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Highlights

What are the main findings?

e  DSI captures the intensification of global drought severity, while SSMI reveals an
amplification of spatial drying and wetting tendencies.

o  Within the CMIP6 modelling framework used here, DSI and SSMI showed more
consistent behavior than SPEI and TCI across the regions and scenarios examined.

What are the implications of the main findings?

e High-emission scenarios are projected to produce more extensive and more severe
droughts, whereas low-emission scenarios markedly slow drought expansion.

e These findings underscore the value of emission mitigation and may inform index
selection for drought assessment within the adopted CMIP6 framework.

Abstract

As climate change intensifies, global droughts are becoming more frequent and severe,
making the assessment of future drought trends essential for disaster risk reduction and
adaptation. This study examines the spatiotemporal patterns of global drought over the
historical period (1850-2014) and under four Shared Socioeconomic Pathway (SSP) scenar-
ios (2015-2100), using a multi-model ensemble of up to sixteen CMIP6 models and four
drought indices: the Standardized Precipitation Evapotranspiration Index (SPEI), the Tem-
perature Condition Index (TCI), the Drought Severity Index (DSI), and the Standardized Soil
Moisture Index (SSMI). Within the CMIP6 modelling framework and index formulations
adopted here, DSI and SSMI showed greater temporal consistency than SPEI-12 and TCI in
representing drought evolution. DSI responded more strongly to changes in temperature
and precipitation, suggesting its potential usefulness for characterizing short-term dry con-
ditions in temperate and subtropical regions. SSMI, by contrast, responds to soil-moisture
variations and shows an amplification of spatial drying and wetting tendencies under
higher-emission scenarios. Under high-emission scenarios, extreme drought areas expand
rapidly, whereas low-emission scenarios slow their intensification. The complementary
information provided by DSI and SSMI may improve our understanding of projected
drought conditions within the adopted CMIP6 framework, particularly in southern North
America, northern South America, Africa, eastern Australia, and southern China. These
findings may inform model-based drought assessment, while implications for operational
monitoring require independent evaluation.
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1. Introduction

Drought is one of the most destructive climate extremes, with profound im-
pacts on ecosystems, agricultural production, water resources, and socioeconomic
development [1-6]. With the continued rise in global temperatures and substantial changes
in precipitation patterns, the frequency, intensity, and duration of droughts exhibit complex
spatiotemporal variations, necessitating systematic assessment and projection [7].

To understand drought dynamics and their potential impacts, researchers have devel-
oped a range of drought indices to quantify and monitor drought across different scales
and types. Among the most widely applied are the Standardized Precipitation Evapotran-
spiration Index (SPEI), the Temperature Condition Index (TCI), the Drought Severity Index
(DSI), and the Standardized Soil Moisture Index (SSMI). SPEI integrates precipitation and
potential evapotranspiration and is therefore sensitive to the effect of temperature change
on the water balance [8]. SSMI characterizes soil moisture deficits and is widely used as a
key indicator of agricultural drought [9]. TCI uses land surface temperature (LST) to char-
acterize vegetation heat stress, making it well suited to large-scale, high-frequency drought
monitoring [10]. DSI provides a more comprehensive representation of hydrological re-
sponses during drought events. These indices capture drought occurrence, development,
and impacts from different perspectives and are therefore strongly complementary. The
four indices can be further distinguished by the number of input variables they require.
Single-factor indices, such as TCI and SSM], rely on a single variable; they are structurally
simple, require less data, and support rapid assessment of drought conditions. Multi-factor
indices, such as SPEI and DSI, combine several meteorological variables and therefore better
capture the complexity of drought, making them more suitable for integrated analysis and
long-term trend studies. This study employs SPEI, TCI, DSI, and SSMI, a combination that
spans both categories and covers a broad range of drought types.

At the global scale, the Coupled Model Intercomparison Project Phase 6 (CMIP6)
provides historical simulations together with future projections under a range of emission
scenarios, offering a robust basis for drought research [11,12]. Its historical experiments and
four SSP-based scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5) support systematic
analysis of the spatiotemporal evolution of drought and its relationship with climate
change [13]. Unlike gridded observational and reanalysis datasets such as CRU, GPCC,
and ERAS5, which are restricted to the observed period, CMIP6 enables drought risk to be
assessed under alternative climate policy scenarios. CMIP6 provides global coverage at
daily to monthly resolution and supplies the key variables required for drought analysis,
including precipitation, surface temperature, potential evapotranspiration (PET), and soil
moisture. The availability of multiple models and emission scenarios allows for drought
risk to be examined consistently across contrasting climate futures.

Accordingly, this study applies SPEI, TCI, DSI, and SSMI jointly to CMIP6 historical
simulations and SSP-based future projections, in order to analyze systematically the spa-
tiotemporal characteristics of global drought. The study addresses three objectives: (1) to
compare the responses of single- and multi-factor indices across different drought types
and climatic conditions; (2) to examine the potential effects of future emission scenarios on
drought risk using CMIP6 multi-scenario simulations; and (3) to identify global drought-
prone regions under the four SSP scenarios. The regional drought events referred to in this
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study are used only as references. The analysis is based exclusively on CMIP6 simulations,
not on specific observational data.

2. Materials and Methods
2.1. Data Sources

The Coupled Model Intercomparison Project Phase 6 (CMIP6) provides a standardized
framework for coordinated climate model experiments and intercomparison. The CMIP6
historical experiments cover the period 18502014 and are driven by common forcing
datasets that are, as far as possible, based on observations, including greenhouse gas
concentrations, emissions of short-lived species, land use, solar forcing, and stratospheric
volcanic aerosols. The historical experiments are intended to provide a benchmark for
evaluating model performance against observations [14]. Moreover, the use of a common
forcing protocol across participating models helps distinguish uncertainty associated with
model responses from that arising from differences in imposed external forcing [14]. These
features provide a scientific basis for using CMIP6 simulations in climate-related analyses.

The performance of CMIP6 models in reproducing historical climate characteristics has
been extensively evaluated in previous studies at global and regional scales [15-31]. These
studies have generally demonstrated that CMIP6 simulations are capable of reproducing
the major spatial and temporal characteristics of the observed climate system, although
systematic biases and inter-model differences remain. Therefore, CMIP6 simulations
provide a scientifically established data source for investigating climate variability and
change at the global scale. In the present study, CMIP6 data were used as climate-model-
based datasets for subsequent analysis, with the inherent uncertainties of climate model
simulations taken into consideration.

This study used climate outputs from several CMIP6 models (see Table 1 for details).
CMIP6 model selection was conducted separately for each climate variable and was based
on data availability and temporal completeness. For each variable, a model was retained
only when the corresponding monthly data provided sufficient temporal coverage for the
historical experiment and all four SSP scenarios considered in this study. Based on this
criterion, 16 models were retained for precipitation, surface temperature, and moisture in
the upper portion of the soil column, whereas three models were retained for potential
evapotranspiration because of its more limited availability.

Each model has its own native spatial resolution. To ensure consistency across datasets,
all data were regridded to a common resolution of 0.5° x 0.5° using bilinear interpolation.
This standardization allowed for direct comparison and integrated analysis across mod-
els. The dataset covers both historical (January 1850-December 2014) and future (January
2015-December 2100) periods, with a monthly temporal resolution. Future projections
are based on four SSP scenarios, namely SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5. Each
scenario reflects a different climate trajectory under specific socioeconomic and emis-
sion conditions. Standardizing spatial resolution across models helped combine different
datasets more consistently. This facilitated consistent multi-model analysis and subsequent
drought-index calculations.

