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ARTICLE INFO ABSTRACT
Keywords: Water is a prerequisite for the formation of earth-biochemical-ecological systems. Differences in the spatial and
Soil moisture use efficiency temporal distribution of water resources are important factors in the formation of differences in the distribution

Precipitation use efficiency
Relative contribution
Climate factor

China

of vegetation in terrestrial ecosystems and are key to the differences in vegetation productivity. Vegetation water
use efficiency is calculated by the total amount of fixed biogenic carbon per unit mass of water consumed in
photosynthesis and can be used to assess the intensity and capacity of an ecosystem to use water biomass. Based
on remote satellite sensing data, this study proposes a new water use efficiency assessment model. The model was
validated using flux site data, and we analyzed the relative contribution of climate factors to soil moisture use
efficiency using a first-difference method. The results revealed the following: (1) The soil moisture use effi-
ciencies (SUE) of remote sensing data inversions that were evaluated using flux site data based on correlation
coefficients and Nash coefficients showed high reliability, and only the NMG (Inner Mongolia) station showed
low correlation among the nine sites. (2) Among the nine agricultural sub-regions in China, only the SUE of the
Qinghai-Tibet Plateau region showed a decreasing trend (—1.08 g C/m ™2 kg H,0 yr), while all other regions
showed an increasing trend. (3) The highest vegetation soil moisture use efficiency (1.83 g C/m~2 kg H,0) was
found in ferralisols, while the lowest vegetation SUE (0.17 g G/m ™2 kg H,0) was found in arid soils. The SUE of
different vegetation types showed the characteristics of forest > scrub > cultivated vegetation > wetland >
grassland. (4) The relative contribution of gross primary productivity (GPP) to the change in SUE was 37.53%,
while the relative contribution of soil moisture content to the change in SUE was —26.71%. Among the five
climatic factors, temperature was the most dominant factor affecting the change in SUE, followed by precipi-
tation, net radiation, leaf area index, and potential evapotranspiration. Revealing the relationship between
terrestrial ecosystem GPP, soil moisture content, and their responses to climate factors is a prerequisite for
understanding the adaptation strategies of regional terrestrial ecosystems to global climate change, which can
help to inform decision-making for the sustainable development of ecosystems.

1. Introduction climate change, it is important to understand how climate change affects
the biochemical mechanisms of terrestrial vegetation (Tougeron et al.,

The concentration of greenhouse gases in the atmosphere has 2020; Xia et al., 2020), especially the carbon and water cycles that
continued to increase over recent decades (Zhang et al., 2020), leading maintain the balance and stability of terrestrial ecosystems (Heimann
to global warming, reduced precipitation, and increased evaporation and Reichstein, 2008; Li et al., 2021; Li et al., 2020). Water use effi-
from the Earth’s surface, conferring profound effects on the stability of ciency is an important physiological variable of vegetation and a key
terrestrial ecosystems (Qin et al., 2020). To effectively respond to indicator of the relationship between water consumption and vegetation
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as a carbon sink (An, 2022). Vegetation water use efficiency has become
a hot topic in the study of the carbon and water cycles of ecosystems.
Thus, it is important to analyze the changing characteristics of water use
efficiency of vegetation and its influencing factors (Zhang et al., 2016),
not only to grasp the characteristics of the carbon and water cycles of
ecosystems in the context of climate change but also to understand the
response relationship of terrestrial ecosystems to climate change (Hat-
field and Dold, 2019), which is significant for the sustainable develop-
ment of ecosystems.

Vegetation water use efficiency is a key indicator of ecosystem and a
core element of ecosystem water cycle, carbon cycle and energy cycle. In
different application scenarios, water use efficiency has different phys-
ical meanings. From the perspective of crop yield, water use efficiency is
defined as the amount of carbon sequestered per unit of transpiration or
crop yield. From the perspective of the water supply side, it is defined as
the ratio of evapotranspiration of irrigation water to the total water
supply (Sun et al., 2020; Wang et al., 2023). Vegetation water use effi-
ciency includes water use efficiency (WUE) and precipitation use effi-
ciency (PUE), where WUE is defined as the ratio of gross primary
productivity (GPP) to evapotranspiration, and PUE is defined as the ratio
of GPP to precipitation (Gu et al., 2021; Liu et al., 2022) and integrates
the relationship between the characteristics of carbon sequestration and
water consumption (de Oliveira et al., 2018). Scientists have conducted
studies on vegetation water use efficiency at different spatial and tem-
poral scales for typical global regions. However, previous studies have
overlooked an important issue: precipitation is an important source of
surface water recharge, but it is not directly used by vegetation
(LucLambs, 2004). Precipitation is converted to soil moisture through
infiltration before it can be absorbed by vegetation roots (Mei and Ma,
2022). Vegetation water use efficiency has been evaluated globally at
the individual and ecosystem scales using methods such as tree annual
cycle carbon isotopes, eddy flux measurements, atmospheric carbon
isotope composition analysis, and Earth system modeling techniques
(Guerrieri et al., 2019; Van der Sleen et al., 2015). However, relevant
research has shown that a reduction in soil moisture reduces the vege-
tation activity and slows photosynthetic efficiency; therefore, it is
necessary to analyze vegetation WUE based on soil moisture.

