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ABSTRACT

Global warming and the fertilization effect of carbon dioxide (CO3) have led to a general increase in gross
primary production (GPP). Although soil drying (SD) may limit this increase, its limiting effect has not been
confirmed and quantified. Hence, we evaluated the impact of SD and climate factors on GPP. From 1997 to 2017,
GPP showed a slight downward trend but began to rise after 2011. In SD zones, 19% of the GPP change was
attributed to SD, and CO- concentration in climate factors was the climate factor that contributed the most (24%)
and accounted for the main control area (9%). Surprisingly, the negative contribution of SD to GPP offset 35% of
the positive contribution area of the climate factors. In addition, SD and climate factors explained 1% and 23% of
the GPP increase, respectively, but in areas where GPP decreased, the SD area exceeded that of climate factors by
1.2 times, further highlighting the importance of SD in the GPP drive mechanism. Compared with previous
studies, we further quantified the contribution of SD and climate factors to GPP, which improved our under-

standing of the global pattern of total carbon absorption and its response to SD and climate factors.

1. Introduction

The gross primary production (GPP) of terrestrial vegetation is the
first step for atmospheric carbon dioxide (CO2) to enter the biosphere
(Zhang et al., 2017). It not only plays a key role in driving the global
carbon cycle (Houghton, 2007) but also provides the necessary material
and energy basis for almost all ecosystems (Beer et al., 2010) and is
sensitive to changes in climate and environmental elements (Nemani,
2003). Therefore, understanding the relative impact of climatic and
environmental factors on GPP changes is important for the reliable
prediction of future feedback between the ecosystem and the
atmosphere.

It is impossible, however, to observe GPP directly (Ma et al., 2015;
Sun et al., 2018). Therefore, scholars have developed multiple sets of
ecological process models to simulate GPP from different perspectives,
such as ground, atmospheric, and space observations (Anav et al., 2015),
which are used to discuss the impact of climate and environmental

factors on GPP changes under different spatial scales, and it gradually is
recognized that CO, concentration may be the most important factor
driving the growth of global GPP since 1900 (Haverd et al., 2020;
Schimel et al., 2015). Zhu et al. found, however, that the closure of
vegetation stomata caused by elevated CO; concentration would
weaken its own fertilization effect (Zhu et al., 2017). In addition, Wang
et al. found through simulations that the increase in N deposition and
the decrease in soil moisture (SM) also may weaken the positive impact
of CO5 in some arid areas (Wang et al., 2020b), whereas Reichstein et al.
found that GPP is more sensitive to the continuous deficit of SM than
evapotranspiration (Reichstein et al., 2002), these studies indicate that
the effects of soil drying (SD) (Koster et al., 2004; Veldkamp et al., 2016)
(SD represents the area where the Theil-Sen slope of SM is < 0) and N
deposition on the carbon sink effect of vegetation also cannot be ignored
(Arora et al., 2013). Under the background of current global warming,
increasing of nitrogen deposition (ND) (Kanakidou et al., 2016) and CO»
concentrations (Schimel et al., 2015), whereas decreasing of SM (Cai
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et al., 2009; Liu et al., 2021; Deng et al., 2020a) are gradually being
recognized, however, research about a simultaneous assessment of the
comprehensive effects of CO5 concentration, ND, and SM on GPP on a
global scale over recent years is still less.

In addition, the influence of precipitation (PRE) and temperature
(TEM) on GPP has always been a research hotspot (Zhang et al., 2016,
2014; GIFFORD, 1995; Sun et al., 2019), but the temporal and spatial
heterogeneity of the impact of PRE and TEM on GPP is becoming more
and more complex and difficult to predict under the current global
warming background. For example, in the tropical grassland ecosystem,
the PRE significantly promotes the growth of vegetation (Knapp, 2001;
Huxman et al., 2004), whereas in tropical rainforest areas, when the
average annual PRE exceeds 3,000 mm/yr, the productivity of vegeta-
tion begins to show a downward trend (Schuur, 2003; Del Grosso et al.,
2008). For TEM, previous studies have shown that rising TEM also will
increase global GPP (Luo, 2007); however, the decrease in SM caused by
rising TEM will exacerbate the drought stress effect (Liu et al., 2019a).
Therefore, the phenomenon that GPP decreases with increasing TEM
also has been widely reported (Ciais et al., 2005; Saleska et al., 2007).
Recent simulation results for extreme climates indicate that global
warming will limit the positive effects of extreme PRE (Wang et al.,
2021), whereas site-based simulation studies have shown that the
reduction in soil water supply caused by warming may offset some of the
positive effects of TEM (Liu et al., 2019a). No research has quantified the
weakening effect of SM reduction on PRE, TEM, and other factors on a
global scale.

