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Abstract: Central Asia (CA) is experiencing rapid warming, leading to more Extreme
precipitation events (EPEs). However, the anticipated changes in cropland and population
exposure to EPEs are still unexplored. In this study, projected changes in EPEs characteristics,
as well as cropland and population exposure from EPEs are quantified using global climate model
simulations. Our findings reveal a significant increase in the exposure of cropland and
population to extreme precipitation over time. Specifically, under the high-emission SSP5-8.5
future pathway, the amount, frequency, intensity, and spatial extent of extreme precipitation in
CA are projected to considerably amplify, particularly in the high mountain regions. Under the
SSP5-8.5 scenario, cropland exposure in CA increases by 46.4%, with a total cropland exposure
of approximately 190.7 million km? expected between 2021 and 2100. Additionally, under the
SSP3-7.0 scenario, population exposure in CA increases by 92.6%, resulting in a total
population exposure of about 48.1 billion person-days during the same period. The future
maximum centers of exposure are concentrated over northern Kazakhstan and the tri-border
region of Tajikistan, Kyrgyzstan, and Uzbekistan. Notably, the climate effect is more dominant
than the other effects, whereas changes in population effect contribute to the total change in
population exposure. Given the heterogeneous distribution of population and cropland in CA,
it is imperative for the countries in the region to implement effective measures that harness
extreme precipitation and cope with the impacts of these extreme climate events.
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Key Points:

® Extreme precipitation events are projected to increase substantially over the 21st century
in the mountainous regions across Central Asia.

® This study considers both population and cropland as vulnerable hazard-bearers to extreme
precipitation in the exposure assessment.

® The population exposure is greatest in the SSP3-7.0 scenario and the cropland exposure is
greatest in the SSP5-8.5 scenario.

Plain Language Summary: Climate change is anticipated to intensify the risk of extreme
precipitation events (EPEs). When evaluating these risks, it is crucial to consider
socioeconomic factors. This study employs projections based on five Global Climate Models
(GCMs) to assess the socioeconomic impacts of precipitation extremes on cropland and
population under three Representative Concentration Pathways (RCPs) and Shared
Socioeconomic Pathways (SSPs) across four future time periods (2021-2040, 2041-2060, 2061-
2080, and 2081-2100). The findings reveal a substantial increase in the exposure of the
population and cropland in CA to extreme precipitation over time. Among the scenarios
examined, the SSP3-7.0 scenario exhibits the highest population exposure, while the SSP5-8.5
scenario results in the highest cropland exposure in CA. It can be inferred that the climate
influence is more dominant than the population and cropland, particularly for CA. Consequently,
CA demands heightened attention due to the vulnerability of its population and cropland to
EPEs. Moreover, CA must prioritize the implementation of effective adaptation measures due
to its highly heterogeneous spatial distribution of population. Additionally, as a predominantly
agricultural region with a significant reliance on water resources, the region faces exceptional
challenges.

1. Introduction

In the context of global climate change, increasing evidence supports that climate change is
responsible for triggering numerous extreme weather and climate events on a global scale
(IPCC, 2021). Climate change is anticipated to accelerate the global hydrological cycle and
intensify all forms of extreme weather and climate events (Ombadi et al., 2023; Zscheischler et
al., 2020; Tabari et al., 2020; Zhou et al., 2023; Jong et al., 2023). EPEs are projected to become
more intense, longer in duration, and more frequent (Jong et al., 2023; Huang et al., 2022;
Zhang et al., 2021; Zhang et al., 2020), particularly in arid regions (Yao et al., 2021). Given the
recent increase in the frequency and substantial impact of EPEs, they have garnered greater
attention than ever before. To effectively prioritize research efforts and inform strategies for
risk management, it is crucial to assess future risks, specifically examining the exposure of
populations to specific hazards. However, it should be noted that such risks may vary by age,
season, and geographical region (Samir et al., 2017).
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EPEs led to significant consequences for substantial socioeconomic and ecological losses (Doan et
al., 2022; Gao et al., 2020) also profound implications for human safety and property protection
(Swain et al., 2020; Tandon et al., 2018). For instance, the extreme precipitation in China in
2010 resulted in thousands of deaths and extensive property damage due to landslides and
mudslides (Wang et al., 2016). Similarly, extreme precipitation in northern Pakistan in 2010
claimed approximately 3,000 lives (Lau et al., 2012), while northern India experienced more
than 5,000 casualties from EPEs in 2013 (Cho et al., 2016). EPEs have also been identified as
a major contributor to crop yield reductions, surpassing the impacts of other extreme climate
hazards (Fu et al., 2023; Hasegawa et al., 2021; Li et al., 2019; Basile et al., 2022). With further
climate warming, these EPEs and associated hazards are expected to become more frequent
across various regions of the world (Jiang et al., 2016; Cook et al., 2020). EPEs deserve more
attention in arid and semi-arid regions. This is because arid and semi-arid regions are particularly
prone to flooding, mudslides and landslides when extreme precipitation occurs (Mariotti et al., 2002;
Xue et al., 2017; Xu et al., 2015; Zhang et al., 2017; Swain et al., 2015; Donat et al., 2016).
Additionally, crops in arid regions are less resistant to extreme precipitation due to fragile

ecosystems.

