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ARTICLE INFO ABSTRACT
Keywords: Climatic aridity interplays with ecohydrological aridity, generally showing synchronous increasing trends under
Dryland global warming. However, these changes can be decoupled and even exhibit contrasting temporal variations. The

Ecohydrological aridity
Climatic aridity
eCO,-induced effects

spatial patterns and underlying mechanisms of such contrasting aridity changes remain poorly understood.
Utilizing satellite and climate data, we demonstrate that nearly one-fifth (22.3%) of global vegetated drylands
showed contrasting trends in climatic and ecohydrological aridity over the past four decades. Approximately

60% of these areas experienced an increase in climatic aridity but a decrease in ecohydrological aridity, while
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others exhibited opposite temporal trends. These divergences stem primarily from elevated atmospheric CO5
levels, which exert opposite effects on ecohydrological aridity via vegetation structure and canopy stomatal
conductance. These findings highlight the nonlinear nature of vegetation-climate interactions in drylands and
provide new insight into water and carbon cycling in global drylands under climate change.

1. Introduction

Global warming drives complex shifts in surface climate and mois-
ture regimes across the globe (Zaitchik et al., 2023; Koppa et al., 2024).
Yet, projections of future terrestrial moisture conditions remain highly
uncertain, with some models forecasting widespread land drying (Scheff
and Frierson, 2014; Cook et al., 2014; Sherwood and Fu, 2014), while
others project changes in line with current patterns, with more precip-
itation in wet regions and less in arid regions (Seager et al., 2010; Chou
et al., 2009; Held and Soden, 2006). Beyond climatic aridity, consider-
able uncertainty remains regarding ecohydrological aridity, which de-
scribes the extent to which moisture availability constrains vegetation
growth (Slette et al., 2019; Cui et al., 2024). Notably, ecohydrological
aridity can become substantially decoupled from climatic aridity under
certain conditions (Song et al., 2022; Miller et al., 2023; Lian et al.,
2021). The spatial patterns and underlying drivers of this decoupling
remain poorly understood, potentially biasing assessments of climate
change impacts and land-atmosphere feedbacks.

Assessments of aridity changes in drylands reveal contrasting pat-
terns when interpreted from climatic versus ecological perspectives
(Lian et al., 2021). Projections of future dryland extent diverge
depending on the aridity index applied: the climatic aridity index (Al
the ratio of annual precipitation to potential evapotranspiration, where
lower values indicate drier conditions) suggests accelerated expansion
(Huang et al., 2016), whereas the ecohydrological aridity index (EI,
where lower values indicate higher ecohydrological aridity; see
Methods), which incorporates vegetation responses to elevated atmo-
spheric CO, concentration (eCO3), implies minimal or no change (Berg
and McColl, 2021). Furthermore, satellite observations show a pro-
nounced increase in vegetation greenness across drylands in recent de-
cades, despite a concurrent intensification of climatic aridity (Donohue
et al., 2013; Gonsamo et al., 2021). These findings point to a decoupled
pattern of increased climatic aridity but decreased ecohydrological
aridity (AI} & EIt), which can be attributed to enhanced ecosystem
water use efficiency (WUE) driven by eCO5 (Gonsamo et al., 2021).
Understanding the mechanisms underlying this decoupling is critical for
predicting which ecosystems may remain resilient in a warmer and
potentially drier future. However, despite growing recognition of this
phenomenon, its spatial distribution remains poorly constrained, largely
due to challenges in monitoring ecohydrological aridity at large scales
(Cui et al., 2024). Moreover, an opposite mode of contrast, characterized
by decreased climatic aridity but increased ecohydrological aridity (AIt
& EI}), has received far less attention, even though climate-driven shifts
in vegetation composition and dynamics can intensify ecohydrological
stress (Zhu et al., 2016; Jump et al., 2017; Chai et al., 2025). Although
such contrasting climatic and ecohydrological aridity changes are ex-
pected to strongly affect ecosystem functioning and biogeochemical
cycling under ongoing climate change, their spatial patterns and un-
derlying mechanisms across global drylands remain largely unexplored.

To address these outstanding uncertainties, we ask two questions: (1)
how are the two types of contrasting climatic and ecohydrological
aridity changes (i.e., AI| & EI1 and AI1 & EI|) distributed across global
drylands in recent decades? And (2) what mechanisms underlie these
contrasting patterns? To answer these questions, we analyzed recent
trends in both climatic and ecohydrological aridity across global dry-
lands during 1982-2018. We employed a recently developed EI, which
integrates vegetation condition (leaf area index, LAI) and soil moisture
(SM) limitation, quantified as the correlation between SM and vegeta-
tion transpiration (Tran) [cor(SM,Tran)] (see Methods). Our analysis

reveals the spatial distribution and underlying drivers of decoupled
climatic and ecohydrological aridity changes, offering new insights into
the water and carbon cycle dynamics of global drylands under climate
change.

