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Highlights:

® \We quantify the impacts of water stress on ecosystem carbon uptake in China.
® \We explore the atmospheric driving mechanisms of droughts.
® Drought frequency is projected to increase sixfold over 60% of land by the late 21% century.

® Future water stress is likely to decrease carbon storage under climate change.
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Abstract: Droughts are one of the most damaging weather-related hazards and can have
detrimental impacts on ecosystem carbon uptake. However, little is known about the physical
mechanisms underlying drought evolution as well as their potential effects on the carbon
budget under historical and future climates. Here, we first quantify the impacts of water stress
on carbon uptake under climate change in China. While heat and water stress play a crucial
role in carbon uptake, the effect of ecosystem complexity is also significant. Then, we employ
a machine learning model to explore the driving mechanisms of droughts, which are identified
through the depletion of terrestrial water storage (TWS). Our results indicate that TWS
droughts tend to be governed by atmospheric dryness, with precipitation, relative humidity (RH)
and temperature playing dominant roles in drought evolution across most land areas.
Precipitation and RH control moisture supply and demand, while rising temperature signifies
increasing evaporative demand and enhanced evapotranspiration, leading to soil moisture
depletion and reduced surface runoff, thereby intensifying drought. Further, by combining
satellite data, field measurements, six global hydrological models, a global land surface model
and a dynamic vegetation model, we find that water and heat stress have negative impacts on
gross primary productivity (GPP), total ecosystem respiration (TER) and net ecosystem
productivity (NEP), under both current and future climates. By the end of the 21% century
(2071-2100), drought occurrence is projected to increase by sixfold over more than 60% of

land areas, leading to disproportionate negative impacts on carbon assimilation. Negative
anomalies of NEP under drought stress are projected to decline from -0.09 g-m~-day™
(historical period) to -0.16 g-m™-day " (future period) under SSP370, with even more severe

effects on future carbon assimilation under higher emission pathways. Our results suggest that
more severe drought conditions might challenge ecosystem sustainability, and highlight the

necessity of improving ecosystem resilience to climate warming.

Key words: water stress, carbon uptake, drought, machine learning, China
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1. Introduction

The rapid development of human activities since the industrial revolution has contributed
to increasing emissions of greenhouse gases, altering the Earth’s water and carbon cycles (Yin
etal., 2018; Gao et al., 2021; Good et al., 2021). The terrestrial biosphere, a prominent carbon
sink, absorbs about 30 percent of anthropogenic carbon dioxide (CO2) emissions (Green et al.,
2019; Friedlingstein et al., 2022). However, water stress has a significant impact on the
exchanges of carbon and water between land and atmosphere, and may alter carbon uptake due
to seasonal climatic changes and long-term shifts in ecosystem succession (Gentine et al., 2019;
El-Madany et al., 2020; Xu et al., 2020; Zhang et al., 2020). For example, soil moisture content
determines water availability for plant roots and regulates stomatal conductance, thereby
influencing the rates of gross primary productivity (GPP) and total ecosystem respiration
(TER). Water stress from drying soil moisture can reduce GPP and TER through both stomatal
and non-stomatal mechanisms, as well as through soil enzyme activities impacting microbial
respiration. This can lead to vegetation mortality and further exacerbate climate extremes
through land-atmosphere coupling effects (Schwalm et al., 2017; Humphrey et al., 2018).

Numerous studies have reported that climate warming is increasingly constraining the
terrestrial carbon sink. As climate changes, more frequent and persistent weather-related
hazards, such as droughts, are leading to economic, societal, and environmental challenges
across the globe (Sui et al., 2018; Gu et al., 2020; Ogunrinde et al., 2023). Recently, droughts
have received more attention due to their complex effects on ecosystem productivity. For
example, the 2018 European summer drought and the 2015-2016 Amazon drought both
revealed that drought is one of the most significant stressors of carbon assimilation at regional
and global scales (Zscheischler et al., 2014; Ruehr et al., 2019). Some studies have attempted
to quantify how vegetation greenness and the carbon budget respond to droughts, and found

that droughts often coincide with heatwaves, amplifying their impacts on ecosystem
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productivity (Dannenberg et al., 2022; Deng et al., 2023; Yin et al., 2023a). More recently, it
has been shown that GPP and net ecosystem productivity (NEP) are more sensitive to
meteorological droughts than to heat stress (Deng et al., 2021; Li et al., 2021). In particular,
drought is one of the most significant factors regulating vegetation greenness through its effect
on both productivity and respiration, which in turn can alter the carbon cycle processes and has
a feedback effect on the global climate (Chen et al., 2020). Although some plants can acclimate
to climate change by minimizing the impact of heat stress on photosynthesis and lowering dark
respiration rates, this acclimation potential could be overwhelmed by more severe drought
events (Teskey et al., 2015; Brodribb et al., 2020). After a severe drought, plant recovery is
usually delayed by slowed growth, irreversible reductions in hydraulic conductivity, or
depletion of carbon stocks (Hammond et al., 2022; McDowell et al., 2022). Therefore, a better
understanding of the relationship between drought and terrestrial carbon uptake is critical for
exploring future climate-carbon feedbacks.

However, the appropriate approach to characterize droughts remains unresolved,
particularly in terms of defining a fully representative stress index. Previous studies have
assessed droughts through a variety of indices such as the Standardized Precipitation
Evapotranspiration Index (SPEI), Palmer drought severity index (PDSI) and the soil moisture
(SM) drought index (Zhang et al., 2021; Fu et al., 2022; Hussain et al., 2022; Xi and Yuan,
2022). These indices mainly consider one or several meteorological or hydrological variables
(e.g., precipitation, evapotranspiration, runoff and SM), which only partially capture water
storages or fluxes. In contrast, TWS is defined as all forms of water stored above and
underneath the surface of the Earth (i.e., the sum of continental water stored in canopies, snow
and ice, rivers, lakes and reservoirs, wetlands, soil and groundwater) (Syed et al., 2008; Rodell
et al., 2018; Pokhrel et al., 2021). Meanwhile, it has recently been shown that terrestrial water

storage (TWS), a key determinant of global water and energy budgets representing vertically
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integrated water storage, has large-scale impacts on hydrologic systems and vegetation growth
(Rodell et al., 2018; Jing et al., 2020; Zhao et al., 2021). With the emergence of satellite remote
sensing, the Gravity Recovery and Climate Experiment (GRACE) satellite and its successor
(GRACE-FO) provide a versatile tool for monitoring TWS at wider coverage than before, and
can effectively capture changes in water fluxes at a large scale (Sinha et al., 2019; Satish Kumar
etal., 2021). Moreover, The TWS derived from GRACE data can effectively reflect the gravity
changes caused by snow and ice (e.g., solid water stored in glaciers and permafrost), surface
water, soil water, groundwater and human factors (Yin et al., 2022a, 2023b). Although the
GRACE/GRACE-FO satellites have been applied for drought monitoring and assessment,
drought projection based on TWS is still in its infancy. Furthermore, the underlying physical
mechanisms behind drought evolution and their potential effects on terrestrial carbon uptake
remain unclear.