Central Asia (CA), a typical arid and semi-arid region, identified as a hotspot of global warming,
is experiencing a temperature increase that is approximately twice as rapid as the global average
(Zhang et al., 2019), and the warming trend is projected to persist throughout the 21st century
(Huang et al., 2014; Guo et al., 2021). While some studies suggest a significant increase in
mean precipitation and interannual variability across most of CA under future scenarios (Jiang
et al., 2020; Zhao et al., 2018), the trend towards greater precipitation appears more prominent
during the winter season (Yu et al., 2018). Additionally, the intensity of EPEs in CA is predicted
to escalate in response to global warming (Peng et al., 2020). However, alternative models
propose a potential trend towards drier summers, and projections for future drought exhibit
higher uncertainty among models compared to changes in extreme precipitation (Jiang et al.,
2020). The vulnerable ecosystems of CA, characterized by relatively sparse vegetation cover,
are particularly susceptible to the impacts of global climate change (Hu et al., 2016; Yuan et
al., 2017). CA is considered ecologically fragile, with changes in precipitation significantly
influencing human production and livelihoods (Wei et al., 2023). Adverse climate events like
floods have had detrimental effects on the region's delicate ecosystems, impeding
socioeconomic and sustainable development (Dike et al., 2022; Scussolini et al., 2016). Given
the limited resilience and adaptive capacity of the region, extreme climate change poses a
significant challenge to livelihoods, exerting far-reaching impacts on various key
socioeconomic sectors (Devkota et al., 2013; Liu et al., 2023). Furthermore, the economies of
CA countries heavily rely on primary industries, particularly agriculture, which is highly
vulnerable to changes in the local hydrological cycle (Gessner et al., 2013; Jiang et al., 2023).
Modifications in precipitation patterns strongly impact the livelihoods of CA populations and
the fragility of the environment. Moreover, both the population and cropland in CA are
concentrated in areas prone to high flood risk, amplifying the risks associated with EPEs (Li et
al., 2019). Addressing the adverse impacts of future EPEs in these vulnerable areas and
quantifying the associated socioeconomic risks are imperative for policymakers and the
development of climate adaptation strategies.
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Recent studies indicate that global exposure to extreme precipitation is expected to increase in
the future (Li et al., 2019; Shi et al., 2021). However, there have been relatively few long-term
studies examining trends in EPEs. Furthermore, previous research on extreme precipitation in
CA has primarily focused on historical and future analyses of spatial and temporal evolution,
as well as attribution mechanisms (Ma et al., 2021; Zhang et al., 2021, Li et al., 2022; Jiang et
al., 2021; Xu et al., 2022; Liu et al., 2022). Few studies have investigated the demographic and
socioeconomic impacts of extreme precipitation in CA. As a result, there is a need to quantify
future changes in extreme precipitation in the region and comprehensively assess the
implications of heightened EPEs. Therefore, accurate prediction of changes in the
characteristics of extreme precipitation under different future climate scenarios in CA is crucial
for developing effective adaptation strategies in different regions to mitigate the risks posed by
extreme precipitation.

This study aimed to examine future changes in extreme precipitation and the resulting exposure
of population and cropland in CA using multi-model projections from the ISI-MIP framework.
In comparison to CMIP5 and CMIP6, the ISI-MIP framework employs a novel, more federated
approach that utilizes the 1960-1999 WATCH in-analysis data to downscale and bias correct
climate model outputs. Furthermore, the ISI-MIP models generally operate at finer resolutions
and adhere to a standardized modeling protocol, enhancing their ability to simulate climate
extremes (Gao et al., 2020; Hempel et al., 2013; Warszawski et al., 2014; Yang et al., 2020). In
this research, we specifically quantify the shifts in exposure to extreme precipitation under
future warming scenarios. Given Central Asia's high population density and heavy reliance on
agriculture, we focus on population and cropland as primary factors influencing exposure. The
findings from this investigation are crucial for understanding the region's future vulnerability
and for informing effective mitigation and adaptation strategies. Importantly, this study
represents an early attempt to comprehensively and quantitatively evaluate the impact of future
changes in extreme precipitation on Central Asia's population and cropland.

2. Study Area, Data and Methods

2.1 Study Area

The CA, comprises five countries that emerged following the dissolution of the Soviet Union:
Kazakhstan, Uzbekistan, Kyrgyzstan, Tajikistan, and Turkmenistan (Figure 1). Situated in the
heartland of the Eurasian continent, CA exhibits a diverse topography, with elevated terrain in
the east and lower elevations in the west. CA is one of the largest arid and semi-arid regions
within the mid-latitudes, and its intricate topography constitutes a primary driver of
precipitation variability in the area (Schiemann et al., 2008; Murnane et al., 2017). The
Himalayas, the Pamir Plateau, and the Hindu Kush act as barriers, shielding the region from the
influence of moist air masses originating from the Indian Ocean. Consequently, air currents
from the west predominantly shape the precipitation patterns in CA, with precipitation
primarily occurring on the western slopes of the mountains (Xie et al., 2021; Li et al., 2021,
Zou et al., 2021). The distribution of population in the region exhibits significant heterogeneity,
with a high concentration observed in the tri-border area of Uzbekistan, Tajikistan, and
Kyrgyzstan. Uzbekistan stands as the most populous country in CA, boasting a population
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density of 70 persons/km?, while Tajikistan follows closely behind with a population density
second only to Uzbekistan (61 persons/km?). Notably, Tajikistan's population density is ten
times higher than that of Kazakhstan, which holds the largest land area among the CA countries.
All five countries in CA heavily rely on agriculture, with the sector employing over 50% of the
workforce and contributing to approximately one-fifth of the total GDP. Cotton and wheat serve
as the primary crops in the region, emphasizing the paramount role of agriculture in Central
Asia's economic landscape (Hamidov et al., 2016; Sommer et al., 2013). Over the past three
decades, the region has witnessed a rapid increase in temperature, surpassing the warming rates
observed in neighboring areas and the global average (Gong et al., 2017).
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Figure 1. Map of study area. (a) Location and topography in Central Asia. (b) Land use types
in Central Asia. (¢) Mean monthly precipitation from1995 to 2014. (d) Spatial distribution of
population in 2020 under SSP1-2.6 scenario simulated by the model.

