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CLIMATOLOGY

Hemispheric asymmetry in evapotranspiration reveals
terrestrial water-flux redistribution
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Global warming is widely expected to intensify the hydrological cycle. However, observational evidence for ac-
celerated evapotranspiration (ET), a key terrestrial water cycle and energy balance component, remains ambigu-
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ous. Here, we constrained diverse datasets using basin-scale ET estimates covering 47% of global land to reveal a
hidden asymmetry. We found a small global change in ET [—0.06 + 0.44 mm year 2 (millimeters per year squared),
P> 0.10] from 2000 to 2022, resulting from strongly opposing hemispheric trends. The Northern Hemisphere
shows noticeable ET increases (0.91 + 0.46 mm year™2, P < 0.05), primarily driven by vegetation greening, where-
as the Southern Hemisphere exhibits strong declines (—2.63 + 0.46 mm year‘z, P < 0.05) due to precipitation
deficits. Our observation-constrained projections indicate that this asymmetry is likely to persist through 2050.
The small global ET trend masks a marked compensation between northern greening and southern drying, sug-
gesting that current models may overestimate homogenized water cycle intensification. Our study provides pro-
found implications for global food security, carbon sequestration, drought risks, and regional climate adaptation.

INTRODUCTION

An intensification of the global water cycle is widely expected under
climate change, with rising temperatures leading to increased evapo-
transpiration (ET), the critical process whereby water is transferred
from the land (where it is in the liquid phase) to the atmosphere
(where it is in the gas phase), controlling the large-scale terrestrial
redistribution of water and energy, and ultimately altering patterns
of water availability (I). While some studies show signs of this ac-
celeration in historical records (2-6), regional ET trends remain in-
consistent and poorly constrained (3, 7-10). It is well recognized that
existing ET products have large uncertainties due to the complex in-
terplay of climatic and biophysical drivers that influence ET across
spatial and temporal scales (11-14).

Among the key components of the terrestrial hydrological cycle—
precipitation, ET, runoff, and water storage changes—ET is par-
ticularly challenging to quantify due to its invisible nature and high
spatial-temporal variability (11, 15), and the most uncertain (16).
Over the past decade, extraordinary efforts have been made to im-
prove understanding of global ET’s magnitude, variability, and trends
using eddy covariance flux network, remote sensing, land surface
models, and reanalysis datasets (3, 14, 17-24). These approaches have
advanced our ability to estimate ET locally, regionally, and globally,
linking observed trends to global warming, land use and land cover
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changes, precipitation shifts, and climate variability and change. Ma-
chine learning and ensemble modeling techniques have furthered ET
science and trend assessments by merging diverse datasets, reducing
uncertainties (25-27), and determining how model area of applicabil-
ity around the world depends on choices of acceptable error or uncer-
tainty level (28). Despite these advancements, quantifying spatial and
temporal ET patterns remains one of the most challenging tasks in
global land hydrological studies. Direct comparison of various da-
tasets for the same period (1980-2010) and land area coverage (29)
shows greater dataset differences for global ET than precipitation and
runoff. North-to-south hemispheric disparities in ET trends may also
emerge because water availability shows large difference between the
two hemispheres (13). However, the ET trends and hemisphere dis-
parities remain poorly resolved and represent a critical uncertainty in
projecting future water cycle intensification (11, 20, 30). Furthermore,
emerging evidence suggests fundamental hemispheric asymmetries
in other hydrological and climatic variables, such as water availability
(13) and terrestrial water storage changes (31), raising the question of
whether ET trends might also exhibit such a large-scale divergence.
To address this challenge, we developed an ensemble machine
learning approach that integrates five diagnostic ET products with
water-balance observational ET constructed using hydrometeoro-
logical observations from 183 large basins that cover about half
of the global land area. The trained model was then applied to 232 glob-
ally distributed river basins (>10,000 km?) from the HydroSHEDS
dataset for full global and hemispheric analysis (see Materials and
Methods). Unlike previous global ET assessments relying on simu-
lation model output ensembles or remote sensing data alone or esti-
mating ET from ground data for precipitation and streamflow, our
framework uniquely harmonizes basin-scale water budgets (includ-
ing also independent data for water storage changes) with machine
learning techniques, resolving scale mismatches that have long ob-
scured regional and global trends (see Materials and Methods). Our
method demonstrates remarkable performance in simulating annual
ET variability and trends (figs. S1 to S7 and table S3). Specifically, the
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prediction accuracy in our annual ET trends, indicated by the correla-
tion coefficient (), ranges from 0.82 to 0.90 during cross-validation,
giving confidence in our results.

RESULTS

Global and hemispheric ET trends

From 2000 to 2022, the mean annual ET across the 232 river basins
globally is estimated at 507.3 + 6.14 mm year™, corresponding to
a volumetric ET of ~(66.4 + 0.80) x 10°> km’ year_l, which is
slightly lower than an independent global ET estimate (69.0 +

6.2) x 10° km’ year™", both not including Greenland and Antarctica
(32). The highest ET values (>1000 mm year_l) are observed in tropi-
cal river basins such as the Amazon, Congo, and Southeast Asian ba-
sins, whereas moderate values (500 to 1000 mm year ") are found in
the Yangtze, Mississippi, Danube, and Rhine basins. In contrast, arid
and semiarid regions, such as the Yellow River Basin, western United
States, Sahara Desert, central Australia, central Asia, and the Arabian
Peninsula, exhibit lower ET values (<500 mm year™; Fig. 1A).

