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Global greening drives significant soil
moisture loss

Check for updates

Yongchang Liu 1,2,3, Zhi Li 1,2 , Yaning Chen 1,2,4 , Liangning Jin 5, Feng Li6, Xuanxuan Wang7,
Yunxia Long8,9, Chuanxiu Liu1,2 & Patient Mindje Kayumba1,2

Vegetation dynamics, as fundamental terrestrial ecosystem components, regulate precipitation and
evapotranspiration, directly affecting soil moisture (SM). However, global greening’s impact on SM
(drying or wetting) remains uncertain. Here, we integrate multi-source satellite observations,
reanalysis data, and outputs from 12 Earth System Models (ESMs) resampled to a unified resolution
(0.25°) to quantify historical vegetation-SMcouplings (1982–2020) and assess their future persistence
(2015–2100). Results show 49.96% and 38.19% of global vegetated areas exhibit greening-drying
patterns, driven primarily by vegetation transpiration, especially in grasslands and cultivated land (42-
82% sensitivity). The ESMs predicted that soil dryness is exacerbated by vegetation greening and is
expected to continue in the future. Despite uncertainties arising from discrepancies in model
parameterizations in ESMs and the limited representation of regional-scale feedback across SM
datasets, our study provides a robust and comprehensive assessment of the widespread impacts of
global vegetation greening on soil drought. The findings highlight that SM carrying capacity must be
prioritized in ecological restoration strategies—particularly in vulnerable semi-arid regions where
greening intensifies soil drying (e.g., Central Asia, Central Africa, and southern Australia). Our results
provide critical references for guiding sustainable ecological restoration and rational cropland
expansion.

Over the past four decades, a global trend in vegetation greening has been
widely observed1–8. As a natural “water reservoir”9, vegetation can strengthen
the water cycle process through the synchronous increase in total evapo-
transpiration (TET) and precipitation10–12 and plays a significant role in the
conservation of regional soil moisture (SM)11,13,14. These processes are closely
related to key variables relevant to the sustainable development goals (SDGs),
particularly those addressing climate change, water resource management,
and land ecosystem health. Undoubtedly, climate change and CO₂ fertiliza-
tion directly drive vegetation greening, while plants simultaneously respond
to atmospheric moisture variations through physiological adaptations (e.g.,
stomatal regulation and altered water demand)2,3,15. Recent studies have
shown that with the intensification of global climate change, greening sig-
nificantly reduces SM through the coupling of the water cycle with the
atmosphere in some regions (including the Sahel, northern India,West Asia,

and theMediterranean coast)13,16. For example,Mankin et al.17 demonstrated
that enhanced transpiration from greening induces seasonal soil drought
across 42% of global vegetated areas17. This is further evidenced by delayed
SM responses to early vegetation growth in the Northern Hemisphere,
exacerbating summer soil drought16. Moreover, the intensified water cycle
leads to an imbalance in water distribution and further intensifies the prob-
ability of extreme climatic events, such as floods, droughts, and heat waves1
8–22. Conversely, other studies show greening can increase precipitation suf-
ficiently to compensate for ET losses and enhance SM conservation in wetter
regions like southeastern China11. By regulating the SM, vegetation supports
ecosystem resilience and mitigates drought impacts, emphasizing its indis-
pensable role in achieving global sustainability objectives23.

Thedominant reasons for the variation in SMmaybe thefluctuationof
regional TET components and the aggravation of the atmospheric water
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deficit caused by climate change. This process involves the complex cou-
pling of biophysical mechanisms among the atmosphere, vegetation, and
soil22,24,25, which integrates atmospheric, land surface, hydrological, and
biological processes26,27. Specifically, as the water source of the atmosphere,
SM returns approximately 60% of atmospheric precipitation through the
TET process28. This indicates that the TET affected by vegetation dynamics
(greening or browning) is an important flux term in the terrestrial hydro-
logical cycle system29,30, and its dynamic fluctuation can regulate the
recharge of precipitation (various forms and time lags, such as snowfall,
rainfall, and snowglaciermelt) to SM31.Meanwhile, results basedon satellite
observations and model simulations show that enhanced greening sig-
nificantly increases global terrestrial evapotranspiration (>50% contribu-
tion), intensifies the water exchange between the land and atmosphere29,30,
and increases the risk of drought in arid areas32–36. However, when the
increase in precipitation is sufficient to offset the TET, their coupling
effectively prevents a reduction in SM11,13. In other words, arid areas may
suffer from more severe water pressure, and soil drought will be more
serious than atmospheric drought and may spread to ecological drought37.
Therefore, distinguishing the pattern of the influence of vegetation
dynamics on SM and identifying the water flux term affecting SM are key to
revealing the atmosphere-vegetation-soil coupling process under global
warming.

However, most current studies have focused on the response of vege-
tation to carbon11,13,38 and its feedback on temperature39–42. Quantitative
researchon the effects of vegetationdynamicsonSM(positiveornegative) is
scarce and controversial12, particularly on a global scale. This information is
crucial for agricultural management and ecological restoration10,43. Changes
in SMmayaffect the original vegetationprocess, especially indesert and arid
areas, because fragile desert ecosystems are facing greater ecological security
concerns owing to intensified global extreme events22,35. Therefore, it is
necessary to explore the impact mechanism of vegetation dynamics on the
changing trend inglobal SM,which is of practical significance for solving the
current debate, serving the sustainable production of vegetation, and miti-
gating water shortage44,45.

Soil moisture directly represents soil water availability and serves as a
critical constraint on actual evapotranspiration while providing important
feedback to precipitation46. According to the water balance equation, pre-
cipitation is partitioned by total ET (comprising foliar interception, canopy
evaporation, vegetative transpiration, and bare soil evaporation) before
recharging soil moisture and other water storage components (runoff, riv-
ers, lakes, and ice/snow)28. From the perspective of vegetation-soil moisture
coupling under climate change, vegetation directly regulates soil water
budget bymodifying ET partitioning of precipitation19. Furthermore, as ET
components feedback approximately 66% of precipitation, vegetation’s
biophysical processes indirectly influence soil moisture dynamics through
this precipitation feedback mechanism47. Although vegetation also affects
complementary relationships between soilmoisture and otherwater storage
(e.g., runoff and lakes), these secondary effects are substantially smaller in
magnitude than direct influences48. Therefore, analyzing soil moisture
sensitivity to water fluxes is essential for understanding vegetation-soil
moisture causal coupling, but such studies remain scarce49.

