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Abstract

Impacts of extreme weather events are usually a complex interplay of compounding socio-economic and
climatic drivers. In this paper, we attribute the effect of climate and population change on the number of
people exposed to flooding from tropical cyclone (TC) Idai, making landfall in Mozambique in 2019. We
apply an extended storyline attribution framework based on a globally-applicable model chain to
simulate compound flooding and its impacts under factual and counterfactual climate and population
conditions. This enables impact attribution to both drivers, and disaggregation of the results across
different flood depth categories and socio-economic groups. Both climate and population change since
1975 have increased the number of people exposed to flooding from TC Idai, with population change
being the dominant driver. Climate change increases the flood extent and flood depth, whereas
population change alters the number of people living in the flooded area. These drivers together change
the distribution of people exposed to flooding, leading to different attribution assessments per flood
depth category. Moreover, we exemplify that climate change impacts are unevenly distributed across
socio-economic groups. Spatial aggregation of the impact attribution assessment therefore has the
potential to mask the disproportionate effects of climate change on particularly vulnerable socio-
economic groups.

Introduction

Human-induced climate change alters the intensity and frequency of extreme weather events
worldwide'. The impacts of extreme events are shaped by multiple interacting drivers, including climate
change and socio-economic factors?™°. Relevant socio-economic drivers include urbanization and land
cover change, population and economic growth, and other developments such as flood adaptation, early
warning and preparedness. These drivers can be very dynamic and interact with the impact of extreme
events on different spatial and temporal scales'®~'3. For example, historical flood impacts in Europe
have been exacerbated by population and economic value growth but largely dampened by better risk

management and reduced flood vulnerability'4.

Impact attribution can be used to quantify the relative contributions of (multiple) extreme event impact

drivers'3. Where previously impact attribution studies focussed primarily on assessing the effect of
climate change alone''%, methodologies are expanding to include socio-economic drivers'.
Addressing how socio-economic drivers, such as land use change and economic development,
contributed to the impacts of an extreme weather event provides context for the role of climate change.
There are various event-based attribution studies that consider the effect of socio-economic drivers on
the hazard of the event'’~"°, all concluding that such drivers have major relevance. However, these
studies do not propagate the effect of socio-economic drivers to impact or account for associated
changes in exposure and vulnerability. A multi-driver attribution framework that propagates the effect of
both climate and non-climatic drivers to impacts therefore remains underdeveloped, particularly in data-

scarce regions.
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Extreme event impacts, and how these might be altered by climate and socio-economic drivers, are not
equally distributed among society?~24. Low-income countries are disproportionally impacted by climate
change?® and are also projected to experience a larger increase in exposure in the coming decades?®,
potentially resulting in amplified impacts. At subnational level, low-income households face greater
exposure to flood risk?6728. Attribution statements based on aggregated estimates of climate change
impacts, such as a 13 % increase inflood damages??, do not capture how those impacts are distributed
among society or how different drivers shape that distribution. Attribution assessments disaggregated
by socio-economic and hazard characteristics can better capture the unequal distribution of impacts
across society.

In this study, we address this research gap for the case of Tropical Cyclone (TC) Idai, hitting
Mozambique in 2019. Idai made landfall close to the city of Beira, located in the Sofala province, and
was one of the most destructive cyclones to make landfall in the Southern Hemisphere. The cyclone
caused strong winds (> 150 km/h), widespread flooding driven by heavy rainfall of more than 600 mm

(more than half the annual rainfall®®) and a storm surge height of 2.5 to 4.5 m occurring close to neap

tide3132. Mozambique is a highly vulnerable country with vast inequalities among society and ongoing

crises at the time of the cyclone, which all contributed to turning the event into a disaster®3. In

Mozambique alone, TC Idai caused more than 600 fatalities and affected 1.85 million people3*. The

exponential population growth in recent decades®® is likely to have confounded a change in climate

conditions determining Idai’s societal impacts. Existing impact attribution studies of TC Idai have not yet

attributed the effect of socio-economic drivers in addition to that of climate change3¢3’

disaggregate the attribution assessment.

, nor do they

We build on the storyline attribution framework of Vertegaal et al.3”, which uses a globally applicable
state-of-the-art model chain to simulate compound flooding and its impacts under factual and
counterfactual climate conditions. We expand this framework in three ways: first, by introducing
counterfactual exposure conditions to attribute the contribution of population change alongside that of
climate change since 1975; second, by disaggregating the attribution assessment by flood inundation
depth; and third, by disaggregating the attribution assessment across socio-economic groups.

