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Introduction: Accurate assessment of the net ecosystem productivity (NEP)

is very important for understanding the global carbon balance. However, it

remains unknown whether climate change (CC) promoted or weakened the

impact of human activities (HA) on the NEP from 1983 to 2018.

Methods: Here, we quantified the contribution of CC and HA to the global

NEP under six different scenarios based on a boosted regression tree model

and sensitivity analysis over the last 40 years.

Results and discussion: The results show that (1) a total of 69% of the areas

showed an upward trend in the NEP, with HA and CC controlled 36.33 and

32.79% of the NEP growth, respectively. The contribution of HA (HA_con) far

exceeded that of CC by 6.4 times. (2) The CO2 concentration had the largest

positive contribution (37%) to NEP and the largest influence area (32.5%). It

made the most significant contribution to the NEP trend in the range of 435–

440 ppm. In more than 50% of the areas, the main loss factor was solar

radiation (SR) in any control area of the climate factors. (3) Interestingly, CC

enhanced the positive HA_con to the NEP in 44% of the world, and in 25%

of the area, the effect was greater than 50%. Our results shed light on the

optimal range of each climatic factor for enhancing the NEP and emphasize

the important role of CC in enhancing the positive HA_con to the NEP found

in previous studies.
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1. Introduction

Terrestrial ecosystems play an most important role in
the carbon cycle (Keenan et al., 2016). Vegetation can
fix atmospheric carbon through photosynthesis. The net
ecosystem productivity (NEP) is the photosynthetic product
that is deducted from the photosynthetic product of plant
photosynthesis after deducting the consumption of the plant’s
autotrophic respiration and the consumption of microbial
heterotrophic respiration (Steffen et al., 1998; You et al., 2020).
Usually, it is an indicator used to check whether the ecosystem
can fix or release carbon from the atmosphere (Grant et al.,
2012; Yu et al., 2013; Kong et al., 2022; Wang et al., 2022). In
previous studies, it has been generally believed that NEP ≥ 0
represents a carbon sink while NEP < 0 represents a carbon
source (Luyssaert et al., 2008; Yu et al., 2014).

The contribution of internal variations in global carbon
sinks is currently under debate. Several studies have shown
that the global terrestrial carbon sink has gradually increased
over the past decade (Keenan et al., 2016; Ballantyne et al.,
2017), and it has experienced large inter-annual changes (Fu
et al., 2017; Ni et al., 2017). The carbon sink capacity in the
semi-arid regions of the world has been increasing during the
last 34 years (Zhang L. et al., 2020). The average annual NEP
was 0.007 Gt C/yr in China from 1981 to 2000 (Cao et al.,
2003). Tao et al. (2007) found that the terrestrial ecosystem
generally played the role of a carbon sink from 1981 to 2000
in China. Terrestrial carbon absorption in China accounts for
8–11% of the global carbon sink (Piao et al., 2009). Climatic
factors were once seen as important constraints on terrestrial
ecosystems. The increase in the CO2 concentration in the
atmosphere increases the net carbon uptake (Sitch et al.,
2007). And the CO2 concentration is the main climate factor
leading to the net carbon absorption in China (Tian et al.,
2011; Piao et al., 2012). Elevated CO2 concentrations could
increase productivity by increasing the water use efficiency
(WUE) of plants in semi-arid areas (Fay et al., 2003; Izaurralde
et al., 2011). The increase in the CO2 concentration is
positively correlated with the NEP in global (Zhang L. et al.,
2020). In addition, climate warming usually increases carbon
sequestration by extending the carbon sequestration period
(Peng et al., 2013; Keenan et al., 2014). In the same ecosystem,
carbon sinks exhibit regular growth and are weak in warm and
humid environmental conditions and relatively dry and cold
environmental conditions, respectively, suggesting that proper
precipitation and temperature are important for increasing the
NEP. Global warming may promote the increase in the capacity
of carbon sinks in cold regions (Chuai et al., 2018). However,
an increase in temperature will reduce the NEP by increasing
soil respiration (Bond-Lamberty and Thomson, 2010; Chen
S. T. et al., 2012). Therefore, continued warming may impair
carbon sinks and may even transform them into carbon sources
(Medvigy et al., 2010). Increased precipitation will increase

