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A B S T R A C T

Droughts strongly affect ecosystems, hydrology, agrifood production, and their interactions, and understanding 
how drought trends may evolve under global warming is critical for climate adaptation. However, the robustness 
and sources of uncertainty in projected drought trends remain insufficiently quantified. Our results show that 
future drying signals differ systematically between dryland and non-dryland regions depending on the drought 
metric used. The Standardized Precipitation Evapotranspiration Index (SPEI) indicates stronger drying in dry
lands, where the area with significant decreases reaches 48-59% under SSP245 and 69-77% under SSP585, 
compared with 20-33% and 40-53% in non-drylands. In contrast, the Aridity Index (AI) indicates broader drying 
in non-dryland regions, where significantly affected areas reach 26-41% under SSP245 and 55-68% under 
SSP585, compared with 17-24% and 40-53% in drylands. Uncertainty is dominated by inter-model differences: 
GCMs explain 37.5% of the total variance, exceeding the contributions of emission scenario (18.4%) and 
drought-index choice (12.8%), indicating that model structural differences are the primary source of spread in 
projected drought trends. These findings show that future drought evolution depends strongly on both region 
type and drought metric, and they highlight the need to better constrain model-related uncertainty for more 
reliable drought-risk assessment under global warming.

1. Introduction

Droughts often detrimentally impact ecosystems (Shi et al., 2021; 

Zhang et al., 2021b), food production (Lobell et al., 2020; Mieno et al., 
2024), and socioeconomic systems (Ercin et al., 2021; Naumann et al., 
2021; Shahpari et al., 2021). For instance, the impacts of drought on 
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gross primary production (GPP) are projected to triple by the end of the 
21st century (2075-2099) compared with 1985-1999 (Xu et al., 2019). 
For food production, drought conditions significantly increase the risk of 
crop yield losses (Leng and Hall, 2019), and crop yields are shown to be 
more sensitive to drought events under climate change (Gampe et al., 
2021; Lobell et al., 2020). Drought conditions are expected to increase 
due to greenhouse warming (Balting et al., 2021; Chiang et al., 2021), 
especially in drylands (Li et al., 2021), which also enhances the risk of 
drought occurring simultaneously in different regions (Singh et al., 
2022). These increased drought risks could also lead to simultaneous 
yield shocks in different breadbaskets (Anderson et al., 2023; Gaupp 
et al., 2019). Developing robust drought trend projections and quanti
fying the source of uncertainties among different models is critical for 
developing more effective adaptation strategies under climate change.

Recently, some studies have projected drought trends using different 
Global Climate Models (GCMs) at regional scales (Shi et al., 2020; Yao 
et al., 2020) and global scales (Pokhrel et al., 2021; Zhang et al., 
2022). For instance, arid regions such as northwestern China and 
Australia are likely to suffer more severe drought conditions (Chen et al., 
2022; Zheng et al., 2024). Conversely, some humid regions, such as 
southeastern China (Chen et al., 2022) and Northern Europe (Christidis 
and Stott, 2021), are getting wetter. These conditions are often related to 
the “wet get wetter, dry get drier” (WWDD) mechanics (Allan et al., 
2020; Held and Soden, 2006; Jin et al., 2023), which has been widely 
used to summarize global and regional wet-dry cycle trends (Liang and 
Zhang, 2022; Zaitchik et al., 2023). However, implications associated 
with the WWDD paradigm are very much subject to the selection of the 
drought index, the data source, the climate horizon, and the greenhouse 
gas emissions scenario (Xiong et al., 2022). Some regions show pro
jections opposed to the WWDD mechanism under future climate change 
(Xiong et al., 2022). For example, drylands such as the Qinghai-Tibet 
Plateau are becoming wetter (Zhang et al., 2021a), while some humid 
regions, such as the Amazon, show significant drying trends for the 21st 
century (Parsons, 2020). Although many studies have projected drought 
trends under climate change, few have comprehensively identified the 
variability within and validity of the WWDD paradigm via comparison 
of drought indices using data from large GCM ensembles.

Drought conditions are mainly associated with precipitation and 
evapotranspiration and can be characterized using various drought 
indices (Guo et al., 2025; Xu et al., 2021). However, different indices 
reflect different drought characteristics due to their varied sensitivities 
to climate variables. For instance, the Standardized Precipitation 
Evapotranspiration Index (SPEI) reflects the balance between precipi
tation and potential evapotranspiration (PET) (Vicente-Serrano et al., 
2010), which can be used to capture the effect of temperature and 
moisture on drought conditions (Shi et al., 2020; Yao et al., 2018). The 
Aridity Index (AI) provides insights into long-term dryness and a 
comprehensive picture of the water balance in different regions (Greve 
et al., 2019). Although the SPEI is easy to compare across different re
gions and times due to standardization, it can sometimes obscure the 
absolute levels of drought conditions. Using these two indices can pro
vide a more complete perspective on drought trends under climate 
change.

Model ensemble configurations (e.g., model composition and size) 
impact drought projections due to the large output uncertainties across 
GCMs (Li et al., 2023a). For instance, GCMs with higher equilibrium 
climate sensitivity (ECS) often project stronger temperature increases 
(Galik, 2019), raising PET and producing more severe drought condi
tions. Consequently, different ensemble members can affect projections, 
and important information might be obscured when relying solely on 
ensemble means due to the considerable uncertainty within the large 
model pool (Li et al., 2023a; Sándor et al., 2023; Solazzo and Galmarini, 
2015). Investigating model projections from different subsets of the 
ensemble can provide different perspectives, which have been applied in 
the projections of crop yields and wind-wave patterns (Li et al., 2023a; 
Morim et al., 2019). However, no such studies have been conducted to 

project drought trends.
Since the large uncertainties among different GCMs (John et al., 

2022; Yazdandoost et al., 2021), identifying the main sources of un
certainty in drought projections is crucial for improving our under
standing of drought evolution under climate change. Several studies 
have attributed uncertainty in such projections to variations in GCMs 
and emissions scenarios (Ji et al., 2024; Lu et al., 2019). Some studies 
have also identified the PET model used to calculate SPEI as an addi
tional source of uncertainty, as projected drying in PET-based drought 
metrics may depend on the adopted PET formulation under greenhouse 
warming, particularly when temperature-driven approaches such as 
Thornthwaite are used (Frierson and Scheff, 2015; Shi et al., 2020). 
However, few studies have considered the uncertainty source from 
different drought indices. Moreover, previous studies have primarily 
focused on the uncertainty associated with drought intensity and fre
quency, rather than trends in drought over time and with the changing 
climate (Phelan et al., 2018). A systematic assessment of the sources of 
uncertainty implicit in drought trend projections will help bridge the 
gap in understanding long-term drought evolution under climate 
change.