2.2. Data Preprocessing

In this study, all NetCDF (.nc) files from CMIP6 were first converted to TIFF (_tif)
format in batch, which facilitated subsequent visualization and spatial analysis. To ensure
consistent spatial coverage and resolution, all data were then resampled to 0.5° x 0.5°,
allowing outputs from different sources and models to be integrated effectively. In addition,
to ensure temporal consistency, all TIFF images were grouped by year and month, so that
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outputs from different climate models and scenarios were strictly aligned on a uniform
temporal scale.

The multi-model ensemble was then constructed variable by variable. For each climate
variable, the ensemble mean was computed independently at every grid cell and for
every month as the unweighted arithmetic mean across all models providing a valid
value at that cell and month. The drought indices were subsequently derived from these
ensemble-mean fields.

Table 1. Summary of CMIP6 Data Used in This Study.

. Accuracy
Data Source/Access Variables Model Name Country Natlv'e Variant Label(s) Evaluation
Platform Resolution

Reference

ACCESS-CM2 Australia 1.875° x 1.25° rlilpi1fl [18]

BCC-CSM2-MR China 1.13° x 1.12° rlilp1fl [22]

P/T: rlilp1fl; SW:
CAMS-CSM1-0 China 1.13° x 1.12° H r1ilp1f2, SSPs [17]
r2ilpi1fl
CanESM5- o o ;
CanOE Canada 2.81° x 2.79 rlilp2f1 [23]
, CESM2 USA 125° x 0940 H:rlilplfl; SSPs: [24]
Precipitation rdilplfl
! ! ; ¥ - ta 25° x 0.94° rli
M(mft“/ month) CMCC-CM2-SR5 Ttaly 1.25° x 0.94 lilp1fl [20]
. oisture in upper
CMIP6 (via CDS, - : i -1-
European Climate P‘Zrotllsrf;ﬁf(ﬁzﬂ CNRl\;I{gMé ! France 0.5° x 0.5° rlilplf2 [25]
Agency) ;).
geney Voéuﬁ;emc)f CNRM-ESM2-1 France 1.41° x 1.40° rlilp1f2 [19]
urface

temperature (K) KACE-1-0-G South Korea 1.88° x 1.25° r111p1f1 [15]

MIROC6 Japan 1.41° x 1.40° rlilplfl [32]

MIROC-ES2L Japan 2.81° x 2.79° rlilp1f2 [28]

MPI-ESM1-2-LR Germany 1.88° x 1.86° rlilpi1fl [16]

MRI-ESM2-0 Japan 1.13° x 1.12° rlilp1fl [30]

NorESM2-MM Norway 1.25° x 0.94° rlilp1fl [21]

TaiESM1 China 1.25° x 0.94° rlilp1fl [26]

UKESM1-0-LL UK 1.88° x 1.25° rlilp1f2 [31]

CMIP6 (via ESGF Data Potentia.l EYapo_ CNRM-CM6-1 France 1.41° x 1.40 rlilp1f2 [27]

Portal, Energy Science and “a“fllgg;ﬂon IPSL-CM6A-LR France 2.50° x 1.27° rlilp1fl [29]

Climate Research Center) 1/ * th) CNRM-ESM2-1 France 141° x 1.40° rlilplf2 [19]

Note: H denotes the historical experiment and SSPs denotes the four future scenario experiments
considered in this study. Where the same variant label was used across variables and experi-
ments, it is reported once. Variable- or experiment-specific variant labels are indicated separately
where applicable.

To account for differences in the availability of individual variables among CMIP6
models, a minimum number of valid model simulations was required for each grid cell
and month. This criterion was applied independently to each climate variable according
to the number of models providing the corresponding variable. Precipitation, surface
temperature, and moisture in the upper portion of the soil column were available from
16 models; therefore, a grid-cell/month value was retained when at least 8 models pro-
vided valid data. Potential evapotranspiration was available from only three CMIP6
models, for which at least two valid model values were required. The models used for
each variable are listed in Table 1. Grid cells and months that did not meet the cor-
responding threshold were assigned NoData (—9999) and excluded from subsequent
drought-index calculations.
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For the trend analysis, linear regression was performed independently at each grid cell
using the monthly index values from January 2025 to December 2100. Time was used as the
independent variable, and the regression slope was used to represent the temporal trend.
Statistical significance was evaluated using the p-value associated with the regression slope,
with p < 0.05 used as the nominal significance threshold. For visualization of spatially
coherent significance, the grid-cell results were further summarized into non-overlapping
10 x 10 grid-cell blocks, and a gray dot was plotted at the center of a block when at least
90% of its cells showed significant trends.

2.3. Drought Index Calculation
This study calculated four drought indices, including SPEI, SSMI, TCI, and DSI.

2.3.1. SPEI

The SPEI is a widely used drought index that integrates precipitation and PET to
evaluate the water balance over a defined time period.

S=P— PET (1)

where S is the water balance value (unit: mm/month), P is the precipitation (unit:
mm/month), PET is the potential evapotranspiration (unit: mm/month).

n
Scumul = 2 Si 2)
i=1

where 7 represents the time scale (e.g., 7 = 12 for 12 months), S; is the water balance value

(5] &

where x is the cumulative water balance value (unit: mm/month), «, B, and -y are the scale,

for the i-th month (unit: mm/month).

o= B()

44 14

shape, and location parameters, respectively, estimated using the maximum likelihood

1+(x;7)ﬁ]l @)

where F(x) represents the cumulative probability for a given S my1 (dimensionless).

estimation method.

F(x) =

SPEI = &~ 1(F(x)) )

where &1 is the inverse of the standard normal cumulative distribution function (the
probit function). SPEI values therefore follow a standard normal distribution with a mean
of 0 and a standard deviation of 1. The SPEI values are classified to determine drought or
wetness severity based on the thresholds listed in Table 2.

In this study, SPEI was computed at a twelve-month timescale (SPEI-12), correspond-
ing to n = 12 in Equation (2). The timescale determines which temporal characteristics the
index emphasizes: short timescales such as one or three months capture rapid, sub-seasonal
fluctuations in the water balance, whereas longer timescales reflect sustained, year-to-year
moisture deficits. Because this study focuses on the long-term evolution of drought and
on future drought risk across SSP scenarios over the period 1850-2100, the twelve-month
scale was adopted to represent persistent, annual-scale water-balance anomalies rather
than short-term variability. SPEI-12 also complements the other indices used here, which
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characterize drought at different temporal scales, providing a multi-scale perspective on
drought behavior.

Table 2. Classification of Drought and Wetness Severity Based on SPEI Values.

SPEI Value Category
SPEI > 2.0 Extremely Wet
1.5 <SPEI < 2.0 Very Wet
1.0<SPEI < 1.5 Wet
—1.0<SPEI<1.0 Normal
—1.5<SPEI<—-1.0 Moderate Drought
—2.0<SPEI< —-15 Severe Drought
SPEI < —2.0 Extreme Drought
2.3.2. SSMI
X —
SSMI = T” ©6)

where X represents the soil moisture value at a specific time step (unit: %), and y refers to
the mean of the entire time series (unit: %), ¢ is the standard deviation of the entire time
series (unit: %)

1 N
p= L X 7)
i=1

where y is the mean of the entire time series (unit: %), N is the total number of time steps
(dimensionless), and X; is the soil moisture value at the i-th time step (unit: %).