Soil moisture content is influenced by precipitation, soil type, soil
characteristics, vegetation status, and human activities (Fenger-Nielsen
et al., 2019). Previous related studies have analyzed the response of
vegetation WUE to variables such as climate factors, land cover change,
and different vegetation types (Gao et al., 2014; Nandy et al., 2022; Song
et al., 2017; Zhu et al., 2011). However, little research has been con-
ducted into the characteristics of vegetation and how WUE changes in
different soil types. There are great differences in soil properties be-
tween different types of soils, and China has a wide variety of soil types,
and their spatial distribution varies significantly (Fu et al., 2018). For
example, in the Loess Plateau region of China, the soil type is mainly
primary soil. This type of soil is mostly distributed in areas with sparse
vegetation and severe soil erosion. Hou et al. (2022) found that there
were significant seasonal differences in vegetation WUE on the Loess
Plateau (summer > autumn > spring). In the Qinghai-Tibet Plateau re-
gion of China, the soil type is dominated by alpine soils. The most
important characteristic of alpine soils compared with other types of soil
is that they have a seasonal freezing layer or permafrost phenomenon. Ji
et al. (2022) found that vegetation WUE in the Qinghai-Tibet Plateau
region was on the rise, and that temperature was the dominant factor
affecting vegetation WUE. In previous regional studies, however, the
differences in WUE between different soil types were not well explained.

With the development of remote sensing technology in recent years,
a new way to study ecosystem carbon cycles and water cycles on a large
scale has been provided (Xiao et al., 2019). However, compared with
flux site data, there are disadvantages, including lower spatial resolu-
tion. Therefore, data from nine carbon flux observation sites in the
Chinese region based on the eddy covariance technique were used in this
study to validate the vegetation SUE based on the inversion of remote
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sensing data. The combination of remote sensing data and flux data was
used to analyze the differences in the spatial and temporal distribution
of vegetation WUE in China and the sensitivity to climatic and envi-
ronmental factors.

Over the past few decades, ecological projects implemented by the
Chinese government have made significant contributions to the increase
in global carbon sinks (Fang et al., 2018). However, due to the impact of
global warming, the changing characteristics of vegetation WUE in
China still deserve to be studied and will provide a reference for the
study of vegetation carbon and water cycles in other regions of the world
(Zhong et al., 2021). Based on this, the objectives of this study were to:
(1) analyze the changes in SUE in nine agricultural sub-regions of China;
(2) compare the differences in SUE of vegetation between different soil
types and vegetation types; (3) conduct attribution analysis of the
changes in vegetation SUE based on multiple climatic factors; (4)
analyze the spatial and temporal differences between vegetation pre-
cipitation use efficiency and SUE.

2. Data and methods
2.1. Data sources

2.1.1. Soil moisture content data

The soil moisture dataset was obtained from the data center of the
Ecological Discipline of the Chinese Academy of Sciences (https://www.
nesdc.org.cn). The data was based on the downscaling technique of
spatial weighting of MODIS/TVDI data, using soil moisture data from
different passive microwave products, including AMSR-E and AMSR2
JAXA Level 3 products, and AMOS-IC data products, obtained after
calibration and reconstruction with ground monitoring data using a
unified model (Meng et al., 2021). The soil moisture dataset has a spatial
resolution of 0.05° and a temporal resolution of months and is widely
used in hydrological and drought monitoring studies.

2.1.2. Remote sensing data

Satellite-based solar-induced chlorophyll fluorescence (SIF) has
proven to be remarkably promising for monitoring terrestrial photo-
synthesis. Based on the finer resolution SIF product derived from the
Orbiting Carbon Observatory 2 (OCO-2) (GOSIF), the GOSIF GPP dataset
was generated by using the strong linear relationships between the
tower GPP data and the GOSIF data (Li and Xiao, 2019). The monthly
GOSIF GPP data, with a spatial resolution of 0.05° during the period of
2000-2018, was used in this study.

2.1.3. Climate data

The climate data used in this study included precipitation, temper-
ature, evapotranspiration, net radiation (RN), and the monthly leaf area
index (LAI) data sourced from the National Tibetan Plateau Scientific
Data Center (https://data.tpdc.ac.cn/), with a spatial resolution of 1 km
(Chen et al., 2021). The above climate data are synthesized on an annual
scale according to the corresponding laws.