Here, we project drought trends using the SPEI and AI using data 
from 36 GCMs and three shared socio-economic pathways (SSPs; 
SSP126, SSP245, and SSP585) from the Coupled Model Intercomparison 
Project (CMIP6). We make the trends of SPEI and AI comparable through 
standardized adjustments. This allows us to project drought trends from 
different perspectives. The objectives of this study are to (1) project 
drought characteristics using different indices and a multi-model 
ensemble under various scenarios, (2) reveal temporal and spatial pat
terns of drought and thus identify regions that are becoming drier or 
wetter, and (3) explore the sources of uncertainty in drought trend 
projections. This study can improve our understanding of drought evo
lution under climate change, which is important for developing water 
resource management practices.

2. Data and methods

2.1. Climate data

In this study, we employed 36 Global Climate Models (GCMs) from 
the Coupled Model Intercomparison Project (CMIP6) across three 
Shared Socioeconomic Pathways (SSPs): SSP126, SSP245, and SSP585 
(Table S1). The SSP126, SSP245, and SSP585 represent a radiative 
forcing level projected at 2.6 W/m2, 4.5 W/m2, and 8.5 W/m2, respec
tively (Liddicoat et al., 2021; O'Neill et al., 2016). These 36 GCMs 
include models with high equilibrium climate sensitivity (ECS), such as 
UKESM1-0-LL, IPSL-CM6A-LR, and HadGEM3-GC31-LL, medium ECS 
models like GFDL-CM4, EC-Earth3-Veg, and ACCESS-ESM1-5, and low 
ECS models such as INM-CM4-8 and INM-CM5-0 (Meehl et al., 2020). 
The historical period covered is 1930-2014, and the future projection 
period spans 2015-2099. This large ensemble can capture a broad range 
of climate conditions and provide a comprehensive insight into potential 
futures (Ruane and McDermid, 2017). To ensure compatibility with the 
spatial analysis, all 36 GCMs were resampled to a common 0.5◦ grid 
using bilinear interpolation. The multi-model median was then used as 
the primary ensemble statistic, because it reduces sensitivity to outlier 
model responses while preserving the spread of the ensemble. This un
weighted ensemble approach provides a broad representation of CMIP6 
uncertainty, but it does not constitute a bias-corrected or 
performance-weighted ensemble.

We compared the multi-GCM ensemble performance for temperature 
and precipitation against observational data from the 0.5◦ AgMERRA 
(“agricultural”-modified Modern-Era Retrospective Analysis for 
Research and Applications) gridded reanalysis product during 
1980–2010. In general, temperature and precipitation showed broadly 
similar large-scale spatial patterns between the multi-model ensemble 
and AgMERRA observations, and the density plots also indicated similar 
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overall distributions (Fig. S1). We treat this comparison as a basic con
sistency check of the driving climate fields rather than as a formal 
validation of drought or aridity indices. Because this study focuses on 
relatively long-term drought trends and uncertainty partitioning rather 
than deterministic reconstruction of observed drought conditions, bias 
correction was not applied.

2.2. Drought index

2.2.1. Computation of SPEI
The SPEI is calculated by standardizing the difference between pre

cipitation (P) and PET (Vicente-Serrano et al., 2010). PET was calculated 
using the Thornthwaite method (Thornthwaite, 1948). The SPEI has 
been widely used to project drought conditions at different time scales 
(Li et al., 2021; Yao et al., 2018), and has also been used to analyze the 
impacts on crop yields and ecosystems (Li et al., 2023b; Zhang et al., 
2021b). In this study, we used the mean of negative annual SPEI 
values (SPEI ≤0) to characterize dry-anomaly intensity within a given 
period. Because SPEI is standardized around zero, values below zero 
indicate annual conditions that are drier than the local climatological 
normal. Therefore, SPEI ≤0 was used only as an anomaly-separation 
criterion to summarize the average magnitude of negative 
water-balance departures. It was not used as a categorical threshold for 
identifying drought events or estimating drought frequency. We 
acknowledge that stricter thresholds are more suitable for event-based 
drought classification, whereas our aim was to assess long-term drying 
tendencies by retaining all negative SPEI anomalies. The SPEI was 
calculated by the R package of ‘SPEI’ (https://cran.r-project.org 
/web/packages/SPEI/index.html).

2.2.2. Computation of Aridity Index
The Aridity Index (AI) is an effective method for estimating long- 

term climatic conditions, aiding in the identification of drylands and 
non-drylands. It is calculated as the ratio of annual precipitation to PET 
(Trabucco and Zomer, 2018). In this study, we use AI to identify the 
regions of dryland and non-dryland and analyze the drought evolution. 
Generally, both SPEI and AI are widely used for analyzing drought 
conditions. SPEI can be computed across different timescales and em
ploys a standardization process that allows for comparisons across 
diverse intervals and regions. However, SPEI's reliance on a consistent 
historical baseline for standardization can complicate comparisons 
among different future scenarios. In contrast, AI does not depend on 
historical data for standardization, making it a more stable and absolute 
measure of dryness, suitable for consistent comparison across various 
climates and future conditions. Nonetheless, AI is less sensitive than 
SPEI to short-term temperature variability, primarily reflecting 
long-term drought conditions. By combining SPEI and AI, we compre
hensively assess drought dynamics from both the relative deviations 
from historical conditions and absolute water balance perspectives. 
Since we mainly focus on the trends of SPEI and AI, bias correction of the 
GCMs is not necessary in this study. In this study, we use historical AI to 
identify regions of dryland and non-dryland. Since the AI may shift 
under climate warming, the dryland boundaries could expand or con
tract in future periods (Huang et al., 2015). However, to enable 
consistent comparisons of drought trends across scenarios and time 
periods, we use a fixed dryland and non-dryland classification based on 
the historical AI throughout the analysis.