Global ET experienced a nonsignificant trend of —0.06 + 0.44 mm
year 2 (P > 0.05) from 2000 to 2022 (Fig. 2). This is negligible over
23 years, despite large and opposing hemispheric changes, strongly
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Fig. 1. Global ET mean and trend. Spatial pattern of mean annual ET in 2000-2022 for 232 river basins (>10,000 km?) (A). The 232 simulation river basins are from Hydro-
SHEDS level 3. Of the 232 basins used for global analysis, 173 are in the Northern Hemisphere and 59 in the Southern Hemisphere. Spatial pattern of annual ET trends over
the same period and river basins (B). Cross-hatching denotes that the annual ET in the basins has significantly changed [P < 0.05, Mann-Kendall (MK) test]. Greenland and

oceans are masked out.
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Fig. 2. Interannual variability in ET and its trend. Time series of ET anomaly across the globe, the Northern Hemisphere (NH), and the Southern Hemisphere (SH) for
2000 to 2022 (A). The El Nino-Southern Oscillation (ENSO) events are shown, with El Nifio phase when the Nino 3.4 index exceeds 0.5°C for each 12 months and La Nifa
phase when the Nino 3.4 index falls below —0.5°C for each 12 months. Each thick line represents the ensemble mean of nine ET estimates and shading denotes + one SD.
ET trends for the globe, NH, and SH, respectively (B). The box-whisker plots are delineated using 10th, 25th, median, 75th, and 90th percentiles, respectively, from bottom
to top in all three cases. Two dots in (B) denote the trend from the mean of the nine ET estimates with P < 0.05.

contrasting with reports of a 10% increase in a recently retracted article
(33). Furthermore, this overall change conceals substantial hemispheric
asymmetry. The Northern Hemisphere experienced a strong average
ET increase of 0.91 + 0.46 mm yealr_2 (P <0.05), concentrated particu-
larly in regions undergoing greening, whereas the Southern Hemi-
sphere witnessed a strong average decline of —2.63 + 0.46 mm year
(P <0.05), primarily driven by declines in South America and Australia
(Fig. 1B). The Amazon River basin accounted for more than 40% of the
total trends in the Southern Hemisphere (fig. S12). Given the larger
landmass (i.e., after excluding Greenland and Antarctica, about 72.6%
of the global land area is north of the equator) and consequent higher
ET volumes in the Northern Hemisphere, the global trend remains
negligible, despite the strong decline over the Southern Hemisphere.
This asymmetry demonstrates that recent water cycle change is funda-
mentally heterogeneous, which has driven large-scale terrestrial water-
flux redistribution. Furthermore, the sensitivity of global ET change to
global air temperature change from 2000 to 2022 is —0.29 + 1.45% °C™".
This is far below Clausius-Clapeyron expectations of ~7% specific
humidity increase per degree of warming and also below the expected
change in precipitation per degree of warming (hydrological sensitivity)
of 2to 3% (34).

Climate drivers and attribution analysis

To better understand the major drivers for recent trends in ET, we
perform large-scale (i.e., global or hemispherical or continental)
causality analysis and local-scale (i.e., catchment-scale) attribution
analysis. At a large scale, our analysis reveals that decadal ET trends
are regulated by strong El Nifio-Southern Oscillation (ENSO) events
(defined by Nifo 3.4 index anomalies of <—0.5°C for La Nifia or
>0.5°C for El Nifio) (Fig. 2). Strong La Nifa years corresponded
with positive ET anomalies in the Southern Hemisphere, whereas El
Nifio events suppressed ET in the Southern Hemisphere. We further
quantify the correlation between the Nifio 3.4 index and annual ET
anomalies during strong ENSO events (35). The analysis reveals
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contrasting hemispheric responses: Significant negative correlations
(P < 0.05) dominated in the Southern Hemisphere, whereas positive
correlations prevailed in the Northern Hemisphere. These opposing
hemispheric effects result in a weakened global-scale signal. The
markedly higher interannual variability in Southern Hemisphere ET
(Fig. 2A) is likely driven by the greater influence of high-amplitude
climate modes like ENSO on precipitation in the Southern Hemi-
sphere, particularly in Australia (fig. S13), coupled with the larger
proportion of water-limited ecosystems where ET variability closely
tracks precipitation variability. Specifically, strong negative correlations
between ENSO and ET emerge in southeastern/northern Australia
and southern Africa. Notably, the Amazon basin exhibits weaker-
than-expected impacts.

For attribution analysis, we identify factors including land sur-
face conditions [e.g., leaf area index (LAI)] and atmospheric factors
[e.g., precipitation and potential evapotranspiration (PET)] that di-
rectly affect and influence the ET trends (Fig. 3). Precipitation posi-
tively influences the ET trends in South America and Australia, with
contribution reaching about 29 and 42%, respectively. PET, which
integrates net radiation and other atmospheric drivers (Materials and
Methods, Eq. 2), plays a dominant role in majority of high latitude
basins (i.e., >50° from the equator) and large parts of the Southern
Hemisphere (including Amazon basin), indicating the importance
of energy limitation in these regions. The decrease in ET in Southern
Hemisphere is largely dominated by decrease in precipitation, in-
crease in PET, and its key driver of vapor pressure deficit (figs. S14
and S16). This interpretation is further supported by hemispheric-
scale covariability in standardized annual anomalies (fig. S15), which
shows a strong negative coupling between ET and air temperature in
Northern Hemisphere (r = 0.78), but a negative coupling in Southern
Hemisphere (r = —0.62), whereas ET-precipitation relationships are
similar between hemispheres (r = 0.65 for Northern Hemisphere and
r = 0.66 for Southern Hemisphere). In regions such as Europe and
Asia, land cover changes contributed ~45% or more to the annual
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Fig. 3. Key contributing factors on ET trends across each river basin. Relative contributions (%) of precipitation (Pr), potential evapotranspiration (PET), and leaf area
index (LAI) to the ET trends are estimated from the generalized additive model coupled with Shapley additive explanations (GAM-SHAP). The total contribution is 100%.
The relative contribution of each driver (Pr, PET, and LAl) is indicated by dot position within the triangular legend and by color intensity in the map.

