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PDSI_CMIP6: an ensemble CMIP6-
projected self-calibrated Palmer 
drought severity index dataset
Jinghua Xiong & Yuting Yang    ✉

Drought, characterized by below-average water supply, profoundly affects regional water resources 
and various ecosystem services. The Palmer Drought Severity Index (PDSI) is a widely used metric for 
drought monitoring and climate change assessments but suffers from inherent climatic inconsistencies 
and lacks comprehensive and reliable estimates under changing climate conditions. Here we develop 
a monthly multi-model and multi-scenario dataset of self-calibrated PDSI for the period 1850–2094, 
derived from 11 climate model outputs within the Coupled Model Intercomparison Project 6 (PDSI_
CMIP6). The traditional two-layer bucket model in PDSI is replaced with direct hydrological outputs 
from CMIP6 models, ensuring alignment with CMIP6 projections. The PDSI estimates are validated 
against soil moisture simulations through correlation and regression analysis. Application of the dataset 
reveals pronounced spatial heterogeneity in long-term drought trends across continents, with limited 
global-mean change but notable regional intensification under climate change. This dataset provides 
uncertainty-constrained quantifications of terrestrial moisture conditions in a changing climate, 
faithfully reflecting CMIP6-projected hydrological changes.

Background & Summary
Hydrological extremes such as droughts and pluvial floods stem from abnormal climatic variability1–3, leading 
to substantial economic and ecological losses and impacting the sustainability of natural and social systems4. 
Improved understanding of hydrological extremes is thus crucial for adapting to water-related hazards and man-
aging water resources efficiently5. Extensive research has detected changes in hydrological extremes as responses 
to global climate change6, primarily driven by increasing CO2 concentrations and associated consequences, 
including rising air temperatures and intensifying precipitation extremes7,8. These changes have induced vari-
able hydrological system responses, such as increased floods from heavy rainfall and decreased floods related 
to snowmelt9. Despite an overall small global flood change, the contradictory responses were also observed 
in historical drought changes10. Furthermore, the Coupled Model Intercomparison Project Phase 6 (CMIP6) 
reported that a larger fraction of land areas will likely experience increased river floods and agricultural and 
ecological droughts than decreased11–13. These projections necessitate improved assessments of hydrological 
extremes under climate change.

Various metrics have been proposed to track the spatiotemporal evolution of hydrological extremes, includ-
ing Standardized Precipitation Evapotranspiration Index (SPEI) and Standardized Precipitation Index (SPI)14–17. 
While widely used, these indices rely on simplified representations of hydro-meteorological processes, often 
neglecting underlying land surface conditions and limiting their ability to capture the complexity of hydrological 
dynamics under climate change. The Palmer Drought Severity Index (PDSI) and its variants (e.g., self-calibrated 
PDSI) are prominent for quantifying hydrological extremes18, owing to their incorporation of both antecedent 
and current water inputs (precipitation, P) and outputs (potential evaporation, EP) through a two-layer bucket 
water balance model. This structure has enabled PDSI to outperform simpler statistical metrics (e.g., SPEI) 
in monitoring hydrological and agricultural droughts19. However, recent critiques highlighted its inadequate 
representation of hydrological processes, pramarily the offline hydrological framework and over-simplified 
hydrological parameterization20. Specifically, the runoff generation is abstracted as a simple saturation-excess 
mechanism, without consideration of several crucial processes, including snow/ice dynamics, vegetation dynam-
ics, and plant responses to elevated CO2

21. The model inadequacy can substantially impact the representation of 
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hydrological processes under climate change22. In this case, improved accuracy of PDSI has been achieved when 
substituting the original model with state-of-the-art simulations from global climate or hydrological models21,23. 
In addition, the PDSI estimates directly derived from inherent hydrological modules within climate models, 
which maintain internal consistency with climate forcing, produce more consistent projections with the under-
lying climate than the traditional offline estimates, as conceptualized in Fig. 123. Moreover, previous studies have 
also indicated an upgraded performance of offline PDSI, when considering the plant physiological response to 
elevated atmospheric CO2 concentration within the Penman-Monteith EP algorithm22. Nevertheless, the influ-
ence of different EP inputs on PDSI remains unknown when using advanced hydrological simulations.

