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Analysis focused on sub-regional differentiation of vegetation greenness and their dominant drivers are needed to
properly develop targeted strategies for sustainable management. In this study, we took China as a case study
area, and analyzed the spatiotemporal heterogeneity of vegetation greenness and its strength of association with
both environmental (topographical factors and hydrothermal conditions) and anthropogenic factors (land use
type and population density) across six eco-geographic regions during 1982-2015. The whole period was divided
into two periods by the turning point of 1998, after which China has implemented numerous forest protection
projects. The attribution results based on the Geodetector method show the followings: (1) In China, precipi-
tation is the dominant factor in landscape variation of Normalized Difference Vegetation Index (NDVI) with a
strength of association of 85%. Additionally, precipitation is also the dominant factor in arid and semi-arid re-
gions, including Northern semiarid (NS) region, Northwestern arid (NWA) region and Qinghai-Tibet Plateau
(QTP) region. The dominant factors differ across diverse eco-geographic regions; for example, slope dominates in
sub-tropical/tropical humid (STH) and middle temperate humid/sub-humid (MTH) regions. (2) Generally, the
strength of association between vegetation and temperature decreases across China over the past 34 years,
meaning that the limiting effect of temperature on the NDVI is weakened, similarly, the controlling effect of
water conditions is also weakened. In contrast, the spatial association between anthropogenic factors and NDVI is
enhanced. (3) The temporal dynamics of strength of association between factors and the NDVI differ in diverse
periods and regions; for example, the strength of association between wind speed and NDVI decreased during
1982-1998, but increased during 1999-2015 in temperate humid/sub-humid (WTH) region; however,
decreasing trends were revealed in the QTP region in both periods. Our study highlights that variation of NDVI is
mainly attributed to climate change and land cover change. Generally, the limiting impact of hydrothermal
conditions on NDVI weakens, and the controlling effect of human activity increases over time.

1. Introduction increased by 7.1% in 2016 relative to 1982, and land-cover change

displayed regional differences, such as tropical deforestation and

Vegetation, as a sensitive indicator of climate change and pivotal link
in land atmosphere interactions (Liu and Lei, 2015), plays an important
role in regulating the interchange of water and heat fluxes, soil eco-
systems and carbon and nitrogen cycles (Bonan, 2008; Fu et al., 2017;
Qu et al., 2020). Previous research revealed that global tree cover
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temperate afforestation (Song et al., 2018). China and India dominated
the greening of the world, and the greening was mostly attributed to
land-use management (Chen et al., 2019). Although there is increasing
attention to identifying the spatial patterns and dominant factors rele-
vant to vegetation greenness and their relative contributions (Liu and
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Lei, 2015; Wang et al., 2016b; Chen et al., 2019), the differentiation of
influencing mechanisms on vegetation dynamics at sub-regional scales
across one region still needs to be more explored and documented.

China accounts for 25% of the global net increase in leaf area,
namely increase in greenness, with only 6.6% of global vegetated area,
attributed to the combined effect of climate change and ambitious en-
gineering projects related to conserve and expand forests, such as ‘Grain
for Green’ project (Chen et al., 2019; Zhao et al., 2020). However, the
multiple factors that control distribution of vegetation, as well as their
recent dynamics display high spatial heterogeneity across regional and
sub-regional land surfaces (Gao et al., 2019), indicating the response of
vegetation to environmental factors may differ from region to region.
Evidence has shown that surface greenness patterns are triggered by
heterogeneous mechanisms over different regions. For example, Nemani
et al. (2003) found that water availability was the main limiting factor in
vegetation growth for over 40% of earth’s vegetated surface, followed
by temperature and radiation. Piao et al. (2015) suggested that rising
atmospheric COy concentration chiefly drove China’s greening, with a
contributing rate of 85% to changing trend of average growing-season
LAL Therefore, spatial heterogeneity deserves more attention for a
better understanding of the drivers and landscape patterns of vegetation.
In this study, eco-geographic regionalization, which provides a regional
framework for studying regional differentiation and the regional
response to global change across China (Zheng, 2008), was used to
explore spatially heterogeneous differences in the spatial association
between vegetation greenness and its influencing factors.

