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Abstract

Terrestrial carbon sink has exhibited significant interannual variability (IAV) over the past
five decades. However, the dominant regions and factors controlling the IAV of global
land carbon sink remain controversial. Using six TRENDY models, we quantified regional
contributions to the IAV of global land carbon sink from 1981 to 2017 and identified the
dominant factors across different ecosystems and the globe. Results indicated that forests
and savannas contributed most to global net biome productivity (NBP) IAV (27% and 29%,
respectively). Further analyses revealed that root zone soil moisture (RZSM) and vapor
pressure deficit (VPD) played a dominant role at the local and global scales, particularly
in regions between 20° S and 40° S and 40° N-60° N. Across different ecosystems, the
dominant drivers of NBP [AV varied greatly. More precisely, in tropical forests, NBP AV
was dominated by temperature variability, whereas in extra-tropical forests and croplands,
VPD variability played a dominant role. Furthermore, in shrublands and grasslands,
RZSM and VPD have comparable effects on NBP anomalies. Our findings provided robust
evidence for an important joint control of RZSM and VPD in the IAV of land carbon sink,
and reduced some of the uncertainty around the dominant drivers of temporal variability
in NBP.

Keywords: interannual variability; land carbon sink; root zone soil moisture; vapor
pressure deficit; temperature

1. Introduction

Global terrestrial ecosystems are a major carbon sink, absorbing between about 20%
and 30% of anthropogenic CO, emissions every year [1,2]. This carbon sink plays a critical
role in slowing down global warming [3]. Over the past half century, global land carbon
sink has increased, whereas it has also exhibited a larger interannual variability (IAV) than
ocean carbon sink [4]. This large IAV of land carbon sink has caused the fluctuation of
atmosphere CO, growth rate (CGR) [5-10]. Therefore, understanding the IAV of the land
carbon sink and clarifying its dominant drivers are beneficial to accurately predict annual
variability in future atmospheric CO, concentrations and understand the relationships
between climate and the carbon cycle.

The TAV of land carbon sink has received more attention, while its dominant drivers
still remain controversial. Some studies agreed that the IAV of global land carbon sink
was dominated by temperature [10-12]. For example, Wang, Piao et al. [12] indicated
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that the sensitivity of CGR to the IAV of tropical temperature has increased by around
two-fold in the past five decades. Whereas other studies argued that water availability, e.g.,
precipitation, terrestrial water storage (TWS) and soil moisture had a dominant role [13-16].
For instance, Wang, Bastos et al. [15] demonstrated that the IAV of global land carbon sink
was dominated by TWS due to the compensatory responses existed in different seasons to
temperature. Humphrey, Berg et al. [17] indicated that 90 per cent of the IAV in global land
carbon sink was driven by soil moisture variability. Jung, Reichstein et al. [18] reported
that the IAV of land carbon sink was mostly controlled by soil moisture at the local scale.
However, previous studies have not thoroughly analyzed the differences in how soil
moisture controls IAV of land carbon sink across ecosystems [16,17]. It is worth noting that
root zone soil moisture (RZSM) has widespread impacts on vegetation production [19].
In addition, we found that RZSM has significantly decreased since 1980, especially in
regions with large contributions to the IAV of global land carbon sink, such as the Amazon
rainforest [20]. Thus, it is necessary to examine the contributions of RZSM to the IAV of
global land carbon sink.

In addition to above proxies of water availability, vapor pressure deficit (VPD) has
been recognized as an important limited factor of plant photosynthesis through its regula-
tions on plant stomata [21,22]. Since 1980s, VPD has gradually increased under a warming
climate [23]. Increased VPD, as a result, reduced global vegetation growth [24]. Moreover,
the increase in VPD markedly affected vegetation productivity [25,26] and plant mortal-
ity [27,28], which may reduce the global land carbon sink. A recent study demonstrated
that VPD variability has a strong correlation with fluctuations in CGR and carbon fluxes,
e.g., NEP, [4,29].

