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Abstract. Vapor pressure deficit (VPD) has been widely
recognized as a key driver of uncertainty in future global
evapotranspiration (E) trends. Accurately characterizing the
spatiotemporal dynamics of VPD and elucidating its influ-
ence on terrestrial E are critical for understanding land–
atmosphere water and energy feedback processes under cli-
mate warming. However, previous studies have largely fo-
cused on the physiological regulation of plant transpiration
(Et) at the leaf or canopy scale, leaving the quantitative un-
derstanding of VPD–E interactions at the global scale in-
complete. By integrating multi-source remote sensing prod-
ucts and reanalysis datasets, this study quantitatively eval-
uates the role of VPD in regulating global terrestrial E
variability. The main findings are as follows: (1) Approxi-
mately 60.7 % of global land area exhibits positive appar-
ent sensitivity of E to VPD, with a global mean sensitivity
of 293.3± 62.3 mm hPa−1, and stronger responses observed
in warm and humid regions. (2) VPD is positively corre-
lated with Et overall, particularly in mid-to-high latitudes of
the Northern Hemisphere, whereas its correlation with bare
soil evaporation (Eb) is weaker and tends to be negative in
water-limited regions. (3) The VPD–E relationship exhibits
a pronounced aridity-dependent threshold, which decreases
progressively from arid (1.90 kPa) and semi-arid (1.46 kPa)
regions to semi-humid (0.49 kPa) and humid (0.47 kPa) re-
gions. Further path analysis reveals that VPD regulates E
through interconnected pathways involving atmospheric de-

mand, soil moisture, vegetation physiology, and energy sup-
ply, with an overall negative net effect on E. This study clar-
ifies the dominant pathways and regional heterogeneity of
VPD–E interactions at the global scale, providing quantita-
tive constraints for predicting the response of the terrestrial
water cycle to increasing atmospheric aridity.

1 Introduction

Vapor pressure deficit (VPD) has been rising at an unprece-
dented rate, emerging as one of the core variables driving
global land drying and vegetation moisture stress under cli-
mate warming (Hermann et al., 2024). As a combined mea-
sure of temperature and relative humidity (Shih et al., 2025),
the increase of VPD directly reflects the stronger atmospheric
demand for water, which in turn strongly influences stomatal
conductance, photosynthetic rate, and vegetation evapotran-
spiration (Chai et al., 2025; Miner et al., 2017). Many studies
have shown that VPD has become a key variable linking the
carbon–water cycle, ecosystem water use efficiency, and ex-
treme climate events such as heat waves and droughts (Her-
mann et al., 2024). Under global warming, terrestrial ecosys-
tems are facing “dual stress”: on the one hand, rising VPD
intensifies water shortage; on the other hand, traditional cli-
mate models struggle to reproduce its nonlinear feedbacks,
thereby creating substantial uncertainty in predicting future
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carbon–water cycle trends (Kim and Johnson, 2025). There-
fore, a clear understanding of how VPD changes regulate
global evapotranspiration (E) is not only of scientific value
but also of great practical significance for ecosystem adapta-
tion to climate change.

Current research on terrestrial E relies on long-term ob-
servations and multi-source models to characterize its spa-
tiotemporal variability and drivers (Bai et al., 2025; Yi et al.,
2024; Zhang et al., 2016). Eddy covariance (EC) provides
the most direct (Zahn et al., 2022), high-frequency measure-
ments of water, energy, and CO2 fluxes between the land
surface and the atmosphere, and the global FLUXNET net-
work supplies essential cross-ecosystem constraints on sur-
face exchange processes (Mauder et al., 2024). The Penman–
Monteith framework has become a standard for regional-to-
global E estimation, especially for diagnosing meteorolog-
ical control of potential evaporation (Renner et al., 2019;
Yang et al., 2017). With the rise of satellite remote sens-
ing, energy-balance models such as SEBAL and SEBS use
land-surface temperature and radiative fluxes to retrieve spa-
tially explicit E, supporting basin hydrology, crop water-use
assessment, and drought monitoring (Wang et al., 2025b).
In parallel, land data assimilation systems (e.g., GLDAS,
ERA5-Land) combine multi-source observations with land-
surface models to produce physically consistent, temporally
continuous global E fields (Miralles et al., 2011), thereby
supporting climate simulations and energy–water budget clo-
sure analyses (Xia et al., 2019; Xu et al., 2024). More re-
cently, machine-learning and data-fusion approaches (e.g.,
FLUXCOM, GLEAM) have increased effective resolution
and improved partitioning of E components, enabling rep-
resentation of nonlinear land–atmosphere interactions across
diverse climates (Duque-Gardeazabal et al., 2025; Xu et al.,
2018). The latest research further indicates that ignoring the
land–atmosphere feedback would lead to a significant over-
estimation of the climate-driven increase in E (Zhou and Yu,
2025).

Although higher global CO2 concentrations should theo-
retically improve vegetation water use efficiency (WUE) (Pe-
ters et al., 2018), recent studies combining FLUXNET flux
observations with machine learning have shown that global
WUE has tended to level off since 2000. This slowdown is
mainly due to the “asymmetric effect” of VPD on photosyn-
thesis and E—while VPD promotes E, it suppresses carbon
assimilation, thus offsetting the CO2 fertilization effect (Li et
al., 2023a). In non-peatland areas, higher VPD generally lim-
its vegetation growth and reduces carbon sink capacity. How-
ever, in high-water-level environments such as peatlands, this
effect may be weakened or even reversed by the “open wa-
ter strategy” (Chen et al., 2023; Yuan et al., 2019). Together,
these findings highlight that VPD is not only a driver of E
but also an important regulator in the carbon–water coupling
process. Yet, the spatial differences in the global VPD–E re-
lationship and its driving mechanisms remain poorly under-

stood, and the specific pathways through which VPD oper-
ates under multi-factor interactions are still unclear.