= g ®
7=\ N X

where ¢ is the standard deviation of the entire time series (unit: %), N is the total number
of time steps (dimensionless), X; is the soil moisture value at the i-th time step (unit: %),
and y is the mean value (unit: %). The SSMI values are interpreted as shown in Table 3.

Table 3. Classification of Drought and Wetness Severity Based on SSMI Values.

SSMI Value Category
SSMI > 2.0 Extremely Wet
1.5 <SSMI < 2.0 Very Wet
1.0<SSMI <15 Wet
—-1.0<SSMI < 1.0 Normal
—15<SSMI < —1.0 Moderate Drought
—2.0<SSMI< —-15 Severe Drought
SSMI < —2.0 Extreme Drought

In this study, SSMI was standardized separately for each SSP at each grid cell. For
a given SSP, the time series used for calculating the mean and standard deviation con-
sisted of the historical period (1850-2014) followed by the corresponding SSP projection
(2015-2100), resulting in a continuous 1850-2100 series. Thus, the four SSPs were standard-
ized independently, and data from different SSP scenarios were not pooled into a single
normalization series.

2.3.3. TCI

TCI, a widely used drought indicator based on land surface temperature (LST), is
designed to quantify thermal stress on vegetation in a given region. TCI reflects the relative
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position of the current surface temperature within its historical range, providing insight into
the impact of thermal stress on vegetation. Within the CMIP6-based framework adopted in
this study, surface temperature over land is represented by the CMIP6 variable ts (unit: K).
Accordingly, ts is used as the model-based surface temperature input corresponding to the
LST term in the TCI formulation.

TCI — Tonax — T

Tmux - Tmin

x 100% (9)

where T; refers to the LST at time i (unit: K). Ty is the maximum LST during the study
period, and T, is the minimum LST during the same period.

The TCI values range from 0% to 100%, providing a direct measure of heat stress on
vegetation. High TCI values (TCI > 50%): Indicate that the current temperature is closer
to the historical minimum, suggesting low heat stress, which is beneficial for vegetation
growth. Low TCI values (TCI < 50%): Indicate that the current temperature is closer to the
historical maximum, reflecting severe heat stress that may inhibit vegetation growth.

2.3.4. DSI

The DSI used in this study is calculated from the monthly climatic water balance
and follows standardized climatic water-balance and Z-score approaches used in previ-
ous drought studies [33,34]. At each monthly time step, climatic water balance is first

calculated as
WB =P — PET (10)

where WB is the water balance value (unit: mm/month), P is the precipitation (unit:
mm/month), PET is the potential evapotranspiration (unit: mm/month). This represents
the net water available in the system after accounting for losses due to evapotranspiration.

X—p
o

DSI = (11)
where X is the current value of water balance (unit: mm/month). y is the long-term mean
of the variable (unit: mm/month), and ¢ is the long-term standard deviation of the variable
(unit: mm/month). Table 4 presents the classification of drought and wetness severity
based on DSI values.

p= L1y, (12)
Ni:l
1 Y )
o= mi:1(xi — 1) (13)

Table 4. Classification of Drought and Wetness Severity Based on DSI Values.

DSI Value Drought Classification
DSI<—-2.0 Extreme Drought
—-2.0<DSI<-15 Severe Drought
—-15<DSI<-1.0 Moderate Drought
—1.0<DSI<1.0 Normal Condition
DSI>1.0 Wet Condition

In this study, DSI was standardized separately for each SSP at each grid cell. For
a given SSP, the time series used for calculating the mean and standard deviation con-
sisted of the monthly water-balance values from the historical period (1850-2014) followed
by those from the corresponding SSP projection (2015-2100), resulting in a continuous
1850-2100 series. The mean and standard deviation were calculated from all valid monthly
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values in this pathway-specific series and were applied consistently throughout the series.
Thus, the four SSPs were standardized independently.

All data processing and drought index calculations were performed in Python
(v3.10.16), using a variety of libraries for data manipulation, analysis, and visualization.
Data handling was performed with pandas and NumPy (v2.2.6), while xarray (v2025.6.1)
and netCDF4 (v1.7.4) were used to process NetCDF files. Spatial analysis was conducted
with rasterio (v1.4.3) and GeoPandas (v1.0.1), and visualization was carried out with Mat-
plotlib (v3.9.4) and seaborn. For statistical analysis, SciPy (v1.15.2) and statsmodels were
used. These tools together supported the computation of the drought indices and the
scenario-based analyses.

3. Results
3.1. Comparison of Drought Index Behavior Across Documented Drought-Affected Regions

To compare how the four drought indices characterize drought-prone conditions
across representative regions, five well-documented recent drought events were selected to
identify representative drought-affected regions and their characteristic drought seasons.
These include the severe drought in Europe in 2022, the prolonged drought in the Horn
of Africa from 2020 to 2023, the “Mega Drought” in central Chile since 2010, the historic
drought in the western United States in 2022, and the extreme drought in southern China
in 2022. These documented events are used as regional and seasonal references rather than
as year-specific validation targets for the free-running CMIP6 simulations. Based on the
four SSP scenarios, Table 5 summarizes the drought conditions characterized by SPEI, TCI,
DSI, and SSMI across these five representative regions, providing a comparative overview
of the responses of the four indices.

Table 5. Description of Drought Categories Based on Four Drought Indices in August 2022.

Drought Event SSP SPEI TCI DSI SSMI
High and Low Normal; Moderate Drought; Moderate Drought; Severe
126 Normal Severe Drought;
Heat Stress Drought; Extreme Drought
Extreme Drought
High and Low Normal; Moderate Drought; Moderate Drought; Severe
245 Normal Severe Drought;
Heat Stress Drought; Extreme Drought
Severe European Drought Extreme Drought
(2022, Europe) . .
Normal; Moderate Drought; Moderate Drought; Severe
370 Normal Low Heat Stress Severe Drought; .
Drought; Extreme Drought
Extreme Drought
Normal; Moderate Drought; Moderate Drought; Severe
585 Normal Low Heat Stress Severe Drought;
Drought; Extreme Drought
Extreme Drought
Normal; High and Low Normal; Moderate Drought; Normal; Moderate Drought;
126 Moderate Heat Stress Severe Drought Severe Drought;
Drought & Extreme Drought
Normal; High and Low Normal; Moderate Drought; Normal; Moderate Drought;
245 Moderate Heat S g D h S D h
Horn of Africa Persistent Drought eat Stress evere Drought evere Drought
Drought (2020-2023, N |
East Africa ormal; . . . .
) 370 Moderate Low Heat Stress Normal; Moderate Drought; Normal; Moderate Drought;
Severe Drought Severe Drought
Drought
Normal; . . . .
585 Moderate Low Heat Stress Normal; Moderate Drought; Normal; Moderate Drought;
Severe Drought Severe Drought
Drought
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Table 5. Cont.

