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A B S T R A C T

Accurately predicting droughts, amidst rapid global warming, is crucial for effective resource management and 
policy development. Here, we employ CMIP6 models to analyze historical and future global meteorological 
drought patterns using the Standardized Precipitation Index (SPI) and Standardized Precipitation and Evapo
transpiration Index (SPEI). We first assess model efficacy against historical observations (1951–2014) and then 
project changes at key IPCC warming thresholds. Our evaluation shows that even though CMIP6 models accu
rately capture global average drought characteristics, significant biases emerge in regions that commonly 
experience extreme historical drought conditions. Projections indicate increasing drought duration, frequency, 
and severity, particularly under higher warming scenarios. A more pronounced increase is noted with SPEI 
compared to SPI: under a 3 ◦C warming, drought severity is projected to increase across 91.8 % of land grids, 
based on SPEI, as opposed to 28.2 % for SPI. Similarly, increases in drought frequency are projected over 86.5 % 
(SPEI) versus 33.4 % (SPI), and increases in duration in 74.9 % (SPEI) versus 12.9 % (SPI) of land grids. This 
discrepancy highlights the importance of including temperature, through evapotranspiration, in drought as
sessments, especially because of the expected increase in evaporative demand driven by rising temperature. Our 
analysis further demonstrates that whereas humid and transitional areas may experience reduced drought 
severity and duration as per SPI, SPEI predicts a significant worsening of drought events in the future. On the 
other hand, both indicators project a worsening of drought conditions in arid regions—changes in SPI are small 
but that with SPEI are in the order of 2–3 months in duration, 3.5–4 events in frequency, and 4.3–5.2 units in 
severity. This study underscores the complexity of future drought patterns, which necessitates a range of stra
tegies for mitigation and adaptation to safeguard against escalating drought risks in a warming world.

1. Introduction

Droughts are a recurrent natural hazard marked by significant dry
ness and water scarcity. Several regions around the world have been 
recurrently exposed to devastating droughts driven by precipitation 
deficits and extreme dryness leading to crop failures and wildfires 
(Richardson et al., 2022; Taufik et al., 2017). From 1981 to 2020, 
droughts repeatedly caused significant damages worldwide, with eco
nomic losses estimated between 6 and 8 billion USD in the United States 
(US) and Europe alone (Naumann et al., 2021; Smith, 2020). A changing 
climate introduces more uncertainty on droughts worldwide. Climate 
model projections are becoming increasingly important in planning and 
mitigation, provided that they can accurately represent observed 

hydrometeorological anomalies (Khedun & Singh, 2014; Singh et al., 
2014).

Global Climate Models (GCMs) are advanced physics-based tools 
designed to study Earth system’s responses to natural climate variability 
and human-induced increases in greenhouse gas emissions, often rep
resented through corresponding changes in radiative forcing. Through a 
globally coordinated effort, the Coupled Model Intercomparison Project 
(CMIP) offers a comprehensive collection of GCM simulations by 
employing a standardized set of future radiative pathways, such as those 
mentioned in IPCC assessments for highlighting future climate changes 
and their implications (Eyring et al., 2016; IPCC, 2021). The recently 
released CMIP6 collection offers more GCM ensemble simulations, with 
improved representation of Earth’s various atmospheric, land, and 
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coupled processes (Eyring et al., 2016). Whereas GCM simulations have 
been shown to capture overall trends in dryness and water availability 
over an observed historical period, regional areas of high bias from 
observations may persist (Cook et al., 2020; Ukkola et al., 2020; Wang 
et al.,2021; Zhao and Dai, 2022). Additionally, due to inherent differ
ences in model structures and parameterizations, simulated outputs of 
various GCMs are significantly different from each other (Nasrollahi 
et al., 2015; Ukkola et al., 2018, 2020; Vicente-Serrano et al., 2022; 
Zhao & Dai, 2017). As intermodal differences remain the largest source 
of uncertainty regarding future drought changes, understanding how 
well GCMs align during historical periods is vital for identifying weak
nesses in future drought simulations (Burke & Brown, 2008; Swann 
et al., 2016; Zhao & Dai, 2015). Although CMIP6 models have enhanced 
abilities to simulate long-term precipitation trends in specific regions, 
assessing their accuracy in historical drought detection remains to be 
explored (Gusain et al., 2020; Peña-Angulo et al., 2020; Rivera and 
Arnould, 2020).

Droughts are known for their multifaceted impacts, as moisture 
deficit affects vegetation, water availability, and other interconnected 
socio-economic systems. A deficient rainfall combined with increased 
evaporation from the land surface typically initiates a drought’s impact 
on a region’s hydrological cycle (Gimeno-Sotelo et al., 2024; Mishra and 
Singh, 2010). Hence, variations of these meteorological conditions from 
their long-term “normal” indicate drought periods, called meteorolog
ical drought. They are monitored using indicators such as the Stan
dardized Precipitation Index (SPI) and the Standardized Precipitation 
Evapotranspiration Index (SPEI). Incorporating evapotranspiration in 
SPEI makes it sensitive to local aerodynamic and radiative responses and 
more reflective of plant stresses (Vicente-Serrano et al., 2010, 2020). 
Unlike aridity, which defines long-term climatic water balance, drought 
is a temporary aberration common to most places on Earth. However, 
the interactions of various aerodynamic and land processes, which are 
different over different regions, determine how quickly drought condi
tions develop, whether the climatic balance allows some deficits to be 
attenuated, and how well natural and human populations are adapted 
against adverse impacts of droughts (AghaKouchak et al., 2021; Mishra 
and Singh, 2010; Mukherjee et al., 2018; Spinoni et al., 2021; 
Vicente-Serrano et al., 2020 ; Wada et al., 2013; Wu et al., 2024; Yang 
et al., 2016).

The number and duration of droughts have increased by 29 %, since 
2000; a number of which are linked to global warming and its disruption 
of local weather patterns leading to an increase in drought risks in re
gions such as North America, Europe, South Africa, and Asia 
(Diffenbaugh et al., 2015; Mishra et al., 2021; Mukherjee and Mishra, 
2021; Otto et al., 2018; UNCCD: Drought in Numbers, 2022; Williams 
et al., 2015;). In this context, the warming targets established in the 
Paris Climate Agreement have become key focal points in global studies 
on drought (Lehner et al., 2017; Wu et al., 2022; Xu et al., 2019). 
Drought projections at different warming thresholds, such as 1.5 ◦C, 
2 ◦C, and 3 ◦C, provide vital information for policymaking and for 
adaptation efforts to mitigate future drought risks (IPCC, 2021; Wilhite 
et al., 2014). Furthermore, understanding the impacts of drought at 
various warming levels is crucial for physical systems, such as glaciers 
and biodiversity, which are likely to experience abrupt and significant 
challenges as temperatures rises (Lenton and Ciscar, 2013; Ritchie et al., 
2021).

