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Abstract 9 

The vegetation transpiration fraction (TF) links terrestrial water and carbon cycles, yet the 10 

sensitivity of TF to changes in leaf area index (LAI) (θ) and its hydroclimatic controls remain poorly 11 

constrained, particularly in China’s contrasting natural forests (NF) and plantation forests (PF). 12 

Using forest-type maps to identify natural forests (NF) and plantation forests (PF), together with 13 

GLEAM-derived evapotranspiration variables and ERA5-Land hydroclimatic data from 1990–2020, 14 

we quantified the spatiotemporal patterns of θ and evaluated the relative roles of soil moisture (SM) 15 

and vapor pressure deficit (VPD). We found that θ increased spatially from humid to semi-arid 16 

regions and was consistently higher in NF than in PF, but declined significantly over time in both 17 

forest types, with a larger decrease in PF. Along the joint SM–VPD gradient, θ exhibited a nonlinear 18 

response surface, with higher values concentrated under moderate SM and intermediate-to-high 19 

VPD conditions. Although VPD still explained a slightly larger share of the present spatial pattern 20 

of θ, the influence of SM strengthened over time, indicating increasing soil moisture limitation. 21 

Overall, China’s forests appear to be shifting toward a more conservative water-use regime, in 22 

which the capacity of additional leaf area to enhance TF has weakened. These results provide new 23 

insights into how contrasting forest types regulate water use under concurrent warming and greening, 24 

with implications for climate-adaptive forest and water-resource management. 25 
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1. Introduction 28 

Terrestrial ecosystem evapotranspiration (E) is the primary pathway by which land surface 29 

moisture returns to the atmosphere and thus plays a central role in the global water cycle (Liu et al., 30 

2023; Sun et al., 2022). E comprises three components: soil evaporation (Es), vegetation canopy 31 

interception (Ei), and plant transpiration (T) (Niu et al., 2020; Wei et al., 2017). Among these, 32 

vegetation transpiration, by which water is released to the atmosphere through plant stomata, 33 

accounts for over 60% of total terrestrial E (Li et al., 2024; Wei et al., 2017). As transpiration is 34 

closely linked to carbon assimilation and energy exchange, the vegetation transpiration fraction (TF, 35 

defined as T/E) quantifies the contribution of vegetation to land–atmosphere water–vapor flux and 36 

is a key indicator of vegetation–climate coupling strength (Schlesinger and Jasechko, 2014; Wei et 37 

al., 2017). Understanding changes in TF is crucial for revealing ecohydrological mechanisms and 38 

accurately predicting climate–change impacts. 39 

Persistent climate warming and rising atmospheric CO₂ over the past few decades have driven 40 

global vegetation greening and altered ecosystem water balances (Denissen et al., 2022; Hu et al., 41 

2023). Increases in Leaf area index (LAI) directly enhance canopy interception and transpiration 42 

potential; global plant transpiration is estimated to have increased by about 6% from 1990–2020, 43 

primarily as a consequence of increased LAI (Chen et al., 2024). However, the positive effect of 44 

LAI on transpiration depends on water availability: when soil moisture (SM) is scarce or 45 

atmospheric drought, often represented by vapor pressure deficit (VPD), intensifies, plants close 46 

their stomata to suppress water loss, thereby reducing both transpiration and photosynthesis (Liu et 47 

al., 2020; Zahra et al., 2023). SM represents the supply-side constraint, whereas VPD represents the 48 

atmospheric demand-side pull; these two factors often co-vary and can together impose  compound 49 

drought stress on ecosystems (Song et al., 2024). High VPD induces partial stomatal closure to 50 

prevent excessive water loss and hydraulic failure, causing transpiration rates per unit leaf area to 51 

saturate or even decline under very high VPD conditions (Grossiord et al., 2020; Novick et al., 2016). 52 

Therefore, even as LAI increases, the additional leaf area struggles to further increase T under 53 

extreme atmospheric drought (Xu et al., 2023). Conversely, under moderate SM and appreciable 54 

atmospheric demand, vegetation can maintain both water supply and evaporative demand at levels 55 

that support transpiration, allowing increases in LAI to exert a stronger positive effect on TF (Liu 56 
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et al., 2020). During extreme soil drought, increased surface sensible heat further dries the near-57 

surface atmosphere, creating positive SM–VPD feedback that exacerbates drought conditions (Qing 58 

et al., 2022; Zhou et al., 2019). Accurately characterizing the response of TF to changes in LAI 59 

therefore requires a unified framework that accounts for the synergistic and nonlinear effects of both 60 

soil water supply and atmospheric demand (Koehler et al., 2023). In recent years, discrepancies 61 

have emerged regarding the relative roles of SM and VPD: some studies have emphasized that 62 

atmospheric drought imposes greater limits on ecosystem water–carbon cycles (Novick et al., 2016), 63 

whereas others, after decoupling the coupled effects of VPD and SM, have found that soil moisture 64 

is the dominant factor, especially in semi-arid regions, where SM typically imposes a stronger 65 

limitation on productivity (Liu et al., 2020). Because SM and VPD are often strongly correlated, 66 

quantifying their relative roles under coupled hydroclimatic conditions remains a central challenge 67 

in ecohydrological research.  68 

Since the 1970s, China has implemented some of the world’s largest-scale afforestation and 69 

ecological restoration programs, increasing forest cover from approximately 12% in the 1970s to 70 

over 22% in recent years (Cheng et al., 2025). China’s forests now comprise extensive natural and 71 

planted forests. Natural forests are concentrated mainly in the mountainous regions of northeastern 72 

and southwestern China, whereas planted forests are more widespread in eastern, central, and 73 

southern China (Cheng et al., 2024b). Compared with natural forests, planted forests in China are 74 

