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Overview And Structure

The Marsh McLennan Flood Risk Index provides a 



https://datacatalog.worldbank.org/dataset/world-bank-official-boundaries
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Exhibit 1: Index components, indicators, and data sources

Index component Indicator Data sources

Hazard scores Riverine (῟uvial)
hazard

100-year return period hazard maps from the World Resources Institute (WRI)Ʉs 
Aqueduct Floods2 which incorporate information from 5 CMIP5 models (GFDL-
ESM2M, HadGEM2-es, IPSL-CM5A-LR, MIROC-ESM-CHEM, NorESM1-M) under 
an RCP8.5 forcing scenario for di῝erent time horizons: 2010, 2030, 2050, 2080. 
Further details can be found in the WRI Aqueduct Floods methodology document.3

Coastal hazard 100-year return period hazard maps from WRI Aqueduct Floods4 which 
incorporate information from the Global Tide and Surge Reanalysis (GTSR) 
dataset and model future coastal subsidence. Further details can be found in 

https://www.ecmwf.int/en/elibrary/8174-era-interim-archive-version-20
https://www.climdex.org/
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2008JD010201
https://doi.org/10.1029/2019JD032263
https://doi.org/10.1038/sdata.2015.66
https://ec.europa.eu/jrc/en/global-human-settlement-layer/references
https://www.preventionweb.net/publication/global-exposure-model-gar-2015
http://hdr.undp.org/en/content/human-development-index-hdi
https://www.worldbank.org/en/publication/gfdr/data/global-financial-development-database#:~:text=The%20Global%20Financial%20Development%20Database,system%20characteristics%20for%20214%20economies.&text=It%20has%20been%20last%20updated,of%20financial%20institutions%20and%20markets
https://reports.weforum.org/global-competitiveness-index-2017-2018/preface/
https://www.worldbank.org/en/publication/gfdr/data/global-financial-development-database#:~:text=The%20Global%20Financial%20Development%20Database,system%20characteristics%20for%20214%20economies.&text=It%20has%20been%20last%20updated,of%20financial%20institutions%20and%20markets


chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https://www.fao.org/uploads/media/glc-share-doc.pdf
http://resourcewatch.org/
https://earthengine.google.com/
https://datacatalog.worldbank.org/search/dataset/0038118/Global---International-Ports
https://datacatalog.worldbank.org/search/dataset/0038117
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document.22 The 100-year return period maps for 
rainfall ῟ooding were calculated by performing an 
extreme value analysis of the annual maximum values 

https://www.climdex.org/
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the Climdex project. The eight extreme rainfall maps 
for each warming scenario were then averaged to 
produce a multi-model estimate. The multi-model 
averages were then rescaled by multiplying them by 
the bias correction factor map calculated in point 3. 
The area-weighted average value of extreme rainfall 
in each country for each warming scenario was 
then calculated.

Point 5. The area-weighted average value of extreme 
rainfall in each country for each warming level (as 
calculated in points 1 and 4) was mapped to a rainfall 
hazard score (ranging from 1 to 10) using the deciles 
of the distribution of the 2080 extreme rainfall values 
across countries.

Point 6. Observational, reanalysis, and model 
simulation data had di῝erent resolutions. Performing 
the operations described in points 1 to 4 required to 
reinterpolate data to the highest resolution among all 
data sets (E-OBS).

The total hazard score for each country was 
estimated by averaging the riverine, coastal, and 
rainfall hazard scores.

Limitations

The 2030, 2050, and 2080 time horizons were 
assumed to correspond to +1.5 °C, +2 °C, and
+3.5 °C warming levels based on CMIP5 multi-model 
global temperature projections, without accounting 
for di῝erent climate sensitivities across the 
CMIP5 ensemble.

Information on ῟ood defenses was not included in 
the analysis.

Di῝erent resolutions of the data sets used to estimate 
rainfall ῟ooding impacted their representation of 
pluvial extremes.

CMIP5 climate models may underestimate or 
overestimate rainfall extremes, and correction factors 
were applied to reduce such biases. Bias correction 
factors are assumed constant in time.