In this study, we selected two complementary drought indices. The 
SPEI captures the balance between precipitation and potential evapo
transpiration, reflecting relative deviations from historical conditions, 
while the AI represents the long-term water balance and absolute dry
ness level. To direct comparison with AI and to emphasize long-term 
drought evolution, SPEI was calculated from annual values and 
analyzed at the annual scale in this study. Using both indices on the same 
temporal basis reduced the influence of short-term variability and pro
vided a more consistent framework for comparing SPEI- and AI-based 

trend projections. In addition, the absolute magnitudes of these two 
indices are not directly comparable; therefore, our analysis focuses 
primarily on their long-term trends rather than on absolute values. By 
combining these indices, we are able to characterize drought evolution 
from both relative and absolute perspectives. These differing construc
tions explain why the two indices may diverge in both magnitude and 
direction across regions and scenarios.

2.3. Sen's slope

The Sen's slope is a non-parametric approach used to analyze data 
trends, especially in time series analysis (Sen, 1968). This approach 
considers the median of possible pairwise slopes, effectively reducing 
the influence of extreme values. In this study, Sen's slope was used to 
quantify trends in climate variables (temperature and precipitation) and 
drought indices (SPEI and AI) during the historical (1930–2014) and 
future (2015–2099) periods. These two equal-length periods were 
defined for long-term trend comparison, particularly for comparing the 
spatial patterns of historical and future drought change, rather than as 
separate reference periods for SPEI standardization. This design enabled 
direct comparison of drought-trend magnitude and direction between 
historical and future climates while ensuring comparable Sen's slope 
estimates across periods of the same length. Each period spans 85 years, 
which helps identify stable long-term trends and reduces the influence of 
interannual variability. The calculation of Sen's slope is as follows: 

θ=Median
(

xj − xi

j − i

)

(j> i) (1) 

Where xj and xi are values of annual temperature, precipitation, SPEI, 
and AI in i and j year, respectively. This study also analyzed the Sen's 
slope changes of SPEI and AI under a 30-year moving window. The 
moving-window analysis is intended to illustrate temporal trend evo
lution rather than statistical significance, which is assessed separately 
for fixed-period spatial trends. We chose a 30-year moving window as it 
is commonly used to detect climate trends and to minimize the influence 
of interannual variability. A shorter 10-year window could be more 
sensitive to internal variability and extreme events, leading to less stable 
trends. However, because SPEI values are standardized and not directly 
comparable in historical contexts, we used the ratio of SPEI to its stan
dard deviation (SPEI/SD) to make adjustments for comparability.

2.4. Mann-Kendall (MK) test

The MK test analyzes the significance of time series trends (Kendall, 
1975; Mann, 1945). In this study, we use the Z value from the MK test to 
analyze the SPEI and AI that significantly increase or decrease. A general 
expression for the MK test is calculated as follows: 

S=
∑n− 1

i=1

∑n

j=i+1
sgn

(
xj − xi

)
(2) 

Where sgn is calculated as: 

sgn(x)=

⎧
⎨

⎩

− 1, for x < 0
0, for x = 0
1, for x > 0

(3) 

The Z value is calculated as follows: 

Z=

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

S − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(S)

√ if S > 0

0 if S = 0
S + 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(S)

√ if S > 0

(4) 

Z was used to identify the significant trends in SPEI and AI. A Z > 1.96 
indicates a statistically significant increase. Conversely, a Z < − 1.96 
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indicates a statistically significant decrease.

2.5. Cluster analysis

We used an agglomerative-hierarchical clustering approach to pro
vide drought trend projections from different ensemble members. Our 
study uses the Manhattan distance (D) to compute the distances between 
different drought trend projections among 36 GCMs (Borg and Groenen, 
2005; Willett, 1988). This method used drought trend results at each 
grid location and was applied without pre-selection. It allowed us to 
identify GCMs with high similarity in spatial patterns of drought trends 
and reveal drought projections from different ensemble members. This 
approach has been applied to crop yield changes (Li et al., 2023a), 
warming (Brunner et al., 2020), and wind-wave climate projections 
(Brunner et al., 2020) to reveal results from different ensemble members 
as well as quantifying their independent weights. We applied a single 
hierarchical clustering approach using Manhattan distance and com
plete linkage to group GCMs. The optimal number of clusters was 
determined using the Gap statistic (B = 100), evaluated across k = 2–10 
within the same clustering framework. Based on this diagnostic, the 
optimal number of clusters was k = 3 for SPEI and k = 2 for AI. To 
facilitate direct comparison between SPEI- and AI-based groupings, we 
additionally present AI clustering results using k = 3 alongside the 
optimal k = 2 solution. All GCMs were analyzed on the same regular 
grid, and grid cells were equally weighted when characterizing spatial 
drought trend patterns for clustering. In this study, we applied cluster 
analysis for drought trends to identify differences and similarities across 
the 36 GCMs, providing new insights into drought evolution projections 
and guiding model selection for further analysis or policy-making. 
Cluster analysis focused on SSP585 because drought-trend signals 
were strongest and most spatially coherent under this scenario, allowing 
model differences to be more clearly distinguished.