Methods

The storyline attribution framework considers factual and counterfactual (alternative conditions)
scenarios for flood hazard and flood exposure (Fig. 1). The factual and counterfactual flood hazard
scenarios are based on Vertegaal et al.3” and present the simulated compound flooding from TC Idai
under both the observed climate conditions and with the climate trend removed until the counterfactual
baseline of 1975. The factual and counterfactual exposure scenarios are based on the Global Human
Settlement Layer population datasets3®3° for 2020 (the closest year available to TC Idai in 2019), and for
1975 as a counterfactual baseline. The exposed population, i.e. the number of people within the flooded
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area, is used as impact metric, which is disaggregated both per flood depth category and per socio-
economic characteristic of the population.

Scenarios for attribution

We make use of four scenarios to disentangle the plausible relative contributions of climate change and
population change, as well as their combined effect (Table 1). The exposed population for the different
scenarios is estimated by overlaying the population raster with the simulated compound flooding from
TC Idai, as described in the following sections. As counterfactual baseline, we use 1975 to study
changes within the timeframe of a single human generation of the society that lives today.

Table 1
Overview of factual and counterfactual scenarios.

Scenario Description
Factual Climate conditions during TC Idai in 2019 and population of

2020
Counterfactual climate Removed climate trend since 1975 for rain, wind and SLR
Counterfactual population Population of 1975
Counterfactual climate + Climate trend removal of rain, wind and SLR and population of
population 1975
Flood hazard

The hydrodynamic modelling chain of Vertegaal et al.>” used to simulate compound flooding from TC

Idai consists of the reduced-complexity compound flood model Super-Fast INundation of CoastS
(SFINCS)*', with coastal boundary conditions of tide, surge and nearshore wave setup from the
hydrodynamic model D-Flow FM from the Delft3D Flexible Mesh Suite*? combined with SnapWave*?, and
discharge boundary conditions from the hydrological model wflow #4. For more details on the modelling
chain and validation, we refer to Vertegaal et al.3”. The flood maps are generated at 25 m resolution, and
masked for permanent water using the Global Surface Water dataset*>. We only consider flood depths >

0.15 m, indicative for exposure levels associated with negative consequences for society*®. The flood
maps are used to estimate the exposed population.

For the factual flood hazard scenario, the meteorological forcing is a combination of the ERAS reanalysis
dataset*’ and the IBTrACS best track TC data*®4°. This simulation was validated against available
observations and shown to reasonably represent observed flood conditions®’. For the counterfactual
climate scenario, the meteorological forcing and boundary conditions are adjusted to represent plausible
climate conditions accounting for substantially reduced levels of climate change back in 1975. We do
this by removing the long-term climate trend from TC flood drivers for which there is scientific

consensus to be affected by climate change®®. We use a moderate climate change adjustment of key
flood drivers representing the counterfactual baseline year of 1975 (see supplementary Table S1), which
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corresponds to a 6 % reductio in TC rainfall, a 4 % reductio in TC maximum wind speed, and a removal of
7 cm SLR.

Flood exposure

We make use of a gridded population dataset from the Global Human Settlement Layer®®3° at 100 m
spatial resolution and 5-year temporal resolution, available from 1975 to 2030. We downscale the
population raster to the resolution of the flood map (25 m) by evenly distributing the population within
the ~ 100 m grid cell to the available land cells within that grid cell.

For the factual population scenario, we use the population raster of 2020, the closest year available to
that of TC Idai in 2019. For the counterfactual population scenario, we use the population raster of 1975,
the baseline year. Population growth between 1975 and 2020 has not been spatially homogeneous. To
test the potential impact of changes in population density patterns, a sensitivity experiment has been
conducted with a spatially uniform population growth scenario since 1975, retaining the total population
growth.

To calculate the population exposed to flooding (the prime flood impact indicator), the population raster
is overlayed with the flood map for flood depths = 0.15 m. The entire population located within the
flooded area is considered to be exposed. Population values are reported as number of people rounded
to the nearest thousand for presentation purposes. The total and exposed population for the factual
scenario are validated against reported affected populations (see supplementary information, Tables S2
and S3, and Fig. S1). The total population shows good agreement at the case study scale (mean relative
error of 1%), with larger differences at sub-district level (range - 14% — 19%). Generally, we
underestimate exposed population, with an overall reasonable agreement for Beira (mean relative error
17%) but lower agreement for the other districts. The change in exposed population attributable to
climate change and/or population change is defined as the relative change in exposed population
between the counterfactual and factual scenario, expressed as:

A (%) = =5 %100 % (1),

where A is the attributable change in %, F is the exposed population from the factual scenario and CF
from the counterfactual scenario.