2.2 Dataset

Gridded precipitation products are extensively utilized for the assessment of climate model data.
In this study, monthly precipitation data at a spatial resolution of 0.5° is obtained from the latest
Climate Research Unit dataset (CRU TS 4.07). This dataset is based on data collected from
over 4,000 weather stations worldwide and is widely recognized as one of the most prominent
climate datasets available. The dataset, produced by the National Centre for Atmospheric
Sciences (NCAS) in the U.K, provides monthly-scale data covering the land surface from 1901
to 2022 (Harris et al., 2020; Liu et al., 2021). The CRU dataset has been extensively employed
for various applications, including the identification of extreme precipitation, analysis of
extreme weather climates, and bias correction for General Circulation Model (GCM)
simulations (Zhang et al., 2022; Hao et al., 2018). For the purpose of this study, monthly
precipitation data from CRU was used to evaluate the data obtained from the selected GCMs
and perform necessary corrections.
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The 5 GCMs (Table 1) including GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-
ESM2-0, and UKESM1-0-LL were utilized in this study. These GCMs were provided by the
Intersectoral Impact Model Intercomparison Project (ISI-MIP). These 5 models were selected
based on their availability of daily data for the historical period from 1950 to 2100, covering
all future scenarios and variables required for analysis. Additionally, all five models are part of
both the CMIP5 and CMIP6, respectively. To ensure consistent climate change impact
assessments, observational and historical model outputs were aggregated to a common baseline
period of 1995-2014, as utilized in the IPCC Sixth Assessment Report (AR6). The climate
scenarios employed in the ISI-MIP consist of a combination of Representative Concentration
Pathways (RCP) and Shared Socioeconomic Pathways (SSP). Their detailed information is
listed in Table S1 in Supporting Information S1. For this study, 3 future SSP scenarios (SSP1-
2.6, SSP3-7.0, and SSP5-8.5) were selected for the periods 2021-2040, 2041-2060, 2061-2080,
and 2081-2100 (Ullah et al., 2022). These scenarios provide a broad range of potential future
climates, covering weak, moderate, and strong forcing. The raw outputs from the 5 GCMs
mentioned above were downscaled to a horizontal resolution of 0.5° x 0.5° using a statistical
downscaling algorithm. This process involved bias revisions based on multiple reliable
observations and reanalysis data, while preserving the long-term climate trends present in the
GCM raw results. The processed results have been widely applied in the study of changes in
extreme climate events and their impacts, serving as inputs to various assessment models within
the ISI-MIP framework. In order to reduce prediction uncertainties, the field of climate change
prediction commonly employs multi-model ensemble averaging. This study also focuses on the
results of multi-model ensemble averaging (MME) to assess reliability. Given the lack of high-
resolution and spatial-temporal continuity in instrumental records within the study area, The
CRU dataset was adopted as observational data for the study area. It is important to note that
while this dataset is referred to as observational data, it is not strictly derived from instrumental
observational records.

The Land Use Harmonization Version 2 (LUH2) dataset is employed in this study to represent
historical and future land use activities worldwide from the year 850 to 2100. The dataset has
been widely utilized and referenced (Chen et al., 2020; Ma et al., 2020; Hurtt et al., 2020;
Eyring et al., 2016) and serves as a significant land use forcing dataset for CMIP6 (Eyring et
al., 2016). LUH2 was developed based on the Global Environmental History Database (HYDE)
and incorporates multiple future scenarios aligned with the SSP framework (Garc B-Pef#a et al.,
2021). It provides globally gridded partial land use patterns, base land use transitions, key
agricultural management information, and secondary land data spanning the period from 850
to 2100. The dataset has a spatial resolution of 0.25° x 0.25° and a temporal resolution of 1 year
(Garc B-Pefa et al., 2021; Song et al., 2021). Within LUH2, land is classified into five main
land use types (agricultural, rangeland, primary, secondary, and urban), each comprising twelve
subtypes. For the representation of cropland, the sum of C3ann, C3per, C4ann, C4per, and
C3nfx was utilized. In order to ensure consistency between datasets, the cropland data were
interpolated to a resolution of 0.5° x 0.5° using a bilinear interpolation method, aligning it with
the resolution of the climate data.

Future population data for the period 2020-2100 under different SSP scenarios were acquired
from the NASA Socioeconomic Data and Applications Center (SEDAC) (Zhang et al., 2022).
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It is important to note that the temporal resolution of the SEDAC population data is 10 years.
Consequently, for this study, we used the average population values in 2020, 2030, 2040, 2050,
2060, 2070, 2080, 2090, and 2100 to represent the future population from 2020 to 2100. In
order to maintain a consistent resolution between the population and climate datasets, the
population data was interpolated to a resolution of 0.5° x 0.5° using a bilinear interpolation
technique, ensuring alignment with the resolution of the climate data.

Table 1 Details of the ISI-MIP climate models used in this study.

Model name Institution ID Resolution Country
GFDL-ESM4 Geophysical Fluid Dynamics Laboratory 1°x1.25< USA
IPSL-CMO6A- : : .
IR Institut Pierre Simon Laplace 1.2676=3.5°  France
MPI-ESM1-2- _
HR Max Planck Institute for Meteorology 1.865%1.875° Germany
MRI-ESM2-0 Meteorological Research Institute 1.124<%1.125°  Japan
UKESMI1-0-  National Centre for At heric Sci d
ational Centre for Atmospheric Science and | o ) ooz o UK
LL Met Office Hadley Centre

2.3 Evaluation methods for datasets

Taylor diagrams (Taylor, 2001) provide a comprehensive assessment of a model's ability to
reproduce spatial patterns of climate variables, making them a widely used method for
evaluating climate model performance and dataset suitability (Guo et al., 2021; Yue et al., 2021;
Sun et al., 2021). In this study, we compared the data from five climate models and a multi-
model ensemble mean with observed data (see Figure S1 in Supporting Information S1). The
Taylor diagrams present correlation coefficients (R), central root mean square error (RMS), and
standard deviation (SD) for each climate model, the multi-model ensemble average, and the
observations in a single plot, illustrating the level of agreement between the model datasets and
the observations. Furthermore, we assessed the model dataset's performance at a monthly scale
by calculating precipitation for each month and comparing it to the observed data (see Figure
S2 in Supporting Information S1). The closer the model data align with the observations, the
higher their accuracy. By employing the Taylor diagram method, we comprehensively
evaluated the accuracy of the CA climate model and its performance at the monthly scale. This
approach enables the selection of the most suitable dataset, serving as the best alternative to
observed data for characterizing future EPEs (see Figure S3 in Supporting Information S1).