The influencing mechanisms of vegetation dynamics in terrestrial
ecosystems are well documented over various spatiotemporal scales
using remote sensing observation of vegetation indices (Fensholt et al.,
2012; Zhu et al., 2016; Cai et al., 2015, 2016; Zhang et al., 2020a).
Numerous publications explored the driving forces underlying the
vegetation dynamics, including climate constraints, anthropogenic ac-
tivities, topographical influences, CO, fertilization, nitrogen deposition
and wildfire (Xiao and Moody, 2005; Niinemets et al., 2011; Buitenwerf
etal., 2012; Piao et al., 2015; Huang et al., 2018; Kalisa et al., 2019; Gao
et al., 2019; Leverkus et al., 2019). For example, Huang et al. (2020)
indicated a stronger effect of climate change (about 59.3%) than human
activities in the Beiluo River Basin using a support vector machine based
simulation model. Lii et al. (2015) applied correlation and comparative
analysis to determine the driving forces for vegetation change (socio-
economic and climate factors were included) and confirmed that so-
cioeconomic factors, such as human population and economic
production, were the most significant factors for vegetation change.
Although these studies identified the dominant driving forces for vege-
tation greenness, a comprehensive comparison of the relative impor-
tance of multiple factors for vegetation greenness is still not well
understood. In this study, GeoDetector method, will be used to evaluate
the relative importance among diverse drivers. This method is good at
the analysis of categorical variables, making it convenient and available
to compare the relative importance of categorical and continuous vari-
ables (Wang and Xu, 2017).

The response of vegetation to environmental perturbations and
changes is complex and nonlinear due to the interactions among mul-
tiple factors (Piao et al., 2015; Zhao et al., 2015; Gao et al., 2017).
Several studies have documented the nonlinear, concave-down re-
lationships between regional precipitation and aboveground net pri-
mary production (Huxman et al., 2004; Yang et al., 2008; Hsu et al.,
2012). Nonlinear influences and interactions make it challenging to
quantify the contribution of each relevant factor to vegetation greenness
(Piao et al., 2020). The GeoDetector method is a nonlinear analysis
method based on variance analysis and the spatial distribution consis-
tency between two factors with a causal relationship. The core
assumption is that if one factor influences and is correlative with
another, their spatial distributions must be similar to some degree; no
matter whether the relationship is linear or nonlinear, the relationship
can be detected (Wang et al., 2010). In this study, climatic factors,
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anthropogenic factors, and topographic factors are considered as drivers
for vegetation greenness in the quantitative attribution analysis. NDVI is
used as the metric of vegetation greenness, which has been broadly used
in the research of changes in vegetation greenness and the response of
vegetation to climate change and anthropogenic activity across diverse
spatiotemporal scales (Wang et al., 2011; Krishnaswamy et al., 2014;
Tao et al., 2015; Du et al., 2017; Zhang et al., 2020b).

Against the background of climate change and severe anthropogenic
activities, the relationship between vegetation greenness and environ-
mental limitations may have changed over time (Piao et al., 2014). For
example, Keenan and Riley (2018) quantified the spatial functional
response of vegetation cover to temperature and confirmed that the
temperature limitation had declined over time, which was consistent
with expectations based on recent warming. Piao et al. (2006) pointed
out that the impact of rising temperature on the current enhanced
greening trend will decline or even disappear. However, the temporal
dynamics of the impact of influencing factors on vegetation greenness
are still poorly understood; clarifying the changing trend in the strength
of association between factors and vegetation greenness is vital in pre-
dicting the response of vegetation to climate change and human
disturbance, and thus in creating adaptive strategies.

There is a need to explore the spatial differences and temporal dy-
namic of the strength of association between influencing factors and
vegetation greenness. The primary objectives of this paper are to (1)
quantify the heterogeneous landscape variation in NDVI and its chang-
ing trend across different eco-geographic regions in China during
1982-2015; (2) detect the dominant factors in vegetation greenness and
their relative importance; (3) explore the temporal changing trends of
strength of association between the influencing factors and NDVI.