2.1.4. Flux site data

The flux site dataset used in this study was sourced from the
Ecological Discipline Data Center of the Chinese Academy of Sciences
(https://www.nesdc.org.cn). The flux data from 2004 to 2010 were
selected from nine sites in Xishuangbanna, Changbai Mountain, Dinghu
Mountain, Dangxiong, Haibei scrub, Haibei wetland, Inner Mongolia,
Qianyanzhou, and Yucheng (Yu et al., 2014). The data products used
were monthly values of flux data, including net ecosystem exchange
(NEE), gross ecosystem exchange, ecosystem respiration, sensible heat,
and latent heat, after standardized quality control and data processing
using the China Flux technical system.

2.1.5. Agricultural zoning, soil type, and vegetation type data
The topography of China is high in the west and low in the east, with
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mountains, plateaus, and hills accounting for 67% of the total land area Table 1
and basins and plains accounting for 33% of the total land area. Due to The datasets used in this study.
the significant differences in terrain height and diverse topography in Data Spatial Temporal Timespan  Link
China, the climatic environment is complex and variable. Based on this, resolution resolution
the nine agricultural zones of China provided by the Resource and GPP data 0.05° monthly, 2002-2018  hitps://global
Environmental Science and Data Center (https://www.resdc.cn) were yearly ecology.unh.edu
used to delineate the study area in this paper. This zoning approach fully Soil moisture 0.05° monthly 2002-2018  https://www.nes
considered the similarity of regional natural climatic characteristics, the content data de.org.cn
. Climate data 1 km monthly 2002-2018  https://data.tp
degree of economic development, and crop types. The area names and deac.en/
their spatial locations are shown in Fig. 1. Flux site yearly 2004-2010  https://www.nes
Soil and vegetation type data were provided by the Resource and dataset dc.org.cn
Environmental Science and Data Center of the Chinese Academy of Soil and 1km yearly 2015 https://www.
vegetation resdc.cn

Sciences (https://www.resdc.cn), and the spatial resolution of the soil

and vegetation type data was 1,000 m. The soil types included 12 soil

classes and 61 soil types, and the vegetation types included 13 major

vegetation classes and 58 subclasses. In this study, all of them were 2.2. Methods

analyzed according to the major soil and vegetation classes. Details of

the datasets used in this study for drought indexing are provided in 2.2.1. Site-scale GPP calculation

Table 1. GPP can be obtained using the ecosystem respiration (RE) and NEE,
calculated from CO flux observations, as in Eq. (1):

type data
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Fig. 1. Spatial distribution of agricultural divisions and flux sites.
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GPP = RE — NEE @

Ecosystem respiration includes autotrophic respiration (vegetation
respiration) and heterotrophic respiration (soil respiration). Both RE
and NEE can be calculated from turbulent fluxes of CO, and storage
fluxes of CO, at measured altitudes (Li et al., 2016).

2.2.2. Vegetation WUE

In this study, two vegetation water use efficiencies were calculated:
precipitation use efficiency (PUE) and soil moisture use efficiency (SUE),
where PUE was defined as the ratio of GPP to precipitation, and SUE was
defined as the ratio of GPP to soil moisture content (Liu et al., 2022) (Eq.
(2)).

SUE = GPP/,, @)
PUE = GPP/ppr. 3

where GPP represents the monthly or annual gross primary productivity
of vegetation (g C/m?), soil moisture (SM) represents the moisture per
cubic meter of soil (m®/m>), and PRE represents the monthly or annual
precipitation (mm). (The gray areas are used in the full text to indicate
SUE and PUE as missing data.)

2.2.3. SUE validation method
In this study, the Pearson correlation coefficient and the
Nash-Sutcliffe coefficient were used to verify the SUE based on the
inversion of remote sensing data. The Pearson correlation coefficient
reflects the linear relationship between two sets of variables; the closer
the Pearson correlation coefficient is to 1, the stronger the linear rela-
tionship between the variables. The Nash—Sutcliffe coefficient is mostly
applied to verify the merit of the results of a hydrological model simu-
lation; the closer the Nash-Sutcliffe efficiency (NSE) is to 1, the more
credible the model. The Pearson correlation coefficient and

Nash-Sutcliffe coefficient are calculated as follows:

1 "X, X\ (Y, -7

R_nfllzzl:( Ox >< Oy ) (4)
Xy
n (X, _ X)Z

NSE =1 %)

=1

where X represents the vegetation SUE from flux site inversion, Y rep-
resents the vegetation SUE from remote sensing data inversion, and t is
the time scale (Jan 2004 to Dec 2010).

2.2.4. Attribution analysis of changes in SUE

To quantify the influence of each climate factor on SUE, GPP, and soil
moisture content, a first- difference analysis was used to quantify the
relative contribution of each (Liu et al., 2018). First, a linear regression
model with year as the independent variable was constructed to calcu-
late the trends of SUE, GPP, soil moisture content, and major climate
factors, including precipitation, temperature, potential evapotranspira-
tion, LAI, and effective surface radiation over the study years, calculated
as follows:

X
S, = T Year + B, (6)

where S, represents the values of SUE, GPP, soil moisture content, and
climate factors at the corresponding stage, Year represents the year, B,
represents the intercept of the regression model, and % represents the
slope of the regression model, i.e., the trend of change, reflecting the
characteristics of the variables as the year increases, and the slope of the
regression model for SUE, GPP, and soil moisture content reflects the
combined effect of climate change on their changes.

