This is the accepted manuscript version of the contribution published
as:

Guo, W., Huang, S., Huang, Q., Leng, G., Mu, Z., Han, Z., Wei, X., She, D., Wang, H.,
Wang, Z., Peng, J. (2023):

Drought trigger thresholds for different levels of vegetation loss in China and their dynamics
Agric. For. Meteorol. 331, art. 109349

The publisher's version is available at:

http://dx.doi.org/10.1016/j.agrformet.2023.109349




Drought trigger thresholds for different levels of vegetation loss in

China and their dynamics

Wenwen Guo?, Shengzhi Huang®*, Qiang Huang?, Guoyong Leng®, Zhenxia Mu¢,
Zhiming Han?, Xiaoting Wei?, Dunxian She?, Hanye Wang?, Zhixia Wang?, and Jian
Peng®f

a. State Key Laboratory of Eco-Hydraulics in Northwest Arid Region of China, Xi’an
University of Technology, Xi’an 710048, China

b. Key Laboratory of Water Cycle and Related Land Surface Processes, Institute of
Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences,
Beijing 100101, China

c. Xinjiang Key Laboratory of Hydraulic Engineering Security and Water Disasters
Prevention, Urumgqi 830052, Xinjiang, China

d. State Key Laboratory of Water Resources and Hydropower Engineering Science, Wuhan
University, Wuhan 430072, China

e. Department of Remote Sensing, Helmholtz Centre for Environmental Research—UFZ,
Permoserstrasse 15, 04318 Leipzig, Germany

f. Remote Sensing Centre for Earth System Research, Leipzig University, 04103 Leipzig,

Germany

* Corresponding author at: State Key Laboratory of Eco-hydraulics in Northwest Arid Region of China,
Xi’an University of Technology, Xi’an 710048, China. Tel.: +86 29 82312801; fax: +86 29 82312797. E-mail
Address: huangshengzhi7788@126.com.



Abstract: Frequent meteorological droughts can negatively impact terrestrial ecosystems by
controlling the opening and closing of vegetation stomatal and altering vegetation structure to
limit the ability of vegetation to sequester carbon. Due to the lagging and accumulation effects
of drought on vegetation growth, drought trigger thresholds for different levels of vegetation
loss are still unclear, which is very important for accurately assessing the future impacts of
drought on terrestrial ecosystem. Therefore, this study proposed a framework to investigate
drought trigger thresholds under various vegetation losses based on copula theory and
conditional probabilities, and assessed the dynamics of drought trigger thresholds and
possible causes, based on the random forest model. In addition, we used multiple GPP and
soil water datasets for the analysis to ensure the robustness of relevant findings. The results
show that: (1) there is a generally positive correlation between GPP and SPEI in China, and
the response time of vegetation to drought is mostly on a short time scale (less than or equal
to 4 months); (2) drought trigger thresholds are also higher in eastern China, with lower
vegetation resistance and significantly higher risk of vegetation productivity loss than in other
regions; (3) the trigger thresholds in northeastern China show a decreasing trend, with
vegetation resistance gradually increasing. CO: fertilization enhances vegetation drought
resistance, but the magnitude of resistance increase is reduced due to the adverse effects of
water stress and VPD on vegetation. The findings of this study may advance our
comprehension of terrestrial ecosystem vulnerability and response to drought, and further
provide scientific guidance for watershed water allocation, drought preparedness and risk

management.
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1. Introduction

Terrestrial gross primary productivity (GPP) is the largest flux in the global carbon
budget, which is the total amount of organic carbon fixed by vegetation through
photosynthesis, and plays an irreplaceable role in offsetting anthropogenic CO> emissions and
mitigating global warming (Alsafadi et al., 2022; Wang et al., 2021; Xiao et al., 2019; Xu et
al., 2019a). As a key element in regulating the carbon cycle, GPP is highly sensitive to climate
variability. Therefore, GPP has become an important indicator for studying the relationship
between global climate change and terrestrial ecosystems.

To some extent, drought intensity and duration determine the impact of drought on
vegetation productivity (Mahecha et al., 2022; Ruppert et al., 2015; Zeiter et al., 2016). In
general, drought limits the ability of vegetation to sequester carbon in two ways (Lai et al.,
2018; Zscheischler et al., 2014a): the physiological response of plants to drought and the
structural changes of vegetation during drought. On the one hand, the physiological responses
of vegetation to drought include a reduction in photosynthetic enzymes activity and closure of
stomata to prevent water loss, thereby reducing GPP by affecting photorespiration and water
availability (Buttlar et al., 2018). On the other hand, drought-induced changes in vegetation
function and structure may also lead to a reduction in GPP, including reduced stem and leaf
growth in trees as drying minimizes water loss through cuticular tissue (Choat et al., 2018;
Liu et al.,, 2017). Even worse, several studies demonstrated that the consequences of
vegetation mortality due to drought may adversely affect carbon sinks in terrestrial

ecosystems (Delbart et al., 2010; Mcdowell et al., 2010), with potential negative impacts on



terrestrial carbon sequestration (Huang et al., 2016; Xu et al., 2019a).

