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A B S T R A C T   

Quantifying the contributions of climate and vegetation to the dynamics of evapotranspiration (ET) and water 
yield (i.e., precipitation minus ET) will help us better understand the changes in the water budget. In this study, 
we identified the contributions of climate variables (including precipitation, radiation, temperature, and relative 
humidity), human-disturbed vegetation, and natural vegetation to the trends in annual ET and water yield over 
vegetated mainland China during 2001–2020, using a process-based terrestrial ecosystem model and a joint- 
solution method with multiple sensitivity numerical experiments. Results showed that 46% of the study area 
experienced significant (p<0.05) increases in ET, with an overall increase of 2.32 mm y− 1. Meanwhile, the 
overall trend in water yield was 2.56 mm y− 1 but insignificant. Spatially, vegetation and precipitation are the 
dominant factors for ET trends over 55% and 32% of vegetated mainland China, respectively. Over the regions 
where vegetation dominates the ET trends, nearly half of these regions are covered by human-disturbed vege
tation (e.g., cropland or regions with land cover changes), suggesting that anthropogenic activities play a crucial 
role in the hydrological cycle there. Concerning the trends in water yield, precipitation is the dominant factor 
over 64% areas. Human-disturbed vegetation and natural vegetation play similar roles and combined can explain 
the water yield trends over 30% areas. Our study highlights the spatial variations in the mechanisms behind 
changes in the water budget over mainland China, particularly in regions covered by human-disturbed vegeta
tion. This finding should be considered in the existing and future national ecological recovery policies to 
maximize its eco-hydrological benefits.   

1. Introduction 

Evapotranspiration (ET) is arguably a central component of the 
terrestrial water cycle, and functions as a vital link between the land 
surface and the atmosphere through water, energy, and carbon cycles, 
thereby having important implications for the availability and usage of 
water resources (Seneviratne et al., 2006; Wang and Dickinson, 2012). 
Therefore, the spatio-temporal pattern of ET changes has always been a 
common concern of the scientific community, and has been intensively 
studied from global to regional scales (Potter et al., 2005; Fernandes 
et al., 2009; Marshall et al., 2012; Williams et al., 2012; Sun et al., 2014, 

2021; Teuling et al., 2019; Bai et al., 2020; Zhang et al., 2020; Li and 
Quiring, 2021; Ruscica et al., 2021). In a word, the changes in ET have 
happened on various spatio-temporal scales during the past several de
cades but are mainly characterized by evident spatial differences. 
However, our knowledge of the main factors controlling changes in ET 
and even the relevant physical mechanisms are still insufficient, which 
are the key basis for science-based management and rational allocation 
of water resources (Milly et al., 2005; Ribes et al., 2013). 

To that end, the mechanisms behind the changed ET have been 
extensively elucidated by a wealth of studies from perspectives of 
climate conditions and land surface properties (Williams et al., 2012; 
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Odongo et al., 2019; Sun et al., 2014, 2021; Zhang et al., 2018, 2020). 
Studies suggested that changes in climate conditions (e.g., global 
warming and dimming/brightening, wind stilling, and changes in pre
cipitation and relative humidity/vapor pressure deficit) dominated the 
variations of ET in some regions through regulating water and energy 
conditions. In contrast, other regions exhibited dominant factors of land 
surface properties. Among the land surface properties, vegetation has 
multiple biophysical properties. This is especially true for the key bio
physical parameter of the leaf area index (LAI), which is most often used 
to describe vegetation dynamics and largely determines the allocation of 
available water and energy (Katul et al., 2012; Zhang et al., 2018; 
Cavalcante et al., 2019). Moreover, vegetation is also the most 
ever-changing due to plant growth, natural disturbances, and anthro
pogenic disturbances (Liu et al., 2016a, 2016b; Papagiannopoulou et al., 
2017; Cavalcante et al., 2019; Zhang et al., 2020). Therefore, these 
dictate that the impacts of vegetation on changes in ET and other water 
cycle components are complex (Katul et al., 2012; Ruiz-Pérez et al., 
2016). For example, it is widely believed that forestation and defores
tation have the functions of increasing and declining ET, respectively 
(Sun et al., 2006a; Yang et al., 2009; Feng et al., 2016, 2021b; Cav
alcante et al., 2019; Xie et al., 2020). By contrast, forestation and de
forestation’s effects on water yield or runoff are still disputed up to now 
(Ellison et al., 2012). Some studies found that forestation could reduce 
water yield or runoff, generally through increasing evaporation of can
opy interception, transpiration, and at last, ET (Brown et al., 2005; 
Cavalcante et al., 2019). Conversely, other studies have shown that 
forestation increases water yield or runoff because forestation can lead 
to increased precipitation (larger than the increases in 
forestation-induced ET) on regional to global scales via facilitating 
large-scale transport of water vapor, which is known as the climatic 
effect of forestation (Pielke, 2005; Sheil and Murdiyarso, 2009; Yosef 
et al., 2018). To sum up, vegetation-induced hydrological effects remain 
controversial, mainly due to the complexity of vegetation dynamics and 
multiway interactions and feedbacks among vegetation, atmosphere and 
hydrology. 

Although large areas of forests are destroyed annually due to 
anthropogenic and natural disturbances across the globe, the Earth’s 
lands are becoming greening, which has been consistently evidenced by 
different satellite vegetation indicators (including LAI; Jong et al., 2012; 
Mao et al., 2013; Zhu et al., 2016; Chen et al., 2019a; Cortés et al., 2021). 
In particular, China, with only 6.6% of the global vegetated area alone, 
accounts for 25% of the global net increase in leaf area index (LAI) 
during 2000–2017 (Chen et al., 2019a). Two major factors, including 
direct factors (e.g., human disturbances, such as afforestation/refor
estation, and croplands abandonment) and indirect factors (e.g., plant 
growth under the natural environmental conditions, such as CO2 
fertilization and nitrogen deposition), should be responsible for China’s 
greening (Xiao, 2014; Chen et al., 2015, 2019a). For mitigating land 
degradation, air pollution, and climate change, the Chinese government 
has implemented a series of nationwide ecosystem restoration programs 
since the late 1980s, such as the “Three-North Forest Shelterbelt Pro
gram”, the “Natural Forest Conservation Program”, and the “Grain for 
Green Program”, and planted millions of trees, consequently increasing 
vegetation coverage over China (Cao et al., 2011; Chen et al., 2019a). It 
is believed that China is the country with the largest planted forest area 
over the world (Liu et al., 2016a, 2016b). Meanwhile, with the fast ur
banization in China due to the rapid economic development, more and 
more people have migrated to cities in recent years, and thereby vast 
tracts of croplands are abandoned (Qu et al., 2018; Feng et al., 2021a). 
Besides, the indirect factors can also play a non-negligible role in China’s 
increased greenness and even a comparable role in some regions (e.g., 
Tibetan Plateau) relative to human disturbances (e.g., Mao et al. 2013, 
Zhong et al. 2019). 

The apparent vegetation greening and climate change across China 
during the past decades provide a good research opportunity to examine 
the hydrological responses to changes in vegetation and climate. To 

date, based on different models and mathematic methods, many studies 
have been conducted to quantify the impacts of changes in vegetation 
and climate on ET, runoff and other hydrological variables at various 
spatio-temporal scales (Liu et al., 2015a, 2016a, 2016b; Bai et al., 2020; 
Lian et al., 2020; Zhang et al., 2018, 2020; Xie et al., 2019, 2020; Feng 
et al., 2021b). Briefly, vegetation greening could result in increase 
(decrease) in annual ET (water yield or runoff) and the transpiration 
ratio to ET. However, it should be noted that the vegetation 
greening-induced changes in the hydrological variables varied notice
ably in space. These previous studies provide important references for 
scientifically understanding the role of vegetation greening in the 
changed hydrological processes across China. However, several major 
limitations should be noted. Firstly, due to no considerations of the 
impacts of interactions among the influential factors, there often exist 
uncertainties and even errors for the contributions estimated by the 
traditional separation methods, such as regression analysis (Xie et al., 
2020), sensitivity method (Sun et al., 2013; Zhang et al., 2020), differ
ential equation approach (Yang et al., 2009, 2014; Zhang et al., 2018), 
and traditional numerical experiment approach (comparing the simu
lations under different scenario settings; e.g., Liu et al., 2016b; Bai et al. 
2020; Zhang et al., 2020). Considering this issue, Sun et al. (2014, 2017, 
2021) developed a joint-solution method with multiple sensitivity nu
merical experiments. This method can eliminate the combined effects of 
the influential factors’ interactions, and provides an efficient tool for 
accurately estimating the contributions of each factor to changes in the 
hydrological variables. Secondly, only a few studies have separated the 
contributions of human-disturbed and natural vegetation to the varia
tions of key hydrological variables across China, and identified the 
dominant factor among climate variables, human-disturbed vegetation 
and natural vegetation. Therefore, further studies are still needed to dig 
into vegetation’s role in the changes of hydrological processes from the 
perspectives of impacts of human-disturbed vegetation and natural 
vegetation. 