2. Methods
2.1. Climatic and ecohydrological aridity

We utilized a widely used measure of climatic aridity, aridity index
(AD) (Huang et al., 2016; Dai et al., 2018), defined as

Al = P/ PET @

where P denotes annual precipitation, and PET represents annual po-
tential evapotranspiration.

Current monitoring and assessment of ecohydrological aridity
changes remain challenging (Cui et al., 2024). While LAI has been used
to indicate ecological aridity, it primarily reflects the vegetation growth
state rather than water availability limitations on vegetation (Shi et al.,
2023). To estimate the trend of ecohydrological aridity, a newly
developed ecohydrological aridity index (EI), grounded in land surface
ecohydrological processes (Berg and McColl, 2021), was employed. The
El is defined as

ElI = LAI-(a x cor(SM,Tran) + b) (2)

where LAI presents the leaf area index, and cor(SM, Tran) denotes the
correlation between vegetation transpiration (Tran) and soil moisture
(SM). Parameters a and b were derived by fitting the relationship LAl =
(a x cor(SM,Tran) + b) along Al = 0.65 contour line, marking the
transition between aridity and non-aridity climatic conditions. By
design, drylands (areas where AI < 0.65) roughly align with regions
where EI < 0. Lower EI values reflect more severe vegetation water
stress (Berg and McColl, 2021). Since the calculation of EI relies on the
correlation between SM and Tran, we applied a 15-year moving window
to compute cor(SM,Tran) and mean LAI. The seasonal time lag effect of
climatic aridity on the ecohydrological aridity can be ignored in our
analysis because the EI value was calculated during a 15-year period,
which represents long-term mean ecohydrological aridity conditions.

2.2. Data for estimating Al and EI

Annual precipitation and potential evapotranspiration were used to
compute Al. We employed four widely used global precipitation data-
sets: the Climatic Research Unit gridded Time Series (CUR TS v4.07)
dataset (Harris et al., 2020), Global Precipitation Climatology Centre
(GPCC) v2020 precipitation product (Becker et al., 2013), Climate
Prediction Center (CPC) dataset (Chen et al., 2008), and Multi-Source
Weighted-Ensemble Precipitation (MSWEP) product (Beck et al.,
2019). For PET, we employed four datasets, including the CRU PET
product (Harris et al., 2020), Global Land Evaporation Amsterdam
Model (GLEAM) v3.5a product (Martens et al., 2017), hourly PET
(hPET) product (Singer et al., 2021), and a custom PET dataset esti-
mated using a revised Penman-Monteith method that incorporate vari-
ations in stomatal resistance driven by atmospheric CO; level, based on
the monthly Multi-Source Weather (MSWX) climate product (Beck et al.,
2022). Modified Penman-Monteith formulation is as follows (Yang,
2019):
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0408 sR, + 7 2% Du

PET =
s+ 7 {1 + u[0.34 + 24x104([CO,] — 300)]}

3)

where s represents slope vapor pressure curve (Kpa °C™1); R, denotes the
net radiation (MJ m~2 mon’l); T denotes 2-meter air temperature (°C); y
stands for psychrometric constant (Kpa °C™1); u refers to 2-meter wind
speed (m s™1), estimated from estimated from 10-meter wind speed; D
represents vapor pressure deficit (KPa); and [CO;] stands for the atmo-
spheric CO; concentration (ppm).

The EI was estimated from LAI, vegetation transpiration, and soil
moisture. We used three LAI datasets: the Long-term Global Mapping
(GLOBMAP) (Liu et al., 2012), Global Land Surface Satellite (GLASS)
(Liang et al., 2021), and Global Inventory Modeling and Mapping
Studies (GIMMS) (Cao et al., 2023) LAI datasets. Three soil moisture
products, including ERA5-Land (Munoz-Sabater et al., 2021), GLEAM
(Martens et al., 2017) and CPC (Fan and van den Dool, 2004), were used.
Two vegetation transpiration datasets were employed: GLEAM and
ERA5-Land products. All data were resampled to 0.5° for final analyses.
Table 1 shows the details of the used datasets.