Drought Event SSP SPEI TCI DSI SSMI
Normal;
126 l\él?gjrié High and Low Moderate Drought; Moderate Drought; Severe
sht Heat Stress Severe Drought Drought; Extreme Drought
Extreme
Drought
Normal;
Moderate . . .
245 Drought; High and Low Moderate Drought; Moderate Drought; Severe
g Heat Stress Severe Drought Drought; Extreme Drought
“Mega Drought” in Extreme
Central Chile Drought
(2010—present, Normal;
South America)
Moderate Moderate Drought; Moderate Drought; Severe
370 Drought; Low Heat Stress
Severe Drought Drought; Extreme Drought
Extreme
Drought
Normal;
Moderate Moderate Drought; Moderate Drought; Severe
585 Drought; Low Heat Stress gnt; gt
Severe Drought Drought; Extreme Drought
Extreme
Drought
Normal;
126 hé?gsr;t: High and Low Moderate Drought; Severe Moderate Drought; Severe
st Heat Stress Drought; Extreme Drought Drought; Extreme Drought
Extreme
Drought
Normal;
245 Bé?gjr?:: High and Low Moderate Drought; Severe Moderate Drought; Severe
Extrefr;ne/ Heat Stress Drought; Extreme Drought Drought; Extreme Drought
Historic Drought in Drought
Western U.S. (2022,
North America) hl/}lo;mal;
oderate
- Moderate Drought; Severe Moderate Drought; Severe
370 Drought; Low Heat Stress Drought; Extreme Drought Drought; Extreme Drought
Extreme
Drought
Normal;
Moderate . .
585 Drought; Low Heat Stress Moderate Drought; Severe Moderate Drought; Severe
’ Drought; Extreme Drought Drought; Extreme Drought
Extreme
Drought
Normal; R Normal; Moderate Drought; Normal; Moderate Drought;
High and Low . .
126 Moderate Heat Stress Severe Drought; Severe Drought;
Drought Extreme Drought Extreme Drought
Normal; . Normal; Moderate Drought; Normal; Moderate Drought;
High and Low ) )
245 Moderate Heat Stress Severe Drought; Severe Drought;
Extreme Drought in Drought Extreme Drought Extreme Drought
Southern China (2022) Normal; Normal; Moderate Drought; Normal; Moderate Drought;
370 Moderate Low Heat Stress Severe Drought; Severe Drought;
Drought Extreme Drought Extreme Drought
Normal; Normal; Moderate Drought; Normal; Moderate Drought;
585 Moderate Low Heat Stress Severe Drought; Severe Drought;
Drought Extreme Drought Extreme Drought

3.1.1. Severe European Drought (2022, Europe)

In the summer of 2022, Europe experienced one of the most severe droughts in mod-
ern history. According to the European Drought Observatory, nearly two-thirds of the
European continent faced drought alerts or warnings by August 2022. This event marked
the most severe drought in Europe in the past 500 years [35]. Central and southern Europe
suffered from extreme drought, leading to critically low soil moisture and river water levels.
This crisis severely affected multiple sectors across numerous countries. The consequences
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included restrictions on municipal water supply, reduced crop yields, widespread wild-
fires, decreased hydropower generation, limited river navigation, and compromised dam
stability [36]. The EU’s agricultural sector sustained significant production losses, particu-
larly in key crops. Corn yields decreased by 16 percent relative to the five-year average.
Similarly, soybean production fell by 15 percent, while sunflower seed output declined
by 12 percent [36,37]. In France, for example, hydropower generation decreased due to
depleted reservoirs, and several nuclear power plants faced cooling water shortages caused
by low river levels. Inland shipping operations faced major disruptions due to falling water
levels. The Rhine River’s declining water levels, for example, increased transportation
costs and disrupted supplies of critical commodities including coal and oil. The drought
caused serious ecological consequences across European waterways. In Italy’s Po River,
water levels fell to record lows, exposing historical artifacts that included sunken ships and
ancient bridges. The widespread societal impacts of this drought have underscored the
urgency of improved water resource management, and the scientific community has begun
to document the event in detail [38—40]. Figure 1 shows the drought conditions represented
by the four indices in this region across the four SSP scenarios.

(a) DSI - SSP1-2.6 (b) DSI - S5P2-4.5 (c) DSI - SSP3-7.0 (d) DSI - SSP5-8.5
ﬂﬁ'_ e =
75°N 4 ’
o >
‘é s0°Nd
g
45°N
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Figure 1. Drought Conditions Characterized by the Four Indices in Europe in August 2022.

3.1.2. Persistent Drought in the Horn of Africa (2020-2023, East Africa)

As of February 2022, parts of the Horn of Africa were experiencing a multi-season
drought. Rainfall during the 2020 short rains (October to December), the 2021 long rains
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(March to May), and the 2021 short rains had all fallen below normal levels. This prolonged
drought has exacerbated the region’s ongoing food security crisis. The United Nations
has described this drought as the worst in 40 years [41,42]. Agricultural systems in Kenya,
Ethiopia, and Somalia have nearly collapsed, with sharp declines in food production and
severe pasture degradation. Since the onset of the drought in October 2020, at least
36.1 million people have been affected across the region—24.1 million in Ethiopia,
7.8 million in Somalia, and 4.2 million in Kenya [43]. According to the Food Security
and Nutrition Working Group, more than 20.5 million people in Ethiopia, Somalia, and
Kenya face acute food insecurity and worsening malnutrition. This number was projected
to rise to between 23 and 26 million by February 2023. The drought has also caused
widespread livestock deaths, while water scarcity has led to the spread of disease and seri-
ous public health issues. Ecologically, the region has suffered extensive impacts, including
wildlife mortality and grassland degradation. This drought is not only a climate crisis but
also a humanitarian catastrophe, forcing millions to migrate to less affected areas [43,44].
Figure 2 shows the drought conditions represented by the four indices in this region across
the four SSP scenarios.
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Figure 2. Drought Conditions Characterized by the Four Indices in the Horn of Africa in August 2022.
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3.1.3. “Mega Drought” in Central Chile (2010-Present, South America)

Central Chile, where more than 10 million people live, has faced ongoing drought since
2010. The region’s annual average precipitation has dropped by 20% to 40% compared to
historical levels. This event, known as the “Mega Drought”, is the longest-lasting drought
recorded in the region’s history and is considered extremely rare over the past several
millennia. Its impacts have been widespread, severely affecting water supply, causing
vegetation degradation, and increasing the frequency and severity of wildfires. Over time,
it has evolved into a crisis with profound social and economic consequences [45]. The
agricultural and viticultural sectors have been most severely affected. Many orchards
and vineyards have experienced total crop failure, and livestock deaths have increased
sharply. To deal with the water shortage, the city of Santiago introduced a zone-based water
rationing policy. In some remote towns, drinking water had to be delivered by fire trucks.
In early 2023, the prolonged drought coincided with extreme heat. This combination led to
massive wildfires that swept through the region, burning more than 425,000 hectares of
forest. These fires were among the most severe the area has experienced in recent years [46].
Figure 3 shows the drought conditions represented by the four indices in this region across
the four SSP scenarios.
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Figure 3. Drought Conditions Characterized by the Four Indices in Central Chile in August 2022.
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3.1.4. Historic Drought in Western U.S. (2022, North America)

According to the U.S. Drought Monitor report of 10 June 2022, 88.5% of the land in
the western United States was experiencing drought. These conditions extended across
California, Nevada, Arizona, New Mexico, Utah, Idaho, Montana, Oregon, and Washington.
Of this area, 55% was classified as experiencing “extreme drought.” In Utah alone, about
90% of the land was under extreme drought, and 64% was classified as “exceptional
drought,” the most severe level. Arizona (87% in extreme drought), California (85%), and
Nevada (76%) reported similarly severe conditions. Drought conditions were expected to
persist and intensify through the summer across much of the Southwest, California, and
parts of the Pacific Northwest and Missouri River Basin, with severe to exceptional drought
anticipated in these areas. More than 58 million people in the region were living under
drought conditions [47,48]. In California, major reservoirs were holding only about half of
their usual water levels. This situation led states to issue emergency water conservation
orders. The drought also caused a sharp drop in water availability across the Colorado
River Basin. This reduced hydropower output and increased pressure on the regional
energy supply. Figure 4 shows the drought conditions represented by the four indices in
the western United States across the four SSP scenarios.
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Figure 4. Drought Conditions Characterized by the Four Indices in the Western U.S. in August 2022.
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(a)