In this study, we first assess CMIP6 models’ performance in repro
ducing observed meteorological droughts before assessing global 
drought changes in future warming periods. The effects of a drought 
event can be quantified in terms of its duration, severity, and frequency, 
building up as components of drought risk. Several studies have assessed 
changes in drought conditions by evaluating changes in drought char
acteristics from the observed historical to future periods under various 
emission scenarios (Chiang et al., 2021; Naumann et al., 2021; Spinoni 
et al., 2014, 2019). In our study, meteorological droughts are simulated 
using the output variables from the historical (1950–2014) and future 

(2015–2100) simulations of CMIP6 GCMs. We first assess the global 
performance of GCM outputs for simulating historical droughts by 
comparing the average historical drought characteristics obtained from 
GCMs against those obtained from a reference dataset. Next, we utilize 
the models’ future simulations to project changes in meteorological 
drought characteristics from a recent reference period to future 30-year 
periods when the global mean surface temperature has risen by 1.5◦, 2◦, 
and 3 ◦C, as per IPCC assessments (IPCC, 2022). Furthermore, we pre
sent the aggregate shifts in drought characteristics across different 
aridity regions. Beyond variations in mean climate, differences in 
vegetation, topography, and population density may necessitate tailored 
approaches to mitigate the increasing risk of drought. Therefore, in this 
study, we address the following questions: 

1. How accurately do CMIP6 models simulate meteorological droughts 
compared to observed data?

2. What are the projected changes in meteorological drought charac
teristics at different levels of global warming (1.5◦, 2◦, and 3 ◦C) from 
CMIP6 models?

3. How are current aridity zones projected to face changes in droughts?

By addressing these questions, we seek to enhance the understanding 
of model capabilities and limitations in simulating and projecting 
droughts, thereby contributing to more effective drought risk manage
ment and mitigation strategies under a warming climate.

2. Data and methodology

2.1. Simulated and reference dataset

Meteorological drought assessment necessitates the quantification of 
both precipitation deficits and atmospheric water demand, typically 
represented by potential evapotranspiration (PET). Whereas precipita
tion is directly available from CMIP GCM outputs, evapotranspiration is 
usually computed offline and is often derived from the aerodynamic and 
radiative components controlling it. Therefore, for this study, the first 
ensemble outputs (r1i1p1f1) of eight CMIP6 GCMs having datasets of 
precipitation (pr), surface temperature (tasmin, tasmax), wind speeds 
(uas, vas), surface air pressure (ps), surface relative humidity (hurs), and 
net incoming solar radiation (rsds, rlds), at a monthly resolution and 
spatial resolutions ranging from 0.9375◦ to 2.8◦ were selected and 
downloaded from the CMIP6 archive (Table 1; https://esgf-node.llnl. 
gov/projects/cmip6/). Whereas CMIP5 outputs are based on stabilized 
radiative forcings (RCPs) by the end of the 21st century, CMIP6 com
bines Shared Socio-economic Pathways (SSPs) with RCPs to account for 
socio-economic developments affecting greenhouse gas emissions (Riahi 

Table 1 
List of CMIP6 models.

Model 
no.

GCM Name Variant Original Resolution 
(Lat £ Lon)

Key Reference

1 ACCESS- 
CM2

r1i1p1f1 1.25◦ × 1.875◦ Bi et al. (2020)

2 ACCESS- 
ESM1-5

r1i1p1f1 1.25◦ × 1.875◦ Ziehn et al. 
(2020)

3 CanESM5 r1i1p1f1 2.8◦ × 2.8◦ Swart et al. 
(2019)

4 GFDL-ESM4 r1i1p1f1 1◦ × 1◦ Dunne et al. 
(2020)

5 MIROC6 r1i1p1f1 1.4◦ × 1.4◦ Tatebe et al. 
(2019)

6 MPI-ESM1- 
2-HR

r1i1p1f1 0.9375◦ × 0.9375◦ Müller et al. 
(2018)

7 MPI-ESM1- 
2-LR

r1i1p1f1 1.875◦ × 1.875◦ Mauritsen et al. 
(2019)

8 MRI-ESM2-0 r1i1p1f1 1.125◦ × 1.125◦ Yukimoto et al. 
(2019)
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et al., 2017). Two future scenarios were selected to represent contrasting 
pathways: SSP2-4.5, a “middle-of-the-road” scenario with moderate 
mitigation challenges, leading to 4.5 W/m2 radiative forcing by 2100, 
and SSP5-8.5, a “high-end” scenario with rapid economic growth and 
high energy use, resulting in 8.5 W/m2 radiative forcing by 2100. These 
scenarios capture a range of potential futures, as highlighted in IPCC 
assessments, and provide insights into drought impacts under varying 
global warming levels.

Although some studies use bias correction techniques to align model- 
simulated precipitation and evapotranspiration with historical obser
vations, many large-scale investigations of drought and other climate 
extremes rely on raw GCM outputs (Almazroui et al., 2021; Al-Yaari 
et al., 2023; Bjarke et al., 2024; Christian et al., 2023; Dai & Zhao, 
2017; Liu et al., 2018; Norris et al., 2022; Wang et al., 2021; Zhao & Dai, 
2022). Bias correction can disrupt the physical consistency among GCM- 
simulated variables, especially in processes involving both evapotrans
piration and soil moisture (Al-Yaari et al., 2023; Maraun, 2016). 
Moreover, it may not reliably correct future extremes or trends, often 
assuming stationarity and potentially yielding erroneous results. Lastly, 
the effectiveness of bias correction depends heavily on data availability 
and regional characteristics and can fail in data-sparse or topographi
cally complex areas (Chen et al., 2013, 2020; Michalek et al., 2024). 
Although bias correction can address certain GCM biases in simulated 
variables, it does not necessarily improve drought detection (Papalexiou 
et al., 2021). Therefore, we use climate model outputs to generate 
drought variables and indices, enabling a global assessment of inherent 
GCM limitations without additional uncertainties from bias correction.

We used the University of East Anglia Climate Research Unit’s TS4.0 
(CRU TS) monthly gridded dataset (Harris et al., 2020) to benchmark the 
performance of selected CMIP6 model outputs. This dataset leverages 
records from an extensive network of ground-based stations and apply 
interpolation techniques to provide gridded observations at a 0.5◦ res
olution. These datasets encompass primary variables (predominantly 
observed, such as precipitation and temperature), secondary variables 
(e.g., cloud cover and vapor pressure), and tertiary variables (e.g., po
tential evapotranspiration derived through applied methodologies).

The CRU dataset’s extensive applications and rigorous quality con
trol makes it a trusted resource for various climate assessments, 
including numerous drought studies (Papalexiou et al., 2021; Ridder 
et al., 2021; Spinoni et al., 2019; Ukkola et al., 2018). We used precip
itation and potential evapotranspiration to identify observed droughts 
during the historical period spanning 1950 to 2014.

2.2. Potential evapotranspiration

Potential Evapotranspiration (PET) quantifies atmospheric water 
demand which influences soil desiccation and plant stress (Vicente- 
Serrano et al., 2020). Since PET is not directly available from GCM 
outputs, it is often computed offline through different methods. We used 
the Food and Agriculture Organization’s recommended FAO-56 
Penman-Monteith method to estimate monthly PET (reference crop 
PET; Allen et al., 1998). Penman-Montieth method incorporates a 
comprehensive set of climatic variables, including temperature, wind 
speed, solar radiation, and relative humidity, and provides more accu
rate and reliable estimates of PET than methods based on temperature 
and latitude, which have been shown to exaggerate future droughts 
(Aadhar and Mishra, 2020; Milly and Dunne, 2016).