Based on the above two aspects, drought affects ecosystem productivity by limiting
vegetation growth stages, which may ultimately affect the global CO» balance (Jiao et al.,
2021; Yu et al., 2017). Meanwhile, a large number of studies have found that the effects of
drought on ecosystem primary productivity are becoming more frequent globally (Buttlar et
al., 2018; Deng et al., 2021; He et al., 2020). Researchers have studied the effects of drought
on carbon dynamics in different regions, and the results show that drought is offsetting the
increase in GPP caused by global warming. For example, a severe drought and heat wave in
Europe in 2003 reduced GPP by 30% and led to a significant release of carbon into the
atmosphere, reversing four years of net ecosystem carbon sequestration and affecting a wide
range of local land cover types (Ciais et al., 2005). Satellite-derived vegetation indices show
that ecosystem productivity in semi-arid areas of southeastern Australia is more sensitive to
drought than arid and wet ecosystems (Ma et al., 2015). Typically, drought occurs
simultaneously with high temperature, and the interaction of the two leads to a significant
decrease in GPP (He et al., 2021). The droughts and heat waves that occurred in 1989 and
2008 in the Northeast and Middle East disrupted the carbon cycle (Alsafadi et al., 2022).
Researchers used 10 ecosystem models to examine the effects of drought on the carbon cycle
in global terrestrial ecosystems. The results showed that drought reduced GPP to a large
extent and total respiration (TR) to a lesser extent (Zscheischler et al., 2014b). It is clear that
the carbon sequestration capacity of terrestrial ecosystems may be strongly affected by
drought in a relatively short period of time, and that severe drought stress has already caused

an extremely negative impact on terrestrial ecosystem productivity in several regions around



the world. Therefore, studying the response of vegetation to drought is critical to better
understand the relationship between ecosystem carbon cycle and climate change.

China has a diverse range of climatic vegetation types and rich biomes, and its terrestrial
ecosystems contribute significantly to the global terrestrial carbon sink. In the past, severe
drought events have occurred frequently, causing severe damage to terrestrial ecosystems,
economy and society, and food security in China (Gu and Liu, 2015; Li et al., 2022a; Qu et al.,
2018; Yan et al., 2021; Yang et al., 2018; Zhang et al., 2020). In 2010, southwest China
experienced a severe and persistent spring drought that affected 74% of the total study area
and reduced total GPP by about 4% (65 Tg C yr-1), resulting in the lowest GPP in the
2000-2010 period (Li et al., 2019b; Zhang et al., 2012; Zhang and Yamaguchi, 2014). In 2013,
southern China suffered a once-in-a-century heat wave and summer drought, resulting in a
significant reduced GPP and the largest negative crop yield anomaly since 1960 (Yuan et al.,
2016). In northeast China, mild drought with higher temperature may increase vegetation
productivity, while weak intensity drought exacerbates the lagged effect of ecosystem
response to drought (Sun et al., 2016). Apparently, drought has become one of the most
important disturbances to vegetation growth in China. Overall, these studies can provide very
useful information on the response and vulnerability of terrestrial ecosystems to drought
(Chen et al., 2019b).

Despite our growing understanding of the underlying mechanisms of drought-vegetation
effects, predicting the extent to which drought severity affects GPP remains difficult. Sun et al.
(2016) found that the occurrence of drought does not always result in vegetation loss. Due to

vegetation physiological characteristics, soil water buffering and CO; fertilization, there are



lagging and accumulation effects of drought on vegetation growth (Fang et al., 2019; Liu et
al., 2014; Wei et al., 2022), and vegetation loss is triggered only when drought reaches a
certain degree of severity. Therefore, we define the drought trigger thresholds for vegetation
as the severity of drought corresponding to different levels of vegetation loss. Assessing the
extent to which a meteorological drought triggers a loss of vegetation productivity helps to
identify the critical drought state corresponding to the triggering vegetation loss. Current
drought thresholds studies have mainly focused on the propagation thresholds from
precipitation or meteorological drought to hydrological drought (Guo et al., 2020; Li et al.,
2022b; Yue et al., 2022). For example, Guo et al. (2020) studied the meteorological drought
propagation thresholds corresponding to different levels of hydrological drought based on
copula's conditional probability model. To investigate the drought propagation thresholds that
trigger different hydrological drought scenarios, Yue et al. (2022) developed an improved
drought propagation model including cumulative precipitation deficit, drought duration, and
drought severity. The likelihood of regional vegetation drought and the ability of vegetation to
recover from disturbances induced by drought conditions have also been investigated under
changes in temperature, precipitation, and soil water content (Fang et al., 2019; Jha et al.,
2019). Overall, previous studies have shed some light on the propagation mechanisms
between meteorological drought and vegetation loss, providing valuable insights into drought
impacts studies. However, previous studies ignored the strength of threshold at which
meteorological drought triggers vegetation loss, and few studies assessed the thresholds from
meteorological drought to vegetation loss in a probabilistic manner. The resolution of trigger

thresholds can also help predict the impact of drought on vegetation health or food security.



