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Abstract Extreme precipitation can lead to major flooding, impacting human health and safety. Thus,
reliable projections of population and GDP exposure to future extreme precipitation are imperative. Here, we
quantify future precipitation characteristics from robust emergent constraint relationships between historical
and future monthly precipitation extremes (99th percentile) across 19 CMIP6 models (+* > 0.7 in 74-84% of
0.5° global land grids), and narrow uncertainty by 37.0-39.5% (absolute reduction being 0.753-0.774 mm/day).
The constrained grid-averaged future 99th percentile extreme is 6.96 + 0.0059, 7.03 £ 0.0061, 7.11 £ 0.0063,
and 7.29 + 0.0067 mm/day, under SSP126, SSP245, SSP370, and SSP585, respectively, which exceeds
historical extremes substantially in terms of intensity (12.9-19.7%) and frequency (1.6-2.3 times more). Future
population and GDP exposed to 99th percentile extreme precipitation grow quickly, and are projected to exceed
1 million people in 27—40 countries and 10 billion USD (2005 Purchasing-Power Parity) in 48—77 countries.
Growth of future population exposure is dominated by an increase in extreme precipitation frequency rather
than a rise in population, especially in developed countries. GDP exposure is controlled by the coupled effects of
rapid socio-economic development and significant shifts in precipitation frequency. Using indices of socio-
economic vulnerability, government effectiveness and economic freedom, we identify the unequal situation that
high-risk countries with high exposure are commonly characterized by low GDP per capita and high
sociopolitical instability.

Plain Language Summary Extremely heavy precipitation poses a substantial threat to human lives,
wellbeing, and property, particularly in disadvantaged countries. To better understand the future risk due to
exposure to extreme precipitation, we propose a new relationship, the “emergent constraint” between historical
simulations and future projections from climate models. This relationship allows us to provide more accurate
projections of extreme precipitation with 99th percentile. These improved estimates show that future extreme
precipitation is expected to surpass historical levels in both intensity and frequency. Thus, more than 1 million
people in 27-40 countries, notably in China and India, could be threatened, and over 10 billion USD of GDP
(2005 Purchasing-Power Parity) could be wiped out in 48—77 countries. The increase in population exposure to
extreme precipitation is primarily driven by a rise in the frequency of the extreme events, while the rising
exposure of GDP results from both socio-economic development and shifts in extreme frequency. Notably, the
high-risk countries stand out due to their sociopolitical instability and typically low GDP per capita, which may
lead to a self-perpetuating situation due to the incapability to cope with the risk.

1. Introduction

Extreme precipitation can lead to significant human and property losses, especially in countries ill-equipped to
manage such risks (de Bruijn et al., 2019; De Silva et al., 2018; Hallegatte et al., 2016; Rentschler et al., 2022;
Tanoue et al., 2016). For instance, the recent Storm Daniel disaster in Libya killed nearly 4,000 people, with
9,000 unaccounted for, dealing a severe blow to a country that has been entrenched in political crisis (https://
www.emro.who.int/Iby/floods/index.html). Future projections show that both the frequency and intensity of
extreme precipitation are likely to increase in the context of climate change (Chen et al., 2020; Gu et al., 2023;
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Figure 1. Range of projected global-average 50th-99th percentiles of monthly precipitation from 19 CMIP6 models. Inset
maps in the top left corner represent the standard deviation spatial distribution of the projected 99th percentile of precipitation
across the models under the SSP126, SSP245, SSP370 and SSP585 shared socioeconomic pathways.

Papalexiou & Montanari, 2019; Sohn et al., 2019; Zhang et al., 2018). Meanwhile, ongoing population growth
and economic development can increase exposure to risk, especially in underdeveloped regions (IMF, 2023;
UN DESA, 2022). Therefore, it is essential to assess the risks associated with future extreme precipitation in the
context of population growth and economic development, and hence identify the most vulnerable regions.

Accurate projections of the future frequency and intensity of extreme precipitation provide the basis for risk
assessment. However, considerable uncertainty exists in General Circulation Model (GCM) projections of future
precipitation, especially for extremes. As shown in Figure 1 which is based on global mean and the spread across
19 CMIP6 models, the range (width of the light cyan shadow) for the projected precipitation intensity of 99th
percentile (3.5-3.9 mm/day under four SSPs) is nearly four times as the range for 50th percentile (0.93-0.95 mm/
day). Besides, the change in the mean intensity of the 19 models from 50th percentile to 99th percentile (roughly
6 mm/day) over the range of 99th percentile (roughly 4 mm/day), which represents the ratio of signal to noise, is
1.5. The Emergent Constraint is an effective method to reduce the uncertainty of GCM projections (Brient, 2020;
Hall et al., 2019; Williamson et al., 2021). Notably, Thackeray et al. (2022) and Zhang et al. (2022) established
emergent constraints for extreme precipitation, and effectively reduced the projection uncertainty by 20-40% (12
is between 0.36 and 0.71). However, there is still room to constrain uncertainty further by proposing more robust
emergent constraint relationships.