This study effectively distinguished and quantified the impact of SD
and climate factors on changes in primary productivity. From 1997 to
2017, in our study, we considered SM and climate factors as evaluation
indicators, among which the climate factors included PRE, TEM, ND,
and CO emission concentration. Then, combined with partial correla-
tion and linear regression analysis, we quantitatively evaluated the
contribution of SM and climate factors to GPP. Finally, according to the
complexity and cross-effects of the driving factors, we determined the
magnitude and area of offsetting in GPP caused by SD and evaluated the
contribution rate of SD and climate factors to GPP. This enabled us to (1)
understand the magnitude, spatial pattern, and dynamic trends of global
terrestrial GPP from 1997 to 2017; (2) quantify the impact of SD and
climate factors on GPP changes; (3) determine how much of the positive
effect of climate factors on GPP has been offset by SD; and (4) determine
the main control area of SD and climate factors to GPP. This research
improved our understanding of the contribution of SD and climate fac-
tors to the primary productivity of vegetation in the context of global
change and identified the impact of the joint action of the two factors on
GPP. This research has important scientific significance for the study of
global vegetation carbon absorption and mitigation of climate warming.

2. Materials and methods
2.1. Materials

2.1.1. GPP dataset

We based the GPP data on photosynthetically active radiation (PAR),
normalized vegetation index, TEM, evaporation, and net radiation drive
in the Global Land Surface Satellite and calculated the GPP with pro-
duction efficiency models using input from remote sensing products
(http://www.glass.umd.edu/Download.html (sensor: AVHRR)). The
structure, climate input, and parameterization of the model have been
detailed in Liang et al. (2013). Production efficiency principles have
been widely used, including the Carnegie-Ames-Stanford approach
(Potter et al., 1993), the simple biosphere model (Sellers et al., 1986),
and the global production efficiency model ((Prince and Goward 1995).
The MODIS photosynthesis and net primary production product algo-
rithm (MOD17) is also based on this model (Zhao et al., 2006), and all of
these models require input of PAR data (Liang et al., 2013). GPP data
have a spatial resolution of 0.05 degree and a time resolution of 8 days.
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These data have been proven to be of high quality and accuracy and are
widely used (Wang et al., 2020a; Zheng et al., 2018; Yu et al., 2018a,
2018b).

2.1.2. Climate factors dataset

The climate dataset for this study included PRE, TEM, CO5 concen-
tration, and ND data. Specifically, the CO; emissions concentration data
from 1997 to 2017 were provided by the European Commission Joint
Research Center and the Dutch Environmental Assessment Agency (htt
ps://edgar.jrc.ec.europa.eu/), with a spatial resolution of 0.1 degree.
Compared with EDGAR v4.3.2, the new time profile included the
calculation of monthly emissions (Crippa et al., 2020). The new space
agent is used to allocate population-related emissions based on global
human settlement layer products (Pesaresi et al., 2019) and used the
PRE and TEM data from the CRUTS v4.03 version (http://www.cru.uea.
ac.uk/data) released by the Climate Research Institute (CRU) of the
University of East Anglia, it is derived by interpolating monthly climate
anomalies in weather station observation data, covering the years from
1901 to 2018, with a resolution of 0.5 degree. The accuracy of the CRU
data has been reliably verified in related studies at the global scale and
other levels (Harris et al., 2020).

2.1.3. Related auxiliary dataset for nitrogen deposition

We simulated long-term series of atmospheric ND data using a linear
regression model, as shown in formula (1), in which the atmospheric ND
site data were simulated by GEOS-Chem, involving the four time periods
of 1984-1986, 1994-1996, 2004-2006, and 2014-2016, including each
grid unit each year. Among them, the site data contained the spatial
explicit information of dry, wet, and total (dry + wet) ND for each grid
unit each year (https://conservancy.umn.edu/handle) (Ackerman et al.,
2018). Surface temperature came from the MOD11 satellite, the spatial
resolution was 5.5 km, and its temporal resolution was once a month
(Wan et al., 2015). We obtained PRE data from CRUTS v4.03 and
calculated relative humidity according to the model (see Method 2.2.2).
Wind speed was provided by the Goddard Earth Science Data and In-
formation Service Center and was a data product of GLDAS-2. This
version was updated once a month from 2000 to the present, with a
spatial resolution of 0.25 degree. Nitrogen dioxide (NO3) column con-
centration was based on satellite observation results, and using differ-
ential optical absorption spectroscopy technology and the Royal
Netherlands Meteorological Institute combined modeling/retrieval/
assimilation method, the data came from three sensors: GOME (Global
Ozone Monitoring Experiment), SCTAMACHY (Scanning Imaging Ab-
sorption Spectrometer for Atmospheric Cartography), and GOME-2
(METOP-A) (Global Ozone Monitoring Experiment-2) (http://www.
temis.nl/airpollution/no2.html).

2.1.4. Soil moisture dataset

This study uses 0-10 cm SM data, the GLDAS-2.1 Noah dataset
provided by NASA Goddard Geoscience Data and Information Service
Center (https://ldas.gsfc.nasa.gov/gldas/). The data set contains four
layers of SM data with their depths of 0-10, 10-40, 40-100, and
100-200 cm, respectively, with a spatial resolution of 0.25 degree. The
main noun abbreviations used in the paper are shown in the table below
(Table 1).