Therefore, we need to explore whether there are regional differences in trigger thresholds. Do
thresholds exist for all vegetation? Furthermore, the state of vegetation loss due to
meteorological drought should theoretically vary in the context of global warming, but the
dynamic response mechanisms of vegetation to drought have not been revealed in previous
studies. Since the dynamics of trigger thresholds can well reflect the weakening or
strengthening of vegetation resistance to drought, and provide scientific guidance for
establishing drought early warning models, ignoring the dynamic evolution will reduce the
robustness of the study results, and affect the prediction of future vegetation response to
extreme climate events such as drought. More importantly, how different factors affect the
spatial patterns of trigger threshold dynamics is also an issue that needs to be urgently
explored. Further research on the driving factors of trigger threshold dynamics can help
decision makers to come up with reasonable and reliable prognosis for drought resilience
measures to maintain vegetation health and a sustainable carbon cycle.

Therefore, there is a need to explore the dynamics and drivers of drought trigger
thresholds in changing environments to better manage water resources and reduce the impact
of drought. The specific objective of this study is to identify the response time of vegetation to
drought through correlation analysis. Based on the drought trigger thresholds framework of
copula function and conditional probability, the drought trigger threshold for different
vegetation losses in the growing season (5-9 month) was calculated (Xu et al., 2019b). Finally,
the dynamics of the trigger thresholds were analyzed using a moving window to explore their
relationship with hydrometeorological factors.

2. Study area and data



2.1. Study area

China is located in the eastern part of the Eurasian continent and on the west coast of the
Pacific Ocean. The terrain is high in the west and low in the east, with a terraced topographic
distribution. The eastern part of China has obvious monsoon climate characteristics, while the
inland northwest has obvious continental climate characteristics. In addition, the spatial and
temporal distribution of precipitation is uneven, mostly concentrated in the summer and
autumn seasons, while precipitation decreases from the southeast coast to the northwest
inland. Based on the vegetation types and their geographic distribution, eight
vegetation-climate zones (Fig.1) have been identified, including cold temperate coniferous
forest region(R1), temperate coniferous and broad-leaved forest region (R2), warm temperate
deciduous broad-leaved forest region (R3), subtropical evergreen broad-leaved forest region
(R4), tropical monsoon rain forest and rain forest region (R5), temperate grassland region

(R6), temperate desert region (R7) and alpine vegetation region of Qinghai-Tibet plateau

(RS).
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Fig.1 Vegetation division in China (cold temperate coniferous forest region(R1), temperate coniferous and

broad-leaved forest region (R2), warm temperate deciduous broad-leaved forest region (R3), subtropical



evergreen broad-leaved forest region (R4), tropical monsoon rain forest and rain forest region (RS5),
temperate grassland region (R6), temperate desert region (R7), alpine vegetation region of Qinghai-Tibet
plateau (RS)).
2.2. Data

The Chinese vegetation zone data from the Resource and Environment Science and Data
Center is used in the study. The map reflects in detail the regional distribution and zonal
differentiation of vegetation in 36 sub-regions of the 8 major vegetation regions in China
(https://www.resdc.cn/).The global GPP dataset with a spatial resolution of 0.05° and 8 days
interval used in this study was generated by using the revised eddy covariance light use
efficiency model (EC-LUE model) which can better simulate the spatial, seasonal and
interannual changes of global GPP (https://doi.org/10.6084/m9.figshare.8942336.v3).
GPP-GLASS and GPP-Sun products are obtained from the National Earth System Science

Data Center, National Science & Technology Infrastructure of China (http://www.geodata.cn).

The monthly SPEI (SPEI base v2.6) dataset from 1982 to 2018 with time scales ranging from
1 to 12 months at a spatial resolution of 0.5° is obtained from the CSIC
(http://digital.csic.es/handle/10261/202305). The atmospheric CO2 observations at Mauna Loa
Observatory is obtained from the NOAA Earth System Research Laboratories
(https://gml.noaa.gov/ccgg/trends/data.html). Monthly air temperature (TMP) and vapor
pressure datasets with 0.5° spatial resolution are obtained from the Climate Research Unit
(CRU) at the University of East Anglia (CRU TS v4.05). They are used to calculate the
atmospheric water vapor pressure deficit (VPD). The root zone soil moisture (SM) products

used in this study come from the GLDAS with a spatial resolution of 0.25° x 0.25°, and
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ERAS5 SM data is acquired from https://cds.climate.copernicus.eu/cdsapp#!/search. The
Fraction of Absorbed Photosynthetically Active Radiation (FAPAR) dataset is obtained from

the University of Maryland GLASS Products, which were generated from multi-source

remote sensing data and ground measured data (http://glass-product.bnu.edu.cn/). Note that
GPP, SM and FAPAR were resampled to 0.5° % 0.5° using the mean aggregation method.
3. Methods
3.1. Standardized Precipitation Evapotranspiration Index