In recent years, empirical research on the relationship be-
tween VPD and E has steadily expanded. At the micro-
scopic scale, there is a daily lag between vegetation transpi-
ration and VPD, with the size of the lag depending on the
radiation–VPD delay. Both plant and soil water potential are
key factors regulating this lagged E–VPD relationship, espe-
cially when soil moisture declines (Zhang et al., 2014). At
the macroscopic scale, in arid regions, the persistent rise in
VPD combined with soil drought restricts E, causing vegeta-
tion wilting and ecosystem degradation (Wang et al., 2025a).
By contrast, in tropical rainforests where soil water is rela-
tively abundant, although higher VPD induces stomatal clo-
sure, leaf renewal during the dry season can boost short-term
carbon sequestration (Kumagai et al., 2009; Lebrija-Trejos
et al., 2023). These contrasting responses indicate that the
influence of VPD on E is shaped by aridity zones, soil wa-
ter availability, vegetation types, and even human activities
(Zhuang et al., 2021). Therefore, understanding the nonlin-
earities, threshold effects, and multi-factor interactions in
this relationship has become a major challenge in Earth sys-
tem science (Hsu and Dirmeyer, 2021). Although some stud-
ies have tried to explain this relationship using statistical or
process-based models, the lack of quantitative identification
of VPD pathways remains a key limitation for improving pre-
dictive capability.

Against this background, this study explores how VPD in-
fluences E across different land surfaces and AI-based arid-
ity zones worldwide. The analysis was conducted for the
period of 1981–2020, during which global satellite obser-
vations, reanalysis products, and land-surface datasets are
available with relatively consistent temporal coverage. This
period also captures substantial climate variability and in-
creasing atmospheric dryness under global warming, en-
abling an assessment of long-term VPD–E interactions at the
global scale. Specifically, we used VPD and E data derived
from multiple remote sensing sources to examine the global
response of E to VPD changes during this period. The re-
search focuses on the following scientific questions: (1) How
does VPD influence global terrestrial E? (2) How does VPD
affect the spatial and temporal heterogeneity of global E?
(3) What are the implications of the rapid rise of VPD under
global warming for land–atmosphere feedback? Addressing
these questions will not only improve our understanding of
the mechanisms by which VPD regulates E but also provide
a stronger basis for developing targeted global climate adap-
tation strategies.
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2 Data and Methods

2.1 Data Sources

Evapotranspiration (E) data used in this study were obtained
from the Global Land Evaporation Amsterdam Model prod-
uct (GLEAM v4.2a) (Miralles et al., 2025). This product
provides not only total evapotranspiration, but also its ma-
jor components, including transpiration (Et) and bare-soil
evaporation (Eb). It has been widely used in studies of the
global water cycle. In GLEAM v4.2a, E is estimated based
on the Penman-Monteith framework, in which vapor pres-
sure deficit (VPD) is included as an important atmospheric
driver. The main VPD dataset in this study was calculated
from monthly 2 m air temperature (Ta) and dew point tem-
perature (Td) from the ERA5-Land reanalysis (Copernicus
Climate Change Service, 2019). This choice ensures good
consistency with the VPD forcing used in GLEAM, because
the VPD input in GLEAM is derived from MSWX Ta and
Td, and the MSWX dataset is itself a bias-corrected product
partly based on ERA5-Land. In addition to Ta and Td, pre-
cipitation (Pre) and surface solar radiation (SR) were also
taken from ERA5-Land. Root-zone soil moisture (SMrz) and
surface soil moisture (SMs) were both obtained from the
GLEAM product, in order to keep the soil water variables
consistent with the evapotranspiration estimates and compo-
nent partitioning used in this study. To assess the robustness
of the main results, we further introduced one independent
VPD dataset and one independent evapotranspiration dataset
for cross-validation. The independent VPD dataset was de-
rived from monthly near-surface air temperature (TMP) and
vapor pressure (VAP) from CRU TS v4.09, and VPD was cal-
culated following the method described by Xu et al. (2024).
The independent evapotranspiration dataset was taken from
the P-LSHv2 product, which is a multi-decadal global evap-
otranspiration dataset with explicit soil moisture constraints
(Feng et al., 2025). These two independent datasets were
used only for robustness evaluation and cross-validation of
the main ERA5-Land- and GLEAM-based results, rather
than for the primary analysis itself (Fig. S1 in the Supple-
ment).

Land-use data were obtained from the MCD12C1 version
6.1 product on the Google Earth Engine platform, which pro-
vides annual land-cover classification at a spatial resolution
of 0.05° (Friedl and Sulla-Menashe, 2022). In this study, the
original land-cover classes were further grouped into broader
categories for analysis. Leaf area index (LAI) data were
taken from the GIMMS LAI V1.2 dataset (Cao et al., 2023a),
which has good temporal consistency and has been evaluated
against field measurements and Landsat-based LAI samples.
Elevation data were obtained from the WorldClim elevation
dataset and were used as an auxiliary geographic variable
in the analysis (Fick and Hijmans, 2017). According to the
aridity index (AI), global land areas were divided into four

classes: arid, semi-arid, semi-humid, and humid regions (Lin
et al., 2025).