2.6. Consistent across models

In this study, we quantified the consistency of projected drought 
trends using an inter-model agreement metric. For each grid cell, we first 
computed Sen's slope for each CMIP6 model. The sign of the multi-model 
median Sen's slope was then used as the reference trend direction 
(positive indicating a wetting tendency and negative indicating a drying 
tendency). Inter-model agreement was defined as the percentage of 
models whose Sen's slope sign matched the reference direction, calcu
lated as: 

Agreement (%)=
Nagree

Ntotal
× 100 (5) 

Where, Nagree is the number of models with the same trend as the multi- 
model median, and Ntotal is the total number of models.

2.7. Uncertainty analysis

We used a three-factor analysis of variance (ANOVA) to quantify the 
dominant sources of uncertainty in drought trends under future climate 
change. Since SPEI and AI differ in units and variability, we normalized 
each index by its temporal standard deviation (SD) to improve compa
rability in trend and uncertainty analyses. Specifically, SD was calcu
lated at each grid cell over the analysis period, and we used SPEI/SD and 
AI/SD as dimensionless standardized metrics in the ANOVA-based un
certainty decomposition. The formula of ANOVA is as follows: 

SS = SSIndex + SSGCM + SSSSP + SSGCM×Index + SSSSP×Index + SSGCM×SSP +

SSGCM×SSP×Index                                                                             (6)

Where SSIndex SSGCM SSSSP are the uncertainty sources from GCM, 
drought index, and SSP. SSGCM×Index + SSSSP×Index + SSGCM×SSP +

SSGCM×SSP×Index represent their interaction influence. The interaction 

terms capture non-additive effects, where the impact of one factor de
pends on the level of another index.

3. Results

3.1. Projected climate change

Temperature and precipitation showed distinct trend patterns across 
scenarios (Fig. 1a). During the historical period (1930–2014), precipi
tation trends were generally weak, with slight decreases in southern 
Asia, Brazil, and southern Africa and slight increases in northern Africa. 
Under SSP126, precipitation changed little overall, with slight increases 
across much of the Northern Hemisphere and slight decreases in parts of 
Africa and Australia. Under SSP585, precipitation increased more 
strongly across most regions, except for parts of northern Africa, South 
Africa, and northern South America, which show a decrease. Tempera
ture trends under SSP126 showed little change compared to the his
torical period, whereas under SSP585, there is a substantial increase in 
temperature (Fig. 1a). Although precipitation increases with greenhouse 
warming, the higher temperatures likely increase PET, accelerating 
drought conditions. The spatial patterns of temperature and precipita
tion trends are shown in Fig. S2. In this study, drylands were defined as 
areas with AI < 0.65 (Fig. S3). Although the precipitation shows a larger 
magnitude increase in non-dryland than in dryland, both areas have a 
similar relative increase under three scenarios (Fig. 1b). Incremental 
gains in temperature were similar in dryland and non-dryland regions, 
although historical temperatures in dryland regions were higher.

3.2. Temporal variation in drought indices

The time series of SPEI and the relative change in AI from 1930 to 
2099 showed distinct changes in drought characteristics across sce
narios (Fig. 2). SPEI was presented as a continuous annual time series 
over the full study period (1930–2099). SPEI is shown as a continuous 
annual series over the full analysis period rather than being standardized 
separately within sub-periods. Historical SPEI values were generally 
higher than those under future scenarios, especially SSP585. Overall, 
both SPEI and AI decreased under climate change, with the strongest 
decline under SSP585. In dryland regions, SPEI showed a larger 
decrease, dropping from approximately 0.39 in 1930 to around − 0.33 
under SSP126 and -1.1 under SSP585. SSP245 falls between SSP126 and 
SSP585. SSP126 shows little change or a slight increase after 2050. In 
non-dryland regions, SPEI showed a smaller decline, decreasing from 
around 0.15 in 1930 to about − 0.05 under SSP126 and -0.55 under 
SSP585. Although SPEI shows a larger decrease in magnitude in dry
lands, AI indicates a more substantial decrease in non-dryland regions, 
with reductions of 21% in non-drylands and 17% in drylands under 
SSP585. This indicates that different indices can reflect different levels 
of drought change.

The SSP585 scenario shows a stronger increase in drought intensity 
compared to SSP126 and SSP245 (Fig. S4) for the future period, espe
cially in the Middle East, northern Africa, and parts of South America. 
Some regions, such as parts of North America and Asia, show a slight 
decrease in drought intensity. For AI, there is a substantial decrease 
across many regions, particularly in South America, southern Africa, and 
parts of Asia, indicating a significant increase in drought conditions 
(Fig. S5). Generally, drought conditions increase with higher forcing 
scenarios, indicating that greenhouse warming exacerbates drought 
severity.

3.3. Drought trend projection under future scenarios

SPEI and AI showed broadly similar drying tendencies in many re
gions, but with region-specific differences in trend magnitude and di
rection under future climate change (Fig. 3 and Fig. S6). The SPEI trend 
showed limited change during the historical period and under SSP126 
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(Fig. 3a). Negative trends occurred in northern Africa, which are even 
more pronounced during the historical period than those in the future 
period under SSP126. However, the SPEI trends under SSP245 and 
SSP585 show more pronounced negative trends in most regions, 
particularly in Africa, the Middle East, and South America, with the most 
severe changes observed under SSP585. Approximately 46% and 65% of 
areas exhibit SPEI trends lower than − 0.1 per decade under SSP245 and 
SSP585, respectively, compared to only around 15% of areas showing 
trends lower than − 0.1 under the historical period and SSP126 (Fig. 3c). 
For AI trend projections, the AI trends are around 0 during the historical 
period and under the SSP126 scenario. Under SSP245 and SSP585, 
although AI shows decreasing trends in most regions, the spatial patterns 
are different in some regions compared with the SPEI trends (Fig. S6). 