The Standardized precipitation evapotranspiration index (SPEI) can describe the drought
status of a region by the deviation of the difference between precipitation and potential
evapotranspiration from the mean state. The cumulative series of water losses and gains at
different time scales (D = P - ETy) is first obtained from the monthly P and ETo data. Then the
cumulative probability density is normalized using the three-parameter logistic probability
distribution function to obtain the SPEI for multiple time scales (Vicente-Serrano et al., 2010).
The monthly potential evapotranspiration (ETo) required for calculating SPEI was estimated
using the FAO-56 Penman-Monteith (PM) formula. Compared with the temperature-based
Thornthwaite equation, the ETo estimated by FAO-56 PM is superior to that calculated by
Thornthwaite (Feng et al., 2017), as it integrates aerodynamic and energy balance theories and
takes into account the effects of temperature, solar radiation, wind speed and relative humidity
on ETy. Subsequently, it is recommended by FAO as the standard formula for calculating ETo
in 1998. Drought indices at multiple time scales are critical for assessing the response time of
vegetation status to drought conditions. In this study, the response time is defined as the time

scale that has the greatest SPEI-GPP correlation (Fang et al., 2019; Han et al., 2021;
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Vicente-Serrano et al., 2013).
3.2. Copula-based drought trigger threshold for vegetation productivity loss
Satellite-observed vegetation trends are the result of the combined responses of
vegetation to climate change, rising atmospheric CO» concentrations, nitrogen deposition, and
land-use change (Chen et al., 2019a; Piao et al., 2019; Tagesson et al., 2020). To investigate
the impact of different levels of drought on vegetation productivity loss while minimizing the
effects of other confounding factors on trigger thresholds (Yang et al., 2016), we performed
linear detrending of GPP for each pixel and calculated trigger thresholds using the following
framework (Liu et al., 2018; Zscheischler and Seneviratne, 2017).
3.2.1. Joint distribution
Copula function is a multivariate joint distribution function proposed by Sklar in 1959
(Sklar, 1959), which has the advantage of being flexible enough to connect two or more
random variables with different marginal distributions. In this study, the two-dimensional
copula function was used to construct the joint distribution of SPEI and GPP series (see Eq.
(1).

Fsperi opp (SPEI, GPP) = C(Fspg, i (SPEI), Fapp (GPP)) (H
where SPEI-i is the SPEI scale corresponding to the response time of each pixel. Fspericrpis
the joint distribution, Fsperi and Fepp are marginal distributions of the SPEI; and GPP series,
respectively. C() denotes a copula function, and Clayton, Frank, Gumbel, Gaussian and t
Copula are selected as alternative joint distribution functions in this study. Two types of
candidate distributions (i.e., normal distribution, generalized extreme value distribution) were

fitted to the GPP series. The best marginal distribution was selected based on the



Kolmogorov-Smirnov test (K-S test) and the root mean square error (RMSE). The normal
distribution was used to fit the SPEI since it was the exponent with the standard normal
transformation. The Copula function was then tested for goodness of fit using the squared
Euclidean distance (SED), and the distribution with the least squared Euclidean distance was
considered to be the optimal joint distribution.
3.2.2. Conditional probability

In this study, the copula-based joint and conditional distribution equations (see Eq. (2))
were used to calculate the probability of vegetation loss under different drought stresses i.e.
mild drought (-1 < SPEI < -0.5), moderate drought (-1.5 < SPEI < -1), severe drought (-2 <
SPEI < -1.5) and extreme drought (SPEI < -2). Regarding the determination of vegetation loss,
some studies have used NPP's Z-score to explore global carbon sink anomalies (Poulter et al.,
2014), and the Z-score method improves data comparability by making the data
dimensionless. However, the Z-score weakens data interpretation, while the percentile method,
a non-parametric method applicable to data from a variety distribution types, is highly
operable to characterize vegetation loss. For example, Konings et al. (2017) used NDVI
deficit percentile to explore the sensitivity of its variation to VPD, and the percentile method
has also been used to characterize the extremes of vegetation carbon sequestration capacity
and to monitor real-time crop growth (Korth et al., 2015; Li et al., 2019a). Therefore, the
percentile method was used to determine the vegetation productivity loss scenarios, and four
types of vegetation losses are defined as GPP less than or equal to GPP*'" Gpp*"h Gpp20t
and GPP'"" and then the probability of vegetation loss under each level of drought stress was

calculated separately.



Probability of vegetation loss under drought stress is calculated as:

P(u, < SPEI <u,,GPP < gpp)

P(u; < SPEI <u,)
_ Fspeicpp(Uz, 9PP) — Fspe i gpp(Uy: 9PP) 2)
Fspei(Uz) — Fspg (Ug)

P(GPP < gpp|u; < SPEI <u,) =

where u1 and u are the upper and lower limits of the given interval of SPEI.
3.2.3. Determination of trigger thresholds

In section 3.2.2, we specify the possibility of certain loss of vegetation when a certain
drought occurs. In addition, the extent to which vegetation can withstand drought is also an
important part in the research of vegetation response to climate. Therefore, the study focuses
on the SPEI threshold for a certain level of vegetation loss. According to the classification
criteria of the drought index, a SPEI index below -2 is considered to be an extreme drought.
We understand that the minimum SPEI value will not be lower than -3 in most areas of China,
so we use -3 as the lower limit of the threshold interval (Yao et al., 2020). As shown in Fig.2,
the response time of each grid was determined first, and then the joint distribution of GPP and
SPEI of the maximum time scale was constructed grid by grid. Finally, vegetation loss for
GPP < GPP*™™" is set, and SPEI is iterated from -0.5 at an interval of 0.1. By combining the
vegetation loss probability assessment model with the trial algorithm, the conditional
probability corresponding to each iteration can be estimated (see Eq. (3)). When the
conditional probability is greater than or equal to 0.5, the corresponding SPEI interval is
returned, and the left side of the interval is considered as the trigger threshold, which is the
SPEI corresponding to the induced vegetation loss. When the trigger threshold is low (the
smaller SPEI), it means that the occurrence of a higher level of meteorological drought will

cause the specified vegetation loss, indicating that the vegetation is more resistant to



meteorological drought. Conversely, when the trigger threshold value is higher (the larger
SPEI), it indicates that the occurrence of a lower level of meteorological drought will trigger
vegetation loss. In addition, to enhance the robustness of the conclusions, we used multiple
GPP datasets to analyze the thresholds and their dynamics.