The FAO-56 Penman-Monteith equation used for calculating PET 
(mm/day) is given by: 

PET =
0.408Δ(Rn − G) + γ 900

T+273u2(es − ea)

Δ + γ(1 + 0.34u2)
(1) 

where Δ is the slope of the vapor pressure curve at a given temper
ature (kPa ℃-1), Rn represents net radiation (M.J. m− 2 day− 1), G is the 
soil heat flux density (M.J. m− 2 day− 1), γ is the psychrometric constant 

(kPa ◦C− 1), T is the mean daily temperature (◦C), u2 is the wind speed at 
2 m (m s− 1), and es − ea represents the saturation vapor pressure deficit 
(kPa).

We employed the mean monthly GCM outputs of temperature, wind, 
surface pressure, relative humidity, and net solar radiation to find the 
monthly PET for each model in historical and future SSP scenarios (Gu 
et al., 2020). Additionally, the reference dataset (CRU TS) also utilizes 
the Penman-Monteith method to provide PET outputs for the historical 
period.

2.3. Drought Indices: SPI and SPEI

We evaluated historical performance and projected changes in 
meteorological droughts using two drought indicators: the Standardized 
Precipitation Index (SPI; Mckee et al., 1993) and the Standardized 
Precipitation and Evapotranspiration Index (SPEI; Vicente-Serrano 
et al., 2010). SPEI was proposed by Vicente-Serrano, et al. (2010) as an 
improvement over SPI by incorporating variability of both precipitation 
and evapotranspiration for meteorological drought assessments.

SPI quantifies deviations in the accumulated precipitation from its 
historically ‘normal’ conditions. To calculate SPI, monthly precipitation 
values are first aggregated over n-months (accumulation period), a 
parametric statistical distribution is fitted, and the resulting quantiles 
are mapped onto a standard normal distribution. The final standardized 
value is the drought index, where positive and negative values corre
spond to wet and dry conditions, respectively. Several studies have 
utilized the Gamma distribution for SPI. For instance, Stagge et al. 
(2015) examined various probability distributions for fitting precipita
tion data with different accumulation scales across many grids over 
Europe and determined the Gamma distribution to be the most suitable. 
Additionally, other studies applied the Gamma distribution to 6-month 
accumulated precipitation for SPI across global grids (e.g., Asadi 
Zarch et al., 2017; Papalexiou et al., 2021; Spinoni et al., 2019, 2021).

SPEI also follows a similar statistical concept as SPI, except with 
aggregated monthly climatic water balance (precipitation minus po
tential evapotranspiration) instead of aggregated precipitation (Vicente- 
Serrano et al., 2010). For SPEI, the log-logistic distribution is utilized to 
fit the 6-month accumulated climatic water balance across all global 
grids, following Vicente-Serrano, et al. (2010) (e.g., Balting et al., 2021; 
Gu et al., 2020; Li et al., 2021; Spinoni et al., 2020).

Both SPI and SPEI can be computed over different timescales, 
reflecting the period over which data is accumulated before the drought 
index calculation. Smaller time scales (< 3 months) are applicable for 
soil moisture and agricultural droughts, and longer time scales (>12 
months) for groundwater drought (WMO and GWP, 2016). A 6-month 
accumulation period is widely used as it filters out short-term anoma
lies while capturing the seasonal development of droughts (Balting et al., 
2021; Naumann et al., 2018; Papalexiou et al., 2021; Touma et al., 
2015). Hence, we aggregated precipitation and climatic water balance 
over 6 months to generate SPI-6 and SPEI-6 indices to capture droughts.

Both SPI and SPEI were calculated separately for observational 
products and each of the CMIP6 models (with two SSP scenarios per 
model from 1950 to 2100) to ensure that each model’s drought metrics 
are calculated based on its own historical climatology. Distribution pa
rameters for the fitted distributions in SPI and SPEI were estimated using 
the same dataset’s historical data from 1950 to 2014. The wide 65-year 
period, beginning in 1950 ensures that major historical drought and 
pluvial events are included in the drought index development, thereby 
capturing historic variability more effectively (Chen et al., 2020; van der 
Schrier et al., 2013).

2.4. Drought event identification and characteristics

Positive and negative values of standardized drought indices, such as 
SPI and SPEI over a temporal scale, indicate wetter or drier conditions, 
respectively, compared to a historically “natural” mean. A drought event 
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is a period with consecutive index values below a specified threshold 
(Yevjevich, 1967). The lower the drought index value, the more severe 
the drought conditions. Drought index values can be used to categorize 
drought severity: mild (0 ≥ SPI > − 1), moderate ( − 1 ≥ SPI > − 1.5), 
severe ( − 1.5 ≥ SPI > − 2), and extreme ( − 2 ≥ SPI) (McKee et al. 1993).

In this study, drought periods in the generated SPI and SPEI time- 
series for each grid in both the reference and CMIP6 dataset were 
identified by using a threshold (i.e., moderate to exceptional droughts). 
To filter out short-lived events that may recover quickly and to ensure 
that events detected are independent, criteria are defined for a drought’s 
onset and termination, respectively. An onset is when the drought index 
falls and remains below − 1 for a minimum of three consecutive months, 
and termination is when the index rises and remains above the threshold 
(− 1) for a minimum of three consecutive months. Drought duration is 
the months between the initiation and termination of a drought, and 
drought severity is the integral of index values during a drought event. 
Drought frequency is the number of drought events detected in the 
analyzed period.

For both models and observations, drought characteristics, between 
70◦N and 70◦S, were first evaluated in the native resolution and then re- 
gridded using bilinear interpolation (Wang et al., 2006) to a 1◦ resolu
tion, to facilitate comparison as is common in multi-model analysis (e.g., 
Touma et al., 2015). We assess drought characteristics individually for 
each CMIP6 GCM and then combine them to create an unweighted 
multi-model mean drought response.

2.5. Historical analysis of CMIP6 drought performance

Evaluating model performance in a historical context is crucial to 
quantify uncertainties and identify systematic biases in drought simu
lations. We follow the approach of Ukkola et al. (2018), who provide a 
robust framework for evaluating the performance of CMIP models in 
simulating historical drought characteristics.

We first define a historical period from 1950 to 2014, during which 
sufficient observations of the variables necessary for drought analysis 
are available. For each land grid, we use these observations to create 
time series for both SPI and SPEI, which are then used to identify all 
drought events during the historical period. The average drought char
acteristics—such as duration, severity, and the total number of drought 
events—were calculated to create a grid-based dataset of observed 
drought characteristics.

We then applied the same procedure to each General Circulation 
Model (GCM), replacing observational data with the simulated output of 
the variables used in drought analysis. For each grid, GCM simulated 
outputs were used to develop SPI and SPEI time series from which we 
identified simulated drought events in the historical period. The average 
drought characteristics for each grid were then calculated and saved. 
This provides a gridded dataset of drought characteristics based on each 
GCM’s simulation. Note GCM have different native resolution. We 
repeated this process for all GCMs. Since the resolutions of the GCMs and 
the reference dataset differ, we first re-grided all dataset’s drought 
response to a common resolution. From here, we created a multi-model 
mean response by averaging the historical drought characteristics across 
the eight selected GCMs.

