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A B S T R A C T   

Dryland ecosystems are highly vulnerable to extreme droughts under climate change. Yet, response of vegetation 
productivity across global drylands to changes in drought stress in a warming climate remains obscure. Here, we 
investigated future changes in drought stress, characterized by low soil moisture (SM) and high vapor pressure 
deficit (VPD), under severe drought conditions and its impact on gross primary productivity (GPP) deviations in 
drylands, based on the Coupled Model Intercomparison Project Phase 6 (CMIP6) Earth system model (ESM) 
simulations. Under both intermediate (SSP2-4.5) and high (SSP5-8.5) emission scenarios, the dryland ecosystems 
are projected to experience more intense, extensive and frequent severe drought events owing to increasing VPD. 
The probabilities of high VPD-dominated drought stress in the end of the 21st century would be nearly double 
(2.1–2.4 times) of the present-day (39%). Excluding the carbon dioxide (CO2) fertilization effect, the annual GPP 
loss caused by severe drought is projected to further deteriorate over more than half fraction (56.9–70.9%) of 
global vegetated dryland areas, reaching 2.0 (1.9–2.2) times of the present-day (with an area-weighted total of 
− 21.5 KgC m− 2 yr− 1) by the end of the 21st century. Such aggravating reduction is predominantly induced by 
drought stress with higher-than-usual VPD anomaly. The high VPD-dominated drought stress would lead to 
approximately 100% (95–102%) of annual aggregated dryland GPP loss by the end of 21st century from the 
present-day 68%. Our results suggest an increasing risk of high atmospheric aridity-dominated drought stress on 
dryland ecosystems. It is of great urgency to make adaption and mitigation strategies for the natural and 
cultivated vegetation in drylands.   

1. Introduction 

Drylands are typically characterized by scarce and erratic precipi
tation and high evaporation loss. Hosting roughly 20% of global plant 
diversity hotspots and 44% of global cropland areas (White and Nack
oney 2003; Davies et al., 2016), dryland ecosystems contribute up to 
~40% of global carbon uptake (Wang L et al., 2022; Wang S et al., 2023) 
and are crucial to global food security (Fu et al., 2021). Severe drought 
heavily impinges the physiological functioning of natural and cultivated 
plants during the growing season (Reichstein et al., 2013; Gentine et al., 
2019; Piao et al., 2019), further leading to detriment impacts on 

ecological and social systems, such as tree mortality (Hammond et al., 
2022; Yi et al., 2022), wildfire activity (Jain et al., 2022; Jones et al., 
2022) and agricultural yield loss (Lobell et al., 2014; Kimm et al., 2020). 
Under climate change, drylands have experienced a more evident 
warming amplified by the land-atmosphere feedback (Huang et al., 
2017). For their vulnerability and low resilience, ecosystems across the 
water-scarce drylands are susceptible to threats from severe drought 
stress (Davies et al., 2016). Therefore, understanding future changes in 
drought stress and their adverse impacts on dryland ecosystems under 
global warming help inform to facilitate mitigation and adaption man
agement for carbon neutrality and sustainable development goals 
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(SDGs). 
Gross primary productivity (GPP), the carbon flux entering biosphere 

from the atmosphere via vegetation photosynthesis, is crucial for un
derstanding global carbon cycle and estimating terrestrial carbon uptake 
(Cox and Jones, 2008; Running, 2008). Drought conditions contribute to 
approximately half fraction of global GPP reduction linked to climate 
extremes (Gampe et al., 2021). The direct drought stress on plant 
physiological function basically comes from reduced soil water supply, 
measured by soil moisture (SM), and high evaporative demand, 
measured by vapor pressure deficit (VPD), respectively. Under such 
conditions, xylem conduits and the rhizosphere cavitate, resulting in 
stopping the flow of water and desiccating plant tissues (i.e., “hydraulic 
failure” hypothesis); meanwhile, stomatal closure to prevent hydraulic 
failure causes photosynthetic uptake of carbon dioxide (CO2) to 
diminish and the plant starves (i.e., “carbon starvation” hypothesis) 
(McDowell et al., 2008, 2022; McDowell, 2011; Grossiord et al., 2020; 
Novick et al., 2024). Both satellite observations and Earth system model 
(ESM) simulations have showed the vital roles of both SM and VPD in 
regulating the variations of global carbon uptake (Green et al., 2019; Liu 
et al., 2020; Xu et al., 2023) and vegetation growth (Yuan et al., 2019; 
He et al., 2022). Particularly, the response direction of vegetation pro
ductivity to atmospheric aridity would reverse when VPD surpasses a 
certain threshold during growing season (He et al., 2023; Zhong et al., 
2023). Furthermore, the strong land–atmosphere feedbacks intensify 
atmospheric aridity and soil drought on a monthly scale (Berg et al., 
2016; Zhou et al., 2019a), further exacerbating their detrimental im
pacts on terrestrial ecosystems (Zhou et al., 2019b; Humphrey et al., 
2021). 