ET trends. This suggests that vegetation dynamics play a crucial role
in Northern Hemisphere ET variations, and LAI in Northern Hemi-
sphere is accompanied by strong greening, e.g., increase in LAL

Future projection

To project future trends, we first evaluate 32 online Earth System
Models (ESMs). Their ensemble average shows a similar ET global
trend to our estimate for the same period (i.e., 2000-2022). However,
most of them do not show notable contrasting signs in their hemi-
spheric trends (table S1 and fig. S17). This stimulates us to reduce
ESM uncertainty for better future ET projections. Using the emer-
gent constraint framework that is widely used to reduce uncertainty
for future projections (23, 36-38), we establish robust relationships
between historical trends and future changes (2025-2050 relative to
1981-2014) based on the results of ESMs in the Coupled Model Inter-
comparison Project Phase 6 (CMIP6) under a moderate Shared Socio-
economic Pathway 2-4.5 (SSP2-4.5) for the global land, the Northern
Hemisphere, and the Southern Hemisphere (Fig. 4). Applying the
emergent constraint (23, 36-38) using the global ET trend only slight-
ly changes the future projection of ET increase from the ESMs results.
This is expected because our historical results are similar to the his-
torical simulations of the ESMs ensemble. However, it is notable that,
when the ESMs are constrained using hemispheric trend results, the
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future changes for both hemispheres are greatly altered. The con-
strained projected increase in the Northern Hemisphere is consid-
erably larger than the raw projections; the constrained projected
decrease in the Southern Hemisphere is substantially smaller than
the raw projections. This suggests that the present asymmetric ET
trends are likely to persist in the future. Our analysis indicates that
the raw ensemble of ESMs tends to underestimate the magnitude
of this future hemispheric asymmetry (Fig. 4). This underestimation
implies that climate risk assessments based directly on ESM outputs
may understate the divergence in hydrological futures. Water avail-
ability stress in the Southern Hemisphere is increasing while land-
atmosphere coupling in the Northern Hemisphere is intensified with
important consequences for adaptation planning. While we focus on
the SSP2-4.5 scenario for consistency with a central, moderate path-
way, future work could explore the sensitivity of this persistent asym-
metry to other socioeconomic and emission scenarios.

DISCUSSION

Our findings provide a paradigm for the global intensification of the
hydrological cycle under global warming (1, 39, 40). We demonstrate
that the net increase in global terrestrial ET (2000-2022) masks a pro-
found hemispheric asymmetry, with Northern Hemisphere greening
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Fig. 4. Emergent constraints of ET change (/\ET) between 2025-2050 and 1981-2014 using the ET trend in 2000-2022. The global land (A), the Northern Hemi-
sphere (NH) (B), and the Southern Hemisphere (SH) (C). Each dot represents one CMIP6 ESM. Each box delineates /A\ET by the median (black), box (25th to 75th percen-
tiles), and whiskers (10th and 90th percentiles). Dark gray is for the raw results generated by the 32 ESMs; blue denotes the emergent constraint results using the entire
global ET trend in 2000-2022 obtained from this study; red is analogous to blue but using the hemispheric ET trends for the corresponding emergent constraint.

driving robust ET increases while the Southern Hemisphere exhibits
significant declines (Fig. 2). The weak global mean trend arises from
compensation between strong and opposing hemispheric responses,
rather than from an absence of ET change. Such asymmetry is unex-
pected. In the Southern Hemisphere, the observed decline in ET
contradicts the expected acceleration of the water cycle. We further
demonstrate that contrasting regional forcings drive a hemispheric
redistribution of water fluxes.

Our finding on low sensitivity of global ET change to global air
temperature change indicates that terrestrial ET is only partially influ-
enced by temperature-increased atmospheric demand but strongly
constrained by moisture supply and vegetation physiology. This rein-
forces the paradigm that, over land, water availability, mediated by
precipitation, plant responses, and land-atmosphere feedbacks, is the
primary regulator of the hydrological cycle’s intensification, temper-
ing the influence of rising temperatures alone.

The increase in ET across the Northern Hemisphere aligns with
widespread vegetation greening, notably due to afforestation in China
and India (fig. S14) (41), where increasing LAT has contributed >50%
of the ET trend (Fig. 3). In contrast, atmospheric evaporation demand
(e.g., PET) has shown little change in these strongly greening regions
because of compensation effects between increase in vapor pressure
deficit and decreases in net radiation and wind speed (figs. S14 and
§16). Conversely, the decline in the Southern Hemisphere primarily
reflects precipitation deficits and complex atmospheric evaporation de-
mand and land surface changes (fig. S14). Specifically, moisture supply
to South America and central Australia has been suppressed over the
past two decades, outweighing any radiation- or aerodynamically driv-
en increases in evaporation potential. These contrasting hemispheric
patterns are conceptualized in Fig. 5. Based on our projections (Fig. 4),
these trends are likely to persist in the future.