In this study, the driving mechanisms of droughts and their effects on terrestrial carbon
uptake are systematically investigated in China, under both historical and future periods. The
objectives of this study are (1) to explore the driving mechanisms of drought characteristics
under climate change by using machine learning and atmospheric dynamics; (2) to explore the
effects of droughts on the carbon sink by combining data from satellites, field measurements,
climate models, land surface models, global hydrological models and dynamic vegetation
models. This paper provides mechanistic evidence of the impacts of climate change on water
stress and its effects on the carbon sink in China.

2. Materials and methods
2.1 Measurements from eddy-covariance flux towers and in situ meteorological stations

The landscapes of China are usually divided into six types (e.g., construction land, desert,

forest, grassland, shrubs, and cropland) (Zhao et al., 2020). Cropland constitutes about 23.36 %,

while forest and grasslands account for 17.97 % and 23.97 % of the national land area,
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respectively (Wan et al., 2018). In order to fully employ the eddy-covariance flux data, we
mainly focus on four land cover types, namely evergreen broadleaf forest (EBF), mixed forest
(MF), grasslands (GRA), and croplands (CRO). To explore droughts and their effects on carbon
uptake at a larger spatial scale, we further divide mainland China into eight geographical

regions (Fig.1).
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Fig. 1. Land cover types and our selected 13 flux tower sites in China. S1-Northeast China, S2-North China, S3-
Jiang-Huai Region, S4-South China, S5-Southwest China, S6- Tibetan Plateau, S7-Western of Northwest China,
and S8-Eastern of Northwest China.

In this study, the carbon and water fluxes and meteorology data come from the FLUXNET
dataset (https://fluxnet.org/data/fluxnet2015-dataset/) and The Chinese Terrestrial Ecosystem
Flux Research Network (ChinaFLUX) (http://www.china flux.org/enn/index.aspx), and we
select 13 flux tower sites (i.e., all of the available sites) in China (Table S1). These sites are in
different latitude zones and climatic zones, which represent different temperature and moisture
gradients in the Chinese regions (Chang et al., 2023). The FLUXNET?2015 dataset provides

ecosystem-scale data on CO,, water, and energy exchange between the biosphere and the
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atmosphere, for 212 sites around the globe (Chu et al., 2017). To evaluate the processes of
ecosystem moisture and carbon exchange, we use half-hourly air temperature (Tair), SM, GPP,
NEP and TER data from the FLUXNET?2015 dataset, where TER includes both autotrophic
respiration and heterotrophic respiration. These data are processed following a consistent and
uniform processing pipeline (Reichstein et al., 2005). Here, the GPP is derived from the night-
time partitioning method, then NEP is obtained by subtracting TER from GPP (Pastorello et
al., 2020). The warm season is defined as days when the running 7-day mean temperatures are
higher than the 60th percentile of the daily temperatures at each site (Yin et al., 2021). The
ChinaFLUX is a long-term national network of micrometeorological flux measurement sites
that measure the net exchange of carbon dioxide, water and energy between the biosphere and
atmosphere, which relies on the Chinese Ecosystem Research Network (CERN), contributes to
increasing the number of ecosystem types in FLUXNET (Yu et al., 2006).

Satellite-retrieved solar-induced fluorescence (SIF) has shown substantial potential for the
monitoring of plant photosynthesis, which is strongly related to the spatiotemporal variation of
GPP (Zhang et al., 2017, 2018). Here, we use the clear-sky daily SIF from 2000-2020 with a
four-day temporal resolution and a 0.5° spatial resolution, which is generated by a machine
learning algorithm based on Orbiting Carbon Observatory-2 (OCO-2) SIF observations and
surface reflectance from the Moderate Resolution Imaging Spectroradiometer (MODIS)
(Zhang et al., 2018). We also use a retrieved GPP dataset, which is based on an improved light
use efficiency theory by assimilating satellite data from MODIS and climate data from the
National Centers for Environmental Prediction (NCEP) Reanalysis Il. The GPP dataset has
moderate spatial (500 m) and temporal (8 days) resolution at the global scale during 2000-2019
(Zhang et al., 2017). In this study, we focus on the GPP and SIF in the warm season (i.e., five
continuous months with the highest temperature) in Section 3.1 to investigate the effects of

drought stress on the ecosystem carbon budget (Yang et al., 2023; Yin et al., 2023) (Fig. S1).
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To provide a robust analysis of atmospheric thermodynamic and dynamic characteristics under
dry conditions, we also use monthly data of precipitation, 2 m air temperature (T2m), relative
humidity (RH) and Convective available potential energy (CAPE) during 1979-2020 from the
20th-century reanalysis (20CR), which are used in section 3.1. The 20CR are constrained only
by surface pressure, sea ice and ocean surface temperature observations. The observations of
20CR are considered to capture the climate in China well (Zhao et al., 2020; Yang et al., 2022).
Moreover, 20CR provides the estimations of global tropospheric variability, and of the dataset's
time-varying quality from 1871 to the present, with a temporal resolution of 6-hourly and a
spatial resolution of 2°x2° (Compo et al., 2011; Laloyaux et al., 2018; Slivinski et al., 2019;
Emanuel, 2021). To account for possible uncertainties caused by different data products, these
datasets are interpolated to 0.5°x0.5° grids.
2.2 GRACE/GRACE-FO data and ERAGS reanalysis dataset

Here, we use TWS anomalies (TWSA) from the GRACE/GRACE-FO satellites to
characterize terrestrial droughts during 2002-2021 in China. The latest mascon products are
collected from three processing centres: the Jet Propulsion Laboratory of the California
Institute of Technology (Landerer et al., 2020), the Center for Space Research at the University
of Texas at Austin (Save et al., 2016) and the National Aeronautics and Space Administration’s
Goddard Space Flight Center (Loomis et al., 2019), respectively. Considering the potential
uncertainty associated with different processing procedures, we derive a multi-model ensemble
mean time series of the three mascon GRACE/GRACE-FO datasets. The long-term TWSA
series are derived as the anomalies of equivalent water height relative to the 2004-2009 time-
mean baseline (Landerer and Swenson, 2012). Linear interpolation is employed to fill in the
missing data of these products (Yin et al., 2022a). Afterwards, the average monthly TWSA
time series of these products is processed for the period 2002-2021 over China.

