 0.023 0.133

BFA 0.045 0.072 0.125 0.041 0.000 0.041

BGD 0.610 0.919 1.603 0.591 0.476 1.067

BGR 0.286 0.321 0.520 0.024 0.153 0.177

BIH 0.516 0.605 0.908 0.029 0.152 0.181

BLR 0.380 0.436 0.537 0.000 0.091 0.091

BLZ 2.109 2.691 4.300 0.100 1.002 1.102

BOL 0.357 0.450 0.732 0.067 0.125 0.192

BRA 0.226 0.319 0.482 0.028 0.071 0.099

BTN 2.304 3.266 4.425 0.000 2.427 2.427

BWA 0.164 0.195 0.399 0.048 0.017 0.065

CAN 0.091 0.119 0.154 0.005 0.030 0.035

CHE 0.210 0.229 0.278 0.000 0.022 0.022

CHL 1.401 1.666 2.421 0.001 0.499 0.499

CHN 0.452 0.549 0.769 0.000 0.123 0.123

CIV 0.065 0.112 0.223 0.070 0.035 0.105

CMR 0.157 0.230 0.606 0.106 0.031 0.138

COD 0.790 1.681 2.973 0.077 0.000 0.077

COG 0.855 1.664 4.815 0.461 0.100 0.561

COL 0.564 0.710 1.949 0.157 0.174 0.331

COM 0.721 1.307 2.726 0.646 0.126 0.772

CRI 0.363 0.417 0.652 0.004 0.145 0.148

CYP 0.654 0.749 0.998 0.000 0.110 0.110

CZE 0.132 0.157 0.210 0.000 0.041 0.041

DEU 0.154 0.167 0.203 0.000 0.017 0.017

DNK 0.043 0.047 0.057 0.000 0.004 0.004

DOM 0.804 0.994 1.516 0.061 0.281 0.342

DZA 0.305 0.397 0.629 0.000 0.158 0.158

ECU 1.597 1.961 3.513 0.322 0.401 0.724
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Risk to

assets consumption well-being extreme poverty societal poverty total poverty

ISO A3 [% GDP] [% GDP] [% GDP] [% Pop] [% Pop] [% Pop]