Another key issue for assessing risk and vulnerability is the selection of proper indicators for risk exposure and
disaster resilience. The mortality rate and the economic loss caused by disasters are commonly used indicators for
estimating risk. For example, Forzieri et al. (2017) used annual deaths and the exposed population as indicators to
assess future impacts of weather-related risk in Europe. Shi et al. (2016) established a model that couples hazard
intensity with vulnerability to estimate annual risk from various climate disasters in terms of global expected
mortality rate, affected population rate, and GDP loss rate. Dottori et al. (2018) calculated future global deaths and
direct economic losses resulting from river flood events at various warming levels. The total number of people
and the social wealth that are potentially affected (under all possible pathways) are often calculated in terms of
total population and GDP of the region (Chen et al., 2020; Chen & Sun, 2021; Das et al., 2022; Liu et al., 2020;
Shen et al., 2022). Multiple indicators are used to estimate the vulnerability of a country, including government
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efficiency and effectiveness, infrastructure, population, income, education, health, gender, and age (Brooks
et al., 2005; Cutter et al., 2003; Fatemi et al., 2017; Karunarathne & Lee, 2020; Mesta et al., 2020; Rufat
et al., 2015).

This paper aims to develop a robust emergent constraint relationship to improve the projection of future fre-
quencies and intensities of extreme precipitation (99th percentile) and reduce their uncertainty. Changes in the
total number of people exposed and the social wealth potentially affected are then quantified for each country in
the world. Dominant drivers (i.e., factors that account for the largest proportion of the changed exposure) for these
changes are analyzed. Finally, high-risk areas that are most vulnerable and lack the ability to cope with flood-
related disasters are identified and the unequal impacts of precipitation extremes examined. The advance of
our study is that it makes the first attempt to combine the emergent constraint on precipitation with its socio-
economic impacts (i.e., on GDP and population), providing insights into future population and GDP exposures
based on estimates of extreme precipitation with less uncertainty.

2. Materials and Methods
2.1. Earth System Models and Observation Data Sets for Deriving the 99th Percentile Precipitation

Earth system models (ESMs) serve as critical tools for advancing our understanding of the Earth's complex
interactive processes, enabling the projection of future climate scenarios, and informing policy decisions to
mitigate and adapt to climate change. CMIP6 and CMIPS represent the 6th and 5th generation of these models
within the Coupled Model Intercomparison Project, respectively. We use 19 models (full names listed in Table S1
in Supporting Information S1) of monthly precipitation from CMIP6 (Coupled Model Intercomparison Project
Phase 6) over the historical (1980-2014) and future (2015-2100) periods under four different emission scenarios
(i.e., SSP126, SSP245, SSP370 and SSP585), and 17 models from CMIP5 (Coupled Model Inter-comparison
Project Phase 5) over the 1900-2005 and 2006-2100 periods under three different representative concentra-
tion pathways (RCP2.6, RCP4.5 and RCP8.5) for an out-of-sample test. Additionally, we use five present-day
precipitation data sets: CMAP (Xie & Arkin, 1997), CPC (Chen et al., 2008; Xie et al., 2007), GPCC
(Schneider et al., 2015), MSWEP2 (Beck et al., 2019), and PRECL (Chen et al., 2002) as the observational
constraint in our hierarchical emergent constraint framework.

The 99th percentile delineates a value which is equal to or greater than 99% of all the data points in a set, with the
remaining 1% exceeding this value. This concept is frequently employed to characterize the occurrence of rare or
extreme events in the fields of hydrology and meteorology (Murray & Ebi, 2012; Thackeray, 2022; Wilks, 2011).
Here we utilized the above data sources to obtain the monthly precipitation data of 420 months in the history from
1980 to 2014 (both observed and simulated), and of 1032 months in the future from 2015 to 2100 to determine
99th percentiles, for the historical and future periods, respectively.

It should be noted that floods occur when heavy rainfall over saturated river catchments generates streamflow
rates that exceed the local river channel conveyance capacity, and such high streamflow magnitudes occur when
river catchments are saturated following heavy rainfall over many days. The impact on people affected by the
flood lasts even longer. Given that the focus of this study is on the impacts of extreme precipitation on population
and GDP, we use monthly precipitation data instead of daily data, even if the peak process in the flood hydrograph
covers a short timescale. Using the monthly timestep data can be further justified by the following fact: if the
precipitation in a single month falls within the 99th percentile, it is highly probable that the 99th percentile of daily
precipitation will also occur during this month (see Table S2 in Supporting Information S1).