Under the greenhouse gases (GHG) induced warming, severe 
droughts accompanied with substantial rise in VPD and drying in SM 
have spread throughout the globe over the past decades and are ex
pected to continue in the coming century, especially in dry regions (Berg 
and Sheffield, 2018; Cook et al., 2020; Li et al., 2021; Fang et al., 2022). 
Despite the widespread greening over drylands benefit from the CO2 
fertilization effect (He et al., 2019; Gonsamo et al., 2021), the proba
bility of drought stress dominated by high VPD has been doubled, whilst 
that linked with deficient SM decreased by 10% in the past two decades 
(Yu et al., 2023). As projected under different GHG emission scenarios, 
the arid and semi-arid areas might experience a more significant in
crease in terrestrial GPP loss induced by more frequent extreme 
droughts (Xu et al., 2019; Cao et al., 2022). Nonetheless, the changes in 
drought stress configuration and their respective influences on dryland 

ecosystems under climate warming remain unclear. Therefore, we here 
attempt to address the following questions: In a warming climate, 1) 
how will the two main drought stressors associated with severe drought 
alter across the vegetated drylands? 2) how will dryland GPP respond to 
such changes in severe drought stress? 

2. Data and methods 

2.1. Study area 

In this study, we measure the spatial extent of global drylands by the 
widely-used aridity index (AI; Middleton and Thomas, 1992; Hulme, 
1996). The global drylands are identified as regions with the AI clima
tology for 1961–2020 less than 0.65 (blue lines in Fig. S1), which is 
yielded as the ratio of annual precipitation (P) to potential evapo
transpiration (PET) using the Climatic Research Unit gridded Time Se
ries Version 4.06 (CRU TS v.4.06, Harris et al., 2020). As illustrated from 
the Moderate Resolution Imaging Spectroradiometer (MODIS) land
cover dataset (Friedl and Sulla-Menashe, 2015), the dryland landcover 
types mainly include shrubs, savannas grasslands, crops and barren re
gions (Fig. S1), with a climatologically annual GPP amount of ~423 gC 
m− 2 yr− 1 (Fig. S2a) as estimated by the FLUXCOM datasets (Jung et al., 
2019). To investigate the changes in the dryland ecosystem productivity 
under severe drought conditions, we further exclude the barren or sparse 
regions (number 16 in Fig. S1) in the study area. 

2.2. CMIP6 earth system models (ESMs) 

We used monthly outputs from the current Coupled Model Inter
comparison Project Phase 6 (CMIP6, Eyring et al., 2016). Given the 
availability of GPP (variable name: gpp), surface (0–10 cm) SM (mrsos), 
precipitation (pr) and relevant variables for the PET calculation (details 
in the subsequent section), we finally selected nine ESMs from the 
CMIP6 archive (Table 1). GPP in each ESM was predicted by its land 
surface model (LSM) with a dynamic global vegetation model (DGVM). 
The simulation can reasonably reflect the primary spatio-temporal 
characteristics of dryland GPP (Figs. S2–3; Zhang Y et al., 2022). The 
datasets include historical simulations (1850–2014) and future pro
jections (2015–2 100) under the combined scenarios of the Shared So
cioeconomic Pathways (SSP) and the Representative Concentration 
Pathways (RCP), i.e., the intermediate (SSP2-4.5) and high (SSP5-8.5) 
GHG emission scenarios (O’Neill et al., 2016, 2017). Following the Sixth 

Table 1 
Information of CMIP6 ESMs used in this study.  