Several global datasets of PDSI has been developed using the conventional offline approach to facilitate various 
applications24,25. These datasets have provided unprecedented opportunities to understand the historical changes in 
hydrological extremes. In addition, a few studies have calculated future PDSI with projected meteorological forc-
ing from climate models26,27. However, as mentioned above, these datasets prevent the derived PDSI from faith-
fully capturing the hydrological extremes corresponding to the underlying climate conditionse.g. 10,23. Moreover, 
existing datasets generally overlook the influence of model uncertainties and inter-scenario variability on future 
drought projections. These gaps underscore the urgent need for a physically consistent, uncertainty-aware, and 
multi-scenario global PDSI dataset.

To this end, we present an improved monthly PDSI dataset (PDSI_CMIP6), derived directly from ensem-
ble CMIP6 climate model simulations. This dataset explicitly couples climatic and hydrological anomalies—an 
aspect commonly ignored in traditional offline frameworks (Fig. 1). PDSI_CMIP6 spans the historical period 
from 1850 to 2014 and includes multiple radiative forcing levels of Shared Socioeconomic Pathways (SSPs) from 
2015 to 2094. The dataset is available online in a common NetCDF format with a consistent spatial resolution 
of 1° over global land. Detailed methodologies used to produce PDSI_CMIP6 are provided in the Methods 
section. The Data Records section explains each data record associated with the dataset. The sensitivity analysis 
of PDSI_CMIP6 to different algorithms of EP is presented in the Technical Validation section, along with addi-
tional comparisons with soil moisture anomalies. Illustrative applications along with important usage notes are 
discussed in the Usage Notes section. Overall, PDSI_CMIP6 offers a physically consistent and scenario-resolved 
quantification of global terrestrial drought and wetness dynamics in a changing climate.

Methods
The main procedures for producing PDSI_CMIP6 are outlined in Fig. 2. We obtained monthly meteorological 
and hydrological outputs from 11 climate models in CMIP6 under various emission scenarios. We utilized the 
self-calibrated PDSI algorithm, which presented superior performance in spatial comparabilities than conven-
tional PDSI28,29. All calculations were conducted on a grid scale for each model individually, after which the 
results were integrated into an ensemble. The calculated PDSI values were compared with soil moisture simula-
tions for validation. Finally, a spatiotemporal analysis of the derived PDSI under climate change was conducted 
as an illustrative example, revealing the hydrological response to future warming. Further details about the 
methods and data are provided in the following sections.

CMIP6 simulations.  Multiple variables were directly derived from CMIP6 climate model outputs to facil-
itate the calculations of PDSI, containing six hydrological variables and six meteorological variables. The six 
hydrological variables include evaporation (variable name: evspsbl), latent heat flux (variable name: hfls), sensi-
ble heat flux (variable name: hffs), runoff (variable name: mrro), soil moisture (variable name: mrso), and sur-
face soil moisture (variable name: mrsos). Additionally, the six meteorological variables include precipitation 
(variable name: pr), relative humidity (variable name: hurs), air temperature (variable name: tas), wind speed 
(variable name: sfcWind), air pressure (variable name: ps), and extraterrestrial solar radiation (variable name: 
rsdt)30. These variables were retrieved monthly for the historical period (1850–2014) and projected future period 
(2015–2094) under four climate change scenarios: SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, representing dif-
ferent socio-economic pathways and emissions trajectories. Specifically, SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-
8.5 correspond to sustainable development, middle-of-the-road development, regional rivalry, and fossil-fueled 

Fig. 1  Conceptual comparisons between PDSI_CMIP6 (pink elements) and offline PDSI (green elements) 
stuctures. The gray color means the shared components.

https://doi.org/10.1038/s41597-025-05790-3


3Scientific Data |         (2025) 12:1439  | https://doi.org/10.1038/s41597-025-05790-3

www.nature.com/scientificdatawww.nature.com/scientificdata/

development, respectively, with projected radiative forcing levels of 2.6, 4.5, 7.0, and 8.5 W/m² by the year 210031. 
The selection of models, study periods, and future scenarios is intended to maximize data availability. Eleven 
models were selected, as they are the only ones providing the required 12 variables from 1850 to 2094 under 
all scenarios (Table 1). These models are managed by different institutions and have varying spatial resolutions 
ranging from 0.7° (EC-Earth3) to 2.8° (CanESM5-1). For models from the same institution, only the one with 
the highest spatial resolution (e.g., MPI-ESM1-2-HR vs. MPI-ESM1-2-LR), the most advanced representation 
(e.g., CMCC-ESM2 vs. CMCC-CM2-SR5), or the standard configuration (e.g., EC-Earth3 vs. EC-Earth3-Veg) 
is retained to avoid bias within the ensemble. The model outputs were interpolated to a consistent 1° resolution 
using the first-order conservative remapping method to embed the results32.

