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ABSTRACT

Interannual variability of the terrestrial ecosystem carbon sink is substantially regulated by various
environmental variables and highly dominates the interannual variation of atmospheric carbon dioxide

(CO,) concentrations. Thus, it is necessary to determine dominating factors affecting the interannual

variability of the carbon sink to improve our capability of predicting future terrestrial carbon sinks. Using

global datasets derived from machine-learning methods and process-based ecosystem models, this study
reveals that the interannual variability of the atmospheric vapor pressure deficit (VPD) was significantly
negatively correlated with net ecosystem production (NEP) and substantially impacted the interannual

variability of the atmospheric CO, growth rate (CGR). Further analyses found widespread constraints of

VPD interannual variability on terrestrial gross primary production (GPP), causing VPD to impact NEP

and CGR. Partial correlation analysis confirms the persistent and widespread impacts of VPD on terrestrial
carbon sinks compared to other environmental variables. Current Earth system models underestimate the
interannual variability in VPD and its impacts on GPP and NEP. Our results highlight the importance of

VPD for terrestrial carbon sinks in assessing ecosystems’ responses to future climate conditions.

Keywords: vapor pressure deficit, net ecosystem production, gross vegetation production, carbon dioxide

concentration

INTRODUCTION

Atmospheric carbon dioxide (CO,) has substan-
tially increased during the last century, and the con-
centrationreached almost 410 ppmin 2019 [1]. Ter-
restrial ecosystems, as a major carbon sink, play an
important role in regulating the global carbon cycle
and atmospheric CO, concentrations [2,3]. On av-
erage, terrestrial ecosystems absorbed atmospheric
CO, atarate of 2.35 Pg Cyr~! during 1959-2019, a
value that was 0.60 Pg C yr! larger than that of the
ocean, another important carbon sink for the atmo-
sphere [1]. The increased rate of terrestrial carbon
sink (0.0415 Pg C yr ') was significantly higher than
that of the ocean carbon sink (0.0299 Pg C yr'!)
[1] (Fig. S1a). In particular, the terrestrial carbon
sink showed substantially larger interannual vari-
ability than did the ocean carbon sink (Fig. S1b),
and the coefficient of variation of the land sink was

3.94 times that of the ocean sink. In addition,
the land sink substantially regulated the year-to-
year variations in the atmospheric CO, growth rate
(Fig. S2). Thus, understanding interannual variabil-
ity and environmental regulation of the land sink is
required for reducing large uncertainties in projec-
tions of the terrestrial carbon cycle and monitoring
global atmospheric CO, concentrations on a year-
to-year basis.

Atmospheric vapor pressure deficit (VPD) has
been identified as an increasingly important driver of
plant functioning in terrestrial biomes and has been
established as a major contributor to recent drought-
induced plant mortality independent of other drivers
associated with climate change. Physically it is a
measure of how far the atmospheric water vapor is
away from the maximum under a given temperature.
Specifically, a high VPD would induce the closure of
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Figure 1. Correlations between the interannual variation in land carbon sinks (NEP), atmospheric CO, growth rate and vapor
pressure deficit (VPD) at the monthly scale. (a) Interannual variations in NEP and VPD over global lands from 1980 to 2013;
NEP simulations from FLUXCOM (green line) and TRENDY (black line) were used. (b) Interannual variation in the atmospheric
CO; growth rate (blue line) and the VPD over global lands from 1980 to 2013. The numbers in the figure show the correlation
coefficients (1) of the VPD with FLUXCOM-NEP (green), TRENDY-NEP (black) and CO, growth rate (blue), and * indicates

statistical significance at P < 0.05.

plant stomata to prevent extensive water loss [4—6],
which subsequently suppresses the photosynthesis
rate and decreases productivity [5,7]. In addition, a
recent study suggested the emergence of VPD regu-
lation on the tropical carbon cycle [8]. Nevertheless,
the global constraints of VPD changes on terrestrial
carbon sinks and atmospheric CO, concentrations
have not yet been quantified.