No. Model 
Name 

Institute, Country Horizontal 
Resolution (Lat ×
Lon, grid points) 

Land surface model and vegetation model Dynamic 
vegetation 
model 

References 

1 BCC-CSM2- 
MR 

Beijing Climate Center (BCC), 
China 

160 × 320 BCC Atmosphere–Vegetation Interaction Model version 2.0 
(BCC-AVIM2) 

Yes Wu et al. 
(2019) 

2 CanESM5 Canadian Centre for Climate 
Modelling and Analysis 
(CCCma), Canada 

64 × 128 Coupled Canadian Land Surface Scheme and the Canadian 
Terrestrial Ecosystem Model (CLASS-CETM) 

Yes Swart et al. 
(2019) 

3 CMCC- 
CM2-SR5 

The Euro-Mediterranean 
Centre on Climate Change 
(CMCC) 

192 × 288 Community Land Model version 4.5 (CLMv4.5) Yes Cherchi et al. 
(2019) 

4 EC-Earth3- 
CC 

EC-Earth-Consortium, Europe 256 × 512 Hydrology Tiled ECMWF Scheme of Surface Exchanges 
over Land (HTESSEL) and Lund-Potsdam-Jena General 
Ecosystem Simulator (LPJ-GUESS) 

Yes Döscher et al. 
(2022) 

5 EC-Earth3- 
Veg 

256 × 512 

6 EC-Earth3- 
Veg-LR 

160 × 320 

7 IPSL- 
CM6A-LR 

Institute Pierre Simon Laplace 
(IPSL), France 

143 × 144 Organizing Carbon and Hydrology in Dynamic Ecosystems 
(ORCHIDEE) version 2 

Yes Boucher et al. 
(2020) 

8 MPI-ESM1- 
2-HR 

Max Planck Institute for 
Meteorology (MPI-M), 
Germany 

192 × 384 Jena Scheme for Biosphere-Atmosphere Coupling in 
Hamburg version 3.2 (JSBACH3.2) 

Yes Mauritsen 
et al. (2019) 

9 MPI-ESM1- 
2-LR 

96 × 192  

X. Yu et al.                                                                                                                                                                                                                                       
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Assessment Report (AR6) of the Intergovernmental Panel on Climate 
Change (IPCC) (Chen et al., 2021), we selected the first available real
ization of each model for each scenario to quantity the range in 
multi-model projections, and particularly focused on four specific pe
riods, referred to as present-day (1995–2014), near-term (2021–2040), 
mid-term (2041–2060), and long-term (2081–2 100), respectively. To 
facilitate calculation and analysis, all outputs are first bilinearly 
regridded to the horizontal resolution of 1.5◦ × 1.5◦. 

2.3. Representation of severe drought conditions 

We employed the Standardized Precipitation Evapotranspiration 
Index (SPEI) to identify severe drought conditions which is recom
mended to assess agricultural and ecological droughts by IPCC AR6 
(Seneviratne et al., 2021). SPEI can be obtained based on a log-logistic 
probability distribution of the cumulative water balance (precipitation 
minus potential evapotranspiration, P–PET) at different time scales 
(Vicente-Serrano et al., 2010). In this study, monthly PET was first 
derived according to the Penman-Monteith approach (Penman, 1948; 
Monteith, 1965), following the Food and Agricultural Organization 
(FAO) of the United Nations (Allen et al., 1998). The input variables 
include the near-surface air temperature (tas), relative humidity (hurs), 
10 m wind speed (uas, vas), longwave (rlds, rlus), and shortwave (rsds, 
rsus) radiation from CMIP6 outputs. The detailed calculation is as 
follows: 

PET=
0.408Δ(Rn − G) + γ 900

Tas+273u2(es − ea)

Δ + γ(1 + 0.34u2)
(1)  

es =0.6108 × exp
(

17.27 × Tas

Tas + 237.3

)

(2)  

ea = es ×
RH
100

(3)  

where PET (mm d− 1) is the reference evapotranspiration rate, Rn (MJ 
m− 2 h− 1) and G (MJ m− 2 h− 1) are the net radiation and soil heat flux, 
respectively. Tas (◦C) is 2 m air temperature, u2 (m s− 1) is 2 m wind 
speed, Δ (kPa ◦C− 1) represents the slope of the saturation vapor pres
sure–temperature relationship, and γ (kPa ◦C− 1) is the psychrometric 
constant. es (kPa) and ea (kPa) represents saturation vapor pressure (es) 
and actual vapor pressure (ea), respectively, and RH (%) is relative 
humidity. 

Because the maximum correlation between arid vegetation growth 
and SPEI is found at 3 to 6-month timescale (Vicente-Serrano et al., 
2013), we use the 6-month SPEI (SPEI-06) to identify severe drought 
conditions. Using simulated precipitation (P) and derived PET, the 
aggregated water balance in a given month n at 6-month timescale was 
calculated as follows: 

Dk
n =

∑k− 1

i=0
(Pn− i − PETn− i), n ≥ k (4)  

where Dk
n (mm) is the accumulated P–PET in a given month n, k is time 

scale and equals to 6 here. 
Finally, we obtained SPEI-06 based on a fitted log-logistic probability 

distribution of Dk
n. Based on the thresholds of SPEI for drought cate

gories, severe drought condition is identified as SPEI-06 less than − 1.5 
for each grid and each month (Vicente-Serrano et al., 2010). 