In this study, the Boreal Ecosystem Productivity Simulator (BEPS) 
model will be used to simulate ET, mainly because of its superiority and 
successful applications in estimating terrestrial carbon and water fluxes 
in various ecosystems in different regions (Amthor et al., 2001; Mat
sushita and Tamura, 2002; Wang et al., 2004; Ju et al., 2006, 2010a, 
2010b; Schwalm et al., 2010; Liu et al., 2015b, 2016b; Sonnentag et al., 
2008; Sprintsin et al., 2012; Luo et al., 2018; Chen et al., 2019b; He 
et al., 2021). Importantly, its simulation capability has been enhanced in 
China’s terrestrial ecosystems through optimizing parameters based on 
the literatures (e.g., Feng et al., 2007; Zhang et al., 2012) and eddy 
covariance (EC) flux tower observations (e.g., Liu et al. 2015b, 2016b). 
Therefore, we will proceed with this study using the BEPS model and the 
joint-solution method with multiple sensitivity numerical experiments. 
The objective of this study is twofold. First is to investigate the trends in 
ET, water yield (i.e., precipitation minus ET), climate variables 
(including precipitation, radiation, temperature, and relative humidity), 
and vegetation (including human-disturbed and natural vegetation) 
over mainland China during 2001–2020. Second is to quantify the 
contributions of climate variables and vegetation dynamics to the trends 
in ET and water yield using the joint-solution method (details in Section 
2.4; Sun et al., 2017) and consequently determine the major driving 
factors of the ET and water yield trends during the last two decades over 
different regions (i.e., ten first-level water resources regions; Fig. 1a). 
The results based on the new separation method can provide quantita
tive information to better understand the underlying mechanisms of 
hydrological processes across China and scientifically maintain water 
resources’ sustainable utilization. Importantly, distinguishing the con
tributions of human-disturbed vegetation and natural vegetation will 
help science-based ecosystem restoration planning. 
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2. Data and methodology 

2.1. The BEPS model 

The present study estimated ET on a daily scale using the BEPS 
model. It was originally proposed based on the frames of the FOREST 
Bio-Geochemical Cycles (FOREST-BGC) model (Running and Coughlan, 
1988), and subsequently improved by several follow-on studies (Chen 
et al., 1999; Liu et al., 2003; Ju et al., 2010a, 2010b). This model 
generally includes four components: photosynthesis, energy balance, 
hydrological, and soil biochemical modules. Within the hydrological 
module, both transpiration and evaporation are estimated based on the 
Penman-Monteith equation. ET is computed as the sum of canopy 
transpiration from sunlit and shaded leaves, canopy interception, and 
soil surface evaporation (details in Appendix A; Chen et al., 2005). The 
BEPS employs a bucket model approach to simulate soil water content at 
three soil profile layers with thicknesses of 0.1 m, 0.25 m, and 0.85 m 
(details in Appendix B; Liu et al., 2013). 

Following previous studies, we assumed no anthropogenic water use 
interventions (e.g., the farmland irrigation, the ground water with
drawal, and the inter-basin water transfer projects), and specified water 
yield as precipitation minus ET, which represents the total amount of 
water available for runoff, soil water storage change, groundwater 
recharge, and cryospheric water storage change (if glaciers existed) 
(Seager et al., 2013; Kumar et al., 2014; Byrne and O’Gorman, 2015). 
This indicator has been widely used as an informative indicator of water 
resource conditions to reveal the spatio-temporal changes in water re
sources across the globe (e.g., Seager et al. 2013, Kumar et al. 2014, 
Byrne and O’Gorman 2015, Greve and Seneviratne 2015, Greve et al. 
2018, Rohatyn et al. 2018, Zhou et al. 2021, Zhao et al. 2021). 

Considering the applicability of the BEPS model and the major fo
cuses of this study to investigate climate and vegetation impacts on ET 
and water yield trends, the simulations were conducted only in the 
vegetated regions, which were specified as regions always covered by 
vegetation during 2001–2020. Then, all the area percentages mentioned 
in the following text were estimated relative to the vegetated regions. 

2.2. Data and processing 

2.2.1. Inputs for the BEPS model 
Routine meteorological observations, land surface parameters [e.g., 

soil texture, land use/cover (LC), and LAI], and atmospheric CO2 con
centration are necessary to run the BEPS model. Therefore, we collected 
daily meteorological observations at more than 2000 sites during 
2001–2020 from the China Meteorological Administration (CMA; 
Fig. 1b), i.e., maximum and minimum temperatures (o C), relative hu
midity (%), sunshine duration (h day− 1), and precipitation (mm), which 
have been performed a strict quality control by the CMA. Furthermore, 
due to limited spatial representativeness of incoming solar radiation 
measurements across China (less than 150 sites with observations), the 
daily sunshine duration was employed to estimate incoming solar ra
diation following the work of Ju et al. (2010a, 2010b). For matching the 
spatial resolution (i.e., 500 m) of remotely sensed data (i.e., LC and LAI), 
the daily meteorological observations were interpolated to 500 m × 500 
m gridded data with the inverse distance weight (IDW) interpolation 
method. Especially for temperature interpolation, the topographic ef
fects (i.e., a lapse rate of 0.6 ◦C per 100 m) were considered (Liu et al., 
2015b). 

The volumetric percentages of sand, clay, and silt were from the soil 
texture maps (http://globalchange.bnu.edu.cn/), which were developed 
by Shangguan et al. (2012) based on the 1: 1,000,000 scale soil map of 
China and approximately 9000 soil profile records in the second national 
soil survey dataset. Each volumetric percentage was resampled at a 
spatial resolution of 500 m. These percentage data were used to deter
mine hydraulic parameters. 

The 2001–2019 annual Moderate Resolution Imaging Spectroradi
ometer (MODIS) LC products (i.e., MCD12Q1 V006 at a spatial resolu
tion of 500 m; Friedl et al., 2010; Sulla-Menashe et al., 2019) with the 
International Geosphere-Biosphere Programme (IGBP) land cover clas
sification system were used here (https://lpdaac.usgs.gov/produ 
cts/mcd12q1v006/), and further aggregated into nine types to assign 
LC classifications within the BEPS model (details in Fig. 1c). Due to the 
2020 dataset deficiency, the corresponding LC map was specified by the 

Fig. 1. Spatial distributions of ten first-level water re
sources regions, weather sites, MODIS-based land use/ 
cover (LC) in 2001, and eddy covariance (EC) flux sites 
and validation basins used to evaluate water-balance 
simulations. (a) Spatial distribution of ten first-level 
water resources regions. Water resources regions 
include Songhuajiang, Liao, Northwest, Yellow, Hai, 
Huai, Changjiang, Southeast, Southwest, and Pearl 
River Basin (RB). (b) Spatial distribution of weather 
sites. (c) Spatial distribution of MODIS-based land use/ 
cover (LC) in 2001 according to the IGBP classification 
scheme (Liu et al., 2015b). ENF is for evergreen nee
dleleaf forests, EBF for evergreen broadleaf forests, DNF 
for deciduous needleleaf forests, DBF for deciduous 
broadleaf forests, MF for mixed forests, SHR for 
shrublands, GRA for grasslands, CRO for croplands, and 
NOV for non-vegetation (including urban, barren, per
manent snow and ice, and water bodies). (d) Spatial 
distribution of 16 EC flux sites and 127 validation ba
sins used to evaluate water-balance simulations. The 
numbers in the brackets represent the monthly data 
samples of the EC observations, e.g., 36 representing 36 
monthly data points.   
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2019 product. This was mainly based on the assumption of small dif
ferences in LC types between the adjacent two years, which might have 
limited impacts on our results. 

To represent vegetation characteristics within the BEPS, we collected 
the 8-day and 500 m GLOBMAP V3.0 LAI product (http://modis.cn/g 
lobalLAI/) from 2001 to 2020 (Liu et al., 2012). Effective LAI was pro
duced with the inversion algorithm of the 4-Scale geometric optical 
model (Deng et al., 2006) using cloud masked MODIS collection 6 land 
surface reflectance data (MOD09A1; Liu and Liu, 2013), and then con
verted to true LAI using the 500 m global clumping index data (He et al., 
2012). Moreover, a locally adjusted cubic-spline capping approach 
(LACC; Chen et al., 2006) was applied to remove the unrealistic fluc
tuations of the LAI induced by residual cloud contamination and at
mospheric noises. Some studies have proved that this LAI dataset was 
superior to others and extensively used globally (Piao et al., 2015; Chen 
et al., 2019b; Yuan et al., 2019). 

