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Abstract: Vapor pressure deficit (VPD) has been widely recognized as a key driver of15

uncertainty in future global evapotranspiration (E) trends. Accurately characterizing the16

spatiotemporal dynamics of VPD and elucidating its influence on terrestrial E are17

critical for understanding land–atmosphere water and energy feedback processes under18

climate warming. However, previous studies have largely focused on the physiological19

regulation of plant transpiration (Et) at the leaf or canopy scale, leaving the quantitative20

understanding of VPD–E interactions at the global scale incomplete. By integrating21

multi-source remote sensing products and reanalysis datasets, this study quantitatively22

evaluates the role of VPD in regulating global terrestrial E variability. The main23

findings are as follows: (1) Approximately 60.7% of global land area exhibits positive24

apparent sensitivity of E to VPD, with a global mean sensitivity of 293.3 ± 62.3 mm25

hPa⁻¹, and stronger responses observed in warm and humid regions. (2) VPD is26

positively correlated with Et overall, particularly in mid-to-high latitudes of the27

Northern Hemisphere, whereas its correlation with bare soil evaporation (Eb) is weaker28

and tends to be negative in water-limited regions. (3) The VPD–E relationship exhibits29
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a pronounced aridity-dependent threshold, which decreases progressively from arid30

(1.90 kPa) and semi-arid (1.46 kPa) regions to semi-humid (0.49 kPa) and humid (0.4731

kPa) regions. Further path analysis reveals that VPD regulates E through interconnected32

pathways involving atmospheric demand, soil moisture, vegetation physiology, and33

energy supply, with an overall negative net effect on E. This study clarifies the dominant34

pathways and regional heterogeneity of VPD–E interactions at the global scale,35

providing quantitative constraints for predicting the response of the terrestrial water36

cycle to increasing atmospheric aridity.37
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1. Introduction39

Vapor pressure deficit (VPD) has been rising at an unprecedented rate, emerging40

as one of the core variables driving global land drying and vegetation moisture stress41

under climate warming (Hermann et al., 2024). As a combined measure of temperature42

and relative humidity (Shih et al., 2025), the increase of VPD directly reflects the43

stronger atmospheric demand for water, which in turn strongly influences stomatal44

conductance, photosynthetic rate, and vegetation evapotranspiration (Chai et al., 2025;45

Miner et al., 2017). Many studies have shown that VPD has become a key variable46

linking the carbon–water cycle, ecosystem water use efficiency, and extreme climate47

events such as heat waves and droughts (Hermann et al., 2024). Under global warming,48

terrestrial ecosystems are facing “dual stress”: on the one hand, rising VPD intensifies49

water shortage; on the other hand, traditional climate models struggle to reproduce its50

nonlinear feedbacks, thereby creating substantial uncertainty in predicting future51

carbon–water cycle trends (Kim and Johnson, 2025). Therefore, a clear understanding52

of how VPD changes regulate global evapotranspiration (E) is not only of scientific53

value but also of great practical significance for ecosystem adaptation to climate change.54

Current research on terrestrial E relies on long-term observations and multi-source55

models to characterize its spatiotemporal variability and drivers (Bai et al., 2025; Yi et56

al., 2024; Zhang et al., 2016). Eddy covariance (EC) provides the most direct (Zahn et57

al., 2022), high-frequency measurements of water, energy, and CO₂ fluxes between the58

land surface and the atmosphere, and the global FLUXNET network supplies essential59
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cross-ecosystem constraints on surface exchange processes (Mauder et al., 2024). The60

Penman–Monteith framework has become a standard for regional-to-global E61

estimation, especially for diagnosing meteorological control of potential evaporation62

(Renner et al., 2019; Yang et al., 2017).With the rise of satellite remote sensing, energy-63

balance models such as SEBAL and SEBS use land-surface temperature and radiative64

fluxes to retrieve spatially explicit E, supporting basin hydrology, crop water-use65

assessment, and drought monitoring (L. Wang et al., 2025). In parallel, land data66

assimilation systems (e.g., GLDAS, ERA5-Land) combine multi-source observations67

with land-surface models to produce physically consistent, temporally continuous68

global E fields (Miralles et al., 2011), thereby supporting climate simulations and69

energy–water budget closure analyses (Xia et al., 2019; Xu et al., 2024). More recently,70

machine-learning and data-fusion approaches (e.g., FLUXCOM, GLEAM) have71

increased effective resolution and improved partitioning of E components, enabling72

representation of nonlinear land–atmosphere interactions across diverse climates73

(Duque-Gardeazabal et al., 2025; Xu et al., 2018). The latest research further indicates74

that ignoring the land–atmosphere feedback would lead to a significant overestimation75

of the climate-driven increase in E (Zhou and Yu, 2025).76

Although higher global CO₂ concentrations should theoretically improve77

vegetation water use efficiency (WUE) (Peters et al., 2018), recent studies combining78

FLUXNET flux observations with machine learning have shown that global WUE has79

tended to level off since 2000. This slowdown is mainly due to the “asymmetric effect”80

of VPD on photosynthesis and E—while VPD promotes E, it suppresses carbon81

assimilation, thus offsetting the CO₂ fertilization effect (F. Li et al., 2023). In non-82

peatland areas, higher VPD generally limits vegetation growth and reduces carbon sink83

capacity. However, in high-water-level environments such as peatlands, this effect may84

be weakened or even reversed by the “open water strategy” (Chen et al., 2023; Yuan et85

al., 2019). Together, these findings highlight that VPD is not only a driver of E but also86

an important regulator in the carbon–water coupling process. Yet, the spatial differences87

in the global VPD–E relationship and its driving mechanisms remain poorly understood,88

and the specific pathways through which VPD operates under multi-factor interactions89
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are still unclear.90