2.4. Drought stress metrics 

In this study, the two drought stressors are measured by surface SM 
and VPD, respectively, and the dryland ecosystem productivity is 
assessed by GPP, align with previous studies (Zhou et al., 2019b; Yu 
et al., 2023). We calculated monthly VPD values as the difference be
tween saturation vapor pressure (es) and actual vapor pressure (ea), 
according to Eqs. (2) and (3) and (5): 

Fig. 1. Changes in severe drought characteristics across global vegetated drylands simulated by nine CMIP6 ESMs. Time series show the area-averaged (a) intensity, 
(b) fraction area (units: %) and (c) occurrence (units: month yr− 1) of severe drought events (SPEI ≤ − 1.5) during 1980–2 100. Historical simulations (black) and 
future projections under SSP2-4.5 (blue) and SSP5-8.5 (red) scenarios are illustrated in median (solid lines) and inter-quartile ranges (shadings). (d–e) Spatial pattern 
of linear trends for the period 2015–2 100 in severe drought occurrence (units: mon yr− 1 100yr− 1) under SSP2-4.5 (d) and SSP5-8.5 (e) scenarios. Slant hatchings 
denote where six of nine models agree in the sign of tendency. The numbers are the multi-model ensemble (MME), minimum and maximum for the area-averaged 
trend across global vegetated drylands. 

X. Yu et al.                                                                                                                                                                                                                                       
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VPD= es − ea (5) 

To exclude seasonal cycle, the anomaly for each variable was first 
converted as following: 

Anomi,j = xi,j − xj, (6)  

where i is the year ranging from 1980 to 2100, j is the month ranging 
from January to December, xi,j is variables of month j for year i, and xj is 
the climatology for month j. 

Note that the baseline for SM and VPD is 1981–2010, while GPP 
anomaly is relative to a running 30-year climatology from 1980 to 2 100 
to adjust the general increase of GPP due to the CO2 fertilization (Xu 
et al., 2019; Gonsamo et al., 2021). This approach is also efficient to 
exclude the primary model system biases of CMIP6 simulations (Yu 
et al., 2024). The anomalies of SM, VPD and GPP during severe drought 
conditions, representing the intensity of drought stress and the magni
tude of GPP loss, respectively, were then extracted and analyzed. 

To obtain an overall estimation of annual aggregated GPP deviation, 
we calculate an area-weighted sum of GPP anomalies across all grid 
points in drylands, which has been widely used in the heatwave studies 
(Perkins-Kirkpatrick and Lewis, 2020; Zhang et al., 2023). The calcu
lation is as follows: 

Annual aggregated GPP deviation=
∑g

1
wgt

∑m

1
Anomj,k (7)  

where Anomj,k is the GPP anomaly of month j for grid k, g is the number 
of land grid points, and wgt is the cosine weight in the latitude direction, 
m is 12 months. 

This method integrates into a single number all the characteristic 
(intensity, occurrence and spatial extent) of GPP loss/surplus related 
with severe drought conditions, and thus facilitates easier comparisons 
of GPP deviations among different years across global vegetated 
drylands. 

Throughout the whole text, we estimated the linear trend over the 
period 2015–2 100 using the Theil-Sen non-parametric method (Sen, 
1968; Theil, 1992), and tested the significance of monotonic trend using 
the Mann-Kendall (M-K) method (Mann, 1945; Kendall, 1955). 

3. Results 

3.1. Projected changes in the severe drought stress on dryland ecosystems 

We first examine future changes in severe drought characteristics 
across global vegetated drylands under intermediate and high emission 
scenarios in terms of intensity, fraction area and frequency (Fig. 1). The 