The two indices generally agreed in projecting drying across parts of 
Africa and South America and wetting over the Tibetan Plateau, whereas 
clearer contrasts occurred in northern Africa and the Middle East, where 
SPEI showed stronger drying, and in parts of North America and Europe, 
where AI indicated drying but SPEI showed weak wetting tendencies. 
Overall, SPEI is more sensitive to climate change, especially in dryland 
regions, while AI indicates broader regions with increased drought 
conditions under SSP585, particularly in non-dryland regions. In dry
lands, even modest increases in PET substantially reduce the water 
balance (P-PET), resulting in stronger negative SPEI trends. In contrast, 
changes in AI are smaller when both precipitation and PET remain low. 
In non-drylands, where precipitation is generally higher, insufficient 
compensation for rising PET lowers the P/PET ratio, leading to stronger 

Fig. 1. Precipitation and temperature trends during historical (1930–2014) and future (2015–2099) climate periods. a, Spatial patterns of temperature and 
precipitation trends in historical and future periods, calculated using Sen's slope based on the multi-model median (36 GCMs) under SSP126 and SSP585 scenarios. b, 
Time series in multi-model ensemble median values of precipitation and temperature from 1930 to 2099 under SSP126, SSP245, and SSP585 scenarios for dryland 
and non-dryland regions. Shaded areas represent the 25th and 75th percentiles. The black dashed lines divide the historical and future periods.

Fig. 2. Time series of multi-model median area-mean SPEI and relative change in AI from 1930 to 2099 for dryland, non-dryland, and all regions under 
SSP126, SSP245, and SSP585. Shaded areas indicate the 25th and 75th percentiles across the 36 GCMs. Black dashed lines separate the historical (1930–2014) and 
future (2015–2099) periods. SPEI is shown as a continuous annual series over the full analysis period.
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AI declines.
The inter-model variance of SPEI and AI Sen's slopes among the 36 

GCMs represents the spread of projected drought trends under each 
scenario (Fig. 3b and Fig. S6b), whereas robust trend signals are indi
cated directly on the main trend maps by stippling. Stippled grid cells 
denote locations where at least 80% of CMIP6 models agree on the sign 
of the multi-model median Sen's slope. Robust drying signals were 
widespread under SSP126 and SSP245 in many regions and became 
more spatially extensive under SSP585, particularly for SPEI. In 
contrast, several regions, including parts of South America, the Tibetan 
Plateau, Central Africa, and parts of North America, showed relatively 
high inter-model variance under SSP585, indicating greater spread in 
projected trend magnitude among models. By comparison, lower vari
ance together with widespread stippling in Europe and Australia indi
cated more consistent projections of drying for both indices. The spatial 
mismatch in inter-model variance between SPEI and AI is mainly related 
to their different index constructions. SPEI is based on standardized 
anomalies of climatic water balance, whereas AI is based on the ratio 
between precipitation and PET. Therefore, model differences in pre
cipitation and PET can be amplified in different regions by the two 
indices. In drylands, uncertainty in PET-driven water-balance changes 
can lead to larger SPEI spread, while in humid or transitional regions, AI 
is more sensitive to model differences in whether precipitation changes 
compensate for increasing PET. The full spatial patterns of inter-model 
agreement are shown in Fig. S7–S9. Agreement generally exceeded 
80% across most regions, particularly for SPEI and in dryland regions, 
and tended to increase from SSP126 to SSP585, indicating greater model 
consistency in projected drought changes under stronger greenhouse 
warming.

Thirty-year moving-window trends showed substantial scenario- 
dependent changes in both SPEI and AI (Fig. 4a). We find that during 
1930-2014, the SPEI Sen's slope decreased over time. There is a slight 
increase after 2020 under SSP126 and after 2030 under SSP245. For 
SSP585, drought trends show a strong decrease in dryland regions but 
change relatively little after 2050 in non-dryland regions. The trend 
change patterns of AI are similar to those of SPEI, but AI shows a lower 
magnitude. The percentage of area showing significant decreases 
increased markedly across scenarios for both SPEI and AI (Fig. 4b; 
Fig. S10). We find that around 22-34%, 13-34%, 48-59%, and 69-77% of 
dryland regions, and around 11-18%, 5.5-12%, 20-33%, and 40-53% of 
non-dryland regions shows a significant decrease in SPEI under the 
Historical, SSP126, SSP245, and SSP585 scenarios, respectively. For AI, 
there are around 6.3-10%, 5.1-9.5%, 17-24%, and 40-53% for dryland 
regions, and 11-19%, 5.6-13%, 26-41%, and 55-68% for non-dryland 
regions. Regions with significant increases in SPEI and AI were less 
extensive than regions with significant decreases (Fig. 4 and S6). Sta
tistically significant hotspots of increasing drought risk broadly matched 
the trend patterns shown in Fig. 4 and Fig. S6 (Fig. S11–S12). Overall, 
regions showing increased drought risk in the trend analyses (Fig. 4 and 
Fig. S6) also tend to exhibit statistically significant changes, highlighting 
robust “hotspots” of increasing drought risk. Comparing SPEI and AI, we 
find that the two indices show broadly similar spatial patterns in trend 
direction over most regions, but differ in the significance of those trends, 
particularly under SSP126 and SSP245. Specifically, significantly 
increasing drought risk is projected more extensively for SPEI than for 
AI. This discrepancy likely reflects differences in index construction. 
Generally, more areas show significant decreases in SPEI in dryland 
regions, while more areas show significant decreases in AI in non- 

