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Global drylands are regions of the world where ecosystems are 
water-limited, soils are often relatively infertile and vegeta-
tion cover is sparse1,2. They encompass water-limited ecosys-

tems such as deserts, grasslands, shrublands and savanna woodlands 
and currently cover around 40% of the land surface1. They also host 
nearly 40% of the global population3, supporting the livelihood of 
large rural populations. As climate warms, potential increases in the 
aridity of existing drylands and in their spatial extent may thus have 
profound adverse human and socio-economic impacts. In addi-
tion to their importance for the human population and economy, 
recent research has shown the critical global ecological role played 
by drylands4.

To study drylands, a quantitative definition of these regions is 
needed. Regions conventionally defined as drylands span a range of 
land environments sharing some similar climatological and ecologi-
cal characteristics: dry climate, water limitation and scarce vegeta-
tion. As such, there is no single atmospheric or land surface variable 
that can be used to quantitatively identify these regions—instead, a 
multivariate index must be employed. The most common definition 
is based on the aridity index (AI)—that is, the ratio of mean annual 
precipitation (P) to potential evapotranspiration (PET, represent-
ing the evaporative demand of the air near the surface; Methods). 
Under the Middleton and Thomas5 scheme, adopted by the United 
Nations, drylands are regions where AI < 0.65. This definition is 
based on the long-standing observation that similar AI values cor-
respond to broadly similar vegetation types around the world, with 
lower values corresponding to drier ecosystems, as evaporative 
demand exceeds precipitation6. This definition also only requires 
atmospheric observations, which have historically been easier to 
obtain than hydrological or ecosystem measurements.

Building on that definition, an expanding body of literature 
based on the AI calculated from climate model output suggests that 
as climate warms, drylands will expand globally, perhaps dramati-
cally, as continental PET increases faster than P7–16. Such projections 
are often used to inform ecological impact assessments of future 
climate change17.

However, the rationale for using the AI in climate projections 
to assess future drylands dynamics is debatable. First, land sur-
face data limitations are no longer a concern when using climate 
model outputs rather than real-world observations. More physi-
cally meaningful measures of aridity are directly available from 
climate model land surface outputs, such as soil moisture or veg-
etation, eliminating the need for offline indices such as the AI. 
Second, the AI, as an atmosphere-based metric, is only a proxy for 
the actual land characteristics associated with drylands, such as 
limited water availability and low vegetation density. A crucial but 
seldom evaluated assumption in AI-based studies is that this proxy 
relationship, established over present-day climate5, is stationary 
under climate change17,18. However, recent research has demon-
strated problems with this assumption, showing the AI to be a 
negatively biased (that is, too arid) estimator of model-simulated 
future changes in various land surface variables, such as global 
water cycle and carbon cycle changes19,20. A salient issue is that 
common calculations of Penman–Monteith PET used in future AI 
estimates probably overestimate the future evaporative demand, 
in part by neglecting changes in vegetation physiology under 
higher CO2 (refs. 21,22), thus leading to excessively arid future AI 
values (all other things being equal). Additionally, the approach 
does not account for environmental effects that may alter the rela-
tionship between climate and land characteristics, such as the CO2 
fertilization effect23.

Although these problems with the AI will probably affect future 
drylands assessments20, the potential implications for projections 
of drylands expansion are unknown. Here, we address this critical 
gap by revisiting projections of future drylands using analyses that 
are independent of the AI. Using Coupled Model Intercomparison 
Project Phase 5 (CMIP5) models, we derive an alternative index of 
drylands, the ecohydrological index (EI), directly based on land 
surface ecohydrological properties. We compare drylands projec-
tions in climate change projections using both the AI and the EI. 
Furthermore, we analyse the causes of the differential responses 
of both metrics (AI and EI) to greenhouse warming, focusing in 
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particular on the role of vegetation physiological responses under 
higher atmospheric CO2.

An ei of drylands
The global pattern of the AI simulated in CMIP5 models for 
present-day climate includes higher values (less arid) in tropical and 
high latitudes, and lower (more arid) values in subtropical latitudes9. 
Drylands, as defined on the basis of the AI criteria (AI < 0.65), 
occupy large parts of the continental subtropics (Fig. 1a).

Definitions of drylands—excluding those based on the AI—
focus on the determining role of water availability in controlling 
ecosystem productivity and other plant processes1; this water lim-
itation is also reflected in sparse vegetation2. In the same CMIP5 
models, we characterize these two defining characteristics by the 
simulated correlation between annual mean surface soil moisture 
(Methods) and transpiration (cor(SM,Tran)) and by the leaf area 
index (LAI), respectively. Positive values of cor(SM,Tran) indicate 
a soil-moisture-limited transpiration regime; negative values reflect 
an energy-limited regime24. We focus on soil moisture limitation 

instead of absolute soil water content because soil moisture limita-
tion is more directly relevant to the functional definition of dry-
lands as water-limited ecosystems1, especially under a changing 
climate (Discussion and conclusions).

In present-day climate, a broad spatial relationship exists in 
CMIP5 models between AI-defined drylands and regions exhibit-
ing low simulated vegetation and positive cor(SM,Tran) (Fig. 1b–d).  
The AI thus spatially overlaps with key ecohydrological aspects 
of drylands, justifying its use as a proxy for drylands under 
present-day climate. However, some regions exhibit both high LAI 
and positive soil moisture limitation (for example, the Amazon and 
Southeast Asia), while others exhibit low LAI but no moisture limi-
tation (high latitudes). Figure 1e shows that AI-defined drylands 
can be equated with regions with both low vegetation cover and 
water-limited transpiration, illustrating that both quantities are 
central to the ecohydrological definition of drylands. On the basis 
of this finding, we define an EI of drylands as a linear function of 
LAI and cor(SM,Tran), which is specifically designed to be negative 
in drylands (Methods). As opposed to the AI, which characterizes  
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Fig. 1 | establishing an ei of drylands in CMiP5 models. a, Multimodel mean AI in 12 CMIP5 models (Methods and Supplementary Table 1) and 
corresponding drylands classification5 over 1971–2000: hyperarid (AI < 0.05), arid (0.05 <AI < 0.2), semi-arid (0.2 <AI < 0.5) and dry subhumid 
(0.5 <AI < 0.65). b, Multimodel mean annual LAI; the contour lines represent drylands according to the AI-based definition (AI < 0.65). c, Multimodel 
mean cor(SM,Tran); the contour lines are the same as in b. d, Relationship over global land between the AI and LAI or cor(SM,Tran), from a–c; the vertical 
lines correspond to the AI thresholds denoted in a. e, Multimodel mean AI binned as a function of mean cor(SM,Tran) and mean LAI. f, Multimodel mean  
EI (Methods); the contour lines indicate drylands based on the AI and EI definitions.
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atmospheric aridity, the EI is an index of ecohydrological arid-
ity: lower EI values correspond to more water-limited vegetation 
and lower vegetation density. We emphasize that this index is 
empirically derived from climate models, by matching simulated 
AI-defined drylands with relevant simulated land surface outputs 
(Fig. 1e,f). We thus do not seek to justify the exact index formu-
lation with observational or theoretical considerations. Rather, the 
index is introduced as a tool to test the hypothesis that drylands are 
truly expanding in climate model projections.