Exposure

Background
Exposure scores re῟ect information on the 
following components:

• Human exposure, an estimate of the percentage 
of population exposed to ῟ooding in each country.

• Economic exposure, an estimate of the 
percentage of assets exposed to ῟ooding in 
each country.

Exposure scores were calculated by intersecting 
population and asset distribution data with a layer 
obtained by combining the 100-year return period 
global inundation maps for riverine, coastal, and rainfall 
῟ooding for each warming scenario. No changes in time 
of the population and asset distributions were assumed 
when estimating exposure scores for future climate 
change scenarios, thus only incorporating information 
on changing hazard.

Calculation

Point 1. An aggregated 100-year hazard map was 
created by combining the riverine, coastal, and 
rainfall inundation maps across each of the climate 
scenarios. For rainfall, extreme precipitation exceeding 
200mm/day was used as a threshold to identify at-risk 
areas. The 2030, 2050, and 2080 time horizons were 
assumed to correspond to +1.5 °C, +2 °C, and +3.5 °C 
warming levels.

Point 2. Asset value data from GAR was aggregated 
to a raster layer (1km x 1km) to provide a continuous 
representation of exposure.

Point 3. The global population (GHSL) and asset 
(GAR) layers were then clipped to the boundaries of 
the combined 100-year riverine, coastal, and rainfall 
inundation maps.
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Point 4. A zonal statistics operator was applied to sum 
the values of population and assets in the inundated 
areas, thus calculating the total values of exposed 
population and assets in each country.

Point 5. The same zonal statistics operator was 
applied to calculate the total assets and population 
values in each country.

Point 6. The percentages of people and assets 
threatened by ῟ooding were calculated for each 
country by dividing the numbers estimated in points 
4 and 5.

Point 7. Human and economic exposures scores for 
each country (ranging from 1 to 10) were estimated 
from the two percentage values by comparing them 
to the deciles of the corresponding distribution of 
percentages across countries in 2080. Scores for the 
four scenarios (present day, 2030, 2050, 2080) were all 
estimated using the deciles of the 2080 distributions.

Point 8. Total exposure scores were calculated by 
averaging the human and economic exposure scores.

Limitations

The 2030, 2050, and 2080 time horizons were 
assumed to correspond to +1.5 °C, +2 °C, and 
+3.5 °C warming levels based on CMIP5 multi-model 
global temperature projections, without accounting 
for di῝erent climate sensitivities across the 
CMIP5 ensemble.

Due to the diῠculty in estimating ῟ood exposure, 
there was a limited choice of available datasets. Data 
sources chosen to calculate exposure represent best 
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Vulnerability

24 Details regarding the calculation of HDI can be found here.

Background

Vulnerability scores re῟ect socioeconomic 
susceptibility to ῟ooding and are based on the 
following indicators:

• The Human Development Index (HDI), which 
captures three dimensions of human development 
that are highly relevant to human vulnerability 

http://hdr.undp.org/sites/default/files/hdr2020_technical_notes.pdf
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Overlays Statistics Calculation

Background

The Overlays section of the Index shows the global 
inundation maps for riverine and coastal ῟ooding 
(100-year return period maps from WRIɄs Aqueduct 
Floods), and the rainfall inundation maps generated 
through from the process described in the Hazard 
Calculation section of this document. The Overlays 
section also presents data on the global distributions 
of urban areas, rural areas, and critical infrastructure 
assets, accompanied by key country-level statistics:

• Urban Areas, with the percentage of urban areas 
at risk of ῟ooding.

• Rural Areas, with the percentage of rural areas at 
risk of ῟ooding.

• Power Plants, with the percentage of power 
generation capacity at risk of ῟ooding.

• Ports and Airports, with the percentages 
of international trade volumes (ports) and 
international seats (airports) at risk of ῟ooding.

Calculation

Point 1. An aggregated 100-year hazard map was 
created by combining the riverine, coastal, and rainfall 
inundation maps across each of the climate scenarios. 
For rainfall, extreme precipitation exceeding 200mm/
day was used as a threshold to identify at-risk areas. 
These maps were intersected with World Bank 
boundary data and the data sets listed in points 2 to 4 
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