2. Method
2.1. China’s eco-geographic regions

China’s eco-geographic regionalization was demarcated or com-
bined with different elements based on regional differentiation of the
earth’s surface, in which temperature and air moisture condition were
considered in first level division (Zheng, 2008). Eco-geographic
regionalization was widely used in the assessment of terrestrial eco-
systems across China (Wu et al., 2010; Zhao and Wu, 2014). The first-
level contains eight zones, including cold temperate humid (CTH) re-
gion, middle temperate humid/sub-humid (MTHS) region, north semi-
arid (NS) region, warm temperate humid/sub-humid (WTH) region, sub-
tropical humid (SH) region, tropical humid (TH) region, northwest arid
(NWA) region, and Qinghai-Tibet Plateau (QTP) region. Due to the areas
of CTH region and TH region are small in China (Fig. S1a), further the
less sample points fail to acquire an accurate attribution results of
vegetation greenness. Thus, we have merged the eight regions into six
regions, the CTH region and MTHS were integrated to cold/ middle
temperate humid/sub-humid (MTH) region, and the SH and TH region
were integrated to sub-tropical/tropical humid (STH) region (Fig. S1b).
Six top-level regions were considered in this study: MTH region, NS
region, WTH region, STH region, NWA region, and QTP region (Fig. 1).
The topography (Fig. 1a), temperature (Fig. 1b), precipitation (Fig. 1c)
and land use type (Fig. 1d) were highly heterogeneous in different eco-
geographic regions, in which temperature and precipitation were the
means over the length of the study period. The mean value of geographic
environmental factors in diverse eco-geographic regions differed a lot
(Table 1), such as the difference of mean temperature between the STH
and QTP region reached 17°C, and the mean precipitation in STH was
approximately 8.9 times higher than that in NWA. In the MTH and STH
regions, nearly half of the area was occupied by forest land; in the NS
and QTP regions, grassland is distributed in most areas; and dry land and
unused land were the dominant land use types with area ratio of 50.93%
and 62.15% in the WTH and NWA regions respectively (Table S1). Due
to lack of availability of data, the islands of China were not included in
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Fig. 1. Studied eco-regions in China. (a) Elevation, (b) Mean temperature during 1982-2015, (c) Mean precipitation during 1982-2015, (d) Land use type in 2015

(Note: The acronyms of each region show in study area section.).

Table 1

Mean value of geographic environmental factors in different eco-geographic regions.
Region MTH NS WTH STH NWA QTP
Elevation (m) 416.41 1145.57 508.61 772.21 1427.81 4464.67
Precipitation (mm) 578.29 375.15 622.60 1335.46 150.19 400.23
Relative humidity (%) 66.59 55.37 64.07 77.20 46.85 47.54
Mean temperature (°C) 1.88 4.59 11.27 16.00 7.33 —1.66
Maximum temperature (°C) 8.31 11.41 17.21 21.04 14.60 5.71
Minimum temperature (°C) —-3.91 —-1.34 6.35 12.44 0.91 -7.85
Wind speed (m/s) 2.64 2.99 2.23 1.84 2.78 4.01

the quantitative attribution analysis, including the South China Sea
islands and Taiwan island.

2.2. Data sources

We used the biweekly NDVI dataset from Global Inventory Modeling
and Mapping Studies (GIMMS) for the period 1982-2015, with a spatial
resolution of 0.083°. The GIMMS NDVI dataset is corrected through a
series of processing steps to reduce limitations of AVHRR (Advanced
Very-High-Resolution Radiometer) measurement arising from calibra-
tion, view geometry and volcanic aerosols, and the dataset has been
verified using stable desert control points (Zhou et al., 2001). The
AVHRR GIMMS NDVI (version 3 g.vl) datasets are available at htt
ps://ecocast.arc.nasa.gov/-data/pub/gimms/3g.v1/.

The climate data of hydrothermal factors used in this study included
daily precipitation; humidity; wind speed; and maximum, mean and
minimum temperature with a spatial resolution of 0.25° during
1982-2015, downloaded from the National Meteorological Information
Center (http://data/cma.cn). The land use type data for 1980, 1990,
1995, 2000, 2005, 2010, and 2015, the boundary of the eco-geographic
region and digital elevation model (DEM) with spatial resolution of 1-
km were acquired from the Data Center for Resources and Environ-
mental Sciences, Chinese Academy of Sciences (http://www.resdc.cn).
The population density data with 1-km spatial resolution during

2000-2015 were acquired from the LandScan global population data-
base developed by Oak Ridge National Laboratory (https://landscan.orn
l.gov); the population density data (1-km resolution) for 1990 were
downloaded from the Data Center for Resources and Environmental
Sciences, Chinese Academy of Sciences (http://www.resdc.cn).

2.3. Methods

2.3.1. Trend analysis
In assessing vegetation variability for each pixel across the entire
study area, we used a least-squares linear regression model given by Eq.

1):
y,=a+bx,+¢ €y}

where y; and x; are the NDVI time series and time span, respectively; a
and b represent the regression intercept and slope, respectively, for the
linear model; and ¢ is the residual error of the fit. The slope (b) of the
regression indicates the temporal changing trend, namely the variability
over time—for b greater than O the trend increases, and for b < 0 the
trend decreases. Significance was quantified using an F-test. We selected
p-value of<0.1 to test significance of changing trend, only significant
pixels were displayed in Fig. 2.
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Fig. 2. The statistics of NDVI and its variability. (a) Difference of NDVI from P1 to P2, (b) NDVI variability with significance (p value < 0.1) in P1-2, (c) NDVI
variability with significance (p value < 0.1) in P1, (d) NDVI variability with significance (p value < 0.1) in P2, (¢) mean value of NDVI, (f) mean variability (/10a) of
NDVI (*** means p value < 0.01, **means p value < 0.05, * means p value < 0.1).