more often younger, structurally simpler, and dominated by single-species or even-aged stands 75 

under more intensive management (Cheng et al., 2024a; Farooq et al., 2021). These differences in 76 

origin, structure, and water-use strategies may underlie substantial disparities between NF and PF 77 

in soil water acquisition, stomatal regulation, and hydraulic safety margins, thereby leading to 78 

different responses of TF to changes in LAI (hereafter, LAI–TF sensitivity, denoted as θ). Exploring 79 

these disparities between forest types can deepen the understanding of vegetation water-use 80 

mechanisms and improve regional water-resource management, afforestation benefit assessment, 81 

and climate-adaptive forestry strategies. However, systematic research on this issue is currently 82 

lacking. Existing studies have mostly examined the sensitivity of transpiration or productivity to 83 

drought stress at global or broad regional scales (Liu et al., 2020; Novick et al., 2016) , or have 84 

focused on ecohydrological processes in specific arid regions, without a comparative assessment of 85 
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θ across forest types along a unified climatic gradient. This raises four interrelated questions: (1) 86 

Are there systematic differences in θ between NF and PF along the climatic gradient from humid to 87 

semi-arid conditions? (2) How have these differences changed over the last 30 years? (3) Under 88 

coupled changes in SM and VPD, what are the relative roles of these two factors in shaping θ, and 89 

do these roles vary across climatic backgrounds or over time? (4) Through which hydrological 90 

pathways (SM and/or VPD) do changes in macroclimate, such as radiation, precipitation, 91 

temperature, and wind speed, indirectly affect θ? Addressing these questions will help fill important 92 

research gaps and deepen our understanding of forest–water relations under climate change. 93 

The objectives of this study were to quantify the spatiotemporal patterns of transpiration 94 

sensitivity (θ) in China’s natural forests (NF) and plantation forests (PF) from 1990 to 2020 and to 95 

identify the hydroclimatic controls underlying these patterns. To this end, we integrated multi-96 

source remote-sensing and reanalysis data to derive growing-season LAI, evapotranspiration 97 

components, and meteorological variables for forest pixels at 0.1° resolution. We first used the 98 

aridity index (AI) framework to characterize the climatic background across four climatic zones and 99 

then focused the statistical analyses on the humid, semi-humid, and semi-arid zones to ensure 100 

comparability. We then applied complementary analytical approaches at different statistical scales: 101 

pooled spatial binning was used to characterize the response surface of θ along the joint SM–VPD 102 

gradient and to compare spatial contrasts under comparable hydroclimatic backgrounds, whereas 103 

sliding-window partial correlation and ridge regression were used to quantify the independent 104 

temporal associations of SM and VPD with θ and their evolution over time. Finally, pathway 105 

analysis was used to decompose the indirect effects of macroclimate change on θ through local 106 

hydrological pathways. All trends were estimated using the Theil–Sen slope and evaluated with the 107 

Mann–Kendall test. We further assessed robustness through cross-product comparison and 108 

examined whether atmospheric CO₂ and stand age altered the main interpretation. Together, this 109 

framework was designed to reveal both the spatial heterogeneity and temporal evolution of 110 

hydroclimatic controls on θ in China’s contrasting forest types. 111 

2. Materials and methods 112 

2.1. Data 113 

We used datasets describing forest type, canopy structure, evapotranspiration components, 114 
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hydroclimate, and several auxiliary background factors (Table 1). Forest type data were obtained 115 

from the 1990–2020 spatial distribution dataset of natural and plantation forests in China (Cheng et 116 

al., 2024b). This dataset was derived from Landsat imagery and extensive forest inventory samples 117 

using machine-learning classification and was resampled to 0.1° resolution to match the 118 

hydroclimatic datasets. Pixels with 100% coverage of either natural forest (NF) or plantation forest 119 

(PF) were treated as pure pixels, and only these pixels were included in all major analyses.  To 120 

maintain temporal consistency between forest masks and climate data, we adopted a period-based 121 

dynamic matching strategy. Specifically, forest maps for 1990, 1995, 2000, 2005, 2010, 2015, and 122 

2020 were used to represent the periods 1990–1994, 1995–1999, 2000–2004, 2005–2009, 2010–123 

2014, 2015–2019, and 2020, respectively. 124 

LAI was derived from the GIMMS LAI4g dataset (Cao et al., 2023). The main 125 

evapotranspiration dataset used in this study was GLEAM v4.2a, from which transpiration (T), 126 

evapotranspiration (E), and soil moisture (SM) were extracted. GLEAM separately estimates the 127 

major components of terrestrial evaporation and provides both surface and root-zone soil moisture. 128 

In this study, SM refers to the root-zone soil moisture product, rather than surface soil moisture, 129 

because it more closely represents plant-available water relevant to transpiration regulation at the 130 

seasonal to interannual scales considered here. In GLEAM, root-zone soil moisture is represented 131 

as a vegetation-accessible multi-layer soil profile constrained by assimilated surface observations, 132 

rather than as a single shallow soil layer. Near-surface meteorological variables, including air 133 

pressure (Pa), relative humidity (RH), air temperature (Ta), precipitation (P), dewpoint temperature 134 

(Td), wind speed (WS), net radiation (Rn), and potential evapotranspiration (PET), were obtained 135 

from ERA5-Land. All environmental variables were aggregated over the growing season (April–136 