Divergence between Ai and ei projections
Under a high-emission scenario (Representative Concentration 
Pathway 8.5 (RCP8.5)), the projected AI values in climate models 
decrease over most of the land surface, indicating a global increase 
in atmospheric aridity7–16; consequently, AI-defined drylands 
expand in most places (Fig. 2a). However, land surface outputs from 
the same CMIP5 models project more balanced changes in ecohy-
drological conditions, with the EI decreasing in some regions (that 
is, trending towards more water-limited and/or sparser vegetation) 
and increasing in others (that is, trending towards less water-limited 
and/or denser vegetation) (Fig. 2b). Accordingly, EI-defined dry-
lands expand but also contract in various regions (for example, East 
Africa). In regions where AI-defined drylands expand, EI changes 
are often positive (Supplementary Fig. 1).

This EI response emerges from a combination of responses 
in LAI and soil moisture limitation both less uniformly negative 
than the AI (Fig. 2c,d). CMIP5 LAI projections show widespread 
increases25, except in some limited subtropical regions and in a nar-
row band at high latitudes, where a few models project LAI decrease, 
presumably because of the loss of boreal forests under warming. 
Soil moisture limitation on transpiration exhibits more contrasted 
patterns, with increased water limitation in Northern Hemisphere 
midlatitude regions in particular (North America, Europe and east-
ern China). In parts of these regions, increased water limitation 

dominates the LAI increase in EI changes, leading to a decrease in 
the EI; however, most often the LAI increase dominates, leading 
to positive EI changes. Many regions (for example, high latitudes, 
East Africa and South Asia) show both LAI increases and decreased 
water limitation.

The discrepancy between projected atmospheric and ecohydro-
logical indices demonstrates that, while the AI may be a proxy for 
drylands under the current climate, it does not accurately capture 
projected changes in the ecohydrological conditions associated with 
drylands. This discrepancy is further reflected in the non-stationarity 
of the relationship between the AI and ecohydrological properties: 
under future climate, AI-defined drylands encompass a broader, 
less ecohydrologically arid set of LAI and water limitation values 
than under present climate (Supplementary Fig. 2).

Climatic drivers of the Ai–ei divergence
The AI decreases in a warmer climate are primarily driven by a 
warming-induced increase in PET, which dominates the smaller 
increase in P over land8,9,26. Increased atmospheric aridity can thus 
occur even when P increases (Fig. 3a); the interpretation is that 
greater increases in evaporative demand will eventually dry out the 
land surface by depleting land moisture. However, under such con-
ditions, ecohydrological aridity decreases in CMIP5 models (Fig. 
3b); the EI tends to decrease only when P decreases. This response 
reflects a broadly similar behaviour in both LAI and soil moisture 
limitation (Supplementary Fig. 3). Soil moisture limitation does 
increase in some regions with moderate P increases and larger PET 
increases (Supplementary Fig. 3b); however, vegetation still increases 
in such regions, indicating that this increased water limitation does 
not come at the expense of vegetation growth. Figure 3 suggests a 
dominant role of P changes, rather than PET, in driving changes 
in ecohydrological conditions in climate models. Furthermore, the 
joint distribution of ΔPET and ΔP (Supplementary Fig. 3c) also 
indicates some level of coupling between both quantities: the more 
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Fig. 2 | Divergent Ai and ei projections under climate change in CMiP5 models. a, Mean change in AI between 1971–2000 and 2071–2100 in the RCP8.5 
scenario. The contour lines indicate changes in drylands defined on the basis of the AI. b, Same as a, for the EI. c, Mean change in LAI. d, Change in 
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negative ΔP, the greater average ΔPET. This suggests that part of the 
increase in PET must actually be interpreted as a response to ΔP, 
mediated in part by land–atmosphere feedbacks27,28.

The slight overall increase in the EI globally in Fig. 2b (+0.29) 
is thus consistent with the slight projected increase in land P 
(+0.15 mm d−1, or +6.3%). The AI response (−0.13 globally in Fig. 
2a) is dominated by the larger global PET increase (+0.66 mm d−1, 
or +19%). The different sensitivities of the EI and the AI to con-
trasted P and PET changes thus explain some of the divergence in 
the AI and EI responses to climate change.

Physiological drivers of the Ai–ei divergence
Differences in climatic sensitivity do not fully explain the dis-
crepancy between AI and EI projections over drylands. A major 
forcing of the simulated ecohydrological response to green-
house warming is the increase in plant water-use efficiency with 
increased atmospheric CO2, which increases net primary pro-
ductivity while reducing stomatal conductance23,29,30, thus poten-
tially modulating plant water constraints31. To better understand 
the role of vegetation physiology in the response of drylands, we 
analyse CMIP5 Earth System Model simulations that separate the 
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radiative effect of CO2 on climate from its physiological effect on 
vegetation (Methods).

Projections for the control (CTL) simulations, which include 
both the radiative and physiological effects of four-time-increased 
CO2, show a similar behaviour as the broader CMIP5 ensemble 
(Fig. 4a,d,g): widespread decrease in the AI and associated dry-
lands expansion, even as the EI shows widespread increases, indi-
cating denser and/or less water-limited vegetation. When only the 
radiative effect of CO2 on climate is considered (RAD), however, 
the AI and EI projections are in better qualitative agreement, with 
mean changes of the same sign both globally (Fig. 4b,e) and over 
AI-defined expanded drylands specifically (Fig. 4h). In other words, 
suppressing the physiological effect of CO2 substantially reduces the 
discrepancy between AI and EI changes. Consistently, the physi-
ological effect of increased CO2 (isolated in PHYS) induces a large 
EI increase (Fig. 4f), suggesting that EI changes in CTL (Fig. 4d) 
are dominated by plant physiology. The contrasted EI responses in 
PHYS and RAD predominantly reflect changes in LAI: as shown 
in previous studies32,33, LAI increases in CMIP5 models are largely 
driven by CO2 fertilization, especially in the tropics and subtrop-
ics, where climate change alone otherwise induces vegetation 
decrease (Supplementary Fig. 4a–c). While more muted, changes 
in water limitation show qualitatively consistent changes, with 
water limitation tending to increase in RAD and decrease in 
PHYS (Supplementary Fig. 4d–f). Increased atmospheric CO2 thus 
reduces ecohydrological aridity both by increasing biomass and by 
reducing water limitation.

In addition to the EI increase, the response of vegetation to CO2 
in PHYS also leads to widespread AI decreases (Fig. 4c). These are 
driven both by decreases in P and by increases in PET, contributing, 
respectively, 25% and 75% of the total AI change (Supplementary 
Fig. 5 and Methods). Both are induced by land–atmosphere feed-
backs caused by the decreases in plant transpiration occurring in 
models under higher atmospheric CO2, as bulk stomatal conduc-
tance decreases (even as total LAI increases; Supplementary Fig. 4). 
While physiological feedbacks on surface climate have been ana-
lysed before32,34–36, here we show that the combined effect on the 
AI is very large: the globally averaged AI decrease in PHYS rep-
resents 52% of that in CTL, leading to an apparent expansion in 
AI-defined drylands equivalent to 60% of that in CTL. As the EI 
otherwise increases (Fig. 4f), changes in the AI and EI in PHYS 
over new AI-defined drylands are of opposite signs (Fig. 4i). The 
physiological response of vegetation to CO2 thus partially decou-
ples atmospheric and ecohydrological aridity trends under climate 
change, as it simultaneously reduces ecohydrological aridity and 
enhances atmospheric aridity through associated land–atmosphere 
feedbacks. This divergence fundamentally undermines the justifica-
tion for using the AI as a proxy for drylands expansion.