2.3.2. Turning point (TP) identification based on the piecewise regression
model

In order to detect the potential TP of the NDVI time-series trend, we
applied a piecewise regression model (Toms and Lesperance, 2003),
which is widely used in the TP detection of NDVI (Sun et al., 2011; Piao
et al., 2011). The premise of this study is that changes in greenness vary
spatially, thus TP detection was based on a national scale. The equations
are as follows:

y:{ Po+Bit+¢€ t<a @
Po+Pit+p(t—a)+e t > a

where y and t are the NDVI and year, respectively; a is the estimated TP
of the time-series trend change; Sy, 1, 2 are regression coefficients; fy is
the intercept; f; and f; + 2 are the magnitudes of the trends of the two
time series before and after TP; and ¢ is the residual error of the fit. Least-
squares linear regression is used in estimating the fitted variables, with a
p value < 0.05 considered as significant.

2.3.3. GeoDetector method

The GeoDetector method can test the spatial heterogeneity of single
variable Y as well as the possible causal relationships between Y and
other variables X by examining the coupling consistency of the spatial
distribution of the two variables (Wang et al., 2010, 2016a). The key
maxim is that if influencing factor X is associated with relevant outcome
Y, then the spatial distribution of X is similar to that of Y in geographical
space. If X is a continuous raster, it must be discretized into layers. The
method is based on the variance analysis of Y based on the layers divided
by each X factor (Fig. S2, Wang and Xu, 2017). We applied the method to
identify the spatial heterogeneity and dominant factors of NDVI.
Namely, Y was NDVI, and X concluded elevation, slope, precipitation,
humidity, mean temperature, maximum temperature, minimum tem-
perature, wind speed, land use type and population density in this study.
The strength of association between factors and NDVI can be measured
by the g value; the temporal change in this value can reflect the temporal
change of strength of association between influencing factors and NDVI.
The g value is defined as:
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3. Results
3.1. Spatiotemporal dynamics of NDVI

Based on a piecewise regression model, the TP of NDVI dynamics
during 1982-2015 (P1-2) was 1998 in China, which is the same year the
Chinese government launched several large-scale ecological restoration
projects, such as the Natural Forest Conservation Project (initiated in
late 1998) and the Grain for Green Project (introduced in 1999) (Xu
et al., 2006; Zhao et al., 2020). We divided the whole period into sub-
periods P1 (1982-1998) and P2 (1999-2015). In China, the mean
value of NDVI increased 0.004 from P1 to P2, NDVI increased mostly in
south NS, WTH, and STH region (Fig. 2a, €). NDVI represents high
spatial heterogeneity due to complex topographical, environmental, and
anthropogenic conditions across China. NDVI is lowest in the NWA zone
(mean value = 0.118) and highest in the STH zone (mean value = 0.632)
in P1-2 (Fig. 2e). Although the mean NDVI variability was positive in the
three periods (P1-2, P1, P2) across China (Fig. 2f), the greening and
browning trends both exist across different eco-geographic regions
(Fig. 2b—d). During 1982-2015, NDVI increases most significant in the
WTH and STH regions and decreases in the MTH and NWA regions
(Fig. 2f). The changing trend of NDVI differs across different time spans.
For example, all regions display a significant increasing trend in P1, but
NWA and QTP showed a significant decreasing trend in P2 (Fig. 2f).

3.2. Quantitative attribution analysis of NDVI across different regions

3.2.1. Identification of dominant influencing factors

In China, the spatial distribution of NDVI is mainly controlled by
water conditions. Precipitation dominated with a g value of 85%, fol-
lowed by humidity (q value = 0.81) in P1-2 (Fig. 3a). Fig. 3a shows the
minimum temperature owed the larger q value than mean temperature
and maximum temperature; land use type can explain nearly 60% of the
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NDVI distribution; the g value of population is larger in P2 than in P1
across China. From west to east, the q value of temperature decreased
significantly, with the highest value in QTP region and followed by NWA
region (Fig. 3). In the relatively humid regions, including MTH and STH
regions, topographic factors play more important role in the spatial
distribution of NDVI than that in other regions. In the arid regions,
including NS and NWA regions, precipitation is the dominant factor for
NDVI; the q value of the maximum temperature is larger than that of
mean temperature and minimum temperature (Fig. 3c, f). In the STH
region, the g values of elevation, slope and precipitation are very close,
but the dominant factor with highest g values differ in diverse periods, as
follows: slope in P1-2 (g value of 0.253), precipitation in P1 (g value of
0.252), and elevation in P2 (q value of 0.261) (Fig. 3e). In the QTP re-
gion, precipitation is the dominant factor followed by humidity
(Fig. 3g). In general, precipitation has larger q values in arid and semi-
arid regions, such as the NS, NWA and QTP regions, compared with
humid regions; temperature has its highest q value in the QTP region,
and population had its largest q value in the STH region; land use type
has its highest values in NWA and QTP regions.