Our results demonstrate that simple averaging of model outputs
may introduce significant bias. Compared to our results, the five diag-
nostic ET models used here showed smaller hemispheric ET trend dif-
ferences and overall overestimation of the global ET trend (fig. S17).
This means that simple ensemble model output averaging would
strongly underestimate hemispheric ET discrepancy. Furthermore,
each of the five individual ET products exhibits lower correlations
with the observed ET obtained from basin water balance (figs. S18 and
S19). This demonstrates that it is necessary to process diagnostic
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results for better estimates of ET dynamics at the global and hemi-
spheric scales. The failure of most ESMs to capture the contrasting
hemispheric trends (table S1 and fig. S17) indicates the remaining
structural limitations in representing vegetation-hydroclimate cou-
pling (42, 43). These may be related to underestimating the CO-
fertilization feedback (44) and afforestation/reforestation impacts
(41) on vegetation changes in the Northern Hemisphere. For the
Southern Hemisphere and its more water-limited conditions (29),
ESMs may underestimate ET declines from precipitation deficits (45)
and additional ENSO-enhanced drying (Fig. 4) (46-48). Our emer-
gent constraints project that this asymmetry will persist through
2050, implying that evaporation paradox (49, 50) of decreasing ET
in a warmer climate is not transient but a signature of hemispheri-
cally divergent water cycles.

The hemispheric asymmetries in ET trends have not only direct
implications for global water cycle but also broader implications. The
increased ET in the Northern Hemisphere not only may reflect en-
hanced vegetation growth, forest expansion, and carbon sequestration
(41, 51) but also implies higher agricultural water use, intensifying
competition for freshwater resources under increased atmospheric
demand for water. Conversely, the declining ET in the Southern
Hemisphere due to atmospheric drying may be associated with low-
er crop yields, exacerbating food insecurity in water-scarce regions.
The declining precipitation may also increase irrigation demand,
which cannot always be met sustainably at local/regional scales, and also
exacerbates water resource competition and requires significant in-
frastructure investments (52). This is particularly critical for southeast
Australia and Brazil, both at the forefront of global food production.
These trends also pose challenges for hydropower generation, eco-
system stability/integrity, and biodiversity conservation.

While our approach advances global ET estimates and trend anal-
ysis, certain considerations or clarifications should be noted. First,
we account for precipitation uncertainty by using three state-of-the-art
precipitation products. Nevertheless, precipitation uncertainty may
remain substantial in regions with sparse gauge coverage (53). De-
spite this, all three products consistently revealed contrasting hemi-
spheric patterns, with slight variations in magnitude due to the nature
of our model, which is constrained by basin water balances and thus
directly influenced by precipitation inputs (fig. S8). Second, our es-
timations are conducted at a basin scale (>10,000 km?), meaning that
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Fig. 5. Conceptualized understanding of ET impact mechanisms. They are demonstrated in two typical regions (Australia and China) in the Southern Hemisphere
(A) and the Northern Hemisphere (B), respectively. Pr reflects water supply; PET indicates atmospheric evaporation demand primarily controlled by energy (net radiation)
and water vapor transfer [vapor pressure deficit (VPD) and wind speed] drivers; LAl shows vegetation condition. The notations of “+ (or 1), “— (or V)", and “+—"denote the

increasing trend, the decreasing trend, and the marginal change, respectively.

direct point-scale validation using flux tower data is not directly appli-
cable, an inherent characteristic of basin-scale water-balance studies.
However, these approaches are complementary: Basin-scale reconcili-
ations provide a spatially integrated, mass-constrained benchmark,
whereas flux towers offer mechanistic insights at fine temporal scales.
Future studies could use this framework to integrate flux tower data
with catchment streamflow and large-basin terrestrial water storage,
providing robust constraints for refined water-flux estimates. Third,
while our framework captures annual ET trends, it does not address
seasonal and subseasonal variations; addressing these requires finer
temporal scale study. Nevertheless, investigating short-term fluctua-
tions driven by extreme weather events and vegetation changes is an-
other important topic for future research. Fourth, the dominant drivers
identified represent strong statistical associations derived from the
generalized additive model coupled with Shapley additive explana-
tions (GAM-SHAP) analysis. While these are consistent with well-
established hydrological principles (e.g., ET limitation by P in dry
regions and influence of LAI via transpiration), they indicate correla-
tion and mechanistic plausibility rather than definitive causation.
Fifth, we use moving averages for both the ET-water-balance model
constraint and the GAM-SHAP analysis, which can introduce auto-
correlation, influencing P values and regression diagnostics. This ap-
proach, however, offers a clear advantage by more effectively revealing
the underlying low-frequency hydroclimatic trends compared to an-
nual block averages, a well-established method for improving the
signal-to-noise ratio in climate trend analysis (54, 55).