2.4 Definition and Characteristics of Extreme Precipitation Events

The hazard metric employed in this study is the annual number of days with extreme
precipitation, which serves as an indicator of the frequency of such events. Extreme
precipitation is defined as daily rainfall exceeding a specific threshold. Previous studies
commonly utilized extreme precipitation indices with fixed absolute thresholds specific to the
study area (Raymond et al., 2020). However, the hazard associated with extreme events is
influenced by various factors such as event characteristics, geographical conditions,

7
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infrastructure, and population awareness. For instance, even small amounts of precipitation in
arid and semi-arid regions can lead to floods and landslides, rendering absolute thresholds
insufficient for capturing the true hazard of extreme precipitation in these regions. Consequently,
we employed relative thresholds, specifically the 95th percentile (Thackeray et al., 2022;
Alexander et al., 2019) of wet days (precipitation > 1 mm/day) for each grid cell. Relative
thresholds consider regional differences in precipitation by accounting for regional and seasonal
factors, thereby determining location-specific thresholds based on the actual precipitation
conditions at each location. This approach is more suitable for capturing regional spatial and
temporal variability and assessing exposure changes due to the significant climatic variations
across the globe (Liu et al., 2017). In this study, we introduced four extreme precipitation
indices to characterize EPEs and analyze their variability (Chen et al., 2013; Gimeno et al.,
2022; Wang, 2005; Mondal et al., 2022):

1. Total Extreme Precipitation (TEP) is defined as the cumulative annual precipitation (in mm)
exceeding the threshold value.

2. Extreme Precipitation Event Frequency (EPEF) corresponds to the number of days (in days)
in a year associated with EPEs.

3. Extreme Precipitation Event Intensity (EPEI) is defined as the average daily precipitation (in
mm/day) per grid cell during an extreme precipitation event.

4. Extreme Precipitation Event Impact Area (EPEA) corresponds to the maximum impacted
area (in km?) by an extreme precipitation event.

2.5 Cropland and Population exposure to Extreme Precipitation Events

Population and cropland exposure in this study is quantified as the product of the number of
days with extreme precipitation, the population exposed, and the cropland area within each grid
cell (Zhang et al., 2022; Sun et al., 2023; Wang et al., 2023; Jones et al., 2015). The resulting
units are person-days of exposure and square kilometers of cropland exposed. To account for
interannual variability, exposure for future periods was determined by calculating a 20-year
average of annual extreme precipitation days and utilizing population and cropland projections.
The average annual exposure was then computed for each grid cell and aggregated to provide
an overall assessment for CA.

YA CmXP
Epop = 120 (1)
220 CmXG
Ecrop = 120 2

where Ej,, and E.,, areindicates the 20 years mean of population exposure (person-days)
and cropland exposure (km?), m denotes the mth year of the base period, € and P
represents the total number of annual EPEF and simulated population number in person, while
cropland simulation denoted by G.
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2.6 Relative Changes in Exposure

To determine the relative contributions of climatic, population, and cropland to the total
exposure. The variations in climatic, population, and cropland exposures were decomposed
with respect to the climatic effect, population effect, cropland effect, and the interaction effect,
respectively (Chen et al., 2020; Jones et al., 2015). Generally, the influence of population and
cropland was estimated by holding climate constant while changing population. Similarly, the
population and cropland were set as constant while computing the climate effect. The
interaction effect was intended to describe the regions with a growing population and cropland
approaches toward EPEF under changing climate. The changes in climate, population, and
cropland exposure were decomposed using Equation 3 and Equation 4.

AE,ep = Cp X AP + P, X AC + AP X AC ©)
AEcrop = Cr X AG + Gy X AC + AG X AC (4)

where AE,,, and AE.,, are the total changes in population and cropland exposures, C, P,
and G, indicates the total annual EPEF, population, and cropland for the reference period
(2021-2040), respectively. Whereas AC, AP, and AG are the changes in annual EPEF,
population, and cropland, respectively. Hence, the population effect is C, X AP, the cropland
effect is C, X AG, the climate effects are represented by P. X AC and G, X AC, and the
interaction effects are the AP X AC and AG X AC. To calculate the percentage change for each
effect, we divide the above equation by the exposure in the reference period.

3. Results

3.1 Future Changes in Cropland and Population

The spatial distribution of the projected changes in CA cropland and the temporal
characteristics of cropland area changes under three future scenarios (SSP1-2.6, SSP3-7.0, and
SSP5-8.5), and four defined time periods are presented in Figure 2. Examining the spatial
distribution (Figure 2a-1), cropland in CA displays a high degree of consistency across all
scenarios, primarily concentrated in northern Kazakhstan, southern Tajikistan, and northern
Kyrgyzstan. The line graph depicts the temporal changes in cropland area, indicating a
decreasing trend in recent years for both the SSP1-2.6 and SSP3-7.0 scenarios. Conversely, the
SSP5-8.5 scenario demonstrates a pattern of increasing and then decreasing cropland in CA. In
terms of overall change in cropland area, the largest area is projected under the SSP5-8.5
scenario, followed by SSP1-2.6, with SSP3-7.0 exhibiting the smallest cultivated area.
Assessing the rate of change reveals that the SSP3-7.0 scenario has the highest rate, followed
by SSP1-2.6, while SSP5-8.5 exhibits the lowest rate. Between 2041-2060, noticeable changes
in cropland area are observed in the border regions of northern and eastern Kazakhstan,
Tajikistan, and Kyrgyzstan under the SSP1-2.6 (Figure 2b) and SSP3-7.0 scenarios (Figure 2f).
In the SSP3-7.0 scenario, the most pronounced change in cultivated area within CA is evident,
with a decrease from 330,000 km? in 2021-2040 (Figure 2¢) to 290,000 km? in 2041-2060
(Figure 2f), primarily driven by the reduction of cultivated land in northern Kazakhstan.
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Subsequently, the area increases to 310,000 km? in 2081-2100 (Figure 2h). Understanding and
accounting for these divergences between projected SSPs is crucial to comprehensively
investigate the impact of future climate risks, such as EPEs, on cropland.