October) for 1990–2020, using only growing-season data and excluding non-growing-season 137 

observations. Means were used for state variables (e.g., LAI, SM, Ta, and VPD), whereas 138 

cumulative values were used for flux variables (e.g., E, T, and P). 139 

To evaluate the robustness of the estimated θ patterns and trends to data-product choice, we 140 

additionally used two alternative gridded products for cross-product comparison in supplementary 141 

analyses. One was the Simple Terrestrial Hydrosphere v2 (SiTHv2) product, which provides 142 

independent estimates of evapotranspiration and transpiration (Zhang et al., 2024). The other was 143 
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the China terrestrial ecosystem transpiration fraction dataset (Niu et al., 2020), from which an 144 

alternative transpiration-fraction-based θ estimate was derived for comparison. These two datasets 145 

were used only for robustness assessment of θ, whereas all main calculations in the study were based 146 

on GLEAM.  147 

To assess whether long-term changes in θ may also be modulated by non-hydroclimatic 148 

background factors, we further compiled several auxiliary datasets for supplementary analyses, 149 

including a global 1-km atmospheric carbon dioxide concentration dataset (Wang, 2025), a long-150 

term reconstructed forest age dataset for China (Xia et al., 2024), and a 2020 forest age spatial 151 

distribution dataset for China (Cheng and Guo, 2024). These auxiliary datasets were resampled to 152 

0.1° resolution and used only to assess whether CO2 and stand age materially altered the observed 153 

θ patterns and trends. They were not included in the main analytical framework, in which the focus 154 

was on hydroclimatic controls.  155 

Table 1. Data overview  156 

Variable Data set 
Resolution 

(spatial) 

Resolution 

(temporal) 

Time 

span 
References 

Forest type 
Planted and natural forest maps 

in China from 1990 to 2020 
1 km 5 years 

1990–

2020 

Cheng et al., 

2024b 

LAI GIMMS LAI4g 1/12° 15 day 
1982–

2020 
Cao et al., 2023 

E, T, SM GLEAM v4.2a 0.1° 1 day 
1980–

2023 

Miralles et al., 

2025 

Validation data 

SiTHv2 0.1° 1 day 
1982–

2020 

Zhang et al., 

2024 

China terrestrial ecosystem 

transpiration fraction dataset 
0.05° 8 day 

1981–

2015 
Niu et al., 2020 

Ta, Pa, RH, Td, P, 

PET, Rn, WS 
ERA5-Land 0.1° 1 month 

1950–

2025 

Muñoz-Sabater 

et al., 2021 

CO2 
Global 1 km atmospheric carbon 

dioxide concentration dataset 
1 km annually 

2003–

2023 
Wang, 2025 

forest age 

Long-term reconstructed forest 

age dataset for China 
1 km annually 

1980–

2015 
Xia et al., 2024 

2020 forest age spatial 

distribution dataset for China 
30 m static 2020 

Cheng et 

al.,2024a 

LAI, Leaf area index; E, Evapotranspiration; T, Transpiration; SM, Root-zone soil moisture; Ta, 157 
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Air temperature; Td, Dewpoint temperature; Pa, Air pressure; P, Precipitation; PET, Potential 158 

evapotranspiration; Rn, Net radiation; WS, wind speed. 159 

2.2. Study region 160 

Our study area covers terrestrial China, spanning temperate, subtropical, and tropical climate 161 

zones. The analysis focuses on China’s NF and PF. NF are mainly concentrated in the mountains of 162 

Northeast and Southwest China, whereas PF are widely distributed across the plains and hills of 163 

East, Central, and South China (Figure 1a). The vast majority of NF and PF are located in humid 164 

and semi-humid zones (Figure 2). 165 

 166 

Figure 1. Spatiotemporal characteristics of China’s natural forests (NF) and plantation forests 167 

(PF) from 1990 to 2020. (a) Average spatial distribution of NF (green) and PF (orange) in China 168 

from 1990 to 2020. (b) Dynamic changes in the area (km²) of NF and PF from 1990 to 2020. (c) 169 

Rate of change (%) in NF and PF area for each five-year period from 1990–2020. 170 

2.2.1. Aridity index and analytical framework 171 

We used the aridity index (AI) to characterize climatic background and to organize the spatial 172 

analyses within a unified framework. AI was defined as the ratio of annual potential 173 

evapotranspiration to annual precipitation, /AI PET P= .Based on the 1990–2020 multi-year 174 

mean AI, China was divided into four climatic zones: humid (AI < 1), semi-humid (1 ≤ AI < 1.5), 175 

semi-arid (1.5 ≤ AI < 4), and arid (AI ≥ 4) (Zhu et al., 2022). This four-zone classification was 176 
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used as the geographic framework for mapping and descriptive comparisons. Because forest 177 

samples in the arid zone were extremely sparse, subsequent statistical analyses were restricted to 178 

the humid, semi-humid, and semi-arid zones. 179 

 180 

Figure 2. Spatiotemporal distribution and composition of forests in different climatic zones in 181 

China from 1990 to 2020. (a) Spatial distribution of the four climatic zones (humid, semi-humid, 182 

semi-arid, and arid) in China; the pie charts show the total forest area within each zone and its 183 

composition of natural forest (green) and planted forest (orange). (b) Dynamic changes in forest 184 

area in each climatic zone from 1990 to 2020. For each year, the left solid stacked bar represents 185 

natural forest (NF), and the right hatched stacked bar represents plantation forest (PF). Bar colors 186 

indicate the forest area contributed by different climatic zones. The value at the top of each year 187 

indicates the total national forest area, and labels with “K” denote 10³ km². 188 

2.3. Methods 189 

2.3.1. VPD calculation 190 

Vapor pressure deficit (VPD, hPa) is expressed, as follows, as the difference between 191 

saturation vapor pressure (Ps, hPa) and actual vapor pressure (Pw, hPa): 192 

 = −s wVPD P P  (1) 193 

To calculate VPD, we used directly observed meteorological parameters, including air 194 

temperature (Ta, ℃), relative humidity (RH, %), and air pressure (Pa, hPa). Ps was calculated using 195 

the improved Magnus equation (Yuan et al., 2019): 196 
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17.67