The first-difference method is a common de-trending analysis
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method used to establish the relationship between climate factors and
ecological indicators, which can effectively reduce the influence of the
remaining non-normal factors on the long-term trend of ecological in-
dicators. The first-difference is the absolute difference (AY = Y1 —Y;)
for two consecutive years, and the calculated results are applied to
construct a regression model to estimate the response of ecological in-
dicators to the main climate factors. The constructed multiple regression
model is shown below.

n

AY( SUE or GPP or SM) = Z(SX:' ® AX; + By,) (@]

i=1

where AY and AX; are the first-differences in the corresponding time
periods,By, represents the intercept of the regression model, and S,
represents the sensitivity of the climate factors to ecological indicators.

The relative contributions of the main climatic factors to SUE, GPP,
and soil moisture content were calculated as follows:

0X;
Sy * 5t

. ___ (8
Zi:l (|SXr ® % )

RC, =

3. Results
3.1. Validation of SUE results

The results of the correlation coefficients between the SUE based on
the inversion of remote sensing data and the vegetation SUE based on
the inversion of site flux data are shown in Table 2. Among the nine
stations, except for the Inner Mongolia station, the correlation co-
efficients between SUERS and SUEST were greater than 0.75, and all of
them passed the 99% significance test. The moderate correlation sta-
tions included Dangxiong station and Dinghu station; the high correla-
tion stations included Qianyanzhou station; and the significant
correlation stations included Changbaishan station, Haibei wetland
station, Haibei irrigation bush station, Yucheng station, and Xishuang-
banna station. Except for the Inner Mongolia station, the NSEs of all
stations were greater than zero, and the NSE of the Inner Mongolia
station was close to 0, indicating that the SUE results from the inversion
of remote sensing data were close to the average of the station results.
Overall, the SUE based on the inversion of remote sensing data had high
confidence and can be applied to the monitoring of vegetation WUE on a
large scale.

3.2. Trends of SUE, GPP, and soil moisture (SM)

The trends of GPP, SM, and SUE in each division from 2003 to 2018
are shown in Fig. 2. The trends of GPP, SM, and SUE in different sub-
regions showed obvious differences. The GPP in all sub-regions main-
tained the trend of growth, and the higher growth rate included Regions
H, I, D, and F. Soil moisture content also showed the trend of growth in
all regions except Regions B, F, and H, among which the growth rate was
higher in Regions A, C, and E, while other regions maintained a rela-
tively stable state. SUE maintained the trend of growth in all regions
(except Region E), among which the growth rate was higher in Regions F
and H. With the exception of Region E, all regions maintained an
increasing trend, among which, Regions F and H had the highest growth
rates.

Comparing the trends of GPP, SM, and SUE, it was found that the
degree of influence of GPP and SM on SUE varied greatly in different
sub-regions. The area north of Qinling and Huaihe River is an important
climate divider in China. The area north of Qinling and the Huaihe
River, including Regions A, B, C, and D, is dry, with little rain and four
distinct seasons. The area south of Qinling and the Huaihe River,
including Regions F, G, H, and I, has a humid climate and abundant
precipitation. Region E includes the Qinghai-Tibet Plateau region, which
has its own unique climate characteristics. From the trend of soil



H. Ding et al. Ecological Indicators 150 (2023) 110271

Table 2

Comparison of inversion SUE results based on remote sensing data and site data.
Station CBS NMG HBSD HBGC YC DX DHS QYZ XSBN
R 0.949™ 0.205 0.924” 0.909" 0.962" 0.795 0.771" 0.864" 0.938™
NSE 0.877 —0.051 0.591 0.533 0.487 0.539 0.782 0.437 0.669

Note: ** represents passing the 99% significance test.
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Fig. 2. Temporal variation characteristics of gross primary productivity (GPP), soil moisture content, and soil moisture use efficiency (SUE) in nine agricul-

tural divisions.

moisture content change, the growth rate in the area north of Qinling
and Huaihe River was much larger than that in the area south of Qinling
and Huaihe River; this change state indicates that the climate in
northern China is developing toward warming and humidification (Kang
and Eltahir, 2018). The overall trend of GPP as a whole indicated that
the growth of soil moisture content in northern China does not inhibit
the growth of SUE. In the context of global warming, snow accumulation
in the high mountains and glacier ablation in Region E greatly replen-
ished the soil moisture content, but the regional GPP did not change
significantly, resulting in a decreasing trend of SUE (Cui et al., 2022;
Zheng and Zhang, 2022).