Table 1
The meaning of the acronyms and symbols.
Acronyms  Full name Acronyms  Full name
GPP Gross primary ND Nitrogen deposition
production
SM Soil moisture PAR Photosynthetically active
radiation
SD Soil drying CRU Climate Research Institute
PRE Precipitation MK Mann-Kendall
TEM Temperature / /
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2.2. Methods

2.2.1. Nitrogen deposition model

Previous studies have shown that ND is affected by human activities
and meteorological factors (Lu et al., 2013; Walcek et al., 1986; Wesely,
2007). Therefore, in order to be able to quickly and efficiently simulate
and obtain global high-temporal-spatial resolution ND, we focused on
the linear regression model published by Lu et al. (2013). This algorithm
is based on the linear correlation between ND, meteorological elements
and NO, concentration, etc., and can simulate the distribution of ND
more accurately and quickly, and the algorithm has been cited by many
studies (John et al., 2020; Chen et al., 2019b). Based on R, we referred to
the model of Lu et al. (2013) and establishing a pixel-by-pixel spatial
linear regression model based on the existing ND data and NO3 column
concentration, PRE, TEM, relative humidity, wind speed, etc. Then, we
estimated the long-term series of ND data based on the model and its
parameter inversion. The reference formula of the model is as follows:

Ndep = aot+a1p+a2h+a3w+a4c+b

where ay, aj, ag, as, a4, and b are the regression coefficients of the linear
equation; Ngep is the atmospheric nitrogen deposition, unit: g N/m?; tis
the surface temperature; p is the precipitation; h is the relative humidity;
w is the wind speed; C is the NO3 column concentration.

2.2.2. Relative humidity estimation model

The relative humidity of air is defined as the ratio of the vapor
pressure of air to its saturation vapor pressure (Castellvi et al., 1996),
and it has a significant impact on the sedimentation rate and conversion
rate of organic nitrogen and inorganic nitrogen (Brem et al., 2015). Itisa
dimensionless value and it is given as a percentage from 0 to 100, and
the general formula for calculating relative humidity is as follows
(Hardwick et al., 2015):

E
RH = — x 100
Es

Where E is the actual water vapour partial pressure in air, and Es is the
saturated vapor pressure. For the actual water vapour partial pressure E,
it is a key parameter for calculating the specific humidity in the air (Berg
et al., 2016; McKinnon et al., 2021), some scholars deduced the formula
for calculating E by combining the known specific humidity with the
surface pressure as follows (Lagler et al., 2013), and this formula has
been widely cited (Jolly et al., 2015) (equation 3).

)
E=gx—01u Y
170378 x g +0.622)

Where q represents specific humidity, unit: kg/kg; E is the actual vapor
pressure in the air in unit hPa; p is the surface pressure in unit hPa. For
saturated vapor pressure Eg, it can not only affect the deposition rate of
atmospheric nitrogen, but its loss also significantly restricts the water
use efficiency of some trees (Lei et al., 2017), therefore it is important to
estimate it with as low error as possible. Most of the current articles
draw on the estimation method published by Bolton (1980). This
method has been widely cited due to its high accuracy from — 30°C to
35°C and simple calculation process (Ding et al., 2021; Hardwick et al.,
2015).

17.67xt

Es = 6.112 x 559
Where t is temperature in °C.

2.2.3. Trend analysis

Combining Mann-Kendall (MK) test and Theil-Sen median trend,
this study analyzed the temporal and spatial characteristics of GPP and
various factors from 1997 to 2017. The MK test is a nonparametric test
method (Hamed and Ramachandra Rao, 1998; Hamed and Rao, 2008;
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Libiseller and Grimvall, 2002). It is advantageous because it does not
require data to follow a specific distribution and is not affected by a few
outliers. It often is combined with Theil-Sen slope estimation to detect
the changing trend of long-term series data. The calculation formula is as
follows:

ny L (i X Ry) — 3T x DT R;
noo. n o 2
nX it — (Zi:ll)

a =

where n is the research period, i represents the year number, and R; is
the value of the independent variable corresponding to the i-th year. o is
a linear trend value, >0 represents an increasing trend, otherwise it
represents a decreasing trend.
Define the Z statistic as:
S-1
Var(s)’
z={ 0,
S+1

v/ Var(S) $<0

among them:

S>0

§=0

n-1 n

S = Z Z sign(R; — R;)

j=1 i=jt1

The sign function formula:

IR —R >0
sign(Rj —R)=<¢ O,Rj—R; =0
~1L,LRj—R; <0

Var variance calculation formula:

n(n—1)(2n+5)

Var(S) = 18

where sign is a sign function, this paper judges the significance of the
change trend of the R factor at the significance level p = 0.05.

2.2.4. Partial correlation analysis

Partial correlation analysis is called net correlation analysis, which is
used to analyze the linear correlation between two variables under the
condition of controlling the linear influence of other variables. When the
number of control variables is one, the partial correlation coefficient is
called the first-order partial correlation coefficient. When the number of
control variables is two, the partial correlation coefficient is called the
second-order correlation coefficient. We used the method of Huang et al.
(2020) to determine the significance of each partial correlation, adjusted
the p-value, determined the partial correlation information between the
two factors on the pixel, and then used R to output the partial correlation
layer. We performed all analyses on a global scale. The partial correla-
tion coefficient between GPP and its influence factors was calculated
according to the following formula:

D[ )0i-3)]
2o bRy - )
ficient between variables x and y; x; is the factor of the i-th year (SM,
PRE, TEM, ND, COy); y; is the average GPP in the i-th year; x is the
average value of each factor during the study period; y is the average
annual GPP during the study period.