In recent years, empirical research on the relationship between VPD and E has91

steadily expanded. At the microscopic scale, there is a daily lag between vegetation92

transpiration and VPD, with the size of the lag depending on the radiation–VPD delay.93

Both plant and soil water potential are key factors regulating this lagged E–VPD94

relationship, especially when soil moisture declines (Zhang et al., 2014). At the95

macroscopic scale, in arid regions, the persistent rise in VPD combined with soil96

drought restricts E, causing vegetation wilting and ecosystem degradation (J. Wang et97

al., 2025). By contrast, in tropical rainforests where soil water is relatively abundant,98

although higher VPD induces stomatal closure, leaf renewal during the dry season can99

boost short-term carbon sequestration (Kumagai et al., 2009; Lebrija-Trejos et al.,100

2023). These contrasting responses indicate that the influence of VPD on E is shaped101

by aridity zones, soil water availability, vegetation types, and even human activities102

(Zhuang et al., 2021). Therefore, understanding the nonlinearities, threshold effects,103

and multi-factor interactions in this relationship has become a major challenge in Earth104

system science (Hsu and Dirmeyer, 2021). Although some studies have tried to explain105

this relationship using statistical or process-based models, the lack of quantitative106

identification of VPD pathways remains a key limitation for improving predictive107

capability.108

Against this background, this study explores how VPD influences E across109

different land surfaces and AI-based aridity zones worldwide. The analysis was110

conducted for the period of 1981–2020, during which global satellite observations,111

reanalysis products, and land-surface datasets are available with relatively consistent112

temporal coverage. This period also captures substantial climate variability and113

increasing atmospheric dryness under global warming, enabling an assessment of long-114

term VPD–E interactions at the global scale. Specifically, we used VPD and E data115

derived from multiple remote sensing sources to examine the global response of E to116

VPD changes during this period. The research focuses on the following scientific117

questions: (1) How does VPD influence global terrestrial E? (2) How does VPD affect118

the spatial and temporal heterogeneity of global E? (3) What are the implications of the119
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rapid rise of VPD under global warming for land–atmosphere feedback? Addressing120

these questions will not only improve our understanding of the mechanisms by which121

VPD regulates E but also provide a stronger basis for developing targeted global climate122

adaptation strategies.123

2. Data and Methods124

2.1 Data Sources125

Evapotranspiration (E) data used in this study were obtained from the Global Land126

Evaporation Amsterdam Model product (GLEAM v4.2a) (Miralles et al., 2025). This127

product provides not only total evapotranspiration, but also its major components,128

including transpiration (Et) and bare-soil evaporation (Eb). It has been widely used in129

studies of the global water cycle. In GLEAM v4.2a, E is estimated based on the130

Penman-Monteith framework, in which vapor pressure deficit (VPD) is included as an131

important atmospheric driver. The main VPD dataset in this study was calculated from132

monthly 2-m air temperature (Ta) and dew point temperature (Td) from the ERA5-Land133

reanalysis (Copernicus Climate Change Service, 2019). This choice ensures good134

consistency with the VPD forcing used in GLEAM, because the VPD input in GLEAM135

is derived from MSWX Ta and Td, and the MSWX dataset is itself a bias-corrected136

product partly based on ERA5-Land. In addition to Ta and Td, precipitation (Pre) and137

surface solar radiation (SR) were also taken from ERA5-Land. Root-zone soil moisture138

(SMrz) and surface soil moisture (SMs) were both obtained from the GLEAM product,139

in order to keep the soil water variables consistent with the evapotranspiration estimates140

and component partitioning used in this study. To assess the robustness of the main141

results, we further introduced one independent VPD dataset and one independent142

evapotranspiration dataset for cross-validation. The independent VPD dataset was143

derived from monthly near-surface air temperature (TMP) and vapor pressure (VAP)144

from CRU TS v4.09, and VPD was calculated following the method described by Xu145

et al. (2024). The independent evapotranspiration dataset was taken from the P-LSHv2146

product, which is a multi-decadal global evapotranspiration dataset with explicit soil147

moisture constraints (Feng et al., 2025). These two independent datasets were used only148

for robustness evaluation and cross-validation of the main ERA5-Land- and GLEAM-149
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based results, rather than for the primary analysis itself (Supplementary Fig. 1).150

Land-use data were obtained from the MCD12C1 version 6.1 product on the151

Google Earth Engine platform, which provides annual land-cover classification at a152

spatial resolution of 0.05° (Friedl and Sulla-Menashe, 2022). In this study, the original153

land-cover classes were further grouped into broader categories for analysis. Leaf area154

index (LAI) data were taken from the GIMMS LAI V1.2 dataset (Cao et al., 2023),155

which has good temporal consistency and has been evaluated against field156

measurements and Landsat-based LAI samples. Elevation data were obtained from the157

WorldClim elevation dataset and were used as an auxiliary geographic variable in the158

analysis (Fick and Hijmans, 2017). According to the aridity index (AI), global land159

areas were divided into four classes: arid, semi-arid, semi-humid, and humid regions160

(Lin et al., 2025).161

2.2 Methods162

2.2.1 TrendAnalysis of Raster Data Using the Theil-Sen Slope and Mann-Kendall Test163

The Mann-Kendall trend test was used to analyze the changing trends and164

significance of VPD and E globally from 1981 to 2020 (Mann, 1945), and the Theil-165

Sen slope was used to quantify the magnitudes of the changing trends of the two (Sen,166