The ERADS reanalysis dataset produced by the European Centre for Medium Range
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Weather Forecasts (ECMWF) provides real-time global hourly records from 1979 to the
present at 0.25°%0.25° spatial resolution (Simmons et al., 1999). In this study, we use 12
monthly climate variables: surface sensible heat flux, latent heat flux, precipitation, air pressure
(ps), snowfall, Tom, dew-point temperature (Tdew), Surface downwelling longwave radiation
(rlds) and surface downwelling shortwave radiation (rsds), convective inhibition, moisture flux

convergence and wind speed. With these climate variables, we first calculate the saturated

water vapor pressure ( €4 ) using the Clausius-Clapeyron (C-C) relationship method
(Koutsoyiannis, 2012):

_ Lt 1t
esat (T) - eso eXp|: RV (TO T ):| (1)

where To and €, are the integration constants, taken as 273.16 K and 611 Pa, respectively;

L, is the latent heat of vaporization, taken as 2.5x10° J kg*; and R, is the water vapor gas

constant, taken as 461 J kg™ K.,

Then, the RH is deduced based on Tom and Tgew: RH =€, (T,,,) /€., (T,,) . Specific humidity

(q) is the ratio of the mass of water vapor to the total mass of the air mass, which is deduced

by using ERAS near-ground pressure and Tgew (Simmons et al., 1999):

e
q — 0622 sat (Tdew) (2)
PS — 0'37885at (Tdew)

2.3 Climate scenarios and carbon flux simulations under CMIP5/6

We use bias-corrected outputs from the Coupled Model Inter-comparison Project phase 6
(CMIPG6) under three SSPs (SSP126, SSP370 and SSP585), which includes five global climate
models (GCMs): GFDL-ESM4, IPSL-CM6ALR, MRI-ESM1-2HR, MRI-ESM2-0 and
UKESM1-0-LL (Table S2). The climate model outputs have been systematically bias-
corrected under the Inter-Sectoral Impact Model Inter-comparison Project (ISIMIP3b). The

ISIMIP3Db protocol uses a state-of-the-art statistical downscaling method to correct CMIP6
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outputs towards a merged observational dataset, version 2.0 of WFDES5, over the global land
surface (Fan et al., 2021; Lange et al., 2021). The TWS series of 15 members (i.e., outputs from
five CMIP6 GCMs under three SSPs) are simulated by driving the HO8 model (i.e., a popular
global hydrological model). The HO8 model simulates the water cycle globally and comprises
six sub-models: land-surface hydrology, river routing, crop growth, reservoir operation, water
abstraction, and environmental flow (Yoshida et al., 2022). We also use the GPP, TER and
NEP outputs of these GCMs under the three SSPs, and employ data from historical (1985-2014)
and future (2071-2100) periods to assess climate change impacts on the water-carbon cycle.
To evaluate the robustness of our results, the CMIP5-based TWS projections are
compared with the results of CMIP6. The CMIP5-based projections include 96 scenario-model
combinations, which consist of three representative concentration pathways (RCP 2.6, RCP 6.0

and RCP 8.5), four GCMs (MRI-ESM2-0. IPSL-CM6A-LR. GFDL-ESM4. HADGEM2-

ES) and eight terrestrial hydrological models (THMs) (Table S3). The eight THMs include six
global hydrological models (CwWatM, H08, MPI-HM, PCR-GLOBWB, WaterGAP2 and
WaterGAP2-2c¢), one global land surface model (CLM4.5) and one dynamic global vegetation
model (LPJmL). All models simulate the critical terrestrial hydrological processes, and are
forced by the ISIMIP2b daily meteorological forcing data from four GCMs under CMIP5
(Pachauri et al., 2014; Oh et al., 2023). In each grid cell, we define the growing season during
the historical period. To evaluate the projected impacts of drought events on ecosystem carbon
storage, we also use the GPP, autotrophic respiration and heterotrophic respiration outputs from
the CLM4.5 model under RCP2.6 and RCP6.0, which is derived from bias-corrected GFDL-
ESM2M outputs. We sum autotrophic and heterotrophic respiration to calculate TER, and then
we subtract TER from GPP to obtain the NEP.

2.4 Drought identification based on TWSA-DSI

The TWSA-drought severity index (TWSA-DSI) is used to measure terrestrial dry/wet

10
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conditions (Zhao et al., 2017). A negative (positive) TWSA-DSI indicates that the TWSA is
lower (higher) than the average level during the study period, and can be used to measure
drought (wet) degrees, from “anomalously wet” to “very severe drought” conditions (Table

S4). The TWSA-DSI is calculated as follows:

TWSA-DSI, | = (TWSA , ~TWSA )/ o, (3)

where TWSA | represents the TWSA at year i and month j, TWSA ando; denote the mean

value at month j and standard deviation of TWSA at month j, respectively.

After calculating the TWSA-DSI, we extract the drought duration, intensity, and severity
by using run theory. Run theory is a useful and objective method for drought identification,
where a run represents a subset of time series in which TWSA-DSI is either beneath (i.e.,
negative run) or over (i.e., positive run) a fixed threshold (Yevjevich, 1969). Here, a drought
event is identified when TWSA-DSI is below -0.8.

2.5 Sensitivity analysis of TWSA-DSI to climate variables based on machine learning

After investigating the changes in atmospheric thermodynamic and dynamic patterns
under terrestrial drought conditions, the Random Forest (RF) model is further used to
disentangle the driving mechanisms of droughts by quantifying the sensitivity of TWSA-DSI
to dependent climate variables. The RF model is composed of multiple regression trees. It
utilizes bootstrapped samples and grows individual trees on each sample (Gu et al., 2023;
Konapala and Mishra, 2020). First, we construct a random forest model in each grid to link
monthly TWSA and ten meteorological variables (i.e., precipitation, snowfall, ps, specific
humidity, RH, rlds, rsds, Tam, Tdew, and windspeed). Then, each meteorological variable’s
contribution to TWSA-DSI is quantified in the observation period (2002-2021), historical
(1985-2014) and future (2071-2100) periods. Here, the RF is built with 500 regression trees.
For each of the 500 trained trees in the random forest, assuming that perturbing one variable

does not change the value of the other variables, we perturb one of the variables by 1 standard