2.2.2. Data for validating the BEPS model 
For validating the BEPS model performances according to magni

tudes of ET and water yield, observed streamflow and EC-based ET 
measurements were collected in this study. Here, considering the BEPS 
model simulations only for the vegetated regions, 127 validation basins 
were chosen following the criterion that the area percentage with non- 
vegetation (abbreviated as NOV) for each basin should be less than 
5%. The annual streamflow records of the 127 basins during 2001–2010 
were obtained from the Hydrological Yearbook issued by the Hydro
logical Bureau of the Ministry of Water Resources of China. These 
validation basins were distributed across diverse climate regimes and 
landscape conditions (Fig. 1d), with drainage areas from 186 km2 to 
5,8204 km2. Multi-year mean annual ET of each basin was calculated as 
differences between multi-year means of precipitation and streamflow 
based on the water balance concept, and further used to evaluate the 
BEPS performances from the climatological perspective. Of the selected 
16 eddy covariance (EC) flux sites (Fig. 1d), three, seven, one, and five 
are from ChinaFlux (http://www.chinaflux.org/; Wen et al., 2005; Fu 
et al., 2006; Guan et al., 2006; Li et al., 2006; Sun et al., 2006b; Zhang 
et al., 2006a, 2006b; Chen et al., 2009), FLUXNET (http://fluxnet.flux 
data.org/; Merbold et al., 2009), National Climatological Observatory 
of China Meteorological Administration (NCO-CMA), and the “Heihe 
Watershed Allied Telemetry Experimental Research (HiWATER)” 
(https://data.tpdc.ac.cn/zh-hans/special/heihe/; Liu et al., 2011; Li 
et al., 2013), respectively. The EC sites covered different ecosystem 
types, including forests (four sites), croplands (three sites), and grass
lands (nine sites). The basic information about these EC sites can be 
found in Table S1. Due to the different durations of the EC sites, the time 
span of the EC-based ET observations ranged from 24 to 96 months 
(details in Fig. 1d). Based on standardized procedures (Vuichard and 
Papale, 2015) and the gap-filled method (Reichstein et al., 2005), 
quality control of the EC measurements was examined, and then we 
aggregated the EC-based half-hourly measurements to monthly values at 
each site for the BEPS ET validations on the monthly scale. 

In addition, seven widely-used ET products (see Table 1 for details) 
were selected here to test the ability of BEPS to reproduce inter-annual 
fluctuations and trends in ET on national, first-level water resources 
region, and grid scales. Given the uncertainty of a single ET product, 
such evaluations were conducted based on the ensemble mean of these 
products (i.e., geometric mean). Furthermore, for matching temporal 
and spatial resolutions, all the ET products and the BEPS ET estimates 
were aggregated into the annual values and then were resampled to a 
spatial resolution of 0.25o. Finally, ET time series during 2001–2020 
yearly were extracted for the whole vegetated Mainland China, each 
first-level water resources region, and each 0.25o grid, and the trends 
were estimated by the linear least square method. 

In the present study, a relatively new, widely-used combined vali
dation metric of the Kling–Gupta Efficiency (KGE; Gupta et al., 2012), 
which could measure overall performance, and meanwhile its three 

sub-components (i.e., R, β, and γ; details shown below) were also 
selected to evaluate the simulated ET by the BEPS model quantitatively. 
The formulas for KGE and the sub-components were written as, 

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

KGE = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(R − 1)2
+ (β − 1)2

+ (γ − 1)2
√

(1)

R =

∑N

i=1
[(Ei − μe)(Oi − μo)]

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑N

i=1
(Ei − μe)

2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑N

i=1
(Oi − μo)

2
√ (2)

β =
μe

μo
(3)

γ =
σe/μe

σo/μo
(4)

where Ei is the simulated ET value from the BEPS of the ith data pair, 
while Oi is the reference ET value. μe and μo (σe and σo) represent means 
(standard deviations) of the BEPS and reference ET values, respectively. 
R is the correlation coefficient between the BEPS and reference ET. β is a 
metric to measure the average tendency of the BEPS ET larger (i.e., β >
1) or smaller than (i.e., β < 1) the reference, and the optimal value is 1. 
The sub-component of γ is used to examine the capacity of the BEPS ET 

Table 1 
Overview of the selected seven widely-used ET products.  

ET products Spatio- 
temporal 
resolutions 

Time span Websites and 
references 

Global Land Evaporation 
Amsterdam Model, Version 
3.5a (GLEAM3.5a) 

0.25o ×

0.25o; daily 
1980–2020 https://www. 

gleam.eu/;  
Miralles et al., 
(2011), Martens 
et al. (2017) 

European Centre for 
Medium-Range Weather 
Forecasts Reanalysis-5 
(ERA5) 

0.25o ×

0.25o; 
monthly 

1979–present https://cds. 
climate.copernicu 
s.eu/cdsapp#!/ 
dataset/re 
analysis-era5-pre 
ssure-levels- 
monthly-means? 
tab=form;  
Hersbach et al. 
(2020) 

ERA5-Land ~9 km ×
~9 km; 
monthly 

1950–present https://cds.cl 
imate.copernicus. 
eu/cds 
app#!/datas 
et/reanalysis 
-era5-land? 
tab=form;  
Muñoz-Sabater 
(2019) 

Modern Era Reanalysis for 
Research and Applications 
(MERRA), Version 2 
(MERRA2) 

2/3o × 1/ 
2o; 
monthly 

1980–present https://disc.gsfc. 
nasa.gov/data 
sets?pro 
ject=MERRA-2;  
Molod et al. 
(2015) 

MERRA-Land 2/3o × 1/ 
2o; 
monthly 

1980–present https://disc.sci. 
gsfc.nasa. 
gov/datasets?pa 
ge=1&keyword 
s=MERRA-land;  
Reichle et al. 
(2011) 

Global Land Data 
Assimilation System Noah 
Land Surface Model L4, 
Version 2.1 
(GLDAS_NOAH025_V2.1) 

0.25o ×

0.25o, 
monthly 

2000–present https://disc.gsfc. 
nasa.gov/datase 
ts?keyword 
s=GLDAS; Rodell 
et al. (2004) 

Moderate-resolution Imaging 
Spectroradiometer global 
ET product, Version 6 
(MOD16A2.006) 

500 m ×
500 m; 8- 
day 

2001–present https://e4ftl01.cr. 
usgs.gov/MOLT/;  
Running et al. 
(2017)  
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https://disc.sci.gsfc.nasa.gov/datasets?page=1&tnqh_x0026;keywords=MERRA-land
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https://e4ftl01.cr.usgs.gov/MOLT/
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in reproducing variability of the reference data. The value of γ equal to 1 
corresponds to the perfect performance, while values below (above) 1 
represents the underestimated (overestimate) variability. The combined 
metric of KGE ranges from -∞ to 1, of which 1 suggests a perfect overall 
performance. 

2.2.3. Identification of human-disturbed and natural vegetation 
To in-depth understand vegetation changes and their impacts on ET 

and water yield, we considered whether human disturbances impact 
vegetation. According to Chen et al. (2019a) and Chen et al. (2021), we 
clustered vegetation types into two major groups, i.e., the 
human-disturbed (HD) vegetation, whose changes were mainly caused 
by anthropogenic disturbances, and the natural vegetation, whose 
changes were mainly driven by natural factors. Different from Chen 
et al. (2019a) and Chen et al. (2021), we also considered whether LC 
changed due to human activities during the study period. Here, LC 
changes (LCC) were defined as that at a given grid cell, the LC type in 
2001 was replaced by others in any year of 2002–2020, i.e., LC type with 
at least one change during the study period. The regions with LCC across 
mainland China were extracted (Fig. S1). During 2001–2020, LCC 
happened over 18% of vegetated mainland China prominently clustered 
in southeastern mainland China, south-central Yellow River Basin (RB), 
northern Northwest RB, and western Songhuajiang RB. Area percent
ages with LCC varied among ten water resources regions, followed by 
larger (> 17%) and smaller values (< 16%) in southern and northern 
water resources regions, respectively. At last, we divided the vegetation 
types into three major groups: human-disturbed (HD)-LCC—HD vege
tation with LCC, HD-Cropland—consistent cropland, and the natural 
vegetation—consistent non-agricultural LC during 2001–2020, despite 
some trees and grasses possibly planted for ecological restorations 
before 2001 (Chen et al. 2019a). Within the BEPS model, the charac
teristics of HD-Cropland and the natural vegetation were mainly re
flected by LAI, while vegetation types and LAI were used to represent the 
characteristics of HD-LCC. 

2.3. Temporal trends 

The trends for climate variable, LAI, ET, and water yield were 
computed with the linear equation below: 

vi = ati + b (5)  

where vi and ti (i=1,2,…,20) represent the target variable and the cor
responding year, respectively; a is the temporal trend, but b is the 
intercept, and n is the sample size. Here, the least-squares method was 
employed to estimate the regression parameters (i.e., a and b). 
Throughout this study, the significance of the estimated trends was 
assessed using the Student’s t-test with p < 0.05. Notably, for a given 
region (e.g., vegetated mainland China and each water resources re
gion), the LAI, ET, and water yield trends of HD-LCC, HD-Cropland, and 
natural vegetation were the area-weighted values, i.e., the trends aver
aged over HD-LCC, HD-Cropland, and natural vegetation regions 
multiplied by the corresponding area percentage. 