Projections of future drylands extent
Under the AI definition, the average global drylands area across our 
CMIP5 ensemble increases by 6% in the multimodel mean (from 
40% to 46%; Fig. 5) and by 5.5% (from 42.9% to 48.4%) in the 
mean of individual model changes (+4.8% in the median). These 
results are qualitatively consistent with previous publications7,10,13 
(Methods). In contrast, under the EI-based definition of drylands, 
the global drylands extent remains essentially unchanged: −0.7% 
(from 35.8% to 35.1%) in the multimodel mean (−1.7% in the mean 
of model changes and −2.4% in the median), with regional con-
traction offsetting expansion (Fig. 2b). Despite larger model spread 
(Fig. 5), future changes in the EI remain smaller (−2.9% to +2.6%) 
than those in the AI (+3.7% to +7.2%) across all models. AI-based 
assessments thus lead to an overestimation of future global drylands 
expansion when compared with ecohydrological projections.

Climate models may underestimate present-day climate arid-
ity in current drylands10; furthermore, vegetation projections from 

climate models often remain constrained by model configuration, 
allowing, for instance, interactive phenology locally but not changes 
in vegetation spatial distribution. We therefore also evaluate 
EI-based drylands changes in projections from three state-of-the-art 
Dynamic Global Vegetation Models (DGVMs), forced by  
multimodel climate projections under scenario RCP6.0 in phase 
2b of the Inter-sectoral Impact Model Intercomparison Project 
(ISIMIP37; Methods).

Across the climate model/DGVM ensemble, the EI-based global 
drylands area remains unchanged (−0.1% of global land from 
the multimodel/DGVM mean; +0.7% (−0.9%) from the mean 
(median) of individual model/DGVM changes; Fig. 6c). The spa-
tial patterns are broadly similar to the CMIP5 results (Fig. 6a). 
Removing the CO2 effect on vegetation leads to much more nega-
tive EI changes (Fig. 6b). Regions of drylands increase thus tend 
to show greater expansion (for example, central United States), and 
the associated increase in global drylands is larger (+3.2% of global 
land from the multimodel/DGVM mean; +3.1% (+2.7%) from the 
mean (median) of individual changes; Fig. 6c). The ISIMIP results 
thus confirm the CMIP5 results regarding the quasi-invariance of 
the global drylands extent to global warming and the key role of 
CO2 fertilization in this response.

Discussion and conclusions
Even though the usual definition of drylands relies on the AI, here 
we showed that the modelled AI is actually a poor predictor of pro-
jected changes in drylands from climate model land surface outputs. 
Whereas AI projections indicate large future drylands expansion, EI 
projections suggest very limited areal changes in the global mean. 
This is consistent with previous studies showing the AI to be a nega-
tively biased metric of modelled global land surface changes under 
greenhouse warming19,20, despite its popularity as a climate impact 
metric7–17. Our study further highlights relevant mechanisms: 
AI-based assessments overemphasize the role of PET compared with 
P as a driver of ecohydrological impacts over land, do not account 
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for the effect of CO2 fertilization and neglect the role of land–atmo-
sphere feedbacks associated with vegetation physiology in AI trends 
themselves. The latter result is consistent with similar issues identi-
fied in projections from other PET-based metrics31. Including a pro-
posed correction22 in PET calculations to account for plant stomatal 
responses to CO2 does not resolve the discrepancy between the AI 
and EI drylands projections, highlighting fundamental issues with 
the AI beyond PET calculation (Supplementary Discussion 1 and 
Methods). We expect such issues to also apply in the latest model-
ling results of CMIP6.

While we did not seek here to explicitly evaluate AI and EI trends 
in observations, we note that the AI has predominantly decreased 
over land over the past 50 years10, while vegetation has been increas-
ing globally38. Over drylands specifically, little correlation is found 
between changes in the AI and vegetation density over recent 
decades39. A dominant role of land use or land management changes 
is found instead, consistent with a limited influence of ongoing  

climatic trends on drylands conditions40,41. Recent observations 
therefore do not seem to support the role of the AI as an indicator of 
drylands temporal dynamics either.

Climate models project widespread decreases in surface soil 
moisture42, seemingly consistent with AI projections and thus dry-
lands expansion28 (Supplementary Fig. 8a). However, decreases in 
surface soil moisture are not consistently associated with increases 
in water limitation on transpiration in models: while changes in 
both quantities are spatially correlated (r = −0.41), 35% of the land 
surface shows decreases in surface soil moisture without increases 
in cor(SM,Tran) (Supplementary Fig. 8b). Decreasing soil moisture 
in wet environments (such as the tropics and high latitudes) may 
not directly impact transpiration; additionally, because of increased 
plant water-use efficiency under higher atmospheric CO2, decreases 
in absolute soil water content may not translate to greater con-
straints on transpiration. Projected decreases in soil moisture in 
many midlatitude regions are also directly caused by climate-driven 
and CO2-driven vegetation growth43 and are thus not necessarily 
indicative of increased water stress in the models. These differences 
justify a focus on soil water limitation rather than absolute water 
content. Nevertheless, even tentatively defining drylands solely as 
regions with low surface soil moisture yields more modest drylands 
expansion than with the AI (+3%, Supplementary Fig. 9); a simi-
lar analysis applied to total-column soil moisture, which shows less 
negative projected changes than surface soil moisture42, leads to 
a more modest increase (+1.9%, Supplementary Fig. 10). Finally, 
replacing cor(SM,Tran) with surface soil moisture in combination 
with LAI in an alternative EI (EI*; Supplementary Discussion 2) 
leads to no substantial drylands expansion, consistent with our ini-
tial results (+0.6% in the multimodel mean; Supplementary Fig. 11).

The realism of projected vegetation increases in climate mod-
els, however, may be questioned. On the one hand, available 
CO2-enrichment experiments do show enhanced vegetation growth 
under elevated CO2 (ref. 23), with no clear evidence that models 
systematically overestimate this effect44; and model-simulated his-
torical LAI trends are broadly consistent with the global vegetation 
increase observed in recent decades38,45. On the other hand, key 
limiting processes in a changing climate, such as increased water 
stress, nutrient limitation or increased fire risks46,47, are represented 
simplistically in models or are entirely omitted. Models may thus 
overestimate future vegetation growth. We therefore design another 
alternative index to the EI that does not include LAI changes but 
focuses on precipitation and soil moisture limitation instead (EI′). 
The results obtained using this alternative index are still inconsistent 
with strong global drylands expansion (Supplementary Discussion 
3 and Supplementary Figs. 12–14). We emphasize that, while model 
projections of future vegetation may be overestimated, evaluating 
the realism of such projections is not a goal of our study; rather, our 
study aims to accurately analyse and interpret the information that 
existing model projections provide, regardless of possible biases.