1968). This method determines the monotonic trend of a sequence by calculating the167

test statistic S (equation 2) and its symbolic function Sgn (equation 3), where β>0168

indicates that the sequence has an upward trend (equation 1). The significance of the169

trend is evaluated by the test statistic Z (equation 4), and the Z value is calculated based170

on S and its Var(S) (equation 5). This method has no strict requirements for the171

distribution of data and belongs to non-parametric test methods. It has been widely used172

in the analysis of time series and can well reflect the changes of VPD and E. The173

equation is as follows:174

β=Median
xj-xi
j-i  ∀j>i| (1)

Median( ) represents the calculation of the median value. When β is greater than175

0，it indicates an increasing trend in the research subject.176

The test statistic S is calculated as follows:177
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S=
i=1

n

j=i+1

n

sgn�� xj-xi
(2)

where Sgn() is the sign function, calculated as:178

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 as179

follows:180

Z=

S

Var S
 S>0

0  S=0
S+1

Var S
 S<0

(4)

where Var (variance) is computed as:181

Var S =
n n-1 2n+5

18
. (5)

where n represents the number of data points in the sequence.182

When the absolute value of Z exceeds specific thresholds (1.64, 1.96, or 2.58), it183

indicates that the time series passes the significance test at confidence levels of 90%,184

95%, and 99%, respectively. Using a two-tailed trend test, the critical value Z(1-α/2) is185

obtained from the normal distribution table under a given significance level. When |Z|186

≤ Z(1-α/2), the null hypothesis is accepted, indicating no significant trend; when |Z| >187

Z(1-α/2), the null hypothesis is rejected, indicating a significant trend.188

2.2.2 Estimation of E Sensitivity to VPD189

Due to the complex bidirectional interactions between local background climate190

and varying E conditions across different scales, this study adopts a moving window191

strategy inspired by the “space-for-time” approach to calculate the sensitivity of E to192

VPD (dE/dVPD) (Y. Li et al., 2023). The core assumption of this approach is that the193

target pixel and qualified neighboring pixels share broadly similar background climatic194

and surface conditions within a local window. Therefore, spatial differences in E and195

VPD among these screened pixels can be used to estimate the apparent local sensitivity196

of E to VPD (Li et al., 2024). This estimate should not be interpreted as a fully isolated197
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causal effect of VPD, because local VPD gradients may still be influenced by mesoscale198

atmospheric dynamics, topography, land-sea contrasts, and other unresolved surface199

heterogeneity. To reduce these confounding effects, candidate pixels were retained only200

when they shared the same dominant MODIS land-cover type as the target pixel,201

differed by <10% in dominant-type fractional cover, and had an elevation difference of202

<100 m from the target pixel.203

This study applies a spatial moving-window strategy to estimate dE/dVPD values204

(Zhao and Feng, 2024). All analyses were conducted on a common 0.1° grid,205

corresponding to the native spatial resolution of both the ERA5-Land VPD data and the206

GLEAM evaporation data used in this study. For each target pixel, candidate207

comparison samples were selected from surrounding pixels within a 5×5 grid-cell208

moving window, i.e., a neighborhood of 0.5°×0.5° centered on the target pixel. To209

reduce the influence of surface heterogeneity, only pixels sharing the same dominant210

land-cover type as the target pixel were retained, and the difference in dominant land-211

cover fraction was required to be less than 10% according to the MODIS MCD12C1212

land-cover product. In addition, pixels with an elevation difference greater than 100 m213

from the target pixel were excluded to minimize topographic effects. The sensitivity for214

each target pixel was then estimated from the relationship between E differences and215

VPD differences between all qualified neighboring pixels and the target pixel. In this216

procedure, the nonparametric Theil-Sen slope estimator was used to reduce the217

influence of skewed sample distributions and outliers.218

slope=median
yi-yj
xi-xj

(6)

Here x and y indicate the E and VPD differences; i and j are the geolocations of219

samples within the moving window. The unit of dE/dVPD is mm hPa⁻¹. Positive values220

indicate that E tends to be higher in locations with higher VPDwithin the local window,221

whereas negative values indicate that E tends to be lower in locations with higher VPD.222

The Theil-Sen slope estimator adopts the median value of a range of possible slopes223

and is therefore insensitive to statistical outliers.224

2.2.3 Detrending and Partial Correlation Analysis225
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We analyzed the relationships between VPD and two evapotranspiration226

components, namely Et and Eb, at the pixel scale. We first calculated annual anomalies227

for each variable by removing the multi-year mean during 1981-2020.We then removed228

the linear trend from each anomaly series to focus on interannual variability (Zantout229

et al., 2025).230

We used partial correlation analysis to quantify the relationship between VPD and231

Et or Eb after accounting for the effects of water supply (Li et al., 2026). For the VPD–232

Et analysis, we controlled for SMrz and Pre. For the VPD–Eb analysis, we controlled for233

SMs and Pre. We calculated the partial correlation coefficient for each pixel using a234

residual-based method (Rahmani et al., 2026). In this method, we first regressed VPD235

and the target evaporation component against the control variables, respectively. We236

then calculated the Pearson correlation coefficient between the two residual series. The237

partial correlation coefficient was expressed as:238

rxy⋅ z=corr ex,ey (7)

where x is VPD, y is Et or Eb, and z is the set of control variables. ex and ey are239

the residuals after removing the effects of z. We calculated the associated p-value for240

each pixel and considered correlations with p < 0.05 as statistically significant. The241

spatial distribution of statistically significant correlations was indicated by hatching in242

the corresponding correlation maps. We retained only pixels with at least 20 valid243

yearly observations. We also calculated the global annual mean series of VPD, E, Et,244

and Eb over valid land pixels for 1981–2020 to describe their interannual variability.245