This study first examines the relationship be-
tween VPD and global terrestrial net ecosystem
productivity (NEP) derived from machine-learning
methods in the FLUXCOM product [9] and ecosys-
tem process-based models from the TRENDY
project [ 10,11]. Because these two datasets are inde-
pendent of each other, the VPD-NEDP relationships
derived from them provide valuable independent
evidence for the relationship. After removing the
seasonal and long-term trends of NEP and the cor-
responding climatic variables, the interannual varia-
tion (IAV) in global NEP from both of these datasets
exhibited high consistency with the variation in
VPD at the global scale, implying VPD strongly
regulates global terrestrial ecosystem carbon uptake
and the atmospheric CO, growth rate (CGR).

RESULTS

This study used two global model datasets (i.e.
FLUXCOM and TRENDY, see Methods) to
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analyze the impacts of VPD on the interannual
variability of terrestrial carbon sinks. The detrended
monthly global VPD over land showed a significant
negative correlation with the detrended monthly
global terrestrial NEP over land derived from both
the FLUXCOM and the TRENDY V8 datasets
(Fig. 1a). The interannual variability in the CGR
was highly consistent with the simulated NEP
derived from the two datasets (Fig. S3), confirming
the strong regulation of terrestrial carbon uptake on
atmospheric CO, concentrations. Therefore, the
interannual variability in the measured atmospheric
CGR also showed a significant negative correlation
with the VPD (P < 0.05) (Fig. 1b), which implies
that the VPD had strong regulatory effects on the
interannual variability of the CGR. At the yearly
scale, the correlations between VPD and NEP/CGR
were also robust, as shown in Fig. S4.

We further investigated the impacts of VPD
on NEP in terms of global patterns. In 98.8% of
vegetated areas, detrended monthly NEP simula-
tions derived from FLUXCOM showed a negative
correlation with detrended VPD (~97.5% with a
significant negative correlation) (Fig. 2e). Similarly,
detrended TRENDY NEP negatively correlated
with VPD over 72.8% of the areas (~67.8% with sig-
nificant correlation) (Fig. 2f). The response of NEP
to VPD in each ecosystem type was also examined, as
shown in Fig. S5. Over almost all ecosystem types,
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Figure 2. Spatial patterns of (a and b) correlations of VPD with gross primary production, (c and d) ecosystem respiration, and (e and f) net ecosystem
production derived from FLUXCOM and TRENDY. The left column indicates FLUXCOM and the right column indicates TRENDY. The insets show the
relative frequency (%) distribution of significant negative correlations (Neg*; P < 0.05; dark green), negative correlations (Neg; light green), positive
correlations (Pos; light red) and significant positive correlations (Pos*; P < 0.05; dark red).

NEP derived from TRENDY and FLUXCOM
showed negative correlations with interannual vari-
ability of VPD (Fig. SS). Both NEPs from TRENDY
and FLUXCOM indicated that evergreen broadleaf
forests are most sensitive to VPD change. TREND
and FLUXCOM disagree about the relationship
between NEP and VPD in deciduous needleleaf
forests, where TRENDY showed a positive correla-
tion between NEP and VPD, whereas FLUXCOM
suggested a negative relationship. This difference is
also evident in the spatial distribution of NEP-VPD
correlations (Fig. 2e and f), implying uncertainties
exist among different data sources.

Ecosystem NEP is jointly determined by vegeta-
tion gross primary production (GPP) and terrestrial
ecosystem respiration (TER), and their relationship
can be written as NEP = GPP—TER. Therefore,
we analyzed the impacts of VPD on GPP and TER.
The simulated GPP derived from the FLUXCOM
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and TRENDY datasets showed relatively consis-
tent correlations with the VPD in the low- and
mid-latitudes (Fig. 2a and b), and a higher VPD
constrained the vegetation GPP. In northern high
latitudes, the GPP derived from the TRENDY
dataset revealed a positive sensitivity to VPD
variation.