In Section 3.1, we discuss the bias of the multi-model mean drought 
characteristics from the reference dataset’s drought characteristics in 
the historical period (1950–2014). Biases were calculated by simple 
differences between drought characteristics from GCMs and the obser
vational/reference data. Using this approach, we identified global grids 
of poor model performance. A bias magnitude of more than 10 % from 
observations indicates inaccurate drought performance (Ukkola et al., 
2018).

2.6. Projecting drought changes in future warming periods

We then utilized the models’ future simulations to analyze projected 

changes in meteorological drought characteristics from a recent refer
ence period to future 30-year periods when the projected global mean 
surface temperature is 1.5◦, 2◦, and 3 ◦C compared to the preindustrial 
period—a period just before significant human activities, particularly 
the burning of fossil fuels, began to alter Earth’s climate. The prein
dustrial period is conventionally between 1850–1900, as defined in the 
IPCC Fifth and Sixth assessment reports (IPCC, 2014, 2021).

There are various approaches for assessing global and regional 
temperature changes (James et al., 2017); each has inherent constraints 
and uncertainties. We employed the commonly used and straightfor
ward time sampling approach to estimate changes in Global Mean Sur
face Temperature (GMST) for selected GCM’s. Similar to Wu et al. 
(2022), we selected the period from 1985 to 2014 as our reference time 
frame, with a GMST 0.66 ◦C higher than the preindustrial period. 
Whereas 1850–1900 serves as the preindustrial period, assessments of 
drought changes to future warmer periods often reference a recent 
baseline period (e.g., 1985–2014) that is more relevant to policymakers: 

(i) The annual GMST time series is obtained by averaging the tem
perature of all grids over land and ocean. From this time series, 
the average GMST for the reference period from 1985 to 2014 is 
calculated and denoted as Tref .

(ii) Since the GMST during the reference period is 0.66 ◦C higher than 
during preindustrial times, we estimate the preindustrial tem
perature by subtracting 0.66 ◦C from Tref .

(iii) For any year in the historical and future periods, with the annual 
GMST denoted by TFuture, changes (anomalies) in GMST relative to 
the preindustrial period can be estimated in Eq. (2).

Tchange = TFuture − (Tref − 0.66) (2) 

(iv) To reduce annual variability in the GMST anomaly series (Tchange), 
we apply a 30-year moving average. This moving average is 
centered around a “central year,” spanning from 14 years before 
to 15 years after this year. The result is a smoothed time series 
where GMST anomalies are averaged over a 30-year period.

(v) From the resultant smoothed series, we identified the years when 
the 30-year smoothed GMST anomaly first crosses the required 
warming levels of 1.5 ◦C, 2 ◦C, and 3 ◦C.

While climate sensitivities may vary among models, shown as shaded 
regions in Fig. 1, we use the multi-model mean surface temperature, 
shown as bold lines in Fig. 1, to consistently identify future warming 
periods for SSP2-4.5 and SSP5-8.5 scenarios. The three global warming 
levels are reached later under SSP2-4.5 compared to SSP5-8.5, as ex
pected, with only a few GCMs projecting a 3 ◦C warming under SSP2- 
4.5. Moreover, the drought characteristics at these warming levels 
show minimal differences between the two scenarios. The central year, 
representing the middle of the future 30-year period (15 years before 
and 14 years after), is identified from the multi-model mean GSMT 
anomaly when it first crosses the required warming levels of 1.5 ◦C, 2 ◦C, 
and 3 ◦C, as shown in Table 2. For SSP2-4.5, only models with GMST 
anomaly above 2 ◦C are used to derive the multi model-mean and the 
required crossing years (shown in brackets).

The projected changes in drought characteristics—duration, 
severity, and frequency—are derived from SPI and SPEI time series 
based on GCM outputs for different future warming periods. For each 
grid in a GCM, we compute the average historical drought characteris
tics during the reference period (1950–2014). The same process is then 
applied to future 30-year warming periods (1.5 ◦C, 2 ◦C, and 3 ◦C), using 
the GCM’s output to derive future drought characteristics. Since GCMs 
operate at different spatial resolutions, we re-grid the drought responses 
to a common resolution, ensuring consistency across models. Finally, by 
averaging the drought responses from all eight CMIP6 models, we 
calculate the multi-model mean for both historical and future periods. 
The projected changes are determined by comparing the multi-model 
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mean of the future periods against the historical period, which allows us 
to quantify how drought conditions (in terms of duration, severity, and 
frequency) are projected to change as global temperature rises.

3. Results and discussion

3.1. Multi-model and observed drought characteristics with Standardized 
precipitation index (SPI)

We compared the SPI and offline drought characteristics obtained 
from the multi-model mean against CRU observed data in the historical 
period and evaluate bias identifying areas where the multi-model 
means’ drought characteristics differ from the observed dataset and 
the spread/range among CMIP6 models to identify inter-model vari
ability of response in the historical period (Fig. 2).

The multi-model mean underestimates average historical duration 
and severity by more than 30 % in regions of Northeastern Canada, 
Northern South America, Central Africa, and Asia (Fig. 2g and 2i). Over 
the same regions, it overestimates the frequency of droughts by 20 to 30 
% (Fig. 2h). Although the multi-model mean duration of SPI6 droughts is 
similar to the 5–6 month mean observed duration for most regions 
across the globe, it shows lesser spatial variations. For the average 
drought duration, the multi-model mean shows good performance (− 10 
% < bias < 10 %) over 46.3 %, overestimation (bias > +10 %) over 11 
%, and underestimation (bias < -10 %) over 43.7 % of land grids 

(Fig. 2g). Whereas the multi-model mean shows much more spatial 
variations, it also performs well for drought frequency over 46.4 % of 
grids while overestimating and underestimating frequency in 45 % and 
8.6 % of land grids, respectively (Fig. 2h). In terms of drought severity, 
the performance of the multi-model mean is similar to the performance 
shown for drought durations: 41.2 % good performance, 47.8 % un
derestimation, and 11 % overestimation of severity on land grids, 
compared to the observed dataset (Fig. 2i). Stippling across most regions 
indicates agreement among models for direction of bias in drought 
duration and severity (Fig. 2g and 2i) and a reduced variability for both 
metrics (Fig. 2j and 2 l). However, the absence of stippling for frequency 
(Fig. 2h) and the observed wider variability (Fig. 2k) suggest that models 
exhibit lower agreement regarding drought frequency than duration and 
severity.

Individual models display drought characteristics that align with 
observations in certain regions but can vary significantly in others 
(Fig. S1). This variation underscores the importance of multi-model 
evaluation. While individual models demonstrate good performance 
on less than 40 % of the land grids, the multi-model mean shows a 
slightly better performance, with a greater fraction of land showing 
good performance for drought duration, frequency, and severity 
(Fig. S1). Previous evaluations of SPI drought characteristics from 
CMIP5 and CMIP6 models against observed datasets also showed good 
model agreement for multiple drought metrics over at least 50 % of land 
fraction (Papalexiou et al., 2021; Ukkola et al., 2018, 2020). Regions 
such as the Amazon, Central Africa, and Asia exhibit a higher magnitude 
of multi-model bias and correspond to areas with historically higher 
drought duration and severity. This observation aligns with the findings 
of Papalexiou et al. (2021), where reduced agreement is seen in these 
regions, characterized by high observed drought statistics. This suggests 
that while CMIP6 models effectively capture average drought charac
teristics on a global scale, their accuracy declines significantly in repli
cating conditions of extreme drought severity and duration.