Attribution disaggregation

We disaggregate the results by flood inundation depth (carried out for both climate and population
counterfactuals), and by socio-economic characteristics of the exposed population (for climate
counterfactual only, as no dataset exists for counterfactual socio-economic conditions in 1975). The
attributable exposed population for the disaggregated assessment represents the relative change per
category or group.
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For the flood depth disaggregation, we consider three flood depth categories: low (0.175m - 0.5 m),
moderate-to-high (0.5 m — 1.5 m), and very high (> 1.5 m). These thresholds are defined based on
relevant literature®*®. Low flood depths can cause economic and livelihood disruptions. Moderate-to-
high flood depths can cause a substantial part of the exposed population to face risk to life and severe
economic and livelihood disruptions. Very high flood depths of more than 1.5 m pose a substantial risk
to life to most of the exposed population and long-lasting livelihood disruptions.

For the socio-economic disaggregation, we consider relevant population characteristics, which include
the population’s wealth, settlement type (urban or rural), age, sex, education level'!, and household size.
The latter is relevant as members of larger households can support each other under severe conditions,
thereby increasing their coping capacity. We differentiate between more and less vulnerable groups,
which is relative to the rest of the country. We assume that more vulnerable groups are generally poorer
(relative to the country), not or poorly educated (less than complete secondary level)'®®, living in rural
areas®?, infants or elderly people (< 5 or above 65 years old)>3°* female®', and living alone®>°%. We
assume that less vulnerable people are generally richer (relative to the country), higher educated (above
tertiary level), living in urban areas, between 5 and 64 years old, male, and living in a household of at
least two people. For simplicity, we consider each of these characteristics independently.

The gridded socio-economic population data is taken from a global dataset for 2015 developed by Ton et

al.>”*8 at a 1 km spatial resolution. Similar to the population data, we downscale the socio-economic

data to the flood raster resolution to calculate the exposed population per socio-economic group. Since
the data is available for a single year only, we do not account for temporal variations. The largest
uncertainty in this global dataset stems from the lack of country specific data for Mozambique®°. The
data is based on socio-economic population data from the three geographically nearest countries with a
similar human development index as that of Mozambique. We find reasonable agreement between the
estimated socio-economic population characteristics and reported subnational socio-economic data for
the Sofala province from the Instituto Nacional de Estatistica (INE) in Mozambique®® (see
supplementary Table S4).

Results

Using the storyline attribution framework, we quantify the separate and combined contributions of
climate change and population change since 1975 to the population exposed to compound flooding
from TC Idai. We disaggregate these attribution assessments per flood depth category and socio-
economic characteristics of the population.

Attributable flood impact to climate and population change

The population exposed to compound flooding from TC Idai is reduced substantially when reverting to
1975 climate and population conditions (Figs. 2 and 3). In our factual scenario, around 250,000 people
are estimated to be exposed to compound flooding from TC Idai (Fig. 2, panel a), which is 27% of the
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total population living in the case study area at the time of the event. Aggregating over the case study
area, the flood extent increases by 2% due to climate change (Fig. 2, panel b), whereas the total
population increases with 204% (Fig. 2, panel c¢). The factual flood and population conditions, and their
changes since 1975, can be found in the supplementary Fig. S2.

The fraction of the exposed population attributable to climate change is 9% (Fig. 3, panel a,
supplementary Table S5), compared to 80% that can be attributed to population change (Fig. 3, panel b).
Climate change and population change combined further exacerbate the exposed population,
accounting for an attributable fraction of 84% (Fig. 3, panel c). The separate effects of climate change
and population change are not additive, as their combined effect is less than the sum. This is the result
of population change in areas that only flood as a result of climate change. When considering absolute
numbers, the largest change occurs in the Beira municipality with ~ 19,000 people additionally exposed
due to climate change compared to ~ 180,000 people additionally exposed due to population change. In
the densely populated city of Beira, a small change in flood extent affects a high number of people,
exacerbated by high population growth (300%).