cloud cover and reduce solar radiation (SR), which is very
important for vegetation (Mathur, 2014). Previous studies have
shown that the monsoon climate system, which is characterized
by large changes in precipitation, may be an important driver of
the changes in the global carbon cycle (Zhang et al., 2018). The
impact of precipitation on the NEP was positively correlated in
China (Fang et al., 2001), India (Nayak et al., 2013), Asia (Tian
et al., 2003), and other places (Poulter et al., 2014). The severe
drought caused by the continuous decrease in precipitation in
southwestern China led to a significant reduction in carbon
absorption in 2009 and 2010 (Chen S. et al., 2019; Li et al.,
2019). In China’s typical karst areas, vegetation carbon and water
use efficiency is also an important factor affecting vegetation’s
role in climate change and land use (Xiao et al., 2023). Overall,
high precipitation and temperature increase the NEP, but excess
precipitation and temperature have a negative effect on the NEP.
In addition, SR is considered to be an important factor affecting
the annual NEP (Zhang et al., 2009; Kitamura et al., 2012). SR
is considered to be an important factor contributing to the large
carbon sinks of the subtropical forests in southwestern China
(Tan et al., 2011). Precipitation (P), Temperature (T), and SR
together affect about 10% of the NEP in the semi-arid regions of
the world, and drought is a combination of precipitation and
soil moisture decline (Zhang L. et al., 2020). As a result, soil
moisture is also considered to be one of the important driving
factors affecting the NEP (Krishnan et al., 2006; Ru et al., 2018).
In ecosystems with limited water, the soil moisture has a greater
impact on the NEP than the temperature (Liu et al., 2010), and
they all have an important impact on the NEP. In the past, many
scholars have paid attention to the impact of climate change on
the NEP, but the vegetation carbon caused by human activities
should not be ignored (Li et al., 2020). Piao et al. (2010) pointed
out that climate change and the restoration of woodland and
shrubs through human activities were mainly affected factors
to carbon balance in China. In addition, the contributions of
the various factors to the NEP may have offsetting and diluting
effects.

However, there are two issues that cannot be ignored.
First, few previous studies have quantitatively distinguished the
impact of each factor on the NEP. In addition, the optimal range
of the interactions of the climate factors, the pairwise factors
affecting the NEP, and whether climate change impacts the HA
to improve the NEP on large scales are not known, which to
some extent affects the understanding of global NEP differences
in the past 40 years. Thus, in this study, we aimed (1) to study
the changes in the carbon sink/source regions, the NEP, and
climate factors from 1983 to 2018; (2) to calculate the optimal
intervals for the contribution of the climate factors to the NEP;
and (3) to identify the controlling areas in which the CC and HA
contribution to NEP increasing or decreasing. (4) The optimal
interval for the contribution of a single climate factor to the NEP,
and the change in the NEP when the two climate factors work
together were investigated. (5) Whether CC has increased the
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positive HA_con to the NEP was analyzed. If yes, where does this
enhancement primarily occur? How strong is the enhancement?
Understanding the spatial distribution of the global carbon
sources/sinks and the mechanisms of influence could enhance
our understanding of the global carbon cycle.

2. Materials and methods

2.1. Materials

2.1.1. Gross primary productivity dataset
Based on about 40 years of remote sensing Advanced Very

High Resolution Radiometer (AVHRR) data and observations
from hundreds of flux sites around the world, a long-term,
global, high-resolution series of Gross Primary Productivity
(GPP) data was generated from 1982 to 2018 (Wang and
Zhang, 2020).1 The resolution is 1 month, and the data unit
is gCm−2d−1. Previous research has shown that NIRv was
strongly correlated with GPP under various ecosystem and
climate conditions based on hundreds of flux points and
continuous ground-based observations (Badgley et al., 2019;
Baldocchi et al., 2020; Dechant et al., 2020), with determination
coefficient (R2) values higher than 0.6, and the mean values
of fixed points and verification points were 0.71 and 0.70,
respectively, and the root mean square error (RMSE) of the
data are 0.02 and 1.95 gCm−2d−1. This dataset can be used for
research on global climate change and the carbon cycle (Deng
et al., 2021; Sun et al., 2021; Wang et al., 2021; Wu and Jiang,
2022). All of the data were analyzed at the spatial resolution of
0.25◦ × 0.25◦.

2.1.2. Meteorological data
The Precipitation (P) and Temperature (T) data were

obtained from GLDAS-2.1 datasets provided by the National
Aeronautics and Space Administration (NASA),2 with a spatial
resolution of 0.25◦ from 01/1983 to 12/2018 (Li et al.,
2022; Song et al., 2022; Xiong et al., 2022). The SR dataset
derived from the THRGPU (Terrestrial Hydrology Research
Group of Princeton University).3 The CO2 concentration data
were obtained from the Climate Data Store,4 which is an
authoritative website that gathers data from several websites,
including the European Commission Joint Research Centre,
implemented by the ECMWF (European Centre for Medium-
Range Weather Forecasts), and the Climate Change Service. The
CO2 concentration data were for the period 1979–2020 and have
resolution of 3 h. The soil moisture (SM) data were derived
from the Global Land Data Assimilation System (GLDAS) and

1 https://data.tpdc.ac.cn

2 https://www.nasa.gov/

3 http://hydrology.princeton.edu/home.php

4 https://ads.atmosphere.copernicus.eu

were provided by NASA (see text footnote 2). The four land
surface process models, including Noah, contain simulated
SM products with various spatiotemporal resolutions based on
surface observations and satellite remote sensing monitoring
data (Rodell et al., 2004). In this study, the SM products from
the Noah (version 2.7.1) model were used, which include four
layers of SM data. The SM contents of the average layer (unit:
kg/m2) were used. This dataset has been used many times in soil
moisture research (Deng et al., 2020).

2.2. Methods

2.2.1. Theil–Sen median trend analysis
The Theil–Sen Median Trend Analysis is a robust non-

parametric statistical method for trend calculation (Sen, 1968;
Tian et al., 2017). The formulas is as follows:

SNEP = mean
(
NEPj−NEPi

j-i

)
1983 ≤ i ≤ j ≤ 2018 (1)

Where i and j was time series data. The time series
was showed an upward trend when SNEP was greater than
0, and vice versa.