However, a systematic inter-comparison of temperature, RZSM and VPD for the IAV
of land carbon sink has been missing so far at regional and global scales. To fill these
knowledge gaps, we used six model outputs from TRENDY v9 to address: (1) which
ecosystems dominate the IAV of land carbon sink (hereafter referred to as NBP IAV) at the
global scale; and (2) what kind of factors (e.g., temperature, root zone soil moisture and
VPD) dominate the NBP IAV across different ecosystems and globe.

2. Materials and Methods
2.1. NBP and GPP Data

In this study, we used the model simulation results from dynamic global vegetation
models (DGVMs) from the “Trends and drivers of the regional scale sources and sinks
of carbon dioxide” (TRENDY) v9 project for the period of 1981-2017. The NBP and GPP
data in the TRENDY v9 used in this study were based on simulations with ISAM, LPJ,
LPJ-GUESS, LPX-Bern, ORCHIDEEv3 and VISIT. These models run at a spatial resolution
of 0.5° x 0.5° (Table 1). Our analysis used the model outputs of NBP and GPP under the
TRENDY “S2” experiment (which includes the effects of time-varying CO, concentrations
and climate changes) at the monthly scale. The TER (total ecosystem respiration) was
derived using the carbon mass balance approach. We calculated yearly carbon fluxes (NBP,
GPP and TER) for each model for further analysis. In this study, the multi-model ensemble
mean of simulated NBP, GPP and TER from six DGVMs were used.
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Table 1. Overview of the TRENDY v9 DGVM output provided and used in this study, including their
spatial and temporal resolutions as well as relevant processes.

Spatial

Temporal Fire Simulation Climate and CO,

Model Resolution Resolution N and/or Suppression Variability Fertilization Reference
ISAM 0.5° x 0.5° Monthly Yes No Yes Yes [29]
LPJ 0.5° x 0.5° Monthly No Yes Yes Yes [30]
LPJ-GUESS 0.5° x 0.5° Yearly Yes Yes Yes Yes [31]
LPX-Bern 0.5° x 0.5° Monthly Yes Yes Yes Yes [32]
ORCHIDEEv3 0.5° x 0.5° Monthly Yes No Yes Yes [33]
VISIT 0.5° x 0.5° Monthly No No Yes Yes [34]

2.2. Soil Moisture Data

In this study, root zone soil moisture between 0 and 100 cm was selected. This was
because the top meter (0-100 cm) of soil has frequently been taken as the “root zone” in
large-scale modeling studies [35], and the highest density of plant root generally exists in
this depth range [36]. A recent study indicated that the global mean root depth was 0.678 m,
and the areas with depths of less than 100 cm accounted for 80% of global land areas [37].

Soil moisture was derived from the land component of ERA5 (ERA5-Land), which was
based on the CHTESSEL model at 9 km horizontal resolution [38]. ERA5’s soil moisture
datasets were well validated based on in situ observations [39-41]. Before further data
analysis, all soil moisture datasets were resampled to 0.5° resolution by using the bilinear
interpolation. The soil moisture over 0-7 cm, 7-28 cm, and 28-100 cm were weighted to
obtain the RZSM (0-100 cm) with the weight 0.07 (7 cm /100 cm), 0.21 and 0.72 for the first,
second and third layers, respectively [41,42]:

00-100 cm = 0.07 X 8p_7em + 0.21 X 0708 em + 0.72 X 028100 em/ 1)

where the 0j_100cm presents the soil moisture volume over 0-100 cm m? m3); 0o_yem,
07-28cm, 028-100cm present the soil moisture volume over 0-7 cm, 7-28 cm, and 28-100 cm
(m3 m~3), respectively.

2.3. Temperature and VPD Data

Global mean air temperature, maximum air temperature, minimum air temperature,
saturated vapor pressure (SVP) and actual vapor pressure (AVP) were derive from the
Climate Research Unit gridded Time Series CRU TS v4.06 [43]. CRU TS provides monthly
climate variables at a spatial resolution of 0.5° x 0.5° from 1980 to present.