Noting that the precipitation data from the models and observational sets should first be re-gridded globally at
0.5° x 0.5° latitude-longitude spatial resolution using bilinear interpolation to generate uniform grids. Then 99th
percentiles are calculated for each grid using the above method. Thus, we can avoid direct bilinear interpolation
for extreme values.

2.2. Hierarchical Emergent Constraint Method

Hierarchical Emergent Constraint (HEC) are a multi-tiered statistical approach that enhances the prediction of
climate responses by integrating emergent relationship between future and current climate states with observa-
tions, surpassing Emergent Constraints (EC) that do not consider observational uncertainty. We employ a hier-
archical emergent constraint framework from Bowman et al. (2018) to reduce the uncertainty of future
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precipitation projections from the CMIP6 models. The least squares linear regression method is used to develop
emergent relationships between x and y (Equation 1) in each 0.5° X 0.5° latitude-longitude grid cell,

y=k(x=X)+y )

where x is the simulated historical extreme precipitation in all the selected CMIP6 models and y is the projected
future extreme precipitation; y and X are the multi-model ensemble mean values of y and x; k is the slope of the
regression equation. Under a Gaussian assumption, the expected value of the constrained future extreme pre-
cipitation, y.., and its standard deviation, ¢, , are primarily influenced by the Signal-to-Noise Ratio (SNR) and the
correlation coefficient (p) between x and y. SNR defines the relative strength of the signal variability to the noise
variability,

o
SNR = = @)

where ai is the variance of the historical extreme precipitation simulations of the CMIP6 models and 0;2% is the
variance of the selected observational data sets. If the signal overwhelms the noise, then the effect of the constraint
is determined principally by p. Conversely, when the noise dominates, the variance reduction rate of the raw
projections will be close to 0. y, and o, can be derived from

oy

y,=y+—2 (% — X 3
Yo=Y 1+SNR‘1(% ) 3)

2 P’ 2
M= (1 - 1+SNR‘1)G~" @

where X; is the mean value of the selected historical observed extreme precipitation and o, is the inter-model
standard deviation of y.

It should be noted that Bowman et al.’s (2018) method is based on Gaussian assumption. According to previous
studies, the occurrence of climate extremes over a long period of time is more likely to comply with the
Generalized Extreme Value Distribution (Papalexiou & Koutsoyiannis, 2013) and the Gamma Distribution
(Zhang et al., 2022) than the Gaussian distribution. Nevertheless, the parameters of this Gaussian process in
Bowman et al.’s (2018) paper are “the mean and variance from the CMIP5 model ensemble”, rather than the mean
and variance over a time period. It is possible that the precipitation extremes from CMIP6 model ensemble would
comply with the Gaussian distribution, because the CMIP6 models can be supposed to be independent of each
other, and the mean value of a series of independent variables is likely to fit the Gaussian distribution according to
the central-limit theorem.

Therefore, we drew the frequency histogram of the global mean 99th percentile from the 19 CMIP6 models to test
the Gaussian hypothesis (Figure S1 in Supporting Information S1) and found that it cannot be denied. And also,
the fitted Gaussian curve has a strong correlation with the original frequency distribution (¥ = 0.962,
RMSE = 0.0755). Then, we tested the Gaussian hypothesis for every grid, and cannot deny it in 99.26% of all the
studied grids. There are also other studies which applied HEC based on Gaussian hypothesis to constrain the
extreme precipitation (Thackeray et al., 2022; Zhang et al., 2022). For the occurrence of extreme precipitation
over a long period, Zhang et al. (2022) explicitly assumed a Gamma distribution to explain the mechanism behind
the emergent constraint relationship for precipitation extremes; then, they used the mean and variance of the
CMIPS model ensemble to set up an HEC method, which means the Gaussian distribution was implicitly
assumed. It again implies that the distributions of a random variable over a time period and across CMIP6 models
may be different, and the use of HEC in this study is reasonable. We also used the raw emergent constraint method
which does not require a Gaussian distribution for the two climate variables in the remaining 0.74% grids which fit
GEV distribution, and compared the results with those derived from the HEC method (see Text S1 and Figure S2
in Supporting Information S1).
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2.3. Potential Exposure of Population and GDP to Risk of Extreme Precipitation

Here we adopt the statistical expectations of population and GDP that may be affected by extreme precipitation as
measures of potential exposure (Chen et al., 2020; Chen & Sun, 2021; Das et al., 2022; Liu et al., 2020; Shen
et al., 2022). Therefore, the changed potential exposure is:

(F,+AF)(P,+AP) — F, X P,
AEPopulznion =

©)

(K, + AF)(F, + AGDP) — F, x GDP,,
AEgpp =
F, x GDP,,

(©)

where F is the frequency of occurrence of extreme precipitation; P is the frequency of occurrence of population;
and A is the changed value between the future and the historical periods.