Land aridity is a complex, multidimensional hydroclimatic con-
cept, of which the AI is but one metric. Similarly, the concept of dry-
lands encompasses multiple climatic, hydrological and ecological 
characteristics1. A consequence of the AI-based definition of dry-
lands and associated studies7–17 is that both concepts have become 
somewhat conflated—further confounding their definition. Our 
study clarifies that the AI is best understood as a measure of atmo-
spheric aridity (which does increase with climate change), while the 
concept of drylands is primarily based on land ecohydrological con-
ditions. We use the EI as a tool to demonstrate that drylands show 
more nuanced changes under greenhouse warming, which cannot 
be equated with atmospheric aridity trends. However, we stress that 
the EI necessarily remains a simple metric, which does not encom-
pass all drylands aspects, such as soil biogeochemistry and ecologi-
cal composition1. Further work is needed to fully characterize the 
responses of all different facets of drylands. By further highlighting 
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Fig. 6 | Changes in drylands in iSiMiP. a, Model mean change (across 
all combinations of DGVMs and climate models) in EI under the RCP6.0 
scenario between the present (1971–2000) and future (2070–2099), with 
atmospheric CO2 seen by vegetation following RCP6.0 values. The contour 
lines represent changes in drylands under the EI definition. b, Same as a, 
but with CO2 concentrations seen by vegetation held constant after 2005. 
The stippling indicates where more than three-quarters of combinations of 
DGVMs and climate models agree on the sign of the change (for visibility, 
while the ISIMIP outputs are at a 0.5° × 0.5° resolution, the stippling 
is plotted at a 2° × 2° resolution). c, Distribution of drylands area (as a 
percentage of global land) in different DGVM/climate model combinations, 
in the present and future, with (left) and without (right) vegetation 
experiencing atmospheric CO2 increase after 2005. The box plots have the 
same structure as in Fig. 5.
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the complex trends in the land–atmosphere system under climate 
change19,20,28, our study joins calls for caution in the use of impre-
cise concepts such as aridity and drylands in climate impact studies, 
and for careful definition of the concepts and variables analysed48. 
In particular, our study highlights the dangers of relying on simple 
atmosphere-based metrics, such as the AI, as proxies to assess cli-
mate impacts on land systems. This approach is sometimes justi-
fied by the large structural uncertainties otherwise plaguing land 
surface outputs from climate models, such as soil moisture, runoff 
and vegetation49 (for example, Fig. 5). However, here differences go 
beyond model spread: the AI-based assessments of future changes 
in drylands are qualitatively different from the modelled ecohydro-
logical trends. Uncertainties and limitations in land model simu-
lations undoubtedly complicate our assessment and interpretation 
of projected ecohydrological trends, and preclude high confidence 
in model EI projections. However, we argue that enough is known 
about ecohydrological processes that these uncertainties do not 
justify relying on a demonstrably flawed atmospheric proxy that 
is qualitatively at odds with these projections. Finally, we stress 
that our study does not question the many documented adverse 
impacts of climate change on different hydrological and biological 
land systems; however, we argue that an objective assessment of cli-
mate model projections indicates little evidence for global drylands 
expansion under anthropogenic climate change.
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Methods
EI of drylands. Our criteria for defining the EI included simplicity (for example, 
the smallest number of variables possible), accessibility from usual climate model 
outputs and overlap with the AI-based definition under present-day climate. The EI 
of drylands is defined as

EI ¼ LAI� a ´ cor SM;Tranð Þ þ bð Þ ð1Þ

where LAI and cor(SM,Tran) are unitless, and a and b are parameters. The 
parameters are estimated by fitting the line LAI = acor(SM,Tran) + b to the black 
contour line in Fig. 1e. The estimated values used in this study are a = 4.72 and 
b = 0.15. By design, drylands (regions in the present climate in which AI < 0.65) 
then approximately correspond to regions where EI < 0. As opposed to the 
AI, which is an index of atmospheric aridity, we consider the EI as an index of 
ecohydrological aridity: lower EI values correspond to more arid conditions 
from an ecohydrological standpoint (that is, to lower vegetation density and 
more water-limited vegetation). We used surface soil moisture here (variable 
mrsos from CMIP5) for simplicity, as it represents the same depth for all models 
(even if absolute moisture levels still vary between models). The spatial pattern 
and magnitude of cor(SM,Tran) are similar for surface and total soil moisture50 
(reflecting consistent interannual variability in both quantities).

CMIP5 simulations. We used publicly available simulations from CMIP5. 
Supplementary Table 1 lists the models analysed for the different experiments used 
in our study—using CMIP5 nomenclature: HIST, RCP8.5, 1pctCO2 (renamed CTL 
in our study), esmFdbk1 (renamed RAD) and esmFixClim1 (renamed PHYS). To 
calculate multimodel means, the models were regridded to a common  
2° × 2° resolution.

Pre-industrial, historical and future climate simulations. HIST and RCP8.5 are 
simulations covering the historical period (1850–2005) and twenty-first century 
under a high-emissions scenario (2006–2100), respectively. We analyse 30-year 
periods in each, 1971–2000 and 2071–2100, respectively. CO2 concentrations in 
the RCP8.5 scenario reach around 935 ppm by the year 2100. Only 12 models were 
available with the outputs necessary to calculate PET (see below), as well as surface 
soil moisture and transpiration, and for which LAI was computed interactively 
with climate (as opposed to being prescribed; Supplementary Table 1).

Experiments separating CO2 physiological and radiative effects. CTL, PHYS and 
RAD are idealized single-forcing CMIP5 experiments for coupled carbon–climate 
Earth System models, meant to study carbon cycle feedbacks. More precisely, 
they are meant to separate the effect of atmospheric CO2 increase on climate 
and the carbon cycle into the radiative effect of CO2 on the atmosphere and the 
physiological effect of CO2 on vegetation. In CTL, both the atmospheric model 
and the land surface scheme of a climate model are subjected to a 1% annual 
increase of atmospheric CO2 starting from pre-industrial levels (284 ppm) and 
lasting 140 years (ending at 1,132 ppm). In PHYS, only the vegetation module 
experiences the increase in CO2, while the atmosphere continuously experiences 
pre-industrial CO2 levels. Conversely, in RAD, only the atmosphere experiences 
the increase in CO2, while vegetation continuously experiences pre-industrial CO2 
levels. For our purposes, PHYS thus isolates the impact of CO2 increase on climate 
and hydrology through the physiological effect of CO2 on vegetation, while RAD 
isolates only the radiative effect of CO2 increase. These simulations and the 
corresponding decomposition of CO2 effects into physiological and radiative parts 
in CMIP5 models have been used in previous hydroclimate studies31–33,35,36. Eight 
models took part in these experiments; only four models provided both LAI and 
the necessary outputs to calculate PET (Supplementary Table 1). For each run, 
we analyse the first 20 years and the last 20 years of the simulations to obtain the 
corresponding changes.

ISIMIP simulations. Under phase 2b of ISIMIP37, impact models from various 
sectors (for example, hydrology, vegetation, human health and biodiversity) were 
driven in a consistent modelling framework by climate projections from a set of 
climate models and climate scenarios from the CMIP5 experiment. The ISIMIP 
climate dataset covers the period from 1860 through to 2099 on a horizontal 
grid with 0.5° × 0.5° resolution; where necessary, climate model output was 
spatially interpolated. The data were bias-corrected to ensure long-term statistical 
agreement with the observation-based dataset EWEMBI (E2OBS, WFDEI and 
ERAI data merged and bias-corrected for ISIMIP37) over the period 1960–1999, 
while also preserving projected absolute trends in temperature and relative trends 
in P and all other variables.

For our analysis, we use monthly LAI, soil moisture and transpiration 
outputs from three DGVMs forced by a set of four climate models 
(GFDL-ESM2M, HadGEM2-ES, IPSL-CM5A-LR and MIROC5). We computed 
annual means from monthly outputs. We focused on scenario RCP6.0 for future 
projections, as counterpart experiments without CO2 change were available for 
that scenario (which was not the case for RCP8.5). Three DGVMs (ORCHIDEE, 
LPJ-GUESS and CARAIB) were available that included historical simulations 
and future projections with and without CO2 change. In the historical 

simulations, CO2 was prescribed according to historical values. For the historical 
period (1860–2005), historical land-use change was also prescribed. For RCP6.0 
projections (both with and without CO2 changes), land use was fixed at 2005 
values; thus, the differences between present (1971–2000) and future (2071–
2100) values focus on the impact of climate change (and CO2 for simulations 
that include CO2 change).