2.3. Canopy stomatal conductance (g;) and water use efficiency (WUE)

We assessed eCOy-related physiological characteristics, specifically
canopy g, and WUE. The estimation of canopy g, was approximately by
delineating the vapor pressure difference with atmospheric vapor
pressure deficit (VPD), assuming that leaf and atmosphere temperatures
were equal, and ignoring aerodynamic resistance within the boundary
layer (Beer et al., 2009). The canopy g, was calculated as:

g, ~Tran x P,/(1.6 x VPD) @

We also replaced vegetation transpiration with evapotranspiration,
as previous studies have done (Beer et al., 2009), as described below:

g ~ET x P,/(16 x VPD) 5)

where Tran and ET represent the vegetation transpiration and actual
evapotranspiration (ET) (mm), respectively, using GLEAM and ERA5-
Land products; Pa denotes atmospheric pressure (kPa), using the
MSWX climate product; VPD indicates vapor pressure deficit (kPa); and
factor 1.6 indicates the higher diffusion rate of HoO molecules compared
to COy. Finally, we obtained 4 (2 ET + 2 transpiration) ensemble
members of canopy g..

WUE was determined as the ratio of gross primary productivity
(GPP) to evapotranspiration (ET), or alternatively, vegetation transpi-
ration (Li et al., 2023b). We used four global GPP datasets: GLASS
product (Yuan et al., 2010), Breathing Earth System Simulator (BESS)
GPP (Li et al., 2023a), NIRv-derived GPP (Wang et al., 2021b), and
Multiscale Satellite Remote Sensing (MUSES) GPP (Wang et al., 2021a).
ET and transpiration in GLEAM and ERA5-Land products were used.
Finally, we had 16 (4 GPP x 4 ET/transpiration) ensemble members of
WUE.

2.4. Land-atmosphere coupling strength

We measured land-atmosphere coupling (LAC) strength using a two-
legged index, linking the correlations for soil moisture vs. land surface
evapotranspiration, and land surface evapotranspiration vs. precipita-
tion (Dirmeyer, 2011).

LAC = Rsmer X Rgrp x op (6)

where Rgy gr and Rgr p represent the correlations between soil moisture
and evapotranspiration, and between evapotranspiration and precipi-
tation, respectively; op stands for the standard deviation of precipita-
tion. An increase in LAC indicates a strengthening of land-atmosphere
coupling. We used four precipitation datasets, three soil moisture
datasets, and two evapotranspiration datasets (i.e., GLEAM and ERA5-
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Table 1
Details and sources of the used datasets.

Variable Data Spatial Temporal Data source
Resolution Resolution
LAI GIMMS LAI 1/12° bi-weekly GIMMS'
GLASS LAI 1/12° bi-weekly GLASS”
GLOBMAP LAI 1/12° bi-weekly/ GLOBMAP®
8-day
Transpiration GLEAM 0.25° annual GLEAM
transpiration v3.7a"
ERAS5-Land 0.1° monthly ERAS5-
transpiration Land®
Soil moisture CPC SM 0.5° daily CPC SM°®
ERA5-Land 0.1° monthly ERA5-
SM Land’
GLEAM SM 0.25° monthly GLEAM
v3.7a"
Precipitation CPC 0.5° daily cpC’
precipitation
CRU 0.5° monthly CRU
precipitation TS4.07°
GPCC 0.5° monthly GPCC
precipitation v2022°
MSWEP 0.1° daily/ MSWEP'?
precipitation monthly
PET CRU PET 0.5° monthly CRU
T54.07°
GLEAM PET 0.25° monthly GLEAM
v3.7a*
hPET PET 0.05° 6-hour hPET"'
MSWX- 0.1° monthly MSWX'*
derived PET
GPP GLASS GPP 0.05° 8-day GLASS®
NIRv GPP 0.05° monthly NIRv'?
MUSES GPP 0.05° 8-day MUSES'*
BESS GPP 0.05° monthly BESS v2'°
Evapotranspiration GLEAM ET 0.25° annual GLEAM
v3.7a"
ERA5-Land ET  0.1° monthly ERAS5-
Land”
Climate variables air 0.1° monthly MSWX'*
temperature
air pressure 0.1° monthly MSWX'?
relative 0.1° monthly MSWX'?
humidity
Atmospheric CO» CO, Globally monthly NOAA/
concentration concentration averaged GML'®
Biotic data Dryland — - Bailey
regions (1995)
Land use/ 0.01° annual HILDA+'7

cover

GIMMS:https://pan.baidu.com/s/1mhK2zTA#list/path=%2F.
GLASS: https://www.glass.umd.edu/LAI/AVHRR/.
GLOBMAP:https://doi.org/10.5281/zenodo.4700264.
GLEAM transpiration and evapotranspiration:https://www.gleam.eu.
ERAS5-Land:https://doi.org/10.24381/cds.68d2bb30.
CPC soil moisture:https://psl.noaa.gov/data/gridded/data.cpcsoil.html.
CPC precipitation:https://psl.noaa.gov/data/gridded/data.cpc.globalprecip
html.