The Mann–Kendall test was one of the most widely used
non-parametric tests for trend and variation analysis of long-
time series data (Mann, 1945; Kendall, 1975). The Mann–
Kendall test focuses on the sequence than the number. The
purpose was to compare the number of different sequences.

Set the {NEPi }, i = 1983, 1984,..., 2018;
Define the Z-statistic as:

Zsta =


S−1
√

var(S) , S〉0

0, S = 0
S+1
√

var(S) , S〈0
(2)

S =
n−1∑
j=1

n∑
i=j+1

sg
(
NEPj−NEPi

)
(3)

sg
(
NEPj − NEPi

)
=


1,NEPj − NEPi〉0
0,NEPj − NEPi = 0
−1,NEPj − NEPi〈0

(4)

var (S) =
n (n− 1) (2n+ 5)

18
(5)

n is the number of data in the sequence, and NEPi and NEPj

are the NEP value in the ith year and the jth year, respectively. sg
is a symbolic function. In this study, the significance of the NEP
trend was judged at a confidence level of a = 0.05. The results
were divided into significant changes (Z ≥ 1.96 or Z ≤ 1.96)
and insignificant changes (−1.96 < Z < 1.96) according to the
trend change characteristics and the results. According to the
above criteria, we further divided the results into five grades:
significant increase, slight increase, basically unchanged, slight
decrease, and significant decrease (Table 1).
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TABLE 1 The table of trend change rating.

Theil–Sen Z Trend

S ≤ 0.00005 ≤−1.96 Strong decrease

S ≤ 0.00005 −1.96< Z< 1.96 Slight decrease

−0.00005< S< 0.00005 −1.96< Z< 1.96 No change

S ≥ 0.00005 −1.96< Z< 1.96 Slight increase

S ≥ 0.00005 ≥1.96 Strong increase

2.2.2. Mann–Kendall mutation test
Mann–Kendall Mutation test was applicable to the analysis

of time series data with a continuous increasing or decreasing
trend (monotonic trend). It is a nonparametric test that applies
to all distributions (i.e., the assumption that the data need not
satisfy a normal distribution). This method was usually used to
check the reliability of the results of trend analysis. First, create
an order column for X with n sample sizes.

yk =

k∑
i=1

ri,
(
ri〉0, 1 ≤ k ≤ n

)
(6)

Under the assumption of the random independence of the
time series, the statistic was defined as follows:

UFk =
yk − E

(
yk
)√

var
(
yk
) (7)

UFk, E (yk), and Var (yk) are the mean values and
variances of the cumulative number of yk. When x1, x2,...,
xn are independently and interdependently, the computational
formula is as follows:

E
(
yk
)
= n(n+ 0.25) (8)

Var
(
yk
)
=

n (n− 1) (2n+ 5)
72

(9)

Based on this method, the value passes the 0.05 significance
test when UF > 0, indicating a continuous growth trend at
the 0.05 significance level. Simultaneously, the UB curve was
calculated. If the intersection of the UF and UB curves was
within the confidence level interval [−1.96, 1.96], and the
specific year of the intersection point was determined, the
parameters of the year exhibited a sudden growth state. If the
intersection point was not within the test range, the intersection
point did not passed the 0.05 test. Therefore, the sudden increase
in the parameter in this year did not exhibit a sudden change.

2.2.3. NEP
The concept of the NEP was first proposed by Woodwell

et al. (1978). In previous studies, it was usually obtained by
subtracting the autotrophic respiration (Ra) and heterotrophic
respiration (Rh) from the GPP. The Re is the sum of the
Ra and Rh. The GPP data used in this article were obtained

through observations from hundreds of flux sites around the
world. We refer to the research of Wang et al. (2015). On the
small-scale, the calculation models for the NEP are simulated
based on the local climate and hydrological conditions (Gong
et al., 2017; Zhang X. Z. et al., 2020), and the differentiation
of vegetation types is conducted using the statistics of the NEP
algorithm (Yuan et al., 2009; Xiao et al., 2013; Chen S. et al.,
2019). Considering the complexity of the global scale, we used
a more recognized algorithm (Yu et al., 2013; Wang et al., 2015).
The optimal approach for the Re was determined through the
positive correlation of the spatial coupling between the GPP and
Re. The formulae is as follows:

NPP = GPP − Ra
NEP = NPP − Rh
NEP = GPP − (Ra+ Rh)
NEP = GPP − Re

(10)

In previous research, it has been confirmed that there is a
significant linear relationship between the GPP and Re, and the
average Re/GPP ratio is always 0.87 ± 0.04 (Chen et al., 2013,
2015).

GPP = 107.02MAT + 2.18MAP − 0.10MAT ×MAP − 544.35
(11)

Re = 54.08MAT + 1.19MAP − 0.05MAT ×MAP − 103.04
(12)

Re = 0.68GPP + 81.9 (13)

NEP = 48.98MAT + 0.79MAP − 0.05MAT ×MAP − 313.85
(14)

Zhu et al. (2014) developed three kinds of assessment
schemes to assess the spatial patterns of carbon fluxes based on
the results from Yu et al. (2013). The results show that 68% of
the per-unit GEP contributed to ER and 29% to NEP in terms
of the spatial variations. Therefore, a carbon flux assessment
scheme was recommended as the formula (13) (Zhu et al., 2014;
Wang et al., 2015). The MAT (average annual temperature) and
MAP (average annual temperature) refer to the average annual
temperature and average annual Precipitation, respectively. This
formula passed the correlation test. It has a high credibility, with
correlation coefficients ranging from 0.8 to 0.9 (Zhu et al., 2014).