2.2.4 Threshold Detection Using Piecewise Linear Regression and Generalized246

Additive Models (GAM)247

We used piecewise linear regression and GAM to examine the nonlinear248

relationship between VPD and E and to identify possible threshold behavior. Piecewise249

linear regression is useful when the relationship between two variables changes across250

different intervals of the predictor, because it can estimate both the breakpoint location251

and the slopes on each side of the breakpoint (Yu et al., 2024). GAMs are flexible252
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regression models that can describe nonlinear relationships by fitting smooth functions253

to the predictor without imposing a fixed functional form (Brunner and Naveau, 2023).254

We first removed extreme values to reduce the influence of outliers. For both VPD255

and E, values below the 1st percentile and above the 99th percentile were excluded. We256

then analyzed the VPD–E relationship at the global scale and within different climate257

dryness classes to assess regional differences in nonlinearity and threshold behavior.258

For the piecewise regression analysis, we treated VPD as the independent variable and259

E as the dependent variable. We tested both a one-breakpoint model and a two-260

breakpoint model. The one-breakpoint model can be written as:261

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 and262

after the breakpoint, and 1 is the intercept. The two-breakpoint model extends this form263

by allowing two turning points and three linear segments. This model was used to test264

whether the VPD–E relationship contains more than one transition point. We also fitted265

a GAM to the same data:266

y=β0+f x +ε (9)

where f(x) is a smooth spline function of VPD, β0 is the intercept, and ε is the267

residual error.We used the GAM to provide an independent description of the nonlinear268

VPD–E relationship and to check whether the threshold-like behavior inferred from the269

piecewise models was robust.270

We compared model performance using the coefficient of determination (R²), root271

mean square error (RMSE), and corrected Akaike information criterion (AICc) (Qiu et272

al., 2025). ΔAICc was used to evaluate whether the two-breakpoint model improved273

the fit relative to the one-breakpoint model. We then used the comparison among the274

one-breakpoint model, the two-breakpoint model, and the GAM to determine whether275

a single threshold was sufficient to describe the VPD–E relationship, or whether a more276
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complex nonlinear form was needed. The GAM curve was also used as a reference to277

evaluate the stability of the breakpoint inferred from the piecewise regression.278

2.2.5 Quantifying the Influence of VPD on E Under Multi-Factor Coupling Using279

Structural Equation Modeling (SEM)280

To elucidate the direct and indirect pathways of VPD on E under the coupling281

effects of multiple factors, this study used SEM to quantify the path relationships among282

atmospheric moisture demand, water supply, vegetation state, energy availability, and283

evapotranspiration. SEM, as a multivariate statistical path analysis tool, is widely284

utilized in ecohydrological systems to identify and disentangle complex inter-variable285

relationships, enabling simultaneous estimation of direct effects of multiple286

independent variables on a dependent variable, indirect effects mediated through287

intervening variables, and total effects (Guo et al., 2025). Here, SEM was used to test288

whether the observed VPD–E relationships were consistent with coupled289

ecohydrological pathways.290

The variables included E, VPD, SMrz, LAI, T, Pre, and SR. For each aridity zone,291

all variables were first spatially averaged to obtain monthly regional time series.292

Therefore, the unit of analysis was the monthly regional-mean anomaly within each293

aridity zone. The model data were based on multi-source remote sensing and reanalysis294

products from 1982 to 2020. To reduce confounding from the seasonal cycle, we295

removed the 1982–2020 climatological monthly mean from each monthly time series296

and then standardized the deseasonalized anomalies using z-scores. Separate SEMs297

were fitted for arid, semi-arid, semi-humid, and humid regions to account for the298

climatic dependence of VPD–E relationships.299

During the model construction process, T, Pre, and SR were treated as exogenous300

climatic drivers because they directly regulate atmospheric moisture demand. SMrzwas301

included as an intermediate water-supply variable influenced by atmospheric dryness302

and background climatic conditions. LAI was included as a vegetation-state variable303

jointly associated with atmospheric moisture demand, soil-water availability, and304

climatic controls. E was specified as the final response variable, jointly regulated by305

atmospheric moisture demand, root-zone soil moisture, vegetation state, temperature,306
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precipitation, and surface solar radiation. Correlations among the exogenous climatic307

variables, including T, Pre, and SR, were allowed in the SEM to account for their308

covariation.309

Arestricted SEM excluding the direct statistical association betweenVPD and LAI310

was first tested. Directed-separation tests indicated that a residual association between311

VPD and LAI remained after controlling for SMrz, T, Pre, and SR. Therefore, this312

association was retained in the final SEM. However, it was interpreted as a statistical313

control pathway rather than direct evidence that elevated VPD physiologically314

promotes LAI development. We used the “piecewiseSEM” package to build the path315

model and extracted standardized path coefficients (Std.Estimate) using the “coefs”316

function. Indirect effects were calculated by multiplying standardized coefficients317

along each mediation pathway, and total effects were obtained by summing direct and318

indirect effects. Model diagnostics and model comparison between the restricted and319

full SEMs are summarized in Supplementary Table S1. Fisher’s C and AIC were used320

to diagnose the restricted SEMs. After retaining the residual VPD-LAI association, the321

final full SEMs became saturated models and therefore had no remaining independence322

claims for Fisher’s C tests. Accordingly, the final SEM interpretation was based on323

standardized path coefficients, R² values, effect decomposition, and AIC comparison324

between the restricted and full SEMs.325

3. Results326

3.1 Spatiotemporal Patterns of VPD and E327

From 1981 to 2020, terrestrial VPD increased markedly at the global scale328

(0.002kPa yr-1), but with pronounced spatial heterogeneity (Fig. 1a). The strongest VPD329

increases were mainly observed in southwestern North America, central Africa, parts330

of Central Asia, and eastern Australia. Broad increases were also found across northern331