To determine the frequency change (AF) given the precipitation intensity of the historical 99th percentile, we also
identified the emergent constraint relationships for 70th, 75th, 80th, 85th, 90th and 95th percentiles of precipi-
tation, and acquired the constrained precipitation intensities for each of the percentiles in the future. Therefore, a
future intensity versus percentile line chart can be drawn for each grid (the pink line in Figure S3 in Supporting
Information S1). By applying the precipitation intensity of the historical 99th percentile (the horizontal dashed
line in Figure S3 in Supporting Information S1), its corresponding constrained future percentile is obtained by
linear interpolation (methods given in Supporting Text S2 in Supporting Information S1) in the line chart (the
vertical dashed line in Figure S3 in Supporting Information S1). The change in frequency is the difference be-
tween 99 and the constrained future percentile.

The uncertainties for future exposures of population and GDP and for future frequency given the historical 99th
percentile precipitation intensity can be derived by uncertainty propagation law using uncertainties in future
projected precipitation intensities (Supporting Text S3 in Supporting Information S1).

Note that Equations 5 and 6 can be deformed into Equations 7 and 8 in which three potential drivers are identified
for the changed exposure: increased frequency of extreme precipitation (AF/F},), increased population/GDP (AP/
P, or AGDP/GDP,)) and coupled effects of increased frequency and population/GDP [(AF X AP)/(F) X Pj,) or
(AF X AGDP)/(F), x GDP))]:

AF AP (AFXAP)

AEpoputation = -+ — + 7
Population Fh Ph F]; v Ph ( )

AF AGDP (AF x AGDP)
AEgpp = — 8
or ="+ Gbp, T F x GDP, ®

This enables us to analyze the main driving factor that accounts for the largest proportion of the changed exposure
among the three potential drivers in different countries.

World Bank Group provides population and GDP data for historical periods. The IIASA-WiC POP model (Samir
& Lutz, 2017), developed by the International Institute for Applied Systems Analysis (ITASA), projects future
population growth under various Shared Socioeconomic Pathways and aligns demographic assumptions with
energy system and greenhouse gas trajectories. The OECD Env-Growth model (Dellink et al., 2017), developed
by the Organization for Economic Cooperation and Development (OECD), projects long-term global economic
growth within the SSP framework, forecasting GDP and income levels based on conditional convergence, where
less developed countries are expected to grow faster than more developed ones.

Future national demographic data and GDP at purchasing power parity are derived using data at 5-year intervals
from the ITASA-WiC POP model (Samir & Lutz, 2017) and the OECD Env-Growth model (Dellink et al., 2017)
from the SSP Database, and averaged over a 75-year period from 2015 to 2100. Meanwhile, we select the his-
torical population data every five years from 1980 to 2014 (including 2014) and calculate its mean value. The
average GDP at purchasing power parity from 2000 to 2014 is used to represent the historical value of GDP for
each country. Note that historical and future national GDP data may have different units, in which case it is
necessary to convert them using the GDP Purchasing Power Parity Conversion Factor (PPP).
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3. Main Results
3.1. Constrained Frequency and Intensity of Future Extreme Precipitation