2.2.4. Statistical analysis
In this study, the least square method was used to determine

the linear trend of each pixel.

1NEP =
∑n

i=1(i× NEPi)− 1
n
∑n

i=1 i×
∑n

i=1 NEPi∑n
i=1 j2−

1
n
(∑n

i=1 j
)2 (15)

Where n represents the 36-year time span from 1983 to
2018, NEPi was the annual NEP value of year i, i = 1983, 1984,...,
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2018. As same, 1T,1P, 1SR,1SMand1CO2 on behalf of the
trends of T, P, SM, SR, and CO2, respectively.

2.2.5. Sensitivity of NEP on climate change and
human activities

Various methods have been used to isolate the contribution
of factors, such as the residual trend (RESTREND) method
(John et al., 2016; Zhou et al., 2018), the LPJ-GUESS ecosystem
model (Smith et al., 2014) and Miami models (Krausmann et al.,
2009; Zhou et al., 2015, 2017) was used to separate human
activity and climate change from multiple influencing factors,
Nevertheless, there was high uncertainty in the simulation
results (Wu et al., 2020). After comparing various research
methods, we finally chose the method from the research of
Forzieri (Wang et al., 2014; Forzieri et al., 2018, 2020; Wu
et al., 2020), this method assumes a linear interaction between
response variables and predictive variables. Firstly, we derived
the partial derivative sensitivity terms of NEP to five climate
factors (precipitation (P), temperature (T), soil moisture (SM),
solar radiation (SR) and CO2 concentration, respectively) by
multiple regression method. On the basis of defining the
sensitivity of the four climate factors to NEP as the total
derivative, the variation of single factor was separately expressed
as a function of NEP. The sensitivity of NEP to changes in CC
was computed between 1983 and 2018.

1NEP = HAcon + CCcon = HAcon + δPNEP + δTNEP

+δSRNEP + δSMNEP
+ δCONEP

2 (16)

Where δPNEP was the P change associated with the long-
term change of NEP, In the same way,δSMNEP, δCONEP

2 , δTNEP

and δSRNEP represents the SM, CO2 concentration, T and SR
associated to NEP, respectively. Derived from Equation 15,
variations in climate factors associated to NEP were expressed
by the following equation:

δPNEP =
∂NEP
∂P

1P

δTNEP
=
∂NEP
∂T

1T

δSRNEP =
∂NEP
∂SR

1SR

δSMNEP
=
∂NEP
∂SM

1SM

δCONEP
2 =

∂NEP
∂CO2

1CO2 (17)

Where 1NEP, 1T, 1P,1SR, 1SMand 1CO2 represents the
linear trend of the NEP, annually averaged T, P, SR, SM and CO2

concentration, respectively (Zhou et al., 2001; Liu et al., 2021).
∂NEP
∂P

was the sensitivity of P to NEP quantified between 1983 and

2018. The Equation 16 was extended to Equation 18 according
to the rules of Equation 17.

1NEP = HAcon +
∂NEP
∂P

1P +
∂NEP
∂T

1T +
∂NEP
∂SR

1SR+

∂NEP
∂SM

1SM +
∂NEP
∂CO2

1CO2 (18)

The derived signal ∂NEP
∂P

integrates the bidirectional
interactions between P and NEP, the ∂NEP

∂T
integrates between

T and NEP, the ∂NEP
∂SR

integrates between T and NEP. The ∂NEP
∂SM

integrates between SM and NEP, the ∂NEP
∂CO2

integrates between

CO2 concentration and NEP.

2.2.6. The contribution of climate change and
human activities of the NEP

In order to achieve a more accurate quantitative analysis
of the contribution of Climate Change (CC_con) and Human
Activities (HA_con), the CC_con and HA_con in this table
differ from the contribution rates in Equations 15, 17, where the
contribution rate represents the population, whereas here it is
expressed by cases. Six typical scenarios were used to describe
it (Table 2; Zhou et al., 2017; Yan et al., 2019): this paper define
NI as the NEP increase of HA and CC, so, the HNI and CNI
represents the NEP increase by HA and CC, respectively. The
ND was NEP decrease by HA and CC, Breaking it down, the
CND was NEP decrease by CC_con and the HND represents the
decrease by HA. We have known the contribution of CC and HA
to NEP through continuous comparison and analysis.

The relationship is expressed as Equation 18:
Where Z > 0 was represents the NEP increasing, and

Z < 0 was represents the NEP decreasing. When ZHAincreasing

and ZHAdreasing combine, that’s HNI, they represent the positive
HA_con and the negative HA_con to NEP, respectively. The
same, When ZCC increasing and ZCCdreasing combine, that’s CNI,
they represent the positive and negative CC_con to NEP,
respectively.