243.56.112
a

a

T

T

sP f e



+=    (2) 197 

Here, f  is the atmospheric pressure enhancement factor, which corrects for the effect of pressure 198 

on saturation vapor pressure in moist air (Buck, 1981). This coefficient is calculated using Pa as 199 

follows: 200 

 
4 61 7 10 3.46 10− −= +  +   af P  (3) 201 

Pw is then derived from Ps and RH as follows : 202 

 
1

100%
=  w sP P RH  (4) 203 

2.3.2. Sensitivity of TF to LAI 204 

We define the transpiration fraction as 205 

 TF
E

T
=  (5) 206 

In this study, T and E were first aggregated from daily data to annual growing-season totals 207 

(April–October), and LAI was represented by the corresponding annual growing-season mean. TF 208 

was then calculated from these annual growing-season quantities, and all subsequent θ analyses 209 

were therefore conducted at the annual growing-season scale rather than at the daily or monthly 210 

scale. 211 

Note that (0,1)TF   is bounded. To explicitly account for the inherent nonlinearity and 212 

saturation in the TF–LAI relationship, we estimated the sensitivity θ as a marginal response under 213 

a bounded nonlinear framework. 214 

Within the full period (1990–2020) and within each 11-year moving window, we fit a quadratic 215 

model in logit space: 216 

 ( ) ( )
2

logit( ) ln
1

med med

TF
z TF a b LAI LAI c LAI LAI

TF

 
= = = + − + − 

− 
 (6) 217 

Here, LAImed is the pixel-specific median LAI within the same period (median-centering was used 218 

to improve numerical stability). Prior to the logit transform, TF was clipped to [ ,1 ] − (ε = 0.005) 219 

to avoid numerical singularities. 220 

We then recovered  1/ (1 )zTF e−= +  and computed the marginal sensitivity as 221 

  ( ) ( )1 [ 2 ]med

TF
TF TF b c LAI LAI

LAI



= = − + −


 (7) 222 
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For ease of interpretation, Eq. (7) can be written as223 

 (1 ) [ 2 ( )]med

damping

TF TF b c LAI LAI



 = −  + −
  , in which the damping term reflects boundary effects 224 

and η represents the structural sensitivity in logit space. 225 

To separate the position-dependent saturation effect from changes in the shape of the fitted TF-226 

LAI relationship, we evaluated (i) total  at medLAI LAI= , representing the sensitivity under the 227 

actual state of each pixel and (ii) clim  at a fixed reference refLAI  (global median LAI), which 228 

removes the influence of shifting along the TF–LAI curve. Additionally, the boundary component 229 

was quantified as 230 

 mbound to lital c  = −  (8) 231 

We calculated θ at two time scales. (1) The full-period mean θ characterized the average state 232 

during 1990–2020. (2) The θ time series characterized decadal changes, generated using an 11-year 233 

moving window recorded for the central year (1995–2015), a data processing step that was also used 234 

for subsequent trend and attribution analyses. Pixels with insufficient valid years and negligible LAI 235 

variability were excluded to ensure robustness. 236 

2.3.3. Spatial association under the joint SM–VPD gradient: binning analysis 237 

To assess the relative roles of SM and VPD in the spatial differentiation of θ, we applied a 238 

pooled spatial-binning analysis. Using all eligible pure NF and pure PF pixels as samples, we 239 

extracted the full-period mean θ, SM, and VPD values and Z-score standardized them. To evaluate 240 

the relative effect of VPD under comparable SM backgrounds, denoted as Δθ(VPD|SM), pixels 241 

were first grouped into bins according to SM. Within each SM bin, the difference in mean θ between 242 

high- and low-VPD groups was calculated, and these differences were then averaged across bins. 243 

The relative effect of SM, denoted as Δθ(SM|VPD), was evaluated in the same way by binning 244 

pixels according to VPD and then comparing high- and low-SM groups within each bin. This 245 

approach thus summarized spatial contrasts under comparable hydroclimatic backgrounds using a 246 

control-variable logic. These analyses are complementary but not identical to the subsequent 247 

temporal attribution analyses; specifically, the binning analysis characterized cross-site contrasts in 248 

θ across the long-term SM–VPD climate space, whereas the partial-correlation and ridge analyses 249 
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quantified within-pixel temporal associations of θ with SM and VPD. 250 

2.3.4. Dynamic temporal attribution: partial correlation and ridge regression 251 

To investigate the pixel-scale temporal relationships of SM and VPD with θ, we used partial 252 

correlation and ridge regression based on the 1995–2015 11-year sliding-window series. This 253 

analysis was conducted at two levels. First, for each pixel, we calculated an overall partial 254 

correlation coefficient and ridge-regression coefficient based on the full 1995–2015 series, 255 

representing the average independent association of SM and VPD with θ throughout that period 256 

after accounting for their covariation. Second, to evaluate change over time, we performed a 257 

secondary sliding-window analysis on the same 1995–2015 series and generated time series of the 258 

coefficients themselves. Trends in these coefficient series were then used to infer whether the effects 259 

of SM and VPD became stronger or weaker over time. Thus, the first-level analysis described the 260 

mean temporal attribution pattern, whereas the second-level analysis characterized its change over 261 

time. 262 

Partial correlation analysis: We calculated two pixel-wise partial correlation coefficients: r(θ, 263 

SM|VPD) and r(θ, VPD|SM). The former represents the correlation between θ and SM after 264 

controlling for interannual VPD fluctuations, whereas the latter represents the correlation between 265 