Quantification of EP.  To test how EP estimates affect the PDSI calculation, we estimated EP using six dif-
ferent approaches, including the Penman-Monteith reference crop (PM-RC) equation33, the Penman-Monteith 
reference crop considering the plant response to CO2 changes (PM-RC-CO2)22, the open water Penman equa-
tion (Penman-OW)34, the Priestley-Taylor model (PT)35, the Yang and Roderick model (YR)36, and the Oudin 
model37.

The PM-RC is the standard approach for estimating water consumption from reference crop under 
non-water-limited condition recommended by the Food and Agriculture Organization of the United Nations, 
which is expressed as:
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where Δ is the slope of the saturation vapor pressure curve (kPa·°C−1), γ is a psychrometric constant (kPa·°C−1), 
u2 (m·s−1) is the wind speed at the 2-meter level above the ground, es and ea are the saturation and actual vapor 

Fig. 2  Schematic of the generation of PDSI_CMIP6. Values within the brackets represent the number of 
datasets, variables, or methods.
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pressure (kPa), respectively. Rn is the net radiation at the crop surface (MJ·m−2·d−1) and G is soil heat flux den-
sity. The difference between Rn and G (i.e., Rn − G) is equivalent to the sum of the latent and sensible heat fluxes. 
λ is the latent heat of vaporization (MJ·kg−1).

However, a recent study suggested that the neglected plant response to elevated CO2 would cause overrated 
EP from the original PM-RC algorithm, resulting in inaccurate PDSI estimation. A new variant of the PM-RC 
method has been proposed to account for the plant response of CO2 changes (i.e., PM-RC-CO2)22, which is also 
applied for the EP estimation of PDSI_CMIP6:
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where [Ca] is the concentration of the atmosphere CO2 (ppm).
The Penman-OW model estimates EP as34:

E
R G u e e( ) 6 43 (1 0 536 ) ( )

( ) (3)
P

n 2 s a· · · · ·
·

γ
λ γ

=
Δ − + . + . −

Δ +

Different from the Penman-type methods, the PT method does not provide an explicit expression of the 
aerodynamic term, and calculates EP as35:
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where α is the Priestley-Taylor coefficient, and is taken as a fixed value of 1.26 (Priestley-Taylor coefficient).
The YR method adpots a similar form with PT but an improved parameterization of the Bowen ratio36:
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where β is a dimensionless coefficient of 0.24.
The Oudin model is a tempearture-based EP model and is expressed as37:
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where Re is the extraterrestrial radiation (MJ · m−2 · d−1), and ρ is the density of water (kg · m−3).

Estimation of PDSI.  The original PDSI relies solely on precipitation and EP to simulate regional water bal-
ance using a simple two-layer bucket water balance model, which estimates evaporation (E), recharge to soils (R), 
runoff (RO), and water loss to the soil layers (L)18. These modeled hydrological variables are then used to derive 
a standardized index (i.e., PDSI) that measures the departure of the current hydrological status from its climato-
logical mean. However, the original two-layer bucket model has been criticized for being oversimplified, lacking 
representations of many processes such as snow/frozen soil and vegetation that affect hydrological dynamics22. 
More importantly, the estimated hydrological variables from this two-layer bucket model differ from those esti-
mated by climate models, leading to internal inconsistencies between the projected PDSI and climate models. 
To address these issues, we disregarded the hydrological calculations embedded in the original PDSI model and 
instead relied on direct hydrological outputs from climate models for the calculation of PDSI23.