Fig. 2. Changes in the two drought stressors across global vegetated drylands simulated by nine CMIP6 ESMs. (a–b) Time series of the area-averaged anomalies of SM 
(a, units: Kg m− 2) and VPD (b, unit: kPa) associated with severe drought (SPEI ≤ − 1.5) during 1980–2 100. Historical simulations (black) and future projections 
under SSP2-4.5 (blue) and SSP5-8.5 (red) scenarios are illustrated in median (solid lines) and interquartile ranges (shadings). (c–f) Spatial pattern of future linear 
trends for the period 2015–2 100 in the anomalous SM (c–d, units: Kg m− 2 100yr− 1) and VPD (e–f, units: kPa 100yr− 1) associated with severe drought under SSP2-4.5 
(c, e) and SSP5-8.5 (d, f) scenarios. Slant hatchings denote where six of nine models agree in the sign of tendency. The numbers are the multi-model ensemble (MME), 
minimum and maximum for the area-averaged trend across dryland ecosystem areas. 
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dryland ecosystems are projected to experience more intense, wide
spread and frequent severe drought events under future warming 
climate (Fig. 1a–c). All the three metrics for severe droughts present a 
significant increase during the 21st century under SSP2-4.5 and SSP5- 
8.5, but tend to rise more rapidly after the 2040s under the high emis
sion scenario. As estimated from the multi-model ensemble (MME), the 
severe drought intensity is projected to increase from − 1.9 at present- 
day to − 2.1 (− 2.5) in the long-term period under SSP2-4.5 (SSP5-8.5), 
with the fractional area rising from ~2.0% to 12.3% (18.0%) and the 
occurrence from 2.8 months yr− 1 to 4.2 months yr− 1 (5.2 months yr− 1). 
The spatial patterns for the projected trend in the severe drought 
occurrence (Fig. 1d and e) demonstrate a robust increasing across the 
vegetated drylands, with an area-averaged rate at 1.3 (0.8–1.7) months 

yr− 1 100yr− 1 and 2.9 (2.3–4.2) months yr− 1 100yr− 1 under SSP2-4.5 
and SSP5-8.5, respectively. The risk of severe droughts is particularly 
high for the Sahel and Mediterranean costal drylands, the central Asia, 
South Africa, and southwestern Australia, with a rate exceeding 6.0 
months yr− 1 100yr− 1 under SSP5-8.5. 

We extend our analysis to the two drought stressors of dryland GPP 
characterized by negative SM and positive VPD anomalies in Fig. 2a and 
b. Under SSP2-4.5 and SSP5-8.5, the MME of SM deficit associated with 
severe drought is projected to be relieved from − 2.1 kg m− 2 at present to 
about − 1.9 kg m− 2 by the end of 21st century, with the MME linear 
trend statistically significant at 1% level (p = 1.0) using the M-K test. In 
contrast, the atmospheric dryness will intensify continuously with the 
VPD anomaly in MME rising from the present-day ~0.16 kPa–0.40 kPa 
(0.67 kPa) under SSP2-4.5 (SSP5-8.5). The spatial distribution of the 
projected SM anomaly related with severe drought show a generally 
wetting trend over most vegetated drylands, with an area-averaged 
tendency of 0.39 (− 0.48 to 1.51) Kg m− 2 100yr− 1 and 0.71 (− 0.8 to 
2.42) Kg m− 2 100yr− 1 under SSP2-4.5 and SSP5-8.5, respectively 
(Fig. 2c and d). This indicates that SM deficit caused drought stress in 
most dryland will alleviate. Regionally, the central Asian, South Asian, 
Sahel and Australian drylands would experience exacerbating SM deficit 
conditions, with a drying trend of − 0.5 (− 2.0) Kg m− 2 100yr− 1 under 
SSP2-4.5 (SSP5-8.5). By contrast, the widespread increasing of VPD 
anomaly suggests an intensifying atmospheric aridity stress on dryland 
vegetation, with an area-averaged rate of 0.25 (0.17–0.31) kPa 100yr− 1 

and 0.69 (0.48–0.96) kPa 100yr− 1 under SSP2-4.5 (SSP5-8.5) scenario 
(Fig. 2e and f). Particularly, VPD anomaly rises at a rate of ~0.3 (~1.0) 
kPa 100yr− 1 over central Asian, Sahel, South African and Australian 
drylands under SSP2-4.5 (SSP5-8.5). 

Since SM and VPD are strongly coupled at monthly scale, we further 
investigate their changes under severe drought in terms of the joint 
probability density function (PDF). The bivariate PDF distributions for 
SM and VPD anomalies linked with severe droughts throughout the 
vegetated drylands for the four periods under SSP2-4.5 and SSP5-8.5 
scenarios are illustrated in Fig. 3. Overall, the density maximum tends 
to shift from the bottom-right (Fig. 3a) to the top-right quadrant 
(Fig. 3b–g) with time and warming. With respect to the present-day 
climatology (Fig. S4 and thin black lines in Fig. 3), we then divided 
the configurations of combined SM and VPD anomalies associated with 
severe droughts into four categories. They are termed as high SM and 
high VPD (HSM-HVPD), low SM and high VPD (LSM-HVPD), low SM and 
low VPD (LSM-LVPD), high SM and low VPD (HSM-LVPD), respectively. 