θ and VPD after controlling for SM variability. 266 

Ridge regression analysis: Given the collinearity between SM and VPD, we further employed 267 

a ridge regression model, SM VPDSM VPD   = + , to more robustly quantify their relative 268 

contributions to θ. By introducing an L2 regularization term, ridge regression stabilizes coefficient 269 

estimates under multicollinearity. The regression was performed on standardized time series, and 270 

the resulting coefficients (βSM and βVPD) directly reflect the relative strengths of the SM and VPD 271 

effects. We further calculated the relative contribution (RC) of SM and VPD as272 

/ ( )SM SM SM VPDRC   = +∣ ∣∣ ∣∣ ∣ and / ( )VPD VPD SM VPDRC   = +∣ ∣∣ ∣∣ ∣ , to determine the 273 

dominant hydrological driver at each pixel. To further diagnose multicollinearity between SM and 274 

VPD, we also calculated the variance inflation factor (VIF). 275 

To quantify temporal changes in θ and in the coefficient series derived from the 11-year 276 

moving-window analysis, we estimated trends using the Theil–Sen median slope estimator. Trend 277 
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significance was assessed using the Mann–Kendall (MK) test (two-tailed, α = 0.05). To reduce 278 

potential bias caused by temporal autocorrelation, the MK statistic was variance-corrected. The 279 

same trend-analysis framework was applied consistently to all moving-window-derived time series 280 

used in the temporal attribution analysis. 281 

2.3.5. Pathway analysis of macroclimate effects on θ 282 

To analyze the pathways through which macroclimate change may affect θ via local 283 

hydrological processes, we constructed a pathway model. The independent variable X served as the 284 

climate-factor trend (including P, Ta, Rn, and WS), the mediator variable M corresponded to the 285 

local water supply–demand status (SM and VPD trends), and the dependent variable Y represented 286 

the θ trend. RH was not included separately because its effect on atmospheric water demand is 287 

already represented by VPD. Pathway analysis was used to partition the associations between 288 

macroclimate trends and θ into direct effects and indirect effects mediated through SM and VPD. 289 

The statistical significance of all pathway effects was tested by bootstrap resampling (1000 290 

iterations). Because SM and VPD may remain correlated under coupled hydroclimatic conditions, 291 

the pathway coefficients were interpreted as complementary association pathways rather than as a 292 

strict causal separation of two fully independent mediators. This interpretation was further evaluated 293 

using a supplementary mediator-specification comparison based on SM-only, VPD-only, and joint 294 

pathway models (Figure S19). The trends of P, Ta, Rn, WS, SM, VPD, and θ used in the pathway 295 

analysis were all estimated using the same Theil–Sen and variance-corrected Mann–Kendall 296 

framework described above. 297 
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3. Results 298 

3.1. Spatiotemporal patterns and long-term trends of θ 299 

 300 

Figure 3. Spatiotemporal patterns and long-term trends of LAI—TF sensitivity (θ) in China’s 301 

natural forests (NF) and plantation forests (PF) during the 1990–2020 growing seasons. (a) 302 

and (b) show the multi-year mean spatial distribution of θ for NF and PF, respectively, derived from 303 

the overall logit–quadratic model using TFE (c) and (d) show the corresponding long-term trends in 304 

θ estimated from the 11-year moving-window time series using the Theil–Sen slope; black dots 305 

indicate significant trends based on the Mann–Kendall test (p ＜ 0.05). (e) shows the distribution 306 

of θ across climatic zones (humid, semi-humid, and semi-arid) for NF and PF. (f) and (g) show the 307 

temporal evolution of zone-averaged θ for NF and PF, respectively, with Theil–Sen trend lines 308 

overlaid. 309 

Mean θ showed clear spatial heterogeneity and was consistently higher in NF than in PF 310 
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(Figure 3a, b, e). High-θ areas in NF were concentrated mainly within the semi-arid to semi-humid 311 

transition belt, whereas PF showed a distinctly more fragmented pattern. During 1990–2020, 312 

growing-season θ declined widely in both forest types, with a stronger mean decline in PF than in 313 

NF (Figure 3c, d). Significant negative trends were concentrated mainly in semi-humid and semi-314 

arid transition regions, while humid regions showed weaker negative trends. The zone-averaged 315 

time series further confirmed that θ decreased significantly across climatic zones in both forest types, 316 

with the strongest declines occurring under drier climatic conditions (Figure 3f, g). Overall, the 317 

marginal enhancement of TF by increasing LAI weakened over the past three decades, especially in 318 

PF and in relatively dry regions. 319 

3.2. Hydroclimatic controls of θ: SM and VPD 320 

3.2.1. Response of θ to the joint SM–VPD gradient 321 

 322 

Figure 4. Pooled spatial binning analysis of LAI—TF sensitivity (θ) under the joint soil 323 

moisture (SM)–vapor pressure deficit (VPD) gradient during the 1990–2020 growing seasons. 324 

(a) and (b) show the mean standardized θ values in 10 × 10 SM–VPD bins for natural forests (NF) 325 

and plantation forests (PF), respectively; only bins with sample size ≥ 10 are shown. (c) shows 326 

the relative effects of VPD and SM as indicated by Δθ(VPD|SM) and Δθ(SM|VPD), calculated from 327 

the top 20% versus bottom 20% contrasts within each bin and then averaged across bins. Circles 328 

denote climatic zones, while squares denote the national total. θ was Z-score standardized in this 329 

analysis. 330 

Pooled binning analysis showed that θ varied nonlinearly along the joint SM–VPD gradient in 331 

both forest types, with relatively high values occurring under intermediate SM and moderate-to-332 

high VPD conditions, and lower values toward both the wet/low-VPD and dry/high-VPD ends of 333 
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the gradient (Figure 4a,b). The contrast analysis further revealed clear differences in the relative 334 

effects of SM and VPD (Figure 4c). At the national scale, NF showed a much stronger SM-related 335 

contrast than VPD-related contrast [Δθ(SM|VPD) = −0.396 versus Δθ(VPD|SM) = −0.065], whereas 336 