8 CRU TS4.07:https://data.ceda.ac.uk/badc/cru/data/cru_ts/cru_ts_4.07.

® GPCC v2022:https://doi.org/10.5676/DWD_GPCC/FD_M_V2022_050.

10 MSWEP:https://www.gloh20.org/mswep/.

11 hPET:https://doi.org/10.5523/bris.qb8ujazzda0s2aykkv0oqOctp.

12 MSWX:https://www.gloh20.0rg/mswx.

13 NIRv GPP:https://doi.org/10.6084/m9.figshare.12981977.v2.

14 MUSES:https://zenodo.org/records/3996814.

15 BESS v2:https://www.environment.snu.ac.kr/bessv2.

16 Atmospheric CO concentration:https://gml.noaa.gov/ccgg/trends/gl_data
.html.

17 HILDA+:https://doi.org/10.1594/PANGAEA.921846.

1
2
3
4
5
6
7
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Land products), obtaining 24 (4 x 3 x 2) ensemble members of LAC
strength estimates.

2.5. Analyses

To ensure robust estimation of both Al and EI, we utilized multiple
climatic and ecohydrological datasets. Specifically, we generated 16
ensemble members of Al (4 precipitation x 4 PET datasets) and 18
ensemble members of EI (3 LAI x 3 soil moisture x 2 transpiration
datasets). Least-squares linear regression was applied to estimate tem-
poral trends in AI and EI, and only pixels with significant trends (P <
0.05) were retained (He et al., 2023b). Spatial patterns of decoupled
aridity changes were identified using trends of ensemble mean Al and EL.
Since EI was derived using a 15-year moving window, we computed the
mean Al within that window to establish an Al time series before esti-
mating its trends. Regions exhibiting increased climatic aridity but
decreased ecohydrological aridity were classified as AI| & EI1, whereas
those with decreased climatic aridity but increased ecohydrological
aridity were denoted as AIt & EI| (both at P < 0.05). We further
quantified the proportions of these two contrasting types using 288
ensemble combinations (16 AI x 18 EI). The boundary of global dry-
lands followed Bailey's four global ecoregion domains (Bailey and
Kirtley, 1989). To validate our calendar-year analyses, an additional test
using growing-season data was conducted. Growing season was defined
as April-October in the extratropical Northern Hemisphere
(23°N-90°N), year-round in the tropics (23°S-23°N), and October-April
in the extratropical Southern Hemisphere (23°S-90°S) (He et al., 2025).

To explore the mechanisms underlying the two contrasting types, we
first examined changes in the four components of the Al and EI formu-
lations: precipitation, PET, LAI, and the correlation between soil

W significant increase M significant decrease

Increase Decrease

60°S —
180°  120°W 60°W 0° 60°E
Al trend (unit/yr)
L

0.005 0.01

120°E 180°
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-0.01 -0.005 0
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60°N,—==
30°N /
f"
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|~ £15{134
g0 I89
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moisture and transpiration [cor(SM,Tran)]. We then applied ridge
regression to assess the relative importance of atmospheric COy con-
centration, energy factors (temperature and radiation), and water fac-
tors (precipitation, soil moisture, and VPD) in driving EI changes. Ridge
regression is a well-established approach for mitigating multi-
collinearity in multiple regression and has been shown to better repro-
duce terrestrial biosphere model truth (McDonald, 2009; Wang et al.,
2022; He et al., 2024). All variables were standardized to z-scores prior
to ridge regression analysis.

Further, we used structural equation modeling (SEM) to quantify the
pathways linking EI to climate variables through three mediating fac-
tors: LAL g,, and LAC. The SEM analysis was applied grid-by-grid, and
only cells with non-significant chi-square tests (P > 0.05) were retained
for computing mean path coefficients (He et al., 2025). We also exam-
ined the temporal trends of LAI, g,, WUE, transpiration, soil moisture,
and LAC within the two contrasting aridity types.

In addition, we assessed the associations between the contrasts and
land cover changes. Long term Hlstoric Land Dynamics Assessment+
(HILDA+) land use (1982-2018) and MODIS MOD44B low-vegetation
cover data (2000-2018) were used to quantify land-cover transitions
(DiMiceli et al., 2022; Winkler et al., 2021).