2.2 Methods

2.2.1 Trend Analysis of Raster Data Using the
Theil-Sen Slope and Mann-Kendall Test

The Mann-Kendall trend test was used to analyze the chang-
ing trends and significance of VPD andE globally from 1981
to 2020 (Mann, 1945), and the Theil-Sen slope was used to
quantify the magnitudes of the changing trends of the two
(Sen, 1968). This method determines the monotonic trend of
a sequence by calculating the test statistic S (Eq. 2) and its
symbolic function Sgn (Eq. 3), where β > 0 indicates that
the sequence has an upward trend (Eq. 1). The significance
of the trend is evaluated by the test statistic Z (Eq. 4), and
the Z value is calculated based on S and its Var(S) (Eq. 5).
This method has no strict requirements for the distribution of
data and belongs to non-parametric test methods. It has been
widely used in the analysis of time series and can well reflect
the changes of VPD and E. The equation is as follows:

β =Median
(
xj − xi

j − i

)
∀j > i| (1)

Median() represents the calculation of the median value.
When β is greater than 0, it indicates an increasing trend in
the research subject.

The test statistic S is calculated as follows:

S =

n∑
i=1

n∑
j=i+1

sgn
(
xj − xi

)
(2)

where Sgn() is the sign function, calculated as:

Sgn
(
xj − xi

)
=

 1 xj − xi > 0
0 xj − xi = 0
−1 xj − xi < 0

(3)

The trend significance is evaluated using the test statistic Z,
which is computed as follows:

Z =


S

√
Var(S)

S > 0
0 S = 0
S+1
√

Var(S)
S < 0

(4)

where Var (variance) is computed as:

Var(S)=
n(n− 1)(2n+ 5)

18
. (5)

where n represents the number of data points in the sequence.
When the absolute value of Z exceeds specific thresholds

(1.64, 1.96, or 2.58), it indicates that the time series passes
the significance test at confidence levels of 90 %, 95 %, and
99 %, respectively. Using a two-tailed trend test, the critical
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value Z(1−α/2) is obtained from the normal distribution ta-
ble under a given significance level. When |Z| ≤ Z(1−α/2),
the null hypothesis is accepted, indicating no significant
trend; when |Z|> Z(1−α/2), the null hypothesis is rejected,
indicating a significant trend.

2.2.2 Estimation of E Sensitivity to VPD

Due to the complex bidirectional interactions between local
background climate and varying E conditions across differ-
ent scales, this study adopts a moving window strategy in-
spired by the “space-for-time” approach to calculate the sen-
sitivity of E to VPD (dE/dVPD) (Li et al., 2023b). The core
assumption of this approach is that the target pixel and quali-
fied neighboring pixels share broadly similar background cli-
matic and surface conditions within a local window. There-
fore, spatial differences in E and VPD among these screened
pixels can be used to estimate the apparent local sensitivity
of E to VPD (Li et al., 2024). This estimate should not be
interpreted as a fully isolated causal effect of VPD, because
local VPD gradients may still be influenced by mesoscale
atmospheric dynamics, topography, land-sea contrasts, and
other unresolved surface heterogeneity. To reduce these con-
founding effects, candidate pixels were retained only when
they shared the same dominant MODIS land-cover type as
the target pixel, differed by < 10 % in dominant-type frac-
tional cover, and had an elevation difference of< 100 m from
the target pixel.

This study applies a spatial moving-window strategy to es-
timate (dE/dVPD) values (Zhao and Feng, 2024). All anal-
yses were conducted on a common 0.1° grid, corresponding
to the native spatial resolution of both the ERA5-Land VPD
data and the GLEAM evaporation data used in this study.
For each target pixel, candidate comparison samples were se-
lected from surrounding pixels within a 5× 5 grid-cell mov-
ing window, i.e., a neighborhood of 0.5°× 0.5° centered on
the target pixel. To reduce the influence of surface hetero-
geneity, only pixels sharing the same dominant land-cover
type as the target pixel were retained, and the difference in
dominant land-cover fraction was required to be less than
10 % according to the MODIS MCD12C1 land-cover prod-
uct. In addition, pixels with an elevation difference greater
than 100 m from the target pixel were excluded to minimize
topographic effects. The sensitivity for each target pixel was
then estimated from the relationship between E differences
and VPD differences between all qualified neighboring pix-
els and the target pixel. In this procedure, the nonparametric
Theil-Sen slope estimator was used to reduce the influence
of skewed sample distributions and outliers.

slope=median
(
yi − yj

xi − xj

)
(6)

Here x and y indicate the E and VPD differences; i and j
are the geolocations of samples within the moving window.
The unit of (dE/dVPD) is mm hPa−1. Positive values indi-

cate that E tends to be higher in locations with higher VPD
within the local window, whereas negative values indicate
that E tends to be lower in locations with higher VPD. The
Theil-Sen slope estimator adopts the median value of a range
of possible slopes and is therefore insensitive to statistical
outliers.

2.2.3 Detrending and Partial Correlation Analysis

We analyzed the relationships between VPD and two evap-
otranspiration components, namely Et and Eb, at the pixel
scale. We first calculated annual anomalies for each vari-
able by removing the multi-year mean during 1981–2020.
We then removed the linear trend from each anomaly series
to focus on interannual variability (Zantout et al., 2025).

We used partial correlation analysis to quantify the rela-
tionship between VPD and Et or Eb after accounting for the
effects of water supply (Li et al., 2026). For the VPD–Et
analysis, we controlled for SMrz and Pre. For the VPD–Eb
analysis, we controlled for SMs and Pre. We calculated the
partial correlation coefficient for each pixel using a residual-
based method (Rahmani et al., 2026). In this method, we
first regressed VPD and the target evaporation component
against the control variables, respectively. We then calculated
the Pearson correlation coefficient between the two residual
series. The partial correlation coefficient was expressed as:

rxy·z = corr
(
ex,ey

)
(7)

where x is VPD, y isEt orEb, and z is the set of control vari-
ables. ex and ey are the residuals after removing the effects
of z. We calculated the associated p-value for each pixel and
considered correlations with p < 0.05 as statistically signif-
icant. The spatial distribution of statistically significant cor-
relations was indicated by hatching in the corresponding cor-
relation maps. We retained only pixels with at least 20 valid
yearly observations. We also calculated the global annual
mean series of VPD, E, Et, and Eb over valid land pixels
for 1981–2020 to describe their interannual variability.