This study has 6 variables: GPP, SD, PRE, TEM, ND, CO, the formula
of the fourth-order sample partial correlation coefficient of any two
variables GPP and SD is:

Ry = (10)where ryy is the correlation coef-

Rapp-sp.pre-TEM:ND —Rapp.cO, _PRE TEM-NDRSD.CO, PRE TEM-ND (1 1 )

GPP-SD_PRE-TEM-ND-CO; —
R . -TEM-ND-CO,
\/(1 RéPPvCOZ _preramap) (1 RéD-COZ,PRE TEMAD)

where Rgpp.sp prE.TEM.ND.CO2 represents the partial correlation coef-
ficient between GPP and SD after removing the influence of the variables
PRE, TEM, ND, and CO2; Rgpp.co2 prE.TEM.ND and Rgsp.co2 pRE.TEM.ND
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represent respectively the correlation between GPP and CO,, SD and
CO after removing the influence of PRE, TEM and ND. In addition,
t-test is used to determine the significance of the correlation between
the two variables, and if p < 0.05, the 95% confidence significance test is
passed, otherwise, it is not significant.

2.2.5. Assess the relative contribution of soil drying and climate factors to
GPP

To analyze the relative contribution of SD, climate factors, and re-
sidual factors to GPP changes, we used the linear regression analysis (Liu
et al., 2019b) to calculate the actual GPP trend. Taking the corre-
sponding GPP trend data as the dependent variable and each factor
datum as the independent variable, the following equation is
constructed:

dgpp _ dsp Ogpp | dpre Ocpp . drem Ocpp | dnp Orp | dco, Ocpp

dt a dt a_g'[) dt apRE dt GTEM dt 6ND dt a(j()z
= Con_SD + Con_PRE + Con_TEM + Con_ND + Con_CO, + Con_g

+e€

= Con_SD + Con_Clim- + Con_¢

where dfi% represents the Theil-Sen median trend of GPP changes, %‘;—";,

Jare Jce Ocee Jce represent the partial derivative values between GPP and
Opre’ Orem’ Onp ° dco,

SD, PRE, TEM, ND, and CO, respectively. From the definition of the
formula, each partial derivative eliminates the influence of the other two
variables, and is equal to the corresponding second-order partial cor-
relation coefficient (see method 2.24 for details), Con_SD, Con_PRE,
Con_TEM, Con_ND and Con_CO; represent the contribution value of
each factor to GPP, Con_Clim is the total contribution of climate factors
(PRE, TEM, ND, CO5), Con_¢ represents the contribution of the residual
factors (other factors not considered). The study mainly uses free code R
to calculate the relative importance of SD and climate factors to changes
in terrestrial GPP, and obtains the relative contribution of different
factors to changes in GPP.

2.2.6. Soil drying and climate factors offset analysis

To further clarify the contribution of SD to offset climate factors to
GPP changes, we calculated the proportions of net GPP offset (NGOP),
that is, SD (negative contribution) offset climate factors (positive
contribution) to GPP changes. The calculation formula is as follows:

x 100%

Sxcop = ‘SSDdccmA,\mg| -~ |SCchrcA~mg

SSDcrenine = |50 — S5Dierening

S CFrring = |SCF = Sl

where Sngop is the proportion of SD offsetting the contribution of
climate factors to GPP changes. Sspdecreasing i the negative contribution
zone of SD to GPP changes, Scrincreasing is the zone where climate factors
contributes positively to GPP, Sgp is the zone where SD contributes to
GPP, Sspincreasing i the positive contribution zone of SD to GPP, Scr is the
climate factor’s contribution zone to GPP, Scrdecreasing is the climate
factor’s negative contribution zone to GPP.

2.2.7. Soil drying and climate factors contribute to the main control zone

On the pixel scale, we summarized the calculated contribution rates
of SD, climate factors, and residual factors and individually mapped the
contribution rates of these three factors to the three different RGB grid
bands. We determined the depth of each band color by the contribution
value of various factors, that is, the darker the color, the higher the
contribution rate of the factor. Finally, we merged the three bands into a
raster layer. The color displayed on the raster layer was the pixel scale of
the contribution distribution of the different types of factors. This
calculation was carried out by free code R for RGB analysis, and finally,
we obtained the main control area of different factors to GPP changes,
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and the technical flow chart of this paper as shown in Fig. 1 (Fig. 1).
3. Results
3.1. GPP changes