ZNI = ZHNI + ZCNI

ZHNI = ZHAincreasing−ZHAdreasing

ZCNI = ZCCincreasing−ZCCdreasing (19)

2.2.7. Boosted regression tree
The boosted regression tree (BRT) machine learning method

can effectively select the relevant variables and identify the
nonlinear relationship between the input and output based on
multivariate regression trees (Elith et al., 2008; Mitchell et al.,
2018). The BRT was performed using the gem function in
the dismo package in R studio (Pourghasemi and Rahmati,
2017). Nearly 50,000 points were selected to participate in the
calculation. Furthermore, the number of trees, the learning rate,
and the tree complexity were used to reduce model uncertainly.
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TABLE 2 Different scenarios for estimate the CC_con and HA_con to NEP increase and decrease.

Z Scenario CC_con HA_con Contribution proportion
of CC (%)

Contribution proportion
of HA (%)

X increasing Z> 0 NI >0 >0 |CC_con|
|CC_con|+|HA_con| × 100 |HA_con|

|CC_con|+|HA_con| × 100

CNI >0 <0 100 0

HNI <0 >0 0 100

X decreasing Z< 0 ND <0 <0 |CC_con|
|CC_con|+|HA_con| × 100 |HA_con|

|CC_con|+|HA_con| × 100

CND <0 >0 100 0

HND >0 <0 0 100

The highest AUC (area under the curve) of the training data, the
optimal parameters of the number of trees, the tree complexity,
and the learning rate were selected.

A five-fold cross-validation method was implemented for
the BRT model, and we determined the best contribution
relationship between the dependent variable (NEP) and all of the
climate factors based on this model. We evaluated the accuracy
of the model based on the AUC value. When AUC > 0.9, the
accuracy of model is excellent; when 0.8 < AUC < 0.9, the
accuracy of model is good; and if AUC < 0.7, the accuracy of
model is poor (Swets, 1988). In addition, the fit is better if the
ratio of the actual to the predicted NEP is close to one, the fitting
effect is better. By this model can accurately identify the best
contribution of all climate factors on the NEP interval, and the
interval was conducted on the basis of 2.2.5 of determining if
2.2.5 part can get is the contribution of each factor to the NEP
contribution in the size and spatial distribution, so this model,
the precision will be able to get the best contribution of interval,
and it is not limited to a single factor.

3. Results

3.1. The trend of NEP

A total of 69% of the areas showed an increase trend of
NEP, and 20% exhibited a decrease from 1983 to 2018 based
on the Theil–Sen and MK trend analysis results (Figure 1A).
The average annual NEP increased from 228.62 g C m−2 yr−1

in 1983 to 256.71 g C m−2 yr−1 in 2018 (Figure 1D). The
significant growth of the C sink area was mainly concentrated
in the 60–69◦N region, and the C source area was located in
the 48–65◦N region (Figure 1B). These results are similar to
those of Chan et al. (2019). In a previous study, Luyssaert et al.
(2007) found that the global NEP was 2.1 Pg C yr−1. Piao
et al. (2013) reported an average global NBP of 2.0 ± 0.8 Pg C
yr−1 during 1980–2009. The growth rate of the global terrestrial
carbon sink during 1998–2012 (0.17 ± 0.05 Pg C yr−2) was 3
times that during 1980–1998 (Piao et al., 2018). The respiration
of the terrestrial ecosystems was limited to 1.4 ± 0.1 Pg C
yr−1 (Mahecha et al., 2010). The global NEP obtained in this

study is 3.22–3.71 Pg C yr−1. Results based on the updated
time series are relatively closed compared to previous studies.
On a regional scale, China’s estimated NEP was determined to
be 1.4–1.6 Pg C yr−1 (excluding desert values) in this study,
which is slightly lower than the values obtained by Wang et al.
(2015) (1.89 Pg C yr−1) and the average NEP obtained by the
author by redefining the relationship between NEP and NPP was
1.34± 0.12 PgC yr−1. In addition, (Zhu et al., 2014) developed a
statistical evaluation scheme to estimate the NEP of China in the
2000s as 1.91± 0.15 PgC yr−1. And Wang et al. (2020) estimated
that the average annual terrestrial carbon sink in China from
2010 to 2016 was 1.11 ± 0.38 Pg C yr−1. Therefore, the results
of this paper have a certain degree of credibility on a regional
scale. In the future, with the improvement of relevant results, it
is easy to improve the estimation results of NEP synchronously
by using the estimation process of this study, such as the study
on some provinces in China (Lu et al., 2013; Gong et al., 2017;
Zhang X. Z. et al., 2020) and statistics of NEP algorithm for
distinguishing vegetation types (Chen S. et al., 2019).

About 79.4–82.6% of the area served as a Carbon sink from
1983 to 2018 (Supplementary Figure 1), which was 3.9–4.7
times the Carbon source area. The largest increase (1.4%) in
the Carbon sink area occurred in 1990 based on the changes in
the areas of the Carbon sources and Carbon sinks (Figure 1C).
Supplementary Figure 1 and Supplementary Table 1 show the
dynamic changes and spatial trends of the NEP, SR, SM, T, P, and
CO2.