Eurasia and parts of East Asia (Fig. 1a). The global land monthly climatology showed332

a pronounced seasonal cycle, with mean VPD increasing from 0.65 kPa in January to a333

maximum of 1.18 kPa in July, followed by a gradual decline to 0.65 kPa in December334

(Fig. 1b).335

By contrast, terrestrial E showed amore spatially heterogeneous trend pattern (Fig.336
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1c). Positive trends occurred across 68.9% of the valid land pixels, while 31.1% showed337

negative trends. Increases in E were mainly observed in East Asia, northern Europe,338

and some high-latitude regions, whereas declines were concentrated in Africa, central339

South America, southwestern North America, and eastern Australia (Fig. 1c). The340

monthly climatology of E also exhibited a clear seasonal cycle, with the lowest mean341

value in February (32.4 mm month⁻¹) and the highest value in July (54.6 mm month⁻¹)342

(Fig. 1d). Comparison of the spatial trend patterns shows that some regions with343

pronounced VPD increases coincided with declining E, whereas E generally increased344

across many high-latitude regions despite relatively weaker VPD increases.345

346
Figure 1. Spatial trends and seasonal cycles of terrestrial VPD and E during 1981–2020. a, Sen’s347

slope of VPD. Red colors indicate increasing trends, and blue colors indicate decreasing trends.348

Hatched areas indicate trends significant at p < 0.05. The inset shows the percentages of valid land349

pixels with positive and negative VPD trends. b, Global land monthly climatology of VPD during350

1981–2020. Bars represent the climatological monthly means, circles indicate the corresponding351

mean values, and error bars represent ±1 standard deviation (SD) across years. c, Sen’s slope of352

terrestrial E. Red colors indicate increasing trends, and blue colors indicate decreasing trends.353

Hatched areas indicate trends significant at p < 0.05. The inset shows the percentages of valid land354

pixels with positive and negative E trends. d, Global land monthly climatology of E during 1981–355
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2020. Bars, circles, and error bars are defined as in panel b. In the insets, orange indicates positive356

trends and blue indicates negative trends.357

3.2 Global Terrestrial E Response to VPD358

The apparent sensitivity of terrestrial E to VPD showed pronounced but spatially359

heterogeneous patterns at the global scale (Fig. 2a). Overall, 60.7% of land areas360

exhibited positive apparent sensitivity to VPD, with a global mean sensitivity of 293.3361

± 62.3 mm hPa⁻¹ (mean ± spatial standard deviation). Here, dE/dVPD denotes the362

moving-window-based apparent local sensitivity of E to VPD, rather than a regression-363

based interannual response. Spatially, negative sensitivity was concentrated mainly in364

arid and cold regions, whereas positive sensitivity dominated in relatively warm and365

humid regions (Fig. 2a). The climatic dependence of dE/dVPD is shown in Fig. 2b.366

Negative or weak sensitivity occurred mainly under dry climate conditions, especially367

in warm and low-precipitation bins, whereas positive sensitivity became more368

widespread in wetter bins and in many cool-to-temperate bins. Overall, the apparent369

VPD–E relationship varied strongly along temperature and precipitation gradients, but370

the pattern did not indicate a simple response to temperature alone.371

372
Figure 2. Apparent sensitivity of terrestrial E to VPD during 1981-2020. (a) Spatial distribution of373

the sensitivity coefficient dE/dVPD. Red colors indicate positive apparent sensitivity, and blue374

colors indicate negative apparent sensitivity. (b) Variation in dE/dVPD across climate gradients.375

The x-axis represents mean annual precipitation during 1981-2020, and the y-axis represents mean376

annual air temperature during 1981-2020. Each climate bin contains valid land pixels within a377

given T-Pre range, and the color shows the area-weighted mean dE/dVPD. Values with378

precipitation greater than 2000 mm yr-1 were included in the last precipitation bin. The unit of379

dE/dVPD is mm hPa-1.380
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Across land-use types, we grouped the 16 original land-cover categories into four381

major classes consistent with Fig. 3 and Supplementary Fig. 2: vegetation, grassland,382

cropland, and barren land. All classes generally showed positive apparent sensitivity to383

VPD, but with clear differences in magnitude. The vegetation class showed the384

strongest sensitivity (405.3 mm hPa⁻¹), followed by grassland (342.3 mm hPa⁻¹) and385

barren land (200.4 mm hPa⁻¹), whereas cropland showed the weakest sensitivity (78.1386

mm hPa⁻¹). The latitudinal profiles further show that positive sensitivity was generally387

greater in vegetation and grassland than in cropland and barren land. Taken together,388

these results indicate that higher local VPD tended to be associated with higher E in389

densely vegetated regions under the moving-window estimate, while this apparent390

relationship was weaker in sparsely vegetated or managed cropland areas.391

392
Figure 3. Latitudinal distribution of the apparent sensitivity of terrestrial E to VPD during 1981–393

2020. Latitudinal profiles of dE/dVPD are shown for all valid land pixels and different land-use394

classes. Solid lines represent the mean dE/dVPD within each latitude band, and shaded areas395
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represent the corresponding standard deviation. The unit of dE/dVPD is mm hPa⁻¹.396

3.3 Global Patterns of the Relationships Between VPD and Et and Eb397

VPD and total E both showed clear interannual variability during 1981–2020 (Fig.398

4a, b). At the global scale, their annual mean series showed broadly consistent399

interannual variations, especially after 2000. Et showed relatively coherent interannual400

variations, whereas Eb exhibited stronger fluctuations (Fig. 4c, d).401

402
Figure 4. Interannual variability of global mean annual anomalies of VPD and evapotranspiration403

components during 1981-2020. (a) Global mean annual anomaly of vapor pressure deficit (VPD).404