3.2.2. Identification of dominant interaction influencing factors

The interactions between two drivers often enhance their impacts on
NDVI, the dominant interaction factors are identified in this study.
Table 2 shows that the interaction factor between precipitation and
elevation is the dominant factor for landscape variation of NDVI in
China, accounting for more than 90% of the NDVI distribution. In gen-
eral, in the east coast region of China, including MTH, WTH and STH
regions, the dominant interaction factor is the factor between precipi-
tation and elevation. In the arid regions with lower temperature, such as
NS and QTP regions, the interaction factor between precipitation and
temperature is the dominant interaction factor. In NWA region where
most of the land surface was covered by unused land, the interaction
factor between precipitation and land use type is the dominant factor. In
addition, the dominant interaction factor may differ in different time
periods. For example, the interaction between precipitation and
maximum temperature is the dominant interaction factor during P1-2
and P2, and the interaction between precipitation and mean tempera-
ture is the dominant factor in P1 in the NS region. The interaction be-
tween humidity and elevation was the dominant factor in WTH in P1-2,
and the interaction of precipitation and elevation in P1 and P2.

3.3. Temporal dynamics of spatial association between factors and NDVI
in different regions

3.3.1. Topographic factors
From 1982 to 2015, the strength of association of elevation for NDVI
significantly decreases across China (Fig. 4a) and in most sub-regions,

Table 2
Dominant interaction factors and its g values in different regions.
P1-2 P1 P2
MTH Pren 0.694 Pren 0.647 Pren 0.704
Elevation Elevation Elevation
NS Pre N Tmax 0.675  Pren 0.705 PrenTmax  0.647
Tmean
WTH Humidity N 0.498  Pren 0.464 Pren 0.499
Elevation Elevation Elevation
STH Pre N 0.554 Pren 0.534 Pren 0.560
Elevation Elevation Elevation
NWA PrenLanduse 0.679  Pre N Land 0.658  Pre N Land 0.685
use use
QTP Pre N Tmax 0.867 Pre N Tmax 0.862 Pre N Tmax 0.870
China  Pren 0.912 Pren 0.907 Pren 0.913
Elevation Elevation Elevation

Note: Pre, Tmean and Tmax represent precipitation, mean temperature and
maximum temperature, respectively.

Ecological Indicators 128 (2021) 107831

including NS (Fig. 4g), NWA (Fig. 4p), and QTP (Fig. 4s) regions.
However, the g value of elevation significantly increased in WTH
(Fig. 4j) and STH (Fig. 4m) regions. The direction of change in trend
differs in different periods. For example, the g value of elevation in-
creases significantly in P1 (P < 0.05) (Fig. 4b), but decreases signifi-
cantly in P2 (P < 0.1) (Fig. 4c) in China. In WTH, the q values increase in
both P1 and P2 (Fig. 4k, 1). The g values decrease in both P1 and P2 in
MTH, NS, and NWA (Fig. 4e—f, h-i, q-r) regions. In China, the q value of
slope decreases significantly in P1-2 (Fig. 4a), increases in P1 (Fig. 4b),
and decreases significantly in P2 (Fig. 4c); a similar changing trend is
seen in QTP (Fig. 4s—u). The g values of slope showed an increasing trend
in MTH, NS, and WTH during P1-2, P1 and P2 (Fig. 4d-1); an opposite
change in trend is observed in NWA (Fig. 4p-1).

3.3.2. Water conditions

Generally, the g values of water conditions show decreasing trends
across different regions (Fig. 5). In China, precipitation shows
decreasing trend during the three periods (Fig. 5a-c). In MTH, the q
value of precipitation decreases in P1-2 and P2 (Fig. 5d, f) and increases
in P1 (Fig. 5e). The q value of precipitation shows an increasing trend
(Fig. 5g-i) in NS and a decreasing trend in the WTH, STH, NWA, and
QTP regions in the three periods (Fig. 5j—u). The g values of humidity
show a significant decreasing trend in China in P1-2 (Fig. 5a) and P2
(Fig. 5¢). Similarly, decreasing trends are observed in MTH, NS, and
WTH regions in P1-2 and P2, and an increasing trend in P1 (Fig. 5d-1). In
NWA and QTP regions, the q values show a decreasing trend in the three
periods (Fig. 5p-u).