2.4. Attribution method and identification of dominant factors 

The joint-solution method with multiple sensitivity numerical ex
periments developed by Sun et al. (2014, 2017, 2021) could successfully 
separate the respective impacts of each factor and was applied to attri
bute changes in hydrological variables and drought indices (i.e., linear 
trends and anomalies) on national and regional scales. Therefore, six 
numerical simulations were performed based on the concept and influ
ential factors (i.e., precipitation, incoming solar radiation, temperature, 
relative humidity, and vegetation) of the BEPS ET (details in Table 2), 
including one control simulation and five experimental simulations. For 
the control simulation (EXPCTL), the inputs were the original datasets (i. 

e., remaining their inter-annual changes) between 2001 and 2020. For 
each experimental simulation (EXPx; x is for precipitation, incoming 
solar radiation, temperature, relative humidity, and vegetation), the 
x-factor from only 2001 (i.e., removing its inter-annual changes) and 
other factors from 2001 to 2020 were used. These five experimental 
simulations for precipitation, incoming solar radiation, temperature, 
relative humidity, and vegetation were referred to as EXPPRE, EXPRAD, 
EXPT, EXPRH, and EXPVEG, respectively. Afterward, the contribution of 
each factor to the annual ET trends was estimated at each grid cell in the 
study area using the separation algorithm in Appendix C. 

We re-evaluated this separation method on the grid cell scale before 
attributing ET and water yield trends and found that this method was 
effective across vegetated mainland China according to R, β, γ, and KGE. 
More details about the evaluation results can be found in Text S1 and 
Fig. S2. Based on the separated contributions of each factor and Ap
pendix C, we can identify the dominant factors (including precipitation, 
incoming solar radiation, temperature, relative humidity, and HD-LCC, 
HD-Cropland, and natural vegetation) for the annual ET and water 
yield trends on grid cell, regional and national scales. It should be noted 
that the contributions of each factor to the annual water yield trends 
were estimated in terms of the water balance equation. In detail, the 
precipitation contributions to each grid cell’s annual water yield trends 
were estimated by precipitation trend minus its contributions to the 
annual ET trend. In contrast, the contribution of the remaining factors 
was obtained by multiplying the factor’s contribution to the annual ET 
trend by -1.00. 

3. Results 

3.1. Spatio-temporal trends in ET and water yield during 2001–2020 

3.1.1. Evaluation of ET and water yield simulations with the BEPS model 
The simulated ET and water yield by the BEPS model were evaluated 

against several independent datasets (Fig. 2). The monthly ET from the 
BEPS model agreed reasonably well with measurements from the flux 
sites (Fig. 2a), with R = 0.89 and KGE = 0.72, though the mean value 
and the temporal variability were slightly underestimated (β = 0.91) 
and overestimated (γ = 1.24), respectively. When we examined these 
metrics individually for each flux site (Fig. 2b), 12 out of the16 EC sites 
showed β between 0.80 and 1.00, and γ between 1.10 and 1.40, while 
values of R and KGE were above 0.90 and 0.60, respectively. 

The evaluation of ET and water yield over the selected 127 basins 
(Fig. 1d) was displayed in Fig. 2c and 2d, respectively. The BEPS model 
could reasonably capture the magnitudes and spatial patterns of the 
observed multi-year mean ET and water yield in these 127 basins with β, 
γ, and R all very close to 1.00. In addition, the BEPS model had a good 
overall performance based on the integrative validation metric of KGE 
above 0.85. 

The BEPS ET was also evaluated against the ensemble mean of seven 
widely-used ET products from the perspectives of inter-annual 

Table 2 
Details of the numerical experiments.  

Experiments Description 

EXPCTL Daily climate variables, 8-day LAI, and annual LC maps during 
2001–2020 

EXPPRE All settings are the same as EXPCTL, except that precipitation is fixed 
at the value of the year 2001. For example, the precipitation on June 
1, 2001, is used for June 1 for every year from 2001 to 2020. 

EXPRAD All settings are the same as EXPCTL, except that incoming solar 
radiation is fixed at the value of the year 2001. 

EXPT All settings are the same as EXPCTL, except that temperature is fixed at 
the value of the year 2001. 

EXPRH All settings are the same as EXPCTL, except that relative humidity is 
fixed at the value of the year 2001. 

EXPVEG All settings are the same as EXPCTL, except that 8-day LAI and annual 
LC map are fixed at the value of the year 2001.  
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fluctuations and long-term trends (Fig. 2e, and 2f). The inter-annual 
fluctuation of the simulated ET over vegetated mainland China closely 
agreed with the ensemble mean (R = 0.89). The long-term trends in ET 
derived from the BEPS model and ensemble mean also agreed very well, 
i.e., 2.32 mm y− 1 from the BEPS versus 2.53 mm y− 1 from the ensemble 
mean. When it came down to the water resources regions (0.25o grid), 
the magnitudes and spatial variabilities of the ET trends were over
estimated and underestimated by the BEPS model, respectively, with β 
of 1.10 (1.10) and γ of 0.69 (0.84). The R and KGE values greater than 
0.40 suggested that the model could capture the ET trends on regional 
and 0.25o grid scales (Fig. 2f). Overall, the above evaluation indicated 
that the performance of the BEPS model was reasonably well in simu
lating ET and water yield, which gave us confidence in the following 
sensitivity experiments. 

3.1.2. Trends in ET and water yield 
As seen from Fig. 3a (Fig. 3c), the vegetated mainland China annual 

ET (water yield) values averaged from 2001 to 2020 were 409.05 mm 
(301.74 mm), and showed clear regional differences, ranging from 
205.98 mm for Northwest RB to 635.91 mm for Southeast RB (from 
50.97 mm for Songhuajiang RB to 920.77 mm for Southeast RB). 
Spatially, the multi-year mean annual ET and water yield were mainly 
characterized a decreasing tendency from southeast to northwest China, 
with a range from more than 1000 mm to lower than 100 mm for ET, and 
from more than 1000 mm to lower than 5 mm for water yield (Fig. 3b, 
and 3d). 

The trends of ET and water yield over different water resources re
gions during 2001 and 2020, as well as their spatial distributions across 
vegetated mainland China, are depicted in Fig. 4. On average, a signif
icant (p < 0.05) increasing ET trend (2.32 mm y− 1) was detected over 
vegetated mainland China (Fig. 4a). Spatially, 46% of the study area 
experienced significant (p < 0.05) upward trends of ET, with the highest 
values (> 6.00 mm y− 1) mainly observed in central, northeast, and 
southeast China (Fig. 4b). Significant (p < 0.05) decreasing trends in ET 
were observed over 6% of vegetated mainland China, primarily in 
southern China. When it came to the region-averaged trend in ET 
(Fig. 4a), eight out of ten water resources regions experienced signifi
cant (p < 0.05) increases in ET, with the strongest increase (> 4.00 mm 
y− 1) found in Songhuajiang RB located in the most northeastern China. 

The annual water yield averaged over vegetated mainland China 
increased by 2.56 mm y− 1 (p > 0.05) during 2001–2020 (Fig. 4c). 
Although the trends in water yield seemed stronger than those in ET 
(Fig. 4b and 4d), the trends in water yield were insignificant (p > 0.05) 
over 80% of vegetated mainland China (Fig. 4b). Significant (p < 0.05) 
trends in water yield were detected over only 18% areas (15% for an 
increase and 3% for a decrease). When it involved the regionally aver
aged trend in water yield (Fig. 4c), only Songhuajiang RB from most of 
northeastern China experienced a significant (p < 0.05) increase trend in 
water yield (~6 mm y− 1). 

Fig. 2. Evaluation of simulated ET and water yield by the BEPS model. (a) Scatterplots of simulated monthly ET against monthly ET derived from 16 EC flux sites. (b) 
Boxplots for the model performance metrics of monthly ET simulations at 16 EC flux sites. In this panel, the whiskers represent the minimum and maximum values of 
the model performance metrics. The outer edges of the boxes and the horizontal lines within the boxes indicate the 25th, 75th, and 50th percentiles (also shown with 
numbers) of the model performance metrics. (c) Scatterplots of the simulated versus the water balance-based multi-year (2001–2010) mean annual ET on 127 
validation basins. (d) Scatterplots of the simulated versus the water balance-based multi-year (2001–2010) mean annual water yield on 127 validation basins. (e) 
Comparison of the inter-annual fluctuations of the BEPS model and the ensemble mean annual ET in vegetated mainland China during 2001–2020. The red vertical 
lines suggest the range of the selected seven ET products. (f) Scatterplots of the BEPS versus the ensemble mean annual ET trends over ten water resources regions and 
at all the 0.25o grids. 
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3.2. Spatio-temporal trends in climate variables and vegetation during 
2001–2020 

3.2.1. Trends in climate variables 
The trends of four climate variables (i.e., precipitation, radiation, 

temperature, and relative humidity) over each water resources region 
during 2001 and 2020, as well as their spatial distributions are shown in 
Fig. 5. The annual precipitation averaged over vegetated mainland 
China showed a significant (p < 0.05) increase trend of 5.05 mm y− 1 

during 2001–2020 (Fig. 5a). Spatially, precipitation increased over 79% 
of vegetated mainland China, and 25% areas corresponded to significant 
(p < 0.05) increases, mainly in northeast and central-west China 

(Fig. 5b). The strongest increases in precipitation were detected in 
northeast and southeast China, while the decreases were mainly 
observed in the southwesternmost part of China. Regionally, precipita
tion increased over nine out of ten water resources regions (except 
Southwest RB) with significant trends over Liao, Yellow, and Changjiang 
RB (Fig. 5a). 