Addressing these research gaps requires support from either in situ
measurements or model outputs with complete hydrological cycle repre-
sentation. Current soil moisture datasets primarily derive from three
sources: in-situ observations, satellite remote sensing retrievals, and model
simulations (data assimilation/reanalysis products)46. For instance, the
Global Land EvaporationAmsterdamModel (GLEAM)50, widely applied in
hydrological, climatic and ecological research, has significantly improved
spatial resolution in its fourth version (GLEAM4). This framework inno-
vatively combines physically-based modeling with machine learning,
representing one of the earliest satellite-based approaches for global ET
estimation, validated against 473 global in situ sites. Representative reana-
lysis datasets include ERA551 and MERRA-252, which assimilate multi-
source observations to ensure long-term consistencywhile providingmulti-
layer soil moisture data and complete land-atmosphere coupling variables

for multivariate analysis. Studies suggest careful consideration of trend
differences between surface soil moisture and total column moisture, par-
ticularly for global-scale analyses or deep-rooted vegetation regions, where
multi-layer soil moisture data are preferable53. Additionally, numerous
modeled soil moisture products exist (e.g., GLDAS)54, though their coarse
spatial resolution and inter-model parameterization differences necessitate
caution when analyzing long-term soil moisture trends and climate
response heterogeneity46,55.

To advance the global assessment that is still lacking, this study aims to
provide robust evidence for interpreting the causal coupling relationship
between vegetation and soilmoisture dynamics. By integratingmulti-source
remote sensing observations and reanalysis data, we reveal vegetation-soil
moisture coupling patterns from1982 to 2020, with particular focus on how
vegetation changes affect soil moisture dynamics through evapotranspira-
tion processes, especially greening-induced drying. Through sensitivity
analyses of water fluxes, we identify key factors influencing soil moisture
variations. Furthermore, using Earth SystemModel outputs, we validate the
persistence of vegetation-soilmoisture coupling trends under future climate
scenarios (2015–2100). Our results have important guiding significance for
a deeper understanding of the water cycle under vegetation–soil coupling
and for formulating scientific water resource management and drought
mitigation policies. These findings have a positive significance for the
accurate expression of vegetation dynamics, their feedback in the ESM, and
the simulation of SM and evapotranspiration components.

Results and discussion
Spatial distribution of coexisting greening/browning and drying/
wetting
Global vegetation had a trend of 0.34 × 10−3 yr−1 over the past 40 years, with
greening pixels accounting for 65.82% (sig. 11.49%) of the global vegetation
cover (GVC) area (Fig. 1). The results synthesize the fusion andvalidationof
remote sensing data frommultiple sources (NOAA, GIMMS,MODIS, SIF;
see Data and methods and Fig. S1). The spatial distribution of vegetation
greening andbrowning shownby thedifferentdatasetswasmore consistent,
and the areas of vegetation greening weremainly in central NorthAmerica,
the Indian Peninsula, Turkey, and Northeast Asia. Among them, GIMMS
(1982–2015) had the longest span ofmonitoring data, and its detected trend
of vegetation dynamics (greening) was 0.99 × 10−3 yr−1, with a significant
greening percentage of 17.03%. In addition, over the last 21 years
(2000–2020), the MODIS dataset monitored a vegetation trend of
1.50 × 10−3 yr−1, with a GOSIF of 0.87 × 10−3Wm−2 μm−1 sr−1 yr−1 and
significant greening percentages of 31.11% and 32.93%, respectively.

The four datasets revealed that vegetationbrowningoccurred in 30%of
the GVC, mainly in eastern South America, southern Africa, northwestern
Central Asia, and western Australia. The percentages of browning pixels
were 34.18% (NOAA), 30.75% (GOSIF), 29.65% (GIMMS), and 23.08%
(MODIS). The percentages of significantly browned areas were 1.92%
(NOAA), 13.87% (GOSIF), 3.75% (MODIS), and 1.53% (GIMMS).
Simultaneously, the greenness of vegetation increased in the southern
margin of the Sahara Desert in Africa under an extremely arid climate.

Vegetation greening affects the energy exchange andwater cycle24,56. In
the context of global vegetation greening (Figs. 2 and S2), 69.04% (ERA, sig.
34.75%) and 54.64% (GLEAM, sig. 30.10%) of the GVG pixels exhibited a
decreasing trend in SM,with decreasing rates of 0.66 × 10−3 m3 m−3 yr−1 and
0.87 × 10−4 m3 m−3 yr−1, including southern North America, most of South
America, inland Europe, central and southern Africa, central Asia, and
Australia. Since 2000, SM decreases were detected in 62.04% (ERA, sig.
17.37%) and 52.73% (GLEAM, sig. 18.44%) of the GVC pixels, with rates of
decline of 0.56 × 10−3 m3 m−3 yr−1 and 1.32 × 10−4 m3 m−3 yr−1, respectively.
The percentages of pixels with a significant increase in SM were 30.96%
(ERA, sig. 7.99%) and 45.36% (GLEAM, sig. 25.58%); they were distributed
only in regions such as northeastern North America, Asia, eastern Africa,
and South Asia.

To further assess the impact of vegetation dynamics on SM, we
examined vegetation and SM dynamics for each of the seven vegetation
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types. Significant greening was often accompanied by a decrease in SM. At
the 40-year scale, the rates of SM change in cropland were
−1.13 × 10−3 m3 m−3 yr−1 (ERA) and −2.90 × 10−4 m3 m−3 yr−1 (GLEAM),
which corresponded to a greening trend approximately 1.56 times that of
the global vegetation cover area. At the 20-year scale, the decreasing trend in
SM in forest systems (including evergreen, deciduous, mixed forests, and
savannahs) wasmoderate, with an increasing trend in individual vegetation
types and corresponding to a greening trend that was lower than the global
average.

Causal-coupling relationship between vegetation and SM
Conventional trend tests were used to assess vegetation dynamics and soil
moisture dynamics over the past 40 years. However, the different effects
(positive and negative) of vegetation dynamics on SM require further study
if they are to be clarified12,57,58. We categorized the causal-coupling rela-
tionships into four types according to the changes in vegetation dynamics
and SM. In order to gain a deeper understanding of the extent and mag-
nitude of greening-induced drought in the coupled vegetation-soil moisture
relationship, we first identified the pixels with vegetation greening and SM
decline (Figs. 3 and S3), considering that enhanced vegetation activity may
respond negatively to SM according to the Granger causality hypothesis
(greeningG-caused drying, denoted asG-D). Thiswasmainly located in the
United States, Mexico, most of South America, Central Africa, Northern
Europe,CentralAsia,NortheasternAsia, andEasternAustralia (49.96%and
38.19% for NOAA-ERA, and NOAA-GLEAM-based monitoring, respec-
tively). Enhanced vegetation activity had a possible favorable impact on SM
when vegetation greening and SM increased (greening G-caused wetting,
denoted as G-W), which was mainly located in central North America,