11
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deviation (SD), and then predict TWSA-DSI using the same RF model with other same
variables, including the perturbed variable. The contribution of each variable can then be
estimated based on the percent of variability in TWSA-DSI from each variable (Green et al.,
2020). The MATLAB function *TreeBagger’ is used to implement the RF-based analysis
(Breiman, 2001). A higher variability indicates that the target variable is more sensitive to the
dependent variable. In this way, we can identify which factors contribute most to changes in
the TWSA-DSI values and obtain corresponding importance ratings. The percent of the
variability in TWSA-DSI is calculated as follows:

S - mean(TWSADSI .., ~TWSADSI o i1 var )
¢ stdev(TWSADSI ,..)

x100% 4)

where S, represents the sensitivity of each climate variable to TWSA-DSI; TWSADSI ¢ .,
and TWSADSI .. refer to the simulated TWSA-DSI with the perturbation of one climate

variable, and the simulated TWSA-DSI with the unperturbed model, respectively; TWSADSI

indicates the primary TWSA-DSI series used in training the RF model, which denotes
GRACE/GRACE-FO data (in the observation period) or CMIP5/6-based simulations (during
the historical or future period).
2.6 Data pre-processing and uncertainty analysis

To investigate the sensitivity and correlation between carbon and water fluxes in terrestrial
ecosystems, we quantify the anomalies of GPP, TER, NEP, temperature, SM and TWSA in
four land cover types (i.e., EBF, GRA, MF, CRO) using the FLUXNET dataset. First, the daily
time series of all variables are detrended to remove any periodic effects during the study period.
To mitigate the misleading effects of any changes in variables or differences across terrestrial
ecosystems, we compute linear regression lines for each variable at every site. The detrended
variables are then derived by subtracting these linear fits from the original time steps. Then,
anomalies are identified by calculating the difference between a given daily value and the

12
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multi-day average of each factor. Here, the 15-day moving average of the daily data is used to
represent the multi-day average, and then the corresponding values of each day are subtracted
from the moving average to estimate the anomalies (Li et al., 2021).

After the detrended anomaly analysis, the daily anomalies of environmental variables (i.e.,
Tair, SM, TWSA) and carbon fluxes (i.e., GPP, TER, NEP) are pooled together for each 15-day
period to perform the sensitivity analysis. The correlations between each pair of environmental
variables and carbon fluxes within each of the 15-day moving windows are analyzed by using
linear regression. The detrended anomalies of the carbon fluxes are the response variables, and
the detrended anomalies of the environmental variables are the independent variables. The
coefficients of the linear regressions between detrended anomalies of carbon fluxes and
environmental variables are used to represent their sensitivity to heat and water. For example,
the units of the sensitivity indices of carbon flux to air temperature and SM or TWSA are
g C m?day™°C™ and g C m7 day'mm™ , respectively. Heat stress is indicated by
increasing Tair values, and water stress is indicated by decreasing SM or TWSA values. In other
words, negative (positive) values of Tair (SM or TWSA) sensitivity indicate that heat and water
stress significantly reduce carbon fluxes.

To project future droughts and their impacts on the carbon sink, we implement 96
scenario-model combinations from CMIP5 (i.e., three RCPs, four GCMs and eight THMSs) and
15 combinations from CMIP6 (i.e., three SSPs and five GCMs). The overall uncertainty is
estimated by the variance of the future projection and is then decomposed into the contributions
from different sources using Analysis of variance (ANOVA). The equation is shown as follows

(Yin et al., 2022b):

UT = U N + UGCM + (U THM ) + U interactions (5)

UT :ZEZ(YLM _Yo,o,o)z (6)

I
i=1 j=1 k=1

13
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US:JXKXIZ(Y””’-W)Z (7)

J

Ugy, = | ><K><Z(Y0'j'0-YO'O‘O)2 (8)
j=1

U, =1xJ XZK:(YW -W)Z 9)

J J
U Interactions = Z Z Z (Y h _Yi,O,O _Yo’j’0 _YO)ka +2 XYOYO‘O) (lo)

|
i=1 j=1 j

where U refers to the total variance, U, Ugew s Uriw and U, eaions refer to the variance of

the emission scenarios (SSP or RCP), GCMs, THMs and their interactions, respectively. I, J,
K refer to the number of datasets of the emission scenarios, GCMs and THMs, respectively.
Y"* s the data source from the i-th emission scenarios, the j-th GCM and the k-th THM,
Y°°° represents the average of all datasets; Y"*°, Y°®andY®*refer to the i-th emission
scenarios, the j-th GCM and the k-th model combination conditional data source, respectively.
3. Results
3.1 Atmospheric thermodynamic and dynamic characteristics under dry conditions

To explore the changes in atmosphere thermodynamic and dynamic patterns under
terrestrial drought conditions, the TWSA-DSI is derived using the TWSA data from three
GRACE/GRACE-FO mascon solutions from 2002-2021, and the thresholds of 0.8 are used
to define dry/wet conditions. Then, we calculate the average differences of climate variables
under drought conditions and under wet conditions, including sensible heat flux, latent heat
flux, temperature, precipitation, specific humidity, RH, CAPE, convective inhibition, moisture
flux convergence, SIF, GPP and wind speed (i.e., updraft velocity) (Fig. 2). The sensible heat
flux transmitted from the land to the atmosphere strengthens when the land is dry in
northeastern and southeastern China, while it weakens in northwestern China (Fig. 2a).
Moreover, the pattern of anomalies of sensible heat flux is similar to that of temperature (Fig.

2¢), which implies an enhancement of heat transport between land and atmosphere. The land

14
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serves as the main heat source under dry conditions across most of China, and the RH decreases
(Fig. 2f) in most areas with rising temperature. Meanwhile, as evapotranspiration is limited by
soil moisture and canopy water, the released latent heat cannot increase significantly; in some
areas, the latent heat in dry conditions is even lower than in wet conditions (Fig. 2b). Although
the atmospheric water vapor holding capacity would increase due to land warming under dry
conditions, upward air flux is weakened (Fig. 2l), and therefore the atmospheric water vapor
transport is limited by the sinking airflow, especially in the lower atmospheric layer. These
impacts lead to spatial heterogeneity of specific humidity (Fig. 2e).