VPD was calculated as [4]:

VPD = SVP - AVP, 2)

17.3 x T,y 173 x T
SVP =0.5 x [ 0.611 x ex "“") +0.611 x ex (’”‘”‘)) 3
( p(Tmm 12373 P\ Tax + 2373 ®)

where SVP and AVP are the saturated vapor pressure and actual vapor pressure (KPa),
respectively; T and T,,;, are the maximum air temperature and minimum air temperature
(°C), respectively.

2.4. Land Cover Data

The global land cover map was derived from the MODIS land cover datasets
(MCD12Q1) with a spatial resolution of 0.005°. Firstly, the land cover datasets were aggre-
gated to 0.5° by 0.5° spatial resolution [44]. Secondly, land cover types were grouped into:
(1) forests, including evergreen needleleaf forest, evergreen broadleaf forest, deciduous
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needleleaf forest, deciduous broadleaf forest and mixed forest; (2) shrublands, including
closed shrublands and open shrublands; (3) savannas, including woody savannas and
savannas; (4) grasslands; (5) wetlands; (6) croplands, including croplands and natural vege-
tation mosaic. Then, forests were further divided into tropical and extra-tropical forests
based on Képpen-Geiger climate classification [45].

These datasets were summarized in Table S1.

2.5. Contribution Index

To clarify the dominant ecosystem of the IAV of global carbon sink, we calculated the
relative contribution of grid cells to the global NBP IAV by using the contribution index
method proposed by [46]. We further partition global NBP IAV among land cover classes
(e.g., forests, shrublands, savannas, grasslands, wetlands, and croplands) based on the
relative contribution of individual grid cells to global NBP IAV. The contribution index (f;)
was defined as: %]

. @
Ll Xl

where xj; is the NBP anomaly (departure from a long-term trend) for j grid cell at time ¢
(in years); X; is the global NBP anomaly (X: = } ;x;;). Regions or grid cells with higher and
positive values of f; are considered to have a large contribution to global NBP IAV, while
regions or grid cells with low values of f; contribute less. This method was also used to
partition the global NBP IAV among different carbon flux components, e.g., GPP and TER.

2.6. Anomalies Decomposition

To diagnose the contributions of different climatic drivers (e.g., temperature, RZSM
and VPD) on NBP IAV, we decomposed NBP IAV into their addictive components forced
by annual anomalies of temperature, RZSM and VPD [18]. Firstly, we obtained NBP IAV
(shown as the ANBP; , in Equation (5)) and IAV of climatic drivers by removing their trend
over year for each grid cell using a least-squares linear fitting method. Secondly, we fitted a
multiple linear regression model, constrained to have zero-intercept, to attribute the NBP
variability to the respective variations in the climatic drivers. Then, the estimated NBP
sensitivity to interannual variations in climatic drivers (for example aX#5M) multiplied
by the respective anomalies of those drivers (for example ARZSM; ) quantifies the NBP
anomaly component driven by each climatic drivers (for example AN BpgyZSM). These
individual components were subsequently synthesized into a reconstructed NBP anomaly
(AN BP;‘,y in Equation (5)).

ANBPgy = afM x ARZSM,, + alPMP x ATEMP;, 4+ a¥TP x AVPDyy + €5y

ANBP;, = ANBPS/*M + ANBP{IMP + ANBPYP,

)

where ANBP; , presents the detrend annual anomaly of NBP; ARZSM;,,, ATEMP;,, and
AVPDS,y are the detrended annual anomalies of RZSM, TEMP and VPD, respectively;
AN BpsyZSM, AN BPSTI;SMP and AN BPZ f D are the individual RZSM-driven, temperature-
driven, and VPD-driven NBP IAV, respectively; ANBP, presents the annual anomalies of
NBP reconstructed by RZSM, TEMP and VPD; subscripts s and y are the index values of
grid cells and years (from 1981 to 2017), respectively; a is the regression coefficient, which
was assessed at the p < 0.05 level based on a two-sided t-test; ¢y is the residual error term.