To reduce uncertainty in the CMIP6 model projections, we employ the hierarchical emergent constraint (HEC)
method, which integrates emergent relationships between historical and future intensities of 99th percentile
precipitation extremes with five observational data sets (SNR > 1 across more than 76.5% of world’s land sur-
face). Mechanisms for the emergent constraint relationship is explained in Supporting Information (Figure S4 and
Supporting Text S4 in Supporting Information S1). Figure S5 in Supporting Information S1 demonstrates the
form of emergent relationship at the global scale, and we identified relationships in a similar form for every
studied grid under four SSPs. Since the emergent relationship is linear, correlation coefficient (r) is used for
testing the association of historical extreme precipitation and projected future extreme precipitation (Asuero
etal., 2006). The statistical relationship is strong (+* > 0.7 in 74-84% of the grid cells) and remains strong for 84%
of areas based on out-of-sample testing using 17 CMIP5 models (Figure S6 in Supporting Information S1). The
constrained standard deviation is always smaller than the unconstrained distribution in each grid cell across all
four SSPs, indicating that the confidence interval of the projected variable is confined within a narrower range and
that the proposed HEC performs well in reducing the uncertainty of future projections at the grid cell scale (Hall
et al., 2019). For the global mean, the decreased uncertainty in projected extreme precipitation is 37.0-39.5%
(absolute reduction being 0.753-0.774 mm/day) under the four SSPs (Figure 2 and Figure S7 in Supporting
Information S1). In particular, the uncertainty decreases by 60—80% (over 5 mm/day) in the near-equatorial region
where the raw CMIP6 projections have wider ranges than in other regions (inset map of Figure 1), such as
Southeast Asia, Central Africa, and South America (Figure S8 in Supporting Information S1). Compared to
previous studies on emergent constraints for extreme precipitation events (Thackeray et al., 2022; Zhang
et al., 2022), the proposed statistical relationship demonstrates improved performance. Specifically, the grid-
averaged correlation (+?) ranges from 0.785 to 0.832 under four SSPs, while the * of the emergent constraint
relationships for the globally averaged extreme precipitation at the 99th pertcentile spans from 0.906 to 0.957 (see
Figure S5 in Supporting Information S1). These values exceed the maximum globally averaged > of 0.71 re-
ported by Thackeray et al. (2022). In terms of global distribution, the most significant correlations are observed in
the extratropics in Zhang et al. (2022), with r* values exceeding 0.36 at the grid point scale across most regions.
Notably, our analysis reveals that r*exceeds 0.7 in over 74% of the regions (see Figure 2).

The constrained grid-averaged future 99th percentile extreme is 6.96 + 0.0059 mm/day under SSP126,
7.03 £ 0.0061 mm/day under SSP245, 7.11 + 0.0063 mm/day under SSP370, 7.29 + 0.0067 mm/day under
SSP585, compared with the raw projections of 7.70 = 0.0113 mm/day, 7.78 = 0.0115 mm/day,
7.87 £ 0.0117 mm/day, and 8.05 = 0.0120 mm/day, from SSP126 to SSP585. Comparisons with raw projections
from each of the 19 models are summarized in Table S3 in Supporting Information S1. Using the constrained
precipitation projections, we examine projected future variations in both intensity and frequency of the 99th
percentile extremes across SSP126, SSP245, SSP370, and SSP585. In 46-63% of the grid cells, the increase in
intensity is more than 10% and the shift in frequency is greater than 135% (i.e., 1.35 times higher) compared with
the historical 99th percentile extreme. These grid cells are identified as rapidly changing. Extreme intensities at
99th percentile in the historical period are even projected to be at the 95th percentile in the future period under
SSP585 in countries such as Iceland, Somalia, Somaliland, and Tajikistan. Notably, we find that the raw CMIP6
projections overstate the associated hazards of extreme precipitation intensity (by 15.8-16.1%, summarized from
Figure S9 in Supporting Information S1) and frequency (by 234-249%, summarized from Figure 2). The per-
centage of the rapidly changing grids is also overestimated by the raw CMIP6 projections (in 67-73% of the grid
cells).

3.2. Changes in Exposure and the Primary Drivers

We estimate future exposure by multiplying the total population or GDP of a nation by the projected frequencies
of constrained extreme precipitation. Exposure reflects the overall population or societal wealth that would be
threatened by the hazard of extreme precipitation. In the future period (2015-2100), the average likely population
exposed to 99th percentile precipitation is projected to surpass 1 million (at 95% confidence level, i.e. 4 —
1.656 > 1 million) in 27-40 countries and GDP exposure is found to reach 10 billion USD (at 95% confidence
level, i.e. u — 1.65¢ > 10 billion USD, 2005PPP) in 48—77 countries (see Figure 3; 4 and o are given in Tables
S4-S7 in Supporting Information S1) summarized from outcomes of four SSPs. Notably, population exposure
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Figure 2. Changes in future frequency of occurrence of historical 99th percentile extreme precipitation at grid scale under the four SSPs before (a), (c), (e), and (g) and
after (b), (d), (f), and (h) application of the emergent constraint. Frequency changes are shown as growth multiples. Pink bars represent the percentage of grid cells with a
coefficient of determination (+%) greater than 0.7 for the emergent constraint relationships identified across 19 CMIP6 models; light purple bars indicate the reduction in
mean standard deviation for constrained intensity of 99th percentile precipitation after emergent constraint.

may even over 30 million in countries that are heavily populated, such as China (32.3 + 0.7-42.1 £ 0.9 million)
and India (31.5 = 2.1-54.2 = 2.8 million). Future GDP exposures (billion USD, 2005PPP) of China
(1126.8 £ 24.8-2930.5 + 64.3), France (66.2 = 7.4-187.5 + 19.6), Germany (80.3 + 6.0-229.1 + 14.3), India
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Figure 3. The expectation of future population (a), (c), (e), and (g) and GDP (b), (d), (), and (h) exposed to 99th percentile
extreme precipitation at grid scale under the four SSPs after application of the emergent constraint.