The dashed line indicates the linear trend. (b) Global mean annual anomaly of total405

evapotranspiration (E). The dashed line indicates the linear trend. (c) Global mean annual anomaly406

of transpiration (Et) over valid land pixels. The dashed line indicates the linear trend. (d) Global407

mean annual anomaly of bare-soil evaporation (Eb) over valid land pixels. The dashed line408

indicates the linear trend.409

After controlling for SMrz and Pre, VPD showed mainly positive partial410

correlations with Et across global land areas (Fig. 5a). Significant positive correlations411

(p < 0.05) were mainly distributed across the Northern Hemisphere, particularly in412

North America, Europe, and northern Asia. Positive partial correlations were observed413

in 65.8% of valid pixels. Positive correlations also occurred in parts of East Asia, South414

America, and tropical regions, whereas negative correlations were limited and spatially415
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scattered. Overall, after reducing the effects of water supply, VPD remained positively416

associated with Et across most land regions, especially in northern extratropical areas.417

After controlling for SMs and Pre, VPD showed a weaker relationship with Eb, with a418

more heterogeneous spatial pattern (Fig. 5b). Significant negative correlations (p < 0.05)419

were mainly concentrated in dry and water-limited regions, including Australia,420

southern Africa, and parts of central Asia. Negative partial correlations were observed421

in 59.1% of valid pixels. Negative correlations also appeared in other low-latitude and422

subtropical regions, while positive correlations occurred mainly in parts of Europe and423

East Asia with scattered distributions elsewhere.424

425

Figure 5. Spatial partial correlations between VPD and evapotranspiration components during426

1981-2020. (a) Spatial distribution of partial correlation coefficients between VPD and427

transpiration (Et) after controlling for root-zone soil moisture (SMrz) and precipitation (Pre). (b)428

Spatial distribution of partial correlation coefficients between VPD and bare-soil evaporation (Eb)429

after controlling for surface soil moisture (SMs) and precipitation (Pre). The partial correlations430

were calculated using detrended annual series, and hatched areas indicate regions with statistically431

significant correlations (p < 0.05).432
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3.4 Threshold Effects and the Universality of Nonlinearity433

The nonlinear relationship between VPD and E varied clearly across AI-based434

aridity zones (Fig. 6). We compared the one-breakpoint piecewise model, the two-435

breakpoint piecewise model, and the GAM to identify the dominant transition points in436

the VPD–E relationship. The one-breakpoint model was used for the main threshold437

estimates because the two-breakpoint model did not show a clear improvement in438

model fit across the four aridity zones, based on ΔAICc values (Supplementary Figs. 3439

and 6). The GAM curves also showed similar nonlinear transition behavior, which440

supports the stability of the one-breakpoint estimates.441

The estimated thresholds showed a clear aridity gradient. The dominant transition442

point was highest in the arid zone (1.90 kPa), followed by the semi-arid zone (1.46 kPa).443

The thresholds were much lower in the semi-humid zone (0.49 kPa) and humid zone444

(0.47 kPa). These results show that the VPD–E relationship reached its main transition445

at higher VPD in dry regions but at lower VPD in wetter regions. Therefore, the446

thresholds reported here should be interpreted as dominant transition points in the447

observed nonlinear relationship, not as fixed ecological limits. The model comparison448

among the one-breakpoint model, two-breakpoint model, and GAM was used as a449

robustness check for the threshold estimates.450
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451

Figure 6. Aridity-dependent thresholds in the nonlinear response of terrestrial evapotranspiration452

to vapor pressure deficit. a–d, One-breakpoint piecewise fits between VPD and E for the arid,453

semi-arid, humid, and semi-humid aridity zones, respectively. Points show annual area-weighted454

means, coloured by sample density. Solid lines indicate fitted relationships, and dashed vertical455

lines indicate the estimated VPD transition points. The AI-based aridity zones are shown in456

Supplementary Fig. 5.457

4 Discussion458

4.1 Ecohydrological Meaning of Aridity-Dependent VPD Thresholds459

The aridity-dependent thresholds suggest that the relationship between VPD and460

E is jointly regulated by atmospheric water demand and land water supply. VPD can461

enhance E by increasing atmospheric evaporative demand, but this effect depends on462

whether sufficient water is available for soil evaporation and plant transpiration. When463

soil water becomes limited, higher VPD may no longer lead to further increases in E.464

Instead, it may intensify atmospheric drying and reinforce water limitation by465

accelerating soil moisture depletion and weakening land–atmosphere moisture466
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feedbacks (Liu et al., 2020).467

In arid and semi-arid regions, the higher thresholds indicate that the main transition468

in the VPD–E relationship tends to occur only under stronger atmospheric demand.469

This pattern is consistent with the fact that E in drylands is often constrained by water470

supply before atmospheric demand becomes the dominant control. Therefore, as water471

limitation intensifies, dry regions may show weak or even negative E responses to472

increasing VPD. Previous studies have also shown that changes in dryland aridity are473

controlled by multiple interacting factors, including precipitation, soil moisture,474

vegetation activity, and atmospheric demand, rather than by VPD alone (Lian et al.,475

2021). In humid and semi-humid regions, the lower thresholds indicate that the VPD–476

E relationship can shift at relatively lower VPD levels (F. Li et al., 2023). These regions477

usually have greater water availability, allowing E to respond more directly to478

atmospheric demand. However, after the transition point, this response may weaken479

because vegetation regulation, stomatal adjustment, and declining near-surface480

humidity can limit further water loss. Vegetation responses to climate forcing also vary481

across hydroclimatic conditions, especially in humid, warm, and forested ecosystems482