From 1997 to 2017, the global GPP averaged 834.74 g Cm ™2 yr .
GPP followed a trend of gradually decreasing from near the equator to
the north—south latitude. The high-value zones were located mainly in
South America, central Africa, and Southeast Asia, with an average
value exceeding 2700 g C m~2 yr '. The low-value zones were distrib-
uted mainly in the high-latitude zones, including the American West,
western China, Australia, South Africa, northern Russia, and western
South America. The average value was <300 g Cm 2 yr ! (Fig. S1). In
terms of continents, South America had the largest GPP, which was 2.4
times higher than the global average. We observed that tropical, warm
temperate, and cold temperate zones accounted for 44%, 32%, and 15%
of global GPP, respectively (Fig. S1), and observed lower values in arid
and polar climate zones. In addition, the global annual value of GPP
fluctuated over time (Fig. S2); the highest value (861.41 g Cm 2 yr 1)
appeared in 2000, and the lowest value (821.4 g C m ™2 yr 1) appeared
in 2018.

According to the MK test, the GPP mutation occurred in 2001
(Fig. 2a). It increased at a rate of 8.99 per year before 2001 and
decreased at a rate of 0.3 per year after 2001. Overall, for 21 years, the
global GPP has declined at a rate of 0.68 per year (Fig. 2b). Similarly, the
same result was obtained in the study of Williams et al. (2014) and this
result may have been affected by high temperatures and drought. In
addition, GPP was significantly different in climatic zones, with the
highest percentage of GPP declining in the tropical zone (71%, 46%
significantly reduced), and the highest percentage of GPP increasing in
the polar zone (54%, 19% significantly increased; Fig. 2c, d). The con-
fidence level of the MK test was 0.05, and the GPP trend values were
divided into five levels according to the standard (Table S1, Fig. 2e). We
found that 39% of the study area GPP showed a downward trend, which
was distributed mainly in high-latitude areas, near the equator (such as
southern South America, Central Africa, Central Asia), which accounted
for about 16% of the study area. The GPP declined significantly and was
distributed mainly in South America North, central Africa, southern
Russia, southern North America, and northern India. At the same time,
12.9% of the study area had a significant increase in GPP, which
occurred mainly in China, India, northern Europe, eastern Asia, and
eastern Southeast Asia (Fig. 2e).

To understand the temporal and spatial changes of global GPP, we
used the moving window analysis to evaluate the trend value of GPP. A
moving window every 7 years was the research period (P < 0.05). We
found that the spatial change trend of GPP presented a large time dif-
ference (Fig. S2), which was consistent with the MK test analysis
(Fig. 2c). By comparing the rate of change in GPP in every 7 years
(Fig. S3a), we found that the rate of evolution of GPP decreased slightly,
but the change was gentle. In addition, combined with the mean slope
and spatial variation of GPP sliding (Fig. S3b, Fig. S2), we found that the
rate of decrease was the fastest from 2000 to 2006, and occurred mainly
in South America, South China, Oceania, and parts of Africa. From 2011
to 2017, GPP increased the fastest, and occurred mainly in China, the
United States, and parts of South America. This finding indicated that
China’s vegetation grew rapidly during this period, which was consis-
tent with the conclusion of Chen et al. (2019a). Through the use of
moving window analysis, we found that, especially after 2011, funda-
mental changes had taken place, and GPP was on the rise.

3.2. Effect of soil drying on GPP
In general, from 1997 to 2017, SM decreased at an average annual

rate of 0.16 x 10°3 km2. More than half of the area was drying out and
was distributed mainly in Europe, the United States, Brazil, Central
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Fig. 1. Technical flow chart.

Africa and surrounding areas, southern China, and Australia (Fig. S4). As
the SM changed, GPP also gradually changed. Based on the partial
correlation method, 61% of SM and GPP were positively correlated, and
39% were negatively correlated (Fig. S5). In Oceania and Africa, this
correlation was even higher. In addition, in the arid zone and the warm
temperate zone, GPP and soil water changes were similar.

It is understood that the greening of vegetation in many regions of
the world leads to SD (Deng et al., 2020a). The SD area accounts for a
large proportion of the global surface (64.7%), and the influence on
terrestrial GPP is gradually strengthening. Specifically, the annual
decrease of 0.12 g C m 2 yr~! in GPP is related to SD. In SD areas in
particular, more than half (63.7%) of the area GPP and SM changes were
synchronized (12% significant) (Fig. 3), which were located mainly in
the United States, Brazil, Central Africa, Australia, the western edge of
Russia, and Southwest China (Fig. 3). In addition, from 1997 to 2017,
global GPP and SD showed a significant positive correlation (R = 0.11),
especially in warm temperate and tropical zones (Fig. 3b). For the polar
zone, however, SD and GPP were significantly negatively correlated (R
= — 0.07; Fig. 3b).

3.3. Effect of climate factors on GPP

Among the climate factors, we considered PRE, TEM, CO,, and ND.
We analyzed the correlation between each factor and GPP based on
partial correlation. We found that 64% of PRE had a positive correlation
with GPP (15% significant; P < 0.05), and it was distributed mainly in
the central part of North America, the southern part of South America,
the southern edge of Russia, and northern China (Fig. 4a). >60% of TEM
had a positive correlation with GPP (14% significant), and was distrib-
uted mainly near 60 degreesN latitude, northern Canada, Australia, and
other regions (Fig. 4b). CO, concentration was an important driving
factor of GPP (Xu et al., 2019), and we found a positive correlation (16%
significant) between 61% of CO, regions and GPP (Fig. 4c), which was
distributed mainly in northern Canada, Australia, and other regions. In
addition, 53% of ND had positive correlation with GPP (4% significant)
(Fig. 4e, D).