ID Model name Model center
Raw resolution 
(Lon × Lat)

1 CanESM5-1 Canadian Centre for Climate Modelling and Analysis, Canada 128 × 64

2 CESM2-WACCM National Center for Atmospheric Research, United States 288 × 192

3 CMCC-ESM2 Centro Euro-Mediterraneo sui Cambiamenti Climatici, Italy 288 × 192

4 EC-Earth3 European research consortium EC-Earth 512 × 256

5 FGOALS-f3-L Institute of Atmospheric Physics, Chinese Academy of Sciences, China 288 × 180

6 GFDL-ESM4 NOAA Geophysical Fluid Dynamics Laboratory, United States 288 × 180

7 IPSL-CM6A-LR Institut Pierre-Simon Laplace, France 144 × 143

8 MIROC6 National Institute for Environmental Studies, Japan 256 × 128

9 MPI-ESM1-2-HR Max Planck Institute for Meteorology, Germany 384 × 192

10 MRI-ESM2-0 Meteorological Research Institute, Japan 320 × 160

11 NorESM2-MM Norwegian Climate Centre, Norway 288 × 192

Table 1.  Basic information of the climate models included in the PDSI_CMIP6.
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Potential values for different water balance fluxes, including potential recharge to soils (RP), potential runoff 
(ROP), and potential water loss to the soil layers (LP), are defined following EP to measure the deviation from 
the climatology. The available water capacity (AWC), considered as the soil moisture maximas in different 
models, is required to describe soil dynamics. The climatically appropriate for existing conditions (CAFEC) 
values are subsequently defined as the product of the potential values and corresponding climatology coeffi-
cients, denoted as α:

X
X (7)

X
P

α =

where X  and XP represents the long-term average of actual and potential values of various water balance com-
ponents. In particular, the CAFEC precipitation (P̂) represents the amount of precipitation needed to maintain 
a normal soil moisture level:
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The difference between actual precipitation and P̂ is given as the moisture departure (D):
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where the subscript i denotes the status in the month i (from 1 to 12). The PDSI index can be subsequently 
calculated as:

·= .
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where the subscript j denotes the status in the year j from 1850 to 2094, with the whole period used for coef-
ficients calibration. p and q are the duration coefficients to determine the sensitivity of PDSI to moisture 
anomaly (Zi j, ) and its auto-correlation. They are considered as 0.897 (p) and 1/3 (q) based on linear slopes 
between the length and severity of the most extreme droughts observed in Kansas and Iowa, United States38. 
However, the application of traditional PDSI is constrained by limited spatial comparability, which has been 
improved via a self-calibration procedure28,29. It re-fits a linear regression model using the original PDSI 
scores and derives a new set of parameters p and q for each grid cell, considering the spatial divergence of 
climate background in different regions. We additionally capped the grids with values higher (lower) than 
10 (-10) to reduce the outlier effects on spatial integration of PDSI. As shown in Table 2, such outliers are 
considered to rarely happen.

All calculations of PDSI and EP were carried out on each 1° grid cell with valid AWC values. Greenland and 
Antarctica are excluded from the calculations due to the limited availability of hydrological simulations (e.g., soil 
moisture). A land mask map was generated for each climate model and the ensemble mean, using grid cells with 
a land percentage greater than 80% based on the variable sftlf (Fig. 3). This land mask defines the grid cells used 
for PDSI computation, which are then allocated for further analysis.

Validation and application of PDSI_CMIP6.  PDSI_CMIP6 was validated against soil moisture simu-
lations using Pearson correlation and linear regression analysis to assess its internal consistency with hydrolog-
ical components within CMIP6 Earth System Models—relationships not captured in traditional offline PDSI 
estimates39. To guide potential users, we also provide illustrative examples demonstrating practical applications 
of PDSI_CMIP6. Temporal changes in PDSI_CMIP6 across different continents and globally were investigated 
using the area-weighted method to extract data from the gridded product (see Figure S1 for geographical classifi-
cation)40. Long-term linear trend was estimated using the least square method41 and spatial distribution was pre-
sented as the ensemble mean of PDSI_CMIP6. All calculations were performed using the Climate Data Toolbox 
for MATLAB42. Note the spatiotemporal analysis was illustrated based on the SSP5-8.5 scenario, with results for 
other scenarios discussed in the supplementary file.
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Data Records
The PDSI_CMIP6 dataset provides NetCDF files containing the estimated PDSI from each CMIP6 model 
(Table 1)43. The monthly dataset spans from 1850 to 2014 for historical period and from 2015 to 2094 under four 
climate change scenarios, with a re-gridded spatial resolution of 1°. Each NetCDF file is linked with a land mask 
map to facilitate the extraction of specific study areas (Fig. 3). The files also contain essential metadata, including 
the date of generation, contact information for the authors, and variable attributes (Table 1).