3.3.3. Thermal conditions

Generally, the controlling effect of temperature for the NDVI distri-
bution shows a decreasing trend in most regions during 1982-2015,
except for the WTH region (Fig. 6). In China, the q values of mean
temperature, maximum temperature, and minimum temperature
showed decreasing trends in P1-2 and P2 (Fig. 6a, c). The g values of
mean temperature decrease in MTH and NWA, and increase in WTH
during the three periods (Fig. 6d-f, p-r, j-1). The g values of mean
temperature show a decreasing trend in P1-2 and P1 (Fig. 6s, t), and an
increasing trend in P2 in QTP (Fig. 6u). The q value of maximum tem-
perature shows a decreasing trend in China, MTH, and STH regions
during the three periods (Fig. 6a—f, m-o) and a decreasing trend in P1-2,
an increasing trend in P1 and a decreasing trend in P2 in NS and NWA
(Fig. 6g—i, p-r). In QTP, the g value of maximum temperature increases
in P1-2 and P2 (Fig. 6s, u) but decreases in P1 (Fig. 6t). The q values of
minimum temperature show an increasing trend in WTH but decreasing
trends in the other regions in P1-2 (Fig. 6). The q value of wind speed
shows decreasing trends in China in the three periods (Fig. 6a-c), a
similar phenomenon is seen in regions of MTH, STH, NWA and QTP
(Fig. 6d-f, m—u).

3.3.4. Anthropogenic factors

Land use change and human populations can be viewed as signifi-
cantly important anthropogenic factors in vegetation change (Lii et al.,
2015; Chen et al., 2019). In this study, land use type and population
density were chosen as anthropogenic factors to detect their strength of
spatial association with NDVI. Due to data availability and continuity,
we only calculated the g values of land use type for the year of 1982,
1990, 1995, 2000 and 2015, and the g values of population for the
period during 2000-2015. The results show that the g values of
anthropogenic factors represent different changing trends for the NDVI
distribution in different regions. The g values of land use type show a
decreasing trend in China and WTH, and an increasing trend in MTH,
NS, STH, NWA and QTP regions during 1982-2015 (Fig. 7a). The q
values of population show an increasing trend in China and most
ecological regions, including MTH, NS, WTH, and NWA regions
(Fig. 7b).
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Fig. 4. The temporal dynamics of g values of topographic factors (*** means p-value < 0.01, **means p-value < 0.05, and * means p-value < 0.1).

4. Discussion

4.1. Spatiotemporal variation of vegetation greenness across eco-
geographic regions

Vegetation greenness generally increases in national scale over
China, but greening and browning vegetation dynamics both exist in
China (Liu and Lei, 2015; Chen et al., 2019). In this study, vegetation in
China shows increasing variability during three periods; however, het-
erogeneous regional greenness changes have been observed. The NDVI
shows an increasing trend in all regions during 1982-1998, but displays
a decreasing trend in NWA and QTP regions during 1999-2015, and an
increasing trend in the other regions. Due to the dominant factor for
vegetation greenness in these regions was precipitation, followed by
humidity, we believed that the reasons for the browning trend may be
caused by the weakening water conditions, for example, the humidity
displayed significant decreasing trends in NWA and QTP regions. In
addition, precipitation showed decreasing trend in QTP region with the
slope of —3.641 (mm/a), non-significant increasing trend with slope of

0.547 (mm/a) in NWA region; on the contrary, precipitation showed
significant rising trend in other regions (Table S2). Another reason may
be that at the scale of AVHRR it is difficult to see details in these regions
because of the strong background of soil (Piao et al., 2020), while at the
scale of MODIS it is easier to pick fine details in vegetation. For instance,
browning trend was detected from AVHRR dataset since 2000s (de Jong
et al., 2012), but MODIS C6 data which was calibrated better and could
identify vegetation from background precisely, showed an overall
greening trend on the contrary (Piao et al., 2020). In this study, we
focused on the spatial consistency and strength of association between
factors and NDVI; the temporal changing trend of NDVI in each grid
played little role in the identification of dominant factors in the spatial
scale.