3. Results

3.1. Patterns of contrasting climatic and ecohydrological aridity changes
Using ensemble estimates of the climatic aridity index (AI) and the

ecohydrological aridity index (EI), we evaluated trends in both indices

across global drylands for the period 1982-2018 (see Methods). An in-
crease (decrease) in Al indicates less (more) arid climatic conditions,

60°N _——=
30°N /
§ T
/
ol
0%~ _e0
\f @40 T
a0s &7 / ‘
\‘ Increase Decrease 7
N - i L
180°  120°W 60°W 0° 60°E 120°E 180°
El trend (unit/yr)
P<0.05
-0.08 -0.04 0 0.04 0.08

d growing-season
GOON/V/;/

30°N /

180°  120°W
= Al| &Elt

60°W 0° 60°E
mAIM&El, WAl &El

120°E 180°
Al| &EI|

Fig. 1. Patterns of contrasting climatic and ecohydrological aridity changes across drylands during 1982-2018. (a) Trends in the ensemble mean climatic aridity
index (AI) estimated from 16 Al members (4precipitation x 4PET datasets). (b) Trends in the ensemble mean ecohydrological aridity index (EI) estimated from 18 EI
members (3 LAI x 3 soil moisture x 2 transpiration datasets). Inner subplots in (a) and (b) show the percentage of dryland grid cells with increased and decreased Al
and EI, respectively. Gray color indicates the percent of grid cells with non-significant changes. (c, d) Spatial distribution of dryland ecosystems showing four
combinations of significant (P < 0.05) climatic and ecohydrological aridity changes: (i) increased climatic aridity but decreased ecohydrological aridity (AI| & EIt),
(ii) decreased climatic aridity but increased ecohydrological aridity (AI1 & EI}), (iii) decreased climatic and ecohydrological aridity (AIt & EIt), and (iv) increased
climatic and ecohydrological aridity (Al & EI|), using calendar-year and growing-season data, respectively. Inner subplots in (c) and (d) show the percentage of
dryland area within each category, derived from 288 ensemble combinations (3 LAI x 3 SM x 2 Tran x 4P x 4PET datasets). Gray shading in maps indicates the

extent of global drylands.
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whereas an increase in EI reflects reduced ecohydrological aridity,
meaning greater vegetation growth (higher LAI) and/or lower water
limitation. Al significantly increased over 29.8 + 8.7% (mean =+ stan-
dard deviation) of global drylands (P < 0.05), mainly across southern
Africa, Kazakhstan, the Tibetan Plateau, and northern Australia
(Fig. 1a). In contrast, Al significantly decreased over 48.2 + 8.7% of
drylands, with notable declines in the western United States, South
America, eastern Russia, and the Mongolian Plateau (Fig. 1a). A signif-
icant increase in EI occurred in 30.5 + 3.2% of global drylands (P <
0.05), concentrated in the southwestern United States, the southern
Sahara, and western Australia (Fig. 1b). Conversely, 34.9 + 3.4% of
drylands showed significant EI decreases, primarily across the central
and northwestern United States, South America, Kazakhstan, and
eastern Australia (Fig. 1b).

Considering grid cells with significant trends in both AI and EI (P <
0.05), 28.9 + 2.6% of global drylands exhibited consistent climatic and
ecohydrological aridity changes. Specifically, 10.6 + 2.6% showed
simultaneous increases and 18.3 + 4.0% simultaneous decreases in both
indices between 1982 and 2018 (Fig. 1c). However, a substantial
portion, 22.3 + 2.5% of global drylands, displayed contrasting aridity
changes. Among these, 13.4 + 2.7% experienced increased climatic
aridity but decreased ecohydrological aridity (Al| & EIt), whereas 8.9
+ 3.6% exhibited the opposite trend (AIt & EI|) (Fig. 1c). The AI| & EIt
pattern was concentrated in the western United States and southern
Australia, while the AIf & EI| pattern predominated in Kazakhstan,
southern Africa, and northeastern Australia (Fig. 1c). To test the
robustness of these results, we repeated the analysis using growing-
season data. The spatial distribution of contrasting climatic and ecohy-
drological aridity changes remained consistent with that derived from
the calendar-year analysis (Fig. 1c, d).

3.2. Mechanisms behind the two contrasting modes

To identify the potential drivers of climatic and ecohydrological
aridity changes, we first examined changes in the four components of the
equations used to calculate Al and EIL precipitation, PET, LAI, and the
soil moisture-transpiration correlation [cor(SM,Tran)] over the two
contrast types during 1982-2018 (Fig. 2).