PF showed the opposite pattern, with a much stronger VPD-related contrast [Δθ(VPD|SM) = 0.228 337 

versus Δθ(SM|VPD) = 0.009]. Across climatic zones, NF exhibited stronger VPD-related contrasts 338 

in the humid and semi-arid zones but stronger SM-related contrasts in the semi-humid zone. In 339 

contrast, PF was mainly VPD-dominated in the humid and semi-arid zones, while both contrasts 340 

were relatively weak in the semi-humid zone. Within the pooled spatial-binning framework, these 341 

results indicate that the relative roles of soil water supply and atmospheric demand differed 342 

markedly between NF and PF. Zone-specific pooled SM–VPD binning patterns for NF and PF are 343 

shown in Figures S14 and S15, respectively. 344 

3.2.2. Dynamic evolution of the independent effects of SM and VPD  345 

Partial-correlation analysis revealed that the independent associations of θ with both SM and 346 

VPD were predominantly negative and were generally stronger in PF than in NF (Figure 5). At the 347 

national scale, the mean values of r(θ, SM|VPD) and r(θ, VPD|SM) were −0.0725 and −0.0992 in 348 

NF, compared with −0.1517 and −0.1630 in PF, respectively, indicating slightly stronger VPD-349 

related associations in both forest types and overall stronger hydroclimatic constraints in PF. Across 350 

climatic zones, the strongest negative partial correlations in NF occurred in the semi-arid zone, 351 

especially for VPD, whereas PF showed consistently negative correlations across all zones. The 352 

temporal analyses further revealed spatially heterogeneous changes in these relationships (Figure 353 

6). In NF, the SM-related partial correlation became less negative in the humid and semi-arid zones, 354 

while the VPD-related partial correlation also became less negative in the semi-humid zone. In PF, 355 

the SM-related partial correlation became more negative in the semi-humid and semi-arid zones, 356 

whereas the VPD-related partial correlation became less negative in the semi-humid zone. Overall, 357 

both SM and VPD constrained θ, but the constraints were generally stronger in PF, and their 358 

temporal changes were regionally differentiated rather than spatially uniform. 359 
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 360 

Figure 5. Spatial distribution and zonal means of partial correlations between forest LAI–TF 361 

sensitivity (θ) and hydroclimatic factors during the growing season from 1995 to 2015. (a) and 362 

(b) show the spatial patterns of r(θ, SM|VPD) for natural forests (NF) and plantation forests (PF), 363 

respectively; (c) and (d) show the corresponding patterns of r(θ, VPD|SM). (e) and (f) show the 364 

mean partial correlations across climatic zones. All variables were Z-score standardized before 365 

analysis, and pixels with fewer than 10 years of valid data were excluded.366 
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 367 

Figure 6. Temporal evolution and spatial trends of partial correlations between forest LAI–TF sensitivity (θ) and hydroclimatic factors during the growing 368 

season from 1995 to 2015. (a) and (d) show the temporal evolution of zone-averaged r(θ,SM∣VPD) for NF and PF, respectively; (b) and (c) show the corresponding 369 

spatial trends. (e) and (h) show the temporal evolution of zone-averaged r(θ,VPD∣SM) for NF and PF, respectively; (f) and (g) show the corresponding spatial 370 

trends. Trend slopes were estimated using the Theil–Sen estimator, and significant pixels according to the variance-corrected Mann–Kendall test (p < 0.05) are indicated 371 

by black dots.372 
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3.2.3. Quantification and spatiotemporal heterogeneity of dominant 373 

hydrological drivers 374 

Ridge regression showed that both SM and VPD were generally negatively associated with θ, 375 

but the magnitude was usually stronger for VPD (Figure 7). At the national scale, both NF and PF 376 

remained slightly more VPD-dominated in terms of the present spatial pattern, with mean relative 377 

contributions of VPD of 0.541 and 0.534 in NF and PF, respectively. Consistently, VPD-dominated 378 

pixels accounted for 57.1% of all NF pixels and 57.0% of all PF pixels, compared with 42.9% and 379 

43.0%, respectively, for SM-dominated pixels. The relative-contribution and dominance statistics 380 

therefore consistently indicated a modest present-day advantage of VPD over SM, particularly in 381 

the semi-arid zone. The trend analysis further indicated a general strengthening of the SM effect 382 

and a weakening of the VPD effect in several regions, especially across semi-humid to semi-arid 383 

areas (Figure 8). Within the pixel-wise temporal analysis, these results suggest that VPD explained 384 

a slightly larger share of the spatial pattern of θ, whereas the relative role of SM increased over time. 385 

RC and VIF supported the robustness of this interpretation (Figure S16). 386 
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 387 

Figure 7. Spatial distribution of ridge-regression standardized coefficients and dominant hydrological driver for forest θ. For natural forests (NF), (a) and (b) 388 

show the spatial distributions of βSM and βVPD, respectively, and (c) shows the corresponding dominance pattern. (d)–(f) show the same results for plantation forests 389 

(PF). (g) and (i) summarize the zonal means and variability of βSM and βVPD for NF and PF, respectively, and (h) and (j) show the fractions of SM- and VPD-dominated 390 
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pixels across climatic zones. Warm colors indicate positive coefficients and cool colors indicate negative coefficients; blue and red in dominance maps denote SM-391 

dominated and VPD-dominated pixels, respectively. 392 

 393 

Figure 8. Temporal evolution and spatial trends of ridge-regression coefficients for forest θ (a) and (e) show the temporal evolution of zone-averaged βSM for NF 394 
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and PF, respectively; (b) and (f) show the corresponding spatial trends in βSM. (d) and (h) show the temporal evolution of zone-averaged βVPD for NF and PF, respectively; 395 