It is also important to note that the evaluated drought statistics may 
also be influenced by the methodologies. Ukkola et al. (2018) evaluated 
CMIP5 models for moderate, severe, and extreme SPI3 droughts 

Fig. 1. Change in 30-year GMST from the prehistoric period 1850–1900. Dark lines show the multi-model mean change, while shaded regions show the range of 
GMST changes from CMIP6 GCMs.

Table 2 
Central year corresponding to the 1.5, 2, 2.5, and 3 ◦C warming periods seen in 
multi-model mean surface temperature from selected models for different SSPs.

SSP 1.5 ◦C 
warming

2 ◦C warming 2.5 ◦C 
warming

3 ◦C warming

SSP245 2031 
(2016–2045)

2049 
(2034–2063)

(2057) 
(2042–2071)

(2072) 
(2057–2086)

SSP585 2026 
(2011–2040)

2041 
(2026–2055)

2053 
(2038–2067)

2063 
(2048–2077)
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individually while removing droughts of a duration larger than eight 
months. They report a lesser magnitude of bias for the average duration, 
with positive bias only in the northern African region, whereas regions 
showing positive bias for frequency, exceeding + 30 %, were similarly 
found in Central and Northern Africa and Amazon basin regions. Hence, 
CMIP6 models show lesser agreement and higher biases when multiple 
levels of severity and longer drought events are considered together in 
the analysis.

3.2. Multi-model and observed drought characteristics with Standardized 
Precipitation-Evapotranspiration index (SPEI)

Building on our previous analysis of precipitation-based drought 
characteristics, we further assessed CMIP6 models’ performance in 
simulating droughts using SPEI. SPEI incorporates both precipitation 
and evapotranspiration, offering a more comprehensive view of drought 
conditions influenced by moisture supply and demand. We examined 
how well the multi-model mean captures SPEI-based offline drought 
characteristics in the historical period by evaluating the bias from the 
observed dataset’s drought characteristics and the inter-model spread 
from the individual models (Fig. 3).

Contrary to SPI results, the CMIP6 models’ SPEI-based assessments 
reveal greater spatial variability in drought duration and severity, more 
closely mirroring the observed dataset (Fig. 2d and 2f). Both SPI and 
SPEI analyses show that spatially, average drought duration aligns 
closely with average drought severity, exhibiting similar biases and 
performance levels for these characteristics. The pattern of duration and 
severity biases being inversely related to the bias in frequency is evident 
in both SPI and SPEI evaluations. Consequently, there are two pre
dominant patterns of divergence observed in the average drought 

characteristics from the multi-model mean: either an overestimation of 
drought duration and severity with an underestimation of frequency or 
the reverse. This results in the multi-model mean either predicting 
average drought characteristics with shorter durations and lesser 
severity but higher frequency or longer and more severe droughts with 
lower frequency.

Regions where the multi-model mean overestimates duration and 
severity by more than 30 % and underestimates frequency by more than 
20 % relative to observations include Eastern South America, Western 
and Southeastern Africa, Central Europe, Eastern Asia, and Australia. 
Conversely, regions showing an underestimation of duration and 
severity by more than 30 % and an overestimation of frequency by 20 % 
include smaller areas within the Amazon basin and larger areas in 
Northeastern and Central Africa, the Arabian Peninsula, and Central 
Asia. This tendency of the multi-model mean—presenting shorter du
rations, lesser severity, and greater frequency than observed—parallels 
multi-model mean’s performance for SPI drought characteristics. The 
multi-model mean achieves a good agreement (|bias| < 10%) over 
approximately 43 % of land grids. However, both positive and negative 
biases are observed over 30 % and 25 % of land grids, respectively, 
contrasting with the SPI results, which indicate about 40 % of land areas 
exhibited a negative bias against observed drought duration and severity 
and a positive bias for frequency. Stippling across most regions indicates 
a consensus among models regarding the direction of the multi-model 
mean bias (Fig. 3g, 3h, and 3i). The inter-model variability for dura
tion and severity is lower at northern latitudes across North America, 
Europe, and Asia but higher in Northeastern South America, North Af
rica, and the Arabian Peninsula. For SPEI drought frequency, significant 
inter-model variability is noted in Northern South America, Africa, and 
the Arabian Peninsula.

Fig. 2. Observed (a, b, and c) and CMIP6 multi-model mean (d, e, and f) drought characteristics for all droughts with SPI6 < − 1 in the historical period 1950–2014. 
Bias (g, h, and i) shows the difference in average drought characteristics against observations. The intermodal range (j, k, and l) shows the difference between the 
10th and 90th percentile of SPI drought characteristics from the selected models. Stippling in (g), (h), and (i) shows where more than 75 % of models (6 of 8) agree 
with the direction(sign) of multi-model mean bias.
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Few studies have evaluated SPEI drought characteristics from CMIP6 
models against observed datasets. Spinoni et al. (2020, 2021) assessed 
the bias in frequency and severity of droughts using an ensemble of high- 
resolution CMIP5 Regional Climate Models (RCM) against observations. 
They reported that the ensemble median for CMIP5 models exhibited 
low bias (less than 5 % in magnitude) for both frequency and severity of 
SPEI12 droughts over the 1981–2010 historical period, covering over 
50 % of global land grids. Our analysis reveals a similar pattern with 
widespread agreement across most global grids but also identifies re
gions with significantly larger biases in both duration and severity. 
Notably, the regions where Spinoni et al. (2020, 2021) observed biases 
exceeding 10 % in magnitude for CMIP5 models’ frequency and severity 
closely align with our findings.

Many differences in individual model drought characteristics from 
observations can be seen over various regions (Fig. S2). The multi-model 
approach again shows improved performance, with over 43 % of land 
grids showing good agreement compared to the individual model per
formance, where good agreement is seen only over < 39 % of land grids 
(Fig. S2). Regions of high bias were observed where drought charac
teristics show high values, as seen in previous studies (Papalexiou et al., 
2021; Ridder et al., 2021). Whereas agreement of biases indicates they 
are systematic, we note that increasing more ensemble members or 
using high-resolution downscaled climate model outputs such as 
Regional Climate Models (RCMs) from the Coordinated Regional- 
climate Downscaling Experiment (CORDEX; Giorgi and Gutowski, 
2015) would result in better performance of multi-model mean in 
reproducing observed meteorological drought characteristics. Future 
drought projections should be critically evaluated in regions where high 
biases are observed—climate model outputs used for drought evalua
tions may perform better with bias correction techniques (Adeyeri et al., 
2023; Wu et al., 2022).

3.3. Projected changes in meteorological droughts

In the previous sections, we evaluated the performance of CMIP6 
multi-model mean in reproducing observed SPI6 and SPEI6 drought 
characteristics over global land grids, hence identifying regions of high 
bias where drought projections are likely to be affected. In this section, 
we evaluate changes in meteorological droughts from a recent reference 
period (1985–2014) to future 30-year periods when the global mean 
surface temperature has risen by 1.5◦, 2◦, and 3 ◦C. We discuss the re
sults from SSP5-8.5 simulations, as they provide more robust pro
jections, particularly with a larger number of models reaching warming 
levels above 2 ◦C (Table S1). The SSP2-4.5 simulations show similar 
projected drought changes, with the primary difference being the timing 
at which the warming targets are reached. We present projected changes 
as absolute differences in drought characteristics between a future 
warming period and the reference period. Additionally, regions where 
more than 75 % (6 of 8) models agree on the direction (sign) of multi- 
model change, are highlighted by stippling (Fig. 4 and Fig. 5).