3.1.5. Extreme Drought in Southern China (2022, Asia)

Southern China has a dense population and a highly developed economy. Over the
past few decades, the region has experienced several prolonged droughts, which have
had major impacts on economic development [49-52]. In the summer and autumn of
2022, southern China experienced a record-breaking drought. The areas most affected
were those south of the middle and lower reaches of the Yangtze River. Poyang Lake,
the largest freshwater lake in China, fell to its lowest water level on record. In Jiangxi
Province, a central region of China, a “red alert” for water supply was issued for the
first time in history. Normally serving as a major outlet for floodwaters from the Yangtze
River—China’s longest river—Poyang Lake had been suffering from drought since June. At
a key monitoring point, the water level fell from 19.43 m to just 7.1 m over the span of three
months. The drought-affected regions including Chongging, Sichuan, Jiangxi, and Hunan,
damaging a total of 6.09 million hectares of crops and causing direct economic losses
of CNY 51.2 billion (approximately USD 7.6 billion) [53]. In addition to agriculture, the
drought severely disrupted river navigation, electricity generation, water supply systems,
and ecosystems throughout the Yangtze River Basin. Figure 5 shows the drought conditions
represented by the four indices in southern China across the four SSP scenarios.
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Figure 5. Drought Conditions Characterized by the Four Indices in Southern China in August 2022.
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3.1.6. Seasonal Distribution of Drought Occurrence

To examine how the four indices distribute drought occurrence within the year, this
study computed the monthly frequency of drought over the historical period 1985-2014.
A grid cell was counted as being in drought when SPEI, DSI, or SSMI fell below —1.0, or
when TCI fell below 50%, consistent with the classification thresholds given in Section 2.3.
Figure 6 shows the resulting monthly distribution for the five regions, with the months of
the documented drought events shaded; Table 6 compares drought frequency inside and
outside those months. The documented event months are used here as seasonal references,
and the analysis examines whether the climatological seasonal distribution of simulated
drought occurrence is concentrated in a similar part of the annual cycle rather than whether
the simulations reproduce the specific documented events.

Seasonality of Simulated Drought (1985-2014)
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Figure 6. Seasonality of simulated drought over the five drought-affected regions examined
(1985-2014). Letters on the horizontal axis denote the initials of the calendar months, from Jan-
uary (J) to December (D).
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Table 6. Distribution of simulated drought relative to the months of the documented drought event
in each region (1985-2014).

Region

(Event Index In Event Outside Peak Peak in
. Window (%)  Window (%) Month Window
Window)

DSI 68.9 04 Jul Yes
Europe SSMI 71.9 6.6 Aug Yes
(Jun—-Aug) SPEI 0.7 0.6 Apr No
TCI 2.5 8.6 Feb No
DSI 91.2 0.7 Jan Yes
Central Chile SSMI 57.2 6.3 Feb Yes
(Dec-Feb) SPEI 15 14 Nov No
TCI 0.9 29 Oct No
DSI 65.3 1.8 Aug Yes
Western U.S. SSMI 67.6 8.8 Jul Yes
(Jun—-Aug) SPEI 0.5 0.6 Mar No
TCI 4.7 4.6 Dec No
Southern DSI 19.5 5.6 Oct Yes
China SSMI 28.5 104 Oct Yes
(Jul-Oct) SPEI 0.8 0.7 Jul Yes
TCI 0.0 0.3 Feb No
Horn of DSI 7.1 22.0 Mar Yes
Africa SSMI 75 19.1 Feb No
(Mar-May, SPEI 3.5 3.3 Dec Yes
Oct-Dec) TCI 3.0 0.9 Dec Yes

Over Europe, central Chile, and the western United States, DSI and SSMI concentrate
drought almost entirely within the shaded months, and in all three regions the month of
highest drought frequency falls inside the event window. The same tendency appears over
southern China, where both indices place drought in late summer and autumn. SPEI shows
essentially no change in drought frequency between the event months and the remainder of
the year. TCI likewise shows no correspondence with the event months, and its maximum
drought frequency generally occurs in winter.

Taken together with the spatial patterns in Figures 1-5, these results indicate systematic
differences in the behavior of the four indices under the formulations adopted in this
study. SPEI was calculated at a 12-month accumulation scale (SPEI-12), which integrates
water-balance conditions over the preceding 12 months. Its relatively weak within-year
variation is therefore partly associated with this temporal formulation and should not be
generalized to SPEI calculated at shorter accumulation scales. TCI is derived from surface
temperature and was classified using a binary threshold in this study, resulting in a coarser
representation of drought conditions than the multi-level classifications used for the other
indices. DSI and SSMI show stronger seasonal concentration in several of the examined
regions, although the degree of correspondence varies among regions.

This comparison characterizes differences in the behavior of the indices within the
CMIP6 modelling framework adopted here, rather than their accuracy relative to obser-
vations; no independent evaluation against observational, reanalysis or other benchmark
datasets was undertaken. Within these limits, DSI and SSMI provided the most internally
consistent and temporally informative representation among the four indices considered,
and the subsequent analysis of future drought evolution is therefore based primarily on
these two.
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3.2. Trend Analysis of Three Drought Severity Levels

To better understand how future drought severity may change under different climate
scenarios, this study carried out a spatial analysis. The extent of moderate, severe, and
extreme drought was calculated using the two indices identified above, DSI and SSMI.
For each month, a grid cell was counted as affected at a given severity level when the
index value I (DSI or SSMI) fell within the corresponding range defined in Tables 2 and 3:
moderate drought for —1.5 < I < —1.0, severe drought for —2.0 < I < —1.5, and extreme
drought for I < —2.0. These calculations were conducted across the four SSP scenarios,
allowing a comparative assessment of projected drought area changes. Table 7 presents the
rates of change in drought-affected areas for different severity levels and under the four
SSP scenarios. Figure 7 further illustrates these trends, showing the temporal evolution of
drought-affected areas from 1850 to 2100.

Table 7. Drought Area Change Rates (km?2/ year) Across SSPs and Periods.

Index SSP Moderate Moderate Severe Severe Extreme Extreme
1850-2014 2015-2100 1850-2014 2015-2100 1850-2014 2015-2100
SSP1-2.6 —471.45 —22,197.98 3296.61 28,677.79 —2474.09 79,383.95
DSI SSP2-4.5 1469.40 —41,411.63 2234.53 50,827.52 —3344.47 211,660.94
SSP3-7.0 2577.77 —57,759.57 805.51 46,911.78 —3243.89 352,707.06
SSP5-8.5 4907.22 —59,647.06 —2000.84 46,031.53 —3251.45 464,157.17
SSP1-2.6 903.21 —1156.34 4627.69 20,493.13 2667.50 56,250.40
SSMI SSP2-4.5 1647.12 —4846.51 4443.67 48,843.51 2084.78 94,695.22
SSP3-7.0 1891.90 —9962.50 4336.30 85,545.64 2010.22 119,199.59
SSP5-8.5 2654.17 —14,358.81 4176.93 85,629.64 1095.52 168,082.95
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Figure 7. Area Change Trend of Three Drought Severity Levels.