southern Africa, the southwestern side of the Sahara Desert, and the Indian
Peninsula (22.74% and 34.68% for NOAA-ERA, and NOAA-GLEAM-
based monitoring, respectively). As a result of climate change and anthro-
pogenic interventions, vegetation activity continues to increase, and irri-
gation and physiological acclimatization lead to a significant increase in
evapotranspiration as the vegetation receives more water from the root
zone, resulting in a significant decrease in soil moisture. Additionally, the
vegetation canopy structure affects soil moisture by intercepting precipita-
tion distribution. These patterns align with watershed-scale field measure-
ments. For instance, Ren et al. used paired-catchment data from China’s
Loess Plateau to demonstrate that vegetation restoration in arid regions
significantly depletes soil moisture up to 100 cm depth, with afforested
catchments showing greater moisture consumption than naturally regen-
erated areas, particularly during wet years59. Conversely, in humid regions
like southern China and parts of India, vegetation greening enhances
regional water cycling, with increased precipitation effectively replenishing
soil moisture60.

Similarly, we defined browning as G-caused drying (denoted B-D),
which was mainly located in northern and southeastern North America,
northwestern and eastern Brazil, southern Argentina, south-central Africa,
Madagascar, central Eurasia, and southeastern Australia (18.92% and
14.64% for NOAA-ERA and NOAA-GLEAM, respectively). Browning
G-caused wetting (denoted as B-W) was predominantly observed near B-D
(8.38% and 12.49% for NOAA-ERA andNOAA-GLEAM, respectively). In
mid-latitude arid regions, decreased vegetation productivity reduces both
carbon sequestration and evapotranspiration, resulting in inadequate pre-
cipitation for soil moisture replenishment61. While afforestation initiatives
in these dry areas can temporarily enhancewater storage through irrigation,

Fig. 1 | Spatial distribution of global trends in vegetation dynamics over the past
40 years derived from multiple datasets (a–d show vegetation indices). a NOAA
NDVI (1982–2020); b GIMMS NDVI (1982–2015); c GO SIF (2000–2020);
d MODIS NDVI (2000–2020); and e presents a box-and-whisker plot illustrating

vegetation dynamics across seven major global vegetation types: evergreen forests
(EF), deciduous forests (DF), mixed forests (MF), scrublands (SB), savannahs (SN),
grasslands (GL), and croplands (CL).
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leading to concurrent vegetation browning and soil moisture increase, the
unsustainablewater inputs and carbon-water trade-offs in land-atmosphere
coupling will ultimately alter long-term coupling patterns62,63.

Structural and functional differences in vegetation communities can
have different effects on SM64. Our results showed that, globally, the
greening of forest systems had a lower average state of water retention than
that offset by vegetation activities (Fig. 3). For example, the G-D combi-
nation in themixed forest systems accounted for 56.04% (ERA) and 37.17%
(GLEAM), whereas G-W accounted for 19.64% and 36.47%, respectively,
followed by evergreen forests and deciduous forests. This suggests that
although an increase in vegetation greening can enhance the water cycle
through precipitation, the decrease in SM caused by the transpiration of
vegetation isnotnegligible13,16,20. Furthermore, our results showed that inEF,
B-D accounted for 25.10% and 18.41%, respectively, while B-W accounted
for 8.95% and 17.49%, respectively. A similar situation was observed in
mixed and deciduous forests. Savanna, grassland, and cropland showed
intermediate characteristics between forests and scrubs. The percentage of
G-D was approximately 40–50%, which was slightly larger than that of G-
W,whichwas approximately 19-36%.However, the percentages of B-D and
B-W were generally <20%.

Subsequently, the correlation between the vegetation NDVI and SM
was analyzed grid-by-grid for the four specified types. Correlation analyses
showed that vegetation dynamics and SMhad a generalized positive pattern
(55.31% for ERA and 62.73% for GLEAM) in space (Fig. 3). Significant
negative correlation patterns were observed mainly in Europe, Central
Africa, and southeasternChina. The results ofGranger causality tests for the

two sets of SM data and vegetation dynamics indicators (VIs) showed that
the proportionality coefficients of vegetation dynamics as theGranger cause
and effect of SM changes were 1.07 (ERA) and 0.91 (GLEAM) at a con-
fidence level of p < 0.01 (Fig. S4). However, temporal scales revealed dif-
ferent characteristics.

Although vegetation NDVI and SM exhibited a positive correlation
pattern acrossmore than55%of the spatial extent, their positive correlations
in all four regions showed a fluctuating downward trend over time (Fig. 4).
The most significant decline occurred in the B-W region, with a rate of
0.4 × 10⁻³ per year. Additionally, different datasets displayed greater varia-
bility when monitoring the correlation between NDVI and SM in the G-D
andB-Wregions,whereas the results for these regionsweremore consistent.
These findings suggest that vegetation-SM coupling relationships exhibited
substantial spatiotemporal heterogeneity influenced by varying vegetation
dynamics and SM change patterns.

Sensitivity of soil moisture to water flux under the influence of
vegetation
To understand how vegetation dynamics influence SM changes through
water flux terms in the terrestrial water cycle on a global scale, we used the
classical global water balance equation for terrestrial ecosystems to derive
systemic soil water storage (WB)44,65,66 and selected water flux terms for the
three components of evapotranspiration (foliar interception, vegetative
transpiration, and bare soil evapotranspiration) to conduct a sensitivity
analysis of SM (Fig. 5)19,37. The results showed that SM dynamics accounted
for the largest percentage of the sensitivity to ET, at 46.38% (ERA) and

Fig. 2 | Spatial distribution of global trends in soil moisture over the past 40 years
derived from multiple datasets (a–d show SM indices). a ERA SM (1982–2020);
b GLEAM SM (1982–2020); c ERA SM (2000–2020); d GLEAM SM (2000–2020);
and e presents a box-and-whisker plot illustrating soil moisture dynamics across

seven major global vegetation types: evergreen forests (EF), deciduous forests (DF),
mixed forests (MF), scrublands (SB), savannahs (SN), grasslands (GL), and crop-
lands (CL).
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65.57% (GLEAM). Canopy interception accounted for approximately
28.73%and18.43%andwasdominatedby forest ecosystems in thenorthern
part of the Eurasian continent, Canada, and rainforests in Africa and Brazil.
Bare ground evapotranspiration accounted for approximately 12.31% and
9.35%, mainly in Canada, eastern Russia, southeastern Europe, and both
sides of the 10°N latitude line in China and Africa. Systematic soil water
storage accounted for approximately 12.58% and 6.65%, mainly in the
vicinity of the Great Lakes in the USA, central Europe, northeastern Asia,
and the southern Sahara Desert, dominated by cropland and grassland
ecosystems.