By integrating machine learning with individual diagnostic ET
products and basin-scale water-balance estimates, our approach pro-
vides a robust baseline for global ET trend assessments and projections,
such as the annual report of World Meteorological Organization
(WMO) State of Global Water Resources (56) and Intergovernmen-
tal Panel on Climate Change climate assessments (34). Together, these
results show that recent changes in terrestrial ET are characterized
by hemispheric redistribution rather than uniform global intensifica-
tion, underscoring the importance of considering regional dispari-
ties in climate adaptation and water management strategies. Moving
forward, incorporating data from improved observational networks,
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Earth observations, and advanced modeling techniques will be essen-
tial to refine global water cycle projections across spatiotemporal scales
and ensure effective policy interventions. By reconciling hemispher-
ic ET trends, this work supports achieving United Nation Sustain-
able Development Goal 6 (SDG 6; clean water and sanitation) and
SDG 13 (climate action) through improved drought forecasting and
refined climate projections.

MATERIALS AND METHODS

Basin water balance and datasets

Actual ET at a basin scale can be quantified using precipitation (Pr;
millimeters per year), streamflow (Q; millimeters per year), and basin
storage changes (AS; millimeters per year; integrated terrestrial water
storages in soil moisture, groundwater, lakes, reservoirs, snow, and ice)

ET=Pr—- AS-Q (1)

The water-balanced quantified ET at the basin scale is regarded as
a “pseudo-observation” because Pr, Q, and AS can be all estimated on
the basis of the ground measurements (Pr and Q) or satellite observa-
tions (AS). Pr and AS are obtained by area-weighted averaging of all
0.25° grid values within the basin; Q is obtained from the observations
of basin outlet. In cases where water is transferred across basin bound-
aries, the monthly transferred volume is added to Q in the donor basin
and subtracted from Q in the receiving basin. How the three water-
balance components are obtained is detailed in the following.

Three state-of-the-art diagnostic Pr products were selected from
2000 to 2022 (276 months), including Climatic Research Unit (CRU)
gridded Time Series (57), Multi-Source Weighted-Ensemble Precipi-
tation (MSWEP) version 2 (58), and Global Precipitation Climatol-
ogy Project (GPCP) version 3.2 (59). The CRU Pr is a widely used
climate dataset on a 0.5° latitude by 0.5° longitude grid over all land
domains of the world. MSWEDP is a global precipitation product with
a 3 hourly 0.1° resolution. The product merges with gauge, satellite,
and reanalysis datasets. The GPCP dataset provides a gridded (level 3)
homogeneously processed record of global precipitation estimates
at 0.5° spatial and daily temporal resolution. AS data were obtained
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from three sources (60-62): (i) JPL Mascon RLO6M.1 version 3; (ii)
CSR RL06 Mascon version 2; and (iii) GSFC Mascon RL06 version 2.
All datasets were generated using the Gravity Recovery and Climate
Experiment (GRACE) satellites and their successor, GRACE Follow-
on (GRACE-FO) satellites. This study used the Monthly Mass Grids -
Global mascons with a 0.5° spatial resolution. There existed 11-month
continuous and 24-month isolated GRACE data gaps during the tran-
sition between the two satellite missions from July 2017 to May 2018.
For the missing data, we used an innovative transformer-based deep
learning model for data gap-filling (63), which strongly improved AS
gap filling in arid regions, indicated by 11.8 to 42.3% reductions in
root mean square error, compared to traditional deep learning ap-
proaches (64, 65). We acknowledge the signal leakage of GRACE data
in small basins and conducted a comparison between the AS values
obtained from the original and two state-of-the-art downscaled prod-
ucts (66, 67). The results showed high consistency between the two,
with a coefficient of determination (R) of 0.98 or higher (fig. S9). Fur-
thermore, we tested the training and cross-validation results of our
machine learning model derived from both AS datasets and found
that using the downscaled AS did not yield noticeably better outcomes
(figs. S10 and S11). Therefore, we used the AS results mentioned above
for the remainder of the analysis.

For Q data, we used monthly streamflow data obtained from six
sources: (i) the Global Runoft Data Centre (located in Germanys;
https://grdc.bafg.de/, last accessed 3 March 2025); (ii) the US Geologi-
cal Survey National Water Information System and Geospatial Attri-
butes of Gages for Evaluating Streamflow II database (www.usgs.gov/
data/statistical-daily-streamflow-estimates-gages-ii-non-reference-
streamgages-conterminous-united; last assessed 28 February 2025);
(iii) the Australian Bureau of Meteorology (www.bom.gov.au/water/
hrs/, last accessed 1 February 2025); (iv) the Chinese River Sediment
Bulletin (www.irtces.org/nszx/cbw/hlnsgb/A550406index_1.htm, last
accessed 25 November 2024); (v) the Mekong River Commission
(www.mrcmekong.org/, last accessed 3 March 2025); and (vi) the
CAWATERInfo dataset for Central Asian rivers (www.cawater-info.
net/bd/index_e.htm, last accessed 1 March 2025). To meet our research
requirements, we established two criteria to select high-quality stream-
flow data: (i) the river basin area is larger than 30,000 km? to minimize
the uncertainty of the coarse resolution of GRACE data (13); (ii) there
are not more than 13 months of observations missing in the period
from January 2003 to December 2023 (table S2), making sure that there
are at least two gap-free moving-average years used for model training;
and (iii) the volume of water transferred across basins must be less than
2% of the mean annual runoff in both the donor and receiving basins.
Consequently, the Colorado River basin was excluded from our analy-
sis because more than 10% of its runoff was transferred out (68). In
contrast, its two receiving basins, including the Mississippi River basin
and the Rio Bravo basin, were retained as the transferred water from
the Colorado River basin accounts for only 0.16 and 1.47% of their re-
spective mean annual runoff. For the Yangtze River basin, water trans-
ferred out via the South-to-North Water Diversion Project was added
to the observed streamflow at its outlet gauge in Eq. 1 (table S3). The
receiving basin, the low Hai River basin, was not included in the analy-
sis. Ultimately, we selected 183 large river basins for training the ma-
chine learning model, which accounted for 47.1% of global land area
(excluding Greenland and Antarctica). The basin ranges from 30,665 to
4,702,291 km?, with 10th, 50th, and 90th percentiles of 37,690, 84,381,
and 843,262 km?, respectively (fig. S1). Furthermore, there are 90% ba-
sins having more than 100 months data available.
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We estimated basin ET at an annual time scale. We used the mov-
ing window approach to estimate the annual ET from January 2000
to January 2022. The January 2000 annual ET means the period
of January 2000 to December 2000, the February 2000 annual ET
means the period of February 2000 to January 2001, and so on to the
end of the period being January 2022 to December 2022. Pr and Q
were aggregated at each of the annual slots, whereas AS is calculated
as the difference between terrestrial water storage of a given month in
next year and that of the same given month in current year. For each
basin, this monthly-moving aggregation method results in 265 annual
ET times series, and it provides a more robust trend estimation due to
the increased sample size, smoother trends, better statistical power,
and reduced influence of anomalies (69), compared to the 23 annual
ET time series obtained if using only calendar year aggregation.