Furthermore, high values of CAPE suggest a high moist convection potential, enhancing
the likelihood of intense rainstorms. CAPE is significantly lower under dry conditions than wet
conditions in most areas such as southeastern and central China, while convective inhibition is
relatively stronger under drought conditions in these areas (Fig. 2g-i, I). Although in some areas
such as northeastern and northwestern China, CAPE is relatively stronger and CIN is lower,
the intensity of changes is not significant, which means atmospheric moisture transport has
weakened across almost the entire landmass, highlighting the low likelihood of convective
movement generation and development. Therefore, precipitation is significantly weakened
under dry conditions across large areas of China, especially in northeastern and southeastern
China (Fig. 2d). Overall, atmospheric dryness usually accompanies terrestrial droughts,
emphasizing the occurrence of compounding hazards due to land-atmospheric coupling and

decreasing moisture supply (Zhou et al., 2019b; Yin et al., 2023a).
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variables obtained under drought conditions from those obtained under wet conditions.

We then investigate the effects of drought events on the ecosystem carbon budget by
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calculating the anomalies of SIF and GPP (Fig. 2j, k). The anomalies of SIF and GPP are both
negative in most regions (i.e., northwestern, southwestern, and northeastern central areas)
under drought conditions, except in parts of northeastern and central China (Deng et al., 2021,
Li et al., 2019). In southeastern China, however, the GPP shows positive results unlike SIF.
Although GPP based on the vegetation photosynthesis model (VPM) provides a reliable GPP
estimation for non-forest natural vegetation and cropland (Yuan et al., 2015), its estimation in
ENF and EBF (mainly in southeastern China) is accompanied with high uncertainty compared
with other GPP products (Mercado et al., 2009; Dong, 2017), which may be related to the
higher light use efficiency for diffused radiation. Overall, the results of SIF are similar to GPP
in western and northern China but show differences in other regions. The potential for dryness-
related carbon loss, therefore, needs to be understood when exploring the impacts of concurrent
extreme climatic events on ecosystems (Nemani et al., 2003; Zhou et al., 2019a). In addition,
similar results are found for changes in GPP and the machine-learning-generated SIF,
emphasizing the robustness of our main results.
3.2 Sensitivity analysis of TWSA-DSI to meteorological variables under climate change
Fig. 3 shows the percent variation of TWSA-DSI to meteorological variables during 2002-
2021, which demonstrates considerable spatial variability. We remove non-vegetated regions
(e.g. desert regions) based on Vegetation zoning data for China from Resource and
Environment Science and Data Center (https://www.resdc.cn) in China. As Fig.3 shows, RH
(with 1 SD perturbed) has a significant positive impact on TWSA-DSI over 90% of areas, with
the highest sensitivity up to 64.6%, especially in coastal areas (Fig. 3e), while the sensitivity
of Tom with 1 SD perturbed ranges from -47.5% to 22.7% (Fig. 3h). In most areas, the sensitivity
of the TWSA-DSI to some variables is positive, including precipitation, snowfall, rsds, Tgew
and wind speed (Fig. 3a, b, g, i, j), such as the mean absolute value of the sensitivity of

precipitation to TWSA-DSI is 30.9%. In contrast, specific humidity, ps, Tom and rlds are
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negatively correlated with TWSA-DSI in most parts of China, except for the Qinghai-Tibet
Plateau and South China (Fig. 3d, c, h, f).

To explore possible shifts in the sensitivity patterns, we evaluate the driving effect of each
factor on drought events under CMIP6 during the historical and future periods (Fig. S2-S4).
Precipitation, RH and T2, are the main controlling factors for future drought development in
most areas under SSP126, with the range of sensitivity for each factor with 1 SD perturbed
from 0.25% to 59.2%, from -2.03% to 47.7% and from -20% to 6.3%, respectively (Fig. 4).
Specific humidity is shown to switch from a negative to a positive correlation with TWSA-DSI
across most of China in the future due to the warming climate (Fig. 3e, Fig. 4e). Additionally,
air temperature and Tgew also show a similar transition from positive to negative sensitivity in
southeastern China. Meanwhile, wind speed, rlds and rsds show a negative sensitivity trend in
most areas. Overall, the future distribution pattern of sensitivity of climate variables is
generally towards negative sensitivity compared to GRACE/GRACE-FO, except for
precipitation, RH and specific humidity. Especially, the effects of precipitation, relative
humidity and temperature are even more significant in the future and precipitation becomes the
most influential factor driving TWSA-DSI, but drought is influenced by a combination of

factors and can only be assessed robustly by considering the different mechanisms at play.
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Fig. 3. RF sensitivity analysis results. Sensitivities represent the percent change in TWSA-DSI due to a
perturbation of each variable by +1 SD (data source: ERAS5 reanalysis dataset). Grey denotes desert regions.
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Fig. 4. RF sensitivity analysis results. Sensitivities represent the percent change in TWSA-DSI due to a
perturbation of each variable by +1 SD (data source: CMIP6 under SSP126). Grey denotes desert regions.

3.3 Water stress impacts on ecosystem carbon uptake

To explore the effects of droughts on the carbon sink, we investigate the impacts of heat

and water stress on ecosystem carbon uptake using FLUXNET 2015 dataset and China FLUX

dataset. We first calculate the Pearson’s correlation coefficient between carbon flux (i.e., GPP,

TER, and NEP) and environmental variables (Tair, SM and TWSA) in the warm season (i.e.,
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when the 7-day mean temperatures exceed the 60th percentile of the daily temperature at each
site) (Fig. 5a-d). Then, after detrending anomalies of climate variables and fluxes, we evaluate
the sensitivity of carbon flux to environmental variables with warming Tair (Fig. 5e-s). In the
warm season, NEP is negatively correlated with Tar in CRO and GRA, positively in EBF and
MF, while TER only shows a negative correlation with Tair in MF and GPP is not significantly
correlated with Tair in CRO and MF (Fig.5a-d). The detrended anomaly analysis indicates that
the sensitivity of TER to Tair increases with increasing temperature in all land cover types (i.e.,
there is a positive correlation between TER sensitivities to temperature anomalies throughout
the study period). In contrast, the sensitivities of GPP and NEP to Tair decrease with increasing
temperature in EBF, CRO and GRA (Fig. 5e, g, n, p, g, s), except for MF (Fig. 5k, m). These
results imply that the TER is less sensitive to heat stress than GPP and NEP under warmer
conditions, highlighting the crucial role of heat stress in constraining carbon assimilation. More
importantly, the ecosystem complexity also has a significant effect on carbon sink capacity.
The forest ecosystems (i.e. EBF and MF) not only have a stronger ability to increase carbon
allocation to root growth than stem and leaf growth, but can also regulate stomatal conductance
and maintain productivity, which can mitigate excessive water loss (Wolf et al., 2013). In
contrast, the grass ecosystem (i.e. GRA and CRO) has lower productivity than forests with a
simpler structure, thus the aboveground parts are more likely to wither under heat stress
(Stampfli et al., 2018). Furthermore, as drought also influences the carbon budget by limiting
plant growth rate through water stress (Jha and Srivastava, 2018), we also evaluate the
responses of carbon fluxes (i.e., the sensitivity of GPP, TER, and NEP) to the anomalies of

TWSA and SM in the different ecosystems (Fig. S5-S6).
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Fig. 5. Pearson’s correlation coefficient of carbon flux (i.e., GPP, TER, and NEP) and environmental variables
(Tair, SM and TWSA) in the warm season. The symbol X means that the correlation is not significant at 0.05 level
(a-d). The sensitivities of carbon flux anomalies to T, anomalies (g C m? day! °C*!; shown on the y-axis) and
the mean daily temperature anomaly (°C; x-axis) in different ecosystems (rows: evergreen broadleaf forest (EBF),
mixed forest (MF), grasslands (GRA), and croplands (CRO)) (e-s).