Before further data analysis, all monthly datasets were aggregated to an annual scale.
All data analyses introduced above were conducted in R [47].
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3. Results
3.1. Trends and IAV of NBP Across Different Ecosystems and Globe

Increases in land NBP were observed during the period of 1981-2017. Globally,
land NBP increased from —0.08 Pg C yr~! (carbon source) in 1983 to 3.89 Pg C yr~!
in 2011 (carbon sink), at a mean rate of 0.04 Pg C yr—2 (p < 0.05, Figure 1a). Among
different ecosystems, land NBP in both grasslands and savannas significantly increased by
0.01 Pg C yr—2, whereas the remaining ecosystems did not significantly increase (Figure 1a).

(a) (b)
4 ol
~~ IH
T, 1 5
\; 2 O 14 /\
/\\_/\/\/\, o0 A 4/\ y , A
Lb)o 0f '//A\\/I\_\\:/D{/' T TA —aS S s & o ;\_.\Cf;\.g, :/\‘ 7 Y EVF. W
&‘/ . ’\v/- '\\/ v T /& \/ \Z 7
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1981 1986 1991 1996 2001 2006 2011 2016 1981 1986 1991 1996 2001 2006 2011 2016

Figure 1. The long term trend (a) and interannual variability (b) of NBP across the globe and
ecosystems using the TRENDY multiple-ensemble mean. * presents statistically significant coefficients
atp <0.05.

At the global scale, terrestrial land NBP showed a large IAV from 1981 to 2017, with a
detrended NBP anomaly varied from —1.76-1.34 Pg C yr~! (Figure 1b). Among different
ecosystems, savannas and grasslands presented a relatively largest NBP IAV, with de-
trended NBP anomalies ranging between —1.00-0.79 Pg C yr~! and —0.72-0.79 Pg C yr !,
respectively; followed by tropical forests (—0.68-0.52 Pg C yr~!), shrublands
(—0.64-0.76 Pg C yr~1) and croplands (—0.58-0.56 Pg C yr~!). In contrast, extra-tropical
forests and wetlands had the lowest detrended NBP anomaly varied between
—0.19-0.16 Pg C yr ! and —0.02-0.03 Pg C yr~!, respectively (Figure 1b).

3.2. Relative Contributions in Different Regions and Carbon Fluxes to Global NBP IAV

In the TRENDY model ensemble, the relative contributions of local NBP IAV into
global NBP IAV presented a strong spatial pattern globally. The largest contribution values
were mainly distributed in eastern of the United States of America (USA), tropical South
America, southeastern Africa, and coastal Australia, >0.005%. On the contrary, relatively
low contributions of less than —0.003% were generally observed in western America,
southeastern South America and part of central Africa and central Asia (Figure 2a).

To identify the regions that dominated the IAV of global NBP, we divided the global
land surface into seven main land cover classes (e.g., tropical forests, extra-tropical forests,
shrublands, savannas, grasslands, wetlands and croplands) according to the MODIS land
cover classification (MODIS MCD12Q1). Among the seven land cover classes, savannas
and forests were found to account for the largest fraction, 29.40% and 26.50% (the sum of
contributions of tropical forest and extra-tropical forests), of global NBP IAV, respectively;
followed by grasslands (18.80%), croplands (17.60%) and shrublands (6.20%). By contrast,
wetlands had the least contribution to global NBP IAV, with a contributed fraction less than
1% (Figure 2b).
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Figure 2. Regional contributions to global land NBP IAV over 1981-2017 in the TRENDY model
ensemble mean. (a) Spatial pattern of local contributions to global NBP IAV. (b) Relative contributions
of the different ecosystems to global NBP IAV.