3.3.1. Projected changes in SPI droughts
Fig. 4 presents the drought duration, frequency, and severity changes 

for SPI6 droughts in future warming periods of 1.5 ◦C, 2 ◦C, and 3 ◦C. 
Several distinct regions—Central North America, Northern and South
ern South America, the Mediterranean, Southern Africa, East Asia, and 
Australia—are projected to experience an increase in all three drought 
characteristics as global temperature continues to increase. Projections 
at 1.5 ◦C indicate drought durations in these regions could extend by 1 to 
2 months, with Southern South America potentially experiencing in
creases of up to 5 months under the 3 ◦C scenario. The frequency of 
droughts in these regions follows a similar pattern, with an initial rise of 
2 to 4 additional occurrences at a 1.5 ◦C increase and a sharper rise of 6 

Fig. 3. Observed (a, b, and c) and CMIP6 multi-model mean (d, e, and f) drought characteristics for all droughts with SPEI-6 < -1 in the historical period 1950–2014 
with multi-model mean bias (g, h, and i) and intermodal range (j, k, and l) from the selected models. Stippling in (g), (h), and (i) shows where more than 75 % of 
models (6 of 8) agree with the direction(sign) of multi-model mean bias.
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to 8 events as warming progresses towards 3 ◦C. Drought severity, 
closely linked to duration and frequency, is also set to rise in these re
gions. At 1.5 ◦C warming, severity in these regions is projected to in
crease by scores ranging between 1.5 and 2.5, with Northern South 
America, Mediterranean region, and Australia seeing a dramatic in
crease of 3 to 4 points. This exacerbation of drought conditions is pre
dicted to continue, with severity scores rising above 5 points in these 
regions as temperatures reach 2 ◦C and 3 ◦C.

A decrease in all three drought characteristics is projected across 
northern North America, Southeastern South America, Central Africa, 
Northern Europe, and most of Asia, with the decrease being more 
prominent as the warming progresses from 1.5 ◦C to 3 ◦C. While most of 
Australia is projected to experience increased drought duration, 
severity, and frequency, the Southeast region is projected to have 
reduced drought duration and severity. Notably, Southeast Asia and 
Central China diverge from this trend, showing increases in drought 
characteristics at 1.5 ◦C and 2 ◦C, which diminishes at 3 ◦C. While some 
models indicate the increased frequency in Southeast Asia, this is not 
uniformly agreed upon and may decrease at higher warming levels 
(Supplementary Information 2. Fig. S4).

3.3.2. Projected changes in SPEI droughts
Fig. 5 shows the projected drought characteristics, derived using 

SPEI6, at incremental global warming stages. In a 1.5 ◦C warmer world, 
most of the globe, except for the higher latitudes of North America, 
Europe, and Asia, is projected to experience longer droughts by at least 1 
to 3 months. The largest increases in drought duration at 1.5 ◦C, are 
projected for Mediterranean Africa and the Arabian Peninsula, where 
drought duration increases by 7 to 9 months. These increases become 
even more widespread, with drought durations reaching 11 to 13 
months at 2 ◦C and 3 ◦C of warming, compared to droughts in the recent 
reference period. Apart from Northern Africa and the Arabian Peninsula, 
several other regions, including Southern North America, Central 
America, Northern South America, Eastern and Southern Africa, the 
western regions of South Asia (including Pakistan and India), the Ti
betan Plateau, and most of Australia, show significant increases in 
drought duration of up to 7 to 9 months when global warming reaches 
2 ◦C. In a 3 ◦C warmer world, these increases become even more 
widespread, with drought durations reaching 11 to 13 months in the 
previously mentioned regions.

Drought frequency changes forecast a rise of 2 to 6 events across 
global land areas at a 1.5 ◦C warming level. The highest frequency in
creases in warmer worlds are seen across the mid-latitudes of both the 

Fig. 4. Multi-model mean drought changes in future warming periods with SPI-6 and SSP5-8.5 simulations.

Fig. 5. Multi-model mean drought changes in future warming periods with SPEI-6 and SSP5-8.5 simulations.
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Northern and Southern Hemispheres. A rise of 8 to 10 events is projected 
for regions such as Western North America, the Canadian regions of 
North America, Eastern South America, most of Europe, and Central Asia 
in a 2 ◦C warmer period. By the 3 ◦C warmer period, the largest increases 
of 14 to 16 events, relative to the reference period, become evident and 
widespread in the mid-latitudes of North America, Europe, and Asia, 
along with parts of Southern South America, Southern Africa, and 
Southeast Asia.

At 1.5 ◦C warming, most global regions will face a modest increase in 
drought severity, while significant surges of 16 to 20 in severity scores 
are projected in Northern Africa and the Southern Arabian Peninsula. As 
warming increases to 2 ◦C, severity is also projected to increase for the 
Southwestern Coastal USA, Northern and Western Coastal Africa, and 
the Southern Arabian Peninsula. At 3 ◦C warming, projections highlight 
severe exacerbations in the Amazon Basin, North Africa, the Arabian 
Peninsula, Pakistan, Central Asia, and Australia, and where the western 
coast of the USA and southern Europe are also notably affected.

3.3.3. Contrasting SPI and SPEI-based droughts: Role of temperature in 
meteorological drought assessments

The projections of future drought characteristics under global 
warming at 1.5 ◦C, 2 ◦C, and 3 ◦C offer a detailed view of regional 
hydroclimate impacts. They demonstrate both agreement and 
disagreement when comparing assessments based on SPI and SPEI. We 
assess the fraction of land grids experiencing changes in drought con
ditions to examine how different indicators yield varying responses and 
highlight the regions exhibiting these differences. Drought characteristic 
changes are categorized as no change for absolute variations between 
− 1 and + 1 compared to the reference—positive for changes above + 1, 
and negative for changes below − 1.

Under a 1.5 ◦C scenario, using the SPI, a significant portion of land 
grids (85.3 %) showed no change in drought duration, whereas this was 
true for 56.1 % using the SPEI. Conversely, SPEI projections indicate that 
43.1 % of the land grids are expected to experience positive changes 
(worsening conditions), a considerable increase from the 1.3 % pro
jected by SPI. This trend becomes even more stark as the temperature 
rises to 2 ◦C and 3 ◦C, with positive changes in drought duration 
affecting 61.5 % and 74.9 % of land grids, respectively, according to 
SPEI, compared to 5.1 % and 12.9 % by SPI. The frequency of droughts 
follows a similar pattern, with SPI projecting that 22.1 % of land grids 
will experience an increase in drought frequency at 1.5 ◦C, while SPEI 
projections are much higher, at 80.3 %. This discrepancy widens further 
at 2 ◦C and 3 ◦C, with SPI indicating that 29.1 % and 33.4 % of land grids 
will experience more frequent droughts, while SPEI projects increase for 
87.5 % and 86.5 %, respectively. Drought severity changes are also 
markedly different when comparing SPI and SPEI projections. While SPI 
suggests that 13.4 % of land grids will experience an increase in severity 
at 1.5 ◦C, SPEI suggests a much higher figure of 74.4 %. This disparity 
continues at higher warming levels, with 2 ◦C showing 19.6 % (SPI) 
versus 86.7 % (SPEI) and 3 ◦C showing 28.2 % (SPI) versus 91.8 % (SPEI) 
(Table 3).