As before, the association between the sensitivities of carbon fluxes to SM or TWSA

anomalies differ across the four land cover types, but the results for TWSA and SM are largely

consistent. The carbon fluxes to TWSA anomalies increase with higher TWSA in all

ecosystems. Likewise, the results for SM are the same as TWSA in GRA and CRO, whereas

GPP, TER and NEP are negatively correlated with SM in EBF and MF (Fig S5). The results
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reveal that the carbon fluxes in the grass ecosystems (i.e., GRA and CRO) are highly affected
by water stress because grass ecosystems have a weaker ability to increase carbon allocation
to the root growth than forests, so the ecosystem cannot hold enough water to supply plants’
photosynthesis (Fig. S5-S6). Therefore, the GRA and CRO ecosystems are more sensitive to
water stress than EBF and MF, indicating that the forest structure is more complicated and the
carbon sink function is stronger.
3.4 Observed and projected changes in drought conditions and their effects on carbon
uptake

The GRACE/GRACE-FO dataset (2002-2021) shows similar spatial and temporal
characteristics of drought, with a strong increase in drought events in southeast and northwest
China. Moreover, it is noteworthy that the North China Plain and certain northwestern regions
experience the least frequent droughts, which are also the longest and most severe (Fig. 6a-i).
For example, the North China Plain is one of the areas that are extremely dependent on
groundwater resources (Gong et al., 2018). However, due to groundwater over-exploitation for
many Yyears, climate change and human activities, droughts are increasing in frequency,
duration and severity (Wang et al., 2020b). Further, the land cover of these areas is primarily
grassland or cropland (Fig. 1) which have weaker drought resistance and a longer post-drought
recovery time than forests and shrubs (Li et al., 2019). Therefore, these regions are less resilient
(i.e., a significant deviation from the norm) to drought than other areas, leading to more intense
and long-lasting drought. Drought indicators (i.e., frequency, duration, severity) have increased
in northern, north-western and south-western China over the century (Fig. 6j-61), but decreased
in other regions. In Southwest China, the Qinghai-Tibet Plateau, and Northwest and Northern
China, drought duration has doubled, and the severity of droughts has increased by more than
80%.

The TWS simulations obtained under the CMIP6 framework are then used to project
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future drought characteristics and evolution. Projections of drought frequency show significant
spatial heterogeneity; most areas in Southwest China and Northeast China are expected to
continue drying, while Northwest China and East China exhibit a significant wetting tendency
(Fig. 7). Drought occurrence is projected to increase fourfold over half of China in the late 21
century, and drought frequency is projected to increase sixfold over 62.51% of the country
under all SSPs by the middle of the 21% century (Fig. 7 a-b, d-e, g-h).

China is projected to experience an increasing intensification of drought conditions as the
climate warms with increasing carbon emissions. For example, under SSP585 over 58.74% of
areas exhibit positive drought frequency trends, compared to 52.31% and 20.92% under
SSP370 and SSP126. Similarly, the areas with an increasing trend in drought frequency and
intensity under the SSP585 are both approximately 8% and 35% higher than under SSP126 and
SSP585 respectively (Fig. 7c, f, i and Fig. S7-S9). Moreover, under the lowest emissions path,
the North China Plain shows a significant wetting trend, while this region tends to be drier
under a high emission scenario. This suggests that with increasing carbon emissions the uneven
distribution of water resources is likely to be further intensified, and extreme drought or

flooding hazards might occur more frequently.
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Fig. 7. Future changes and trends in the characteristics of drought frequency under three different SSPs in China.
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Fig. 8. Historical and future anomalies of GPP, TER, and NEP during drought events. Anomalies in the historical
period (1985-2014) (a)-(c); anomalies in the future period (2071-2100) under the three SSPs (d)-(l).

To further project the impact of future droughts on the ecosystem carbon budget, we use
TWS simulated by the HO8 model forced by outputs from five CMIP6 GCMs (i.e., M6A-LR,
GFDL-ESM4, MPI-ESM1-2-HR, MRI-ESM2-0 and UKESM1-0-LL) under three SSPs to

analyze the anomalies of the historical (1985-2014) and future (2071-2100) carbon budget (i.e.,
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deviation of a variable from its base period average) under drought conditions in the growing
season. Under future warming conditions, we find GPP, TER and NEP tend to be significantly
constrained by drought (Fig. 8). Although the TER show negative anomalies in most areas
under drought stress, the significant reduction in GPP results in NEP still shows a negative
anomaly overall. The average percentage of negative anomalies of GPP (NEP) across China
under the three SSPs is 76.63% (61.95%), compared with 89.80% (64.13%) during the
historical period. Although the proportion of negative anomalies in GPP (NEP) is higher in the
historical period than in the future period, the negative anomalies are lower in the future period
than that in the historical period. The mean negative anomaly of GPP (NEP) under the three
SSPs was -0.42 (-0.16) g-m™*-day™, compared to -0.23 (-0.09) g-m~?.day* for the
historical period. Moreover, the overall NEP across China is reduced by about two-fold under
SSP126 as much as under SSP585. It is worth noting the positive anomalies of carbon uptake
in the Tibetan Plateau.