In the ISIMIP experiment, soil moisture outputs were not standardized to a 
common depth. The three DGVMs used here have different soil schemes and 
depths. We use the sum of the first nine layers in ORCHIDEE (equivalent to 
~0.7 m deep) and the first layer in LPJ-GUESS (0.5 m); CARAIB had only one layer 
available, whose actual depth varies depending on rooting depth around the world, 
starting at 0.7 m.

Calculation of PET and AI. We use monthly outputs of P and of near-surface 
temperature, specific humidity, wind speed, surface pressure, and latent and 
sensible heat flux to calculate PET according to the Penman–Monteith equation 
(see below). The AI was then defined as the ratio of annual mean P to annual 
mean PET. Drylands expansion is then estimated as the increase in land fraction 
(not including Greenland and Antarctica) where AI < 0.65 between 1971–2000 
and 2071–2100; this yields an expansion of ~6% in the mean of the CMIP5 
models we analysed, consistent with previous studies7,10,13 (note that Huang et al.10 
apply a bias correction to AI calculations from CMIP5 model simulations, which 
results in larger drylands expansion in their analysis, up to +23%; however, their 
non-corrected values are also on the order of +6%).

PET represents the evaporative demand of the air near the surface. To calculate 
PET, we used the open-water formulation, as in Milly and Dunne21. This assumes 
that stomatal resistance is zero (and thus doesn’t change over the course of the 
twenty-first century); it also assumes an aerodynamic roughness of the surface of 
0.00137 m (consistent with open water). It computes PET (mm d−1) as:

λPET ¼ sRn þ 6:43ð1þ 0:53uÞγD
sþ γ

;

where s is the gradient of the saturation vapour pressure with respect to 
temperature (Pa K−1), Rn is net radiation minus the ground heat flux (which was 
calculated as the sum of latent and sensible heat flux), γ is the psychrometric 
constant (Pa K−1), u is the wind speed at 2 m height (m s−1), D is the vapour pressure 
deficit of the air at 2 m height (the difference between the saturated vapour pressure 
and the actual vapour pressure (Pa)) and λ is the latent heat of vaporization (J kg−1), 
which is calculated as a function of air temperature21.

We also calculate PET using the formulation proposed by Yang et al.22 to 
account for changes in stomatal resistance. It is based on the ‘FAO-56 reference 
crop’ formulation, which was modified to include changes in stomatal conductance 
as a function of atmospheric CO2 (estimated from CMIP5 climate projections)22:

PET ¼
0:408sRn þ γ 900

Tþ273 uD

sþ γ 1þ u 0:34þ 2:4 ´ 10�4 CO2½  � 300ð Þ½ f g ;

where T is the 2 m temperature and [CO2] is the atmospheric CO2 concentration 
(in ppmv).

Decomposition of P/PET changes in the PHYS experiment. According to error 
propagation rules, the fractional change in AI = P/PET can be approximated by the 
fractional change in P and in PET as follows:

Δ P
PET

� �

P
PET

� ΔP
P

� ΔPET
PET

;

where Δ refers to the future-minus-present change and the values in the 
denominator are present-day means. Thus, we have:

Δ
P

PET

� �
� ΔP

P
P

PET
� ΔPET

PET
P

PET
;

that is, the change in P/PET, Δ(P/PET), can be approximated by the difference 
between a P-change-induced term:

ΔP
P

P
PET

and a PET-change-induced term:

ΔPET
PET

P
PET

:

We compute area-weighted averages of each term in experiment PHYS. We 
calculate the global change in P/PET to be −0.071 (unitless); the P-change-induced 
term and PET-change-induced term are −0.019 and +0.059, respectively 
(thus, their difference is –0.078). We therefore assess the change in AI in PHYS 
attributable to changes in P to be 1.9/7.8 ≈ 25%; and the change in AI attributable 
to changes in PET, 5.9/7.8 ≈ 75%.
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Data availability
All climate model simulations used in the Article are from CMIP5 and are publicly 
available—for instance, at https://esgf-node.llnl.gov/search/cmip5/. All ISIMIP 
simulations are freely available as well—for example, at https://esg.pik-potsdam.de/
search/isimip/. All calculated data generated from these sources are available from 
the corresponding author upon request.

Code availability
The custom R code written to read and analyse the data and generate the figures is 
available on GitHub at https://doi.org/10.5281/zenodo.4490414 (ref. 51).
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Supplementary	 Table	 1:	 List	 of	 CMIP5	 models	 used	 in	 this	 study	 (see	 ref1	 in	 this	

document	 for	more	 information	on	details	and	protocols	of	 the	different	simulations).	

These	models	were	selected	on	the	basis	of	the	availability	of	all	the	necessary	monthly	

outputs	 used	 in	 our	 analysis	 (variables	 involved	 in	 the	 calculation	 of	 PET	 (Methods),	

surface	soil	moisture,	transpiration,	LAI).	

Model	 Institution	
HIST	and	

RCP8.5	

CTL,	RAD,	and	PHYS	

(i.e.,	1pctCO2,	

esmFdbk1,	

esmFixclim1)	

bcc-csm1-1	 Beijing	Climate	Center,	China	Meteorological	
Administration	

✓	 	

bcc-csm1-1-m	 Beijing	Climate	Center,	China	Meteorological	
Administration	

✓	 	

CESM1-BGC	 National	Science	Foundation,	Department	of	
Energy,	National	Center	for	Atmospheric	

Research	

	 ✓	

CESM1-CAM5	 National	Science	Foundation,	Department	of	
Energy,	National	Center	for	Atmospheric	

Research	

✓	 	

CanESM2	 Canadian	Centre	for	Climate	Modelling	and	
Analysis	

✓	 ✓	

GFDL-ESM2G	 Geophysical	Fluid	Dynamics	Laboratory	 ✓	 	

GFDL-ESM2M	 Geophysical	Fluid	Dynamics	Laboratory	 ✓	 ✓	

INMCM4	 Institute	for	Numerical	Mathematics	 ✓	 	

IPSL-CM5A-LR	 Institut	Pierre-Simon	Laplace	 ✓	 ✓	

IPSL-CM5A-MR	 Institut	Pierre-Simon	Laplace	 ✓	 	

IPSL-CM5B-LR	 Institut	Pierre-Simon	Laplace	 ✓	 	

MIROC-ESM	 Japan	Agency	for	Marine-Earth	Science	and	
Technology,	Atmosphere	and	Ocean	
Research	Institute	(The	University	of	
Tokyo),	and	National	Institute	for	

Environmental	Studies		

✓	 	

MIROC-ESM-CHEM	 Japan	Agency	for	Marine-Earth	Science	and	
Technology,	Atmosphere	and	Ocean	
Research	Institute	(The	University	of	
Tokyo),	and	National	Institute	for	

Environmental	Studies	

✓	 	
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Supplementary	Discussion	1:	

Impact	of	PET	CO2-correction	on	AI/EI	discrepancy	

One	 known	 issue	 in	 the	 calculation	 of	 the	 Aridity	 Index	 (and	 other	 PET-based	

metrics)	lies	in	the	computation	of	future	PET:	by	neglecting	future	changes	in	plant	

stomatal	 resistance	 under	 higher	 atmospheric	 CO2 	 (as	 those	 are	 typically	 not	

provided	 in	 climate	 model	 outputs),	 PET	 projections	 overestimate	 evaporative	

demand2.	 In	 our	 own	 initial	 AI	 calculations,	 we	 have	 also	 neglected	 changes	 in	

stomatal	conductance,	consistent	with	prior	studies.			