From 1997 to 2017, the global GPP had a significant positive cor-
relation with the average PRE (R = 0.12, P < 0.05). In tropical and arid

zones, the correlation was more obvious (R = 0.3, P < 0.05; Fig. 4e);
however, for polar zones and cold temperate zones, GPP was signifi-
cantly positively correlated with TEM (R = 0.34; Fig. 4e). By observing
the significant changes in GPP and the four climate factors (Fig. 4f), we
found that the most significant changes in GPP and PRE were in the cold
temperate zone, whereas the most significant changes in GPP and TEM
were in the tropics zone (Fig. 4a). From the perspective of four factors
(Fig. 4f), ND played an important role in GPP changes on a global scale
(60%), and in tropical (70%), arid (58%), cold temperate (52%), and
polar zones (58%). In the warm temperate zone, the changes in GPP and
CO, were the most significant.

3.4. The relative contribution of soil drying and climate factors to GPP

The SD-induced decrease in GPP offset 35% of the climate factors—
driven increase area over the same period (Fig. 5¢). The weakened zones
were distributed mainly in the northeastern United States, central Brazil,
central and southern Africa, Australia, northern and southern Russia,
and southwestern China. Separating the two main factors, SD contrib-
uted negatively to GPP (—0.25 g C m™2 yr~}, about 19%; Table S2,
Fig. 5a). In terms of climate zones, the most contributory region were
tropical (—85%) and warm temperate zones (—41.5%). At the continent
level, the largest contribution was Africa (—85%), which was concen-
trated in Swaziland, Kenya, Mozambique, Malawi, and other south-
eastern African countries. Followed by South America (—65%), mainly
in Brazil, Venezuela, and Argentina. In addition, GPP was deeply
affected by SD in places such as San Marino in southern Europe, Solo-
mon Islands in Australia, and Malaysia in Southeast Asia.

Climate factors (PRE, TEM, CO,, ND) had a positive contribution
with GPP changes (0.54 g C m~2 yr}, about 33%; Fig. 5b). In the SD
zone, each factor showed obvious spatial heterogeneity (Fig. S7). In
general, CO, had the greatest positive contribution to GPP change
(24%); TEM and PRE contributed 22% and — 21%, respectively; and ND
contributed the least (8%) (Table S2). Among them, PRE had the largest
negative contribution in central South America, whereas it was mainly
positive in the United States and China. TEM had the largest positive
contribution in central South America, while it was mainly negative in
central Africa. ND mainly had a positive contribution in Central South
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America and Central Africa. CO, exceeded 70% area and had a positive
contribution. Similarly, Qiu et al. (2020) demonstrated that COy con-
centration was a key factor in the relationship between sun-induced
chlorophyll fluorescence and GPP. In general, climate factors had a
large positive contribution in central South America, China, and
northern Europe, whereas it had a negative contribution in central Af-
rica and elsewhere the contribution was small.

According to the triangular image RGB method, we obtained the
dominance of three factors on GPP changes. Fig. 6 shows the control
distribution of SD, climate factors, and residual factors (i.e., all other
factors that cannot be explained by climate factors and SD, such as
extreme drought, ecological engineering) on GPP changes from 1997 to
2017. We found that climate factors explained 37% of global GPP
changes (Fig. 6; Fig. S8); in contrast, SD explained 18% of these changes
(Fig. 6; Fig. S8). Note that the residual factors dominated most regions,
explaining 45% of the GPP change. For example, in southern Russia,
southern China, Turkey, central Africa, and the United States, it played a
vital role in terrestrial GPP (Fig. 6; Fig. S8), which may be related to
ecological engineering related to human activities (Fig. S7). For
example, China’s human engineering has played a certain role in the
increase of GPP, especially in the Three North Shelterbelt area (Peng
etal., 2012). Additionally, the changes in GPP in areas dominated by the
residual factors also may be attributed to the effects of extreme

droughts, such as in central Africa and northern Canada (Schwalm et al.,
2017). Note that in areas where residual factors dominated, SD still
offset the positive impact of climate factors (Fig. 5c, Fig. 6).

4. Discussion
4.1. Comparison of the effects of soil drying on GPP change

In this study, we found that SM had a negative contribution to the
overall growth of GPP (19%) (Fig. 7). This effect was closer to the results
of previous studies (Stocker et al., 2019) and had a negative contribution
to SM. About 66.3% of the areas in the region were decreasing in SM.
This may have been due to the fact that SD has exacerbated the stress
effect of drought and weakened the water use efficiency of vegetation
(Green et al., 2019), thereby affecting the vegetation’s normal growth.