Fig. 3. Spatial patterns of SPEI trends in the historical period (1930–2014) and future period (2015–2099) under SSP126, SSP245, and SSP585. a, Multi- 
model median Sen's slope of SPEI among 36 GCMs, representing SPEI trends (per 10 years) under different scenarios. Stippled grid cells indicate robust trend signals, 
defined as locations where at least 80% of CMIP6 models agree on the sign of the multi-model median trend. b, Inter-model variance of Sen's slope among the 36 
GCMs, representing the spread of projected trends. c, Density distributions of trend values and inter-model variance during the historical period and the three 
future scenarios.
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dryland regions.
Since there are still large uncertainties among different GCMs, 

ensemble members largely impact the model projections (Li et al., 
2023a). Our results indicate that, among the various scenarios, 
drought trends under SSP585 exhibit considerable variance (Fig. 3 and 
Fig. S6). To fully capture the drought trends from different ensemble 
members, we applied cluster analysis to the drought trend (SPEI and AI) 
projections under SSP585. We find that ensemble members greatly 
impact drought trend projections (Fig. 5 and Fig. S13), particularly in 
regions with high variances. For example, cluster 3 (cluster 2 for 
Fig. S14) projects significant decreases in AI, especially in parts of South 
America, Africa, Europe, and southern Asia, whereas cluster 1 does not 
show such pronounced trends (Figs. S13–S14). Similarly, for SPEI, 
different clusters exhibit varying trends in regions with high variance 
among the 36 GCMs (Fig. 5). The cluster analysis indicates that the 
ensemble is not homogeneous but instead organizes into distinct groups 

of GCMs with similar drought signals. This suggests that part of the 
inter-model uncertainty quantified in the ANOVA arises from these 
structured differences. This analysis provides an interpretive link be
tween the raw spread of GCM projections.

3.4. The uncertainty analysis

The dominant sources of uncertainty varied among regions and 
among the three main factors considered (GCM, SSP, and drought index) 
(Fig. 6). The GCM was the dominant source of uncertainty regarding 
drought trend projection in the Tibetan Plateau, Central Africa, Europe, 
and Southern South America. The drought index was the main source of 
uncertainty in Northern Africa, the Middle East, Northwest China, and 
Eastern Canada. In Southern Europe, the northern part of South Amer
ica, and parts of Africa, SSP was the dominant source of uncertainty. 
Generally, the GCM contributed 44.2%, 31.6%, and 37.5% of 

Fig. 4. Drought trends using a 30-year moving window under SSP126, SSP245, and SSP585. a, The SPEI and AI trends quantified by Sen's slope over a 30-year 
moving window for all regions, dryland, and non-dryland areas. In each panel, the thin solid line shows the median trend across the 36 GCMs for each window, and 
the thick solid line shows the smoothed median trend. b, The percentage of areas with a significant decrease (Z < − 1.96) tested by the MK test under historical, 
SSP126, SSP245, and SSP585. Box boundaries indicate the 25th and 75th percentiles across 36 GCMs.

Fig. 5. Hierarchical clustering of CMIP6 GCMs based on gridded SPEI trend patterns for 2015–2099 under SSP585. The top panel shows the dendrogram 
derived using Manhattan distance and complete linkage, with models grouped into three clusters. The bottom panel maps the multi-model median SPEI trends for 
each cluster, illustrating distinct spatial patterns of projected drought trends across model subsets.

L. Li et al.                                                                                                                                                                                                                                        Weather and Climate Extremes 53 (2026) 100924 

7 



uncertainty in non-dryland, dryland, and all regions, respectively. The 
proportion of uncertainty from the drought index exhibited a significant 
difference between non-dryland, dryland, and all regions, accounting for 
3.8%, 20.1%, and 12.8%, respectively. The SSP contributed 18.2%, 
18.6%, and 18.4% of uncertainty in non-dryland, dryland, and all re
gions, showing similar contributions for dryland and non-dryland 
regions.

4. Discussion

4.1. Drought evolution under climate change

Our results show that the SPEI shows a large reduction in dryland in 
the future under SSP245 and SSP585 (Fig. 2), indicating a pronounced 
increase in drying risk in these regions. At the large scale, this pattern is 
broadly consistent with the wet-gets-wetter, dry-gets-drier (WWDD) 
paradigm, because warming tends to increase atmospheric evaporative 
demand and amplify moisture deficits in already dry regions, even 
where moisture transport and precipitation may increase elsewhere 
(Chou et al., 2009; Zhou et al., 2022). However, the WWDD framework 
does not fully explain the regional patterns shown in Fig. 3 and Fig. S6. 
For instance, both SPEI and AI project a wetting trend in the Tibetan 
Plateau (Fig. 3 and Fig. S6). This wetting is more likely associated with 
circulation-related increases in moisture transport and enhanced pre
cipitation under warming, including changes in the subtropical westerly 
jet and monsoonal influences (Zhang et al., 2020). By contrast, parts of 
humid tropical regions, including the Amazon, show a drying trend 
under greenhouse warming, especially under SSP585 (Fig. 3 and 
Fig. S6). This projected drying is more directly interpreted as reflecting 
the combined effect of increased atmospheric evaporative demand and 
projected precipitation changes under warming. This interpretation is 
consistent with CMIP6-based analyses showing that, in some models, 
although increasing temperature and drying can offset the positive effect 
of CO2 fertilization and trigger localized Amazon dieback (Parry et al., 
2022), these processes were not explicitly diagnosed in this study. In 
addition, large-scale climate variability associated with ENSO may 
further modulate drought risk in the Amazon (Singh et al., 2022), while 
deforestation may further reduce forest resilience in the region (Flores 
et al., 2024). Overall, these results indicate that, although WWDD cap
tures broad large-scale tendencies, regional drought evolution is more 
complex and depends on circulation changes and the balance between 
precipitation and atmospheric evaporative demand, particularly in 
humid or transitional regions where the sign of change may differ from 

the large-scale expectation (Greve and Seneviratne, 2015).