3.3. SUE of different soil types

The WUE of vegetation in different soil types is shown in Fig. 3. The
highest SUE (1.83 g C/m~2 kg H,0) was found for ferralisols, followed
by luvisols (1.3 g C/m~2 kg H,0), skeletoi primitive soils (0.98 g C/m ™2
kg H»0), semi-luvisols (0.94 g C/m™2 kg H,0), anthrosols (0.92 g C/m2
kg H,0), dark semi-hydromorphic soils (0.76 g C/m~2 kg H,0), hy-
dromorphic soils (0.53 g C/m~2 kg H»0), caliche soils (0.38 g C/ m 2 kg
H»0), alpine soils (0.24 g C/m ™2 kg H,0), desert soils (0.2 g C/m~2 kg
H20), and arid soils (0.17 g C/m~2 kg H30). Ferralisols are mainly
concentrated in the humid tropical and subtropical regions at low lati-
tudes, where rain and heat conditions are better, and vegetation grows

vigorously, so vegetation SUE is at its highest. Arid soils and desert soils
are mainly distributed in the inland areas of northwest China. Due to the
harsh regional climatic conditions, annual precipitation does not exceed
200 mm. Meanwhile, arid soils have large pores and a poor ability to
retain water. The vegetation in these areas consists of mainly arid and
super-arid small semi-shrubs and shrubs, and this type of vegetation has
a small leaf area and a low photosynthetic rate, so the SUE of arid soil
vegetation is maintained at a low level. Overall, the SUE of vegetation
under different soil types showed large variation due to the complex
dynamics of water retention capacity, soil fertility, and regional climatic
factors.

3.4. SUE of different vegetation types

The SUE of different types of vegetation is shown in Fig. 4. In general,
the SUE of vegetation gradually increases with an increase in canopy
vegetation, showing the characteristics of forest > scrub > cultivated
vegetation > wetland > grassland. The SUE of different forest types
differed significantly, in the order of tropical rainforest > broadleaf
forest > mixed forest > coniferous forest, and showed a decrease with
increasing latitude, with tropical rainforest being the highest (3.36 g C/
m~2 kg Hy0), followed by subtropical monsoon evergreen broad-leaved
forest (3.34 g C/m~2 kg H,0), tropical monsoon forest (2.48 g C/m~2 kg
H,0), subtropical evergreen broad-leaved forest (2.18 g C/m~2 kg H,0),
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Fig. 4. SUE under different vegetation types.

subtropical evergreen deciduous broad-leaved mixed forest (1.98 g C/
m 2 kg H,0), subtropical coniferous evergreen broad-leaved deciduous
broad-leaved mixed forest (1.78 g C/m~2 kg H»0), subtropical decidu-
ous broad-leaved forest (1.73 g C/m 2 kg H,0), subtropical coniferous
forest (1.68 g C/m™2 kg H,0), temperate deciduous broad-leaved forest
(1.18 g C/m~2 kg H»0), temperate coniferous deciduous broad-leaved
mixed forest (1.18 g C/m 2 kg H,0), temperate coniferous forest
(1.05g C/m~2 kg H20), and cold temperate coniferous forest (0.71 g C/
m~2 kg H,0). Among shrub vegetation, the SUE was greater in shrub-
grass (1.81 g C/m~2 kg Hy0) than in shrub forest (1.44 g C/m~2 kg
H0). Cultivated vegetation receives high nutrients and water for
growth under human control, guaranteeing that cultivated vegetation
has relatively high SUE (0.98 g C/m~2 kg H0). Wetland vegetation
(0.69 g C/m~2 kg H,0), meadow (0.54 g C/m 2 kg H,0), alpine vege-
tation (0.42 g C/m~2 kg H,0), and steppe (0.38 g C/m~2 kg H,0)
showed low levels of SUE due to climatic and geographical factors.

3.5. SUE change attribution analysis

The relative contribution of GPP and soil moisture content, as direct
factors affecting SUE, to the change in SUE is shown in Fig. 5. The
relative contribution rate of GPP to SUE change was 82.13% of the total
area with positive contribution, and 17.87% of the total area with
negative contribution, where the average contribution of GPP to SUE
change in the nine sub-districts was 42.32% (Region A), 41.06% (Region
B), 40.97% (Region C), 64.76% (Region D), 11.96% (Region E), 40.45%
(Region F), 32.01% (Region G), 49.88% (Region H), and 49.67% (Re-
gion I). The relative contribution of soil moisture content to SUE change
was positive in approximately 29.1% of the total area and negative in
approximately 70.9% of the total area, where the average contribution
of soil moisture to SUE change in the nine subdivisions was —34.27%
(Region A), —45.45% (Region B), 20.36% (Region C), —20.4% (Region
D), —46.12% (Region E), 4.64% (Region F), —25.42% (Region G),
15.06% (Region H), and —16.64% (Region I). The relative contribution
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Fig. 5. Relative contribution of GPP (a) and soil moisture content (b) to the change in SUE.