Taking South America as an example, we found that in the past 21
years, the GPP in this region (especially in Brazil, Argentina, and
Venezuela) has continued to decrease (Fig. 2e), and this may be related
to a reduction in soil water (Fig. 6, Fig. S6). This phenomenon was also
found in the research of He et al. (2021). The drought in Brazil and other
places has increased, leading to a sharp decline in vegetation produc-
tivity. In addition, the results on the pixel scale also supported these
conclusions (Fig. 5a). Taking tropical regions as an example, we found a
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significant positive correlation between SD and GPP reduction (R = 0.2,
and GPP both accounted for a significant area of 43%). When the SM in
the region dropped significantly, GPP also decreased. This phenomenon
coincided with the research results of Liu et al.—that is, SD was one of
the dominant factors restricting photosynthesis in tropical regions (Liu
et al., 2015). In the cold temperate arid area of high latitudes (e.g.,
Xinjiang, Tibet, and other places in China), we found that the SM and
GPP decreased at the same time. This phenomenon was consistent with
the previous observations made by Yuan et al. that SD in this area greatly
reduced the carbon absorption efficiency of terrestrial ecosystems (Yuan
et al., 2016).

Intensified SD not only substantially changed the landscape of the
soil, but also changed the biogeochemical cycle and the photosynthetic
productivity of the terrestrial ecosystem. In our research, we found that
SD in most parts of the world caused a large decline in vegetation pro-
ductivity. For this reason, we suggest that management measures, such
as changing the planting date and establishing a new irrigation system,
be used to increase the effect of vegetation carbon accumulation, which
can greatly reduce the carbon loss caused by the drying of soil water
(Tang et al., 2018; Tian et al., 2019).

4.2. Comparison of interactive effects between soil drying and climatic
factors on GPP

In central and northern South America, central Africa, and southern
North America, the decline in GPP was spatially consistent with the
decline in SD, PRE, and ND. This result was consistent with the findings

of Madani et al. (2020) and Chen et al. (2017). The ubiquitous positive
partial correlation between GPP and the three variables (SD, PRE, and
ND) also supported this finding (Fig. 2e, Fig. 3b, Fig. 4e, Fig. S6). The
simultaneous reduction of PRE and ND under the background of
continuous soil water drying caused a reduction in terrestrial GPP (Yao
et al., 2020; Lee et al., 2018).

The decline of GPP in some regions was significantly positively
correlated with the interannual changes of PRE, TEM, and SD, such as in
the United States and Australia (Fig. 2e, Fig. S6). Nevertheless, PRE and
TEM in these two regions generally increased, and SM decreased
(Fig. 2e, Fig. S6), which may have been related to the decrease of GPP
yield in this region because of heat stress caused by drought. This result
was consistent with Pickering et al.’s discovery of reduced SM and litter
loss in the United States and Australia (Pickering et al., 2010). At the
same time, this result showed that the reduction of soil water content
had an important negative impact on the yield of GPP (Stocker et al.,
2018). According to the research of Dodd et al. (2015), SD in the future
may aggravate the decline of GPP in these two regions (Dodd et al.,
2015). In addition, there has been a decrease in PRE and an increase in
SM in southern Australia, but the GPP in the region is still following a
downward trend (Fig. 3e, Fig. S6). Zscheischler et al. (2014) also ob-
tained the same conclusion, but believed that this trend may be caused
by the influence of extreme high temperature on vegetation activities
and legacy effects. At the same time, the interference of human activ-
ities, such as the deforestation of forests and woodlands as well as
agricultural expansion, may be leading reasons for the decline in vege-
tation coverage in Australia (Donohue et al., 2010; Doughty et al.,
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2018).

The reduction of GPP is widely distributed in climate-controlled re-
gions (Humphrey et al., 2018), including central Canada, northern
United States, central Africa, South Africa, western and northern
Europe, central and southern South America, western and central
Russia, Kazakhstan, northern Australia, and the plateau region of
northern China (Fig. 6). Most of these zones match those with decreasing
CO4 concentration (Fig. 6, Fig. S6), which agreed well with the findings
of Schwalm et al. (2020) that CO5 concentration was the main factor
affecting GPP changes. According to his analysis of the main factors of
GPP, the continuous rise of atmospheric CO, occupied the first place,
and 58% of vegetation was affected mainly by CO2 (Schwalm et al.,
2020). In addition, we found that SD generally has increased in some of
these regions (i.e., plateau areas in northern China, western and
northern Europe, western Russia, Kazakhstan, East and South Africa,
and eastern Brazil) (Fig. S6a, b). This result confirmed the relevant
research conclusions of Deng et al. that the continuous growth of
vegetation and photosynthetic effects require adequate water supply,
and the pressure of water consumption by human production and life
and other ways has gradually become prominent (Deng et al., 2020b).
Most important, the partial correlation between GPP and SD (or PRE or
ND or TEM; Fig. 3a, Fig. 4a, b, c, d) showed that the decline in SM and
climate fluctuations together determined the amount of available water
and the yield of photosynthesis for vegetation. This result was consistent
with the findings of Van et al. that the SM had a strong regional influence