2.2.4 Threshold Detection Using Piecewise Linear
Regression and Generalized Additive Models
(GAM)

We used piecewise linear regression and GAM to exam-
ine the nonlinear relationship between VPD and E and to
identify possible threshold behavior. Piecewise linear regres-
sion is useful when the relationship between two variables
changes across different intervals of the predictor, because
it can estimate both the breakpoint location and the slopes
on each side of the breakpoint (Yu et al., 2024). GAMs are
flexible regression models that can describe nonlinear rela-
tionships by fitting smooth functions to the predictor with-
out imposing a fixed functional form (Brunner and Naveau,
2023).
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We first removed extreme values to reduce the influence of
outliers. For both VPD andE, values below the 1st percentile
and above the 99th percentile were excluded. We then ana-
lyzed the VPD–E relationship at the global scale and within
different climate dryness classes to assess regional differ-
ences in nonlinearity and threshold behavior. For the piece-
wise regression analysis, we treated VPD as the independent
variable and E as the dependent variable. We tested both a
one-breakpoint model and a two-breakpoint model. The one-
breakpoint model can be written as:

y =

{
k1x+ b1, x ≤ x0
k2(x− x0)+ k1x0+ b1, x > x0

(8)

where x is VPD, y is E, x0 is the breakpoint, k1 and k2 are
the slopes before and after the breakpoint, and 1 is the inter-
cept. The two-breakpoint model extends this form by allow-
ing two turning points and three linear segments. This model
was used to test whether the VPD–E relationship contains
more than one transition point. We also fitted a GAM to the
same data:

y = β0+ f (x)+ ε (9)

where f (x) is a smooth spline function of VPD, β0 is the
intercept, and ε is the residual error. We used the GAM to
provide an independent description of the nonlinear VPD–E
relationship and to check whether the threshold-like behavior
inferred from the piecewise models was robust.

We compared model performance using the coefficient of
determination (R2), root mean square error (RMSE), and cor-
rected Akaike information criterion (AICc) (Qiu et al., 2025).
1AICc was used to evaluate whether the two-breakpoint
model improved the fit relative to the one-breakpoint model.
We then used the comparison among the one-breakpoint
model, the two-breakpoint model, and the GAM to deter-
mine whether a single threshold was sufficient to describe
the VPD–E relationship, or whether a more complex non-
linear form was needed. The GAM curve was also used as a
reference to evaluate the stability of the breakpoint inferred
from the piecewise regression.

2.2.5 Quantifying the Influence of VPD on E Under
Multi-Factor Coupling Using Structural
Equation Modeling (SEM)

To elucidate the direct and indirect pathways of VPD on
E under the coupling effects of multiple factors, this study
used SEM to quantify the path relationships among atmo-
spheric moisture demand, water supply, vegetation state, en-
ergy availability, and evapotranspiration. SEM, as a multi-
variate statistical path analysis tool, is widely utilized in eco-
hydrological systems to identify and disentangle complex
inter-variable relationships, enabling simultaneous estima-
tion of direct effects of multiple independent variables on a
dependent variable, indirect effects mediated through inter-
vening variables, and total effects (Guo et al., 2025). Here,

SEM was used to test whether the observed VPD–E rela-
tionships were consistent with coupled ecohydrological path-
ways.

The variables included E, VPD, SMrz, LAI, T , Pre, and
SR. For each aridity zone, all variables were first spatially
averaged to obtain monthly regional time series. Therefore,
the unit of analysis was the monthly regional-mean anomaly
within each aridity zone. The model data were based on
multi-source remote sensing and reanalysis products from
1982 to 2020. To reduce confounding from the seasonal
cycle, we removed the 1982–2020 climatological monthly
mean from each monthly time series and then standardized
the deseasonalized anomalies using z-scores. Separate SEMs
were fitted for arid, semi-arid, semi-humid, and humid re-
gions to account for the climatic dependence of VPD–E re-
lationships.

During the model construction process, T , Pre, and SR
were treated as exogenous climatic drivers because they di-
rectly regulate atmospheric moisture demand. SMrz was in-
cluded as an intermediate water-supply variable influenced
by atmospheric dryness and background climatic conditions.
LAI was included as a vegetation-state variable jointly asso-
ciated with atmospheric moisture demand, soil-water avail-
ability, and climatic controls. E was specified as the final re-
sponse variable, jointly regulated by atmospheric moisture
demand, root-zone soil moisture, vegetation state, tempera-
ture, precipitation, and surface solar radiation. Correlations
among the exogenous climatic variables, including T , Pre,
and SR, were allowed in the SEM to account for their covari-
ation.

A restricted SEM excluding the direct statistical asso-
ciation between VPD and LAI was first tested. Directed-
separation tests indicated that a residual association between
VPD and LAI remained after controlling for SMrz, T , Pre,
and SR. Therefore, this association was retained in the fi-
nal SEM. However, it was interpreted as a statistical control
pathway rather than direct evidence that elevated VPD phys-
iologically promotes LAI development. We used the “piece-
wiseSEM” package to build the path model and extracted
standardized path coefficients (Std.Estimate) using the “co-
efs” function. Indirect effects were calculated by multiply-
ing standardized coefficients along each mediation pathway,
and total effects were obtained by summing direct and in-
direct effects. Model diagnostics and model comparison be-
tween the restricted and full SEMs are summarized in Table
S1. Fisher’s C and AIC were used to diagnose the restricted
SEMs. After retaining the residual VPD-LAI association, the
final full SEMs became saturated models and therefore had
no remaining independence claims for Fisher’s C tests. Ac-
cordingly, the final SEM interpretation was based on stan-
dardized path coefficients, R2 values, effect decomposition,
and AIC comparison between the restricted and full SEMs.
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3 Results

3.1 Spatiotemporal Patterns of VPD and E

From 1981 to 2020, terrestrial VPD increased markedly at
the global scale (0.002 kPa yr−1), but with pronounced spa-
tial heterogeneity (Fig. 1a). The strongest VPD increases
were mainly observed in southwestern North America, cen-
tral Africa, parts of Central Asia, and eastern Australia.
Broad increases were also found across northern Eurasia and
parts of East Asia (Fig. 1a). The global land monthly cli-
matology showed a pronounced seasonal cycle, with mean
VPD increasing from 0.65 kPa in January to a maximum of
1.18 kPa in July, followed by a gradual decline to 0.65 kPa in
December (Fig. 1b).