Moreover, we found that the contribution of GPP (47%, sum of GPP contributions in
each grid cells, Figure 3a) to global NBP IAV was slightly less than that of TER (53%, sum
of the TER contributions in each grid cell, Figure 3b). Spatially, in the Southern Hemisphere
(SH), NBP IAV was mostly contributed by GPP anomalies, especially in tropical South
America, southeastern Africa and the coast of Australia. In the Northern Hemisphere (NH),
NBP IAV was partially contributed by GPP anomalies that were distributed in southeastern
USA, partial areas of Europe (e.g., Poland, Ukraine and Republic of Belarus), southern
Russia, partial areas of India and Southeastern Asia (Figure 3a). Furthermore, another part
of NBP IAV was contributed by TER anomalies that were observed in northeastern USA,
southern Canada, West Siberian Plain, the East European Plain and southeastern China

(Figure 3b).
(%)
60°N 1™~
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Figure 3. Relative contributions of anomalies in (a) GPP and (b) TER to the global NBP IAV in the
TRENDY model ensemble mean.

3.3. NBP Anomalies in Related to Climate Variables

To investigate the relationships between climate variables and NBP IAV, partial cor-
relations were conducted for each grid cell. Our results showed that detrended NBP was
positively correlated with detrended RZSM over 78% of the areas (50% with significant
correlation, Figure 4a). In addition, there was a negative correlation between detrended
NBP and temperature in approximately 55% of land areas, particularly in Amazon basin
(Figure 4b). Moreover, in 74% of land areas, detrended NBP was negatively correlated with
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detrended VPD (33% with a significant negative correlation). Areas over northern high
latitudes exhibited a positive correlation between detrended NBP and VPD (Figure 4c).

(a) (b)
60°N{ =B~ 60°N TR
30°N 1 30°N 4
0° 0°4
30°8+ 30°8
Neg .
60°5, W Negt 60°S 1
Pos.
Il Pos*
180°W  120°W °E 180°W  120°W 60°W 0° 60°E 120°E 180°E
(©)
60°N
30°N
o
30°8-
60°5-
180°W  120°W 0° 60°E 120°E 180°E

Figure 4. Spatial patterns of partial correlations between detrended NBP and (a) detrended RZSM,
(b) detrended temperature, and (c) detrended VPD, respectively. The insets show the fractions of
insignificant negative correlations (Neg, p > 0.05), significant negative correlations (Neg*, p < 0.05),
non-significant positive correlations (Pos, p > 0.05), non-significant positive correlations (Pos*,
p < 0.05), respectively.

To further reveal the dominant drivers of global land carbon sink, we attributed
the factors contributing to NBP IAV by using the carbon flux anomaly decomposition
approach described in Section 2.6. We first verified that NBP anomalies reconstructed
with climatic factors could correctly produce the detrended NBP time series (evaluated by
the correlations as shown in Figure S1). The correlation coefficients between the globally
reconstructed NBP anomalies and original NBP anomalies were as high as 0.90 (p < 0.001),
indicating that climatic variables had a good capacity for reconstructing NBP anomalies.
Globally, the original NBP anomaly showed stronger correlations with the RZSM-driven
(r=0.72, p < 0.001) and VPD-driven (r = 0.75, p < 0.001) components compared to the
temperature-driven (r = 0.64, p < 0.001) component (Figure 5a). This suggested that RZSM
and VPD have a stronger influence on NBP variability than temperature.