(568.8 = 29.3-2090.9 £ 93.5), the United Kingdom (106.4 = 12.2-349.9 + 34.8), and the United States
(614.3 + 13.9-1829.0 + 38.3) surpass all other countries by far (Tables S4-S7 in Supporting Information S1).

Figure 4 and Figures S9-S11 in Supporting Information S1 display the projected population and GDP exposure
changes worldwide for different SSPs over the future period (2015-2100). The population exposure of 103—-115
countries, is projected to surge by over 100% in the future period. Meanwhile, the future GDP exposure of 87120
countries is projected to exceed five times their historical exposure due to rapid economic expansion under the
four SSPs. The projected changes in exposure could exceed a fivefold increase in population and a twentyfold
increase in GDP under all four SSPs in Afghanistan, Burkina Faso, Burundi, DR Congo, Ethiopia, Liberia,
Malawi, Niger, Nigeria, Rwanda, and Uganda, all of which are located in ither Africa or Asia.

Changes in exposure can be driven by shifts in the frequency of extreme precipitation, growth of population,
growth of GDP, or the coupled effects of both population and GDP (see Methods). Amplified by 84-287%, the
climate change factor (i.e., AF/F; in Equation 7) is identified as the major driver of future population exposure for
all continents (e.g., contributing 26-96% under SSP245, see Figure 4, other SSPs see Figures S10-S12 in
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Figure 4. Future relative changes (expressed as growth multiples when exceeding 100%) in total population (a) and GDP
(b) exposure to the historical 99th percentile of precipitation extremes under SSP245 for each country. The six inset pie charts
depict the contribution of each driver to the relative changes for each of the six continents; the contributions are derived from
the increase in population/GDP, shift in extreme precipitation frequency, and combined effect of socio-economic
development and climate change.
Supporting Information S1) except Africa. Climate impact becomes increasingly pronounced as the future carbon
emission level gradually increases from SSP126 to SSP585. In Europe, the climate change factor is projected to
account for over 95% of the exposure under SSP126, SSP245, and SSP370. In Africa, the coupled effect of
population increase and climate change (i.e., (AF X AP)/(F,, X P,) in Equation 7) is the leading driver (35-48%
under the four SSPs). Although the global population growth rate is expected to gradually stabilize or even
become negative in certain regions in the future, African countries continue to exhibit substantial population
growth. Therefore, the sole effect of population growth (i.e., AP/P, in Equation 7) is important in Africa,
contributing 23-34% to population exposure across the four SSPs. Interestingly, the population changes peak in
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the SSP3 scenario and reach a minimum in the SSP5 scenario in continents containing a significant number of
developing countries, such as Asia, Africa, and South America, whereas Europe, North America, and Oceania
exhibit the opposite trend. The population patterns explain the different roles of population change under the four
SSPs.

The main driver for the change in GDP exposure is the coupled effect of the shift in extreme precipitation fre-
quency and GDP growth (i.e., (AF X AGDP)/(F, X GDP,) in Equation 8) for Asia, Africa, and South America
under the four SSPs (e.g., contributing 41-53% under SSP245, see Figure 4, other SSPs see Figures S10-S12 in
Supporting Information S1). North America and Oceania exhibit a similar pattern, exception under the SSP370
scenario due to a relative slowdown in GDP growth. In Europe however, rapid economic growth is unlikely to
replace the dominant role of climate change (i.e., AF/F, in Equation 8), except under the SSP585 scenario in
which coupled effects are expected to completely take the lead. Unlike demographic change, GDP changes in
each continent are projected to decrease gradually from SSP1 to SSP3 but increase to the highest level under
SSP5. Among the 11 low-income countries with GDP per capita below 750.5 USD in 2022 (Population and GDP
data, 2022), the changes in population exposure in 69 countries (Burundi, DR Congo, Mozambique, Malawi, and
Yemen under all SSPs) and the changes in GDP exposure in 7-8 countries (Burundi, Central African Republic,
DR Congo, Mozambique, Malawi, and Sierra Leone under all SSPs) are primarily dominated by the coupled
effects (i.e., climate change coupled with population or GDP changes under the four SSPs). The absence of
historical GDP data records precludes an analysis of GDP exposure fluctuations. in Yemen and Somalia.