of GPP to SUE change was positive in all nine sub-regions, meaning that
SUE increased with GPP, especially in the northern part of Region A, the
central part of Region B, the northern part of Region D, and the eastern
part of Region I. The relative contribution of soil moisture content to
SUE change was negative in Regions A, B, D, E, G, and I, meaning that
SUE decreased with increasing soil moisture content. However, the
relative contribution of soil moisture content to SUE change was positive

in Regions C, Region H, southern Region F, southeastern Region A,
central Region D, and eastern Region G. These regions are important
food production bases in China (Sichuan Basin, Yellow and Huaihai
Plains, Middle and Lower Yangtze River Plains, Guanzhong Plain, and
Fen River Plain), and the addition of human activities is important to
ensure crop yield. Therefore, both GPP and soil moisture content
showed positive contributions to SUE in these regions. However,
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changing the mechanism of the effect of soil moisture content on SUE
under natural conditions in the above mentioned areas leads to many
uncertainties in the contribution of soil moisture content to SUE.

For each subregion, the dominant factors affecting SUE changes
accounted for the percentages shown in Fig. 6. Among them, the pro-
portion of temperature change as the dominant factor was the highest in
all sub-regions, especially in Region C, where temperature change as the
dominant factor accounted for 45.5% of the whole region. In contrast, it
was found that the percentage of regions with temperature change as the
dominant factor was higher in southern China than in northern China,
and the percentage of temperature change as the dominant factor had
the characteristic of changing with decreasing latitude. In Regions A, B,
and D, LAI was the second dominant factor affecting SUE variation; in
Region C, the second dominant factor was net radiation, and the second
dominant factor in the remaining regions was precipitation. In contrast,
it was found that precipitation variation affected SUE to a much greater
extent in the southern regions of China than in the northern regions. The
reason for this phenomenon is that precipitation in the northern regions
is lower than that in the southern regions, leading to the predominance
of drought-tolerant vegetation in the northern regions and the relatively
lower drought tolerance of vegetation in the southern regions. For the
whole study area, temperature was the first dominant factor, precipi-
tation was the second dominant factor, net radiation was the third
dominant factor, LAI was the fourth dominant factor, and potential
evapotranspiration was the fifth dominant factor affecting SUE varia-
tion. These results show that changes in hydrothermal conditions are the
most important factors affecting the changes in SUE.

Ecological Indicators 150 (2023) 110271

4. Discussion
4.1. Different analysis of PUE and SUE

The spatial distributions of SUE and PUE during different seasons are
shown in Fig. 7. Both SUE and PUE showed not only obvious seasonal
differences, but also maintained similar spatial distributions, gradually
increasing from north to south, and the PUE and SUE were found to be
much higher in southwest China (Region I) than in other regions. This
conclusion is consistent with the findings of Liu et al. (2022) and Xue
et al. (2022). The main reason for the higher vegetation WUE in
southwest China compared to other regions is that southwest China is
located in the subtropics and has a subtropical monsoon climate with
good hydrothermal conditions, resulting in much higher species abun-
dance than other regions. Polley et al. (2017) found that higher species
abundance tends to represent more vigorous vegetation productivity
and, due to the complementary law of ecological niches, higher species
abundance implies faster water cycling, faster carbon and energy cycles,
and higher PUE and SUE. The areas with relatively low PUE and SUE
values were concentrated in Regions B and E. However, there are
different reasons for the low SUE and PUE values in these two regions.
Region E is the Qinghai-Tibet Plateau region, and the SUE and PUE
showed overall distribution characteristics of high in the east and low in
the west, high in the south and low in the north, which is greatly related
to its elevation variation. With the elevation increase, precipitation
decreases, temperature decreases, soil moisture content decreases,
vegetation height decreases, LAI decreases, and many climatic factors
and vegetation physiological factors that affect vegetation WUE
decrease. The WUE of vegetation on the Qinghai-Tibet Plateau was
therefore lower than that of other regions. Region B is an arid and semi-
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Fig. 6. Spatial distribution of leading climate factors affecting SUE changes.
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Fig. 7. (continued).

arid region in northern China, and the low WUE of vegetation in this
region is not only related to the physiological characteristics of the local
vegetation but is also influenced by the local climatic environment.
Firstly, the vegetation in Region B has a large root to crown ratio, poor
stomatal conductance, low photosynthetic efficiency, and weak carbon
sequestration capacity (Dingkuhn et al., 2020). Secondly, the annual
precipitation in the area is 300-500 mm, and the average annual
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evaporation is 260 mm, which greatly limits the physiological activity of
vegetation and reduces the stability of the ecosystem due to water deficit
(Hu et al., 2018).