For evergreen forest systems, SM was the most sensitive to canopy
interception, with sensitivity weights of 49.07% (ERA) and 55.83%
(GLEAM). For example, our results revealed that SM is sensitive to canopy
interception in most of the Amazon, whereas direct soil evaporation is a
sensitive water flux term for SM in the southern dry zone with poor vege-
tation cover. This is in line with the findings of a previous study on vege-
tation dynamics in the dry and wet Amazon67. SM was more sensitive to
evapotranspiration in deciduous and mixed forests, with percentages of
41.12% (ERA), 60.30% (GLEAM), 46.60% (ERA), and 66.11% (GLEAM),
respectively. Soil and water retention altered by forest policy establishment
inChina from2000 to2010 increasedby12.9%and3.6%, respectively10.As a
sensitive water flux term, SM sensitivity to soil water storage occurred
mostly in croplands, with proportions of 21.55% (ERA) and 11.75%
(GLEAM), respectively. Croplands are mostly artificially recharged; there-
fore, SMtends to interactmorewith groundwater. In general, thepercentage
of SM sensitivity to soil evaporation fluctuated in the range of 5–12% and
was generally distributed in the eastern and northern parts of the continent.

Canopy interception oftenbecame a sensitivewaterflux term for SM in
vegetation types in which trees are the dominant species. In contrast,
vegetation evapotranspirationand soilwater storageweredominant in areas
with herbaceous or annual vegetation types such as grasslands and crop-
lands. This may be related to the mode of recharge in these areas (e.g.,
grasslands tend to have seasonal precipitation and croplands tend to be
artificially irrigated) aswell as thedegree of groundwater burial (which tends
to be greater for grasslands than for the other types, averaging up to
16.25m)12,68. Vegetation can extract water by enhancing the water cycle
processes of SM transported through atmospheric circulation, allowing
precipitation and runoff to redistribute water resources, during which
vegetation redistribution regulates precipitation through the canopy and
root systems, which in turn influences SM14. Some studies have similarly
suggested that differences in SM trends may be because surface and deeper
SM are controlled by different processes, including evapotranspiration
inducedbywarmingand the increase indemanddrivenby increased surface
SM. Increased warming-induced evapotranspiration demand drives a
decrease in surface SM, whereas deep SM is controlled more by antecedent
moisture conditions and vegetation activity22.

Soil dryness exacerbated by vegetation greening under future
climate change
To assess the future evolution of soil dryness affected by vegetation and
quantitatively analyze their G-causal effects, we combined the GPP and SM
data output from 12 ESMs in CMIP6 to evaluate the drought risk of SM
under the influence of vegetation dynamics in global terrestrial ecosystems
(Fig. 6 and Table S1). The trends of future GPP under the SSP245 and

Fig. 3 | Causal-coupling relationship between vegetation and SM. a, b Spatial
correlation maps of vegetation dynamics and soil moisture. c, d Spatial distribution
map of causal-coupling relationship between vegetation and SM. e, f Statistics on the

percentage of vegetation dynamics and SMcausal-coupling relationships in different
vegetation cover types.
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SSP585 scenarios were 2.18 kgm−2 s−1 yr−1 and 5.03 kgm−2 s−1 yr−1,
respectively, while the trends of SM were 0.13 × 10−3kgm−2 yr−1 and
3.61 × 10−3kgm−2 yr−1, respectively. SM significantly decreased, similar to
the meta-percentages of 31.05% and 30.72%, respectively. This implies that
the future enhancement in vegetation activities will continue to maintain
different impacts. The drought risk faced by terrestrial SM in the Southern
Hemisphere was higher than that in the Northern Hemisphere. Regarding
theNorthernHemisphere, the greening trend of vegetationwas roughly the
same in the middle and high latitudes; however, SM showed a decreasing
trend in the mid-latitudes, and the low and high latitudes showed a greater
increase in SM.For example, SouthAmerica andAfrica contributedmore to
the future global GPP; however, the former had a decreasing trend in SM,
and the latter had an increasing trend. Eastern China, India, and theMalay
Archipelago also showed significant greening trends, with SM-holding
effects being more pronounced in India and less pronounced in China. SM
above 60°N showed an increasing trend; however, Australia and South
Africa showeddecreasing trends, and vegetation activitywas relativelyweak
in all areas. In addition, Granger causality tests of SM data and vegetation
activity indicators under the two future scenarios showed that the sig-
nificances (p < 0.05) of vegetation as a Granger factor for SM were more
than 31.69% (ERA) and 52.06% (GLEAM). In contrast, the significances of
SM as a Granger factor for vegetation were 28.46% (ERA) and 30.71%
(GLEAM) (Fig. S5).

Previous studies have shown that >42% of the global vegetation area
will continue to exhibit G-D characteristics in the future17,42,69. Moreover,
this phenomenonwasmore pronounced during the summermonths when
vegetation activity was relatively more intense, implying greater evapo-
transpiration. This also implies that vegetation greening will cause more
droughts in the future, especially the spread from the atmosphere to the soil
and ecological drought16,22. Generally, high saturated water vapor pressure
differentials or increasing vegetation activity increase the extraction of SM

and lead to soil drought consistent with atmospheric drought12. Previous
studies have also suggested that increased CO2 and temperatures cause
plants to develop self-protective physiological processes and cause plants to
develop self-protective physiological stress behaviors, such as stomatal
opening and closing70,71, to ensure that their water control is maximized in a
survival strategy that increases plant volume72. Our results suggest that
vegetation activity acts as a SM sink in some regions globally (e.g., central
North America, the southern flanks of the Sahara Desert, parts of north-
western China, India, and southern Africa); however, it is more often
vegetation activity that causes soil drought, consistent with atmospheric
drought. Vegetation activity often causes a decline in SM (southern China,
Europe, central Africa, Brazil, and Australia).