3.2. Contribution of climate change to
the NEP

The spatial distribution of the climatic factors contribution
to the NEP based on the sensitivity analysis is shown in Figure 2.
The single factor correlation analysis revealed that the NEP
has the strongest correlation with P (R = 0.84), followed by
temperature (R = 0.56) (Figure 2F). This is similar to the
results of Chen et al. (2013), Xiao et al. (2013), and Chen S.
et al. (2019). Nonetheless, considering that there may be some
autocorrelation problems in the correlation analysis between a
single factor and NEP, we analyzed the contribution of each
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FIGURE 1

The trend of NEP. (A) Spatial pattern of the Theil–Sen trend of NEP between 1983 and 2018; (B) latitude map of NEP trend in different
classification, strong decrease is STD, slight decrease is SLD, no change is NC, strong increase is STI, and slight increase is SLI; (C) the 1P (the
carbon sink areas difference between the current year and the previous year) and 1N (the carbon source areas difference between the current
year and the previous year) and (D) the mean value of NEP; (E) the Mann–Kendall mutation test of NEP.

climate factor to NEP through Equation 16, which excluded the
interaction between factors and recognized this contribution in
space (Figure 2A). The results show that the CO2 concentration
had the highest contribution rate (37%), although it made
a negative contribution in many areas (Figure 2A). The SR
made negative contributions in many areas in India, Africa,
and North America, and its negative contribution rate was
the highest (−11.7%) (Figure 2D). Although the correlation
coefficient between P and NEP was the highest, it made a
negative contribution to the NEP (−10.5%; Figure 2B). The
negative contribution of T was mainly concentrated in the high
latitude regions of the Northern hemisphere (Figure 2E). The
SM made a large contribution in the high latitude regions such
as Russia (Figure 2C).

3.3. Main area controlled and main
load controlled by climatic factors

In order to identify the factors that play a key role in the
NEP in different regions, we explored the major latitudes and
regions for each climate factor. The results showed that the CO2

concentration had the largest positive contribution (37%) to
NEP and the largest influence area (32.5%; Figure 3). Although
the main area controlled by the SR was the next largest, the
SR made a negative contribution to the NEP (Figure 3B), and
the SR made the lowest contribution to the NEP (−11.7%).

Among the other factors, the main region controlled by T was
the smallest, and it exhibits a divergent distribution. P mostly
played an active role in the mosit and semi-humid terrestrial
regions, and the main regions controlled by the SM were mostly
located in the Northern Hemisphere. Interestingly, we found
that in more than 50% of the areas, the main loss factor was the
SR in any area controlled by the climate factors (T, P, SM, and
CO2).

3.4. Best ranges for climatic factors for
the NEP

To explore the changes in the sensitivity of the NEP trend to
the climate factors, we used boosting and regression tree (BRT)
models to evaluate the optimal interval for the contribution of
the climatic factor to the NEP. We adjusted the tree complexity
(2, 3, and 4) and the learning rate (0.01, 0.05, and 0.001) to
generate the best model (Supplementary Figure 3) according
to Equation 6. The prediction accuracy was good when the
AUC was 0.875 (i.e., >0.8). The ratio between the actual value
and the predicted value was 0.86, which indicates a good
prediction accuracy. Therefore, the BRT model was suitable for
determining the optimal value of the climate factor for the NEP.

Figure 4 shows the best ranges for two climate factors for
the NEP, as well as the optimal contribution interval for a
single factor and the NEP calculated based on the BRT model

Frontiers in Ecology and Evolution 07 frontiersin.org

https://doi.org/10.3389/fevo.2022.1101135
https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org/


fevo-10-1101135 January 13, 2023 Time: 15:39 # 8

Liu et al. 10.3389/fevo.2022.1101135

FIGURE 2

Sensitivity of NEP to climate factor. Sensitivity of NEP to changes in CO2 concentration (A), P (B), SM (C), SR (D), and T (E); correlation analysis
between NEP and climate factors (F).

(in the small diagram in Figure 4). In addition, in order to
better view the optimal contribution interval of a single factor, a
detailed version is listed in Supplementary Figure 3. When the
precipitation was greater than 2000 mm and the SR was between
3500 and 7500 (Figure 4F and Supplementary Figures 3B,
E), the NEP was relatively stable. An increase in temperature
can promote an increase in the NEP, but the upward trend
drops sharply after 25◦C (Supplementary Figure 3F). However,
the NEP is more likely to be lower in the areas with less
precipitation. Interestingly, the NEP decreased with increasing
SM (Supplementary Figure 3C). There is a well-defined positive
gradient with increasing precipitation and temperature. In
general, when the temperature was between 16 and 27.7◦C, the
annual precipitation reached 900 mm, the SR was 4295–7000,
the SM was 550–800 kg/m2, the CO2 concentration was greater
than 380 ppm, and the NEP was high. The NEP was particularly
high when the precipitation was greater than 900 mm, the SR
was greater than 5200, and the SM was greater than 350 kg/m2.
The CO2 concentration was the most complicated factor, and its
contribution to the NEP trend was the most significant between
435 and 440 ppm (Figure 4D). The contribution to the NEP was

most significant when the CO2 concentration increased and the
precipitation exceeded 1200 mm.

3.5. The contribution of human
activities and climate change to the
NEP

Human activities and CC made positive contributions to the
NEP in 57.6 and 60.3% of the area, respectively (Figures 5A,
B). The HA_con to the NEP reached 86.48%, far exceeding the
CC_con of 13.54% (i.e., by 6.4 times). So, HA was the main
factor affecting the NEP.