From the perspective of probabilities in the four drought stress cat
egories, the two types with higher-than-usual VPD anomaly (HSM- 
HVPD and LSM-HVPD) are projected to increase substantially with 
warming over the vegetated drylands. Of the four categories, the HSM- 
HVPD type is projected to occur with the largest probability, followed by 
the LSM-HVPD type. Specifically, the likelihood of the HSM-HVPD type 
(top-right quadrant) increases from the present-day 21.2% (Fig. 3a) to 
34.6% (34.1%) in the near-term (Fig. 3b–e), 44.4% (47.6%) in the mid- 
term (Fig. 3c–f), and 52.7% (56.7%) in the long-term (Fig. 3d–g), under 
SSP2-4.5 (SSP5-8.5). For the LSM-HVPD type (top-left quadrant), the 
probability also rise from the present-day 17.8% (Fig. 3a) to 24.2% 
(23.4%) in the near-term (Fig. 3b–e), 26.7% (28.3%) in the mid-term 
(Fig. 3c–f), and 52.7% (56.7%) in the long-term (Fig. 3c–f), under 
SSP2-4.5 (SSP5-8.5). Correspondingly, the probabilities of the low VPD- 
dominated types (HSM-LVPD and LSM-LVPD) would decline consis
tently. Compatible with results in Fig. 2, the probabilities of low SM 
types (LSM-HVPD and LSM-LVPD) vary slightly, with approximately 
40% for each period under two emission scenarios. 

3.2. Response of dryland GPP loss to severe drought stress 

How will dryland GPP respond to the intensifying drought stress 
under future warming? We address this question by employing the GPP 
loss from nine CMIP6 ESMs. At the global scale, the annual aggregated 

Fig. 3. Bivariate probability density functions (PDFs) for SM and VPD anom
alies associated with severe drought events (SPEI ≤ − 1.5) across global vege
tated drylands simulated by nine CMIP6 ESMs. The results are estimated for 
four specific period, including the present-day period (1995–2014, a) from 
historical simulations, and the near-term (2021–2040, b, e), mid-term 
(2041–2060, c, f) and long-term (2081–2100, d, g) period from projections 
under SSP2-4.5 (b–d) and SSP5-8.5 (e–g) scenarios. The horizontal and vertical 
axises present the anomaly of SM (units: Kg m− 2) and VPD (unit: kPa), 
respectively. The thin black lines denote the present-day area-averaged anom
alies of SM (− 2.35 kg m− 2) and VPD (0.19 kPa) associated with severe droughts 
(Fig. S2). The numbers in the four quadrants are the percentage of the corre
sponding category of combined SM-VPD anomalies. The four categories refer to 
I: high SM and high VPD (HSM-HVPD), II: low SM and high VPD (LSM-HVPD), 
III: low SM and low VPD (LSM-LVPD), IV: high SM and low VPD (HSM-LVPD). 
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dryland GPP losses associated with severe drought are projected to 
intensify gradually with warming, with a significant tendency of − 0.24 
KgC m− 2 yr− 1 in MME under SSP2-4.5 and − 0.30 KgC m− 2 yr− 1 under 
SSP5-8.5, respectively (Fig. 4a). Regionally, the strengthening (negative 
values) GPP losses are especially remarkable over the Asian, North 
American and Australian drylands, while weakening (positive values) 
over the Southern African and South Asian regions (Fig. S5). 

With respect to the present-day baseline (Fig. 4b), the spatial dis
tributions of relative changes in annual GPP deviations linked with se
vere drought conditions over each specific period are further illustrated 
in Fig. 4c–h. We specially quantify the fractional areas of positive per
centage values, indicating an aggravating GPP loss, with respect to the 
whole vegetated dryland areas. Under SSP2-4.5 (SSP5-8.5) scenario, the 
annual GPP loss linked with severe drought will further deteriorate over 
56.9% (57.5%) of the whole vegetated drylands in the near-term period 
(Fig. 4c and d), 68.1% (70.9%) in the mid-term (Fig. 4e and f), and 
66.1% (56.9%) in the long-term period (Fig. 4g and h), respectively, as 

estimated from MME. The largest risks in the severe drought-associated 
GPP reduction are expected to appear in the southern North American, 
South African, and Australian dryland areas in the mid-term (Fig. 4e and 
f), with the magnitude in GPP loss exceeding double of the present-day 
baseline. It is noticeable that the dryland GPP reductions stagnate and 
even reverse between the mid-term and long-term periods under SSP5- 
8.5 (Fig. 4a), which mainly occurs over the Northeast Asian, South 
Asian, Sahel and South African drylands (Fig. 4g and h). These regions 
are also expected to see robust wetting in SM (Fig. 2d) and relatively 
lower drought risks (Fig. 1e), because of strong increase in precipitation 
under high emission scenario (Ukkola et al., 2020; Cook et al., 2020), 
and thus favoring GPP surplus. 