Technical Validation
Sensitivity to EP estimates.  Using the outputs from the CanESM5-1 model as an example, we first tested 
the sensitivity of calculated PDSI_CMIP6 to different EP estimates. We observed high agreements between PDSI_
CMIP6 based on PM-RC-CO2 EP and the ensemble mean of various EP estimates, with a fitted linear slope of 0.97 
(R² = 0.95) under the SSP5-8.5 scenario (Fig. 4f). Notably, the highest consistency was detected with the PM-RC 
method, indicating limited effects of CO2 concentration on PDSI_CMIP6 (Fig. 4a). Comparisons with the other 
four EP methodologies also demonstrated the insensitivity of PDSI_CMIP6 to different EP inputs (Fig. 4b–e). This 
is because EP does not influence the estimation of actual hydrological variables, when directly using hydrological 
outputs from climate models. Although EP directly determines the climatology coefficients and subsequent cal-
culations (Eq. 7), limited impacts on PDSI_CMIP6 are observed. Similar consistencies between different EP algo-
rithms were found in other climate change scenarios (Figures S2–S4). In the following, the PM-RC-CO2 algorithm 
is used to generate the PDSI_CMIP6 dataset.

Comparison with soil moisture.  To evaluate the internal consistency of PDSI_CMIP6 with CMIP6-simulated 
hydrological conditions, we quantified correlations between PDSI_CMIP6 and model-derived soil moisture. This 
assessment addresses a key limitation of previous offline PDSI estimates, which often fail to align with the hydrological 
outputs of their driving models. Ensemble results indicate that 96% of the land grid cells exhibit positive correlations 
under the SSP5-8.5 scenario on an annual scale, with an average correlation level of 0.64 (Fig. 5l). Individual analyses 
of different models reveal relatively weaker correlations in CMCC-ESM2, FGOALS-f3-L, and MRI-ESM2-0, primarily 
due to negative correlations over extremely arid regions like the Sahara Desert and northwestern China (Figures S5–
S8). These discrepancies may be attributed to inaccurate hydrological simulations or biased duration coefficients in the 
PDSI algorithm. Evaluations for other climate change scenarios show similar patterns to SSP5-8.5, with 97% (SSP1-
2.6), 96% (SSP2-4.5), and 96% (SSP3-7.0) of the grid cells exhibiting positive correlations, with average correlation 
levels of 0.64 (Figures S9–S11). Overall, the strong correlations between PDSI_CMIP6 and soil moisture demonstrate 
the reasonable climatic-hydrological consistency of PDSI_CMIP6 under various scenarios.

Usage Notes
This section presents illustrative examples demonstrating the potential applications of PDSI_CMIP6, including 
analyses of spatiotemporal trends and continental-scale assessments under climate change. Dataset limitations 
are also discussed, along with proposed directions for future improvements..

Temporal trends of PDSI_CMIP6.  Spatial integration was performed across different continents 
using a weighted area method to extract large-scale characteristics of PDSI_CMIP6 (Fig. 6). While there is 
only a very minor change on a global scale (Fig. 6g), significant trends have been identified at the continen-
tal level. Specifically, increasing PDSI_CMIP6 (wetting) trends are observed in Africa (Fig. 6a), Asia (Fig. 6b), 
and North America (Fig. 6e), whereas decreasing (drying) trends are evident in Australia (Fig. 6c) and South 
America (Fig. 6f) under the SSP5-8.5 scenario. These trends are predominantly driven by anthropogenic climate 
change and are consistent among various emission scenarios from SSP1-2.6 to SSP5-8.5 (Figs. 6 and S12–S14). 
Specifically, wetting trends are largely attributed to increases in precipitation, corroborated by corresponding 
changes in actual evaporation, runoff, and soil moisture anomalies (Figures S15–S18). In contrast, drying trends 
reflect either precipitation deficits (e.g., Australia) or persistent soil moisture depletion (e.g., South America). 
However, it is important to note the large discrepancies between model projections within CMIP6, particularly 
for Australia. Therefore, caution should be exercised when making quantitative assessments based on individual 
climate model outputs.