On the seasonal scale, SUE and PUE showed unimodal patterns of
variation, exhibiting the highest values in summer (SUE: 1.36, PUE:
2.43), followed by autumn (SUE: 0.63, PUE: 1.85), winter (SUE: 0.59,
PUE: 1.4), and the lowest in spring (SUE: 0.34, PUE: 1.03). These
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seasonal differences in vegetation WUE are consistent with the regional
climatic characteristics of China. The comparison revealed that the
spatial continuity of PUE was better than that of SUE, which was espe-
cially obvious in Region G (Sichuan Basin). The reason for this difference
is that precipitation is spatially consistent in the region, while soil

11

moisture is affected by other factors besides precipitation, including
relative humidity, air temperature, wind speed, soil nutrients, soil
texture, vegetation type, vegetation cover, water pressure, and topog-
raphy, and the influence of multiple elements leads to poor spatial
continuity of soil moisture content (Li et al., 2022). Relevant studies
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have shown that soil water in natural grassland is easily and effectively Similarly, the relatively low recharge efficiency in woodland due to
recharged. The efficiency of precipitation recharge is affected by factors canopy interception is also influenced by these factors. Therefore,
such as leaf roughness, vegetation structure, and vegetation density. effective recharge of soil water only occurs during periods of high

12
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precipitation. Sandy land has strong and rapid infiltration, but low
vegetation density and poor soil water retention capacity, resulting in a
low soil water recharge efficiency (Zhou et al., 2020). In addition, the
soil moisture transformed by precipitation is not completely used by
vegetation, and the water that can be used by vegetation is limited to a
certain depth of soil moisture. In summary, PUE has the characteristic of
overestimating vegetation WUE compared with SUE, and its spatial
distribution does not truly reflect vegetation WUE.

70°E 80° E 90° E 100° E
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4.2. Effect of climatic factors on GPP and soil moisture content

Climate and environmental factors are important factors affecting
the differences in spatial and temporal distribution of SUE, GPP, and soil
moisture content as direct factors for inversion of SUE; therefore, it is
necessary to analyze the effects of each climate factor on GPP and soil
moisture content. Fig. 8 shows the relative contribution of each climatic
element to GPP. The contribution of LAI to GPP was found to be high
(>50%) in Regions A, B, D and F. The contribution of GPP to SUE was
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Fig. 8. Relative contribution of climate factors to GPP.
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Fig. 8. (continued).

maintained at a high level in the above regions due to the continuous
vegetation recovery in the above regions in recent years. The relative
contribution of net radiation to GPP was higher in Region I than in other

14

regions, remaining at 25%-75%. Zhang et al. (2022) found that RN was
highest in southwest China (119.2 W/m?), and lower in the Chuan-Qian
Basin (east of Region G and north of Region I) and northwest China.
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Meanwhile, the annual precipitation in southwest China is high, and the
soil moisture content varies little; therefore, the net radiation becomes
the dominant factor affecting GPP in Region I. The contribution of
precipitation to GPP was higher in eastern Region G and eastern Region I
compared to other regions. The relative contribution of potential
evapotranspiration to GPP was higher in southern Region A, eastern
Region E, and western Region G. The contribution of temperature to GPP
remained largely in the range of 0%-25%. Overall, the average contri-
butions of the five climate factors to GPP in the Chinese region were
23.96% for LAL, 1.08% for potential evapotranspiration, 3.01% for
precipitation, 2.03% for RN, and 2.51% for temperature, with all factors
contributing to the growth of GPP.

The relative contribution of climatic factors to soil moisture content
is shown in Fig. 9, where the relative contribution of precipitation to soil
moisture content was positive in most areas (Regions F, H, and I, eastern
parts of Regions A and B, and southeastern part of Region G), and the
contribution was greater than 50%. It is worth noting that the contri-
bution of precipitation to soil moisture content was negative in Region
C, which was caused by the continuous decline of the groundwater level
in Region C (Feng et al., 2017). The North China Plain is an important
grain producing area in China, where around 75% of the agricultural
land is irrigated. Agricultural water use accounts for approximately 70%
of the total regional water use, of which approximately 70% of agri-
cultural water use comes from groundwater (Sun et al., 2010). Long-
term groundwater extraction leads to a decrease in soil moisture hold-
ing capacity, and the limited precipitation recharges deep groundwater
through infiltration. The other factors had positive contributions only
locally, such as surface effective net radiation in the northwestern part of
Region D, potential evapotranspiration in the central part of Region E,
the northwestern part of Region I, and the southwestern part of Region
C. Overall, the average contributions of the five factors to soil moisture
content in the Chinese region were —1.07% for LAI, —1.28% for po-
tential evapotranspiration, 15.37% for precipitation, —6.16% for RN,
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and —1.18% for temperature, with only precipitation contributing to
soil moisture content and all other factors being inhibitory.