F ., app) — F on
P(GPP < gpp| X_o1 < SPEI < ;) = spel,crp(Xis PP) — Fspei gpp(Xi—0.1, IPP) (3)
Fspei (%) — Fspei(Xi—0.1)

1= s
Joint distribution - Trigger threshold of vegetation loss
: GPP,SPEI series == f veg

I
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I
I
I
I
I

S
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Fig.2 Framework for determining drought trigger thresholds of various vegetation losses.

3.3 Random forest regression model

Random Forest (RF) model is a classification tree based machine learning algorithm
proposed by Breiman in 2001 (Breiman, 2001). The model uses resampling method to extract
multiple samples from the original sample, builds decision tree modeling for each sample, and
then combines multiple decision trees for prediction. RF is insensitive to multivariate
covariance, and the results are more robust to missing data and unbalanced data, and the
effects of up to several thousand explanatory variables can be well predicted (Zhang et al.,
2014; Zhu et al., 2015). Due to its distinct and unique algorithm advantages, RF is able to
assess the importance of each parameter on the response, so we used random forest
importance scores to identify important variables. Based on the above, the RF algorithm was

adopted to construct a correlation model between trigger thresholds and climate variables to



assess the influence of variables on the dynamics of trigger thresholds.

4. Results
4.1. Response time of GPP to meteorological drought

To determine the response time of vegetation productivity to moisture changes in China,
the growing season GPP series were correlated with SPEI over multiple time scales (1-12
months). As illustrated in Fig. 3a, the correlation of GPP-SPEI indicates a clear spatial
heterogeneity, with vegetation productivity and SPEI being strongly positively correlated,
particularly in the northern part of R4, where the correlation coefficient may exceed 0.6. This
indicates that the variations in vegetation productivity (i.e., carbon sequestration) are
consistent with the variations in SPEI in these areas. The GPP-SPEI is positively correlated
for most parts of R7. R7 is a temperate desert region, located in an arid region with sparse
vegetation and scarce water (Fig. 3b). R8 is located on the Qinghai-Tibet Plateau, and
GPP-SPEI is negatively correlated in its eastern region. It has been proven that GPP changes
are affected not only by water availability, but also by human activities and soil moisture
content in the eastern R8, where the intensity of human activities and soil moisture content are
higher than those in the western Qinghai-Tibet Plateau (Fan et al., 2019; Jiang et al., 2020). In
addition, it has also been shown that temperature has a greater effect on productivity than
precipitation, and in summary, more wet conditions may not stimulate the GPP (Ma et al.,
2018; Yuan et al., 2021). Due to the combined effects of multiple factors, the ecological
vulnerability of vegetation to meteorological changes is higher in the east than in the west

(Zhang et al., 2022b).
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The study used the time scale corresponding to GPP-SPEI maximum correlation to
analyze the spatial distribution of the response time of vegetation productivity to water
availability. According to the correlation analysis, the response time of 59.79% of terrestrial
ecosystems to water resources in China is mainly based on short-term (less than 4 months)
time scales (Fig.3b). Response times are relatively short in southern and northeastern China
(R1 and R2). In contrast, the response time is typically more than 9 months (accounting for
26.62% of the total area of China) in northeastern China (parts of R3 and R6) and arid and
semi-arid regions. Especially in the northwest arid region, the longer response time (more
than 12 months) of vegetation to drought may be related to the adaptation of vegetation to
water deficit in semi-arid ecosystems, where vegetation develops resistance to drought and is
more adapted to longer response time (Huang et al., 2016). For example, vegetation resists
drought disturbance by transporting water through the deep root system and regulates

hydraulic redistribution to promote its growth (Saleska S R et al., 2007). The longer the



response time to changes in water availability, the greater the capacity of vegetation
productivity in these areas to withstand chronic water scarcity, whereas the shorter the
response time, the lower the capacity to withstand water scarcity. A similar study also found
that the impact of drought on net ecosystem production capacity (NEP) had a short-term lag
(1-3 months) in the humid and warm regions of eastern China, while the impact of drought on
NEP is relatively weak but lasts for a long time in the cold and arid western regions (Liu et al.,
2014).
4.2. Probability of triggering vegetation productivity loss under different drought scenarios

The copula function was used to systematically assess the probability of vegetation
productivity loss. This section examines the conditional probability of occurrence of different
levels of vegetation productivity loss (below the 40th, 30th, 20th, and 10th percentile of GPP)
under four meteorological drought scenarios (i.e., mild, moderate, severe, and extreme
drought), where the lower percentile value, the more severe the damage to ecosystem health
from drought. Our results demonstrate that the proportion of high probability and area of
triggering vegetation productivity loss is expected to increase with the intensity of drought
(Fig.4), indicating higher vegetation vulnerability owing to severe water deficit during the
growing season. When GPP < GPP*'", the area fraction of probability higher than 80% is only
2.04% under moderate drought, while this proportion increases to 4.87% under severe
drought and up to 27.78% under extreme drought conditions. Moreover, when GPP is
subjected to different loss situations, it still shows the same variation characteristics.