Disaggregated attributable flood impact
Attribution per flood depth category

Our results show that climate change and population change alter the exposed population distribution
across flood depth categories (Fig. 4, supplementary Table S5). In the factual scenario, flood depth
categories are generally very high in the flood plains of the major Buzi and Pungwe rivers, and low and
moderate-to-high in the Beira area (Fig. 4, panel a). Climate change mostly increases flood depth
categories from moderate-to-high to very high in rural areas, and from low to moderate-to-high in urban
areas such as Beira (Fig. 4, panel b). However, despite the stronger categorical shift in rural areas, higher
population density in urban areas results in a larger number of people being exposed to very high flood
depths in urban settings (see supplementary Table S6).

In general, the fraction of the exposed population attributable to climate change increases with flood
depth category (Fig. 4, panel c). For low flood depths, 3% of the exposed population is attributable to
climate change (3,000 people, supplementary Fig. S3 and Table S5), compared to 13% (15,000 people)
for moderate-to-high flood depths. For most people exposed to moderate-to-high flood depths, the flood
depth increases by 11 cm (from 1.10 m to 1.21 m; supplementary Fig. S4). The relative contribution of
climate change is greatest at very high flood depths (24%). However, the largest absolute contribution is
found at moderate-to-high flood depths (15,000 people), compared to 4,000 people at very high and
3,000 people at low flood depths.

Population change accounts for the largest attributable fraction of the exposed population in the
moderate-to-high flood depth category. In this category, 89% (104,000 people) of the exposed population
can be attributed to population change (Fig. 4, panel ¢, and supplementary Table S5). At low and very
high flood depths, 74% (87,000 people) and 63% (10,000 people) can be attributed to population change,
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respectively. This implies that relatively more people moved into moderate-to-high flood depth zones,
compared to low and very high flood depth zones (see supplementary Fig. S5).

Across all flood depth categories, the largest fraction of the exposed population is attributable to the
combined effect of climate and population change. This fraction is 78% (92,000 people) at low flood
depths, 91% (107,000 people) at moderate-to-high flood depths, and 67% (106,000 people) at very high
flood depths.

Climate change alters the flood extent and flood depth distribution, whereas population change alters
the distribution of people within the flooded area. These drivers together change the distribution of
people exposed to flooding, leading to different attribution assessments per flood depth category. Using
a discrete impact classification (low, moderate-to-high, very high flood depth category) instead of binary
impact classification (exposed or not exposed) reveals that the largest population change occurs at
moderate-to-high flood depth categories, compared to low and very high flood depth categories. This
analysis shows the sensitivity of using a binary classification when attributing changes based on flood
extent only.

Attribution per socio-economic group

Figure 5 shows the disproportionate climate change effects between groups with different socio-
economic characteristics (i.e. wealth, settlement type, age, sex, education and household size). When
considering a binary (exposed or not exposed) instead of discrete (low, moderate-to-high, very high flood
depth category) impact classification, the attributable fraction of the exposed population is generally
higher for less vulnerable people (richer and more educated), as opposed to more vulnerable people
(poorer and less educated). However, when disaggregating per flood depth category, the attributable
fraction at very high flood depths is generally higher for more vulnerable than for less vulnerable people.
Across most socio-economic characteristics, climate change alters flood impacts disproportionally,
which is masked when using a binary rather than discrete classification.

The disproportional effects of climate change across socio-economic groups can be linked to the
urban-rural population distribution (see supplementary Fig. S6 and Table S7). There is a clear urban-
rural segregation for levels of wealth and education, whereas sex, household size, and age exhibit little to
no spatial differentiation across settlement types. Poorer groups constitute 36% of the rural population
but only 4% of the urban population, whereas richer groups make up 91% of the urban population but
only 32% of the rural population. A similar pattern is observed for education, with lower-educated groups
overrepresented in rural areas (85% vs. 52% in urban areas), and higher-educated groups concentrated in
urban areas (24% vs. 3% in rural areas).

In densely inhabited urban areas, a small change in flood extent, regardless of flood depth, can lead to a
large increase in number of exposed people, explaining the larger attributable fraction for less vulnerable
groups when impacts are aggregated across flood depth categories. In sparsely inhabited rural areas,
climate change mostly pushes the flood depth category from moderate-to-high to very high (Fig. 4, panel
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b), thus affecting the dominantly more vulnerable population living in these areas. When considering
absolute numbers, the attributable fraction per socio-economic group reflects the socio-economic
distribution; groups with a larger population show higher absolute attributable fraction than those with a
smaller population (see supplementary Fig. S7). From this analysis, we conclude that climate change
disproportionately affects different socio-economic groups, and that its detection depends on the level
of aggregation of model outputs and on whether absolute or relative attributable fractions of the
exposed population are used.