(c) and (g) show the corresponding spatial trends in βVPD. Trend slopes were estimated using the Theil–Sen estimator, and significant pixels based on the Mann–Kendall 396 

test (p < 0.05) are indicated by black dots. Solid trend lines indicate significant trends, and dashed lines indicate non-significant trends. 397 



 

22 

 

3.3. Pathway attribution of macro-climate effects on θ 398 

Pathway analysis indicated that the effects of macroclimate change on θ varied strongly among 399 

drivers, climatic zones, and forest types (Figure 9). In natural forests (NF), precipitation generally 400 

showed negative direct effects, especially in the semi-humid and semi-arid zones, while its indirect 401 

effects differed among pathways, including positive VPD-mediated effects in humid and semi-arid 402 

zones. Temperature was the most consistent negative direct driver in NF, with particularly strong 403 

negative effects in humid and semi-arid regions, while its indirect effects differed according to 404 

pathway, including positive VPD-mediated effects in humid and semi-arid zones. In plantation 405 

forests (PF), the pathway structure was more heterogeneous; specifically, precipitation showed a 406 

significant positive direct effect in the semi-arid zone, temperature showed opposite indirect effects 407 

through SM and VPD in the humid zone, and net radiation and wind speed mainly exerted pathway-408 

specific effects in humid and semi-humid regions. Overall, the pathway coefficients indicated strong 409 

dependence on hydroclimatic context and forest type in how macroclimate trends were associated 410 

with changes in θ, with no single pathway dominating across all climate drivers and zones. A 411 

supplementary mediator-specification comparison showed that the direction of VPD-mediated 412 

indirect effects was generally more robust across single-mediator and joint models than that of SM-413 

mediated effects, whereas SM-mediated pathways were more sensitive to model specification under 414 

SM–VPD coupling (Figure S19). 415 

 416 
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Figure 9. Heatmap of pathway coefficients across climate zones for natural and plantation 417 

forests. Standardized path coefficients show the decomposition of the effects of four macroclimate 418 

drivers ( precipitation, temperature, net radiation, and wind speed) on θtotal trends into direct 419 

effects and indirect effects mediated by SM and VPD for natural forests (a) and plantation forests 420 

(b). Rows correspond to the four macro-climate drivers, while columns are grouped by climate zone 421 

( humid, semi-humid, and semi-arid), each subdivided into direct effects, indirect effects via SM, 422 

and indirect effects via VPD. Cell values are standardized coefficients from parallel dual-mediation 423 

pathway analysis, and asterisks indicate significance at the 95% level (i.e., bootstrap confidence 424 

interval excludes zero). Warm colors indicate positive effects, while cool colors indicate negative 425 

effects. 426 

4. Discussion 427 

4.1. Nonlinear hydroclimatic regulation of θ 428 

The joint SM–VPD analysis shows that θ was highest under intermediate SM and moderate-429 

to-high VPD, corresponding to relatively strong atmospheric demand, and declined toward both 430 

wetter/low-demand and drier/high-demand conditions (Figure 4; Figures S14–S15). This pattern 431 

indicates that increased leaf area enhances TF most effectively when water supply is sufficient but 432 

not excessive and evaporative demand is strong enough to sustain canopy transpiration. Once soil 433 

water becomes limiting or atmospheric demand becomes too strong, stomatal regulation 434 

increasingly constrains transpiration to avoid hydraulic damage, so the marginal gain in 435 

transpiration per unit increase in LAI declines (Novick et al., 2016; Grossiord et al., 2020; 436 

McDowell et al., 2022). Under wetter and weak-demand conditions, the capacity of additional leaf 437 

area to increase TF is also reduced because energy limitations, weaker canopy–atmosphere coupling, 438 

and larger non-transpirational evaporation fractions all weaken the translation of additional leaf area 439 

into transpiration (Konings et al., 2017; Stoy et al., 2019). The supplementary θ diagnostics further 440 

suggest that this nonlinearity cannot be explained solely as a bounded geometric effect of TF; part 441 

of the long-term change also reflects shifts in the LAI–TF relationship itself (Figures S6–S13). 442 

4.2. Long-term weakening of the LAI enhancement effect on TF 443 

The widespread decline in θ, especially across semi-humid to semi-arid transition zones, 444 

indicates that the capacity of increasing LAI to enhance TF has weakened over the last three decades 445 
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(Figure 3). This trend is consistent with a background of warming, rising VPD, and increasing 446 

frequency of soil moisture limitation, all of which reduce the effective transpiration response of 447 

forests to additional canopy development (Yuan et al., 2019; Lian et al., 2020; Denissen et al., 2022). 448 

Rising atmospheric CO2 may also have contributed to this decline by lowering stomatal conductance 449 

and increasing intrinsic water-use efficiency, thereby reducing transpiration demand per unit leaf 450 

area even where greening continued (Keenan et al., 2013; Keenan et al., 2016; Lavergne et al., 2019; 451 