Cropland 2021-2040 Cropland 2041-2060 Cropland 2061-2080 Cropland 2081-2100
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Figure 2. Spatial distributions of 20-year average cropland area share and projected cropland
for four defined future periods under SSP1-2.6, SSP3-7.0 and SSP5-8.5 scenarios. Line plots
depict the total cropland area of Central Asia (CA) for the period 2020-2100.

The spatial and temporal changes in the population of CA under future scenarios and four
selected time periods are shown in Figure 3. CA exhibits a highly heterogeneous spatial
distribution of population density, making it one of the regions with notable variation globally.
The spatial map (Figure 3a-1) reveals that the distribution of population in CA aligns closely
with the distribution of cropland across all scenarios, concentrating primarily in northern
Kazakhstan, southeastern Uzbekistan, northwestern Tajikistan, and western Kyrgyzstan. The
line graph illustrates that under the SSP3 scenario, the population is projected to consistently
increase in each future time period. In contrast, the populations under the SSP1 and SSP5
scenarios display a pattern of growth followed by a decline. These findings indicate that the
population size of CA exhibits greater variability under future scenarios. Regarding population
size, SSP3 exhibits the largest population, followed by SSP1, while SSP5 has the smallest
population. Spatially, the distribution of population in CA is highly uneven. Although
Kazakhstan boasts the largest land area, its population size falls significantly behind that of
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Tajikistan and Uzbekistan. In fact, the population in CA is predominantly concentrated in
Tajikistan and Uzbekistan. Under the SSP1 and SSP5 scenarios, the population size peaks in
2040 at 70 and 65 million people, respectively, before gradually decreasing in subsequent years.
In the SSP3 scenario, the population of CA reaches its maximum, steadily increasing over time
to approximately 100 million people by 2100.
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Figure 3. Spatial distributions of 20-year average number of population and projected
population for four defined future periods under SSP1-2.6, SSP3-7.0 and SSP5-8.5 scenarios.
Line plots depict the total population of Central Asia (CA) for the period 2020-2100.

3.2 Characteristics of extreme precipitation events under different future scenarios

The projected changes in the characteristics of EPEs in CA for the period 2020-2100 are
presented in Figure 4. The findings highlight that higher emission scenarios will intensify EPEs,
leading to potentially catastrophic consequences for the economy and society. The analysis
reveals varying increases in EPEs under the SSP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios
(Figure 4a). Overall, SSP5-8.5 exhibits the highest magnitude of extreme precipitation,
approaching a maximum value of 60 mm, followed by SSP3-7.0, with the smallest impact
observed under SSP1-2.6. Moreover, the severity of EPEs amplifies over time. Examining the
frequency characteristics of EPEs (Figure 4b), a similar pattern emerges as observed in extreme
precipitation. Under the medium and high emission scenarios (SSP3-7.0 and SSP5-8.5), EPEs

occur more frequently compared to the SSP1-2.6 scenario. Notably, the increase in event
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frequency is more pronounced in SSP3-7.0 and SSP5-8.5, exhibiting a clear upward trend over
time. The SSP5-8.5 scenario presents an especially drastic rise in extreme precipitation
frequency (Figures 4b and 4¢). Regarding the intensity of EPEs (Figure. 4c), distinct variations
are observed across different scenarios. The SSP5-8.5 scenario exhibits significantly higher
intensity compared to SSP3-7.0 and SSP1-2.6. These findings emphasize that what was once
considered rare in the past may become the norm in the future under high emission scenarios.
In summary, increasing emission scenarios will result in more frequent and prolonged EPEs in
CA in the coming decades. These findings underscore the urgent need for proactive measures
to mitigate the potential impacts of these events on the region.
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Figure 4. Projected temporal changes in extreme precipitation events characteristics from 2020
to 2100 under the SPP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios over Central Asia (CA). (a) TEP,
(b) EPEF, (c) EPEL Bubble size indicates the EPEA.

Figure 5 presents the spatial distribution of predicted regional average changes in extreme
precipitation event characteristics (extreme precipitation amount, frequency, and intensity) for
the entire South Asia region during the period 2020-2100, under three future scenarios: SSP1-
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2.6, SSP3-7.0, and SSP5-8.5. The box plots in the Figures illustrate the variations across these
scenarios. The spatial distribution of extreme precipitation amounts (Figures 5a, 5d, and 5g),
frequencies (Figures 5b, Se, and 5h), and intensities (Figures Sc, 5f, and 5i) exhibits a similar
pattern for all three scenarios. EPEs are widespread throughout the CA region, excluding central
Kazakhstan and northern Uzbekistan. The primary areas experiencing EPEs in CA are the
southern Tien Shan Mountains and northern Kazakhstan. Under different future climate
scenarios, the range of EPEs in CA expands, with higher values of extreme precipitation and
intensity occurring in the border regions of Tajikistan, Kyrgyzstan, and Uzbekistan.
Additionally, elevated values of extreme precipitation frequency are observed in the northern
part of Kazakhstan, alongside the southeastern region of CA. In summary, EPEs in CA
concentrate in densely populated areas and regions with significant cropland distribution. This
exacerbates the impact of extreme precipitation on both the population and cropland in CA.
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Figure 5. Projected spatial changes in extreme precipitation events characteristics under the
SPP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios over Central Asia (CA). (a, d, and g) TEP, (b, e,
and h) EPEF, (c, f, and, i) EPEIL