Central North America, Northern South America, the Mediterranean, 
Southern Africa, East Asia, and Australia are all projected to see an in
crease in drought duration, frequency, and severity, under both SPI and 
SPEI at 1.5 ◦C, with these trends intensifying at 2 ◦C and 3 ◦C. Northern 
Africa and the Arabian Peninsula show significant drought severity and 
duration increases under both indices, especially as warming progresses.

However, where Northern North America, Southeastern South 
America, Europe, and most of Asia are anticipated to experience de
creases in all drought characteristics, based on SPI, SPEI projects an 
increase in drought duration and severity for Central Asia and Western 
China, indicating a divergence in projections when temperature-based 
drought indicator is included. Northern Europe also exhibits a 
decrease in drought characteristics under SPI, whereas SPEI indicates an 
increase, especially in the frequency and severity of droughts in Eastern 
Europe and the Mediterranean. Conditions in Southeast Asia are 

somewhat ambiguous, with SPI suggesting possible increases or de
creases in frequency, whereas SPEI projects initial moderate increases 
and significant increases at higher warming levels.

Hydroclimate projections based solely on atmospheric precipitation 
deficit show that deficits pertaining to drought intensity is largest in the 
tropics, including the Amazon basin, and Mediterranean-type climate, 
including regions of the Mediterranean, Southwestern South America, 
Southern Africa, and Southwest Australia, whereas widespread drying 
will also be observed in Central America and Southern Australia (Cook 
et al., 2020; Ukkola et al., 2020). The results presented in this study for 
precipitation drought through SPI6 show similar regions projected to 
face increased drought duration and intensities in future periods. The 
changes in the average drought duration can also be seen in projected 
changes in Consecutive Dry Days (CDD) seen over many regions, such as 
stronger increases in the Mediterranean region and decreases in tropical 
Northern Africa (Almazroui et al., 2021). Similar to our results, the 
reversal of the increase in precipitation drought duration and severity at 
1.5, 2 ◦C warming when reaching 3 ◦C over southern China was also 
observed by Wu et al. (2022) utilizing bias-corrected CMIP6 models at 
the local catchment scale.

Meteorological drought from an atmospheric deficit perspective- 
where the climatic water balance (P − E) accounts for the effects of 
local temperature changes to characterize droughts- shows much more 
significant increases in drought characteristics over most global regions 
than indicated by precipitation alone (Scheff & Frierson, 2015; Zhao & 
Dai, 2015). When temperature effects are incorporating, larger increases 
in drought characteristics become visible even in regions such as 
northern North America and Asia, where precipitation-based drought 
metrics show an alleviation of drought conditions provided precipitation 
increased in future warming periods (Wang et al., 2021). While evalu
ating (P − E) changes to the end of the century (2070–2099), Zhao and 
Dai, 2022 show that the P − E flux changes are closely tied to changes in 
total runoff from CMIP models over most global land. They found that 
spatial patterns and magnitude of drying from P − E flux changes are 
consistent across CMIP5 and CMIP6 model projections, showing wide
spread drying over North America, Europe, Western Asia, and Australia 
are tied to decreased precipitation, whereas increased runoff and pro
jected alleviation of drought conditions are observed over Northeast and 
Southeast Asia regions are tied to increased precipitation in these re
gions. Whereas our projected changes to 1.5◦, 2◦, and 3 ◦C warming are 
realized sooner than the end of the century period in Zhao and Dai, 
2022, for both SSP2-4.5 and SSP5-8.5 scenarios, similar areas of 
consistent drying in North America, the Mediterranean region, Southern 
Africa, and Australia were found in our projections as well. While P − E 
flux changes suggest increased runoff, a decrease in surface and total soil 
moisture over Eastern Asia regions was found to be more closely tied to 

Table 3 
The fraction of land grids shows negative and positive, and no changes, in 
drought characteristics in future warmer periods under SSP5-8.5. Fractions for 
SPEI projections are shown in brackets.

Warming Negative change (%) No Change (%) Positive change (%)

Changes in drought duration
1.5◦ 13.5 (0.8) 85.3 (56.1) 1.3 (43.1)
2◦ 27.7 (1.3) 67.2 (37.3) 5.1 (61.5)
3◦ 40.7 (1.6) 46.4 (23.5) 12.9 (74.9)

Changes in drought frequency
1.5◦ 48 (5) 29.9 (14.7) 22.1 (80.3)
2◦ 52 (2.7) 18.9 (9.8) 29.1 (87.5)
3◦ 52 (7.4) 14.6 (6.1) 33.4 (86.5)

Changes in drought severity
1.5◦ 25.9 (1.2) 60.7 (24.4) 13.4 (74.4)
2◦ 36.6 (1.2) 43.8 (12.1) 19.6 (86.7)
3◦ 43.6 (0.9) 28.1 (7.3) 28.2 (91.8)
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projections of increased SPEI drought severity and frequency over the 
same regions in our study (Adeyeri et al., 2023; Tabari and Willems, 
2022). Few studies project decreased frequency of meteorological 
droughts over the Indian subcontinent (Cook et al., 2020; Li et al., 2021). 
Aadhar and Mishra (2020) found significant increases in the frequency 
of both SPI12 and SPEI12 droughts in the Northwestern, Central and 
Eastern Indian Subcontinent, if the GCMs selected are able to better 
represent monsoon season precipitation. Wang et al. (2021) also found 
an increase in the probability of 6-month exceptional droughts by 5–10 
% compared to the reference period in the latter half of the 21st century 
over the South Asia region. Our analysis shows an increase in SPEI6 
drought frequency in Southern India at 1.5 ◦C warming, contrary to 
Aadhar and Mishra (2020), who report a decrease using SPEI12. The 
discrepancy likely stems from different PET estimation methods; the 
temperature-based method shows reduced drought frequency, while our 
FAO Penman-Monteith method indicates an increase for the same 
warming scenarios.

3.4. Projected changes in drought in different aridity zones

In the previous section, we evaluated the projected changes in 
average drought characteristics from eight CMIP6 models. These models 
presented a wide range of responses over global land areas, indicating 
that many regions may face increased or decreased drought risk due to 
changes in drought characteristics. In this section, we aggregate the 
projections for land grids based on their background aridity during the 
historical period. We analyze the aggregate changes and the variability 
over land grids of aridity classes for 1.5◦, 2◦, and 3 ◦C warming periods. 
Humid, transitional, and arid land areas were identified using the 
Aridity Index (AI), calculated as the ratio of annual PET to annual 
average precipitation, based on CRU TS4 observed data. The spatial 
distribution of land grids in the Humid (AI ≤ 0.9), Transitional 
(0.9 < AI ≤ 2.25), and Arid (AI > 2.25) aridity classes is depicted in 
Fig. 6 (Mukherjee & Mishra, 2021). Unlike the UNEP classification, 
which defines AI as the ratio of precipitation to potential evapotrans
piration, our study inverts this ratio (PET to P). Consequently, the 
transitional class in our study, with AI values ranging from 0.9 to 2.25, 
includes regions at the edge of the humid and dry sub-humid classes as 
defined by UNEP (WAD, 2018).