4.2. Model selection impact on drought trend projection

We showed that GCM selection can significantly influence drought 
trend projections (Fig. 5 and Fig. S8). Climate change projections are 
basically classified as relatively cool-wet, cool-dry, middle, hot-wet, and 
hot-dry over the full GCM range (Ruane and McDermid, 2017). This 
classification potentially helps in selecting suitable subsets that effec
tively reflect the full range of GCMs (McSweeney and Jones, 2016; 
Ruane and McDermid, 2017). However, because different GCMs project 
different climate conditions, the multi-model ensemble may mask 
model-specific process differences, as opposing responses across models 
can partially cancel out. Our community ensemble incorporates 
different potential ensemble members that can provide a comprehensive 
overview of drought trend projections. Each cluster, therefore, repre
sents a different mode of drought evolution, highlighting systematic 
inter-model differences that can be obscured by the multi-model mean 
(Li et al., 2023a; Morim et al., 2019). In addition, while the multi-model 
ensemble provides a useful approach for projection, our results indicate 
that it may reflect an average across fundamentally different 
drought-evolution pathways. Consequently, relying on the ensemble 
mean alone can mask regionally important contrasts in drought-risk 
trajectories and may result in a redundant representation of ensemble 
projections (Solazzo and Galmarini, 2015). The cluster-based frame
work offers a structured way to interpret projection uncertainty by 
identifying regions where model groups consistently indicate increasing 
drought risk versus regions where signals diverge across clusters. For 
instance, policymakers can select representative models from each 
cluster to reduce computational demands. In addition, the GCMs with 
high ECS tend to project stronger drought trends (Fig. 5 and Fig. S13). 
ECS refers to the equilibrium temperature increase resulting from a 
doubling of CO2 (IPCC and Intergovernmental Panel on Climate, 2023; 
Meehl et al., 2020). Higher ECS models generally predict higher tem
peratures and increased PET, leading to more severe drought conditions. 
For example, the GCMs in Cluster 1 of the SPEI trend projections (Fig. 5) 
and Cluster 3 of the AI trend projections (Fig. S13), which include a 
higher proportion of high-ECS models (Hausfather et al., 2022), tend to 
project stronger increases in drought severity. Under these assumptions, 
more international efforts are needed to reduce net greenhouse gas 
emissions to achieve sustainable development (Scafetta, 2022). Our 
results show that different GCMs form clusters with internally consistent 
drought projections but divergent signals across groups. Such results 

Fig. 6. The relative contribution of different sources of uncertainty in projecting drought trends under various GCMs, SSPs, and indices. Each drought 
index was standardized for comparability by its ratio to the standard deviation. a, Spatial uncertainty distribution attributed to GCM, SSP, Index, and their in
teractions. The “Interaction” category represents the sum of GCM, SSP, and Index interactions, including GCM-SSP, GCM-Index, SSP-Index, and GCM-Index-SSP 
interactions. b, Average contribution of each source of uncertainty and their interactions in non-dryland, dryland, and all regions.
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indicated that the future drought may have different potential condi
tions within the ensemble. Although this cluster analysis does not reduce 
the overall uncertainty, it clarifies its origin by distinguishing systematic 
inter-modal differences.

4.3. The source of uncertainty in drought trend projections

The drought projections are robust in some regions, such as the 
Amazon, Mediterranean, and Australia, similar to previous studies 
(Ukkola et al., 2020). However, there are still some regions that do not 
exhibit great agreement in drought trend projections (Fig. 3). GCMs are 
the main source of uncertainties in drought trend projections for the 
Tibetan Plateau, Central Africa, Europe, and Southern South America. 
The GCM-induced uncertainty is largely related to the precipitation 
projections, which are influenced by changes in circulation and can be 
partly explained by model-dependent responses to uniform sea surface 
temperature warming (Chen et al., 2020). Such processes are especially 
complex in regions like the Tibetan Plateau (Huang et al., 2023). In 
addition, GCMs contribute more uncertainty in dryland regions, perhaps 
because drought conditions in these regions are highly sensitive to 
precipitation variability, which varies among different GCMs.

Different scenarios represent the different levels of greenhouse gas 
emission (Gurney et al., 2022), which impact global warming and PET. 
Our results showed that the SSP is the main source of uncertainty in the 
Mediterranean, the northern part of South America, and parts of Africa 
(Fig. 6). In the northern part of South America and parts of Africa, 
monsoon systems largely influence regional precipitation patterns, 
which are sensitive to greenhouse warming (Almazroui et al., 2021; 
Nicholson, 2013). The Mediterranean climate is sensitive to atmospheric 
circulation patterns (such as the North Atlantic Oscillation), which are 
associated with moisture and vary among different SSPs 
(Fernandez-Alvarez et al., 2023; Rivosecchi et al., 2024). SSP forcing 
trajectories increase PET via warming and alter precipitation through 
circulation and moisture-transport changes. Models spread reflects dif
ferences in ECS, hydrological sensitivity, and land-atmosphere coupling, 
which propagate into drought indices.

In some regions, such as Northern Africa, the Middle East, and 
Eastern Canada the drought index is the main source of uncertainty. 
Generally, regions where drought indices dominate uncertainty are 
primarily located within drylands, indicating that the selection of 
drought indices should be treated with caution to accurately charac
terize drought conditions in such regions. The SPEI is more sensitive to 
temperature and can better capture the drought trends in extreme dry
ness regions like Northern Africa and the Middle East. In contrast, AI 
may not reflect significant trends in such regions. AI is likely more 
sensitive to the balance between land water supply and atmospheric 
water demand (Greve et al., 2014). In humid regions such as Eastern 
Canada, large variations in precipitation due to atmospheric circulation 
(Chartrand and Pausata, 2020) could be effectively captured by AI. This 
can also explain why non-dryland areas show a significant decrease in AI 
(Fig. 4).