(Gao et al., 2024; Zhou et al., 2019). Thus, the thresholds identified in this study should483

be interpreted as dominant transition points in the observed VPD–E relationship, rather484

than as fixed ecological boundaries. Their specific values may vary with vegetation485

type, soil water storage, climatic background, and the data products used.486

4.2 Mechanisms of VPD Regulation of E Under Multi-Factor Coupling487

The aridity-zone-specific SEM results indicate that VPD is statistically associated488

with variations in terrestrial E through linked atmospheric, soil-water, vegetation, and489

energy pathways. This relationship does not only reflect higher atmospheric water490

demand. It also depends on soil water supply, canopy state, and energy conditions. The491

SEM structure was built from known ecohydrological processes. The estimated paths492

were generally consistent with this process basis. VPD was negatively related to SMrz493

in all aridity zones, with standardized coefficients of −0.25, −0.61, −0.66, and −0.53 in494

arid, semi-arid, semi-humid, and humid regions, respectively (Fig. 7a-d). SMrz and LAI495

were generally positively related to E. These results suggest that soil water supply and496
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canopy condition are important links between atmospheric drying and actual497

evapotranspiration. The SEM results should still be interpreted as aridity-zone-scale498

statistical pathways rather than direct causal effects at individual pixels. Because SEM499

relies on a predefined directional structure, the estimated pathways describe the relative500

associations among climatic, hydrological, vegetation, and energy factors within the501

specified framework, but do not explicitly represent reciprocal feedbacks among502

evapotranspiration, soil moisture, and atmospheric moisture. The restricted and full503

SEM comparison also supported the retention of the residual VPD-LAI association in504

the final model (Supplementary Table S1).505

The direct pathway of VPD to E differed clearly among aridity zones. The effect506

was strongest and negative in arid regions (standardized coefficient = −0.79; Fig. 7a).507

It was also strongly negative in semi-arid regions (standardized coefficient = −0.55; Fig.508

7b). The effect became weak and non-significant in semi-humid regions (standardized509

coefficient = −0.06; Fig. 7c). The effect was weaker but still negative in humid regions510

(standardized coefficient = −0.23; Fig. 7d). This pattern suggests that the remaining511

direct VPD path may represent statistical associations related to atmospheric drying512

stress and vegetation regulation after T, Pre, SR, SMrz, and LAI are included in the513

model. This path should not be read only as the effect of higher evaporative demand514

(M. Wang et al., 2025). In water-limited regions, higher VPD can increase atmospheric515

water demand and also increase plant and soil water stress. These combined effects may516

constrain actual E when soil water availability is limited. Previous studies also reported517

that E responses to VPD depend on soil moisture, plant water regulation, and518

background dryness (Massmann et al., 2019; Zhang et al., 2023).519

The effect decomposition further supports this climate-dependent mechanism520

(Supplementary Fig. 6). The total effect of VPD on E was negative in all aridity zones.521

The negative effect was strongest in arid and semi-arid regions (standardized total effect522

= −0.96 and −0.69). The effect was much weaker in semi-humid and humid regions523

(standardized total effect = −0.06 and −0.14). The overall indirect effect of VPD on E524

also varied among aridity zones. It was negative in arid, semi-arid, and semi-humid525

regions (standardized indirect effect = −0.17, −0.14, and −0.01), but it became positive526



22

in humid regions (standardized indirect effect = 0.08). This positive indirect effect in527

humid regions likely reflects compensation from LAI-related and energy-related528

pathways. LAI had positive effects on E in all aridity zones, especially in semi-humid529

and humid regions (standardized coefficient = 0.50 and 0.38; Fig. 5c,d). However, the530

positive remaining relation between VPD and LAI in wetter regions should not be read531

as evidence that higher VPD directly promotes vegetation growth (Yuan et al., 2019).532

It more likely reflects remaining co-variation among atmospheric dryness, radiation,533

temperature, and vegetation activity after soil water and climate factors are controlled534

(Zhang et al., 2021). Overall, VPD regulation of E is climate dependent. Its main535

mechanism lies in the joint effects of higher atmospheric water demand, limited soil536

water supply, canopy state, and energy conditions.537

538

Figure 7. Aridity-zone-specific structural equation models showing the pathways linking VPD and539

E under different hydroclimatic conditions. Panels show the SEM results for (a) arid, (b) semi-540

arid, (c) semi-humid, and (d) humid regions. Numbers on arrows indicate standardized path541

coefficients. Red and black arrows denote negative and positive path coefficients, respectively.542

Solid and dashed arrows indicate significant and non-significant pathways, respectively.543

Significance levels are denoted as p < 0.05, p < 0.01, and p < 0.001. R² values inside the boxes544

indicate the proportion of variance explained for each endogenous variable. Pre, precipitation; T,545
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air temperature; SR, surface solar radiation; VPD, vapor pressure deficit; LAI, leaf area index;546

SM, root-zone soil moisture; E, evapotranspiration. The residual association between VPD and547

LAI was retained as a statistical control pathway and should not be interpreted as direct548

physiological evidence that elevated VPD promotes LAI development.549

4.3 Implications of land–atmosphere Feedback Under Future VPD Increase Scenarios550

The projected increase in VPD is expected to further influence land–atmosphere551

interactions by modifying terrestrial E, with potential consequences for regional to552

global water cycling (Yuan et al., 2019). In the AI-based aridity zones, the threshold553

analysis shows clear differences in how E may respond under future VPD increase. In554

the arid and semi-arid regions, the one-breakpoint thresholds are high (1.90 and 1.46555

kPa, respectively). This interpretation is consistent with the negative dE/dVPD areas556

shown in Fig. 2a and with the Aridity-zone-specific SEM results, which showed557

negative statistical associations between VPD and SMrz across all aridity zones,558

especially in semi-arid and semi-humid regions. These results suggest that high VPD559

may be associated with stronger water limitation in dry regions, which may constrain560