To examine the impact of drought stress changes on dryland pro
ductivity, we assess the GPP anomalies via binning the VPD and SM 
anomalies associated with severe drought for each grid cell (same as 
Fig. 3), as illustrated in Fig. 5. At present-day, the maximum annual 
drought-associated GPP losses exceeding 1.0 KgC m− 2 yr− 1 appears in 

Fig. 4. Changes in annual GPP anomaly associated with severe drought (SPEI ≤ − 1.5) across global vegetated drylands simulated by nine CMIP6 ESMs. (a) Time 
series of annual aggregated GPP anomalies (unit: KgC m− 2 yr− 1) during 1980–2 100. Historical simulations (black) and future projections under SSP2-4.5 (blue) and 
SSP5-8.5 (red) scenarios are illustrated in median (solid lines) and inter-quartile ranges (shadings). (b) Spatial pattern of annual GPP anomalies (unit: KgC m− 2 yr− 1) 
over the present-day period (1995–2014). The numbers are the multi-model ensemble (MME), minimum and maximum for the annual aggregated GPP anomalies. 
(c–h) Spatial pattern of relative changes (unit: %) in annual GPP anomaly for the near-term (2021–2040, c–d), mid-term (2041–2060, e–f), and long-term 
(2081–2100, g–h) period, respectively, under SSP2-4.5 (c, e, g) and SSP5-8.5 (d, f, h) scenarios, with respect to the present-day baseline (b). The numbers are 
the multi-model ensemble (MME), minimum and maximum for the fractional area of global vegetated drylands where severe drought-associated GPP reduction is 
projected to exacerbate. Slant hatchings denote where six of nine models agree in the sign of relative changes. 
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the intersection of average SM and VPD anomalies (Fig. 5a). Generally, 
the present-day maximum GPP reduction tends to shift and extend to
wards high VPD anomaly with time and warming (Fig. 5 and Fig. S6), 
highly consistent with that in the bivariate PDF distributions for SM and 
VPD anomalies (Fig. 3). In the long-term period (Fig. 5d–g and Figs. S6d 
and g), the maximum GPP losses are expected to occur with the asso
ciated VPD anomaly rising to 0.3–0.8 hPa (0.6–1.2 hPa) under SSP2-4.5 
(SSP5-8.5). The results suggest more adverse impacts induced by higher 
atmospheric aridity on dryland productivity in a warming climate. 

We further quantify the annual aggregated dryland GPP deviations 
linked with the four specific drought stress types (Fig. 6). On the whole, 
the annual aggregated GPP reduction in drylands will rise to 1.3 (1.28) 
times of the present-day baseline in the near-term, 1.71 (1.87) times in 
the mid-term, and 1.94 (2.19) times in the long-term period, under 
SSP2-4.5 (SSP5-8.5) scenario, respectively (purple bars in Fig. 6). Align 
with the increasing probabilities for the high VPD-dominated (HSM- 
HVPD and LSM-HVPD) drought stress (Fig. 3), the dryland GPP losses 
induced by the two types are projected to aggravate dramatically, 
reaching 2.46–3.45 times of the present-day reduction in the long-term 
period (orange and pink bars in Fig. 6). In addition, the percentage of 
GPP reduction linked with the two types will rise substantially from the 
present-day 67.7%–78.6% (78.6%) in the near-term, 88.0% (91.4 %) in 

the mid-term, and 95.2% (101.7%) in the long-term period under SSP2- 
4.5 (SSP5-8.5) scenario. Notably, it is the LSM-HVPD type (pink bars in 
Fig. 6), with the second-most probability of four severe drought stress, 
that contributes the largest fractional GPP losses. For the two low VPD- 
dominated types (LSM-LVPD and HSM-LVPD), the dryland GPP loss 
(negative anomaly) caused by drought is expected to decline consis
tently from the present-day 15–16% of the total GPP reductions to minor 
(~2%) in the long-term period under SSP2-4.5, and may even reverse, 
leading to a weak GPP surplus (positive anomaly), under SSP5-8.5 
(green and blue bars in Fig. 6), highly identical to the results in Figs. 4 
and 5. 