In different ecosystems, the dominant drivers of NBP IAV greatly varied. In tropical
forests, the correlation coefficient between NBPTEMP (r = 0.92, p <0.001) and original NBP
anomaly was obviously higher than that in NBPR“M (r = 0.86, p < 0.001) and NBPVFP
(r=0.81, p < 0.001), indicating that NBP IAV was mainly driven by temperature variability
rather than by RZSM or VPD variability (Figure 5b). However, in extra-tropical forests,
VPD exerted a stronger control on NBP IAV than temperature and RZSM, with a correlation
coefficient of 0.74 (p < 0.001, Figure 5c). In shrublands and grasslands, NBP IAV was mainly
controlled by the fluctuations in RZSM and VPD (Figure 5d,f). But in savannas, NBP IAV
was mainly driven by the fluctuations in temperature and VPD (Figure 5e). In addition, in
cropland, the dominant factor for NBP IAV was VPD (r = 0.79, p < 0.001, Figure 5h), whereas
in wetlands none of the climatic factors played a dominant role (p > 0.05, Figure 5g).
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Figure 5. Environmental controls on NBP IAV across the globe and different ecosystems using the
TRENDY ensemble mean. Correlation coefficients between NBP IAV and NBP anomalies driven by a
given factor are labeled in each panel. Asterisks present the significance of the correlation coefficient
(*: p <0.05; **: p < 0.01; ***: p < 0.001).

4. Discussion
4.1. Contributions of Regional Ecosystems to the IAV of Global Land Carbon Sink

In this study, we found that forests and savannas dominated the magnitude of global
land carbon sink, accounting for 37% (0.82 Pg C yr~!) and 30% (0.67 Pg C yr—!) of the
global NBP (2.21 Pg C yr~!) on average, respectively (Table S2). Meanwhile, forests and
savannas also dominated the IAV of global land carbon sink (Figure 2b), particularly in
tropical forests and tropical semi-arid ecosystems (Figures 2a and S2). In these regions,
the IAV of land carbon sink was strongly associated with GPP anomalies (Figures 3a and
S3), which was highly correlated with hydro-climatic extremes, e.g., drought, [26,48,49].
Especially in tropical water limited areas such as southern Africa and Australia, drought
and drought-heat were significantly related to GPP losses, explaining 30-40% of the global
GPP losses over the last three decades [50]. Moreover, El Nifio resulted in severe drought
and heatwaves in tropics, which negatively affected plant growth and thereby reduced
land carbon sink in the tropics [48,49,51]. This was because the decline of GPP in the tropics
caused by El Nifio was much greater than the enhanced TER [48]. In contrast, in boreal
forests, the IAV of land carbon sink was mainly determined by TER anomalies (Figures 3b
and 54), which mostly resulted from temperature rising and precipitation change through
its impact on heterotrophic respiration Rh [52].

In addition to forest and savanna ecosystems, croplands and grasslands, from which
the contributions to global NBP IAV were nearly equivalent (both around 18%, Figure 2b).
Spatially, the contributions of croplands to the IAV of global land carbon sink were mainly
located in the NH, e.g., central of the USA, India, southern Russia and Ukraine (Figure 2a).
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However, the contributions of grasslands to the IAV of global land carbon sink were mainly
distributed in the SH, such as eastern and southern of the Brazil, eastern Australia and
part of southeastern Africa. Moreover, we found that the IAV of land carbon sink in both
croplands and grasslands was mainly induced by GPP anomalies (Figure 3). In terms of
croplands, this may be due to the fact that the crop productivity was intensively disturbed
by human land-use management, e.g., multiple cropping. Taking India as an example,
the greening of vegetation mostly occurred in croplands (82%) that is, becoming more
productivity [53], as a result changing in carbon uptake year to year.

Additionally, we found that the contributions of carbon flux components in different
ecosystems to the IAV of global land carbon sink varied among TRENDY models (Figure S5).
For example, the ISAM model showed that TER (78.4%, sum of TER contributions in all
ecosystems) anomalies contributed four times as much as GPP anomalies (19.5%, sum of
GPP contributions in all of ecosystems). However, in LPX-Bern, ORCHIDEEv3 and VISIT
models, GPP anomalies dominated the global NBP IAV. These differences were highly
related to the different processes included in dynamic global vegetation models GVMs [54].
For instance, Chen and Xing et al. [55,56] indicated that carbon fluxes (e.g., net primary
productivity, soil respiration and ecosystem respiration) were significantly affected by N
deposition. However, some DGVMs such as LPJ and VISIT have not taken the impacts of
N deposition on carbon fluxes into consideration [54]. Thus, to reduce the uncertainties of
contributions of carbon fluxes to the IAV of global land carbon sink at the ecosystem scale,
more efforts are needed to optimize structure and parameters in DGVMs.