However,	 Yang	 et	 al.3	 recently	 provided	 a	way	 to	 remedy	 this	 issue	 and	 include	

changes	 in	stomatal	 resistance	 in	calculations	of	 future	PET	(Methods).	They	argue	

that	 this	 correction	 reduces	 the	 gap	 between	 PET-based	metrics	 and	 hydrological	

projections	 within	 climate	 models:	 for	 instance,	 they	 are	 able	 to	 retrieve	 model-

simulated	 trends	 in	 global	 runoff	 from	 calculations	 based	 on	 changes	 in	 P/PET.	

Following	their	approach	in	our	analysis,	however,	does	not	resolve	the	discrepancy	

between	AI-	 and	EI-based	projected	 changes	 in	 drylands:	while	 the	 increase	 in	AI-

defined	 drylands	 area	 in	 the	 multi-model	 mean	 is	 reduced	 (+3.5%;	 Fig.	 S6),	 as	

projected	PET	 increases	are	smaller,	 it	 is	 still	 inconsistent	with	changes	 in	EI,	both	

globally	and	in	many	regions	(Fig.	S7).		Thus,	the	proposed	PET	correction	does	not	

fully	remedy	the	fundamental	issues	described	in	our	study	regarding	the	use	of	AI	as	

a	drylands	metric	under	a	warming	climate.		

	

Supplementary	Discussion	2:	

An	alternative	Ecohydrological	Index	(EI*)	based	on	absolute	soil	moisture	

instead	of	soil	moisture	limitation	

We	argue	 (see	discussion	 section	 in	main	 text)	 that	 soil	moisture	 limitation	 is	 a	

more	relevant	metric	for	characterizing	drylands	in	climate	change	projections	than	

absolute	soil	moisture.	Nevertheless,	to	test	the	sensitivity	of	our	results	to	plausible	

different	 choices	 of	 variables,	 we	 design	 an	 alternative	 index	 to	 EI,	 called	 EI*,	 in	

which	 we	 replace	 soil	 moisture	 limitation	 (cor(SM,Tran))	 by	 absolute	 surface	 soil	

moisture	 (mrsos;	 Fig.	 S11).	 EI*	 is	 thus	 based	 on	 LAI	 and	mrsos.	 To	 design	EI*,	we	

proceed	 as	 for	 EI:	 we	 bin	 AI	 as	 a	 function	 of	 mrsos	 and	 LAI	 and	 seek	 a	 simple	
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relationship	between	mrsos	and	LAI	 that	 corresponds	 to	AI<0.65.	For	EI,	 given	 the	

shape	 of	 the	 AI<0.65	 domain	 in	 the	 LAI/cor(SM,Tran)	 space,	 a	 linear	 relationship	

between	LAI	and	cor(SM,Tran)	could	be	established		to	delineate	the	AI<0.65	domain	

and	 define	 EI.	 However,	 given	 the	 shape	 of	 the	 AI<0.65	 domain	 in	 the	mrsos/LAI	

space	(black	contour	 line	on	Fig.S11e),	absolute	 thresholds	on	mrsos	and	LAI	were	

used	 instead	 to	approximate	AI-defined	drylands:	LAI=2	and	mrsos=16	kg.m-2.	The	

corresponding	index	EI*	is	calculated	as	follows:		

- for	a	pixel	 i,j	 (i	 and	 j	 representing	 longitude	and	 latitude,	 respectively)	with	

values	 LAIi,j	 and	mrsosi,j,	 if	 LAIi,j	 and	mrsosi	 both	 fall	 below	 their	 respective	

thresholds,	 EI*i,j	 is	 defined	 as	 (LAIi,j-2)+	 (mrsosi,j-16)/10,	 so	 that	 its	 value	 is	

negative;		

- if	LAIi,j	and	mrsosi,j	both	fall	above	the	thresholds,	EI*i,j	 is	also	defined	as	the	

sum	of	(LAIi,j-2)+	(mrsosi,j-16)/10;	thus	its	value	is	positive.		

- 	in	other	 cases	 (when	one	value	 falls	 above	 its	 threshold	but	not	 the	other),		

EI*i,j	is	defined	as	max(1e-3,	(LAIi,j-2)+	(mrsosi,j-16)/10);	its	value	is	thus	also	

positive.		

Thus	 EI*i,j	 is	 only	 negative	 if	 both	 LAIi,j	 and	 mrsosi,j,	 are	 below	 their	 respective	

thresholds;	that	is,	as	for	EI,	EI*-based	drylands	are	defined	as	EI*<0.	Note	that	mrsos	

is	 divided	 by	 10	 so	 that	 LAI	 and	mrsos	 contribute	 broadly	 comparable	 values.	 As	

discussed	 in	 the	 main	 text	 and	 shown	 on	 Fig.	 S11h,	 across	 models	 EI*-defined	

drylands	show	no	substantial	increase	in	climate	change	projections.		

	

Supplementary	Discussion	3:	

An	alternative	Ecohydrological	Index	(EI’)	based	on	precipitation	instead	of	

Leaf	Area	Index	

To	 account	 for	 uncertainties	 in	 climate	model	 vegetation	projections	 (which	 are	

potentially	 overestimated),	 we	 design	 another	 alternative	 Ecohydrological	 Index	

(EI’),	in	which	LAI	is	replaced	by	mean	annual	precipitation	P	(Fig.	S12).	EI’	thus	only	

relies	on	precipitation	and	soil	moisture	limitation.	EI’	is	established	similarly	to	EI,	

by	 establishing	 a	 linear	 relationship	 between	 P	 and	 cor(SM,Tran)	 delineating	 the	

AI<0.65	domain	on	 the	binned	plot	 of	AI	 as	 a	 function	of	 P	 and	 cor(SM,Tran)	 (Fig.	

12e).	The	combination	of	these	two	variables	allows	accurately	capturing	AI-defined	
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drylands,	 similar	 to	 the	 initial	 EI	 metric.	 Even	 without	 considering	 projected	

vegetation	 increases,	 changes	 in	 EI’	 in	 RCP8.5	 climate	 change	 projections	 are	 still	

inconsistent	 with	 strong	 global	 drylands	 expansion	 (+2.1%	 in	 the	 change	 of	

multimodel	 mean;	 -0.2%	 in	 the	 mean	 of	 model	 changes;	 -2.1%	 in	 the	 median	 of	

model	 changes;	 Fig.	 S13).	 Further,	 this	 index	 counts	 as	 expanding	 drylands	 some	

Northern	 Hemisphere	 regions	 (e.g.,	 North	 America)	 without	 any	 precipitation	

decrease,	but	with	both	LAI	increases	(Fig.	2)	and	increased	soil	moisture	limitation	