4. Summary and discussion 

In this study, we investigated the changes in two drought stressors of 
dryland ecosystems under a warming climate and quantified their im
pacts on dryland GPP deviations. The conclusions are summarized as 
follows. 

The CMIP6 ESMs project an increasing in the intensity, affected area 
and occurrence of severe drought events (SPEI-06 ≤ − 1.5) across global 
vegetated drylands. Although severe drought-associated SM deficits 
exhibit a mild alleviation, the high VPD aggravates substantially under 
intermediate (SSP2-4.5) and high (SSP5-8.5) emission scenarios. 
Regarding bivariate PDFs for SM and VPD anomalies, severe drought 
stress across global vegetated drylands was further categorized into four 
specific types. The probabilities of high VPD-dominated types (HSM- 
HVPD and LSM-HVPD) are projected to substantially increase from the 
present-day 39% to nearly 90% (82.5–92.4%) in the long-term period 
under the two scenarios. 

The annual GPP losses induced by severe drought stress are expected 
to deteriorate over more than half fraction (56.9–70.9%) of global 
vegetated drylands, particularly in the southern North American, South 
African, and Australian areas. The annual aggregated dryland GPP 
reduction associated with severe drought in the long-term period would 
be approximately 2.0 (2.1–2.37) times of the present-day level of ~21.5 
KgC m− 2 yr− 1. Furthermore, the GPP losses linked with the high VPD- 
dominated drought stress contribute to the majority of the total 
dryland GPP reduction, with their proportions increasing from the 
present-day 67.7%–95.2% (101.7%) in the long-term period under 
SSP2-4.5 (SSP5-8.5) scenario. 

One limitation of our analysis is the fixed extent of global drylands 
without considering the types of terrestrial ecosystems. Drylands iden
tified by AI are expected to expand under climate warming (Fu and Feng, 
2014; Huang et al., 2016; Yao et al., 2020), and plants regulate their 
response divergently to drought stress according to their specific 
biochemical and physiological functions (Gupta et al., 2020; Flach et al., 
2021; Zhang H et al., 2022). Moreover, the mechanisms of plant mod
ulation under rising drought stress and CO2 concentrations are more 
complex due to the interactions between these drivers and processes 
(Sang et al., 2021; McDowell et al., 2022). For instance, we excluded the 
CO2 fertilization by subtracting a running 30-year GPP climatology 
following Xu et al. (2019) and Gonsamo et al. (2021), but this method 
can not eliminate the influences of CO2 on water use efficiency (Peters 
et al., 2018; Zhang et al., 2019; Wang et al., 2022). As for the two 
drought stressors, the land-atmosphere feedbacks are enhanced in dry
lands, further exacerbating the severity and propagation of compound 
soil drought and atmospheric aridity (Huang et al., 2017; Schumacher 
et al., 2022). 

Our findings reveal an increasingly prevalent and widespread risk of 
high VPD-dominated drought stress to dryland ecosystems with global 
warming, which is essential for global carbon uptake (Wang et al., 
2022). Moreover, high atmospheric aridity conditions also pose great 
challenges associated with wildfire disasters to both natural and human 
environments (Jain et al., 2022; Jones et al., 2022). Special attention 
should be paid to those hotspots that would be threatened by exacer
bating severe drought stress due to both decreasing SM and elevating 

Fig. 5. Multi-model ensemble mean of annual dryland GPP anomaly (units: 
KgC m− 2 yr− 1) for each bin of SM and VPD anomalies associated with severe 
drought events (SPEI ≤ − 1.5) under SSP2-4.5 (b–d) and SSP5-8.5 (e–g) sce
narios simulated by nine CMIP6 ESMs. The four specific periods, four drought 
stress categories and thin black lines are the same as Fig. 3. 
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VPD. These vulnerable areas include the southern North American, 
South African, and Australian drylands. These regions are mainly 
covered by grasslands and croplands (Fig. S1) and are highly sensitive to 
drought extremes (Gampe et al., 2021). The drought-induced reduction 
in dryland vegetation productivity could have detrimental 
socio-economic effects by impacting ecosystem services, including 
reducing cropland production and cattle grazing, further hindering the 
achievement of SDGs in drylands (Fu et al., 2021). Thereby, to reduce 
threats from environmental degradation and guarantee stable food se
curity in drylands, we underscore the need to deploy adaptation mea
sures to intensify drought resilience of natural and cultivated vegetation 
through genetic, chemical and microbial approaches (Zhang H et al., 
2022; Tarolli and Zhao, 2023; Novick et al., 2024). Such adaptations 
could aid in planning and management to achieve more resilient and 
sustainable outcomes in a changing climate. 
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