Spatially stratified heterogeneity, with elevation and slope as strat-
ification variables, shows diverse changing trends across different eco-
geographic regions. For example, the g values of elevation show an
increasing trend in warmer regions (WTH and STH regions) but a
decreasing trend in cooler regions, including NWA, QTP, NS, and MTH
regions. That is caused by the different response of vegetation to
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Fig. 5. The temporal dynamic of g values of water conditions (*** means p-value < 0.01, **means p-value < 0.05, * means p-value < 0.1).

environmental factors in different regions. For example, in cooler re-
gions in this study, including NWA, QTP, NS and MTH regions, cooler
locations are suggested to warm faster than warmer ones and the
greening of the land surface in cold regions are consistent with recent
global warming, raising concerns of a more homogenized landscape of
changes in vegetation because of global warming along elevation (Gao
et al., 2019; Keenan and Riley, 2018), thus the spatial heterogeneity
along an altitudinal gradient decreases. On the contrary, in the tropics
and subtropics, including WTH and STH regions, where vegetation often
grows near its thermal optimum, temperature is not the dominant
limiting factor for vegetation growth (Corlett, 2011; Doughty and
Goulden, 2008); in contrast, low temperatures at high elevation may
actually constrain respirational carbon losses and reduce evapotranspi-
ration demand, leading to enhanced vegetation growth and greenness.
Furthermore, in most temperate regions, increasing precipitation may
contribute to increasing spatial heterogeneity of NDVI along an eleva-
tion, particularly increasing precipitation along an elevation facilitated

vegetation growth in high elevation areas (Kharuk et al., 2008; Deng
et al., 2013). Precipitation showed increasing trend in both P1 and P2
periods in STH and WTH regions (Table S2). Thus, in STH and WTH
regions, the g values of elevation increase.

4.2. Identification and temporal dynamics of drivers for NDVI

There have been considerable efforts made in understanding the
mechanisms and drivers of vegetation greening. In this study, generally,
precipitation is the dominant climatic factor for NDVI, with the highest
strength of association in China and most eco-geographic regions.
However, some studies have found that temperature plays a more
important role than precipitation in vegetation greenness (Richardson
etal., 2013; Zhang et al., 2018). There are two potential reasons why the
strength of association between precipitation and NDVI are higher than
that of temperature. One reason is that during the long-term evolution of
terrestrial ecosystems, vegetation is widely distributed across China and
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is adapted well to temperature through an adjustment of the structure or
spatial distribution of vegetation (Lenoir et al., 2008). In addition, in
water-stressed regions, such as arid and semi-arid areas, there is a sig-
nificant difference of vegetation type and greenness under diverse water
conditions (Chen and Ren, 2013; Zhu et al., 2020). Another reason is
that temperature rise affects vegetation growth in two different ways:
moderate warming can promote vegetation growth by improving
photosynthetic efficiency (Wang et al., 2015), but high temperature can
enhance water consumption of vegetation, intensify drought and
accelerate the denaturation of enzymes in some plants, resulting in
inhibiting vegetation growth (Zhang et al., 2015; Yan et al., 2019). Thus,
the strength of association between temperature and NDVI is lower than
that of precipitation for the strength of association with NDVI.

The explanatory power of drivers differed in diverse eco-geographic
regions. For example, mean temperature owed the highest strength of
association (q value of 0.377 in P1-2) in the coolest region, namely QTP
region where the mean temperature is —1.66°C, while in the hottest
region (STH region with mean temperature of 16.00°C), the strength of
association between temperature and NDVI was only 0.099 in P1-2. The
reason was that temperature was not the growth limiting factor in tropic
regions, thus temperature played little role in the spatial distribution of
NDVL On the contrary, temperature is the most important factor to
decide vegetation growth in cold regions. Similarly, precipitation played
a more important role in arid and semi-arid regions, which reached the
highest strength of association in QTP region (0.772 in P1-2), followed
by NWA region (0.547 in P1-2), while in the humid and sub-humid re-
gions, including STH and WTH regions, the strength of association be-
tween precipitation and NDVI had its lowest value, with the g value of
0.243 and 0.268, respectively. These results illustrated that vegetation
growth was significantly influenced by the limiting environmental fac-
tor, which is consistent with the theory of Liebig’s law of the minimum
(Stine and Huybers, 2017).

A decreasing strength of association between NDVI and temperature
was also found in this study, with the g values decreasing across China
over the past 34 years, which is in line with previous publications (Fu
et al., 2015; Keenan and Riley, 2018). Keenan and Riley (2018) identi-
fied a decrease in the temperature limitation of vegetation, with a 16.4%
decrease in the area of vegetation land limited by temperature over the
past 30 years; the contribution of rising temperature to the enhanced
greening trend will weaken or even disappear under continued global
warming (Piao et al., 2006). Although the limiting effect of temperature
for vegetation is observed in China, the response of vegetation to tem-
perature may be heterogeneous in different eco- geographic regions. We
found that strength of association between temperature and NDVI dis-
played decreasing trends in five eco-geographic regions with diverse
variability but increased in WTH regions. Similarly, the trends of the
controlling effect of water conditions and human activities varied across
different regions. A possible mechanism underlying the varying trends is
that the impact of environmental change on vegetation greenness and
vegetation sensitivity to external disturbance varies across regions (Zhu
et al., 2016; Piao et al., 2020); spatially heterogeneous temperature
rising and human disturbances may play diverse roles over different eco-
geographic regions, thus causing the spatially heterogeneous response of
vegetation to external environmental changes.