In addition, for the purpose of this study, the CC_con
and HA_con were quantitatively analyzed for increasing or
decreasing NEP using the method of Table 1. The positive
effect of HA_con was obvious in North America and India
(Figure 5C), and the NEP in South America, southern-central
Africa, northern Asia, and eastern China was mainly due to the
CC_con (Figure 5E). Negative HA_con was mainly found in
northern Asia, such as northern China, northern Kazakhstan
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FIGURE 3

(A) The main controlling factors and (B) the main load controlling factor influencing the NEP. The five driving factors include CO2

concentration, T, P, SR, and SM. (C,D) The contributions of the five driving factors at latitudes of 55◦S–80◦N.

and northern Russia (Figure 5D). In the Europe and Australia,
CC_con played a negative role to NEP (Figure 5F). By studying
the main controlled areas, the HA and CC controlled 36.33
and 32.79% of the NEP growth areas and controlled 11.76 and
16.13% of the NEP degradation areas (Figures 5G, H) in the
world, respectively. In addition, the countries in Figure 5K
are ranked according to their NEP trends. Figure 5J shows
the proportions that CC enhances the HA_con the NEP and
factor contributions for the 167 major countries of the world are
shown in Supplementary Table 1. Moreover, when comparing
the CC_con and HA_con, we found that the CC_con improved
the positive HA_con in 44% of the world. In addition, in one-
fifth of the regions, the enhancement effects reached more than
half (Figure 5I). Understanding how the CC_con improves the
HA_con will help us to further understand what role CC plays
in promoting the NEP.

4. Discussion

4.1. Comparison with the driving
mechanisms of GPP and NEP

In contrast to the research results, in this study it was found
that the CO2 concentration gives the highest contribution to the
NEP trend, the T_con was very low and the main regions it
controlled was the smallest. This is consistent with the results
of previous studies (Chuai et al., 2018; Fernández-Martínez
et al., 2019; Zhang L. et al., 2020). The NEP was controlled by

a complex interplay between a range of climatic factors. Our
further analysis revealed that the main factors driving the GPP
were inconsistent with those driving the NEP, but the HA_con
was consistentlymuch larger than the CC_con. The HA_con
and CC_con to the NEP were 86.48 and 13.54%, respectively,
while the GPP was almost entirely controlled by the HA. The
CO2 concentration made the largest positive contribution to the
GPP (12%), T made the smallest contribution (0.04%), and SR
made the largest negative contribution (−11%). Previous studies
have shown that the sensitivities of the GPP and NEP to T and
SR are not much different (You et al., 2020), and there is no
significant relationship between the GPP and P (Chen W. et al.,
2019). However, an increase in the annual average T will cause
the vegetation growing season to be prolonged and cause an
increase in the GPP, and the inter-annual variation in the GPP is
not significantly correlated with T on a global scale (Piao et al.,
2013). Our study shows that HA had a positive effect on the NEP,
and we believe that CC deepened this positive contribution.
Overall, assessing the impacts of the climatic factors on the NEP
is critical to more accurately predicting the future dynamics of
the global carbon cycle and its feedback on the climate system.

4.2. Regional differences

Of the six continents in the world, Australia has the
lowest NEP trend and South America the highest (Figure 6).
Interestingly, in North America, Africa, and Europe, the NEP
was almost entirely controlled by HA, and the main negative
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FIGURE 4

The best contribution interval of each climatic factor to the NEP. Annual NEP in the climate domains based on the (A) T and P; (B) T and SR;
(C) T and SM; (D) T and CO2; (E) P and CO2; (F) P and SR; (G) P and SM; (H) CO2 and SM; (I) CO2 and SR; (J) SM and SR; (K) NEP test data; and
(L) NEP training data.

contributions of the climatic factors was from the SR. The NEP
in South America was entirely controlled by CC, of which the
SR_con was 85.42%. HA and CC both contributed positively
to the NEP in Australia and Asia, and the HA_con to NEP
also contributed positively to the NEP, with values of 85.25 and
81.25%, respectively. SR made a major negative contribution
on these two continents, with values of −81.25 and −13.11%,
respectively. Among climate factors, the CO2 concentration had
the highest positive contribution to the NEP on all six continents
except South America.

Among the top seven countries in terms of land area in
the world (Russia, Canada, China, the United States, Brazil,
Australia, and India) (Figure 6), CC played the absolute
dominant role in the NEP trend in Brazil, and the SR_con was
the largest. CC also contributes positively to the NEP trend in
China, with CO2 concentration contributed 42.55%, while the
opposite was true for the rest of the countries, where HA_con

was the strongest. SR made the largest negative contribution to
the NEP in India, Australia and the United States. Russia had
the strongest negative P_con. The CO2_con for the seven major
countries was 43–59%. The CO2 concentration contributed only
made a small negative contribution in 10 of the 167 major
countries in the world.