(Fig.	S14).	Such	changes	can	be	interpreted	as	enhanced	vegetation	growth	depleting	

soil	 moisture	 to	 the	 point	 of	 increased	 water	 limitation,	 even	 as	 precipitation	

remains	 constant4.	 We	 contend	 that	 such	 a	 situation	 does	 not	 correspond	 to	 the	

conventional	understanding	of	“drylands	expansion”	driven	by	climatic	changes,	and	

should	 thus	 not	 be	 counted	 as	 such.	 This	 further	 demonstrates	 the	 importance	 of	

accounting	for	LAI	changes	when	assessing	drylands	dynamics,	as	we	do	with	the	EI,	

lest	some	regions	be	misclassified	as	future	drylands.		
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Figure	S1:	 changes	 in	Ecohydrological	 Index	versus	Aridity	 Index	between	1971-2000	

and	2071-2000	(in	RCP8.5	scenario)	in	regions	where	AI-defined	drylands	expand	(see	

contour	lines	on	Fig.2a).	Gray	dotted	lines	indicate	the	mean	of	AI	and	EI	values.	Gray	

lines	on	the	x-axis	and	y-axis	give	an	indication	of	the	distribution	of	EI	and	AI	values	

(values	are	normalized	so	that	the	maximum	of	the	distribution	has	a	value	of	1	on	the	

y-axis	for	AI,	and	0.1	on	the	x-axis	for	EI).	
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Figure	S2:	Model	mean	AI	binned	as	a	function	of	mean	cor(SM,Tran)	and	mean	LAI,	in	

the	 future	 (2071-2100,	 RCP8.5	 scenario).	 The	 dotted	 contour	 line	 delineates	 values	

lower	than	0.65,	i.e.,	AI-defined	drylands.	The	full	line	show	the	same	contour	line,	but	

for	present-day	climate	(i.e.,	from	Fig.1e).	
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Figure	 S3:	 Changes	 in	 (a)	 Leaf	 Area	 index	 and	 (b)	 soil	 moisture-transpiration	

correlations	 in	 CMIP5	 models	 in	 RCP8.5	 (2071-2100	 minus	 1971-2000)	 binned	

according	to	corresponding	changes	 in	annual	P	and	PET;	(c)	Density	plot	associated	

with	Fig.	3	and	panels	(a)	and	(b).		

−1.5 −0.5 0.5 1.5

0.
0

0.
5

1.
0

1.
5

∆LAI

∆P (mm/d)
∆

PE
T 

(m
m

/d
)

−1.5

−1.0

−0.5

0.0

0.5

1.0

1.5

a

−1.5 −0.5 0.5 1.5

0.
0

0.
5

1.
0

1.
5

∆cor(SM,Tran)

∆P (mm/d)

∆
PE

T 
(m

m
/d

)

−0.4

−0.2

0.0

0.2

0.4

b

−1.5 −0.5 0.5 1.5

0.
0

0.
5

1.
0

1.
5

Density (% of land pixels)

∆P (mm/d)

∆
PE

T 
(m

m
/d

)

0.0

0.5

1.0

1.5

2.0

2.5

c



	 9	

	
	

Figure	 S4:	 	 (a-c)	 changes	 in	 mean	 annual	 Leaf	 Area	 Index	 in	 CTL,	 RAD	 and	 PHYS	

simulations	 under	 a	 four-time	 increase	 in	 atmospheric	 CO2;	 (c-e):	 Changes	 in	

correlation	between	mean	annual	surface	soil	moisture	and	transpiration	in	CTL,	RAD	

PHYS	simulations.	
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Figure	 S5:	 Model	 mean	 change	 in	 mean	 annual	 precipitation	 (top)	 and	 potential	

evapotranspiration	(bottom)	in	the	PHYS	simulation	(note	the	different	color	scales).		
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Figure	S6:	Same	as	Figure	5,	but	with	AI	calculations	 including	a	corrected	version	of	

PET	 calculation	 that	 accounts	 for	 changes	 in	 stomatal	 conductance	 induced	 by	

increased	atmospheric	CO2	(Methods).	
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Figure	 S7:	 Same	 as	 panels	 (a)	 and	 (b)	 from	 Fig.2,	 but	 with	 AI	 calculations	 in	 (a)	

including	a	corrected	version	of	PET	calculation	that	accounts	for	changes	in	stomatal	

conductance	induced	by	increased	atmospheric	CO2	(Methods).	
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Figure	 S8:	 (a)	 Change	 in	mean	annual	 surface	 soil	moisture	 (mrsos;	 kg/m2)	 between	

1971-2000	and	2071-2100	in	RCP8.5	scenario	in	the	models	analyzed	in	this	study;	(b)	

Scatterplot	of	the	change	in	mean	annual	surface	soil	moisture	(x-axis)	and	the	change	

in	 the	 correlation	between	annual	 transpiration	and	annual	 surface	 soil	moisture	 (y-

axis);	 colors	 give	 an	 indication	 of	 the	 density	 of	 points.	 Numbers	 indicate	 the	

percentage	of	the	land	surface	that	falls	in	each	quadrant	(defined	by	the	axis	lines).	
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Figure	 S9:	 (a)	 Mean	 annual	 surface	 soil	 moisture	 (mrsos;	 kg/m2)	 over	 1971-2000;	

contour	lines	indicate	AI-defined	drylands	(in	dark	red)	and	drylands	defined	based	on	

threshold	 of	mrsos	 (black),	 chosen	as	mrsos=15	 kg.m-2	 based	 on	 (b);	 note	 the	 spatial	

discrepancy	between	both	definitions,	 as	mrsos	 values	do	not	 strictly	 overlap	with	AI	

values;	(b)	Mean	annual	surface	soil	moisture	(mrsos;	kg/m2)	over	1971-2000	against	

mean	 AI;	 vertical	 color	 lines	 correspond	 to	 different	 levels	 of	 drylands	 aridity	 (see	

−150 −100 −50 0 50 100 150

−4
0

−2
0

0
20

40
60

80

Mean MRSOS and drylands

0

10

20

30

40

50

a

MRSOS<15
AI<0.65

0 1 2 3 4 5

0
10

20
30

40

MRSOS vs AI

AI

M
R

SO
S

b

Drylands threshold

−150 −100 −50 0 50 100 150

−4
0

−2
0

0
20

40
60

80

∆AI and Drylands changes

−1.0

−0.5

0.0

0.5

1.0

c

drylands expansion

−150 −100 −50 0 50 100 150

−4
0

−2
0

0
20

40
60

80

∆MRSOS and Drylands changes

−4

−2

0

2

4

d

drylands contraction
drylands expansion

pres=32.63%
fut=35.61%

0
20

40
60

80
10

0

Fr
ac

tio
n 

of
 g

lo
ba

l l
an

d 
ar

ea
 (%

)

AI−based MRSOS−based

Present
Future

●

●

●
●

e



	 15	

caption	of	Fig.	1);	horizontal	dotted	line	is	a	threshold	of	surface	soil	moisture	value	to	

approximate	AI-based	drylands,	based	on	the	intersect	of	the	vertical	AI=0.65	line	with	

the	data	points	;	(c)	Mean	change	in	Aridity	Index	between	1971-2000	and	2071-2100	

in	RCP8.5	scenario;	contour	lines	indicate	changes	in	drylands	defined	based	on	AI;	(d)	

Change	in	surface	soil	moisture	between	1971-2000	and	2071-2100	in	RCP8.5	(same	as	

panel	(a)	from	Fig.	S8);	contour	lines	indicate	changes	in	drylands	based	on	changes	in	

mrsos	and	the	threshold	from	panel	(b);	percentages	indicate	the	fraction	of	land	area	

then	considered	as	drylands	in	the	present	(pres)	and	the	future	(fut);	(e)	As	on	Figure	5,	

distribution	of	global	 fraction	of	drylands	across	CMIP5	models	 in	 the	present	 (1971-