As shown in Fig 7, future droughts based on TWSA-DSI are projected to mitigate in the
Tibetan Plateau. Under higher carbon emission scenarios, the decreasing rate of drought is
more significant. These results suggest a wetting tendency regarding higher TWS in the Tibetan
Plateau due to melting glaciers and permafrost and increased precipitation under global
warming, which is consistent with previous projections (Pokhrel et al., 2021; Chen et al., 2022).
The TWS derived from the HO8 model simulates the key terrestrial hydrological (for example,
soil, and vegetation) processes, which is the direct water pool of plants and determines the
amount of water extracted by plant roots, so it can provide a versatile tool to represent future
water condition for plant growth (Pokhrel et al., 2021; Padiyedath Gopalan et al., 2022).
Moreover, we also evaluate the responses of carbon fluxes (i.e., the sensitivity of GPP, TER,
and NEP) to the anomalies of TWSA and SM in the different ecosystems (Fig.S5-S6) and find

that the results are largely consistent. Water stress has a significant impact on ecosystem
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productivity, which may induce plants to close stomata to minimize water loss at the leaf scale
and can further constrain plant photosynthesis in ecosystems (Liu et al., 2020; Li et al., 2021).
Although the Tibetan Plateau is a fragile grassland ecosystem with lower productivity than
forest and coastal wetlands and is very sensitive to water stress under climate change (Xiao et
al., 2013; Zhang et al., 2023), future reductions in drought might mitigate the effects of water
stress on GPP and thus enhancing photosynthesis. Sun et al. (2019) also highlighted that future
warming will enhance the GPP and TER of the ecosystem in the Tibetan Plateau. In addition, rising
temperatures, precipitation and nitrogen availability might further drive GPP increases, leading
to increased carbon uptake on the Tibetan Plateau (Zhao et al., 2018). However, the relationship
between TWS and GPP on Tibetan Plateau is extremely complex. For example, the remote
sensing data shows that grasslands on the Tibetan Plateau is very sensitive to droughts with
low soil moisture, especially when it is compounded with high temperature (Zhang et al., 2023).
It is highly uncertain that whether permafrost degradation would result in wetting or drying of
surface soil, nor these changes would facilitate vegetation growth or lead to grassland
degradation. We also know little about how the melting glacier and the associated hydrological
changes would affect vegetation growth, especially the grasslands. Therefore, future work can
be devoted to exploring how glacial melt and associated hydrological changes would affect
vegetation growth in the Tibetan Plateau.

Recently, GCMs have been widely used to quantify climate change impacts on
hydrological fluxes and storages, especially the projections of water storages from TWS
components (i.e., soil moisture and snow) (Pokhrel et al., 2014, 2021; Jensen et al., 2019).
Considering the differences among different GCMs, Fig S10 shows the future mean anomalies
of GPP during droughts under the three SSPs from five CMIP6 GCMs, and we find that the 5
GCMs also have similar positive anomalies of carbon uptake in the Tibetan Plateau, which is

consistent with Fig 7. Although GCMs show substantial uncertainties in the Tibetan Plateau,
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the overall distribution of GPP anomalies in each GCM is basically consistent. Therefore, we
use the averaged results of the five GCM models to improve the robustness of our main
conclusions. Overall, the Tibetan Plateau is predicted to continue functioning as a net carbon
sink, despite ongoing severe permafrost degradation under global warming, which is consistent
with previous studies (Pokhrel et al., 2021; Chen et al., 2022). Drought stress is likely to
significantly damage the carbon sink in China, and the effect of drought is projected to increase
as greenhouse gas emissions increase. Therefore, drought is one of the major causes of future
changes in the terrestrial carbon sink.
4. Discussion
4.1 Evaluating the performance of machine learning on TWS simulations

To investigate the main factors controlling drought events, we perform a sensitivity
analysis by interpreting the contribution of each meteorological variable to the TWSA-DSI
using both observational data and simulations during historical and future periods. To evaluate
the robustness of our RF models, we selected five indices, including Pearson correlation
coefficient (PCC), Nash-Sutcliffe Efficiency (NSE), Normalized root Mean square error
(NRMSE), Mean square error (MSE) and Mean Absolute Percentage Error (MAPE) (Text S1).
Fig. 9a shows the mean TWSA-DSI time series over China reconstructed by our machine
learning model during 2002-2021, which are compared with the GRACE/GRACE-FO
observations (the mean TWSA series from CSR, GSFC, and JPL satellites). The results show
that our RF model performs well over the study period with high PCC (0.99) and NSE (0.87).
The simulations show a high spatial agreement with GRACE observations, where the mean
MSE is 0.2 mm? and the mean MAPE is less than 0.15% (Fig. 9b-e).

We evaluate the performance of TWS simulations in eight different geophysical regions
and we find that seven of the regions show a high correlation (PCC>0.6) between our RF-based

TWSA-DSI reconstruction and the GRACE/GRACE-FO observations (Fig. 9f-m).
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Additionally, we also evaluate the accuracy of our TWSA-DSI

machine learning

reconstructions driven by the CMIP6 historical and future simulations (Fig. S11-S12). The

results also suggest a high consistency of our RF-based reconstruction with CMIP6 datasets

during the historical and future periods.
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Fig. 9. Evaluation of the accuracy of random forest-based TWSA reconstructions. Evaluation of the mean TWSA-
DSI time series during the period 2002-2021 using PCC, NSE and NRMSE. (a); comparison of reconstructions
with GRACE observations (b)-(c); spatial evaluation using MSE and MAPE (d)-(e); evaluation of the accuracy

in eight regions using PCC and RMSE (f)-(m).

4.2 Comparisons of CMIP6 and CMIP5 projections

Drought is one of the most harmful threats to forest carbon sinks, and can cause significant

declines in GPP in forest ecosystems at regional and continental scales (EI-Madany et al., 2020;
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Xu et al., 2020). To further investigate the relationship between drought and ecosystem carbon
sink, we also analyze future anomalies in GPP, TER and NEP under drought conditions during
the growing season under three RCPs (e.g., RCP2.6, RCP6.0, RCP8.5) from the CMIP5
framework (Fig. S13). Negative GPP (NEP) anomalies are found over 54.1% (51.4%) of China
under RCP8.5; the negative GPP anomalies are found 60.2% of China on average under the
three RCPs, while the NEP is 56.72%. In addition, under RCP8.5, the overall negative NEP in
China is about twice as strong as under RCP2.6 and 1.5 times under RCP6.0 (Fig. S13).
Moreover, we calculate the relative changes in GPP, TER and NEP in the future without
considering the effects of droughts. As shown in Fig. S14, the carbon flux of the future
ecosystem is projected to increase significantly in most areas compared to the historical period.
Under drought stress, however, the results are exactly the opposite (Fig. 8). Therefore, we find
drought is an important factor in limiting the terrestrial carbon sink. The results indicate that
the function of the carbon sink in China is likely to strengthen during the growing season
without the effect of drought events. However, the increase in GPP (NEP) is significantly
reduced under drought stress, and the degree of decline is projected to increase as the
concentration of carbon emissions increases, which further demonstrates that drought is an
important factor in limiting the terrestrial carbon sink. In locations with grassland, farmland
and other vegetation with shallow roots, the soil cannot hold enough water to sustain
photosynthesis and evapotranspiration during the dry season, which may lead to soil water
stress, stomatal closure and further reduction in photosynthesis (Ichii et al., 2007; de Graaff et
al., 2014).