on GPP, but the differences between different climatic regions were very
large (Van et al., 2018). We found that this phenomenon was particu-
larly obvious in tropical regions (Fig. 3c, Fig. 4e), which explained the
decline in GPP in the region (Fig. 2e). Changes in GPP may be affected
mainly by extreme drought (Schwalm et al., 2012; Poulter et al., 2014;
Flack-Prain et al., 2019; Xu et al., 2019; Fang et al., 2019). We found that
in Africa (especially the Democratic Republic of the Congo) and Europe
(Ukraine), ND was the main reason for the changes in GPP (Fig. 6,
Fig. S9). The GPP of these two regions decreased as the ND decreased,
which was the same result as the conclusion of Schwalm et al. (2020).
Nitrogen is an essential element for plant growth, and an increase in ND
usually promoted plant growth (Templer et al., 2012). In Africa (espe-
cially Gabon, Central Africa), Asia (Russia), and Southeast Asia, the
main cause of the changes in GPP is CO5 (Fig. 6, Fig. S9). We found that
the CO; concentration in Africa and Asia was continuously decreasing,
whereas it is continuously increasing in Southeast Asia. Therefore,
improving the conditions of CO, concentration will increase vegetation
photosynthesis. These findings confirmed the conclusion of Vuichard
et al. (2019). In addition, studies have shown that primary productivity
and carbon storage are limited by the availability of terrestrial nutrients
(Wieder et al., 2015), that is, when the content of climatic factors is
lower than the optimal line for photosynthesis, or higher than, the
photosynthetic rate of the leaves will decrease because of insufficient or
excessive nutrients (Medlyn et al., 2015; Liu et al., 2018; Vuichard et al.,
2019; Wang et al., 2020b). Therefore, proper nutrient conditions are
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conducive to the occurrence of photosynthesis.

4.3. Uncertainty analysis

This study evaluated the impact of SD and climate factors on
terrestrial primary productivity and promoted a deeper understanding
of vegetation carbon driving mechanisms. Our research, however, had
some limitations and uncertainties. First, in terms of the GPP remote
sensing data, we did not select more remote sensing data for compara-
tive analysis. This uncertainty affected the comprehensive understand-
ing of changes in vegetation productivity to a certain extent. In addition,
the simulation accuracy of ND also has certain shortcomings (Fig. S10).
Second, in terms of content, due to the limitations of data and methods,
the dynamic changes of the contributions of various factors to GPP have
not been considered, which may be an aspect that should be paid
attention to in the future. In addition, because our research is mainly
about the response of plant primary productivity and SM and climate

factors, we did not quantitatively analyze the impact of human activities
and extreme climatic conditions. Although we considered factors that
effect GPP changes in many aspects, we found that residual factors
(human activities and extreme drought) still accounted for a large pro-
portion of GPP changes. Therefore, in this study, we used residual fac-
tors to represent other unconsidered factors, in fact, when analyzing the
reasons for the changes in GPP, we considered and retained the impact
of other factors on GPP. Because of the limitation of data and workload,
this study did not provide detailed management measures for vegetation
productivity in different regions. In view of these uncertainties and
limitations, the next step of research should promote the dynamic
calculation of the vegetation-driving mechanism as one of the important
tasks. This research should be conducted as soon as possible to provide a
richer understanding of vegetation carbon accumulation on a global
scale.
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5. Conclusion

In this study, we used the partial correlation method and linear
regression model to quantitatively evaluate the impact of SD and climate
factors (PRE, TEM, ND, and CO5) on terrestrial GPP. We quantified the
different ratio of the contribution of SD and climate factors interaction
to GPP. Our conclusions follow:

1) From 1997 to 2017, the global GPP showed an insignificant decline,
and GPP began to decline in 2001. The rate of change before the
mutation of GPP was 30 times that after the mutation. Additionally,
15.6% of GPP decreased significantly, mainly distributed in central
and northern South America, Central Africa, Southern Russia,
Southern North America, and Northern India.

2) Globally, SD and GPP were positively correlated (63.7%), Specif-
ically, 19% of GPP changes were SD contributions.

10

3) Climate factors (PRE, TEM, CO,, ND) all had a positive correlation
with GPP. Among them, CO, concentration contributed the most to
GPP (24%); TEM and PRE contributed 22% and — 21%, respectively;
and ND contributed the least (8%), which indicated that CO, was the
most important driving factor for GPP changes in SD zones.

4) An SD-induced decrease in GPP offset 35% of the climate factors—
driven increase area over the same period, which was distributed
primarily in the northeastern United States, central Brazil, central
and southern Africa, Australia, northern and southern Russia, and
southwestern China.

5) Using the triangular image RGB method, we found that the main
control areas of SD, climate factors, and residual factors to GPP
change were 18%, 37%, and 45%, respectively.

This study provided further insight into the driving mechanism of
terrestrial primary productivity, emphasized that SD plays an increas-
ingly significant role in terrestrial GPP changes, and distinguished and
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quantified the contribution of SD and climate factors, which provided a
basic data reference for exploring the mechanism of vegetation carbon
accumulation under global change.
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