4. Discussion
4.1. Frequency Shift of Heavy Precipitation at the 70th-95th Percentiles

With relatively higher intensities, heavy precipitation events could inflict significant socioeconomic pressure on
countries characterized by political and social unrest or lower resilience to natural disasters. We estimate the mean
change in intensity of heavy precipitation at the 70th-95th percentiles for each continent (averaged over grids)
from the shift in the entire probability distribution based on constrained projections (Figure S13 in Supporting
Information S1) and give the uncertainties in Tables S8—S14 in Supporting Information S1 using the uncertainty
propagation law (Supporting Text S3 in Supporting Information S1). For heavy precipitation, the raw CMIP6
models overestimate future changes compared to the constrained result, but the relative overestimation is less than
that for 99th percentile of extreme precipitation (Figure S13 in Supporting Information S1). Although the greatest
intensity of heavy precipitation at the 70th-95th percentile is projected to occur in South America, the corre-
sponding change in intensity is relatively small (—0.7-6.7% under the four SSPs). In contrast, Europe displays
lower intensity, but the changes are expected to be the largest (14.7-21.9% under the four SSPs) in the future. One
notable exception is that the 70th percentile of precipitation in South America is expected to decrease under
SSP370 and SSP585. Meanwhile, heavy precipitation at the same intensity level is projected to occur more
frequently in the future period than in the historical period. Under SSP245, the frequency of the historical 70th to
95th percentile precipitation shifts by 5.9-42.4% in Asia, 4.8-42.8% in Africa, 24.8-84.2% in Europe, 18.1—
65.2% in North America, 1.0-23.0% in South America, and —0.14-16.6% in Oceania (Figure S13 in Supporting
Information S1). The frequency of heavy precipitation is projected to change much more quickly for higher
percentiles. For instance, the frequency change of the 95th percentile is 4.7-7.7 times that of the 70th percentile in
Asia and 0.3—4 timess in Europe.

4.2. High Risk Countries and the Unequal Impacts of Extreme Precipitation

Society, government, and market constitute three key dimensions by which to estimate the vulnerability and
resilience of a country to natural hazards. Here we use future projections of population exposure and its vari-
ability, in conjunction with indicators of socio-economic vulnerability, government ineffectiveness, and eco-
nomic freedom. Values above 75th percentile are selected for all the indicators and exposure projections to
identify high risk countries with less resilience and limited economic recovery capability. Appearing at least twice
among the red circles in Figures 5a-5¢, Angola, Burkina Faso, DR Congo, Ethiopia, Iran, Malawi, Nepal, Sudan,
and Uganda are outstanding in terms of high future exposure. Growing very fast in terms of future population
exposure (i.e., the 75th percentile growth rate which is >3.74 times larger than the mean), Burundi, Cameroon,
Central African Republic, Chad, Djibouti, Lesotho, Liberia, Mali, Papua New Guinea, Rwanda, Sierra Leone,
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Figure 5. Future hotspot countries (red dots) identified by large absolute population exposure (a, b, and (c) or relative change in future population exposure compared to
the historical exposure (d), (e), and (f) to extreme precipitation events at the 99th percentile under a medium carbon emission scenario (SSP245) with high socio-
economic vulnerability (a) and (d), high government ineffectiveness (b) and (e), or low economic freedom (c) and (f). Three-digit ISO codes for hotspot countries are
listed in the upper right corner of each panel (see Table S15 in Supporting Information S1 for the ISO codes).

East Timor, Zambia are likely to become high risk in the long term (i.e., appearing at least twice among the red
circles in Figures 5d-5f).

The ability of any given country to cope with natural disasters is also closely related to its degree of sociopolitical
stability and social wealth. Here we take the Fragile States Index (FSI) (The Fragile State Index, 2023) as a
measure of sociopolitical instability, and GDP as a measure of social wealth, and probe into the relationship
between FSI, GDP per capita and indicators of socioeconomic vulnerability, government ineffectiveness, and
economic freedom. Strong correlations of FSI with socioeconomic vulnerability (+* = 0.738, p < 0.001) and with
government ineffectiveness (* = 0.807, p < 0.001) are revealed (Figures S14a and S14b in Supporting Infor-
mation S1), while significant (but relatively weaker) relationships with the economic freedom index (* = 0.446,
p < 0.001) are also found (Figure S14c in Supporting Information S1). Negative semilogarithmic correlations
between GDP per capita and socioeconomic vulnerability/government ineffectiveness/economic freedom are
also significant (+* = 0.848 for socioeconomic vulnerability, * = 0.708 for government ineffectiveness, and