By contrast, terrestrial E showed a more spatially het-
erogeneous trend pattern (Fig. 1c). Positive trends occurred
across 68.9 % of the valid land pixels, while 31.1 % showed
negative trends. Increases in E were mainly observed in
East Asia, northern Europe, and some high-latitude regions,
whereas declines were concentrated in Africa, central South
America, southwestern North America, and eastern Australia
(Fig. 1c). The monthly climatology of E also exhibited a
clear seasonal cycle, with the lowest mean value in February
(32.4 mm per month) and the highest value in July (54.6 mm
per month) (Fig. 1d). Comparison of the spatial trend patterns
shows that some regions with pronounced VPD increases
coincided with declining E, whereas E generally increased
across many high-latitude regions despite relatively weaker
VPD increases.

3.2 Global Terrestrial E Response to VPD

The apparent sensitivity of terrestrial E to VPD showed pro-
nounced but spatially heterogeneous patterns at the global
scale (Fig. 2a). Overall, 60.7 % of land areas exhibited pos-
itive apparent sensitivity to VPD, with a global mean sen-
sitivity of 293.3± 62.3 mm hPa−1 (mean± spatial standard
deviation). Here, dE/dVPD denotes the moving-window-
based apparent local sensitivity of E to VPD, rather than
a regression-based interannual response. Spatially, negative
sensitivity was concentrated mainly in arid and cold regions,
whereas positive sensitivity dominated in relatively warm
and humid regions (Fig. 2a). The climatic dependence of
dE/dVPD is shown in Fig. 2b. Negative or weak sensitiv-
ity occurred mainly under dry climate conditions, especially
in warm and low-precipitation bins, whereas positive sensi-
tivity became more widespread in wetter bins and in many
cool-to-temperate bins. Overall, the apparent VPD–E rela-
tionship varied strongly along temperature and precipitation
gradients, but the pattern did not indicate a simple response
to temperature alone.

Across land-use types, we grouped the 16 original land-
cover categories into four major classes consistent with Figs.
3 and S2: vegetation, grassland, cropland, and barren land.

All classes generally showed positive apparent sensitivity to
VPD, but with clear differences in magnitude. The vegeta-
tion class showed the strongest sensitivity (405.3 mm hPa−1),
followed by grassland (342.3 mm hPa−1) and barren land
(200.4 mm hPa−1), whereas cropland showed the weakest
sensitivity (78.1 mm hPa−1). The latitudinal profiles further
show that positive sensitivity was generally greater in vege-
tation and grassland than in cropland and barren land. Taken
together, these results indicate that higher local VPD tended
to be associated with higher E in densely vegetated regions
under the moving-window estimate, while this apparent rela-
tionship was weaker in sparsely vegetated or managed crop-
land areas.

3.3 Global Patterns of the Relationships Between VPD
and Et and Eb

VPD and total E both showed clear interannual variability
during 1981–2020 (Fig. 4a, b). At the global scale, their an-
nual mean series showed broadly consistent interannual vari-
ations, especially after 2000. Et showed relatively coherent
interannual variations, whereas Eb exhibited stronger fluctu-
ations (Fig. 4c, d).

After controlling for SMrz and Pre, VPD showed mainly
positive partial correlations with Et across global land areas
(Fig. 5a). Significant positive correlations (p < 0.05) were
mainly distributed across the Northern Hemisphere, partic-
ularly in North America, Europe, and northern Asia. Posi-
tive partial correlations were observed in 65.8 % of valid pix-
els. Positive correlations also occurred in parts of East Asia,
South America, and tropical regions, whereas negative cor-
relations were limited and spatially scattered. Overall, after
reducing the effects of water supply, VPD remained posi-
tively associated with Et across most land regions, especially
in northern extratropical areas. After controlling for SMs and
Pre, VPD showed a weaker relationship withEb, with a more
heterogeneous spatial pattern (Fig. 5b). Significant negative
correlations (p < 0.05) were mainly concentrated in dry and
water-limited regions, including Australia, southern Africa,
and parts of central Asia. Negative partial correlations were
observed in 59.1 % of valid pixels. Negative correlations also
appeared in other low-latitude and subtropical regions, while
positive correlations occurred mainly in parts of Europe and
East Asia with scattered distributions elsewhere.

3.4 Threshold Effects and the Universality of
Nonlinearity

The nonlinear relationship between VPD and E varied
clearly across AI-based aridity zones (Fig. 6). We compared
the one-breakpoint piecewise model, the two-breakpoint
piecewise model, and the GAM to identify the dominant tran-
sition points in the VPD–E relationship. The one-breakpoint
model was used for the main threshold estimates because the
two-breakpoint model did not show a clear improvement in
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Figure 1. Spatial trends and seasonal cycles of terrestrial VPD and E during 1981–2020. (a) Sen’s slope of VPD. Red colors indicate
increasing trends, and blue colors indicate decreasing trends. Hatched areas indicate trends significant at p < 0.05. The inset shows the
percentages of valid land pixels with positive and negative VPD trends. (b) Global land monthly climatology of VPD during 1981–2020.
Bars represent the climatological monthly means, circles indicate the corresponding mean values, and error bars represent ±1 standard
deviation (SD) across years. (c) Sen’s slope of terrestrial E. Red colors indicate increasing trends, and blue colors indicate decreasing trends.
Hatched areas indicate trends significant at p < 0.05. The inset shows the percentages of valid land pixels with positive and negative E
trends. (d) Global land monthly climatology of E during 1981–2020. Bars, circles, and error bars are defined as in (b). In the insets, orange
indicates positive trends and blue indicates negative trends.