In addition, we used a satellite-based vegeta-
tion index (NIRv, near-infrared reflectance of veg-
etation) and contiguous solar-induced fluorescence
(CSIF) measurements to reveal the large-scale cou-
pling between VPD and vegetation growth. The
analyses based on two satellite-based datasets, the
NIRv and the CSIF datasets, confirm the dominant
roles of VPD in regulating global vegetation growth.
From 1982 to 2015, ~69.3% of the vegetation sur-
face showed a negative correlation of interannual
variability between NIRv and VPD (21.70% with
a significant correlation; Fig. 3a). Similarly, from
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Figure 3. Spatial patterns of correlations between VPD and satellite-based (a) NIRv and (b) CSIF. The insets show the relative
frequency (%) distribution of significant negative correlations (Neg*; P < 0.05; dark green), negative correlations (Neg; light
green), positive correlations (Pos; light red) and significant positive correlations (Pos*; P < 0.05; dark red).

2000 to 20185, the CSIF dataset showed that the
interannual variability of the VPD was negatively
correlated with that of the CSIF over 71.40% of veg-
etated areas (28.50% with a significant correlation;
Fig. 3b).

As highlighted in previous studies [12-19],
temperature and land water storage substantially
regulated the interannual variability of terrestrial
carbon sinks and the CGR. We further compared
the impacts of VPD, temperature, precipitation, soil
moisture, land total water storage and downwelling
shortwave radiation on NEP. The magnitudes of
the impacts were estimated using partial correlation
analysis to exclude the impacts of other variables
when investigating the impact of a given variable.
This analysis reveals that the global VPD-NEP
relationship remained significant after controlling
for the effects of air temperature, precipitation, soil
moisture, land water storage and radiation (partial
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correlations of —0.76 and —0.69, respectively;
Fig. 4). The analysis also indicates significant cor-
relations of detrended VPD with detrended CGR
after excluding the impacts of other environmental
variables (Fig. 4c). In contrast, controlling for the
effect of VPD strongly decreased the partial corre-
lations of NEP and CGR with other environmental
variables (i.e. air temperature, precipitation, land
water storage and radiation) (Fig. 4). Spatially, we
also observed a widespread negative correlation
between NEP and VPD, especially for NEP from
FLUXCOM (Figs S6 and S7). Simultaneously,
relatively high positive correlations between NEP
and precipitation were also found in a large area.
Our results highlight that VPD had stronger effects
on the interannual variability of NEP and CGR than
did other environmental variables.

Having established the significant relationship
between VPD and NEP on the interannual scale by
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Figure 4. Correlation of environmental variables with (a and b) global mean net ecosys-
tem production and (c) atmospheric CO, growth rate. Net ecosystem production is de-
rived from (a) FLUXCOM and (b) TRENDY. The correlation analysis includes black bars in-
dicating the correlation coefficient and white bars indicating the partial correlation ex-
cluding other variables. VPD, vapor pressure deficit; TMP, air temperature; PRE, precip-
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Figure 5. Interannual variations in the NEP and VPD simulated by CMIP5. The numbers
in the figure show the correlation coefficients (1.

empirical and ecosystem model data, it would be
interesting to examine whether the current Earth
system models (ESMs) could accurately reproduce
the interannual variability of VPD and its impact on
terrestrial carbon sink. Using simulations from 19
CMIPS (Coupled Model Intercomparison Project
Phase 5) ESMs, we find that the interannual vari-
ability of the VPD simulated by the CMIPS models
shows a strong correlation with the terrestrial
NEP (Fig. Sa). However, although the models can
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capture the decadal trend of the observed VPD, they
give a poor performance with regard to reproducing
the absolute magnitude and interannual variability
of the VPD in the CRU dataset (Fig. Sb). Therefore,
although the current ESMs can fairly well reproduce
the relationship between VPD and the terrestrial
NEP, the poor performance when reproducing
the interannual variability of VPD substantially
limits their capability to reproduce the interannual
variability of the NEP.