The annual incoming solar radiation over vegetated mainland China 
experienced a decreasing trend (8.56 MJ m− 2 y− 1, p < 0.05) during 
2001–2020 (Fig. 5c). Spatially, 36% of vegetated mainland China wit
nessed increasing incoming solar radiation, and only a small portion 
showed significant (p < 0.05) increases (Fig. 5d). On the other hand, 
nearly two-thirds (64%) of vegetated mainland China experienced 

Fig. 3. Multi-year mean annual ET and water yield during 2001–2020. (a) Multi-year mean annual ET averaged over vegetated mainland China and the ten water 
resources regions. (b) Spatial pattern of multi-year mean ET across vegetated mainland China. (c) Multi-year mean annual water yield averaged over vegetated 
mainland China and the ten water resources regions. (d) Spatial patterns of multi-year mean water yield across vegetated mainland China. 

Fig. 4. Trends for annual ET and water yield during 2001–2020. (a) 
Trends for annual ET averaged over vegetated mainland China and each 
water resource region. (b) Spatial pattern of annual ET trends across 
vegetated mainland China. (c) Trends for annual water yield averaged 
over vegetated mainland China and each water resource region. (d) 
Spatial pattern of annual water yield trends across vegetated mainland 
China. In (a) and (c), the star represents significant (p < 0.05) trends. In 
(b) and (d), the dashed area indicates significant (p < 0.05) trends, and 
the area percentage with downward and upward trends of ET and water 
yield is shown in the bottom left corner.   
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reductions in incoming solar radiation, with significant (p < 0.05) de
creases over 17% of the study area. These significant (p < 0.05) de
creases were mainly found in Yellow RB, which is located in central-west 
China (Fig. 5d). However, the incoming solar radiation decreased over 
six out of ten water resources regions. The significant (p < 0.05) 
decreasing trend was only found over Yellow RB (Fig. 5c). 

The mean temperature for vegetated mainland China had a signifi
cant (p <0.05) warming trend of 0.025 ◦C y− 1 (Fig. 5e). Spatially, 97% of 
vegetated mainland China witnessed increasing trends in temperature 
during 2001–2020, and 32% of the study area experienced significant (p 
< 0.05) increases, primarily located in the southwest, north and 
southeast China (Fig. 5f). In addition, six out of ten water resources 
regions experienced significant (p < 0.05) increasing trends in temper
ature (Fig. 5e). 

The annual nation-averaged relative humidity trend during 
2001–2020 was close to zero (Fig. 5g), although there were strong 
spatial variations in the trends in relative humidity (Fig. 5h). Nearly 
three-quarters of the country had insignificant trends in relative hu
midity (Fig. 5h). On the other hand, one-quarter of the country wit
nessed significant (p < 0.05) decreases in relative humidity, mainly over 
southwest and north China, i.e., Southwest RB, Northwest RB and Hai 

RB (Fig. 5g). 

3.2.2. Trends in LAI 
The trends in LAI over different water resources regions during 2001 

and 2020, as well as their spatial distributions, are illustrated in Fig. 6. 
The annual nation-averaged LAI experienced a significant (p < 0.05) 
greening trend of 0.015 m2 m− 2 y− 1 during the past two decades 
(Fig. 6a). The widespread greening trends were observed over ~80% of 
vegetated mainland China, with more than half of the study area 
showing significant (p < 0.05) greening trends (Fig. 6b). Conversely, 
only 7% of vegetated mainland China experienced significant (p < 0.05) 
browning trends (i.e., decreases in LAI), which were mainly found in 
southern parts of China. 

All ten water resources regions experienced significant (p < 0.05) 
greening trends with the minimum increase in Northwest RB and 
maximum increase in Pearl RB (Fig. 6a). To further examine what (e.g., 
human activities and natural factors) caused the greening trends at the 
regional averaged scale, we broke vegetation down into human- 
disturbed vegetation (HD-LCC and HD-Cropland) and natural vegeta
tion and then calculated their corresponding LAI trends (Fig. 6a). The 
nation-averaged HD-LCC, HD-Cropland and natural vegetation LAI 

Fig. 5. Annual trends in the major climate variables during 2001–2020. The left column is for trends of the annual region-averaged (a) precipitation, (c) incoming 
solar radiation, (e) mean temperature, and (g) relative humidity. The stars represent significant (p < 0.05) trends. The right column shows the spatial patterns of 
trends in annual average (b) precipitation, (d) incoming solar radiation, (f) mean temperature, and (h) relative humidity across vegetated mainland China. The 
dashed area represents significant (p < 0.05) trends. The area percentage with downward and upward trends of these climate variables is also presented in 
each panel. 
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significantly (p < 0.05) increased by 0.0035, 0.0029, and 0.0089 m2 m− 2 

y− 1, respectively. This indicated that the natural vegetation played a 
decisive role in the significant (p < 0.05) greening trends over mainland 
China (Fig. 6a). One exception was Huai RB where the trend in HD- 
Cropland dominated its regional LAI increase (Fig. 6a), suggesting that 
the significant (p < 0.05) greening in this region was closely associated 
with intensive agriculture management practices. 

3.3. Attributions for the trends in ET and water yield 

3.3.1. Attributions for the trends in ET 
When considering vegetated mainland China as a whole (Fig. 7a, 7c, 

7e, 7g, and 7i), precipitation and vegetation contributed similarly to the 
ET trends (1.20 mm y− 1 for precipitation versus 1.29 mm y− 1 for 
vegetation). Among three types of vegetation, i.e., HD-LCC, HD-Crop
land, and natural vegetation, the natural vegetation made the largest 
contribution (0.56 mm y− 1). However, the contributions of incoming 
solar radiation (-0.20 mm y− 1), temperature (0.33 mm y− 1), and relative 
humidity (-0.33 mm y− 1) were much lower than precipitation and 
vegetation. 

Regarding the level of water resources regions, the contributions of 
precipitation were positive for nine out of ten water resources regions, 
with a decreasing tendency from northeast to southwest China (Fig. 7a 
and 7b). The Southwest RB was the only water resources region where 
the contribution of precipitation to ET trends was negative (-0.63 mm 
y− 1). Incoming solar radiation made negative contributions over ~70% 
of vegetated mainland China and over nine of ten water resources re
gions (except Huai RB) (Fig. 7c and 7d). The temperature positively 
contributed to ET trends during 2001–2020 for all ten water resources 
regions, and the most substantial contributions are observed over the 
southwest part of China (Fig. 7e and 7f). The contributions of relative 
humidity were dominantly negative with strong spatial variations 
(Fig. 7g and 7h). The strongest negative contributions (~-1.00 mm y− 1) 
were observed in northeastern and southeastern China. As for the in
fluences of vegetation dynamics on ET trends, their contributions were 
dominantly positive over all water resources regions, as well as over 
70% of vegetated mainland China (Fig. 7i and 7j). The highest contri
bution was observed in Pearl RB located in southeastern China (> 3.50 
mm y− 1), while the lowest contribution was observed in western China 
(< 0.50 mm y− 1). Over other water resources regions, the contributions 
of vegetation dynamics were generally between 0.50 mm y− 1 and 2.00 
mm y− 1. Among three vegetation types (Fig. 7i), the HD-LCC and the 
HD-Cropland played a major role over Southwest and Pearl RB, and 
Liao, Hai, and Huai RB, respectively, whereas the natural vegetation was 
more important over other water resources regions. 

The spatial distribution of the dominant factor for ET trends over 
each grid cell is shown in Fig. 8. Regionally, precipitation and vegetation 
(including HD-LCC, HD-Cropland, and natural vegetation) together 
dominate nine out of ten water resources regions, and the temperature 
was the driver for ET trends in Southwest RB. In terms of area coverage, 
precipitation and vegetation were the dominant factors over 32% and 
55% (16% for HD-LCC, 9% for HD-Cropland, and 30% for natural 
vegetation) of vegetated mainland China. Precipitation mainly domi
nated the ET trends in northern China, whereas vegetation played a 
more important role in the south. In addition, the region dominated by 
temperature was about 8%, primarily in southwestern China. 