Figure 2. Apparent sensitivity of terrestrialE to VPD during 1981–2020. (a) Spatial distribution of the sensitivity coefficient dE/dVPD. Red
colors indicate positive apparent sensitivity, and blue colors indicate negative apparent sensitivity. (b) Variation in dE/dVPD across climate
gradients. The x-axis represents mean annual precipitation during 1981–2020, and the y-axis represents mean annual air temperature during
1981–2020. Each climate bin contains valid land pixels within a given T -Pre range, and the color shows the area-weighted mean dE/dVPD.
Values with precipitation greater than 2000 mm yr−1 were included in the last precipitation bin. The unit of dE/dVPD is mm hPa−1.
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Figure 3. Latitudinal distribution of the apparent sensitivity of terrestrial E to VPD during 1981–2020. Latitudinal profiles of dE/dVPD are
shown for all valid land pixels and different land-use classes. Solid lines represent the mean dE/dVPD within each latitude band, and shaded
areas represent the corresponding standard deviation. The unit of dE/dVPD is mm hPa−1.

model fit across the four aridity zones, based on 1AICc val-
ues (Figs. S3 and S6). The GAM curves also showed similar
nonlinear transition behavior, which supports the stability of
the one-breakpoint estimates.

The estimated thresholds showed a clear aridity gradi-
ent. The dominant transition point was highest in the arid
zone (1.90 kPa), followed by the semi-arid zone (1.46 kPa).
The thresholds were much lower in the semi-humid zone
(0.49 kPa) and humid zone (0.47 kPa). These results show
that the VPD–E relationship reached its main transition
at higher VPD in dry regions but at lower VPD in wet-
ter regions. Therefore, the thresholds reported here should
be interpreted as dominant transition points in the observed
nonlinear relationship, not as fixed ecological limits. The
model comparison among the one-breakpoint model, two-
breakpoint model, and GAM was used as a robustness check
for the threshold estimates.

4 Discussion

4.1 Ecohydrological Meaning of Aridity-Dependent
VPD Thresholds

The aridity-dependent thresholds suggest that the relation-
ship between VPD and E is jointly regulated by atmospheric
water demand and land water supply. VPD can enhanceE by
increasing atmospheric evaporative demand, but this effect
depends on whether sufficient water is available for soil evap-
oration and plant transpiration. When soil water becomes
limited, higher VPD may no longer lead to further increases
in E. Instead, it may intensify atmospheric drying and rein-
force water limitation by accelerating soil moisture depletion
and weakening land–atmosphere moisture feedbacks (Liu et
al., 2020).

In arid and semi-arid regions, the higher thresholds in-
dicate that the main transition in the VPD–E relationship
tends to occur only under stronger atmospheric demand. This
pattern is consistent with the fact that E in drylands is of-
ten constrained by water supply before atmospheric demand
becomes the dominant control. Therefore, as water limita-

Hydrol. Earth Syst. Sci., 30, 6249–6264, 2026 https://doi.org/10.5194/hess-30-6249-2026



Y. Miao et al.: VPD influence on global evapotranspiration 6257

Figure 4. Interannual variability of global mean annual anomalies of VPD and evapotranspiration components during 1981–2020. (a) Global
mean annual anomaly of vapor pressure deficit (VPD). The dashed line indicates the linear trend. (b) Global mean annual anomaly of total
evapotranspiration (E). The dashed line indicates the linear trend. (c) Global mean annual anomaly of transpiration (Et) over valid land
pixels. The dashed line indicates the linear trend. (d) Global mean annual anomaly of bare-soil evaporation (Eb) over valid land pixels. The
dashed line indicates the linear trend.

tion intensifies, dry regions may show weak or even negative
E responses to increasing VPD. Previous studies have also
shown that changes in dryland aridity are controlled by multi-
ple interacting factors, including precipitation, soil moisture,
vegetation activity, and atmospheric demand, rather than by
VPD alone (Lian et al., 2021). In humid and semi-humid re-
gions, the lower thresholds indicate that the VPD–E rela-
tionship can shift at relatively lower VPD levels (Li et al.,
2023a). These regions usually have greater water availabil-
ity, allowing E to respond more directly to atmospheric de-
mand. However, after the transition point, this response may
weaken because vegetation regulation, stomatal adjustment,
and declining near-surface humidity can limit further wa-
ter loss. Vegetation responses to climate forcing also vary
across hydroclimatic conditions, especially in humid, warm,
and forested ecosystems (Gao et al., 2024; Zhou et al., 2019).
Thus, the thresholds identified in this study should be inter-
preted as dominant transition points in the observed VPD–E
relationship, rather than as fixed ecological boundaries. Their
specific values may vary with vegetation type, soil water stor-
age, climatic background, and the data products used.