4.2. Climatic Drivers of the IAV of Global Land Carbon Sink

In recent years, many studies have highlighted the control of temperature on the IAV of
land carbon sink [11,18], it is not surprising that we found global NBP IAV was significantly
correlated with temperature. However, it is worth noting that RZSM and VPD had a
stronger influence than temperature on the NBP IAV at the global scale (Figure 5), which
was inconsistent with [18]. Such discrepancies implied that the influences of atmospheric
dryness must be considered when estimating how the IAV of global carbon sink responds
to climatic change. As shown in Figure 56, VPD IAV had a stronger negative correlation
with NBP AV than temperature and RZSM on the global scale.

Moreover, our results indicated that we should focus on the impact of VPD on the IAV
of land carbon sink, particularly in regions between 40° N and 60° N and 20° S—40° S. At
20° S—40° S, we found that the IAV of land carbon sink was dominated by both VPD and
RZSM (Figure S7). This was because in most areas at 20° S-40° S, such as southern Africa,
there was a strong coupling between soil moisture and VPD [57]. As shown in Figure 4,
at 20° 5-40° S, NBP IAV was significantly negatively correlated with VPD variability but
positively correlated with RZSM variability, implying that higher VPD and lower RZSM
would result in a reduction in land carbon sink. On one hand, root zone soil moisture
had direct effects on NBP through its impacts on photosynthesis because root zone soil
moisture determines the amount of water that can be extracted by plant roots [58]. On the
other hand, RZSM variability could enhance VPD variability through land-atmosphere
interaction, thus leading to indirect effects on NBP [17]. By contrast, at 40° N-60° N, VPD
exerted a stronger control on the IAV of land carbon sink than RZSM and temperature
(Figure S7), which was observed in the relatively strong negative correlation between NBP
IAV and VPD variability (Figure 4). The reason for this phenomenon was that the increase
in temperature and the decrease in soil moisture jointly enhanced the effect of VPD on
vegetation productivity [59].

Regionally, the dominant driver for the IAV of land carbon sink varied across different
ecosystems. In tropical forests, NBP IAV was dominated by temperature fluctuation. This
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was because frequent warm extremes over the past 40 years significantly weakened the
terrestrial carbon sequestration of tropical forests [60]. In particular, during El Nifio events,
warmer temperature and drought limited the photosynthetic uptake of tropical forests,
leading to a decrease in aboveground biomass carbon [49,61] and a loss of GPP [51,62-64].
A second reason was that tropical forests accounted for the largest fraction of global Rh,
and temperature fluctuation dominated the tropical forest Rh variability [65]. Warmer
anomalies in tropical regions had a dual effect on increasing Rh and decreasing vegetation
productivity. These concurrent responses amplified the influence of temperature on the
IAV of land carbon sink [11]. Nevertheless, we cannot ignore the fact that RZSM and VPD
significantly affected the IAV of land carbon sink because tropical forests like those in the
Amazon basin were a hot spot of concurrent extreme VPD and soil moisture. Extremely
low soil moisture and high VPD could result in markedly strong negative anomalies in land
carbon sink [57]. Notably, we observed a significant decrease in RZSM in many tropical
forests, e.g., the Amazon Basin and Congo Basin [20]. Generally, a decrease in soil moisture
could lead to an increase in VPD, which would further constrain photosynthesis, reduce
terrestrial carbon sink and increase atmospheric CGR.