We stress that our method itself finds strength of association between
factors and vegetation greenness in space, but not causations for tem-
poral change. The input data for the GeoDetector method were cate-
gorical variables, the continuous datasets (including, for example,
climatic factors) were separated into several categories, which makes
the strength of association comparable among categorical factors and
continuous factors (Luo et al., 2016), and the inter-annual variation in
each grid cell was largely ignored. This method belongs to the category
of analysis of variance without the linear hypothesis in the relationship
between two variables, and the interaction detector identify the real
interaction effect compared with the multiplicative interactions pre-
supposed by econometrics. Thus, the results based on GeoDetector is
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more reliable than classical regression analysis (Wang and Xu, 2017).
For historical reasons, we believe that the spatial distribution and dif-
ferentiation of vegetation greenness represent the long-term adaption of
vegetation to external factors, including environmental factors and
anthropogenic factors (Lenoir et al., 2008). The identification of high
spatial association factors helps considerably in identifying causality.
Our quantitative assessment of these dominant factors confirms not only
their relative importance but also that the temporal dynamics of
strength of association between the factors and NDVI differed in space
and time.

4.3. Limitations and future studies

Some uncertainties remain in understanding the identification and
temporally changing dynamics of the drivers for vegetation in China.
First, the uncertainties of identification of dominant drivers may include
factors not considered, such as CO;, fertilisation effect (Piao et al., 2015),
anthropogenic disturbance (e.g. afforestation and deforestation), insects
(Kurz et al., 2008) and wildfire (Beck and Goetz, 2012). Second, the data
quality was restricted by data availability; e.g., climate data were ac-
quired from the National Meteorological Information Center dataset,
which were interpolated from meteorological station records. Consid-
erable errors may arise from the sparse distribution of meteorological
stations, especially in QTP region. However, despite several un-
certainties, our study identified the relative importance of drivers across
spatiotemporal scales and provided evidence of an overall decrease in
the strength of association among vegetation and hydrothermal factors.
This study also identified an increase in the correlation between vege-
tation and anthropogenic activities. Our findings provide a reference for
terrestrial ecosystem management. We suggest that further study should
focus on a deep analysis of temporal variation and spatial heterogeneity
of driving mechanism for vegetation greening or browning trends.
Additionally, in the future experiment design and vegetation model
simulation, the human activity should be more significantly considered.

5. Conclusion

Our study identified the spatiotemporal differentiation on the
response of vegetation greenness to climate change and land cover
change in six eco-geographic regions across China. Our findings will
help to enable decision-makers to effectively manage and develop sus-
tainable ecosystems by comprehensively considering the regional and
temporal differences of vegetation greenness and its drivers across
diverse sub-regions. The primary conclusions are summarized as
follows:

(1) Vegetation greenness changes significantly across space and time.
Vegetation represents a greening trend in the six eco-geographic
regions during 1982-1998, but greening and browning both exist
during 1999-2015. In addition, due to the diverse response of
vegetation to climatic factors in different eco-geographic regions,
the spatial heterogeneity along an elevation gradient displays
opposite changing trend with weakening trend in colder regions
(including NWA, QTP, NS and MTH) and enhancing trend in
warmer regions, including STH and WTH regions.

(2) The dominant factors for NDVI and the spatial association be-
tween NDVI and factors are heterogeneous in the six eco-
geographic regions of China. Water conditions are the domi-
nant factor for landscape variation of NDVI across China; the
strength of association between water conditions and NDVI is
higher in arid and semi-arid areas compared with humid areas.
The dominant factors differ across the six eco-geographic regions;
e.g., topographic factors dominate in the MTH region, and pre-
cipitation dominates in the NS, NWA and QTP regions.

(3) Generally, the strength of association between hydrothermal
factors and NDVI decreases, but the linkages between human
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activities and NDVI are enhanced. Meanwhile, the temporal dy-
namics of strength of association between factors and NDVI vary
in different time series and regions. For instance, the strength of
association between wind speed and NDVI decrease during
1982-1998, but increase during 1999-2015 in the WTH region;
in contrast there are decreasing trends in the QTP region in both
periods.
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