4.2 Mechanisms of VPD Regulation of E Under
Multi-Factor Coupling

The aridity-zone-specific SEM results indicate that VPD is
statistically associated with variations in terrestrialE through
linked atmospheric, soil-water, vegetation, and energy path-
ways. This relationship does not only reflect higher atmo-
spheric water demand. It also depends on soil water sup-
ply, canopy state, and energy conditions. The SEM structure
was built from known ecohydrological processes. The esti-
mated paths were generally consistent with this process ba-
sis. VPD was negatively related to SMrz in all aridity zones,
with standardized coefficients of −0.25, −0.61, −0.66, and
−0.53 in arid, semi-arid, semi-humid, and humid regions, re-
spectively (Fig. 7a–d). SMrz and LAI were generally posi-
tively related to E. These results suggest that soil water sup-
ply and canopy condition are important links between atmo-
spheric drying and actual evapotranspiration. The SEM re-
sults should still be interpreted as aridity-zone-scale statis-
tical pathways rather than direct causal effects at individual
pixels. Because SEM relies on a predefined directional struc-
ture, the estimated pathways describe the relative associa-
tions among climatic, hydrological, vegetation, and energy
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Figure 5. Spatial partial correlations between VPD and evapotranspiration components during 1981–2020. (a) Spatial distribution of partial
correlation coefficients between VPD and transpiration (Et) after controlling for root-zone soil moisture (SMrz) and precipitation (Pre). (b)
Spatial distribution of partial correlation coefficients between VPD and bare-soil evaporation (Eb) after controlling for surface soil moisture
(SMs) and precipitation (Pre). The partial correlations were calculated using detrended annual series, and hatched areas indicate regions with
statistically significant correlations (p < 0.05).

factors within the specified framework, but do not explic-
itly represent reciprocal feedbacks among evapotranspira-
tion, soil moisture, and atmospheric moisture. The restricted
and full SEM comparison also supported the retention of the
residual VPD-LAI association in the final model (Table S1).

The direct pathway of VPD to E differed clearly among
aridity zones. The effect was strongest and negative in arid
regions (standardized coefficient=−0.79; Fig. 7a). It was
also strongly negative in semi-arid regions (standardized co-
efficient=−0.55; Fig. 7b). The effect became weak and
non-significant in semi-humid regions (standardized coeffi-
cient=−0.06; Fig. 7c). The effect was weaker but still nega-
tive in humid regions (standardized coefficient=−0.23; Fig.
7d). This pattern suggests that the remaining direct VPD
path may represent statistical associations related to atmo-
spheric drying stress and vegetation regulation after T , Pre,
SR, SMrz, and LAI are included in the model. This path
should not be read only as the effect of higher evaporative de-
mand (Wang et al., 2025c). In water-limited regions, higher
VPD can increase atmospheric water demand and also in-
crease plant and soil water stress. These combined effects
may constrain actual E when soil water availability is lim-
ited. Previous studies also reported that E responses to VPD
depend on soil moisture, plant water regulation, and back-
ground dryness (Massmann et al., 2019; Zhang et al., 2023).

The effect decomposition further supports this climate-
dependent mechanism (Fig. S6). The total effect of VPD
on E was negative in all aridity zones. The negative ef-
fect was strongest in arid and semi-arid regions (standard-
ized total effect=−0.96 and −0.69). The effect was much
weaker in semi-humid and humid regions (standardized to-
tal effect=−0.06 and −0.14). The overall indirect effect of
VPD on E also varied among aridity zones. It was nega-
tive in arid, semi-arid, and semi-humid regions (standard-
ized indirect effect=−0.17, −0.14, and −0.01), but it be-
came positive in humid regions (standardized indirect ef-
fect= 0.08). This positive indirect effect in humid regions
likely reflects compensation from LAI-related and energy-
related pathways. LAI had positive effects on E in all arid-
ity zones, especially in semi-humid and humid regions (stan-
dardized coefficient= 0.50 and 0.38; Fig. 5c, d). However,
the positive remaining relation between VPD and LAI in
wetter regions should not be read as evidence that higher
VPD directly promotes vegetation growth (Yuan et al., 2019).
It more likely reflects remaining co-variation among atmo-
spheric dryness, radiation, temperature, and vegetation activ-
ity after soil water and climate factors are controlled (Zhang
et al., 2021). Overall, VPD regulation of E is climate depen-
dent. Its main mechanism lies in the joint effects of higher
atmospheric water demand, limited soil water supply, canopy
state, and energy conditions.
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Figure 6. Aridity-dependent thresholds in the nonlinear response of terrestrial evapotranspiration to vapor pressure deficit. (a–d) One-
breakpoint piecewise fits between VPD and E for the arid, semi-arid, humid, and semi-humid aridity zones, respectively. Points show annual
area-weighted means, coloured by sample density. Solid lines indicate fitted relationships, and dashed vertical lines indicate the estimated
VPD transition points. The AI-based aridity zones are shown in Fig. S5.

4.3 Implications of land–atmosphere Feedback Under
Future VPD Increase Scenarios

The projected increase in VPD is expected to further influ-
ence land–atmosphere interactions by modifying terrestrial
E, with potential consequences for regional to global water
cycling (Yuan et al., 2019). In the AI-based aridity zones,
the threshold analysis shows clear differences in how E may
respond under future VPD increase. In the arid and semi-
arid regions, the one-breakpoint thresholds are high (1.90
and 1.46 kPa, respectively). This interpretation is consistent
with the negative dE/dVPD areas shown in Fig. 2a and with
the Aridity-zone-specific SEM results, which showed neg-
ative statistical associations between VPD and SMrz across
all aridity zones, especially in semi-arid and semi-humid re-
gions. These results suggest that high VPD may be associated
with stronger water limitation in dry regions, which may con-
strain E.

In the humid and semi-humid regions, the thresholds are
much lower (0.47 and 0.49 kPa, respectively). This result
suggests that ecosystems in wetter regions may reach the

response transition under much lower VPD. These regions
may therefore experience earlier response transitions as at-
mospheric dryness continues to increase, even though E can
still rise with VPD over part of the observed range (Fig. 2a).
This contrast suggests that future VPD increases may lead
to different responses among climate zones, with humid and
semi-humid regions potentially reaching response transitions
earlier, while dry regions may experience stronger E sup-
pression once water limitation dominates. Such differences
may influence ecosystem vulnerability and alter water and
carbon cycling, especially in forests and water-limited agri-
cultural systems (Gentine et al., 2019; Will et al., 2013).