In shrublands and grasslands, the influences of temperature variability were far less
than that of RZSM variability and VPD variability on NBP IAV. This was mainly because
a large fraction of water-limited areas were covered by shrublands and grasslands [66].
In water-limited areas, ecosystem productivity [26,67,68] and respiration [65] were more
responsive to soil moisture. It is likely that soil moisture dominated the IAV of land carbon
sink through its influence on photosynthesis, because soil moisture was the dominant
driver of vegetation productivity [26,68]. Particularly in dryland ecosystems, sustained low
soil moisture generally was accompanied by a warmer and drier atmosphere and a high
VPD. In turn, high VPD could enhance evaporative demand, further accelerating the water
loss of soil. These processes resulted in negative GPP anomalies [69]. In croplands, the
impact of RZSM on NBP IAV was significantly weaker than that of VPD. This phenomenon
can be attributed to two primary reasons. Firstly, the construction of water facilities and
improvements in irrigation technology could potentially alleviate constraints on water
availability for crop cultivation [70,71]. For instance, recent research demonstrated that
mulched drip irrigations effectively replenished RZSM, promoting maize growth and
enhancing water use efficiency, thereby indirectly sustaining higher carbon uptake ca-
pacity. Similarly, Martinez et al. found that irrigation led to higher water use efficiency
and more stable carbon fluxes (e.g., GPP) in potato fields [72]. Collectively, these find-
ings indicated that management practices like irrigation could maintain or even enhance
ecosystem carbon sink function by mitigating water stress. Secondly, VPD exerted a strong
regulation on plant stomata [21,22]. High VPD induced stomatal closure to reduce water
loss, which directly limits CO, uptake and reduces GPP and NBP. According to Novick,
Ficklin et al. [73], VPD limits stomata more strongly than soil moisture in most ecosystems.
Our results suggested that the divergent impacts of temperature, RZSM and VPD need to
be considered in different ecosystems to more accurately assess climate effects on the IAV
of land carbon sink.

4.3. Limitations

In this study, we calculated the relative contributions of different ecosystems to the
IAV of global land carbon sink, and quantified the dominant drivers at regional and global
scales. However, some limitations and uncertainties still remain. Firstly, in addition to tem-
perature, RZSM and VPD, other environmental factors such as nitrogen deposition, CO,
concentration and disturbances (e.g., land-use) may affect the quantification of regional
contributions to the IAV of global land carbon sink, which should be further investigated in
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the future. Secondly, the carbon fluxes used in this study were estimated by DGVMs from
TRENDY v9. It is unknown whether the dominant drivers differ in different datasets pro-
duced by different approaches: process-based vegetation models, atmospheric inversions
and data-driven models. In future, inter-comparison of the relationships between the IAV of
global land carbon sink and temperature, RZSM and VPD by using above three approaches
should be conducted. Thirdly, it is unknown whether the control of moisture varies along
with the water availability variables used in the decomposition process. This work should
be investigated in the future. This work would help improve the understanding of the
impacts of climatic variability on the IAV of global land carbon sink and optimize structures
and parameters for the different approaches.

5. Conclusions

The interannual variability of the global land carbon sink, a primary determinant of
atmospheric CO, concentration fluctuations, is largely regulated by various environmental
factors. Thus, it is necessary to detect dominating factors affecting the IAV of global land
carbon sink to improve forecast of future terrestrial carbon sink under climate change.
Using global NBP datasets derived from TRENDY v9, this study revealed that moisture
dominated the NBP IAV at the local and global scale rather than temperature. Furthermore,
the dominant drivers greatly varied across different biomes. In water-limited ecosystems
such as shrublands and grasslands, the NBP IAV was jointly controlled by RZSM and
VPD. Sustained declines in RZSM may reduce carbon uptake in these ecosystems in future
through positive feedback between land and atmosphere. In contrast, in humid tropical
forests, temperature played a dominant role in driving the NBP AV, primarily through
its effects on GPP. These findings provided new insight into understanding the IAV of
global land carbon sink, and highlighted the importance of RZSM, VPD and temperature
to terrestrial carbon sink in understanding carbon-climate feedback and projecting future
climate changes.
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