2 = 0.378 for economic freedom, all at the 0.99 confidence level) (see Figures S14d—-S14f in Supporting In-
formation S1). Interestingly, a negative semilogarithmic relationship also exists between per capita GDP and FSI
(#* = 0.785). Hence, it is possible to employ any one of the five investigated measures to assess a country's ability
to cope with risks, especially in terms of GDP per capita which is easier to obtain. Combining the 25th percentile
of GDP per capita (<2157 USD) with that of the future population exposure, we identify 88.9%, 62.5%, and 66.7%
of the red points in Figures 5Sa—5c respectively. However, if we alter the choice of GDP percentile just slightly
(e.g., 35th percentile), the overlap of high-risk countries with Figures 5a and 5b grows to 100%/87.5%, which
supports the appropriateness of using GDP per capita to identify high-risk countries.

5. Conclusions

Our research evaluates the socio-economic repercussions of increasing extreme precipitation under future global
warming scenarios. Given the considerable uncertainty in climate projections from Earth system models, we
develop a robust emergent constraint relationship between the historical and future 99th percentile of extreme
precipitation. This new relationship, which is found to be broadly applicable to all global land grid cells,
significantly enhances the accuracy of extreme precipitation projections compared to the original CMIP6 model
outputs. The study uncovers a widespread increase in the intensity and frequency of future extreme precipitation,
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that is expected to significantly affect future populations and GDP. This increase is likely to have serious im-
plications for populous nations, like China and India, as well as politically unstable developing countries.
Developed countries with stable or declining populations are also likely to experience rising exposure primarily
due to climate change. Countries facing poverty are more vulnerable to the combined effects of climate and socio-
economic changes. Moreover, our research provides nuanced insights into country-specific risk based on socio-
economic vulnerability, governmental capacity, and economic freedom. We reveal unequal impacts of extreme
precipitation on countries characterized by low GDP per capita and high sociopolitical instability.

Although our findings highlight a general increase in the intensity and frequency of extreme precipitation across
most of the globe, some countries, including Guinea-Bissau, Guyana, Jamaica, and Uruguay exhibit a noteworthy
decrease in future precipitation frequency under certain SSPs compared to the historical period. Further, despite
our efforts to mitigate uncertainty in precipitation simulations from Earth system models, additional unfore-
seeable factors affecting population and GDP, such as major natural disasters, wars, and migrations, also
contribute to uncertainty, and should be addressed in future research. Besides, HEC framework employed in this
work (Bowman et al., 2018) is based on the Gaussian hypothesis which should be tested at the beginning. In
particular, climate extremes should be treated with great caution. The distribution of climate extremes over a
period usually complies with a Generalized Extreme Value distribution, whereas the distribution across model
ensembles is likely to fit the Gaussian distribution. In our study, the Gaussian assumption cannot be denied in
99.26% of all the grids, with the remaining 0.74% fitting other distributions. In such cases, numerical integration is
recommended to calculate the conditional expectations and variances in the HEC framework, because the joint
probability distributions would be too complicated to deal with analytically.

Data Availability Statement

Monthly precipitation data from the CMIP6 models under the four emission scenarios of SSP126, SSP245,
SSP370, SSP585 for the period 1980-2100 (Coupled Model Intercomparison Project Phase 6, 2019) and from the
CMIP5 models under the three emission scenarios of RCP25, RCP45, RCP85 for the period 1900-2100 (Coupled
Model Intercomparison Project Phase 5, 2012) were used in the creation of this manuscript. Monthly precipitation
observations on which this article is based are available in Beck et al. (2019), Chen et al. (2002), Chen
et al. (2008), Xie and Arkin (1997), Xie et al. (2007), and Schneider et al. (2015). The total population, GDP, and
GDP per capita, GDP Purchasing Power Parity Conversion Factor, data of countries for the historical were used
for access to World Development Indicators from World Bank Group (Population and GDP data, 2022). The total
population and GDP data of each country for future projections under four different emission pathways on which
this article is based are available in Samir and Lutz (2017), and Dellink et al. (2017). The fragile state index of
each country were used for access to The Fragile State Index from The Fund for Peace (The Fragile State In-
dex, 2023). The INFORM-Risk index (Socio-economic Vulnerability and Government Effectiveness) is available
for access to INFORM Risk results from European Commission (The INFORM-Risk Index, 2024). The economic
freedom index is available for access to Index Of Economic Freedom from The Hertage Foundation (The
Economic Freedom Index, 2023). The HEC method processing code and output is available from Liu (2024).
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