DISCUSSION

Our results highlight the dominant role of the VPD
in the interannual variability of terrestrial ecosystem
carbon fluxes (i.e. GPP and NEP) as well as atmo-
spheric CGR. Other lines of evidence support our
conclusion that VPD has profound negative impacts
on plant productivity [20-23]. For example, Novick
et al. [20] decoupled the impact of the soil moisture
supply and atmospheric water demand (indicated
by the VPD) on plant stomatal conductance and
suggested a greater constraint of the latter than the
former on stomatal conductance for many biomes,
and thus on the ecosystem water and carbon fluxes.
Grossiord et al. [23] also suggested that, when the
VPD exceeds a certain threshold, plant photosynthe-
sis and growth for most species will be limited, re-
sulting in a higher risk for hydraulic failure and car-
bon starvation. Recently, Yuan et al. [2] observed an
apparent shift in global vegetation greenness from
greening to browning in the 1990s due to a sharp in-
crease in VPD. Although the VPD has few direct in-
fluences on TER change, the high VPD associated
with high temperature and low soil moisture would
have a great impact on TER. We observed a con-
trasting pattern of the VPD-TER relationship be-
tween arid and humid ecosystems (Fig. 2c and d).
In humid regions, there are positive relationships be-
tween VPD and TER that mostly result from associ-
ated increases of air temperature with VPD. In con-
trast, over the semi-arid and arid ecosystems, water
availability is the most important dominating vari-
able for TER, and thus water stress accompanying
high VPD may limit TER [12,24,25]. A great regu-
lation of VPD on the tropical land carbon cycle was
discovered by a previous study [8], implying a domi-
nantrole of the tropical forest in the established rela-
tionship between VPD and NEP on the global scale.
This study provides profound and direct evidence for
the impacts of VPD on global NEP and the global at-
mospheric CGR.

Several climate variables have been found to
substantially regulate the interannual variability of
carbon uptake by terrestrial ecosystems globally
[12-19]. The strong sensitivity of terrestrial carbon
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fluxes to temperature [ 13,14] and land water storage
[18] has been documented. However, whether the
interannual variability of the terrestrial carbon sink
responds to temperature or water storage is still con-
troversial [12]. An important reason for the current
debate is likely that the impact of the VPD on ter-
restrial carbon sinks has been ignored. It is known
that soil moisture and temperature are closely linked
to VPD [26,27]. Therefore, a link between VPD and
temperature and soil moisture can be expected. In-
evitably, the impact of VPD on the IAV of NEP is
directly or indirectly dependent upon temperature
and soil moisture conditions [19]. This study high-
lights the strong and worldwide impacts of VPD on
the interannual variability of terrestrial carbon sinks,
which should be adequately considered in order to
quantify the role of climate change in the global car-
bon cycle.

DATA AND METHODS

Terrestrial carbon cycle datasets

Three global land carbon flux datasets, FLUXCOM
[9], TRENDY [10] and CMIPS3, were used to ex-
plore the interannual variation in global land vege-
tation GPP, TER and NEP. The FLUXCOM prod-
uct was produced by machine-learning algorithms
based on training using in situ flux observations for
the period of 1980 to 2013. The global GPP, TER
and NEP were estimated at the monthly scale with
a spatial resolution of 0.5° x 0.5°. TRENDY is an
ensemble of simulations of dynamic global vegeta-
tion models (DGVMs) from 1900 to the present
[10], forced by observed climate data. In this study,
the multi-model ensemble mean of the simulated
GPP, TER and NEP from 12 DGVM:s (Table S1) in
TRENDY v8 were used. A total of 17 DGVMsjoined
the TRENDY project, but S DGVMs were excluded
here due to missing NEP output.