Figure 6 illustrates the spatial distribution of future trends in the characteristics of EPEs in CA,
projected for the period 2020-2100, under three future scenarios: SSP1-2.6, SSP3-7.0, and
SSP5-8.5. In the SSP1-2.6 scenario (Figures. 6a-c), most of CA exhibits a drying trend, with
notable wetting areas concentrated in the northern part of CA, northern Kazakhstan, and the
southern Tien Shan Mountains. Conversely, the SSP3-7.0 scenario (Figures. 6d-f) reveals an
expansion of wetting areas across a large portion of CA, resulting in significant wetting effects.
Under the SSP5-8.5 scenario (Figure. 6g-1), extreme precipitation, as well as the frequency and
intensity of EPEs, demonstrate a substantial increase over the majority of CA, particularly in
mountainous regions. The findings indicate that the overall increase in EPEs in CA exceeds 90%
in the medium and long term under the SSP3-7.0 and SSP5-8.5 scenarios. In general, it can be
inferred that the projected future changes in extreme precipitation in CA, specifically under the
SSP5-8.5 scenario, are significant, ranging from 80% to 90%, with the highest magnitudes
observed in mountainous regions and the lowest in plains.
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Figure 6. Projected spatial changes of trends in extreme precipitation events characteristics
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3.3 Cropland and Population Exposures to Extreme Precipitation Events

The spatial distribution of cropland exposure to EPEs under the three SSP scenarios (SSP1-2.6,
SSP3-7.0, and SSP5-8.5) and the four defined time periods across CA are presented in Figure
7. Additionally, it illustrates the temporal variation in total cropland exposure to EPEs. In the
SSP1-2.6 scenario, regions such as northern Kazakhstan, northern Kyrgyzstan, and northern
Tajikistan exhibit faster increases in medium- and long-term cropland exposure to EPEs,
affecting an area of over 250,000 km? (Figures 7a-d). However, under the same scenario, a more
prolonged and detrimental surge in cropland exposed to extreme precipitation risk is expected
in northern and eastern Kazakhstan in the long term. Under the SSP3-7.0 scenario (Figures 7e-
h), cropland exposure increases more rapidly in the northeastern regions of Kazakhstan and the
border areas of Tajikistan and Kyrgyzstan. In the case of SSP5-8.5, higher cropland exposure
is observed during the long-term period compared to the other time periods (Figures 7i-1).
Analyzing the 2021-2040 time period, cropland exposure under the low emission scenario is
approximately 45.6 million km?, significantly higher than the 34.8 million km? and 38.8 million
km? under the medium and high emission scenarios, respectively. Total cropland exposure
increases significantly over time, with the exposure in the SSP5-8.5 scenario reaching 56.8
million km? by 2081-2100, notably higher than the exposure in the SSP3-7.0 scenario (48.4
million km?) and the SSP1-2.6 scenario (44.6 million km?). Interestingly, large-scale population
exposure is not projected in central Kazakhstan, northern Uzbekistan, northern Turkmenistan,
Tajikistan, and southeastern Kyrgyzstan. This can be attributed to the absence of future EPEs
in these regions and the fact that most of these areas are characterized by desert and alpine
mountain landscapes with limited cropland distribution. Regional sums indicate that cropland
exposure to EPEs increases by 25.7%, from 119.2 million km? in 2021-2040 to 149.8 million
km? in 2081-2100, with the highest exposure observed in the SSP5-8.5 scenario at
approximately 190.7 million km?, followed by SSP1-2.6 (182.1 million km?) and SSP3-7.0
(164.2 million km?). Regarding the time period, the highest cropland exposure to EPEs is
projected for 2081-2100. Differences in population exposure to EPEs under the same scenarios
may be attributed to variations in the frequency of such events. These findings align with the
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spatial distribution of cropland exposed to EPEs in the selected scenarios.
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Figure 7. Projected changes in cropland exposure to extreme precipitation events under the
SSP1-2.6, SSP3-7.0 and SSP5-8.5 scenarios and four-time periods across Central Asia (CA).
Bar plots depict the total area affected by extreme precipitation events for four different time
periods and across CA.

The spatial pattern of projected changes in population exposure to EPEs in CA across four time
periods under three future scenarios are shown in Figure 8. In all three scenarios, population
exposure shows a slight increase in the short term (Figure 8a, Figure 8e, and Figure 8i).
However, over time, population exposure gradually rises under the high emission scenario. The
areas with high population exposure in CA are concentrated in northwestern Tajikistan, western
Kyrgyzstan, and southeastern Uzbekistan, with a smaller distribution in the northern part of
Kazakhstan. Bar charts represent the total population exposure in CA for all three scenarios and
four time periods. In the SSP1-2.6 scenario, population exposure exhibits a decreasing trend
over time. Under the SSP3-7.0 scenario, population exposure to EPEs exceeds 48.1 billion
person-days, with the most significant change occurring in northwestern Tajikistan, western
Kyrgyzstan, and southeastern Uzbekistan. In these regions, exposure increases by 92.6%,
resulting in a total population exposure of around 8.1 billion person-days in 2021-2040,
escalating to approximately 15.6 billion person-days in 2081-2100. Population exposure under
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the SSP5-8.5 scenario and the SSP1-2.6 scenario is roughly comparable, with population
exposure under the SSP1-2.6 scenario being higher than that under the SSP5-8.5 scenario until
the 2061-2080 time period. In conclusion, the main factor contributing to the increase in
population exposure to EPEs in CA is future population growth. It is noteworthy that large-
scale population exposure is not observed in central Kazakhstan, northern Uzbekistan, northern
Turkmenistan, Tajikistan, and southeastern Kyrgyzstan, likely due to the presence of
uninhabited areas in these regions. The highly heterogeneous population distribution in CA,
with population densities reaching up to 70 persons/km?, exacerbates population exposure to
EPEs to some extent.

Regional aggregations consistently demonstrate an increase in population exposure to EPEs
across all scenarios, with the highest exposure observed under the SSP3-7.0 scenario at
approximately 48.1 billion person-days, followed by SSP1-2.6 and SSP5-8.5. Regarding the
time periods, total population exposure increases by 29.6% from 2021-2040 to 2081-2100.
Population exposure to EPEs is highest in 2081-2100, followed by 2061-2080 and 2041-2060,
with the lowest exposure occurring in 2021-2040. The disparities in population exposure under
the same scenarios can be attributed to variations in the frequency of EPEs. These findings align
with the spatial distribution of populations exposed to EPEs in the selected scenarios. In
summary, population exposure to extreme precipitation is anticipated to undergo a substantial
increase in response to future global warming. Even with early mitigation efforts, exposure
levels are projected to rise across a significant portion of CA. This increase in exposure is
largely attributable to the uneven distribution of populations in the region and poses significant
threats to societies, ecosystems, and human well-being in the future. To effectively mitigate
these threats, a thorough understanding of exposure changes is crucial for driving mitigation
actions and addressing their underlying causes.
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Figure 8. Projected changes in population exposure to extreme precipitation events under the
SSP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios and four-time periods across Central Asia (CA).
Bar plots represent the total number of people affected by extreme precipitation events for four
different time periods and across CA.