3.2.1. Analysis and Description of Drought Severity Changes Under Different Indices (DSI
and SSMI) and SSPs

Figure 7 shows that DSI exhibits distinct patterns of drought severity change across
the four SSP scenarios. Under the low-emission scenario (55P1-2.6), the increase in drought
area is limited, and the severe and extreme drought areas show little further growth toward
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the end of the century. However, under the high-emission scenario (SSP5-8.5), the severe
and extreme drought areas increase markedly after 2015, while the moderate drought area
remains close to its earlier level. The rise is especially sharp for extreme drought. This
indicates that high-emission pathways are associated with a shift toward more intense
drought rather than a uniform expansion of drought area.

SSMI exhibits a smoother trend than DSI across the four SSP scenarios. However,
severe and extreme drought areas generally show more pronounced growth under higher-
emission scenarios, particularly SSP5-8.5. Under the adopted standardization, this suggests
a greater expansion of areas classified as severe or extreme soil-moisture drought, with
potential implications for agricultural and ecological stress.

The trend analysis of the three drought severity levels shows differences in their
behavior. Moderate drought (yellow line) covers the largest area for most of the period, but
changes little over time. In contrast, the severe and extreme drought areas increase steadily,
and under high-emission scenarios the extreme drought area increases most rapidly. This
suggests that future droughts are projected to become more intense.

3.2.2. Analysis of Drought Change Patterns and Implications Across Different SSPs

Under the adopted pathway-specific standardization, SSP5-8.5 shows the highest
rate of increase in extreme drought area for both DSI and SSMI over the future period
(2015-2100), indicating a marked expansion of this category relative to the reference dis-
tribution used for that pathway. In contrast, SSP1-2.6 shows lower rates of increase in
severe and extreme drought areas for both indices than the other three scenarios. Under
the intermediate scenarios (SSP2-4.5 and SSP3-7.0), the extreme drought area growth rates
for both indices fall between those of SSP1-2.6 and SSP5-8.5. These contrasts describe differ-
ences in the evolution of relative drought conditions under the adopted pathway-specific
standardization. Because the reference distributions differ across pathways, the contrasts
cannot be attributed solely to differences in emissions or used on their own to quantify the
drought-reduction benefits of mitigation. The implications for cross-scenario comparability
are discussed in Section 4.4.

3.2.3. Comparison of Temporal Sensitivity and Stability Between DSI and SSMI

A comparison of the drought area changes indicated by DSI and SSMI reveals clear
differences between the two indices. DSI shows larger variations, particularly under the
higher-emission scenarios, whereas SSMI varies more smoothly and follows a compara-
tively more stable temporal pattern. These differences are particularly evident in the severe
and extreme drought categories, for which the affected area increases more markedly to-
ward the end of the century. DSI and SSMI therefore exhibit contrasting temporal variability
in projected drought-affected area. Used together, the two indices provide complemen-
tary perspectives on drought evolution from climatic water-balance and soil-moisture
perspectives, which is relevant for interpreting future changes in drought conditions.

3.3. Global Drought Trend Analysis

In 2025, the drought distribution indicated by DSI in Figure 8 shows that the most
severely affected regions include the southwestern United States, northern South America
(e.g., near Venezuela), southern Africa, the Mediterranean, Southeast Asia, parts of East
Asia, and eastern Australia. SSMI indicates a broader extent, with the greatest drought
impacts across much of North and South America, northern and southern Africa, the
Mediterranean, parts of Europe, East Asia, and parts of Australia. Differences among the
four SSP scenarios are also apparent in Figure 8.
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Figure 8. Global Drought Distribution in 2025.

Within the adopted CMIP6 framework, DSI tracks monthly changes in precipitation
and potential evapotranspiration; this monthly response suggests potential value for
characterizing short-term dry conditions in temperate and subtropical regions. In 2025,
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DSI shows stronger drought signals in South America, eastern Australia, and Southeast
Asia, and this pattern appears consistently across all four SSP scenarios. In contrast, SSMI
reflects medium- to long-term soil-moisture dynamics and indicates water deficits in arid
and semi-arid regions. In areas such as North Africa, Mongolia, and the Middle East, SSMI
shows marked soil moisture depletion across all four scenarios. This spatial consistency
suggests potential value for model-based drought assessment in these regions, although its
suitability for long-term drought monitoring remains to be evaluated independently.

Figure 9 traces how the two indices evolve from 2025 to 2100 across the emission
pathways. For DSI, drought stays mild and limited in extent under SSP1-2.6. As greenhouse
gas concentrations rise under SSP2-4.5, the affected areas widen and drought intensity
increases, and under SSP3-7.0 conditions worsen and spread further. The SSP5-8.5 panel
shows the largest drought extent of the four, with intense and widespread conditions across
much of the world; southern North America, northern South America, Africa, East Asia,
Southeast Asia, and eastern Australia show markedly greater extent and intensity than
under the lower-emission pathways.

The SSMI results follow a similar gradient. Under SSP1-2.6, the drought-affected areas
stay relatively stable and center on eastern North America, North Africa, parts of Asia,
and eastern Australia; although soil moisture declines there, the overall impact remains
contained. The loss deepens under SSP2-4.5 and raises drought pressure in several regions,
then continues to grow under SSP3-7.0 alongside rising water resource stress. The SSP5-8.5
panel shows the greatest soil moisture loss, concentrated over eastern and southern North
America, northern South America, North Africa, northern Asia, East Asia, and parts of
Australia. These regions face more severe water shortages, and the loss of soil moisture
adds to the pressure on agriculture. As greenhouse gas concentrations continue to rise,
regions exhibiting drying trends generally show stronger drying under the higher-emission
pathways, while some regions exhibiting wetting trends also show enhanced wetting.

Under the SSP3-7.0 and SSP5-8.5 scenarios, drought conditions are markedly more
severe than under SSP1-2.6 and SSP2-4.5. As greenhouse gas concentrations continue to rise,
global drought conditions are projected to worsen, particularly in South America, Africa,
Australia, and parts of Asia. Many areas already experiencing severe drought in 2025 are
projected to become substantially drier by 2100, and these regions also show the greatest
increase in drought over the period. This spatial persistence suggests that present-day
drought patterns may provide a useful indication of where future risk will concentrate.
By 2100, southern North America, northern South America, Africa, eastern Australia,
and parts of Asia, including southern China and Southeast Asia, emerge as the principal
projected drought hotspots under the CMIP6 ensemble framework. As drought becomes
more widespread and intense, the associated impacts are likely to be substantial. Water
resources may become scarce, agriculture may face greater stress, and ecosystems may
become more vulnerable to damage. As climate change intensifies, drought in these regions
is likely to have serious consequences, particularly for agriculture and water resource
management. These areas are emerging as key regions of high drought sensitivity globally.

The results presented in this section are based on the multi-model ensemble mean, in
which the fields from individual CMIP6 models are averaged at each grid cell before the
drought indices are computed. This approach combines information from the available
models, but the spatial patterns in Figures 8 and 9 do not establish the extent of model
agreement. The nominal statistical significance shown in Figure 9 should not be interpreted
as evidence of such agreement. Ensemble averaging can smooth temporal fluctuations
and spatial contrasts that differ among models, although its effect on the magnitude of
the resulting drought changes has not been assessed here. Inter-model uncertainty was
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not quantified in this study, and a more detailed assessment remains a useful direction for
further work. The implications of these limitations are discussed in Section 4.4.
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Figure 9. Global Drought Trend Analysis from 2025 to 2100 (Trend: month~!). Gray dots indicate
10 x 10 grid-cell blocks where at least 90% of cells show significant trends (p < 0.05).
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4. Discussion
4.1. Consistency of the Present Findings with Previous Studies

With the continued intensification of climate change, global drought conditions are
becoming increasingly severe. Observational records of precipitation, runoff, and drought
indices show a clear trend. Since the 1950s, droughts have become more severe in most
land areas. Looking ahead, drought risk is expected to increase further over the 21st
century. Various climate models project that many regions will experience more severe and
widespread droughts in the next 30 to 90 years.