In summary, we had three Pr products and three AS products, and,
by using all combinations, we obtained nine water-balance annual ET
observations that were then used respectively to train our machine
learning model to obtain nine simulations at basin and global scales
(figs. S5 to S7). In this way, uncertainty in water-balance ET estimates
can be quantified using one SD of the nine estimates. This will reduce
estimated biases and obtain more reliable trends.

Diagnostic ET products

To train the machine learning model, we selected five state-of-the-
art diagnostic actual ET products from 2000 to 2022, including (i)
Penman-Monteith-Leuning Evapotranspiration (PML_V2), PML_
v2.1.8 (19); (ii) Moderate-resolution Imaging Spectroradiometer
dataset (MODIS), MOD16A2 (70); (iii and iv) two versions of Glob-
al Land Evaporation Amsterdam Model dataset (GLEAM), GLEAM
v3.8a (71) and GLEAM4.1a (24); and (v) the Complementary Rela-
tionship product CR (72). Selection of the five products was carefully
considered on the basis of representation of dominant methodolo-
gies, spatiotemporal compatibility, regional and global performance,
and data availability for the study period 2000-2022. PML_v2.1.8 is
a biophysical model coupled to the gross primary production pro-
cess based on stomatal conductance theory with 8-day and 500-m
resolution. MOD16A2 is based on the Penman-Monteith Equation
and calculates the canopy conductance using the semiempirical mod-
el including various constraining factors, also with 8-day and 500-m
resolution. GLEAM v3.8a estimates actual ET using the Priestley and
Taylor potential ET multiplied by a semiempirical function of evap-
orative stress, having daily and 0.25° resolution. GLEAM4.1a uses a
Penman equation and a stress computation based on deep learning,
having daily and 0.1° resolution. Unlike the previous four products
driven by remote sensing data, the CR dataset was solely driven by
routine meteorological data, including air and dew-point tempera-
tures, wind speed, and net radiation, having monthly and 0.25° reso-
lution. Because MOD16A and PML_v2.1.8 have much higher spatial
resolution, compared to the other three, these two were first resam-
pled into 0.25° by the nearest neighbor method. We also unified the
temporal resolution to monthly by adding the ET of the daily and
8-day resolution products. To calculate basin-scale ET, area weight-
ing was applied to each ET product.

CMIP6 ESM ET simulations

We also compared our ET trends with those of CMIP6 ESMs. There
were 32 CMIP6 ESMs used (table S1; https://esgf-data.dkrz.de/, last
accessed 18 November 2024). ET simulations (the variable “evspsbl”)
of historical and business-as-usual scenario (SSP245) ripfl realization
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were used. Historical simulations end in 2014. SSP245 was used to
extend the historical scenario to 2022 and used for future scenar-
io analysis.

Basin boundary data

For the global basin-scale analysis, we used level 3 of the Hydro-
SHEDS global basin boundary dataset (73, 74), which is based on
elevation data obtained in 2000 by NASA’s Shuttle Radar Topogra-
phy Mission. This dataset offers a suite of geo-referenced datasets
(vector and raster) at various scales, including river networks, catch-
ment boundaries, drainage directions, and flow accumulations. The
level 3 dataset covers reasonably large basins, including a total of 275
basins. To ensure that the training the machine learning model could
be appropriately extrapolated, we only selected basins that exceeded
10,000 km?. As a result, 232 basins were retained for the final analy-
sis. Note that the excluded 43 small basins (i.e., <10,000 km?*) only
account for 0.075% of the HydroSHEDS global basins by area. It is
noted that the 183 training basins were selected based on streamflow
gauge availability and rigorous data quality criteria, whereas the 232
river basins globally used for global and hemispheric analysis were
derived solely from HydroSHEDS. This distinction ensures that
the training basins reflect observational constraints, whereas the
HydroSHEDS basins provide comprehensive spatial coverage for
global and hemispheric assessments.