4.4. Implications for food security and sustainable agriculture

Our study reveals drought trends under future climate change, which 
is important for agricultural production. Leng and Hall (2019) projected 
the risk of crop yield losses (maize, wheat, rice, and soybean) under 
drought events in different sub-regions globally. Some regions are likely 
to experience more severe drought conditions, while others may become 
wetter. Understanding future drought trends can provide detailed 
guidance for developing adaptation management practices for drought 
events. Recent studies find that drought events can occur simultaneously 
in multiple regions, increasing the risk of concurrent yield losses in 
different breadbaskets (Gaupp et al., 2019; Singh et al., 2022). In this 
study, we identified regions with strong drying trends and high agree
ment among different GCMs, including key breadbaskets, highlighting 

the need for increasing attention to water management in these regions. 
For instance, in regions such as the U.S. Midwest and the Australian 
wheat belt, which are highly dependent on rainfed systems, our results 
show an increasing drought risk with strong consistency across GCMs 
(Fig. 3). Therefore, timely adaptation measures such as adjusting sowing 
dates (Minoli et al., 2022), selecting suitable varieties (Zabel et al., 
2021), or switching crops (Chakraborti et al., 2023) could help sustain 
yields in these areas and improve the climate resilience of food systems.

In this study, we find a significant increase in drought conditions due 
to greenhouse warming. Several management practices are being 
applied for greenhouse gas (GHG) mitigation (He et al., 2022; Xie et al., 
2023; Xu et al., 2024) to reduce global warming. For example, retaining 
residues can mitigate GHG emissions by soil organic carbon sequestra
tion (He et al., 2022); using large-scale bioenergy with carbon capture 
and storage is also an effective negative-emission technology for 
reducing GHGs (Xu et al., 2022). In addition, optimizing nitrogen 
management can reduce nitrous oxide emissions and contribute to sus
tainable agriculture (Yao et al., 2024). Moving forward, more efforts are 
urgently needed to mitigate GHG emissions and reduce the risk of 
greenhouse warming-induced drought events in the future.

4.5. Limitations and future work

There are several limitations in this study. First, since both SPEI and 
AI consider PET, it could be influenced by different PET models (Peng 
et al., 2017). For example, Yao et al. (2019) found that different PET 
models affect the minimum SPEI and frequency values, leading to large 
differences in arid regions. Shi et al. (2020) quantified the source of 
uncertainty in drought projections, considering different PET models in 
southeastern Australia. In addition, PET in this study was estimated 
using the temperature-based Thornthwaite method, which has been 
reported to potentially overestimate drought trends under climate 
warming (Sheffield et al., 2012). However, our study does not consider 
different PET models in drought trend projections. More physically 
based approaches, such as the FAO56 Penman-Monteith equation, are 
widely used (Allen et al., 1998; Xiang et al., 2020), but were not adopted 
here because the meteorological variables required by this method were 
not consistently available across the full GCM ensemble. Consequently, 
the PET-method uncertainty was not included in our uncertainty 
decomposition. The reported contributions of GCMs, SSPs, drought 
indices, and their interactions should therefore be interpreted as con
ditional on the adopted Thornthwaite PET formulation, rather than as a 
complete accounting of all uncertainty sources. Although we compared 
the large-scale spatial patterns of temperature and precipitation be
tween AgMERRA and the multi-model ensemble, we did not perform a 
full observational validation of SPEI and AI or quantify ensemble bias 
metrics. Therefore, the results should be interpreted primarily in terms 
of relative trend patterns and uncertainty partitioning, rather than as an 
exact reconstruction of observed drought magnitude. Second, some 
drought indices, including the standard precipitation index (SPI), 
evaporative demand drought index (EDDI), and Palmer drought severity 
index (PDSI), could also capture drought characteristics from different 
perspectives. In this study, we only considered two indices, and more 
indices could be considered in further work. In addition, the uncertainty 
decomposition uses an ANOVA approach, but its assumptions 
(normality, homoscedasticity, and independence) were not formally 
tested. Although we SD-normalized the indices (e.g., SPEI/SD and 
AI/SD) to ensure comparability and reduce scale effects, remaining 
distributional differences may affect the quantitative contributions. 
Third, climate drivers such as ENSO, NAO, Indian Ocean Dipole (IOD), 
and Southern Annular Mode (SAM) play different roles in regional 
climate conditions (Jones et al., 1997; McPhaden et al., 2006; Saji and 
Yamagata, 2003; Stephenson et al., 2006). For instance, the NAO 
strongly influences the winter precipitation in Europe (McKenna and 
Maycock, 2021). ENSO is particularly important in influencing the 
availability of water in the Southern Hemisphere (Zhang et al., 2023). 
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Therefore, projecting drought evolution under greenhouse warming by 
incorporating different climate drivers can improve our understanding 
of drought risk changes under atmospheric circulation. Our future work 
will explore the potential changes in the non-linear relationships be
tween drought indices and climate drivers (e.g., NAO, ENSO, and IOD) 
under greenhouse warming.

5. Conclusions

Our study comprehensively explored the uncertainty in drought 
trend projections under greenhouse warming. We projected drought 
trends using multiple drought indices and identified key sources of un
certainty across GCMs, SSPs, drought indices, and their interactions. We 
had four key insights: (1) SPEI shows larger-magnitude drying trends in 
drylands, especially under SSP245 and SSP585, while AI shows a more 
substantial decrease in non-dryland regions. (2) Higher GHG emission 
scenarios show stronger drought trends than lower GHG emission sce
narios in most regions. (3) Different GCM members can substantially 
influence projected drought trends, resulting in divergent regional 
drought-change signals across models. (4) Overall, GCM-related differ
ences represent a dominant source of projection uncertainty across most 
regions and drought metrics, while the leading uncertainty component 
can vary by region and metric. The drought index contributes more to 
uncertainty in dryland regions. SSPs contribute similarly to the overall 
uncertainty in both dryland and non-dryland regions. This study pre
sents a comprehensive framework for projecting drought characteristics, 
providing critical insights for managing agriculture and ecosystems. 
Future research should focus on the relationship between drought events 
and climate drivers (e.g., ENSO and IOD) under greenhouse warming to 
enhance the reliability of drought trend projections and inform adap
tation strategies.

Data

The CMIP6 data used in this study to project drought trends are 
available at: https://esgf-node.llnl.gov/projects/cmip6/.
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