4.3. Impact of ecological engineering on SUE

The Chinese government has initiated a series of ecological projects
since 1998, such as natural forest resource protection, the Grain for
Green project, the construction of the Three-North Forest Protection
System, the construction of the Yangtze River Forest Protection System,
and the restoration of farmland to grassland (Bryan et al., 2018). As of
2019, the average vegetation cover in China is 53.3%, and the areas with
increased vegetation cover are mainly located in the Northeast Plain
(Fig. 10a), Loess Plateau (Fig. 10b), Sichuan Basin (Fig. 10c), and
Yunnan-Guizhou Plateau (Fig. 10d). Shao et al. (2022) found that the
average rate of change in vegetation net primary productivity (NPP) in
China from 2000 to 2019 was 2.4 g C m~2 yr 1, with a steady overall
increase. The main areas of increase were concentrated in the northern
arid and semi-arid regions, the Loess Plateau, the Yunnan-Guizhou
Plateau, and the Sichuan Basin. Consistent with the trend of vegeta-
tion NPP, SUE in the Chinese region also maintained an increasing trend
(917 x 1073 g ¢/m™2 kg HoO yr™1). The relative contribution of
ecological engineering to NPP growth was 14.6%, while in the Loess
Plateau region it was more than 50% (Shao et al., 2022). Meanwhile, the
relative contribution of GPP to SUE increase was 37.53% in this study
and 64.76% in the Loess Plateau region. The implementation of
ecological projects not only increases the vegetation cover and surface
carbon sink capacity but also effectively improves the surface water
source connotation capacity and enhances the soil and water conser-
vation capacity (Feng et al., 2016). The contradiction between water
supply and demand is a bottleneck that restricts the healthy develop-
ment of the economy, society, and the ecological environment. Due to
the uneven spatial and temporal distribution of precipitation in China,
especially in the northwest inland areas where precipitation is low and
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Fig. 9. Relative contribution of climate factors to soil moisture content.

land evapotranspiration is large, the spatial variation in soil moisture
content is significant (Yang et al., 2021). The implementation of
ecological projects may aggravate the loss of soil moisture; therefore, in
water-scarce areas, we should optimize the allocation of water re-
sources, promote efficient irrigation technology to develop intensive
agricultural production modes, fully exploit the economic value of the
ecological environment, and promote the sustainable development of
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the ecological environment rather than blindly implementing affores-
tation to increase the consumption of water resources (Huang et al.,
2017; Xue et al., 2022). Thus, under the premise of guaranteeing the
sustainable development of terrestrial ecosystems, we should insist on
the self-restoration of ecosystems as the first solution to solve the
numerous ecological problems that we face, especially in ecologically
fragile areas.
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4.4. Uncertainty analysis of this study

In this study, vegetation WUE was inferred based on the soil moisture
content, precipitation, and GPP data, and validated using flux site data,
and the simulation results were consistent with the observations; how-
ever, some shortcomings remain. First, the soil moisture content data
were not validated in this study; second, the limited number of obser-
vation sites and the small quantity of data had a great impact on the
accuracy of the validation results. The remote sensing data used in this
study had a spatial resolution of 0.05°, which could not quantify the
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characteristics of vegetation WUE in a small area, although it could
reflect the characteristics of spatial distribution, except SUE and PUE.
Besides that, all the climate data were sampled to 0.05° when the
contribution analysis was conducted, and the sampling results may have
led to a shift in the spatial location of the SUE and climate data, which
brings many uncertainties to the experimental results. Therefore, in
future studies, higher resolution remote sensing data and more flux site
data should be considered, and experiments on soil moisture content
measurements in the field should be included.
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Fig. 10. The spatial distribution characteristics of NDVI trends in different regions.

was verified using flux site data, and the relative contributions of GPP
and soil moisture content to SUE, as well as the differences in the
response of SUE to climate factors, were analyzed using the first-

using GOSIF GPP, soil moisture content, and precipitation data. The SUE difference method. The results revealed the following:

18



H. Ding et al.

(1) Among the nine stations, the correlation coefficients between
SUERS and SUEST were greater than 0.75 among all stations,
except the NMG station, and all passed the 99% significance test.
Among the nine major agricultural sub-regions in China, only the
SUE in the Qinghai-Tibet Plateau showed a decreasing trend,
while all other regions maintained a growing trend. The fastest
growth rate was in southern China.

The WUE of vegetation under different types of soil was highest
for ferralisols (1.83 g C/m~? kg H,0) and lowest for arid soils
(0.17 g C/m~2 kg H,0).

The SUE of vegetation gradually increases as the vegetation
canopy rises, showing the characteristics of forest > scrub >
cultivated vegetation > wetland > grassland.

The relative contribution of GPP to the change in SUE was
37.53%, while the relative contribution of soil moisture content
to the change in SUE was —26.71%. Among the five climatic
factors, temperature was the first dominant factor affecting the
change in SUE, followed by precipitation, net surface radiation,
LAL and potential evapotranspiration.

(2)

(3)

4
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