4.3. Uncertainties

Overall, the limitations of this study are mainly reflected in
the following: Firstly, although climate factors (T, P, CO2, SR,
and SM) are closely related to NEP, some natural factors, such as
forest age, vegetation type and growing season length, also have
a definite impact on NEP (Tang et al., 2014; Migliavacca et al.,
2015), which is the direction of our next research. In addition,
considering that most of the factors causing nitrogen deposition
are man-made factors, such as unreasonable fertilization in
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FIGURE 5

The HA_con (A) and the CC_con (B) to NEP, the CC_con and HA_con to NEP increasing (C,E) and decreasing (D,F); spatial pattern of the CC
and HA controlled the increasing (G) and decreasing (H) of the NEP; spatial diagram of the positive of CC_con to HA_con (I); the proportions
that CC enhances the HA_con (J); the trend of NEP in the top 50 countries of global (K).

farmland, poor management of livestock and poultry manure
in livestock farms, coal burning, and automobile exhaust
emissions, which will increase the emission of man-made

reactive nitrogen into the atmosphere, nitrogen deposition can
be summarized in human activities from this perspective. Even
though the role of N deposition on NEP has been mentioned
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FIGURE 6

The HA_con and CC_con to NEP in the world and six continents.

in much literature, some studies have shown that the increase
in global N deposition since 1981 has only weakly affected
the Carbon sink area (Nadelhoffer et al., 1999; Chen H. et al.,
2012; Chen J. M. et al., 2019). And, since the 21st century,
nitrogen deposition has increased from 316.16 to 331.88, with
little overall change. Therefore, the role of nitrogen deposition in
HA is included in this paper. This involves the inclusion of other
factors (including nitrogen deposition) in the scope of HA in this
paper (although we believe that most of the causes of nitrogen
deposition are still caused by human activities) will increase
the contribution rate of HA to a certain extent, such as food
collection, timber harvesting, burning of plant residues, fires
(Yin et al., 2020), water erosion and other geological processes
that cause carbon leakage. However, this paper is limited by the
difficulty of obtaining data and the lack of long-term monitoring
of human activities (such as ecological engineering and timber
logging), which leads to the inadequacy of this part. Of course,
in the next study it will be very necessary to include the
effect of nitrogen deposition in the study of long time series.
This is also a direction for our further research on how to
more carefully quantify the contribution of various factors in
human activities to the NEP. We believe that it is of scientific
importance to clarify the main limiting factors affecting regional
NEP. There are certain uncertainties in the generation of the
GPP data products from the modeling results. These errors can
be caused by a number of factors, including roughness of the
meteorological data and different resolutions of this pixels. In
addition, in this study, the spatial data used for the analysis
were unified in a 0.25◦ space due to the limitations of the data.
An attempt to evaluate with more fine-resolution multi-source

data and measurements will be made in further studies. These
limitations should be overcome in future studies. In addition, it
is necessary to explore NEP and climate change on the monthly
and quarterly scales. Moreover, since the important impact of
CO2 concentration on NEP has been obtained in this paper,
it is instructive to clarify how the dynamic contribution of
CO2 concentration can be used to achieve the goal of carbon
neutrality in different future emission scenarios.

In general, in this study, the global NEP from 1983 to 2018
was evaluated, the responses of the NEP to CC and HA were
discussed, and detailed analysis was performed on different
continents in 167 countries. Despite these uncertainties, this
study is critical to improving the understanding of the carbon
cycle, and it provides a theoretical understanding of how CC
enhances the positive contributions of HA in the context of a
changing climate.

5. Conclusion

In this study, the change in the global NEP and its responses
to climate change and human activities over the last 40 years
were assessed based on sensitivity analysis and BRT models.
We choose temperature (T), precipitation (P), solar radiation
(SR), soil moisture (SM), and CO2 concentration as the most
important climatic factors. A regression model and sensitivity
analysis were used to evaluate the CC_con and HA_con to the
NEP under six different scenarios on the global scale. The results
of this study enhance our knowledge of the CC and HA to the
global NEP. The conclusions of this study are as follows.
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(1) The NEP increased in 69% of the world between 1983 and
2018, about 79.4–82.6% of the area served as a Carbon
sink, i.e., 3.9–4.7 times greater than the carbon source area.
And HA and CC controlled 36.33 and 32.79% of the NEP
growth, respectively. However, the contribution of HA far
exceeded that of CC (i.e., by 6.4 times).

(2) The CO2 concentration had the largest positive
contribution (37%) to NEP and the largest influence area
(32.5%). Our paper use the BRT models to evaluate the
optimal interval that the contribution of climate factor to
NEP. We have further measured the optimal contribution
interval of each factor, providing a more accurate guide to
global NEP. It made the most significant contribution to
the NEP trend in the range of 435–440 ppm. In more
than 50% of the areas, the main loss factor was SR in
any of the areas controlled by the climatic factors. HA
and CC controlled 37.33 and 34.79% of the NEP growth,
respectively. However, the contribution of HA far exceeded
that of CC (i.e., by 6.4 times).

(3) The CC_con and HA_con have been identified in different
countries, interestingly, CC improved the positive HA_con
to the NEP in 44% of the world. Moreover, in 25% of the
area, the enhancement effect reached more than 50%.

Our results clarify a long-standing problem and emphasize
the important role of CC to the NEP. Therefore, this study
quantitatively distinguishes the influence of each factor on NEP,
and determined the best range of climate factor interaction. It
is also understood that CC can affect HA to improve NEP on a
large scale compared with previous studies.
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