Discussion

Implications of impact attribution of compound flooding

In this study, we find that both population change and climate change since 1975 have increased the
number of people exposed to flooding from TC Idai. Of these drivers, 80% of the exposed population is
attributable to population change and 9% to climate change. Climate and population change combined
account for 84% of the exposed population. The attribution assessment is sensitive to whether the
exposed population is aggregated or disaggregated across flood depth categories and socio-economic
characteristics. Similar sensitivities have been reported in previous studies, which show that spatial
disaggregation of flood impacts can lead to stronger ®' and more variable® climate signals. These
findings highlight the importance of moving beyond a binary impact classification to account for
changes in flood depth distribution, which better captures the relationship between hazard magnitude
and impact severity®? and therefore has the potential to provide more relevant information for risk
management.

In the future, the population exposed to flooding in Mozambique is projected to increase further as the
result of ongoing climate change and population change, with population change remaining the

dominant driver?%%3. Before 2050, the population of Mozambique is expected to double compared to
20193 which together with ongoing urbanisation, land subsidence in coastal areas, and climate change,
is projected to increase future flood risk®3. Globally, the largest projected increase in exposed population

is found for coastal-fluvial transition regions in Africa, for which Beira is an illustrative example26. Overall,
this suggests that managing future flood risk in Mozambique requires integrating both socio-economic
change and climate change impacts.

Limitations and future directions

A limitation of our work is the relatively coarse spatial and temporal resolution of the underlying
population and socio-economic datasets. Higher spatial and temporal resolution of socio-economic data
is required to accurately contextualize the disproportionate impacts of climate change among different
socio-economic groups. The global spatially disaggregated socio-economic data from GLOPOP-SG®>/-8,
is only available for 2015. While assuming similar socio-economic characteristics between 2015 and
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2019 for TC Idai is reasonable, this means that the dataset will become increasingly outdated for more
recent events. More importantly, the socio-economic data for Mozambique is based on data from three
geographically nearby countries with a similar Human Development Index (HDI). Country-specific socio-
economic data would strengthen confidence in attributing the effect of climate change between socio-
economic groups at suburban level. For example, while not evident from our analysis, vulnerable people
living in flood-prone informal settlements in Beira are found to be disproportionately impacted by flood
events®¥ % To improve our understanding of how climate and population change affect inequality in
flood exposure in Mozambique, more socio-economic characteristics, such as illiteracy, unemployment
or disability status®’, should be considered as well as their intersectionality®'62.

Emerging mixed-method approaches that combine quantitative storyline attribution with qualitative
causal analysis offer a promising avenue for capturing indirect socio-economic drivers and non-
quantifiable impacts. Such approaches can help trace the underlying socio-economic processes
contributing to increased risk®, as illustrated by Webb et al.”®. Their study shows how the increase in
flooding during TC Idai associated with deforestation can be traced back to charcoal production in rural
areas of the Buzi and Pungwe basins, which serves as a last-resort livelihood strategy for populations
living in persistent poverty following previous disasters. In our case, a mixed-method approach could
help explore whether population growth is partly offset by concurrent changes in vulnerability factors
such as disaster management, socio-economic development, and adaptation levels’’. Accounting for
such dynamics may change estimates of population exposure that can be attributed to population
change, and improve insight into changing flood risk drivers under climate change.

Conclusion

Our study disentangles the effect of climate change and population change since 1975 on the
population exposed to flooding from TC Idai in Mozambique by expanding the globally applicable
storyline attribution framework of Vertegaal et al.3”. We find that 84 %of the population exposed to
flooding from TC Idai is attributable to the combined effect of population and climate change. This is
primarily driven by population change, with 80 %of the exposed population attributable to population
change alone, compared to 9 %attributable to climate change alone. Climate change alters the flood
depth distribution whereas population change alters the distribution of people within the flood plain.
These drivers together change the distribution of people exposed to flooding, leading to different
attribution assessments per flood depth category. In the case of TC Idai, the fraction of the exposed
population attributable to climate change increases with flood depth category, whereas population
change is the dominant driver across all flood depth categories and contributes most to the number of
people exposed in the moderate-to-high flood depth category.