Collectively, the sustained rise in VPD may modify land–
atmosphere interactions and introduce additional uncertain-
ties into global water and carbon cycling (Gentine et al.,
2019). Climate models and risk assessments should therefore
better represent the threshold differences among arid, semi-
arid, semi-humid, and humid regions. These threshold differ-
ences also imply that adaptation measures should be region-
specific. Semi-humid and humid regions may need earlier
warning because of their lower thresholds, while arid regions
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Figure 7. Aridity-zone-specific structural equation models showing the pathways linking VPD and E under different hydroclimatic con-
ditions. Panels show the SEM results for (a) arid, (b) semi-arid, (c) semi-humid, and (d) humid regions. Numbers on arrows indicate
standardized path coefficients. Red and black arrows denote negative and positive path coefficients, respectively. Solid and dashed arrows
indicate significant and non-significant pathways, respectively. Significance levels are denoted as p < 0.05, p < 0.01, and p < 0.001. R2

values inside the boxes indicate the proportion of variance explained for each endogenous variable. Pre, precipitation; T , air temperature;
SR, surface solar radiation; VPD, vapor pressure deficit; LAI, leaf area index; SM, root-zone soil moisture; E, evapotranspiration. The resid-
ual association between VPD and LAI was retained as a statistical control pathway and should not be interpreted as direct physiological
evidence that elevated VPD promotes LAI development.

require stronger water-management measures under chronic
water limitation. Targeted water resource management and
ecological conservation measures are therefore needed to
strengthen ecosystem resilience and reduce the ecological
risks associated with rising VPD.

4.4 Uncertainties and Future Outlook

Data uncertainty remains an important limitation in this
study. First, our analysis relies on ERA5-Land reanalysis and
global E products. Although ERA5-Land provides broadly
consistent land-surface variables, it may still contain un-
certainties in soil moisture, especially in arid regions. This
uncertainty can affect the inferred VPD–SMrz–E coupling.
This issue is relevant to our SEM because VPD was nega-
tively related to SMrz across all aridity zones. If soil mois-
ture is biased in dry regions, the estimated strength of the
SMrz-mediated pathway may also be affected. In this case,
part of the VPD effect on E may be attributed differently
between the direct VPD–E path and the indirect pathway
through SMrz. Second, currently available E products still
show substantial discrepancies in long-term means, tempo-

ral trends, and spatial patterns. Multi-product assessments
have shown that annual E estimates can differ by nearly
50 % across products, with even larger disagreement in re-
gional trends. In addition, the partitioning of total E into
transpiration, interception evaporation, and soil evaporation
remains highly uncertain among products, which may further
affect the estimated magnitude and pathways of VPD regu-
lation. Recent evidence also suggests that biases in E trends
can propagate into simulations of near-surface humidity de-
cline and atmospheric drying, implying that E uncertainty
can influence not only flux estimates themselves but also the
interpretation of land–atmosphere feedbacks. Therefore, the
quantitative results reported here should be interpreted with
caution, as they remain constrained by differences in input
data quality, product algorithms, and E component partition-
ing schemes. Methodological uncertainty also deserves at-
tention. In this study, threshold estimates describe the main
transition in the observed VPD–E relationship but should
not be treated as exact ecological thresholds. Their values
may be affected by model choice and data uncertainty. In
addition, the SEM framework represents directional statis-
tical pathways and does not explicitly capture bidirectional
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land–atmosphere feedbacks among E, soil moisture, and at-
mospheric moisture. Future work should use more observa-
tions and more flexible nonlinear methods to better constrain
the threshold behavior of E under rising VPD.

5 Conclusion

This study used multi-source remote sensing and reanalysis
data from 1981 to 2020 to examine how global terrestrial E
responds to VPD. The results show that terrestrial VPD in-
creased widely during the study period, with positive trends
in 92.9 % of global land areas. In contrast, changes in E
were more spatially uneven. Global mean E increased only
slightly, and many regions with rapid VPD increases showed
declining E, especially in water-limited areas. At the global
scale, the apparent response of E to VPD showed clear spa-
tial differences. About 60.7 % of land areas showed positive
apparent sensitivity to VPD, with a global mean sensitivity
of 293.3± 62.3 mm hPa−1. Positive sensitivity was mainly
found in warm and humid regions, while negative sensitiv-
ity was mainly concentrated in arid and cold regions. Across
land-use types, the vegetation class showed the strongest ap-
parent sensitivity, while cropland showed the weakest re-
sponse. At the component level, VPD remained mainly pos-
itively related to transpiration after controlling for precipi-
tation and soil moisture, but its relationship with bare-soil
evaporation was weaker and more often negative in water-
limited regions. The VPD–E relationship also showed clear
nonlinear behavior across aridity zones. The dominant tran-
sition points were higher in arid and semi-arid regions, but
much lower in semi-humid and humid regions. This pattern
shows that long-term climate dryness strongly shapes the
way E responds to rising VPD. The Aridity-zone-specific
SEM results further show that VPD regulates E through
linked atmospheric, soil-water, vegetation, and energy path-
ways. VPD was negatively related to root-zone soil mois-
ture in all aridity zones, and its total effect on E was neg-
ative across all aridity zones, with stronger negative effects
in arid and semi-arid regions. Overall, this study shows that
the influence of VPD on terrestrial E is widespread but not
uniform. Its effect depends on climate background, land-
use type, evaporation component, soil water supply, canopy
state, and energy conditions. These results improve the un-
derstanding of how rising atmospheric dryness may affect
future land–atmosphere interactions and the global water cy-
cle.
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