The projected changes across humid and transitional regions (Fig. 6) 
show similar patterns emerging from both SPI and SPEI metrics. SPI 
anticipates a decrease in drought duration and severity for both regions, 
while an increase in frequency is expected as global warming progresses 
from 1.5◦ to 3 ◦C. On the contrary, SPEI projections indicate an increase 
in all three drought characteristics—duration, frequency, and severity. It 
is important to emphasize that such projections may not be uniformly 
distributed across all humid regions. For instance, according to SPI, the 
Amazon Basin is projected to experience increased droughts, contrasting 
with the reductions expected in humid parts of Northern Asia, Europe, 
and Equatorial Central Africa (Fig. 4).

In humid and transitional regions, increased evaporative demand 
and drier surfaces are expected to strengthen land–atmosphere in
teractions, especially under warming, leading to more frequent hot-dry 
events (Byrne, 2021). However, the role of natural vegetation in these 
interactions and its role under higher atmospheric CO2 concentrations 
adds multiple uncertainties for future projections. The variability in 
water use efficiency in arid ecosystems is governed mainly by physical 
processes like evaporation, in contrast to semi-arid/sub-humid regions 
where biological processes like assimilation play a more significant role 
(Greve & Seneviratne, 2015). Amidst rising temperatures, Mediterra
nean Forests in transitional zones are experiencing escalated aridity, 
leading to increased forest browning and productivity declines (Miranda 
et al., 2023; Senf et al., 2020).

In contrast, arid regions present a divergent scenario. While SPI 
projections suggest no significant change in median drought duration, 
severity, or frequency across warming scenarios, SPEI projections 

highlight more pronounced changes. Under SPEI, the median drought 
duration is expected to increase by 2 to 3 months, the median frequency 
of drought events to rise by 3.5 to 4 events, and the median severity per 
event to escalate by 4.3 to 5.2 across the 1.5◦, 2◦, and 3 ◦C warming 
conditions. This suggests a trend towards more severe drought condi
tions in arid regions, as evidenced by the broader interquartile ranges 
seen in the SPEI analysis, indicative of greater variability and potential 
increases in drought attributes. SPEI, as computed by CMIP6 models, 
surpasses both PDSI and SPI in accurately capturing droughts in arid 
zones, displaying a consistently better performance, and thereby making 
it a preferable choice for predicting droughts when using CMIP6 data 
(Wu et al., 2024).

Recent increases in historical aridity are predominantly due to rising 
air temperatures, which suggest that precipitation increments cannot 
match the escalating evaporative demands driven by greenhouse gas- 
related warming (Ullah et al., 2022). Significantly, there is a need to 
differentiate between terrestrial aridity (A.I. index) and hydrological 
aridity (surface runoff). Studies have shown that increased aridity does 
not always correlate with decreased runoff, which is more sensitive to 
precipitation changes (Koutroulis, 2019). This implies that higher 
aridity could coexist with increased runoff, potentially leading to 
intensified land degradation and desertification (Huang et al., 2017; 
Panagos et al., 2022; Vicente-Serrano et al., 2020).

Dryland coverage could increase significantly by 2100, with sub
stantial shifts in global land area towards drier types (Koutroulis, 2019; 
Lian et al., 2021). Arid regions are also projected to warm more than 
humid regions, presenting earlier threats such as decreased crop yields 
and increased droughts (Huang et al., 2017). Although CMIP6 models 
reasonably reproduce meteorological anomalies associated with 
droughts, they show limitations in accurately capturing mean drought 
characteristics in drylands.

4. Conclusions

We investigated the drought changes over global land projected by 
eight CMIP6 models under a moderate (SSP2-4.5) and a high (SSP5-8.5) 
emissions scenario. We first examined and compared the multi-model 
mean drought characteristics against observed drought characteristics 
in the historical period, using SPI and SPEI. Then, we use the climate 
model projections to show changes in mean drought characteristics in a 
future warming period. The main findings are summarized as follows: 

1. CMIP6 models accurately capture average global drought charac
teristics via SPI and SPEI but they show significant biases in repli
cating extreme historical drought conditions in areas such as 
Northeastern Canada, Northern South America, Central Africa, and 
Asia.

2. The projected changes in SPI show a clear trend of increasing 
drought severity, frequency, and duration in southern hemisphere 
regions, including Southern South America, Southern Africa, and 
Australia, as global temperatures rise. In contrast, northern latitudes 
tend to experience a reduction in these drought characteristics as 
temperatures increase

3. For SPEI, the projected changes indicate a more pronounced and 
widespread increase in drought severity, frequency, and duration 
across both hemispheres as global temperatures rise. Regions such as 
Northern Africa, the Arabian Peninsula, the Amazon Basin, and parts 
of South Asia are expected to experience substantial drought inten
sification, especially at higher warming levels. Unlike SPI, the SPEI 
projections emphasize the significant role of temperature-driven 
evapotranspiration, leading to more severe drought conditions in 
many regions.

4. Drought projections across different aridity zones reveal that humid 
and transitional regions are expected to experience a decrease in 
drought duration and severity when using SPI, but SPEI forecasts an 
increase in all drought aspects under progressive global warming. 
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Fig. 6. Global aridity classification and projected changes in multi-model mean drought characteristics in different aridity regions based on SPI6 and SPEI6 at 1.5◦, 
2◦, and 3 ◦C warmer periods under the SSP5-8.5 scenario. The bold horizontal line within each boxplot represents the median change, and the colored regions 
indicate the 25th and 75th percentile values of change over land grids in each aridity class. Vertical lines and dots denote changes lying within or outside the ± 1.5x 
interquartile range (IQR) range, where IQR is the difference between the 75th and 25th percentile of changes.
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Arid regions display a stark contrast, with SPI suggesting little 
change but SPEI indicating significant increases in drought duration, 
frequency, and severity.

It is important to recognize the inherent uncertainties and limitations 
associated with our model simulations and the employment of Shared 
Socio-economic Pathways (SSPs), as shown in previous studies (Cook 
et al., 2018; Zhao and Dai, 2017). These limitations span various chal
lenges, including the representation of physical processes like clouds 
formation and the inherent uncertainty in precipitation projections 
within GCMs (Knutti and Sedláček, 2013). The existing land surface 
models also exhibit shortcomings in adequately simulating complex 
hydrological subsurface processes, significantly contributing to the un
certainties characterizing drought projections (Berg et al., 2017). 
Furthermore, dynamical phenomena like atmospheric blocking, crucial 
for understanding climate extremes, are often inadequately represented 
by climate models and may be affected by biases (Davini & D’Andrea, 
2020). The estimation of PET also introduces considerable uncertainty, 
which leads to biases in drought projections (Mukherjee et al., 2018). 
These limitations encompass the complex role of vegetation processes in 
a warming climate and varying climate sensitivities among different 
GCMs (Lemordant et al., 2018; Seneviratne & Hauser, 2020).
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