2000)	 and	 future	 (2071-2100,	 RCP8.5),	 based	 either	 on	 the	AI	 definition	 (left)	 or	 the	

mrsos-based	definition	 (right);	note	 the	wide	distribution	 for	 the	 latter,	 reflecting	 the	

large	spread	in	soil	moisture	values	across	CMIP5	models.		
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Figure	 S10:	 (a)	 Mean	 annual	 total-column	 soil	 moisture	 (mrso),	 normalized	 by	 soil	

depth	 in	 each	 model	 (i.e.,	 volumetric	 soil	 moisture,	 expressed	 in	 m3/m3)	 over	 1971-

2000;	contour	lines	indicate	AI-defined	drylands	(in	red)	and	drylands	defined	based	on	

a	 threshold	 of	 mrso,	 chosen	 as	 mrso=0.22	 m3.m-3,	 based	 on	 (b);	 note	 the	 spatial	

discrepancy	 between	 both	 definitions,	 as	mrso	 values	 do	 not	 strictly	 overlap	with	 AI	

values;	(b)	Mean	volumetric	total-column	annual	soil	moisture	over	1971-2000	against	
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mean	 AI;	 vertical	 color	 lines	 correspond	 to	 different	 levels	 of	 drylands	 aridity	 (see	

caption	of	Fig.	1);	horizontal	dotted	line	is	a	threshold	of	total-column	volumetric	soil	

moisture	 value	 to	 approximate	 AI-based	 drylands;	 (c)	 Mean	 change	 in	 Aridity	 Index	

between	1971-2000	and	2071-2100	in	RCP8.5	scenario;	contour	lines	indicate	changes	

in	drylands	defined	based	on	AI.	 (d)	Change	 in	 volumetric	 total-column	 soil	moisture	

between	 1971-2000	 and	 2071-2100	 in	 RCP8.5;	 contour	 lines	 indicate	 changes	 in	

drylands	 based	 on	 changes	 in	 mrso	 and	 the	 threshold	 from	 panel	 (b);	 percentages	

indicate	the	fraction	of	land	area	then	considered	as	drylands	in	the	present	(pres)	and	

the	 future	 (fut);	 (e)	As	 on	 Figure	 5,	 distribution	 of	 global	 fraction	 of	 drylands	 across	

CMIP5	models	in	the	present	(1971-2000)	and	future	(2071-2100,	RCP8.5),	based	either	

on	 the	 AI	 definition	 (left)	 or	 the	 mrso-based	 definition	 (right);	 note	 the	 wide	

distribution	 for	 the	 latter,	 reflecting	 the	 large	 spread	 in	 soil	 moisture	 values	 across	

CMIP5	models.		
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Figure	 S11:	 (a)	 Multi-model	 mean	 Aridity	 Index	 (AI)	 and	 corresponding	 drylands	

classification	over	1971-2000	(see	caption	of	Fig.	1);	(b)	Multi-model	mean	annual	Leaf	

Area	Index	(LAI);	contour	line	represent	drylands	according	to	the	AI-based	definition	

(AI<0.65);	(c)	Multi-model	mean	surface	soil	moisture	(mrsos,	kg.m-2);	contour	 line	as	

in	(b);	(d)	Relationship	over	global	land	between	AI	and	LAI	or	mrsos,	from	(a),	(b)	and	
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(c),	with	vertical	 lines	corresponding	 to	AI	 thresholds	denoted	 in	 (a);	 (e)	Multi-model	

mean	AI	binned	as	a	 function	of	mean	mrsos	and	mean	LAI;	 (f)	Corresponding	multi-

model	mean	Ecohydrological	Index	EI*;	contour	lines	indicate	drylands	based	on	the	AI	

and	 EI*	 definition;	 (g)	 Change	 in	 the	 Ecohydrological	 Index	 EI*,	 with	 corresponding	

changes	 in	 drylands;	 (h)	 As	 on	 Figure	 5,	 distribution	 of	 global	 fraction	 of	 drylands	

across	 CMIP5	 models	 in	 the	 present	 (1971-2000)	 and	 future	 (2071-2100,	 RCP8.5),	

based	either	on	the	AI	definition	(left)	or	the	alternative	EI*	definition	(right).		

	



	 20	

	

	

	

	
	
Figure	 S12:	 Same	as	 Figure	 1,	 but	 for	 EI’,	 an	 index	 similar	 to	 EI	 but	 that	 includes	

mean	annual	precipitation	instead	of	mean	annual	LAI.		(a)	Multi-model	mean	Aridity	

Index	 (AI)	 in	 12	 CMIP5	 models	 (Methods;	 Table	 S1)	 and	 corresponding	 drylands	

classification	 over	 1971-2000	 (see	 caption	 of	 Fig.	 1);	 (b)	 Multi-model	 mean	 annual	

precipitation	 (Pr;	mm/d);	 contour	 line	 represent	 drylands	 according	 to	 the	 AI-based	

definition	(AI<0.65);	(c)	Multi-model	mean	temporal	correlation	between	annual-mean	

top-10	cm	soil	moisture	and	transpiration;	contour	line	as	in	(b);	(d)	Relationship	over	
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global	 land	between	AI	and	Pr	 (mm/d)	and	cor(SM,Tran),	 from	(a),	 (b)	and	 (c),	with	

vertical	 lines	 corresponding	 to	AI	 thresholds	denoted	 in	 (a);	 (e)	Multi-model	mean	AI	

binned	as	a	function	of	mean	cor(SM,Tran)	and	mean	Pr;	the	dotted	line	is	an	optimal	

linear	fit	to	the	contour	line	for	AI=0.65	(in	black);	as	for	the	initial	EI,	the	coefficients	

from	 that	 linear	 regression	 are	 used	 to	 define	 EI’,	 which	 then	 yields:	 EI’	 =	 Pr	 –	

(a*cor(SM,Tran)+b)	 with	 a=4.6	 and	 b=0.46;	 (e)	 Multi-model	 mean	 EI’;	 contour	 lines	

indicate	drylands	based	on	the	AI	and	EI’.		

	



	 22	

	

	

	
Figure	 S13:	 Same	 as	 Figure	 5	 but	 with	 EI’	 instead	 of	 EI.	 Distribution	 of	 global	

fraction	 of	 drylands	 in	 CMIP5	models	 in	 the	 present	 (1971-2000)	 and	 future	 (2071-

2100,	RCP8.5),	based	either	on	the	AI	definition	(left)	or	the	EI’	definition	(right).	Box	

edges	represent	the	first	and	third	quartiles	of	the	CMIP5	distribution,	the	straight	line	

is	 the	median,	 the	dot	 is	 the	mean,	and	whiskers	 represent	 the	entire	 range.	The	 star	

indicates	the	drylands	fraction	in	the	multi-model	mean.	
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Figure	S14:	Same	as	Figure	2,	but	with	Pr	and	EI’	 instead	of	LAI	and	EI.	 (a)	Mean	

change	 in	 Aridity	 Index	 between	 1971-2000	 and	 2071-2100	 in	 RCP8.5	 scenario.	

Contour	lines	indicate	changes	in	drylands	defined	based	on	AI;	(b)	Same	as	(a),	for	EI’;	

(c)	Mean	change	in	annual	Pr	(mm/d);	(d)	Change	in	correlation	between	annual	mean	

surface	 soil	 moisture	 and	 transpiration.	 Stippling	 indicate	 where	 more	 than	 three	

quarters	of	models	agree	on	the	sign	of	change.	
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