3.4 Exploring the Importance of Relative Changes in Exposure

To investigate the relative importance of different factors, we conducted a detailed analysis to
determine the contribution of population and cropland exposure to the interaction components
of CA. This analysis focused on climatic effects, population, cropland, and their interaction
effects under three emission scenarios in the mid- to late 21st century. Examining the influences
on cropland exposure (Figure 9), we observed consistent variation in the relative importance of
climate change, cropland change, and their interaction effects across scenarios. These findings
suggest that the increase in cropland exposure in CA is primarily controlled by the climate
component. Under the SSP1-2.6 scenario, the relative changes in the cropland, climate, and
interaction components of CA cropland exposure were 15.78%, 82.6%, and 1.61%, respectively.
In this scenario, negative impacts from the population and interaction components are evident,
with the increase in population exposure solely driven by the climate component. This is
primarily due to the projected shrinkage of the cultivated area by the end of the 21st century,
which, combined with the substantial impacts of climate change, counteracts the negative

17



507
508
509
510
511
512
513
514
515

516

517
518
519

520
521
522

increase. Notably, the climate component consistently outweighs the cropland component, but
the change in the cropland component and the cropland-climate interaction component is
increasing while the climate component is weakening. This is demonstrated by the fact that
relative to the base period, from 2081-2100, the cropland and climate interaction components
increase from 2.43% to 13.42%, and the cropland component increases from 15.78% to 26.35%
whereas the climate component decreases from 82.6% to 70.73% (see Table S2 in the
Supporting Information). Interestingly, across all scenarios, the climate component tends to
decrease over time, while the population and interaction effects tend to increase. Nevertheless,
the climate effect consistently dominates in all scenarios, despite its decreasing trend.

2

100

I Climatic factor [ Interactive effect between climate and Cropland
[ Cropland factor 1

I I I I SSP1-2.6
H_ B l:

2041-2060 2061-2080 2081-2100

)

Relative importance (%
D W s L O 3

ScScs&sE3s8333

I Climatic factor [T Interactive effect between climate and Croplz‘lnd
[ Cropland factor

)

-
S O O
T T

7SSP3-7.0

Relative importance (%
D W s
S O o O
T T T T

e o

2041-2060 2061-2080 2081-2100

[ Climatic factor [ Interactive effect between climate and Cropland
[ Cropland factor

S © O

N W A U N ) X0
S © O

(=]

Relative importance (%)

e o

2041-2060 2061-2080 2081-2100
Time periods

Figure 9. Different factors of the effects driving projected changes in cropland exposure to
EPEF over Central Asia (CA) under SSP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios and three-
time periods.

Changes in population exposure to EPEs are influenced not only by variations in climatic
factors but also by alterations in population size and its spatial distribution. Figure 10 depict
the overall changes in population exposure and its contributing factors across CA for different
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climate scenarios and three distinct time periods. The relative importance of climate change,
population change, and their interaction effects exhibits significant variation throughout CA.
Under the SSP1-2.6 scenario, changes in population exposure are primarily driven by
demographic factors. In contrast, under both the SSP3-7.0 and SSP5-8.5 scenarios, climatic
factors play a dominant role in determining population exposure. However, it is worth noting
that the decline in climatic factors is more rapid under the SSP5-8.5 scenario compared to the
SSP3-7.0 scenario. Importantly, population and climate interaction effects demonstrate a
substantial increase across all scenarios, with their significance intensifying as emissions rise.
For instance, the population and climate interaction effects experience an increase of 2.76%,
6.43%, and 11.62% for the SSP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios, respectively (see
Table S3 in the Supporting Information).
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Figure 10. Different factors of the effects driving projected changes in population exposure to
EPEF over Central Asia (CA) under SSP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios and three-
time periods.
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4. Conclusions and Discussions

The primary objective of this study is to examine the projected changes in EPEs in CA and their
implications for population and cropland exposure. To achieve this objective, the study utilizes
the state-of-the-art ISI-MIP multi-model ensemble mean, incorporating three Shared
Socioeconomic Pathway (SSP) scenarios (SSP1-2.6, SSP3-7.0, and SSP5-8.5) and four
predetermined time periods (2021-2040, 2041-2060, 2061-2080, and 2081-2100). The analysis
employs daily precipitation data from the multi-model ensemble mean to assess the future
variability characteristics of EPEs in CA. Furthermore, population and cropland datasets
corresponding to different SSP scenarios are utilized to investigate the changes in population
and cropland exposure resulting from EPEs in the region. This study aims to achieve several
key objectives. Firstly, it seeks to investigate the evolving characteristics of EPEs in CA
throughout the 21st century. Secondly, it aims to assess the impacts of these events on the
population and cropland in the region. Lastly, the influence of different factors (i.e., population,
cropland, climate, and interaction) on EPEF and changes in socioeconomic exposure was
further investigated. The study aims to provide regional evidence that can support policymakers
in the development of appropriate climate change adaptation and mitigation strategies for EPEs.