EGY 0.076 0.087 0.118 0.011 0.021 0.032

ESP 0.104 0.136 0.196 0.014 0.043 0.057

EST 0.058 0.068 0.092 0.004 0.014 0.018

ETH 0.167 0.274 0.413 0.122 0.006 0.128

FIN 0.034 0.040 0.052 0.002 0.008 0.010

FRA 0.111 0.131 0.181 0.000 0.049 0.049

GAB 0.184 0.264 0.470 0.047 0.174 0.221

GBR 0.123 0.165 0.240 0.008 0.079 0.086

GEO 1.600 2.544 2.850 0.666 0.671 1.338

GHA 0.051 0.078 0.157 0.022 0.003 0.025

GIN 0.164 0.271 0.475 0.164 0.076 0.239

GMB 0.064 0.086 0.160 0.039 0.023 0.063

GRC 2.538 3.382 4.269 0.225 0.538 0.763

GTM 0.704 1.001 1.682 0.196 0.193 0.389

HND 1.924 2.541 5.319 0.586 0.697 1.283

HRV 0.503 0.646 1.000 0.084 0.416 0.501

HTI 5.703 10.798 18.432 2.394 0.000 2.394

HUN 0.207 0.266 0.354 0.017 0.137 0.153

IDN 0.547 0.786 1.292 0.347 0.403 0.750

IND 0.163 0.276 0.517 0.268 0.165 0.433

IRL 0.035 0.041 0.047 0.000 0.004 0.004

IRN 1.571 2.172 2.698 0.383 0.315 0.698

IRQ 0.292 0.332 0.493 0.037 0.118 0.154

ISL 0.542 0.622 0.736 0.000 0.075 0.075

ISR 0.246 0.291 0.385 0.013 0.062 0.075

ITA 0.776 1.015 1.526 0.144 0.276 0.420

JOR 0.225 0.317 0.503 0.000 0.160 0.160

JPN 0.611 0.699 0.955 0.101 0.135 0.237

KAZ 0.282 0.384 0.620 0.000 0.242 0.242

KEN 0.201 0.317 0.575 0.115 0.000 0.115

KOR 0.419 0.480 0.673 0.026 0.223 0.248

LAO 1.886 2.570 5.193 1.645 0.765 2.410

LBN 0.900 1.477 2.183 0.282 0.467 0.749

LBR 0.430 0.800 1.392 0.396 0.124 0.520

LKA 0.485 0.706 1.124 0.123 0.243 0.366

LSO 0.613 0.805 1.214 0.205 0.037 0.242

LTU 0.104 0.118 0.149 0.002 0.018 0.020

LVA 0.311 0.389 0.516 0.022 0.121 0.144

MAR 0.412 0.600 1.239 0.237 0.301 0.538

MDA 0.616 0.884 1.211 0.000 0.419 0.419

MDG 0.398 0.689 1.262 0.226 0.000 0.226

MEX 0.295 0.377 0.697 0.063 0.117 0.180

MKD 0.645 0.810 1.207 0.101 0.375 0.476

MLI 0.115 0.193 0.292 0.083 0.016 0.099
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Risk to

assets consumption well-being extreme poverty societal poverty total poverty

ISO A3 [% GDP] [% GDP] [% GDP] [% Pop] [% Pop] [% Pop]

MLT 0.107 0.131 0.231 0.002 0.060 0.062

MMR 2.715 5.070 7.020 1.883 2.090 3.973

MNE 0.521 0.624 0.986 0.059 0.180 0.239

MNG 0.381 0.498 0.654 0.016 0.138 0.154

MOZ 0.214 0.322 0.737 0.003 0.000 0.003

MRT 0.321 0.563 0.921 0.291 0.186 0.477

MUS 0.795 0.919 1.323 0.033 0.338 0.371

MWI 0.207 0.300 0.491 0.035 0.000 0.035

MYS 0.187 0.202 0.291 0.000 0.015 0.015

NAM 0.091 0.112 0.271 0.037 0.014 0.051

NER 0.570 1.228 1.728 0.356 0.000 0.356

NGA 0.137 0.225 0.426 0.118 0.000 0.118

NIC 0.752 0.978 1.679 0.247 0.245 0.492

NLD 0.098 0.120 0.160 0.004 0.035 0.040

NOR 0.039 0.041 0.046 0.000 0.002 0.002

NPL 1.191 2.280 3.293 0.716 1.321 2.038

PAK 0.465 0.656 1.180 0.524 0.146 0.670

PAN 0.418 0.505 0.915 0.086 0.069 0.155

PER 0.526 0.688 1.450 0.169 0.366 0.535

PHL 1.224 1.543 2.149 0.345 0.591 0.936

POL 0.065 0.073 0.097 0.003 0.016 0.020

PRT 0.107 0.135 0.188 0.008 0.042 0.051

PRY 0.274 0.362 0.775 0.075 0.154 0.229

ROU 0.324 0.389 0.560 0.111 0.088 0.199

RUS 0.204 0.259 0.418 0.006 0.135 0.141

RWA 0.488 0.713 1.202 0.244 0.022 0.267

SDN 0.865 1.335 2.446 0.666 0.384 1.050

SEN 0.046 0.074 0.170 0.046 0.032 0.077

SLE 0.099 0.150 0.289 0.094 0.000 0.094

SLV 0.750 0.963 1.481 0.082 0.308 0.391

SRB 0.929 1.235 1.903 0.093 0.426 0.519

SVK 0.148 0.208 0.349 0.137 0.188 0.325

SVN 0.791 0.911 1.114 0.000 0.147 0.147

SWE 0.041 0.045 0.056 0.003 0.008 0.011

SWZ 0.287 0.378 0.609 0.041 0.000 0.041

TCD 0.209 0.387 0.550 0.160 0.011 0.171

TGO 0.109 0.175 0.294 0.102 0.012 0.114

TJK 5.085 5.533 6.593 0.181 0.377 0.558

TUN 0.226 0.279 0.484 0.044 0.080 0.124

TUR 1.098 1.296 2.005 0.006 0.168 0.173

TZA 0.418 0.739 1.699 0.192 0.000 0.192

UGA 0.240 0.429 1.003 0.201 0.000 0.201

UKR 2.169 2.877 3.463 0.000 0.876 0.876

URY 0.078 0.100 0.182 0.003 0.037 0.040
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Risk to

assets consumption well-being extreme poverty societal poverty total poverty

ISO A3 [% GDP] [% GDP] [% GDP] [% Pop] [% Pop] [% Pop]

USA 0.187 0.218 0.317 0.010 0.029 0.039

UZB 0.886 1.205 1.693 0.142 0.261 0.403

VNM 0.745 0.958 1.751 0.227 0.392 0.620

ZAF 0.317 0.402 0.656 0.009 0.009 0.018

ZMB 0.400 0.770 2.308 0.162 0.000 0.162

ZWE 0.145 0.228 0.426 0.085 0.000 0.085
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