Of the 232 basins used for global analysis, 173 are in the Northern
Hemisphere and 59 in the Southern Hemisphere. While the number
of basins differs between hemispheres, the area-weighted aggregation
ensures that large basins (e.g., Amazon, Congo, and Murray-Darling)
dominate the hemispheric signal. The robustness of the asymmetry
is supported by the consistency of trends within each hemisphere
(Fig. 1B) and their physical plausibility with observed driver trends
(figs. S14 and S15).

Climate index data

To account for the influence of ENSO on global ET variability, we in-
corporated the monthly Nino 3.4 index into our analysis. The Nino
3.4 index is derived from sea surface temperature (SST) anomalies in
the equatorial Pacific Ocean averaged over the region bounded by 5°N
to 5°S and 170°W to 120°W. The Nino 3.4 dataset (35) for January
1870 to December 2024 was obtained from NOAA website (https://
psl.noaa.gov/gcos_wgsp/Timeseries/Nino34/, last accessed 23 January
2025). Positive Nino 3.4 index values indicate El Nifio conditions,
characterized by warmer-than-average SSTs in this region, whereas
negative values indicate La Nifa conditions, characterized by cooler-
than-average regional SSTs. The Nino 3.4 index was used to examine
the relationship between ENSO phases and ET anomalies at global
and hemispheric scales.

Machine learning model

We used a random forest (RF) ensemble learning approach to gener-
ate ET, which used the five diagnostic ET estimates as inputs and the
water-balance-derived ET as the target variable, an approach widely
used in global hydrology (13). Specifically, this process harmonizes
basin-scale water budgets (Eq. 1) with gridded diagnostic ET products
by leveraging the water-balance—derived ET as a physically constrained
pseudo-observation target for training. The basin-scale water budget
integrates ground and satellite observations of precipitation, stream-
flow, and terrestrial water storage changes to provide an indepen-
dent, spatially aggregated ET estimate. This target is then reconciled
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with five gridded diagnostic ET products (PML_V2, MOD16A2,
GLEAM v3.8a, and GLEAM4.1a, CR_v1), which offer high-resolution
spatial patterns but lack direct observational constraints at basin scales.
The RF model acts as a reconciliation framework, and the harmoni-
zation ensures that the final ET estimates are simultaneously consistent
with basin-scale mass balance and gridded process representations.

The five diagnostic ET products as described above, basin centroid
coordinates [x (longitude), y (latitude)], and basin area were integrat-
ed as predictors. Hyperparameter tuning was conducted through sys-
tematic grid testing of tree numbers (50, 100, 150, 200) and minimum
leaf sizes (5, 10, 15, 20). Model performance was evaluated using five-
fold cross-validation based on both the Nash-Sutcliffe Efficiency and
the R, ensuring robustness in both variability and trend representa-
tion. The final model configuration (150 trees and minimum leaf size
of 10) was selected because it consistently provided optimal and stable
performance across all nine independent water-balance ET ensemble
members (table S4), rather than being tuned to a single realization.
The training, validation, and ensemble-weighted aggregation proce-
dures are implemented explicitly in the modeling code, ensuring that
the reported results are directly reproducible.

The model was trained on the 183 basins (fig. S1) to predict mov-
ing annual ET from February 2002 (where the GRACE terrestrial
water storage data became available) to January 2022, as described
previously, leveraging the spatial and temporal variability of the
diagnostic ET products. Basin-specific trends were analyzed using
Sen’s slope for observed, calibrated, and validated ET. Model valida-
tion was carried out using fivefold cross-validation to assess robust-
ness. This means that all the samples were randomly split into five
groups, each one of the five groups was, in turn, left out for cross-
validation with the other four groups used for training model. In
this way, all the five groups were looped, and all the samples for the
183 basins were then used for cross-validation. The optimized RF
model achieved high r values (reported between observed and sim-
ulated trends) and improved diagnostic ET accuracy, demonstrating
effective integration of multisource ET data and geospatial attributes
for large-scale hydrological modeling (figs. S2 to S7). The optimized
RF model was lastly used for simulations in all large river basins
across global land area (excluding Greenland and Antarctica), enabling
a comprehensive analysis of global ET trends. Figure S20 summarizes
data preparation, training, and simulation of the RF machine learn-
ing model for annual ET at a basin scale.

Attribution analysis

We explored three drivers for attribution analysis, including two
atmospheric variables [(i) Pr (millimeters per year) and (ii) PET
(millimeters per year)] and one land surface variable [LAI (unitless
being square meters of green leaf per square meter of ground)]. These
three drivers are key to influence ET changes because Pr, PET, and
LAI represent water supply, water demand, land vegetation condition,
respectively (11, 21). The temporal resolution for the three drivers is
the same as the simulated ET. Pr and PET were aggregated to annual
scales. PET was calculated using Shuttleworth’s simplification (75) of
Penman 1948 Equation

A . y 6.43(140.536U,)D

PET = +
A+y " A4y A

2

where A is the slope of the saturation vapor pressure curve to air tem-
perature (kilopascals per degree Celsius), y is the psychrometric constant
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(kilopascals per degree Celsius), R, is net radiation (millimeters per
day), A is the latent heat of vaporization (megajoules per kilogram), U,
is wind speed at 2-m height (meters per second), and D is vapor
pressure deficit (kilopascals).