Against the backdrop of climate change, global warming is expected to substantially
increase drought hazard in regions that frequently experience drought. These risks include
longer durations and greater intensity of drought events. Moreover, droughts are expected
to cover larger areas in the future. Regions that are already warm and dry, such as south-
ern Africa and the Mediterranean, may become even hotter and drier [54-57]. Existing
research has identified several high-risk drought regions, including the Mediterranean,
Central America, and southern Africa [58], the Amazon Basin [59], the southwestern United
States [56,60], as well as parts of East Asia, West Asia, and Australia [61]. These areas are
already experiencing frequent drought events, along with persistent aridity and marked
soil moisture deficits. The future drought projections in this study support the findings of
earlier research. They are also consistent with the spatial patterns of drought risk identified
previously. The results of this study indicate that, under high-emission scenarios, drought
conditions are projected to intensify across regions including South America, Africa, north-
ern and southern Asia, eastern Australia, and the southern United States. In these areas, the
extent and severity of drought are expected to intensify further. This consistency indicates
that the projected spatial patterns are broadly aligned with those reported in previous
studies. These corresponding areas should thus be prioritized in future adaptation planning
and drought risk management strategies.

4.2. Climate Warming as a Core Driver of Global Change and Its Impact on Drought

Climate warming is a major driving force behind global change. It can exacerbate
drought severity and accelerate drought development [62]. This is mainly due to the
combined effects of reduced precipitation, increased evapotranspiration, or both [55].

Specifically, climate warming influences drought in several key ways. As global
temperatures continue to rise, evaporation rates increase sharply. This effect is especially
strong in arid and semi-arid regions. In these areas, water quickly evaporates from soils
and water bodies, making water scarcity even worse. In addition, higher temperatures raise
atmospheric water vapor levels, resulting in more intense precipitation events. However,
this type of precipitation is often unevenly distributed. It usually comes as heavy rainfall
over a short period. As a result, it does not effectively recharge groundwater and can even
lead to flooding.

Beyond the direct increase in temperatures, climate warming has also substantially
altered global and regional precipitation patterns. Many regions are experiencing declining
precipitation trends, particularly in tropical and subtropical areas. Climate change has
caused precipitation to become more seasonal and less stable across regions. This shift has
led to more frequent and longer-lasting drought events. At the same time, climate warming
has altered atmospheric circulation patterns. These changes affect moisture transport
between wet and dry regions. As a result, areas that are already vulnerable become
more likely to experience drought. In particular, under high-emission scenarios, climate
warming exerts a stronger influence on the hydrological cycle, leading to increased drought
risks globally.
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The impact of drought also varies substantially under different global greenhouse
gas emission scenarios. According to the IPCC Sixth Assessment Report, under SSP5-
8.5, global temperature is projected to increase by over 4 °C by the end of this century,
which would profoundly affect drought occurrence. Climate models project that under
SSP5-8.5, the world will experience more frequent and severe extreme drought events,
especially in tropical and subtropical regions. These regions are already at high drought
risk, and the combination of higher temperatures and intensified evaporation will further
exacerbate water crises. In contrast, low-emission scenarios such as SSP1-2.6 are asso-
ciated with a smaller rise in global temperatures. Although drought risks from climate
change will still exist, the severity and frequency will be relatively lower. Under low-
emission scenarios, reducing greenhouse gas emissions can slow global warming. This
provides valuable time to develop and implement future climate adaptation strategies [63].
Therefore, controlling greenhouse gas emissions not only helps mitigate climate warming
trends but also effectively reduces the risk of drought, supporting the sustainable use of
water resources.

4.3. Human Influences, Drought Risk and Implications for Adaptation

The results should also be interpreted in the context of human influences on the
hydrological cycle. Previous studies have shown that human water use, reservoir regu-
lation, land-use change and agricultural irrigation can substantially modify runoff and
soil moisture processes, and thereby affect the timing, duration and severity of hydrolog-
ical drought [64,65]. Across much of Asia, the Middle East and the Mediterranean, the
relative contribution of human activity to changes in drought severity has been reported
to approach 100% [65], while reservoirs can alleviate drought by storing water during
wet seasons and increasing availability during dry seasons, an effect that is particularly
evident over large parts of Europe and North America [65]. Conversely, excessive land
reclamation and unsustainable land use have led to soil degradation. At the same time, over-
extraction of water resources has caused groundwater levels to decline. These problems
make water scarcity even more serious. In some arid regions, agriculture depends heavily
on irrigation. When this irrigation relies on groundwater, it accelerates the depletion of
water resources.

The present study is confined to the climatic component: the indices used here are
derived entirely from CMIP6 output and represent drought arising from the atmospheric
water balance, land surface temperature and soil moisture, without accounting for direct
human intervention in the water cycle. The conditions projected here should therefore be
understood as the climate-driven component, which may be amplified or offset by water
management at the regional scale. Incorporating the interaction between climate change
and human water use is therefore a necessary step in future drought projection.

It should further be noted that an increase in future drought hazard does not nec-
essarily imply the same level of drought risk across regions. Studies have shown that
if current warming trends continue, the gap between water supply and demand could
increase fivefold in large parts of Africa, Australia, southern Europe, the southern and
central United States, Central America, the Caribbean, northwestern China, and parts of
South America. Previous research has shown that future drought risk depends not only
on changes in drought frequency and severity but also on changes in population exposure
and socioeconomic vulnerability [66]. Regions with lower levels of human development
generally have lower adaptive capacity and may therefore experience more severe socioe-
conomic impacts under comparable levels of hazard; sub-Saharan Africa and South Asia in
particular face the most severe future drought risk precisely because hazard, exposure and
vulnerability coincide there [66].
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The drought hotspots identified in this study should therefore be regarded not only
as regions of increasing climatic drought hazard, but also as areas requiring particular
attention in water resource management, agricultural adaptation and ecosystem protection.
For example, optimizing the allocation and use of water resources, adopting water-saving
agricultural technologies, and enhancing the drought resistance of urban water systems
can all help mitigate the impacts of drought [67,68]. Integrating drought hazard with
population exposure and socioeconomic vulnerability, so as to extend the assessment from
hazard towards comprehensive drought risk, is a useful direction for further work.

4.4. Methodological Limitations and Uncertainty

Several methodological considerations should be taken into account when interpreting
the present results. The regional drought events referred to in this study are used only as
regional and seasonal references rather than as observational validation targets, and the
analysis itself is based on CMIP6 simulations. In addition, the specific multi-model ensem-
ble fields used in this study were not independently evaluated against observational or
reanalysis datasets. Previous evaluations of CMIP6 models provide useful general context,
but they do not constitute a direct validation of the particular ensemble constructed here.
Accordingly, the results should primarily be interpreted as a comparative assessment within
the CMIP6-based framework. Similarly, agreement between the projected drought-prone
regions identified here and those reported in previous studies is treated as a qualitative
consistency check rather than as an independent assessment of robustness.