3.3.2. Attributions for the trends in water yield 
Fig. 9 shows the contribution of precipitation to water yield trends 

over vegetated mainland China during 2001 and 2020, as well as their 
average contributions for different water resources regions. When 
considering vegetated mainland China as a whole, the contribution of 
precipitation to water yield trends during 2001–2020 was 3.85 mm y− 1. 
In addition, the contribution of precipitation was positive for eight out of 
the ten water resources regions, ranging from 0.4 mm y− 1 in Northwest 
RB to 11.45 mm y− 1 in Southeast RB (Fig. 9a). The Huai RB and 
Southwest RB were the only exception with negative contributions, 
which might be associated with more precipitation being allocated to ET 
(Fig. 8a). In terms of percentage of areas, positive precipitation contri
butions were found over three quarters (76%) while negative contri
butions covered 24% areas, mainly in southwestern and central-east 
China (Fig. 9b). 

The dominant factor driving annual water yield trends over each 
water resource region, as well as spatial distribution of the dominant 
factor, is illustrated in Fig. 10. Precipitation was the driver for water 
yield trends for nine out of ten water resources regions, while HD-LCC 
was the dominant factor for Huai RB. Spatially, precipitation domi
nated 64% of vegetated mainland China, while vegetation dominated 
30%, mainly located in northern China. Incoming solar radiation, tem
perature, and relative humidity combined accounted for 6%, primarily 
over southwestern China. 

4. Discussion 

4.1. Result comparison and possible explanations for spatial differences in 
the dominant factors controlling trends in ET and water yield 

Our study found the effects of increased (decreased) ET but 
decreased (increased) water yield due to vegetation greening (brown
ing) across vegetated mainland China, which is consistent with results 

Fig. 6. (a) Vegetation LAI trends for vegetated mainland China and each water resources region, accompanied by HD-LCC, HD-Cropland, and natural vegetation LAI 
trends. The star represents significant (p < 0.05) trends. (b) Spatial distribution of LAI trends across vegetated mainland China. The area percentage for downward 
and upward trends of LAI is shown in the bottom left corner. 
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based on paired-catchment experiments (Brown et al., 2005; Yurtseven 
et al., 2017) and numerical simulations (Liu et al., 2016b; Bai et al., 
2020; Xie et al., 2020; Zhang et al., 2020) in other regions. Notably, the 
vegetation greening effects on ET and water yield varied in space. 
Taking central-east Yellow and central-south Pearl RB as an example, 
the vegetation greening-induced increases (decreases) in ET (water 
yield) were larger than 5.00 mm y− 1 (smaller than -5.00 mm y− 1), 
despite apparent differences in the LAI increases between the two sub
regions (i.e., generally < 0.03 y− 1 for the former versus > 0.03 y− 1 for 
the latter). The evident spatial variations of vegetation greening effects 
may be explained by the product of the ET or water yield sensitivity 
(generally referred to as the change in the dependent variable per unit 

change in a specific independent variable) to annual LAI and the trends 
in annual LAI. Some researchers have argued that the sensitivity of ET 
and water yield to vegetation greening depends largely on the climatic 
background (Sun et al., 2014; Feng et al., 2016; Bai et al., 2020; Zhang 
et al., 2020, 2021b), i.e., more sensitive in water-limited areas (e.g., 
central-east Yellow RB) than in energy-limited areas (e.g., central-south 
Pearl RB) (Feng et al., 2016; Bai et al., 2020). Therefore, the greater 
contributions of vegetation greening over the central-east Yellow RB 
might be due to the greater sensitivity of ET (water yield) to annual LAI. 
In addition, the contribution of natural vegetation averaged over 
Southwest RB was negative but small, despite its corresponding in
creases in LAI. This also could be attributed to the larger negative 

Fig. 7. Contributions of each driving factor to the annual ET trends during 
2001–2020. The left panel is for contributions of precipitation (a), incoming 
solar radiation (c), mean temperature (e), relative humidity (g), and vegetation 
(i) for vegetated mainland China and ten water resources regions. The right 
panel is spatial patterns for contributions of precipitation (b), incoming solar 
radiation (d), mean temperature (f), relative humidity (h), and vegetation (j) 
across vegetated mainland China. In the right panel, the inset histogram shows 
the area percentages stratified by the contributions.   
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Fig. 8. Spatial distributions of dominant factors of the annual ET trends across vegetated mainland China. The inset histogram shows the area percentages stratified 
by the dominants. 

Fig. 9. Contributions of precipitation to the annual water yield trends from 2001 to 2020. (a) Contributions of precipitation for vegetated mainland China and ten 
water resources regions. (b) Spatial patterns for contributions of precipitation across vegetated mainland China. In (b), the inset histogram shows the area per
centages stratified by the contributions. 

Fig. 10. Spatial distributions of dominant factors of the annual water yield trends across vegetated mainland China. The inset histogram shows the area percentages 
stratified by the dominants. 
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contributions over central-south Southwest RB (compared to the 
remaining regions), where ET was more sensitive to vegetation greening 
due to the higher aridity and the larger decreases in LAI (< -0.04y− 1) 
existed. 

In this study, we identified that precipitation was the primary factor 
for the ET trends in northern China, while temperature/relative hu
midity was clustered in southwestern Northwest RB. Furthermore, the 
dominant factor regulating the water yield trends was precipitation in 
most of vegetated mainland China but vegetation in central and eastern 
China. Overall, the findings were similar to several case studies (e.g., 
Meng et al. 2020, Lin et al. 2021, Wang et al. 2021, Ma and Zhang 2022). 
For instance, the ET trends were controlled mainly by precipitation in 
the Three-North region of China (Meng et al., 2020) and most of the 
Tibetan Plateau (Ma and Zhang, 2022), and temperature/vapor pressure 
deficit in the western Tibetan Plateau (Lin et al., 2021), while the 
vegetation change played a dominant role in reducing runoff in most of 
Yellow RB (Wang et al., 2021). 

4.2. Implications for water management and ecological restoration 
engineering 

In this study, we found that precipitation changes were beneficial to 
the increase in potential water resources (i.e., increased water yield) 
over 76% of vegetated mainland, where precipitation generally played a 
dominant role. Therefore, we should note that the increased precipita
tion potentially increased the risk of water redundancy-related disasters 
(e.g., floods) in some regions, i.e., eastern parts of southern water re
sources regions with the larger contributions (> 5.00 mm y− 1) of pre
cipitation. Additionally, 24% of vegetated mainland China had negative 
contributions to precipitation. This suggested that the decrease in pre
cipitation would like to increase the risk of water shortage in these re
gions, especially in the northwest of the Northwest RB (a typical arid 
area) and in most of the Huai RB (one of the major agricultural pro
duction bases). All in all, our quantitative analyses of the impacts of 
precipitation on water yield trends in space provided an important 
reference for mitigating the risk of water redundancy-related disasters 
and water shortage in some regions, e.g., by implementing water divi
sion projects via transferring water from regions with redundant to 
water-scarce regions. 

Our analyses and previous findings (e.g., Teuling et al. 2013, Tian 
et al. 2017, Bai et al. 2020, Zhang et al. 2021a, 2021b) showed that 
vegetation greening caused more water consumption (i.e., increased ET 
and decreased water yield) and might increase the risk of water scarcity 
in most of northern China. Nevertheless, different regions showed 
different water yield responses to vegetation changes. Such quantitative 
analysis results were relevant to reduce the risk of water shortages. Our 
analyses suggested that vegetation greening played a key role in regu
lating changes in ET over most of vegetated mainland China and might 
increase water consumption in cultivated regions (e.g., eastern Hai RB, 
south-central Yellow RB, and most of Huai RB). Moreover, the major 
contributor to the decrease in water yield was vegetation over 30% of 
vegetated mainland China. This implied that the vegetation greening 
had increased stress on the water supply over these regions despite 
increased precipitation. As a result, it was urgent for these regions to 
reasonably allocate the limited water resources and implement 
water-saving measures for alleviating the regional water resource uti
lization issues. Vegetation greening could also negatively impact the 
downstream water supply via runoff generation and flow concentration 
processes (Tian et al., 2017). For example, the vegetation greening in the 
upper Han River basin (a basin in northern-central Changjiang RB) 
introduced an average decrease of 77% of the intended annual water 
diversion volume of the South-to-North Water Diversion Project (Zhang 
et al., 2021b). 