For climatic aridity, most AI} & EIt regions experienced a significant
decrease in annual precipitation (79.2 + 6.1%, P < 0.05) and an in-
crease in annual PET (92.1 4+ 4.7%, P < 0.05). In contrast, AIt & EI|
regions showed increases in both precipitation (98.5 + 1.0%) and PET
(69.8 + 14.4%, P < 0.05) (Fig. 2). These patterns indicate that precip-
itation exerted the dominant control on climatic aridity changes,
consistent with the relatively uniform global increase in PET under
warming and the stronger spatial heterogeneity of precipitation (Fu and
Feng, 2014).

For ecohydrological aridity, most Al| & EIf regions exhibited sig-
nificant increases in LAI (57.8 & 13.4%, P < 0.05) and decreases in cor
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(SM,Tran) (90.5 £+ 5.9%, P < 0.05), indicating reduced soil moisture
limitation on vegetation growth. Conversely, AIt & EI| regions showed
increases in both LAI (70.8 & 13.2%, P < 0.05) and cor(SM,Tran) (98.0
+ 1.7%, P < 0.05), implying that vegetation growth became more
tightly constrained by soil moisture despite overall wetter climatic
conditions. These results highlight the dominant role of soil moisture
limitation in shaping the divergent ecohydrological aridity responses
between the two contrast types: Al| & EIf regions became less water-
limited, whereas AIt & EI| regions became more water-limited,
despite both experiencing LAI increases.

We next quantified the influence of eCO», energy factors (tempera-
ture and radiation), and water factors (precipitation, soil moisture, and
VPD) on EI using ridge regression analysis. Results revealed that eCO,
was the dominant predictor of EI variability, exerting opposite effects
between the two contrast types, positive in Al] & EIf regions and
negative in AIt & EI| regions (Fig. 3). These contrasting effects likely
arise through three main pathways: (1) CO, fertilization enhances
vegetation canopy, enhancing transpiration and altering ecosystem
water balance (Kergoat et al., 2002); (2) Reduced stomatal conductance
(g,) under eCO, improves WUE and conserves soil moisture (Gonsamo
et al., 2021); (3) CO2-driven shifts in vegetation—atmosphere coupling
may amplify or dampen the ecohydrological response to climatic aridity
changes (Berg and McColl, 2021). To verify these pathways, we per-
formed SEM analyses linking EI to climatic drivers via three mediating
variables—LAlI, g , and LAC. SEM results confirmed that eCO, exerted
the strongest overall effect on EI among all drivers, mainly through LAI
and g,, while the indirect effect via LAC was comparatively weak
(Fig. 4). In AI| & EI1 regions, eCO; and soil moisture had positive effects
on EI mediated by increases in LAI and reductions in g, (Fig. 4a, c, €). In
contrast, in Alf & EI| regions, eCOo, energy, and water factors exerted
negative effects on EI, again primarily via LAI and g (Fig. 4b, d, ). The
opposing influences of eCO, and water factors through LAC largely
canceled each other, resulting in negligible net LAC effects on EI (Fig. 4a
and b).

In Al & EIt regions, eCO; led to a significant decline in g, (-15.5 +
7.1 units yr_l) and arise in WUE (0.010 + 0.012gC mm™! yr_l) (Fig. 5a
and b). This indicates enhanced water-saving capacity, which reduced
transpiration and helped maintain higher LAI (Fig. 5c¢ and d). Overall,
the positive physiological effects of eCO, outweighed the adverse im-
pacts of declining AI and soil moisture (Fig. 4a, c; Fig. 5e). Locally, the
greater LAI implies larger self-shading, higher carbon uptake, greater
biomass accumulation, and deeper rooting depth, collectively enhancing
vegetation resilience to intensified climatic aridity (Kergoat et al., 2002;
Gitelson et al., 2014). In contrast, in AIt & EI| regions, weak eCO»-
induced water savings (g, trend: 1.7 =+ 6.8 units yr—*; WUE trend: 0.003

+0.012 g C mm~! yr 1) coupled with enhanced vegetation structure

(increased LAI) led to increased transpiration (Fig. 5c, d), likely sur-
passing the ecosystems' water-supply capacity (Jump et al., 2017; Li
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Fig. 2. Changes in the four components used to calculate Al and EI. (a) Fractions of grid cells showing significant (P < 0.05) increasing or decreasing trends in annual
precipitation (P), potential evapotranspiration (PET), leaf area index (LAI), and the correlation between soil moisture and transpiration [cor(SM,Tran)] in Al| & EIt
regions. (b) Same as (a), but for AIt & EI| regions. Gray bars indicate non-significant trends.
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Fig. 3. Ridge regression sensitivities of climatic factors to EI changes for the two contrast types. (a and b) Results for AI| & EIt and AIt & EI| regions, respectively.
CO,, Ta, Rad, P, SM, and VPD indicate atmosphere CO, concentration, air temperature, radiation, precipitation, soil moisture and vapor pressure deficit, respectively.