Similarly, the probability and area of triggering severe vegetation loss decrease gradually

as the GPP loss level increases for the same level of drought stress. Under the drought



scenarios, northeastern and southeastern China are significantly more likely to experience
vegetation productivity loss risk than the northern China. Specifically, southern and
northeastern China are areas with a high probability of compound dry heat events, making
vegetation productivity more vulnerable in these two regions (Li et al., 2021; Li et al., 2019¢;
Wu and Jiang, 2022). Overall, despite being located in a humid region with abundant rainfall,
the southeast is still at risk of drought, with a high probability of vegetation productivity loss,
and vulnerability to vegetation health. Therefore, it is crucial to further determine the
thresholds that trigger vegetation productivity loss to mitigate the effects of drought on

ecosystem health in a timely and effective manner.
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4.3. Trigger thresholds from meteorological drought to GPP loss

When the trigger threshold is small (purplish), it indicates that only the occurrence of
higher-grade drought can cause vegetation loss, which means that the vegetation has strong
resistance to drought (Fig. 5). Conversely, observed reddish regions indicates that lower-grade
drought can trigger vegetation loss and vegetation is vulnerable to drought events. Moreover,
for GPP<GPP**" the percentages of pixels with trigger thresholds are 58.11%, 11.28%,
4.97%, and 3.91% for mild, moderate, severe, and extreme drought, respectively. The high
trigger threshold area of vegetation productivity loss is located in eastern China. The most
vulnerable R4 region may be related to the frequent seasonal droughts and the presence of a
significant soil drought trend in the area with high GPP vulnerability (Chen et al., 2021a;
Chen et al., 2021b; Green et al., 2019; He et al., 2021). As a result, in the event of mild
drought, southeastern China is prone to vegetation loss with GPP < GPP*" with similar

conclusions confirmed by GPP < GPP3"" GPP < GPP*" and GPP < GPP'*h,

GPP<GPP! GPP<GPP>™ GPP<GPpp3oh GPP=GPP4t
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Fig.5 Trigger thresholds for vegetation productivity loss. Spatial distribution of trigger threshold for (a)
GPP < GPP'"™" (b)GPP < GPP?*™", (c) GPP < GPP3"", (d) GPP < GPP**", and (e) the violin plot reflecting

the distribution and probability density of trigger thresholds. The upper and lower limits of the trigger



threshold are -0.5 and -3, respectively.

The preliminary analysis of trigger thresholds can be shown in Fig.5e. It can be seen that
the PDF curve shifts upward with increasing vegetation productivity loss, implying that the
drought threshold for triggering vegetation loss is decreasing, suggesting that more severe
drought is required to trigger greater vegetation loss and the risk of GPP reduction is reduced.
4.4 Dynamic evolution of trigger thresholds
4.4.1 Spatial distribution of dynamic evolution of trigger thresholds

To evaluate the long-term trend of trigger thresholds changes, we used a 15-year moving
window to test the dynamic changes of trigger thresholds. Based on the 15-year moving
window, the above framework was used to calculate the trigger threshold for GPP<GPP*h
under each window. In northeastern China (R1, R2, and R6), the trigger thresholds show a
decreasing trend, which indicates that the resistance of vegetation gradually increases with
time change (Fig. 6a). In contrast, vegetation has reduced resistance in part of R3 and is
vulnerable to lower levels of drought. The Huang-Huai-Hai Plain in the R3 region is one of
the major crop-producing areas in China. Due to the long-term over-exploitation of
groundwater for irrigation and urban water use, the groundwater leakage is expanding and
water shortage is prominent (Su et al., 2020; Sun et al., 2020). In addition, the vegetation
productivity in the region is vulnerable to drought and therefore has reduced drought

resistance (Shi et al., 2020). As seen in Fig 6b, the vegetation resistance shows an increasing

trend in terms of temporal changes.
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4.4.2 Driving factors affecting the variation of trigger thresholds

To investigate the causes of changes in trigger thresholds, random forest variable
importance scores were calculated to assess the effects of CO,, TMP, VPD, SM, and FAPAR
on the trigger thresholds (Breiman, 2001; Zhang et al., 2014; Zhu et al., 2015) (Fig. 7a-e).
From Fig. 7f, it can be seen that the goodness of fit of the model can reach above 0.75, and
the largest score is identified as the dominant factor for threshold change (Fig. 8) The analysis
shows that the dynamics of the trigger threshold is mainly attributed to SM change (Fig. 8a),
involving more than 40% of the study region, involving more than 40% of the study region,
followed by FAPAR (17.27%), VPD (16.57%), TMP (15.39%), and CO: (10.56%),
respectively. Previous studies have noted the significance of SM for global long-term

terrestrial carbon uptake (Green et al., 2019). Soil moisture, a directly available source of