Although the vegetation greening has brought about positive 
ecosystem goods and services, in some regions, it could result in nega
tive impacts on water resources, mainly for arid and semi-arid regions 

(Yu et al., 2010). Our results confirmed such negative impacts, i.e., a 
decrease in water yield in 30% of vegetated mainland China dominated 
by vegetation greening, and further implied that ecological restoration 
engineering should consider the negative impacts of vegetation greening 
on water resources. We can use several management measures to bal
ance ecological and hydrological benefit tradeoffs to cope with this 
issue. For example, thinning and understory control can produce more 
water from the soil for groundwater recharge and downstream users and 
increase the amount of available water to the remaining vegetation (Sun 
et al., 2015; Caldwell et al., 2015). Besides, with a thorough consider
ation of local environmental conditions, managers can select the 
appropriate vegetation species (i.e., less water need and higher 
ecosystem benefits) to modify the existing vegetation structure and 
composition, optimizing the tradeoffs between ecological and hydro
logical benefits (Cao et al., 2011; Tian et al., 2017; Bai et al., 2020; Xie 
et al., 2020). 

4.3. Uncertainties 

The results may involve uncertainties from various sources, such as 
the structures, parameterizations, and inputs of the BEPS model and 
attribution methods. Therefore, these uncertainties are discussed in the 
following sections. 

4.3.1. Uncertainties in model structures and parameterizations of the BEPS 
model 

A Jarvis-type stomatal conductance module was used within the 
BEPS model (Chen et al., 1999) to describe the impacts of environmental 
conditions (i.e., temperature, vapor pressure deficit, solar radiation, and 
soil moisture content) on plant physiological characteristics (i.e., sto
matal conductance). Despite the better performance of the Jarvis-type 
modules in simulating the impacts of environmental conditions on 
water and carbon fluxes (Jarvis, 1976; Lhomme, 2001; Wang et al., 
2020), the interactive effects between environmental factors on stoma
tal conductance are not taken into account. If each environmental factor 
is not independent, it potentially biases the estimated stomatal 
conductance (Damour et al., 2010). Moreover, the Jarvis-type stomatal 
conductance module within the BEPS model does not involve elevated 
CO2-induced stomatal conductance changes. Generally, there is a com
mon view that in response to the elevated CO2, the stomatal conduc
tance is likely to decline but with different rates among plant types 
(Norby et al., 2005; Gray and Brady, 2016; Hiyama et al., 2017). 
Correspondingly, plant transpiration and even ecosystem ET decrease, 
and at last, the water cycle on both regional and global scales changed 
(Gedney et al., 2006; Sun et al., 2014; Yang et al., 2019). The accuracy of 
our results based on the BEPS model may be impacted by the unidi
rectional coupling between vegetation and water and carbon fluxes, and 
the lack of high CO2-induced stomatal resistance decreases. 

The BEPS model does not account for lateral movement of soil water, 
cryospheric hydrological processes, lakes, and reservoirs, and anthro
pogenic water use interventions (e.g., farmland irrigation, groundwater 
withdrawal, and the inter-basin water transfer projects), although they 
are pivotal to accurately conduct eco-hydrological simulations (Jansson 
et al., 2003; Ju et al., 2010a, 2010b; Galleguillos et al., 2011; Li et al., 
2018; Gao et al., 2019; Zhai and Tao, 2021). Lateral movement of soil 
water can redistribute soil water content according to topographical 
characteristics and soil water gradients (Gao et al., 2003; Senatore et al., 
2015). In general, water lateral movement increases ET but decreases 
runoff, and these effects are evident, especially under unsaturated soil 
and steep morphology conditions (Senatore et al., 2015; Rummler et al., 
2019). As a result, neglecting this process leads to underestimations 
(overestimations) of the simulated ET (water yield). As an important 
component of surface water resources, glacier meltwater positively 
contributes to runoff from glaciated regions. Such a positive contribu
tion increases with intensified global warming-induced glacier 
shrinkage (Jansson et al., 2003; Xu et al., 2015; Li et al., 2018), 
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suggesting that the lack of cryospheric hydrological processes is likely to 
underestimate water yield as well as its increases. Besides, biases of the 
hydrological variables simulated by the BEPS model can be caused by no 
incorporation of lakes and reservoirs because they can regulate water 
storage to change the magnitude and timing of runoff (Mao et al., 2016; 
Zajac et al., 2017). For instance, lakes with dramatic changes in China 
(especially in the northern provinces) have led to significant changes in 
the regional water budget, including ET and runoff (Zhou et al., 2015; 
Tao et al., 2020). 

Irrigation is an important land management approach to modify 
energy allocation and change the surface water balance through sup
plementing soil moisture, especially in water-limited regions (e.g., West 
and North China; Han et al., 2011; Lei et al., 2014; Chen and Dirmeyer, 
2018; Li et al., 2016, 2017, 2018; Wang et al., 2021; Zhang et al., 
2021c). Both observations and numerical simulations confirm such im
pacts as increased ET amount, altered ET trends, reduced runoff, and 
intensified local water cycles (Li et al., 2007; Lei et al., 2014; Chen and 
Dirmeyer, 2018; Zhang et al., 2021c). Therefore, ignoring irrigation may 
lead to underestimations of ET and water yield and biased trends over 
irrigated regions. Similarly, groundwater withdrawals and inter-basin 
water transfer projects can also change the surface water balance by 
regulating soil moisture (Vörösmarty and Sahagian, 2000; Govind et al., 
2011; Li et al., 2018; Zhang et al., 2019). For example, the 
South-to-North Water Transfer Project in China can increase top-layer 
soil moisture, ET, and runoff in the water intake areas due to the 
impact of injecting water (Chen and Xie, 2010; Zou et al., 2016) but may 
exert the opposite impacts in the water delivery areas. The excessive 
groundwater extraction on the North China Plain has lowered ground
water tables, reduced soil water content, and affected vegetation roots’ 
absorption (Wang et al., 2022). 

The lateral movement of soil water, hydrological processes in the 
cryosphere, lakes and reservoirs, and anthropogenic water use in
terventions are closely associated with the spatio-temporal dynamics of 
soil moisture, which determine ET processes and water balance. Some 
studies have pointed out that vegetation indices (e.g., LAI) can be used 
to represent soil moisture stress on ET processes and even, to some 
extent, water balance (Droogers et al., 2010; Shen et al., 2013; Lei et al., 
2014; Mu et al., 2007). Therefore, using LAI data in the BEPS model can 
partly reflect the impacts of soil moisture on ET and water yield and 
potentially reduce simulation uncertainties. However, it should be noted 
that vegetation indices may not fully reflect the stress of soil moisture. 
For example, temporal variations in soil moisture have a lagged effect on 
the dynamics of LAI, suggesting that although soil moisture and ET 
change rapidly, the LAI will remain stable for a short duration. As a 
result, using only the LAI as an alternative to represent the stress of soil 
moisture, the ET and water yield estimates are likely to introduce more 
or less uncertainties in our study. Moreover, our findings differ from 
previous studies (e.g., Zhang et al. 2018, 2020), e.g., the factors 
contributing to the ET trends in the eastern part of southern water re
sources regions. This study attributed to vegetation, while Zhang et al. 
(2020) attributed to climatic factors, which may be due to differences 
and uncertainties in structures, parameterizations, and simplifications of 
the models. 

4.3.2. Other uncertainties 
The uncertainties in the input datasets (i.e., meteorological, LAI, and 

LC datasets) can be propagated to the simulation results. Uncertainties 
in the gridded meteorological fields (Ju et al., 2010a, 2010b; Sun et al., 
2021) affect the accuracy of the simulations due to the uneven spatial 
distribution of weather sites and the spatial variability of the interpo
lated climate variables themselves (e.g., precipitation tends to have 
significant spatial variability, especially near complex terrains; Sun 
et al., 2020). Previous studies argued that different LAI products had 
different magnitudes of dynamics, including MODIS, GLASS, GLOBMAP, 
and GIMMS (Jiang et al., 2017; Liu et al., 2018; Fang et al., 2019; Chen 
et al., 2021), but they all showed an increase in LAI after the year 2000 

(Chen et al., 2019b, 2021). The impacts of the GLOBMAP uncertainties 
on our conclusions might be limited, mainly because the focus of this 
study was on ET and water yield trends, and the GLOBMAP and GIMMS 
datasets (currently updated to 2015 at present) have been noted to be 
more suitable for long-term ET simulations (Chen et al., 2019b). 
Although the accuracy of MCD12Q1 V006 has improved relative to the 
previous version V005 (Sulla-Menashe et al., 2019), 1.6% of the global 
land still has fake land cover changes. Thus, examining vegetation type 
changes based on the MCD12Q1 V006 LC might increase the uncertainty 
of our findings. Moreover, using the 2019 LC as an alternative to the 
2020 LC can lead to uncertainties. 