PDSI range Class

[4,+∞) Extreme moist event

[3,4) Severe moist event

[2,3) Moderate moist event

[1,2) Mild moist event

[0.5,1) Incipient moist spell

(−0.5,0.5) Near normal

(−1,−0.5] Incipient dry spell

(−2,−1] Mild drought event

(−3,−2] Moderate drought event

(−4,−3] Severe drought event

(−∞,−4] Extreme drought event

Table 2.  Classification of PDSI24.
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At the local scale, significant drying trends are evident over the West United States, Mexico, Brazil and Chile, 
the Mediterranean region, South China, and several countries in the southern and northern of Africa (Fig. 7). 
On the contrary, widespread wetting is discovered in India and Southwest China, the southeastern part of South 
America, central Africa, and almost all the regions over 50°N. The divergent responses of PDSI_CMIP6 to cli-
mate change indicate the strong spatial variability, which persistently exists in future projections under various 
scenarios (Figures S19–S21). Additional comparison with long-term soil moisture anomalies reveal consistent 
spatial patterns acorss scenarios, indicating the dominanting role of soil moisture changes in PDSI variations 
(Figures S22–S25). Regression analysis further support this relationship, with moderate-to-strong agreement 
between PDSI and soil moisture trends, yielding R2 values of 0.54, 0.58, 0.62, and 0.63 under SSP1-2.6, SSP2-4.5, 
SSP3-7.0, and SSP5-8.5 scenarios, respectively (Figures S26–S29).

Uncertainty of PDSI_CMIP6.  Despite the significant potential of PDSI_CMIP6 for assessing changes in 
global hydrological extremes, several important considerations should be noted when using the dataset:

	 (i)	 As the first global PDSI dataset derived directly from CMIP6 simulations, PDSI_CMIP6 enables a reassess-
ment of hydrological extremes embedded within the latest generation of climate projections. The ensemble 
framework provides valuable insights into inter-model variability in drought responses to global warming. 
However, the accuracy of PDSI_CMIP6 is inherently dependent on the quality of the underlying CMIP6 
climate variables, which are subject to uncertainties arising from both model structure and emissions 
scenarios. Nevertheless, the dataset offers a valuable tool for benchmarking and evaluating reanalysis prod-
ucts and large-scale model ensembles, such as those in the Inter-Sectoral Impact Model Intercomparison 
Project (ISIMIP).

Fig. 3  Land mask of PDSI_CMIP6 for each selected climate models and their ensemble mean. Ensemble results 
(l) show the number of the models with available PDSI estimates.
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	(ii)	 While self-calibration enhances the spatial comparability of traditional PDSI estimates, it can occasionally 
produce extreme or unrealistic values (e.g., >10 or < −10), often resulting from imbalances in the water 
budget of individual models. These anomalous values have been manually removed from the dataset. As 
such, users are advised to focus on large-scale (continental to global) analyses when using PDSI_CMIP6, 

Fig. 4  Scatter plot of the standard deviation of PDSI derived from different EP algorithms taking CanESM5-1 as 
an example under the SSP5-8.5 scenario. The inserted dash line represents the fitted linear regression model.

Fig. 5  Empirical distributions of the probability density (red line, left axis) and histogram (gray bars, right axis) 
of the correlation coefficients between PDSI_CMIP6 and soil moisture of different models under the SSP5-8.5 
scenario.
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particularly avoiding detailed regional assessments in extremely arid or cold regions where model perfor-
mance is known to be less reliable.

	(iii)	 The spatial resolution of PDSI_CMIP6 (1°) is finer than the native resolution of several CMIP6 models (e.g., 
CanESM5-1; see Table 1). Users should therefore exercise caution when interpreting fine-scale spatial patterns, 
particularly near land–ocean boundaries or in regions where the original model resolution is coarse. In such cas-
es, excluding models with particularly low spatial resolution may help reduce uncertainty in regional analyses.

Code availability
The MATLAB code for the calculation and generation of the PDSI_CMIP6 dataset with calculations examples 
provided are available in the code repository here: https://zenodo.org/records/16203183.

Fig. 6  Inter-annual changes of PDSI_CMIP6 averaged over different continents and the globe during 1850-
2094 under the SSP5-8.5 scenario. The inserted dash lines and numbers represent the linear regression models.

Fig. 7  Global distribution of the ensemble mean of long-term trends in PDSI_CMIP6 during 1850-2094 under 
the SSP5-8.5 scenario. Significant regions (p < 0.05, t-test) from more than 80% of the available climate models 
are marked with black dots.
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