water for plant photosynthesis (Gao et al., 2021), can constraint total primary production
through ecosystem water stress when drought occurs. If soil moisture deficit is high enough to
bring soil moisture below the wilting point, it can lead to reduced vegetation function or even
death (Anderegg et al., 2015; Madakumbura et al., 2020; Reichstein et al., 2002; Zhao and
Running, 2010; Zheng et al., 2022). In addition to SM, VPD also plays a non-negligible role
in trigger threshold dynamic (Fig. 8b). Plants respond to high VPD by reducing stomatal
conductance to minimize water loss and result in lower light use efficiency, which affects the
response of GPP to drought (Grossiord et al., 2020; Wu et al., 2013). In addition, it is also
found that the dynamics of trigger threshold can be attributed to the TMP at high altitudes.
Jiang et al. (2021) also found that temperature was the main factor affecting GPP variation in

the Han River basin (western of R3).
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Fig. 7 Importance scores of factors based on random forest (a-¢) and the goodness of fit of the model (f).
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S. Discussions
5.1. Reliability verification of the drought trigger thresholds framework

We randomly selected two pixels to analyze the change in probability of occurrence of
different levels of vegetation loss under different drought conditions (Fig.9a-b). It can be
clearly seen that the probability decreases with increasing vegetation loss under the same
drought conditions, while the probability gradually increases with increasing drought under
the same vegetation loss. In fact, considering that GPP is influenced to some extent by
environmental factors such as land use change, nitrogen deposition, and CO; fertilization
effects, the occurrence of drought does not necessarily lead to vegetation productivity loss.
Conversely, vegetation loss may occur when the climate becomes wetter. Based on this
uncertainty, the use of a probabilistic framework provides a new perspective on the response
of vegetation productivity to drought. For the whole of China, a conditional probability of 0.5
was chosen for uniformity. However, for the Chinese sub-regions or other regions, or for finer
time scales (seasonal, monthly, decadal), higher conditional probabilities can be selected if the

correlation between GPP and SPEI is higher.
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Fig.9 Validation of the reliability of the trigger threshold framework (a,b) comparison of actual values of
paired GPP-SPEI with the estimated GPP distribution for two randomly selected pixels, (c,d) conditional
probability of occurrence of vegetation productivity loss under different drought levels.

On the other hand, the reliability of the trigger threshold framework was verified by
comparing the estimated GPP conditional density distribution on different SPEI values with
the paired GPP-SPEI actual values. As illustrated in Fig9.c-d, most of the paired GPP-SPEI
actual values are located in the high-density areas. Overall, the trigger threshold framework
established in this study is reliable for studying vegetation productivity losses in response to
different levels of droughts.

5.2. Driving factors on the variation of trigger thresholds

The pixels corresponding to the dominant factor were extracted and analyzed for changes
in trigger thresholds under a moving window. As can be seen from Figs. 10, the decreasing
threshold of the pixels, with CO; as the dominant factor, is closely related to CO, fertilization,

and rising CO2 concentration leads to a concomitant increase in the water use efficiency of
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vegetation. On the other hand, the physiological effect caused by elevated CO» concentration
(stomatal inhibition effect) reduces stomatal conductance and diminishes evaporative losses
and water use by plants, thus increasing water use efficiency and mitigating the trend of
increasing drought frequency (Yang et al., 2019; Zhang et al., 2022a; Zhang et al., 2022c).
Nevertheless, saturation of the fertilization effect may occur if the maximum ecosystem
photosynthesis rate is reached or due to other limiting factors (Joshi et al., 2020). As the
frequency and severity of droughts increase, there is growing evidence that increasing water
stress is the dominant factor driving the response of ecosystem production to drought (Liu et
al., 2020; Zheng et al., 2020; Zhou et al., 2019). The drought resistance of pixels with TMP as
the main factor first increased and then decreased slightly, which may be attributed to the
slowdown of global temperature growth after 1998 (Su et al., 2016), and the positive effect of
climate warming on vegetation growth has weakened (Piao et al., 2017). If the region with
increased evapotranspiration cannot keep up with the growing evapotranspiration demand
(Zhang et al., 2021), it will exacerbate climate drying and cause dryland expansion with
increasing water stress, which will make vegetation more sensitive to drought in later period.
In more severe situations, the combination of very low soil moisture and high VPD
(evapotranspiration demand) can strongly limit carbon uptake and may trigger vegetation
mortality (Gentine et al., 2019; Zhou et al., 2019). In addition, for pixels with SM as the
dominant factor, the positive promotion of CO:> fertilization effect on vegetation growth is
offset by the negative effect of water deficit, resulting in little change in the effect of SM on
the trigger threshold. Similarly, with the increased proportion of solar radiation absorbed by

photosynthesis, the photosynthetic capacity of vegetation is enhanced, and the ability of
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vegetation to resist drought is further improved in areas dominated by FAPAR.
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Fig. 10 The trigger threshold change dominated by CO,, TMP, VPD, SM and FAPAR under different
moving windows. (The folded line represents the mean linkage line under the moving window.)