The combination of multiple interacting biogeochemical drivers and 
land-use effects has resulted in significant changes in vegetation struc
ture and function worldwide (Zhu et al., 2016). Among these drivers, 
climate change, such as anthropogenic warming and regional trends in 
precipitation, is believed to be a non-ignorable driver of the global 
greenness changes and dominates such changes over 28% of the global 
vegetated area (Zhu et al., 2016). In turn, vegetation changes can feed 
back to the climate through biogeochemical and biogeophysical pro
cesses (Piao et al., 2020). Studies have suggested that vegetation 
greening can alter the water and energy exchanges between the land and 
the atmosphere, affecting the atmospheric circulation patterns and 
finally changing various meteorological variables (e.g., temperature and 
precipitation) on local and regional scales (Pielke, 2005; Sheil and 
Murdiyarso, 2009; Zeng et al., 2017; Yosef et al., 2018; Yu et al., 2021). 
All in all, there existed two-way interactions between vegetation and the 
atmosphere. This implies that the contributions of vegetation (climate 
change) to the ET and water yield trends in this study partially involves 
the effects of climate change (vegetation), leading to uncertainties in our 
results. Another limitation comes from the separation method utilized in 
this study. The relationships between the water cycle, climate variables, 
and vegetation dynamics are complex. In this study, linearly adding 
their contributions may introduce some uncertainties to our results. 
Notwithstanding such shortcomings, this new separation method is 
generally prior to traditional separation methods [e.g., the sensitivity 
method in Zhang et al. (2020) and the differential equation approach in 
Zhang et al. (2018)]. Therefore, the choice of the attribution method is 
another possible reason for the different factors contributing to the ET 
trends in the eastern part of southern water resources regions between 
our findings (i.e., vegetation) and previous studies (e.g., climatic factors; 
Zhang et al., 2020). 

5. Conclusions 

In this study, we decomposed how climate variables and vegetation 
(both human-disturbed and natural vegetation) impacted the annual ET 
and water yield trends across vegetated mainland China during 
2001–2020, based on a series of sensitivity experiments by a remote 
sensing process-based terrestrial ecosystem model and a joint-solution 
method. We found that annual ET increased significantly (p < 0.05) 
with the dominant factor of strong vegetation greening on the national 
scale. However, despite the significant (p < 0.05) increase in precipi
tation, the water yield throughout vegetated mainland China exhibited 
an insignificant trend, mainly due to the offsetting effect of vegetation 
greening (i.e., the enhanced ET). Furthermore, the spatial analyses 
suggested that vegetation and precipitation dominated the trends in ET 
over more than half and one-third of the study area, respectively. In 
contrast, precipitation was the dominant contributor to the trends in 
water yield over two-thirds of the vegetated mainland China. This 
highlighted the different mechanisms behind changes in water budgets 
across vegetated mainland China during the recent two decades. The 
results could improve our understanding of how climate variables and 
vegetation dynamics quantitatively caused hydrological changes across 
vegetated mainland China and could help develop specific measures to 
maintain water resources availability and regional development. Be
sides, the finding of this study implied that the spatial differences in the 
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mechanisms controlling hydrological changes should be considered to 
maximize ecological and hydrological benefits, when formulating and 
implementing the ecological recovery policies in China. 
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Appendix A. ET computations of the BEPS model 

Some main methodologies and recent modifications directly related to the calculation of ET are provided here. In the BEPS model, ET from 
terrestrial ecosystems is calculated as (Liu, 2003): 

ET = Tran + Eplant + Esoil + Splant + Sground, (A1)  

where Tran is the canopy transpiration; Eplant and Esoil are the evaporation of intercepted precipitation and soil surface, respectively; Splant and Sground are 
the snow sublimation from the canopy and ground surface, respectively. 

The canopy transpiration is further calculated as: 

Tran = Tran.sunlitLAIsunlit + Tran.shadedLAIshaded, (A2)  

where Tran,sunlit and Tran,shaded are the transpiration of the sunlit and shaded leaves, respectively; LAIsunlit and LAIshaded are the LAI of the sunlit and 
shaded leaves, respectively and they are separated from total LAI according to daily mean solar zenith angle (θ) and clumping index (Ω) (Chen et al., 
1999). 

The transpiration of sunlit and shaded leaves is calculated using the Penman-Monteith equation (Monteith, 1965): 

Tran,j =
ΔRn,j + ρcpVPD

/
ra

[
Δ + γ

(
1 + rs,j

/
ra
)
λv
], (A3)  

where Δ is the rate of saturated water vapor pressure changing with temperature (kPa ◦C− 1); the subscript j denotes the sunlit or shaded leaves; Rn,j is 
the net radiation (w m− 2) absorbed by sunlit or shaded leaves; ρ is the density of air (kg m− 3); cp is the specific heat of the air (J kg− 1 ◦C− 1); γ is the 
psychrometric constant (kPa ◦C− 1); ra is the aerodynamic resistance (s m− 1); and rs,j is the stomatal resistance to water vapor (s m− 1) of sunlit or shaded 
leaves. 

Esoil is also calculated using the Penman-Monteith equation with the resistance of soil surface changing with the degree of saturation within the first 
soil layer (Ju et al., 2010a, 2010b). Eplant, Splant, and Sground are computed in the same way as (Liu et al., 2013). 

Appendix B. Soil water content computations of the BEPS model 

The BEPS estimates soil water content at three soil profile layers with depths of 0.1 m, 0.25 m, and 0.85 m (Liu et al., 2013). Soil evaporation is 
limited to the first soil layer. However, vegetation can take water from all three layers through transpiration. Thus, the changes in soil water content at 
the three soil layers can be expressed as: 

∂θ1

∂t
=

1
d1

(
Pgs − Tran,1 − Esoil − RF − Q1,2

)
, (B1)  

∂θ2

∂t
=

1
d2

(
Q1,2 − Tran,2 − Q2,3

)
, (B2)  
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and 

∂θ3

∂t
=

1
d3

(
Q2,3 − Tran,3 − Q3

)
, (B3)  

where θi is the water content of soil layer i; di is the thickness of soil layer i (m); Pgs is precipitation throughfall arriving at the ground surface (m d− 1); 
Tran,i is the transpiration uptake from soil layer i (m d− 1); RF is the surface runoff estimated as a function of Pgs and θ1; Qi,i+1 is the vertical exchange of 
soil water between soil layers i and soil layer i+1 (m d− 1); and Q3 is the saturated subsurface flow from the bottom of the soil profile and is calculated 
according to soil water content and saturated hydraulic conductivity in the deepest soil layer. 

The soil water flux between layers i and i+1 is estimated as (Sellers et al., 1996): 

Qi,i+1 =
kidi + ki+1di+1

di + di+1

(

1+ 2
wi − wi+1

di + di+1

)

, (B4)  

where ki and ki+1 are the hydraulic conductivity at soil layers i and i+1 (m d− 1), respectively; wi and wi+1 are the water potential in soil layers i and i+1 
(m), respectively. 

The hydraulic conductivity (ki) at soil layer i is calculated as: 

ki = Ki

(
θi

θs,i

)2b+3

, (B5)  

where Ki is the saturated hydraulic conductivity of the soil layer (m d− 1), and b is a soil texture dependent parameter to determine the changing rate of 
hydraulic conductivity with soil water content. 

Appendix C. Separation algorithm for the joint-solution method 

With the assumption that the changed factors induced the EXPx ET trends, an equation is established as follows: 

∑N

K∕=x

CK
ET = TEXPx

ET , (C1)  

where 
∑N

K∕=iCK
ET represents the sum ET trends contributed from the influential factors (excluding x-factor), N is the number of sensitivity experiments 

(here being 5), and TEXPx
ET is the linear trend from the EXPx ET. Thus, we could get a set of simultaneous equations with five unknown numbers (i.e., 

CPRE
ET , CRAD

ET , CT
ET, CRH

ET , and CVEG
ET ). By solving these equations, the respective contribution for each factor was obtained as follows: 

CK
ET =

∑N
K∕=iT

EXPK
ET − (N − 2)TEXPx

ET

(N − 1)
, (C2)  

Appendix D. Identifications of dominant factors for the annual ET and water yield trends 

Here is a brief description of the dominant factor for the annual ET and water yield trends on grid cell and regional scales. Firstly, based on the HD- 
LCC, HD-Cropland, natural vegetation maps (Fig. S1), the contribution of HD-LCC/HD-Cropland/natural vegetation to the ET trends can be identified 
as vegetation at HD-LCC/HD-Cropland/natural vegetation grid. If the EXPCTL annual ET (water yield) trends are upward, the factor among precip
itation, incoming solar radiation, temperature, relative humidity, and HD-LCC/HD-Cropland/natural vegetation with the maximum positive 
contribution is considered the dominant one. On the other hand, if the EXPCTL annual ET (water yield) trends are downward, the factor with the 
minimum negative contribution is the dominant factor. Therefore, we first estimate the vegetation contributions to the ET (water yield) trends for a 
certain region by summing up area-weighted contributions from HD-LCC, HD-Cropland, and natural vegetation. Then, by comparing the contributions 
of each climate factor and vegetation, the dominants for vegetated mainland China and each water resources region can be determined. Furthermore, 
if vegetation is dominant for a given region, we further determine the dominant factor to be HD-LCC, HD-Cropland, and natural vegetation based on 
their contributions. 
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