Disaggregating the attribution results across socio-economic groups reveals that the effect of climate
change is unevenly distributed across society. Climate change has a larger effect on shifting the flood
depth category from moderate-to-high to very high in sparsely inhabited rural areas, compared to densely
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inhabited areas where flood depths tends to be low to moderate-to-high. This translates to
disproportionate impacts of climate change across socio-economic groups, where more vulnerable
people, more likely to live in rural areas, are disproportionately exposed to very high flood depths
compared to less vulnerable urban populations. This outcome is masked when considering a binary
instead of discrete impact classification. Which drivers and metrics to include, and how to disaggregate
the attribution assessment, should ultimately be policy informed to develop purpose-driven attribution
statements.
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Figure 1

Conceptual overview of attributing the impact of compound flooding due to changes in climate and
exposure conditions that influence different parts of the risk framework. TC maximum wind speeds, rain,
and SLR can alter the climate conditions, and population change can alter exposure conditions, all
potentially exacerbating flood impact. The exposed population to flooding is used as impact metric. The
impacts are disaggregated per flood depth category and per socio-economic characteristics of the

population. Adapted from Figure 16.1 in IPCC AR6 report*°.
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The factual exposed population and changes in climate change and population change since 1975.
Panel a shows the population exposed by compound flooding from TC Idai in the factual scenario with a
total of 250,000 people, which is 27 % of the total population in the case study area. Panel b shows the
attributable flood extent to climate change since 1975, accounting for a 2 % increase. Panel c shows the
change in population within the case study area since 1975, accounting for a 204 % increase. The
population is aggregated to grid cells of 2.5 km for visualisation. The flood model domain is outlined in
black. The city Beira and major rivers are annotated in every panel.
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Figure 3

The attributable fraction of the population exposed to flooding from TC Idai. Every panel shows the
difference between the factual scenario exposed population in the compared to counterfactual scenario,
aggregated to grid cells of 2.5 km for visualisation. Panel a shows the effect of climate change, panel b
the effect of population change, and panel ¢ their combined effect. The total difference aggregated over

Page 18/21



the case study area is presented in the top right corner, together with the total attributable fraction
(according to Eq. 1). The flood model domain is outlined in black, and the Beira municipality in grey. The
city Beira and major rivers are annotated in every panel. Small negative values occur but are omitted for
visualisation purposes.

(a) (b)
‘ ‘ ] ‘ Flood depth category

T

Flood category change
19.2°S ~ [ Low No change
[ Mod-high None - Low
[ \ery high None - Mod-high
19.35°S E\ Low — Mod-high

Mod-high - Very high
Urban area

19.5°S
19.65°S
19.8°S
19.95°S | . - &
20.1°S

20255 |\ s
34.2°E 34.35°E 34.5°E 34.65°E 34.8°E 34.95°E 35.1°E 34.2°E 34.35°E 34.5°E 34.65°E 34.8°E 34.95°F 35.1°F

(c)

Il Climate change (9 %)
[ Population change (80 %)

H Climate change &
Population change (84 %)

80 A

60 -

40 A

20 A

Attributable exposed population (%)

Low Mod-high Very high
(0.15-0.5 m) (0.5-1.5 m) (>1.5m)

Flood depth category

Figure 4

Page 19/21



The fraction of the exposed population attributable to climate and population change per flood depth
category. The attributable fraction is considered relative to the total exposed population per flood depth
category (according to Eq. 1). The dark blue bars show the fraction attributable to climate change. The
light blue bars show the fraction attributable to population change. The purple bars show the fraction
attributable to climate and population change combined. For panel a and b, the flood model domain is
outlined in black, and Beira and the major rivers are annotated. The urban areas based on the dataset

from Ton et al.%”*® are outlined in yellow in panel b.
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Figure 5

The fraction of the exposed population attributable to climate change across flood depth categories
and socio-economic characteristics of the population. The “Total” flood depth category aggregates the
attributable fraction over all flood depths and is therefore a binary impact classification. Panel a, b, c, d,
e, and f show the attributable fraction per flood depth category and regardless of flood depth (Total) for
wealth, settlement type, age, sex, education, and household size, respectively. The total number of
people per socio-economic category is annotated in the legend. Low, moderate-to-high (abbreviated to
“Mod-high”) and very high flood depths consider 0.15m - 0.5m,0.5m - 1.5m, and > 1.5 m,
respectively.
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