Meanwhile, the anomalies of GPP, TER and NEP are also projected using the CLM4.5
land surface model forced by bias-corrected GFDL-ESM2M climate data, and these individual
assessments confirm that the limited water availability is likely to constrain the future carbon

sink (Fig. S15). Under drought conditions, photosynthesis and respiration are both reduced, as
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detected by strong negative anomalies of GPP, TER and NEP in most of China, implying large
reductions in ecosystem carbon uptake in a future warmer climate. Overall, the CMIP5 results
(Fig. S13-15) are generally consistent with CMIP6 simulations, supporting the robustness of
our main results. The projected reductions in carbon uptake during drought events occur
alongside an overall increase in carbon sink due to CO> fertilization (Campbell et al., 2017;
Wang et al., 2020b). This paradox can be explained by the fact that in some regions (e.g.,
southeastern China in Fig. 8c, f), the effect of CO2 fertilization on GPP is offset by various
factors (e.g., human activity, different landforms and changes in climate conditions), further
leading to a decrease in GPP (Yin et al., 2023c). However, despite the decrease in GPP under
drought stress in these areas, the significant decrease in TER (i.e., reduced CO2 emission
capacity) is the cause of the increase in NEP. Overall, the negative anomalies of NEP in most
areas are similar to GPP under drought stress (Fig. 8). Our results indicate that ecosystem
carbon sink processes are influenced by multiple factors; GPP and NEP are more sensitive to
heat and drought stress than TER, but ecosystem complexity also has a significant effect on
carbon sink capacity. Therefore, it is only by considering the mechanisms of multiple factors
simultaneously that the interactions between ecosystem carbon budget and terrestrial-
atmospheric conditions can be disentangled.
4.3 Uncertainty and limitations

Climate projections are essential for decision-making but contain non-negligible
uncertainty (Chai et al., 2022). To investigate the uncertainty sourced from different procedures,
we use the multivariate ANOVA method to decompose the uncertainty contribution of different
sources (Addor et al., 2014; Wang et al., 2020a). Fig. 10 shows the sources of uncertainty under
CMIP6-based projections, including three SSPs, GCMs and their interactions, contributing to
the overall uncertainty of projected drought frequency, duration and severity. Moreover, the

multiple sources of uncertainty for eight different geophysical regions are calculated
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645
646 Fig. 10. Uncertainty analysis of drought frequency, duration and severity in China based on three SSPs, GCMs

647 and their interaction. The uncertainty distribution of the two sources and their interaction in 8 regions (a, c, ¢); the

648 uncertainty percentage distribution of the two sources and their interaction in mainland China (b, d, f).
649

650 The influence of GCM uncertainty accounts for the largest proportion of uncertainty, and
651 is larger than that of the SSPs and their interaction (Fig. 10). We also analyze the sources of
652  uncertainty in GPP, TER, and NEP from the CMIP5 and CMIP6 datasets, and again find the

653  total variance of drought indicators and carbon budget variables mainly arises from internal
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variability and model uncertainty (Fig S16-S17). The relative contribution of interaction
variation uncertainty decreases with the increased contribution of model uncertainty (GCM),
and the scenario uncertainty (SSP and RCP) increases slowly. Our results indicate that climate
uncertainty (i.e., GCMs and emission scenarios) is the major source of uncertainty in projecting
future drought events, and so improving the accuracy of model projections remains the best
way to reduce uncertainty in climate change impact studies.

Some limitations should be emphasized. Although we tried to include as many relevant
features as possible to train our random forest model and achieve high simulation accuracy, the
complex relationships between these variables and the uncertainty in the model caused by
human and geophysical factors need to be further explored. As drought generation mechanisms
are also influenced by other factors, future research should aim to reveal the coupling between
them. In addition, the limited number of observation sites in the FLUXNET dataset may affect
the accuracy of the results and the use of a larger number of GCMs might increase the
robustness of global and component uncertainty, so the mobilization of computational
resources to calibrate as many observation sites as possible and constrain the uncertainty of
GCMs for future work is also the next priority.

5. Conclusions

In this study, we attribute and explain the physical mechanisms of TWSA-based drought
conditions and ecosystem carbon exchanges in response to drought stress in China. Heat and
water stress have a significant effect on carbon uptake. We find that GPP and NEP are more
sensitive to heat and water stress than TER, and the ecosystem complexity also has a significant
effect on carbon sink capacity. In addition, drought conditions are projected to become more
severe over half of China under the three future SSPs, with the frequency, duration and severity
of extreme drought events significantly increasing by more than sixfold in more than 60% of

Chinese regions.
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Under future stronger drought events, NEP is projected to show negative anomalies over
most of China in the future. Under drought stress, the negative GPP (NEP) anomalies cover
76.63% (61.95%) of China on average under the three SSPs, which means that the regulation

of ecosystem carbon sinks by droughts is projected to weaken over 60% of China. Mean

minimum negative anomalies of GPP (NEP) are projected at -0.42 (-0.16) g-m~-day™

under the three SSPs compared to -0.23 (-0.09) g-m™-day™ for the historical period,

suggesting that the negative effect of drought on the carbon sink is likely to strengthen as
greenhouse gas emissions increase.

Precipitation, relative humidity and temperature are the primary drivers of droughts in
most of China based on the random forest method. The variance of the drought indicators and
carbon budget variables arises mainly from the uncertainty of the climate models and emission
scenarios. As the contribution of the climate models to the overall uncertainty increases, the
relative contribution of the interaction variation between models and scenarios decreases, while
the scenario uncertainty increases slowly. Overall, higher carbon emissions are projected to
lead to stronger drought impacts on vegetation carbon assimilation, and the decrease of GPP
caused by drought is the main reason for the change in the terrestrial carbon sink.

Under future warming climates, the regulation function of the ecosystem carbon sink is
likely to be weakened by droughts. Higher carbon emissions scenarios tend to be accompanied
by increasingly detrimental impacts on the terrestrial carbon sink. This work highlights the
need to focus on better understanding the risks posed by droughts for the sustainable
development of ecosystems. As an increase in the likelihood of future droughts seems

inevitable, there is an urgent need to improve ecosystem resilience to future warming climates.
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