We further explored the persistence of the sensitivity between SM
and water flux term under future climate scenarios (Fig. 7). The results
suggest that sensitivity of soil moisture to vegetation transpiration in the
evapotranspiration component will be further enhanced in the future
state of further greening of vegetation. We first examined the future
sensitivity of soil moisture to different water fluxes, where SM dynamics
accounted for the largest proportion of evapotranspiration sensitivity
(78.17%), followed by WB (14.96%) and ES (6.43%), whereas soil
moisture had the smallest proportion of EC-sensitive regions.Most of the
vegetation types weremore consistent with the global state, but there was
a significant increase in the share ofWB under the scrub (SB) type with a
value of 31.00%. The relative importance coefficients of soil moisture to
ET indicated that in the vastmajority of regions, i.e. 85.23% (SSP245) and
87.20% (SSP585) of the global vegetation cover area, the importance
coefficients of ET were positive, and those with importance coefficients
exceeding 0.5 accounted for 18.20% (SSP245) and 35.39% (SSP585),
respectively. Therefore, in the future, vegetation transpiration will play a
more important role in influencing the vegetation-soil moisture coupling
relationship.

Fig. 4 | Interannual variation ofNDVI-SM correlation coefficient in regions with
different types of causal-coupling relationship between vegetation and SM
dynamics. a–d represent greening-wetting (G-W), greening-drying (G-D),

browning-wetting (B-W), and browning-drying (B-D) areas. Shaded regions indi-
cate the range of correlations between NDVI and soil moisture (SM) from different
datasets, while solid lines represent the mean correlation values.
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Minimizing the limitations of a single dataset by combining the
datasets
It is important to point out that some factors affected our determination of
the causal coupling relationship between vegetation dynamics and SM
because the data are usually derived from model simulations and satellite
observations57,58. Themonitoring results of vegetationdynamicshave always
been controversial owing to the updating of sensors and themodification of
dataset correction methods41,58,73,74. To address these issue, we integrated
four remote sensingproducts to represent vegetationdynamics: threeNDVI
products (NOAA AVHRR, GIMMS 3 g, and MODIS-C6) and one high-
resolution SIF dataset, which can describe vegetation dynamics well in
recent years. Two datasets were selected to represent the SM (based on the
ERA5 dataset and the latest version of the GLEAMmodel data). The latest
CMIP6 data were used for future drought risk assessments in the SM.

To create a long-term continuous vegetation dataset, we extended the
GIMMS NDVI 3 g series to 2020 using a weighted least squares (WLS)
method, combining it with NOAA NDVI and applying MODIS NDVI to
constrain historical consistency. This reconstruction enhances temporal
continuity, preserves consistency with original trends, and improves the
robustness of long-term vegetation monitoring (Fig. S1). Crucially, the
resulting NDVI time series enables consistent tracking of vegetation
dynamics over nearly four decades, which is essential for evaluating global-
scale coupling with soil moisture trends. Subsequent evaluation using
regression models and probability density functions showed high con-
sistency in spatial and temporal trends across datasets, supporting the

robustness of the reconstructed product (Fig. S2). In regions with divergent
signals, we recommend verifying findings with high-resolution satellite or
ground-based data whenever possible58. To minimize uncertainty, non-
vegetated areas were excluded, and analysis was stratified across seven
vegetation types using the International Geosphere Biosphere Program
(IGBP) land cover products rather than relying on NDVI thresh-
olds (Fig. S6).

Considering that correlation analysis does not have a causal relation-
ship, we specifically introduced the Granger causality test to identify
vegetation-soil causality (see “Supplementary data”). The reliability of our
experiment was verified by comparing the causal relationships between
vegetation dynamics and SM. The Granger causality test, a foundational
time series-based causal inferencemethod75,76, employs linear autoregressive
models to assess bidirectional predictive relationships in stationary (or
cointegrated) systems, offering interpretability for exploratory analyses in
ecology, hydrology, and geography77,78. However, as a statistical (non-
mechanistic) approach, it requires careful preprocessing (e.g., differencing)
to avoid spurious causality from autocorrelation or nonstationarity79. Here,
we integrate Granger causality test with correlation and partial correlation
analyses to rigorously evaluate vegetation-soilmoisture causal coupling.The
feedback process was evaluated quantitatively. Given that vegetation feed-
back to the soil and climate is a complex coupled process, biophysical
mechanisms should be considered. For the historical period, we also eval-
uated the sensitivity of SM to water fluxes, such as evapotranspiration
components and WB, using the classical water balance formula, which

Fig. 5 | Sensitivity of soilmoisture towater flux under the influence of vegetation.
a, b Complex correlation analysis plots of SM dynamics for the four water fluxes.
c, d Spatial distribution of the sensitivity of SM dynamics to the four water fluxes.

e, f Statistics on the percentage of SM dynamics sensitivity to the four water fluxes in
different vegetation cover types.
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explains the biophysical influence of vegetation on SM. The material and
energy cycle generated by ET canmore effectively explain the response and
feedback effect of vegetation on climate change80, which remains a promi-
nent topic of ongoing research81. Examples include quantitative assessments
at smaller scales and model improvements based on biophysical
mechanisms82. Finally, based on these conclusions, a simple application is
not advocated in policy designations. It is suggested to consider how to
utilize the coupling relationship between vegetation dynamics and SM to
optimize the industrial structure based on the research results to provide
suggestions and references for future management.

Possible mechanisms in explaining the response and feedback
of vegetation activity-soil moisture coupling relationship
As the most basic component of ecosystems, the enhancement of vegetation
dynamics is generally regarded as the positive development of regional
ecosystems3,60. Climate warming has been shown to enhance vegetation
activity, but it may also impose drought stress on soil moisture (SM) through
increased atmosphericwaterdemandorphysiologicalwater consumption60,83.

We further reviewed the coupling relationship between global vegetation
dynamics and SM over a long period (1982–2020). Compared with most
previous studies8,12,84, our results indicated that the global greening trend
continues; however, compared with SM conservation, the phenomenon of
SM decline begins to appear in an increasing number of areas.We quantified
bidirectional Granger causal links, showing that vegetation dynamics acted as
a significant G-cause of SM decline in over 7.7% of vegetated areas (p < 0.05),
while SM influenced vegetationdynamics in 7.5% (ERA) and8.6% (GLEAM)
of areas. Greening in Central Eurasia is likely the main cause, followed by
Central Africa, the Western United States, and South America. SM content
increased innortheastAsia, centralNorthAmerica, and the IndianPeninsula.
From the perspective of vegetation cover, the forest system did not conserve
SM over a long time scale but aggravated the decline in SM, although this
situationhas improved in the last twodecades.However, the inlandwater loss
in cropland, grassland, and shrub areas has continued to increase over the last
two decades.