Historical simulations of CMIPS models were
derived from 19 ESMs in this study (Table S2).
The estimates of land and ocean carbon sink
data from 1959 to 2019 used in this study were
provided by the Global Carbon Budget 2020
(https://doi.org/10.18160/gcp-2020).

Atmospheric CO, concentration data

The monthly atmospheric CO, concentration time
series from 1959 was obtained from the Greenhouse
Gas Marine Boundary Layer Reference (MBL)
of the National Oceanic and Atmospheric Ad-
ministration Earth System Research Laboratory
(NOAA/ESRL). The time series of CO, concen-
trations from 1959 to 1980 was compiled based on
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records of the Mauna Loa and South Pole stations,
while data from 1980 to the present were compiled
from records of multiple NOAA/ESRL stations.

The monthly atmospheric CO, concentration
records were obtained from the GLOBALVIEW-
CO, product, which provides observations of at-
mospheric CO, concentration over 313 global air-
sampling sites with 7-day intervals (NOAA Global
Monitoring Division, 2013). If the ratio of missing
data is >20% for a given year, then this year was in-
dicated as ‘missing’. The sites with at least 10 years
of observations were included in this study to cal-
culate global mean CO, concentration. Eventually,
77 sites were included equally in the calculation of
global monthly mean CO, concentration without
any weighting of individual sites.

Climate and satellite datasets

Global air temperature, vapor pressure and precipi-
tation data derived from the Climate Research Unit
(CRU v4.02) [28] were used to analyze the im-
pacts of the interannual variability of climate vari-
ables on the terrestrial carbon cycle. CRU provides
monthly climate variables with a spatial resolution of
0.5° x 0.5° from 1900 to the present. The monthly
downwelling shortwave radiation data with a spatial
resolution of 0.5° x 0.625° from 1980 to the present
were collected from the MERRA2 re-analysis prod-
uct [29]. In addition, this study included historical
simulations of climate variables from 18 models of
CMIPS (Table S1).

The VPD was calculated based on CRU and
CMIPS climate datasets. The method [30,31] for
calculating the VPD was as follows:

VPD = SVP — AVP, (1)

17.3 X Tin
SVP = 0.5 x <0.611 X exp ( )

Tinin +237.3

17.3 X Thax

where SVP and AVP are the saturated vapor pressure
and actual vapor pressure (kPa), respectively. Ty,
and T, are the maximum air temperature and min-
imum air temperature (°C), respectively.

Equation (2) should ideally be calculated using
daily maximum and minimum temperatures, but
the CRU dataset provides only monthly averages
of these variables. This is however not a problem
because the relationship between temperature
and saturated water vapor pressure is close to
linear for a small range of temperature fluctua-
tions. A comparison of monthly VPD anomalies
calculated using daily and monthly data from ERAS
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(https://www.ecmwf.int/en/forecasts/datasets/re
analysis-datasets/eraS) confirms that using daily
and monthly data produces similar results, see Figs
S8 and S9.

Global terrestrial water storage (TWS) data for
the period 1980-2016 were provided by Humphrey
et al. [32]. This TWS series was reconstructed based
on TWS measurements derived from the Gravity
Recovery and Climate Experiment (GRACE) rely-
ing on a statistical model, which was forced by daily
precipitation and temperature data [32].

The daily soil moisture with a spatial resolution of
0.25° for the period 1980-2018 was obtained from
the Global Land Evaporation Amsterdam Model
(GLEAM v3.3a) [33].

Global NIRv [34] data from 1982 to 2015 were
derived from the Advanced Very High Resolution
Radiometer (AVHRR) with red (p,) and near-
infrared (0,,;,) band reflectance:

_ Pnir — Pr
Pnir + Pr

NIRv X Phire (3)

In each year, the yearly NIRv data were the mean
value of monthly cloud-free NIRv during the grow-
ing season (defined as the period when the monthly
mean air temperature is higher than 0°C).

Global solar-induced fluorescence (SIF) data
were obtained from a contiguous solar-induced flu-
orescence (CSIF) dataset [35]. The yearly SIF data
were the average number from all the CSIF all-daily
data during the growing season.