Bars denote standard errors.
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Fig. 4. Structural equation models (SEMs) describing drivers and mediating pathways of EI changes. (a and b) SEM pathways for AI| & EIt and Alt & EI| regions,
respectively. (c and d) Total effects of individual climate factors on EI in the two contrast types. CO2, Ta, Rad, P, SM, and VPD indicate atmosphere CO, concen-
tration, air temperature, radiation, precipitation, soil moisture and vapor pressure deficit, respectively. Energy factors include Ta and Rad; water factors include P,
SM, and VPD. (e and f) Total effects of mediating variables—leaf area index (LAI), stomatal conductance (g;), and land-atmosphere coupling strength (LAC)—on EI in

the two contrast types.

et al., 2023c; Zhang et al., 2025). Consequently, these regions experi-
enced greater plant water stress and enhanced ecohydrological aridity,
even as climatic aridity lessened. Although the overall influence of LAC
on EI was weak, the strengthening of land-atmosphere coupling
(increased LAC) in AIt & EI| regions may further amplify vegetation
water stress by enhancing transpiration, thereby reinforcing ecohydro-
logical aridity even under wetter climatic conditions (Figs. 4b, f, 5c, f).

Finally, we examined whether the observed divergent changes in
aridity could be attributed to recent land cover changes. Our analysis
revealed that land cover transitions accounted for only a small fraction
of regions with contrasting aridity changes (1.2% for Al| & EIt and 0.7%
for AIt & EI|), with a similarly limited contribution from croplands
(1.5% vs. 0.4%) (Fig. 6). Moreover, since most contrasting ecosystems
(~90%) were low-vegetation biomes (i.e., grasslands and shrublands),
we further examined changes in low-vegetation cover. Both contrast
types exhibited comparable magnitudes of increase or decrease in low-
vegetation cover during 2000-2018, with no consistent directional

trend (Fig. 7). These findings suggest that the two contrasting aridity
modes were not primarily driven by land cover change.

4. Discussion

Our study reveals that approximately one-fifth of global drylands
have exhibited a decoupling between climatic and ecohydrological
aridity over the past four decades. These divergent changes indicate that
vegetation responses are not necessarily synchronized with climatic
variability, giving rise to nonlinear ecosystem dynamics that complicate
projections of global carbon-water interactions (Sasaki et al., 2023; He
et al., 2023a; Li et al., 2025). In such regions, future shifts in ecosystem
functioning cannot be reliably inferred from projected climatic aridity
alone (Berdugo et al., 2020).

Existing research primarily focused on sub-tropical dryland, exam-
ining climatic, hydrological, and ecological aridity changes (Shi et al.,
2023; Abel et al., 2023; Lian et al, 2021), with some noting
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AI? & EI| regions, respectively.
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Fig. 6. Land cover (2018) and land cover changes (LCCs) from 1982 to 2018. Inner subplots show percent of areas with contrasting aridity changes in LCCs

and croplands.

discrepancies between climatic and ecohydrological aridity changes,
especially the AI| & EIt contrasts (Lian et al., 2021), yet lacking spatial
pattern quantification. Our analyses reveal two distinct and contrasting
modes of aridity change across global drylands (Fig. 8): increased cli-
matic aridity but decreased ecohydrological aridity (A} & EIt), and
decreased climatic aridity but increased ecohydrological aridity (AIt &
El|), each reflecting fundamentally different ecological pathways. Re-
gions showing AI| & EIt exhibit enhanced vegetation growth and
reduced soil water stress despite increasingly arid climatic conditions,
suggesting that ecosystems possess a buffering capacity against climatic

drying. In contrast, At & EI| regions experience intensified vegetation
water limitation even under a climatically wetter environment, indi-
cating that increased atmospheric moisture does not necessarily trans-
late into improved ecohydrological conditions. These decoupling aridity
changes reveal that ecosystems respond to climatic aridity in a nonlinear
and internally regulated manner (Long et al., 2025), underscoring that
ecohydrological processes play a central role in determining resilience
under future climate change.