In grasslands and savannas, vegetation usually regulates access towater
based on root depth. In general, these types of vegetation, as well as

Fig. 6 | Spatial patterns of GPP and SM trends for the historical period and two
scenarios (SSP245, SSP585) for the future period (2021–2100) for CMIP6.
a, d, g show the spatial distribution of GPP trends. b, e, h are the spatial distribution
of SM trends. c, f, i are the variations of GPP and SM with latitude. The light green
shading indicates that SM is in an increasing trend, while the light red shading

indicates that SM is in a decreasing trend. j is a plot of inter-annual variation in
vegetation productivity for historical and future periods. And k is a plot of inter-
annual variation in soil moisture for historical and future periods. The data used in
this figure are the average of the output values of the 12 ESMs.
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cultivated vegetation, mainly consume root-zone water (average root depth
of 0.2–2.5m)85. In particular, tall trees or deep-rooted plants in arid regions
often develop deeper and larger roots to capture more SM, which can
interact closely with runoff and groundwater86,87. This strategy provides
patients with an increased chance of survival12. Moreover, any changes in
vegetation cover (e.g., deforestationor conversionof forests toother landuse
types, conversion of cropland to forest, and afforestation) can lead to larger
hydrological responses (e.g., greater water production or soil erosion and
severe depletion of groundwater)65. This signal reflects the overall reduction
in SM, surface water, and groundwater levels and may have a complex
coupling relationshipwith the carbon source sink and the exchange of latent
and sensible heat56. It is also believed that this may be attributed to the
impactof climate change andhumans formore thanadecade54,88. In general,
vegetation reduces surface albedo and intercepts shortwave radiation24,89.
Therefore, vegetation dynamics have different biophysical mechanisms
depending on changes in latitude and dry humidity90. For example, studies
have shown that forest cover in northernChina has a positive impact on the
water volume, whereas forest cover in tropical and temperate regions has a
negative impact14.

To move beyond confirmation of existing patterns, we introduced a
four-type classification framework (G-D, G-W, B-D, B-W) to characterize
different vegetation–SM causal interactions. Our coupled analysis showed
that increased vegetation activity was responsible for 49.96% (ERA) and
38.19% (GLEAM) of SMdecline, and browning was responsible for 18.92%
(ERA) and 14.64% (GLEAM) of SM decline in the past 40 years. This
framework enables a spatiotemporal mapping of vegetation–SM feedback
from a directional perspective. Furthermore, we incorporated multi-source
satellite-based ET andwater balance products to assess the sensitivity of SM
to vegetation-mediated water fluxes across vegetation types, providing
mechanistic insight into biophysical feedbackprocesses. Rapid soilmoisture
depletion is closely related to changes in vegetation transpiration. In
46.38–65.57% of global vegetated areas, soil moisture is more sensitive to
vegetation transpiration, particularly in deciduous andmixed forest regions.
Canopy interception accounted for approximately 18.43–28.73%.

SM dynamics reflect the fluctuation of water supply and demand
processes in the balance of the land water cycle. For example, SM is
replenished by precipitation (including retained snow and glacial

meltwater), whereas plant transpiration and soil evaporation determine the
surplus of SM32. Enhanced vegetation dynamics will extract more water
from the soil for survival and growth andwill be influenced by the dynamics
of atmospheric dryness and plant physiology (changes in stomatal opening
and closing due to temperature and carbon dioxide constraints)91. Vegeta-
tion dynamics can also indirectly affect soil moisture dynamics by altering
precipitation partitioning through influencing radiative effects and local
atmospheric cycles64.Water consumption for human activities (agriculture,
living, and industry) is provided by rivers, lakes, and underground water,
which indirectly affect SM content22. Therefore, SMdetermines water stress
in natural and agricultural ecosystems92.

We projected the persistence of greening-induced soil moisture loss
under future scenarios (SSP245 and SSP585) using CMIP6 ensembles and
verified the stability of SM sensitivity to water fluxes. This forward-looking
analysis further distinguishes our work from past studies12,14. In the future,
the G-causality ratio of vegetation dynamics to SMwill exceed that of SM to
vegetation dynamics (causality ratio >1), with significance ratios of 31.69%
(SSP245) and52.06% (SSP585). The stress of vegetation greeningonSMwill
further increase, and the geographical differentiation law will becomemore
complex. The regulatory role of vegetation transpiration in vegetation–SM
coupling will further strengthen, with soil moisture dynamics being more
sensitive to vegetation transpiration in 78.17% of global vegetated regions.

Previous studies have shown that the amount of vegetation restored on
some arid zones is already above the optimal threshold, indicating that
additional vegetation planting will lead to water shortages for human
activities, reflecting unsustainable development18. However, vegetation
greening was coupled with increased SM in mid-high latitudes, such as in
central North America and near arid regions (south of the Sahara Desert,
northwest of the Tibetan Plateau, India, and central North America). This
effect would be superimposed on inter-annual variations in the water cycle
and help mitigate the decline in SM in arid areas13. The lower and middle
latitudes (southern China, Central Europe, America, and Australia)
exhibitedopposite trends.Our results also showed that vegetation browning
on SMwas not obvious. Therefore, the effects of vegetation greening on SM
should be treated dialectically. Vegetation restoration or agroforestry efforts
should account for local soil moisture carrying capacity, especially in G-D
regions.

Fig. 7 | Sensitivity of soil moisture to water flux under the influence of vegetation
in the future. a SM-ET importance coefficients for the SSP245 scenario. b Spatial
distribution of the sensitivity of SM dynamics to the four water fluxes. c SM-ET

importance coefficients for the SSP585 scenario. d Statistics on the percentage of SM
dynamics sensitivity to the four water fluxes in different vegetation cover types.
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Data and methods
To advance the global assessment that is still lacking, we utilized multi-
source remote sensing data to construct a comprehensive 40-year satellite
observationdataset complementedby twoSMdatasets derived fromclimate
and biophysical process models. This dataset was employed to evaluate
global vegetation andSMdynamics and to explore their coupling effects and
driving mechanisms (Fig. 8). We selected the satellite-derived normalized
difference vegetation index (NDVI) dataset, solar-induced chlorophyll
fluorescence (SIF), and gross primary productivity (GPP) to represent
vegetation and ERA5 and GLEAM to represent SM. Fusion data of output
values from three MERRA-2 and GLDAS models (CLSM, NOAH, and
VIC) were utilized to test the ability of the ERA5 andGLEAM soil moisture
datasets to express trends in long-term soil moisture monitoring. We
focused on the causal coupling relationship between global vegetation
dynamics and SM and quantitatively identified the sensitivity of SM to
different water fluxes. Finally, using GPP, SM and water flux data (evapo-
transpiration components and water storage) from 12 ESMs under his-
torical and two future climate prediction scenarios (SSP245 and SSP585) in
CMIP6, we analyzed the possible future drought stress of SM caused by
vegetation dynamics.