E.561

In the humid and semi-humid regions, the thresholds are much lower (0.47 and562

0.49 kPa, respectively). This result suggests that ecosystems in wetter regions may563

reach the response transition under much lower VPD. These regions may therefore564

experience earlier response transitions as atmospheric dryness continues to increase,565

even though E can still rise with VPD over part of the observed range (Fig. 2a). This566

contrast suggests that future VPD increases may lead to different responses among567

climate zones, with humid and semi-humid regions potentially reaching response568

transitions earlier, while dry regions may experience stronger E suppression once water569

limitation dominates. Such differences may influence ecosystem vulnerability and alter570

water and carbon cycling, especially in forests and water-limited agricultural systems571

(Will et al., 2013; Gentine et al., 2019).572

Collectively, the sustained rise in VPD may modify land–atmosphere interactions573

and introduce additional uncertainties into global water and carbon cycling (Gentine et574

al., 2019). Climate models and risk assessments should therefore better represent the575



24

threshold differences among arid, semi-arid, semi-humid, and humid regions. These576

threshold differences also imply that adaptation measures should be region-specific.577

Semi-humid and humid regions may need earlier warning because of their lower578

thresholds, while arid regions require stronger water-management measures under579

chronic water limitation. Targeted water resource management and ecological580

conservation measures are therefore needed to strengthen ecosystem resilience and581

reduce the ecological risks associated with rising VPD.582

4.4 Uncertainties and Future Outlook583

Data uncertainty remains an important limitation in this study. First, our analysis584

relies on ERA5-Land reanalysis and global E products. Although ERA5-Land provides585

broadly consistent land-surface variables, it may still contain uncertainties in soil586

moisture, especially in arid regions. This uncertainty can affect the inferred VPD–587

SMrz–E coupling. This issue is relevant to our SEM because VPD was negatively588

related to SMrz across all aridity zones. If soil moisture is biased in dry regions, the589

estimated strength of the SMrz-mediated pathway may also be affected. In this case, part590

of the VPD effect on E may be attributed differently between the direct VPD–E path591

and the indirect pathway through SMrz. Second, currently available E products still592

show substantial discrepancies in long-term means, temporal trends, and spatial593

patterns. Multi-product assessments have shown that annual E estimates can differ by594

nearly 50% across products, with even larger disagreement in regional trends. In595

addition, the partitioning of total E into transpiration, interception evaporation, and soil596

evaporation remains highly uncertain among products, which may further affect the597

estimated magnitude and pathways of VPD regulation. Recent evidence also suggests598

that biases in E trends can propagate into simulations of near-surface humidity decline599

and atmospheric drying, implying that E uncertainty can influence not only flux600

estimates themselves but also the interpretation of land–atmosphere feedbacks.601

Therefore, the quantitative results reported here should be interpreted with caution, as602

they remain constrained by differences in input data quality, product algorithms, and E603

component partitioning schemes. Methodological uncertainty also deserves attention.604

In this study, threshold estimates describe the main transition in the observed VPD–E605
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relationship but should not be treated as exact ecological thresholds. Their values may606

be affected by model choice and data uncertainty. In addition, the SEM framework607

represents directional statistical pathways and does not explicitly capture bidirectional608

land–atmosphere feedbacks among E, soil moisture, and atmospheric moisture. Future609

work should use more observations and more flexible nonlinear methods to better610

constrain the threshold behavior of E under rising VPD.611

5 Conclusion612

This study used multi-source remote sensing and reanalysis data from 1981 to613

2020 to examine how global terrestrial E responds to VPD. The results show that614

terrestrial VPD increased widely during the study period, with positive trends in 92.9%615

of global land areas. In contrast, changes in E were more spatially uneven. Global mean616

E increased only slightly, and many regions with rapid VPD increases showed declining617

E, especially in water-limited areas. At the global scale, the apparent response of E to618

VPD showed clear spatial differences. About 60.7% of land areas showed positive619

apparent sensitivity to VPD, with a global mean sensitivity of 293.3 ± 62.3 mm hPa⁻¹.620

Positive sensitivity was mainly found in warm and humid regions, while negative621

sensitivity was mainly concentrated in arid and cold regions. Across land-use types, the622

vegetation class showed the strongest apparent sensitivity, while cropland showed the623

weakest response. At the component level, VPD remained mainly positively related to624

transpiration after controlling for precipitation and soil moisture, but its relationship625

with bare-soil evaporation was weaker and more often negative in water-limited regions.626

The VPD–E relationship also showed clear nonlinear behavior across aridity zones. The627

dominant transition points were higher in arid and semi-arid regions, but much lower628

in semi-humid and humid regions. This pattern shows that long-term climate dryness629

strongly shapes the way E responds to rising VPD. The Aridity-zone-specific SEM630

results further show that VPD regulates E through linked atmospheric, soil-water,631

vegetation, and energy pathways. VPD was negatively related to root-zone soil632

moisture in all aridity zones, and its total effect on E was negative across all aridity633

zones, with stronger negative effects in arid and semi-arid regions. Overall, this study634
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shows that the influence of VPD on terrestrial E is widespread but not uniform. Its effect635

depends on climate background, land-use type, evaporation component, soil water636

supply, canopy state, and energy conditions. These results improve the understanding637

of how rising atmospheric dryness may affect future land–atmosphere interactions and638

the global water cycle.639
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