The global land cover map was derived from
the MODIS land cover product (MCD12C1) with
a spatial resolution of 0.05° (https://modis.gsfc.
nasa.gov/data/dataprod/mod12.php), and the map
of 2012 was used for the analysis. Global conti-
nents were divided into eight main types of ecosys-
tems (Fig. S10) according to LAI/fpar classification
scheme.

Analysis of interannual variability

In line with previous studies, the monthly atmo-
spheric CGR was defined as the difference in
the CO, concentrations between two successive
months. Then, the seasonal cycle and long-term
trends were removed by subtracting the historical
mean value and applying a simple linear regression
according to Refs [13,18]. Finally, a 12-month run-
ning sum was used to convert the month value to
annual CGR. Similarly, the seasonal cycle and long-
term trends of environmental and carbon variables
(GPP, TER, NEP) were excluded, and the annual
values were obtained. Note thata 12-month running
average rather than the sum of 12 months was used
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to obtain the annual value of environmental vari-
ables, except precipitation.

SUPPLEMENTARY DATA

Supplementary data are available at NSR online.

FUNDING

This work was supported by the National Key Scientific Re-
search and Development Program of China (2017YFA0603601
and 2018YFC1508901), the Strategic Priority Research Program
of Chinese Academy of Sciences (XDA20060402) and Swedish
Formas (2017-01408).

AUTHOR CONTRIBUTIONS

B.H.and W.Y. designed the research. B.H., C.C,,S.L, W.Y,, H.C,,
D.C,Y.Z,L.G,XL.,ZZ,RW.and RT. performed the analysis.
B.H,, C.C,W.Y,, H.C. and D.C. drafted the paper. All co-authors
contributed to the interpretation of the results and to the writing

of the paper.

Conflict of interest statement. None declared.

REFERENCES

. Friedlingstein P, O"Sullivan M and Jones MW et al. Global car-
bon budget 2020. Earth Syst Sci Data 2020; 12: 3269-340.
2. Yuan WP, Zheng Y and Piao SL et al. Increased atmospheric va-

por pressure deficit reduces global vegetation growth. Sci Adv
2019; 5: eaax1396.

3. Park T, Chen C and Fauria MM et al. Changes in timing of sea-
sonal peak photosynthetic activity in northern ecosystems. Glob
Change Biol 2019; 25: 2382—-95.

4. Williams AP, Allen CD and Macalady AK et al. Temperature as a
potent driver of regional forest drought stress and tree mortality.
Nat Clim Change 2013; 3: 292—7.

. Sulman BN, Roman DT and Yi K et al. High atmospheric demand

[&)]

for water can limit forest carbon uptake and transpiration as
severely as dry soil. Geophys Res Lett 2016; 43: 9686—95.

6. Novick KA, Miniat CF and Vose JM. Drought limitations to leaf-
level gas exchange: results from a model linking stomatal opti-
mization and cohesion—tension theory. Plant Cell Environ 2016;
39: 583-96.

7. McDowell NG and Allen CD. Darcy’s law predicts widespread
forest mortality under climate warming. Nat Clim Change 2015;
5:669-72.

8. Chen X, Ciais P and Maignan F et al. Vapor pressure deficit and
sunlight explain seasonality of leaf phenology and photosynthe-
sis across Amazonian evergreen broadleaved forest. Glob Bio-
geochem Cycles 2021; 35: e2020GB006893.

9. Tramontana G, Jung M and Schwalm CR et al. Predicting car-
bon dioxide and energy fluxes across global FLUXNET sites with
regression algorithms. Biogeosciences 2016; 13: 4291-313.

10. Sitch S, Huntingford C and Gedney L et al. Evaluation of the ter-
restrial carbon cycle, future plant geography and climate-carbon
cycle feedbacks using five dynamic global vegetation models
(DGVMSs). Glob Change Biol 2008; 14: 2015-39.