Mechanistically, the decoupling between climatic and ecohydro-
logical aridity likely arises from oppositive effects of eCO on EI through
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Fig. 7. Changes in low-vegetation cover during 2000-2018. (a) Fractional changes in low-vegetation cover. (b) Density distribution of low-vegetation cover change

in the two contrast types (AI| & EIt and AIt & EIJ).
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Fig. 8. Conceptual schematic illustrating decoupling between climatic and ecohydrological aridity changes. (a) The contrasting mode of increased climatic aridity
but decreased ecohydrological aridity (AI| & EI?). (b) The opposite mode—decreased climatic aridity but increased ecohydrological aridity (AIt & EI|). Plus (+) and

minus (-) signs indicate positive or negative effects on EI, respectively.

changes in vegetation structure (leaf area) and physiology (canopy g;)
(Fig. 8). The eCO»-induced reduction in canopy g, and enhancement of
WUE decrease transpiration, improve water conservation, and stimulate
vegetation growth, thereby offsetting the impacts of increased climatic
aridity in AI| & EIf regions (Rifai et al., 2022; Gonsamo et al., 2021).
When the vegetation's water-saving capacity has not yet reached satu-
ration, increased LAI can enhance self-shading, carbon assimilation, and
belowground biomass accumulation (i.e., deeper rooting), collectively
strengthening ecosystem resilience to climatic drying. Conversely, Al &
EI| regions exhibit minimal changes in canopy g, and only modest WUE
increases, implying weak eCO»-induced water savings. Combined with
increased vegetation structural investment (e.g., higher LAI), such re-
gions may exceed their ecohydrological carrying capacity (Jump et al.,
2017), intensifying transpiration and water stress and leading to eco-
hydrological drying. Moreover, stronger land-atmosphere coupling can
enhance vegetation transpiration, further contributing to ecohydro-
logical drying in AIt & EI| regions. Looking ahead, the persistence or
expansion of AIt & EI| regions may be amplified by WUE saturation
under elevated VPD and intensified land-atmosphere coupling that
promotes evaporative loss (Li et al., 2023b; Koppa et al., 2024).
Collectively, these processes may enhance ecohydrological aridity and
weaken the terrestrial carbon sink under a future warming climate.

In this study, we calculated the ecohydrological aridity index (EI)
based on the relationship between vegetation growth (structural state)
and soil moisture limitation, expressed as the correlation between soil
moisture and transpiration [cor(SM,Tran)] within a 15-year moving
window (Berg and McColl, 2021). This method captures the long-term
mean ecohydrological state and is appropriate for assessing multi-
decadal ecohydrological aridity dynamics such as those examined

here. However, using a long-term moving window inevitably smooths
short-term and interannual fluctuations in soil moisture-vegetation in-
teractions, potentially obscuring transient ecohydrological responses.
This limitation underscores the need to develop annual or sub-annual
ecohydrological aridity indices capable of capturing rapid changes,
particularly during ecological drought events. Future efforts could
integrate ecosystem water demand (Cui et al., 2024) with high-
temporal-resolution (e.g., daily) soil moisture and transpiration data-
sets to achieve this goal.

5. Conclusion

We show that changes in plant dynamics do not reflect changes in
climate aridity in 22.3% of global drylands. Divergent changes in cli-
matic and ecohydrological aridity changes mean that climate cannot
adequately predict vegetation dynamics across these regions, compli-
cating future biochemical predictions. Our study analyzes the spatial
patterns and mechanisms of the decoupling between climatic aridity
changes and ecological responses, thus informing our understanding of
vegetation acclimation and adaptation in a warming climate. During our
studied period, 13.4% of global drylands experienced increased climatic
aridity at the same time with decreased ecohydrological aridity (AIl &
EI1), while 8.9% exhibited the opposite trend (AIt & EI|). These two
contrasting modes were primarily driven by opposite eCO, effects on
vegetation structure (leaf area index) and physiology (canopy stomatal
conductance). In Al| & EIf regions, strong eCOs-induced water con-
servation and vegetation greening mitigated the effects of climatic
drying, while in AIf & EI| regions, limited eCO, benefits, increased
vegetation water demand, and stronger land-atmosphere feedbacks
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intensified ecohydrological stress. Our findings highlight, quantify and
analyze the processes underlying observed regional divergences in
contrasting climatic and ecohydrological aridity changes over drylands.
These divergences offer an important benchmark for evaluating and
refining Earth system models, and eventually contributing to more
reliable projections of the carbon cycle and climate dynamics.
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