Satellite observation data
Vegetation dynamic index. This study used the third-generation
Advanced Very High Resolution Radiometer (AVHRR) NDVI (GIMMS
NDVI 3 g, 1982–2015). To obtain a longer time series tomatch the SM for
analysis, we used the weighted-least-variance (WLS) fitting method and
the AVHRR NDVI (AVHRR NDVI V5, 1982–2020) of the National
Oceanic and Atmospheric Administration (NOAA) climate data record
(CDR) as auxiliary data to establish the functional relationship between
GIMMS NDVI 3 g and AVHRR NDVI V5. First, the functional rela-
tionship was used to extend GIMMS NDVI 3 g to obtain the first version
of its extension data (NGV1), and themedian value of the 10 × 10 sliding
window was used as a proxy to interpolate and fill the missing values.
Therefore, the second function was constructed using the generated NG
V1, and the missing value was filled in the same way to obtain the final
GIMMS NDVI 3 g extended dataset (recorded as NOAA NDVI). In
addition, to verify the accuracy, we selected reconstructed data (NOAA
NDVI) from 2000 to 2015 and GIMMS NDVI 3 g for comparison. The
results showed that the fitting correlation (slope) between the recon-
structed and original datasets and the variance all exceeded 0.98 (Fig. S1).

To further reduce the interference caused by different datasets, we
selected NDVI data recorded by the Moderate Resolution Imaging Spec-
troradiometer (MODIS) sensor since 2000 and a new global, OCO-2-based
Solar-induced chlorophyll fluorescence (SIF) dataset (GOSIF) with high
spatial and temporal resolutions using discrete OCO-2 SIF soundings,
remote sensing data from MODIS, and meteorological reanalysis data.
Their temporal resolutions were 16 and 8 d, respectively, and their spatial
resolutions were 1 km and 0.05°. The sixth version ofMODIS alleviated the
performance degradation of the fifth version of the data sensor74. The latest
remote-sensing inversion variable, SIF, provides a new method for mon-
itoring vegetation photosynthesis in space. Compared with vegetation
indices based on remote sensing, SIF has been proven to be more closely
related to vegetation photosynthesis and can better capture the variation
caused by environmental factors93.

The historical GPP data were derived from a Long-term (1982–2018)
global GPP dataset based on the NIRv94 dataset. Based on remote sensing
AVHRRdata of approximately 40 y andobservations fromhundreds offlux
stations worldwide, this dataset generated global high-resolution long-time
series GPP data from 1982 to 2018 at a resolution of 0.05°. The historical
data of CMIP6 were compared with the annual synthetic data of the dataset
using linear regression.

Land cover. The MODIS Collection 6 annual product provides land
cover information at 0.05° × 0.05° resolution, formally designated as the
Yearly Climate Modeling Grid (CMG) land cover product (MCD12C1).

The classification algorithm incorporates a hidden Markov model-based
state-space multi-temporal modeling framework, effectively mitigating
spurious land cover changes induced by single-year classification
uncertainties95. Accuracy assessments of Collection 6 demonstrate a
73.6% overall accuracy for the primary LCCS (Land Cover Classification
System) layer95, representing a significant improvement over previous
versions. Notably, the product not only identifies the dominant land
cover type but also quantifies sub-grid frequency distributions of land
cover classes. This enhanced characterization renders the dataset parti-
cularly suitable for investigating global-scale ecological processes and
climate change interactions.We aggregated the International Geosphere-
Biosphere Programme classification types provided by MCD12C1 into
seven broad biome types: Evergreen Forests, Deciduous Forests, Mixed
Forests, Shrublands, Savannas, Grasslands, and Croplands. Evergreen
Forests consist of needleleaf and broadleaf forests, deciduous Forests
consist of deciduous needle leaf and broadleaf forests, shrublands are
closed and open shrublands, savannas refer to woody savannas and
savannas, and croplands consisted of croplands and cropland/natural
vegetation mosaics (Fig. S6).

Terrestrial ecosystem water cycle flux data
Here, we used two independent SM datasets covering 1982–2020 to detect
the impact of vegetation dynamics on soil root zone moisture over the past
four decades. The first dataset was themonthly SMdataset fromERA5. The
arithmetic sum of the first four soil layers was selected as a proxy for SM in
the root zone. The other was the satellite-derived root zone SM dataset,
referred to as the Global Land Evaporation Amsterdam Model dataset
(GLEAM v3.5 and v4.2)50. GLEAM is a set of algorithms dedicated to
estimate terrestrial evaporation and root-zone SM from satellite data. The
GLEAMdataset is basedon reanalyzed temperature and radiation, remotely
sensed top-level SM, L-band vegetation optical depth (VOD), and snow
water equivalent from different satellite sensors; multi-source precipitation
forcing was also used. We used the evapotranspiration data from GLEAM,
which included vegetation transpiration (ET), soil evaporation (ES), and
interception loss (EC).Waterfluxand soil root zonewaterdatahad the same
temporal and spatial resolutions (Fig. S7).

The CRU meteorological dataset was developed by the Climatic
ResearchUnit (CRU)of theUniversity ofEastAnglia and theHadleyCentre
(British Meteorological Office). The dataset was generated using angular
distance weighting (ADW) interpolation with a spatial resolution of
0.5° × 0.5°.We selected the latestmonthlyprecipitationdataset from1982 to
2020, resampled it using the nearest neighbor method, and synthesized
annual data for analysis.

TerraClimate has good practicability by virtue of the large number of
station-based observation results from various networks, such as global
historical climate networks, snotels, and raws. The topographic and climatic
fields of the annual reference evapotranspiration were closely related to the
reference evapotranspiration based on the FLUXNET station. This study
selected runoff data from 1982 to 2020 with a resolution of 0.1° × 0.1°. For
verification and supplementary explanation, we selected the LinearOptimal
Runoff Aggregate (LORA), which is a global gridded synthesis runoff
product.

These data can effectively calculate water cycle process parameters as
they fully account for water balance and incorporate satellite observations
and ground station measurements. Although these data ensure reliable
water storage parameters, the uncertainty in water cycle process parameters
due to data discrepancies requires further attention.

CMIP6 data
Weused the historical output of the sixth phase of the international coupled
model comparison program (CMIP6) and the data of 12 Earth system
models (ESMs) in two future climate prediction scenarios (SSP245 and
SSP585), that is, the simulated data of the gross primary productivity of
biomass expressed as carbon (GPP), SM (mrro), E(ET, ES, EC) (Table S1).
Data on future evapotranspiration fractions were obtained from historical
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evapotranspiration fraction shares and future total evapotranspiration data.
To further reduce the difference in the simulation data between the different
models, all model data were monthly scale data in the r1i1p1 series. The
spatial resolution of all data was resampled to 0.5° × 0.5° using the nearest-
neighbor interpolation method.