$20z fsenuer pz uo Jasn ABojouyoa] Jo AusisAlun siewieyd Aq Z9rSSE9/0G | GBMU/Y/6/a10NUE/ISU/Woo dnoolwepese//:sdiy Woll papeojumod


https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
https://modis.gsfc.nasa.gov/data/dataprod/mod12.php
https://modis.gsfc.nasa.gov/data/dataprod/mod12.php
https://academic.oup.com/nsr/article-lookup/doi/10.1093/nsr/nwab150#supplementary-data
http://dx.doi.org/10.5194/essd-12-3269-2020
http://dx.doi.org/10.1126/sciadv.aax1396
http://dx.doi.org/10.1111/gcb.14638
http://dx.doi.org/10.1111/gcb.14638
http://dx.doi.org/10.1038/nclimate1693
http://dx.doi.org/10.1002/2016GL069416
http://dx.doi.org/10.1111/pce.12657
http://dx.doi.org/10.1038/nclimate2641
http://dx.doi.org/10.1029/2020GB006893
http://dx.doi.org/10.1029/2020GB006893
http://dx.doi.org/10.5194/bg-13-4291-2016
http://dx.doi.org/10.1111/j.1365-2486.2008.01626.x

20.

21.

22.

23.

Natl Sci Rev, 2022, Vol

. Sitch S, Friedlingstein P and Gruber N et al. Recent trends and drivers of re-

gional sources and sinks of carbon dioxide. Biogeosciences 2015; 12: 653—79.

. Piao SL, Wang XH and Wang K et al. Interannual variation of terrestrial carbon

cycle: issues and perspectives. Glob Change Biol 2020; 26: 300-18.

. Wang W, Ciais P and Nemani RR et al. Variations in atmospheric CO, growth

rates coupled with tropical temperature. Proc Natl Acad Sci USA 2013; 110:
13601-6.

. Wang XH, Piao SL and Ciais P et al. A two-fold increase of carbon cycle sensi-

tivity to tropical temperature variations. Nature 2014; 506: 212—15.

. Ahlstrém A, Raupach MR and Schurgers G et al. The dominant role of semi-arid

ecosystems in the trend and variability of the land CO; sink. Science 2015; 348:
895-9.

. Wang J, Zeng N and Wang MR. Interannual variability of the atmospheric CO;

growth rate: roles of precipitation and temperature. Biogeosciences 2016; 13:
2339-52.

. Jung M, Reichstein M and Schwalm CR et al. Compensatory water effects

link yearly global land CO; sink changes to temperature. Nature 2017; 541:
516-20.

. Humphrey V, Jakob Z and Ciais P et al. Sensitivity of atmospheric CO; growth

rate to observed changes in terrestrial water storage. Nature 2018; 560: 628—
31

. Humphrey V, Berg A and Ciais P et al. Soil moisture—atmosphere feedback dom-

inates land carbon uptake variability. Nature 2021; 592: 65-9.

Novick KA, Ficklin DL and Stoy PC et al. The increasing importance of atmo-
spheric demand for ecosystem water and carbon fluxes. Nat Clim Change 2016;
6: 1023-7.

Konings A, Williams A and Gentine P. Sensitivity of grassland productivity
to aridity controlled by stomatal and xylem regulation. Nat Geosci 2017; 10:
284-8.

Ding JZ, Wang T and Zhao YT et al. Increasingly important role of atmospheric
aridity on Tibetan alpine grasslands. Geophys Res Lett 2018; 45: 2852—9.
Grossiord C, Buchkey TN and Cernusak LA et al. Plant responses to rising vapor
pressure deficit. New Phytol 2020; 226: 1550-66.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

.9, nwab150

Meyer N, Welp G and Amelung W. The temperature sensitivity (Q10) of soil
respiration: controlling factors and spatial prediction at regional scale based
on environmental soil classes. Glob Biogeochem Cycles 2018; 32: 306—23.
Zheng PF, Wang DD and Yu XX et al. Effects of drought and rainfall events on
soil autotrophic respiration and heterotrophic respiration. Agric Ecosyst Environ
2021; 308: 107267.