Our study reveals three key findings. Firstly, the analysis demonstrates a broad consensus
among climate models for various future scenarios, indicating a significant increase in
population and cropland exposure to EPEs in CA throughout the 21st century. Contrary to the
expectation of limited exposure due to scarce precipitation in the region, our findings suggest
that the actual exposure is substantial. Consequently, policymakers and the research community
need to acknowledge population and cropland changes as critical factors when assessing the
risks associated with EPEs. Secondly, we identified that the highest exposure to extreme
precipitation among the population in CA occurs under the SSP3-7.0 scenario, while the highest
exposure for cropland is observed under the SSP5-8.5 scenario. Notably, both exposures exhibit
a strong spatial similarity, primarily concentrating in the northern part of Kazakhstan and the
southwestern part of CA. Lastly, our study highlights that EPEs in CA tend to concentrate on
the windward slopes of the region's mountain ranges. These areas coincide with high population
density and extensive distribution of cropland. The spatial exposure of population and cropland
to extreme precipitation in CA displays a high degree of heterogeneity, warranting greater
attention. Based on our findings, it is crucial to prioritize the reduction of greenhouse gas
emissions to mitigate population and cropland exposure to extreme precipitation. Additionally,
urgent action is required to design and implement effective adaptation measures that enhance
preparedness and response to EPEs.

Moreover, we extensively investigate the changes in socioeconomic exposure to EPEF and their
diverse effects on both local and regional scales within CA. This investigation is based on
defined time periods and three distinct SSP scenarios. Overall, across all three future scenarios,
the augmentation of cropland exposure in CA can be attributed to climate effects; however, it
is noteworthy that the influence of climate effects is diminishing, while the impact of cropland
forcing and cropland-climate interactions is increasing. As for population exposure, the
predominant cause of future increases within CA is climate effects; nevertheless, the interaction
between population and climate exhibits a substantial rise with escalating emissions and the
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passage of time. Consequently, while the risk of extreme precipitation in CA is still primarily
determined by future increases in precipitation, the significance of population and cropland
factors should not be overlooked.

The future spatial and temporal patterns of EPEs in CA suggest that significant occurrences of
such events are expected over most of CA under the SSP3-7.0 and SSP5-8.5 scenarios, with a
notable expansion of extreme precipitation across the high mountainous regions. Recent studies
on extreme climate projections in CA have been relatively scarce compared to other global
regions and have primarily focused on the Paris Agreement targets (Zhang et al., 2022) and
higher global warming scenarios (Zhang et al., 2020; Zhang et al., 2019). However, these
studies have revealed that CA is transitioning from a warm and dry condition to a warm and
relatively humid condition due to climate change and the intensification of the water cycle.
Supporting these findings, our study anticipates an increase in EPEs in the high mountain
regions of CA (Yao et al., 2021; Zou et al., 2021; Zhang et al., 2019; Liu et al., 2022). Despite
the significance of extreme precipitation, there are few studies assessing the changes in
population and cropland exposure to climate extremes in CA. Limited information is available
on the spatial and temporal variability of population and cropland exposure to extreme
precipitation in CA under different future scenarios and time periods. Our study aims to bridge
these research gaps by quantifying the exposure of CA populations and croplands to extreme
precipitation under the SSP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios in the 21st century. Given
that CA is predominantly agricultural with high population density and a strong dependence on
the spatial distribution of water resources, the risks associated with extreme precipitation to the
population and cropland in the region are heightened. The results of this study will stimulate
further research into the internal mechanisms governing the interactions between climate
change, land cover, and social activities. Moreover, our findings provide a scientific basis for
mitigating the risks associated with extreme precipitation and ensuring sustainable economic
and social development.

Although this study estimated future population and cropland exposure to EPEs in CA, it has
certain limitations that require attention in future research. One limitation is the lack of
consideration for socioeconomic and demographic characteristics of the population, such as
income, education level, and age, which could influence the extent of exposure to extreme
precipitation in CA (Chambers, 2020; Watts et al., 2021; Park et al., 2022). We suggest that
future studies estimating population exposure should incorporate a more precise classification
of the age structure of the population. Currently, various studies have focused on exposure to
climate extremes; however, there is no standardized definition of exposure. Some studies
employ a method that multiplies the occurrence of extreme events by the population size to
estimate population exposure to climate extremes (Batibeniz et al., 2020). Others define
exposure as the area where extreme climate surpasses a hazard threshold during a specific time
period (Zhang et al., 2018; Sun et al., 2017), while some adopt an intensity-area-duration
approach to reflect changes in exposure to hazard events (Wen et al., 2019; Su et al., 2018;
Wang et al., 2019). These different definitions result in variations in estimates of population
exposure and the socioeconomic impacts of extreme weather events. Consequently, it is crucial
to establish a scientifically grounded and uniform definition of population exposure to extreme
events, considering factors such as hazard, exposure, and vulnerability, to accurately assess the
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risk of disasters. In a warmer future, moderate increases in precipitation can have positive
effects on livelihoods and economic development, leading to an anticipated rise in irrigation
water demand in CA under future climate and socioeconomic scenarios (Tian et al., 2020).
Therefore, future research should focus on climate sensitivity analysis for CA, aiming to
quantify the net impacts of changes in water availability and use, particularly under critical
levels of global warming. Such assessments are critical for effective climate change mitigation
and adaptation strategies in the region.

More frequent and intense EPEs pose a significant threat to both the global population and the
global food supply (Thomas et al., 2015). This risk is particularly pronounced in arid and semi-
arid regions, where water resources play a crucial role as both a determining factor and a
limiting factor for development (Gessner et al., 2013; Li et al., 2019). It is imperative to plan
and implement adaptation and mitigation measures to address the adverse effects of climate
extremes in CA. These measures should encompass various strategies at the individual,
community, and national levels. Ensuring widespread education about extreme precipitation
and its associated hazards, along with providing essential resources such as food, clothing, and
medical insurance, can help mitigate the risks involved. Furthermore, the implementation of
afforestation initiatives and sustainable water use policies may effectively mitigate the risks
associated with extreme precipitation in the region. At the governmental level, there is a need
for multilateral climate agreements and enhanced communication and cooperation among the
five CA countries to collectively address the challenges posed by extreme climate hazards
(Chen et al., 2021). Additionally, the increasing occurrence of extreme precipitation in arid and
semi-arid zones may potentially alleviate water stress in these regions if properly harnessed. It
is widely recognized that accelerated climate change can have catastrophic consequences, and
exploring the utilization of extreme precipitation in arid zones from a new perspective
represents an important avenue for future research.
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