Liang et al., 2023). At the same time, the supplementary analyses are more consistent with 452 

interpreting CO2 as a temporally coherent background forcing rather than a spatially heterogeneous 453 

driver of θ across China’s forests (Figure S17; Table S1). Stand development may likewise have 454 

modulated this trajectory. Age-related changes in stand structure, rooting depth, canopy roughness, 455 

and interception can shift the partitioning of evapotranspiration between transpiration and non-456 

transpirational components, and therefore alter the LAI–TF relationship even without large changes 457 

in total leaf area (Fan et al., 2017; Forrester, 2015). However, the age-stratified results show that the 458 

higher θ in NF than in PF persisted across age groups, and including stand age did not overturn the 459 

broad interpretation of the relative roles of SM and VPD, although the magnitude of change was 460 

heterogeneous across forest types and climatic zones (Figure S18; Table S2). Together, these results 461 

suggest that CO2 rise and stand development may act as background modifiers of θ, while the 462 

dominant large-scale patterns remain primarily associated with hydroclimatic variability. 463 

4.3. Temporal changes in hydroclimatic effects on θ 464 

Partial correlation, ridge regression, and pathway analysis consistently indicate that the 465 

hydroclimatic controls on θ have changed over time, with the relative role of SM strengthening and 466 

that of VPD weakening in many regions (Figures 5–9). This does not mean that atmospheric demand 467 

has ceased to matter; VPD still explains a slightly larger share of the present spatial pattern of θ, as 468 

also supported by the dominance statistics and multicollinearity diagnostics (Figure 7; Figure S16). 469 

The more important point is that the sensitivity of θ to soil moisture limitation has intensified under 470 

recent climatic conditions. This interpretation is physically consistent with the increasing prevalence 471 

of water-limited ecosystem behavior under warming, in which rising evaporative demand is 472 

increasingly translated into ecological stress through soil-water depletion rather than through 473 

atmospheric forcing alone (Berg et al., 2016; Denissen et al., 2022). Once ecosystems approach 474 
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critical soil-moisture thresholds more frequently, stomatal and hydraulic regulation become more 475 

tightly constrained by water supply, and the explanatory role of SM rises accordingly (Fu et al., 476 

2022; Liu et al., 2025). The pathway results add the same message at a broader scale: temperature 477 

exerted generally negative effects on θ, whereas the effects of precipitation and radiation varied by 478 

forest type and climatic zone, implying that macroclimate trends influence θ through multiple 479 

hydroclimatic pathways rather than through a single dominant mechanism. 480 

4.4. Contrasting ecohydrological responses of natural and plantation forests 481 

The contrast between natural and plantation forests remained one of the clearest features of the 482 

analysis. NF consistently showed higher θ, and high-θ values in NF were maintained across a wider 483 

range of SM–VPD backgrounds, whereas PF showed lower θ and a more restricted range of 484 

hydroclimatic conditions under which high θ occurred. This pattern likely reflects differences 485 

between long-term spatial hydroclimatic contrasts and within-pixel temporal variability. Spatial 486 

contrasts integrate longer-term differences in stand structure, species composition, hydraulic 487 

diversity, and belowground water access, whereas temporal anomalies are expressed more directly 488 

through canopy–atmosphere coupling and stomatal–hydraulic regulation during drought (Martínez-489 

Vilalta & García-Forner, 2017; Grossiord et al., 2020; Novick et al., 2024; Bachofen et al., 2024). 490 

Under this interpretation, the broader hydroclimatic response of NF may reflect the greater structural 491 

and functional heterogeneity often associated with natural forests, while the narrower response of 492 

PF may reflect the relative structural simplification typical of many plantation stands. This 493 

interpretation is also consistent with evidence that higher hydraulic diversity can buffer ecosystem 494 

drought responses (Anderegg et al., 2018). The age-stratified supplementary results are consistent 495 

with this interpretation, because the higher θ in NF than in PF persisted across age classes and this 496 

pattern is therefore unlikely to be explained solely by stand age. 497 

4.5. Implications and limitations 498 

These results imply that further greening will not necessarily translate into proportionally 499 

higher transpiration fractions under continued warming and drying. In regions where hydroclimatic 500 

water stress is increasing, especially across semi-humid to semi-arid transition zones, the 501 

ecohydrological consequences of increasing canopy leaf area depend increasingly on soil water 502 
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supply, and this dependence appears more evident in plantation forests than in natural forests. This 503 

has direct management implications: plantation design may benefit from greater rooting-depth and 504 

trait diversity and from stand structures that reduce rapid soil-water depletion, whereas natural 505 

forests may benefit more from maintaining multilayer canopy structure and hydraulic diversity 506 

under rising atmospheric demand. Several limitations should remain explicit. A nationwide in situ 507 

benchmark for θ trends is not yet available because long-term observations that simultaneously 508 

resolve transpiration partitioning, LAI dynamics, and stand development remain too sparse across 509 

China’s forests. We therefore evaluated robustness through cross-product consistency rather than 510 

direct site-based validation. In addition, because θ, SM, and VPD were analyzed from growing-511 

season aggregates and moving-window series, the results characterize seasonal-to-interannual 512 

hydroclimatic controls rather than instantaneous stomatal responses to short-lived atmospheric 513 

fluctuations. Even with these constraints, the convergence among the main analyses, the 514 

supplementary robustness checks, and the CO2- and age-sensitivity diagnostics supports the central 515 

inference that the enhancement of TF by increasing LAI has weakened across China’s forests and 516 

is increasingly shaped by soil moisture limitation. 517 

5. Conclusion 518 

Across China’s forests, the enhancement of TF caused by increased LAI has weakened during 519 

1990–2020. VPD still explains a slightly larger share of the present spatial pattern of θ, but the role 520 

of SM has strengthened over this timespan, indicating there has been an increase in SM limitation. 521 

Differences between NF and PF were obvious: NF maintained higher θ values, whereas PF showed 522 

a greater long-term decline in θ. Collectively, these results indicate that continued greening under 523 

warming will not necessarily result in proportionally higher TF, particularly in semi-humid to semi-524 

arid transition regions. 525 
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