5.3. Robustness validation of datasets

To assess the robustness of the findings, we analyzed the spatial distribution of the
trigger thresholds as well as the dynamics using GPP-EC-LUE, GPP-GLASS and GPP-sun
products (Figs. 11). Among them, GPP-Sun is based on the light utilization model MuSyQ,
which improves the LUE estimation by introducing the Clear Sky Index (CI), and estimates
GPP on this basis. GPP-GLASS has been widely used in global change studies, which adopts
Bayesian integration algorithm and assembles eight light energy utilization models together.
Previous study found that GPP-GLASS may be able to depict the true value of GPP better
than MuSyQ (He et al., 2022). The GPP-EC-LUE used in this study is synthesized by
combining atmospheric COz concentration, radiation composition and VPD through a

modified EC-LUE model. The modified EC-LUE has unique advantages in reproducing the

4
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interannual variability of GPP at the site level and global scale.

The analysis of the three validation datasets is shown in Fig. 10. It can be seen that there
are similarities in the spatial variation and dynamics of the thresholds of GPP-GLASS and
GPP-EC-LUE, both of which show a gradual increase in vegetation resistance in the northern
region. Although the trend in threshold points is relatively consistent with the first two
datasets, GPP-Sun differs significantly from the first two datasets in the south. The absence of
threshold points in southern China (evergreen broad-leaf forest, R4) may be due to the
influence of factors such as clouds or snow that reduce the reliability of the reflectance used
as input to the algorithm. It is also possible that the MuSyQ algorithm simulates a different
intra-annual distribution of GPP, which would affect the calculation of trigger threshold.
Despite the differences in the GPP datasets, it is clear from the results that all three datasets
show the same variation to some extent at the points where thresholds exist. However, the
points without thresholds in the three datasets may be due to poor coupling between
vegetation and drought, which indicates that the factors driving vegetation loss are lie
elsewhere, such as the in the varying hydrothermal conditions of the basin, groundwater
recharge and water conservancy projects.

In addition, we also investigated the importance of threshold dynamic changes using the
SM from ERAS (Fig. 12). It can be seen that the two SM datasets have similar effects on the
dynamics of the thresholds, albeit with lightly different percentages, with the largest
influencing factor being SM and the second factor being VPD. Combined with the above

analysis, it can be seen that the conclusions drawn from the selected datasets are robust.



92
93

94

95

(¢)GPP-EC-LUE

0w
2.8

Percentage(%)

=

8/ (%) N 40/ (%)
SN hm o , £ ”’ 2 R L..
b

(a) GPP-EC-LUE
GPP<GPP30h
8 (%) N

(b) GPP-EC-LUE
GPP<GPP#th \Ho

40, (%)

] == ] Zvalue‘
6-4-200 2 4 6 o oo,

£
=]

(H)GPP-GLASS

Percentage(%)
=
S

(¢) GPP-GLASS
GPP<GPP#0th

40 (%)

(d) GPP-GLASS
GPP<GPP3th

8(%)

e

(g) GPP-sun

(h) GPP-Sun
GPP<GPP3th

(i) GPP-Sun
GPP<GPP40th

[T T T 1T T T T e Threshold
05 0607 08 0910 <11 1213 14 15 3156 1.7 18 -1.9 2.0-21 22 23 24 25 2627 2.8 29 30
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(a-b,d-e,h-1) trigger thresholds under different vegetation losses for GPPs, (c,f,g) graphs of dynamic

changes of trigger thresholds for GPP < GPP#th,
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5.4. Limitation

It is worth noting that this study still has some limitations. We focused more on the

effects of drought on vegetation productivity. However, in addition to water stress, nutrient

limitation of nitrogen and phosphorus, insect pests, and forest fires may all have an impact on

change of thresholds. Furthermore, the independent contributions of the above-mentioned

influencing factors to changes in trigger threshold dynamics are not distinguished from a

quantitative perspective, which may blur the interactions between vegetation and drought.

Therefore, the process of influencing factors on carbon uptake in terrestrial ecosystems needs

to be subsequently studied in depth.

6. Conclusion
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To investigate the response of vegetation health status to drought, we proposed a trigger
threshold framework based on copula theory and conditional probability. Based on the
quantification of vegetation vulnerability under different drought scenarios, drought trigger
thresholds were estimated for different vegetation losses. In humid regions, GPP was
positively correlated with SPEI, and response time of vegetation to drought was mostly based
on short time scales (less than or equal to 4 months). Under the same GPP loss, the probability
of vegetation loss increased with increasing drought intensity. In addition, the probability of
substantial GPP loss was smaller under the same drought stress. It is found that the risk of
vegetation productivity loss was significantly higher in eastern China than in western region,
and that the drought trigger threshold was also higher in this region.

Analysis of the dynamics of the trigger thresholds through a 15-year moving window
revealed a decreasing trend in northeast China (R1, R2, R6). In addition, similar conclusions
were obtained from the analysis of trigger thresholds and dynamics for multiple GPP datasets.
That is, the vegetation resistance gradually increased over time. In contrast, the R3 region,
where water scarcity is a prominent issue, is vulnerable to lower levels of drought. Notably,
based on the GLDAS SM and ERAS SM datasets, it is found that the dynamics of trigger
thresholds were attributed to SM, while the interaction of CO; fertilization and other factors
could mitigate the negative effects of water deficit on vegetation. It is expected that these
findings will contribute to an improved understanding of vegetation loss under drought stress,
leading to the development of timely and effective strategies
to mitigate the impacts of drought on ecosystem health and thus improve resilience of

terrestrial ecosystem.
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