Other SM datasets
To validate the reliability of soil moisture temporal trends, we selected
widely used datasets in climate andhydrological research,whichare suitable

for high-resolution land surface process modeling and atmosphere-land
coupling studies as supplementary data.

MERRA-2 (Modern-Era Retrospective Analysis for Research and
Applications, Version 2), developed by NASA, is a global reanalysis dataset
providing various surface and atmospheric variables, including soil moist-
ure. It has a spatial resolution of 0.5° × 0.625° and a temporal resolution of
hourly outputs. In this study, we utilized monthly aggregated annual data
spanning 1982–2020. MERRA-2 integrates satellite and ground-based
observations using advanced data assimilation techniques. Although its soil

Fig. 8 | Technology roadmap. Technology roadmap and conceptual diagram of coupled vegetation-soil moisture composition based on water balance equations.
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moisture data are primarily model-simulated, they are valuable for global-
scale comparative analyses.

GLDAS (Global LandData Assimilation System), jointly developed by
NASA and NOAA, is a land surface assimilation system that combines
multi-source observations and model outputs to provide land surface
variables, including soil moisture. The dataset has a spatial resolution of
1° × 1°, andwe employedmonthly aggregated annual data from1982–2020.
GLDAS incorporates multi-source observations (e.g., satellite and in-situ
measurements), making it well-suited for hydrological and climate studies.
However, in regions with sparse observations, it relies more heavily on
model simulations.

Methods
Significance and Granger causality test
The Granger causality test was employed96. Empirically, the soil root zone
moisture affects vegetation dynamics, and an autoregressive model can be
obtained:

VIs ¼ b1 þ k1 × SW þ ei

Here, b, k and e are the fitting parameter. The surplus and loss of SM will
enhance or reduce vegetation dynamics. If the strength of vegetation
dynamics reacts to the SMowing to the action of energy andmaterial flows,
the following formula can be obtained:

SW ¼ b2 þ k2 ×VIsþ ei

No absolute correlation is observed between the two autoregressive
models. Assuming that they exist in the same time series and that this
relationship will affect the prediction, we modeled one time series.

SWt ¼ cþ
Xp

i¼1

φiSWt�i þ εi

Considering the influenceof variableVIs on SW, this time seriesmodel
becomes

SWt ¼ cþ
Xp

i¼1

φiSWt�i þ
Xq

j¼1

θjVIst�q þ εi

Now assuming that VIs has no causal relationship with SW, and is
denoted as H0 ðθ0 ¼ θ1 ¼ . . . ¼ θj ¼ 0Þ, if it passes the significance test,
the hypothesis is true, otherwise, the hypothesis is not true.

The t-test and F-test were used to test the significance of correlations
and trends.

t ¼ r
ffiffiffiffiffiffiffiffiffiffiffi
n� 2

p
ffiffiffiffiffiffiffiffiffiffiffiffi
1� r2

p

F ¼ r2
1

n�2 ð1� r2Þ

Weighted-least-variance (WLS) fitting
Compared with the simple minimum variance method, WLS gives each
datum a different weighted value during fitting according to the different
accuracies of the basic data itself. This method was consistent with the
original fitting intention.

VIs ¼ PolyfitsðVIsi;VIsj;N; xi; rÞ

VIsi; i ¼ ð1; 2; . . . ; 34Þ is the reference time series, VIsj; j ¼
ð1; 2; . . . ; 39Þ is the time series to be fitted. The polynomial fit with the
highest powers ofN and r is the inverse matrix of the weighting coefficient.

Sensitivity analysis method based on multiple regression
equation model
The terrestrial hydrological cycle97 can be expressed in four terms: pre-
cipitation, evapotranspiration, runoff, and soil water storage change
(WB)27,44. The annual water balance of a closed-land watershed can be
expressed as:

P þ O ¼ 4WBþ Rþ E

where P is the annual precipitation of each pixel grid (mm yr−1); O is the
amount of water supplied and discharged by the system (mm yr−1);4WB is
the change in soil water reserves of the entire system (mm yr−1); R is runoff
(mm yr−1); and E is evapotranspiration, which includes vegetation, ET, bare
soil evaporation, ES, and leaf interception loss, EC, in mm yr−1. We attrib-
uted the change in soilwater to the combinationofP,R, andE. Therefore,we
used the multiple linear regression model to assess the importance of 4D
and three evapotranspiration components. The formula is as follows:

SM ¼ β0 þ β14WBþ β2ET þ β3ESþ β4EC

θi ¼ βi ×
std Xð Þ
std SMð Þ

R ¼ MAX absðθiÞ
� �

where βiði ¼ 0; 1; 2; 3; 4Þ is the coefficient of nonrandom variables
(representing4WB and evapotranspiration components), θi represents the
standardized variable coefficient, R indicates the importance, and the
variable corresponding to the maximum regression coefficient of the same
pixel was recorded as the importance variable.

Data availability
Data supporting the conclusions of this study are openly available. MODIS
NDVI: https://lpdaac.usgs.gov/products/mod13a2v006/. GIMMS 3 g NDVI:
https://data.tpdc.ac.cn/en/data/9775f2b4-7370-4e5e-a537-3482c9a83d88/;
https://www.cen.uni-hamburg.de/en/icdc/data/land/gimms-ndvi3g.html.
NOAA NDVI: https://doi.org/10.7289/V5ZG6QH9. GOSIF: https://doi.org/
10.3390/rs11050517. NIRv GPP: https://doi.org/10.6084/m9.figshare.
12981977.v2. MOD13A2 C6, https://lpdaac.usgs.gov/products/
mod13a2v006/. GLEAM v3.5a: https://www.gleam.eu/. GLEAM v4.2a:
https://www.gleam.eu/. ERA5:https://cds.climate.copernicus.eu/datasets/
reanalysis-era5-single-levels-monthly-means?tab=overview. CMIP6: https://
esgf-node.llnl.gov/search/cmip6/. LORA Runoff: http://dapds00.nci.org.au/
thredds/catalogs/ks32/ARCCSS/LORA/ LORA.html. TerraClimate Runoff:
https://www.climatologylab.org/terraclimate.html. CRU TS v. 4.05: https://
catalogue.ceda.ac.uk/uuid/c26a65020a5e4b80b20018f148556681. MERRA-2
and GLDAS-2 (VIC, NOAH, CLSM): https://disc.gsfc.nasa.gov/datasets

Code availability
The data in this studywere analyzedwith publicly available tool packages in
MATLAB and the figures were produced with MATLAB, python, and
ArcGIS. All the scripts are available upon requests.
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