An additional source of uncertainty arises from the variable-specific composition of
the multi-model ensemble. Precipitation, surface temperature, and moisture in the upper
portion of the soil column are represented by a larger set of CMIP6 models than potential
evapotranspiration. SPEI and DSI should therefore be interpreted as ensemble-level diag-
nostics within the adopted framework rather than as ensemble means of water-balance
estimates calculated independently for the same set of individual models. The limited
availability of PET simulations should consequently be considered when interpreting the
magnitude and long-term evolution of these indices. Precipitation, surface temperature,
and moisture in the upper portion of the soil column are represented by sixteen CMIP6
models, whereas potential evapotranspiration is represented by three. Consequently, the
water-balance component used in SPEI and DSI combines ensemble-mean precipitation and
PET fields derived from different model populations. This approach retains the available
information for each input variable, but it does not preserve a one-to-one model correspon-
dence between precipitation and PET. Differences between these model populations may
affect the resulting water balance. The comparisons involving SPEI and DSI in Section 3.1
may therefore reflect differences in input-model composition as well as index formulation,
and these contributions cannot be separated in the present analysis. Likewise, the DSI
drought areas and trends reported in Section 3.2 are conditional on this combination of
precipitation and PET ensembles.

SSMI and TCI do not involve this particular cross-variable matching issue, although
all four indices remain affected by the use of averaged inputs before index calculation.
Ensemble averaging can smooth temporal fluctuations and spatial contrasts that differ
among models, so the resulting fields do not retain the full range of conditions simulated
by individual models. For the index comparisons in Section 3.1, standardization parame-
ters depend on the input series used, and SPEI additionally involves distribution fitting;
computing indices from ensemble-mean inputs is therefore not generally equivalent to
averaging individual-model indices. For the DSI and SSMI analyses in Section 3.2, drought
areas and their trends derived from ensemble-mean inputs are not generally equivalent
to the averages of the corresponding results calculated separately for individual models.
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These effects do not establish whether the reported drought changes are systematically
underestimated or overestimated. Moreover, the ensemble-derived results do not show
the spread among models or how many models support a particular regional pattern
or trend direction. The reported drought-area changes and projected regional patterns
should therefore be interpreted as characteristics of the constructed ensemble fields; inter-
model uncertainty was not quantified in this study and their consistency across individual
models remains unassessed. Assessing this uncertainty and the sensitivity to ensemble
construction would require model-by-model calculations using the necessary inputs, with
matched precipitation and PET inputs for SPEI and DSI, potentially involving additional
data collection.

The four drought indices differ in their effective temporal formulation. Although all
four indices yield monthly values, SPEI was calculated at a 12-month accumulation scale
(SPEI-12), so each monthly SPEI value integrates climatic water-balance conditions over
the preceding 12 months. In contrast, TCI, DSI, and SSMI are calculated from monthly
input fields without a comparable 12-month accumulation. Differences among the indices
may therefore partly reflect their distinct temporal formulations as well as the climatic
variables represented by each index. The comparison should consequently be interpreted
as a comparison of index behavior under the adopted formulations rather than as a strictly
scale-matched evaluation.

Pathway-specific standardization introduces a further consideration when interpret-
ing Figure 7 and Table 7. DSI and SSMI were standardized separately for each SSP using
the concatenated historical simulation (1850-2014) and the corresponding future projec-
tion (2015-2100). This procedure expresses water-balance and soil-moisture conditions
relative to the mean and variability of each pathway’s full historical-future series, rather
than relative to a fixed historical baseline. Although the historical input fields are identical
across pathways, differences in the future projections can produce different reference means
and standard deviations. Consequently, the same historical input can yield different stan-
dardized index values, and fixed drought-category thresholds can correspond to different
ranges of the underlying variables. This explains the differences in historical drought-area
levels in Figure 7 and historical drought-area trends in Table 7. These differences arise from
pathway-specific standardization and subsequent drought classification, rather than from
differences in the simulated historical climate.

Within each pathway, the historical and future periods share the same standardization
parameters, allowing their relative evolution to be examined against a common pathway-
specific reference. Across pathways, however, the reference distributions differ. The greater
increases in extreme-drought area under higher-emission pathways shown in Figure 7 and
Table 7 should therefore be interpreted as results under the adopted standardization. Cross-
pathway contrasts may reflect both differences in projected climate and differences in the
standardization reference; the contribution of the latter to their magnitude and ordering has
not been assessed. Accordingly, the cross-scenario comparisons in Section 3.2 should not be
attributed solely to differences in emissions or used on their own to quantify the drought-
reduction benefits of mitigation. Using a fixed historical baseline shared by all pathways
would remove the historical differences attributable to pathway-specific standardization
and provide a common reference for cross-pathway comparisons. Evaluating the sensitivity
of the findings to this alternative remains a direction for future work.

5. Conclusions

This study compares the behavior of different drought indices under the four SSP
scenarios and explores the influence of climate change on future global drought trends.
Within the adopted CMIP6 framework and index formulations, DSI and SSMI appeared
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to characterize drought more consistently than SPEI-12 and TCI in the regions examined,
both in their seasonal correspondence with the reference drought windows and in the
spatial structure of the simulated drought fields, suggesting their complementary value
for characterizing drought dynamics in these simulations. A comparison of DSI and SSMI
trends shows that DSI reflects variations in climatic water balance associated with precipi-
tation and potential evapotranspiration and exhibits larger variations in drought-affected
area, whereas SSMI reflects soil moisture variations and shows a comparatively smoother
temporal response. These differences suggest that DSI may provide useful information on
climatic water balance variations in temperate and subtropical regions, whereas SSMI may
provide complementary information on soil moisture deficits in arid and semi-arid areas.
Notably, SSMI indicates an amplification of spatial drying and wetting tendencies under
higher-emission scenarios, highlighting increasing spatial differentiation in projected soil
moisture conditions. Meanwhile, DSI more directly reflects the overall increasing tendency
of drought conditions globally. The complementary temporal and spatial characteristics of
these two indices make their joint consideration useful for characterizing future drought
evolution within the framework of this study.

Future droughts are expected to become more severe and widespread, particularly in
regions such as southern North America, northern South America, Africa, eastern Australia,
and parts of Asia (e.g., southern China and Southeast Asia). Under high-emission scenarios,
these areas are expected to experience a larger extent of severe and extreme drought.
Reduced precipitation and higher evapotranspiration make them major global drought risk
regions. Under the high-emission scenario SSP5-8.5, extreme drought areas expand rapidly,
and drought severity increases markedly. This suggests that without effective emission
controls, the global population would face more serious drought challenges in the future.
In contrast, the low-emission scenario SSP1-2.6 shows a slower increase in drought-affected
areas. It is also associated with fewer extreme droughts, highlighting the important role of
mitigation strategies in lowering future drought risks. Moderate-emission scenarios such
as SSP2-4.5 and SSP3-7.0 may not completely prevent further deterioration. However, they
can slow its development, showing that even partial mitigation efforts are valuable.

The combined use of DSI and SSMI provides complementary information for assessing
future drought conditions and may improve the characterization of their spatial and
temporal evolution within the adopted CMIP6 framework; this potential benefit remains to
be evaluated independently. These results highlight the importance of carefully selecting
and interpreting drought indices under climate change. As global warming continues,
drought conditions are likely to pose increasing challenges to water resources, agriculture,
and ecosystems. The differences among the SSP scenarios further indicate the potential
importance of coordinated mitigation and adaptation strategies for reducing future drought-
related impacts.
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The following abbreviations are used in this manuscript:

SPEI Standardized Precipitation Evapotranspiration Index

TCI Temperature Condition Index
SSMI Standardized Soil Moisture Index
DsI Drought Severity Index
CMIP6 Coupled Model Intercomparison Project Phase 6
SSP Shared Socioeconomic Pathway
LST Land Surface Temperature
PET Potential Evapotranspiration
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