The input data for calculating PET include incoming solar radiation,
incoming longwave radiation, vapor pressured deficit, wind speed, and
air temperature that were generated from GLDAS-2.1 product (76) and
albedo. The albedo and LAI time series data were obtained from the
MODIS MCD43A3 and MOD15A2H products, respectively. Before
their use, the raw albedo time series were gap filled by linear interpola-
tion, whereas LAI time series were smoothed by Google Earth Engine
Whittaker smoother (77). To address uncertainty, three precipitation
products (CRU, GPCP, and MSWEP) were averaged and then analyzed
with other drivers for the final attribution. Model performance was as-
sessed using basin-specific R” values (fig. $21). In 95% of the 232 river
basins, the three variables explain more than 87% of ET anomalies in
2000-2022, demonstrating robustness of our method.

We quantified contributions of the three drivers to global ET trends
using a generalized additive model (GAM) (78) coupled with Shapley
additive explanations (SHAP) (28, 79, 80). The approach of GAM cou-
pled with SHAP ensures an interpretable decomposition of the ET
response to individual predictors while accounting for nonlinear de-
pendencies. Before applying the GAM and SHAP, we first standardized
all inputs (X°™,i = 1,2, ---,8) and ET (ET""™) time series using

Xi— Hx,

and ETPO™ — ET - HeT

3)

xnorm _
i T s
X

i

OET

where py and pgr are the long-term means of driver X; and ET, re-
spectively; 6y and oy are the SD of driver X; and ET, respectively;
and n is the total number of inputs. This normalization ensures that
all variables are dimensionless, improving stability of the following
analysis. We then applied for a collinear screening to ensure the reli-
ability and interpretability of our results. For the collinearity analysis,
the variance inflation factor (VIF) for all drivers at the basin scale was
calculated (81). Drivers with VIF > 5 were removed and all retained
variables satisfied VIF < 5. If there is only one driver remaining after
VIEF filtering, then the two drivers with the highest interannual vari-
ances were selected to ensure robustness in attribution.

After these two processes, we implemented GAM and SHAP anal-
ysis. In the GAM model, annual ET is taken as a function of multiple
climate and land surface predictors

ET=po+ X fi(X;) +e (4)
i=1

where ET is the predicted annual ET for a basin, f,(-) represents the
smooth function of predictor X; (e.g., T, and LAI), By is the intercept
term, € is the residual error, and # is the total number of predictors
(e.g., three used here).

SHAP values ¢, provide a game-theoretic estimate of each pre-
dictor’s impact

ET=dp+ Y ¢ (5)
i=1

where ¢; represents the contribution of driver X; to ET and (o is the
baseline ET prediction. To analyze long-term trends, we calculated
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SHAP values obtained using the moving annual window and for
each predictor X;.

To determine trends of the SHAP values, we apply Sen’s slope esti-
mator to the time series of moving annual SHAP values

(I)i,tz - (bi,t1

2 1

S = mean< (6)

> Y <t
where S; represents the trend of SHAP values for driver X; and t, and
t; are two consecutive time points with f, — #; representing the time
interval (e.g., 1 month) between them. The relative contribution C;
of each driver is lastly computed as

ISi|
——— X 100%

- n
Dl
i=1

This formulation ensures that the dominant drivers of ET are iden-
tified on the basis of their contribution to long-term ET trends.

C =

1

@)

Emergent constraint approach

We used the emergent constraint framework, a widely used ap-
proach in Earth sciences (23, 36-38), to reduce uncertainties in
future projections of ET. This approach leverages the relationship
between observable short-term trends (2000-2022) and long-term
future changes (2025-2050 relative to 1980-2014) across an ensem-
ble of ESMs. The underlying physical basis for this constraint is that
models exhibiting realistic historical ET trends are more likely to
produce reliable future projections.

For each ESM, we calculated hemispheric and global ET trends
during 2000-2022 using Sen’s slope estimator. These trends served
as the predictor variable (x), whereas the corresponding future ET
changes (AET) represented the predictand (y). A linear regression
model y = Bo + Pix was fitted to the ESM ensemble. Observed ET
trends (xobs = 1 SDops) were then used to constrain future AET pro-
jections through the relationship

j/\ = ﬁO + ﬁlxobs (8)
with total uncertainty e, = \/ (SDopbs” + RMSE?), where RMSE is the

regression root mean square error from ESM-output relationship.
The reasoning for Eq. 8 is that the SD generated from observation-
constrained trend in historical period of 2000-2022 is independent
from the error produced from ESMs scatter plotting (23). Therefore,
their total uncertainty can be combined by SD,ps and RMSE (82).

ENSO’s influence on ET anomalies

We quantified ENSO’s impact on ET anomalies using the Nifio 3.4 in-
dex (2000-2022) (35). Strong ENSO events were included (|Nifo 3.4
> 0.5). Pearson correlations were used to identify the relationship
between ENSO and annual ET after anomaly calculation at basin and
hemispheric scales.

Trend analysis and significance test

For all trends analysis here, we applied the Sen’s slope estimator and
the Mann-Kendall (MK) test. Sen’s slope provides a robust estimate
of the trend magnitude, whereas the MK test evaluates the statistical
significance of the trend. Trends were classified as increasing, de-
creasing, or no trend based on the slope direction and significance
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levels (P < 0.05). We used the “mean” instead of the “median” in
Eq. 6 to estimate trends, ensuring that the trends are mathemati-
cally balanced, that is, the sum of area-weighted hemispheric ET
trends equals the global trend.

Supplementary Materials
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