Massmann A, Gentine P and Lin C. When does vapor pressure deficit drive or
reduce evapotranspiration? J Adv Model Earth Syst 2019; 11: 3305-20.

Zhou S, Williams AP and Berg AM et al. Land—atmosphere feedbacks exacer-
bate concurrent soil drought and atmospheric aridity. Proc Nat/ Acad Sci USA
2019; 116: 18848-53.

Harris |1, Jones PD and Oshorn TJ et al. Updated high-resolution grids of monthly
climatic observations—the CRU TS3. 10 dataset. /nt J Climatol 2014; 34: 623~
42.

Gelaro R, McCarty W and Suérez MJ et al. The modern-era retrospective analy-
sis for research and applications, version 2 (MERRA-2). J C/im 2017; 30: 5419—
54,

Buck AL. New equations for computing vapor pressure and enhancement
factor. J Appl Meteor 1981; 20: 1527-32.

Allen RG, Pereira LS and Raes D et al. Crop Evapotranspiration—Guidelines
for Computing Crop Water Requirements—FAQ Irrigation and Drainage Paper
56. http://www.fao.org/3/X0490E/x0490e00.htm (12 August 2021, date last
accessed).

Humphrey V, Gudmundsson L and Seneviratne SI. A global reconstruction of
climate-driven subdecadal water storage variability. Geophys Res Lett 2017;
44: 2300-9.

Martens B, Miralles DG and Lievens H et al. GLEAM v3: satellite-based land
evaporation and root-zone soil moisture. Geosci Model Dev2017;10: 1903-25.
Badgley G, Field CB and Berry JA. Canopy near-infrared reflectance and terres-
trial photosynthesis. Sci Adv2017; 3: e1602244.

Zhang Y, Joiner J and Alemohammad SH et al. A global spatially contigu-
ous solar-induced fluorescence (CSIF) dataset using neural networks. Biogeo-
sciences 2018; 15: 5779-800.

Page 8 of 8

$20z fsenuer pz uo Jasn ABojouyoa] Jo AusisAlun siewieyd Aq Z9rSSE9/0G | GBMU/Y/6/a10NUE/ISU/Woo dnoolwepese//:sdiy Woll papeojumod


http://dx.doi.org/10.5194/bg-12-653-2015
http://dx.doi.org/10.1111/gcb.14884
http://dx.doi.org/10.1038/nature12915
http://dx.doi.org/10.1126/science.aaa1668
http://dx.doi.org/10.5194/bg-13-2339-2016
http://dx.doi.org/10.1038/nature20780
http://dx.doi.org/10.1038/s41586-018-0424-4
http://dx.doi.org/10.1038/s41586-021-03325-5
http://dx.doi.org/10.1038/nclimate3114
http://dx.doi.org/10.1038/ngeo2903
http://dx.doi.org/10.1002/2017GL076803
http://dx.doi.org/10.1111/nph.16485
http://dx.doi.org/10.1002/2017GB005644
http://dx.doi.org/10.1016/j.agee.2020.107267
http://dx.doi.org/10.1029/2019MS001790
http://dx.doi.org/10.1073/pnas.1904955116
http://dx.doi.org/10.1002/joc.3711
http://dx.doi.org/10.1175/JCLI-D-16-0758.1
http://dx.doi.org/10.1175/1520-0450(1981)020%3c1527:NEFCVP%3e2.0.CO;2
http://www.fao.org/3/X0490E/x0490e00.htm
http://dx.doi.org/10.1002/2017GL072564
http://dx.doi.org/10.5194/gmd-10-1903-2017
http://dx.doi.org/10.1126/sciadv.1602244
http://dx.doi.org/10.5194/bg-15-5779-2018
http://dx.doi.org/10.5194/bg-15-5779-2018

