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Global netland carbon uptake or net biome production (NBP) has increased during
recent decades’. Whether its temporal variability and autocorrelation have changed
duringthis period, however, remains elusive, even though anincrease in both could
indicate anincreased potential for a destabilized carbon sink??. Here, we investigate
the trends and controls of net terrestrial carbon uptake and its temporal variability
and autocorrelation from 1981 to 2018 using two atmospheric-inversion models, the

amplitude of the seasonal cycle of atmospheric CO, concentration derived from
nine monitoring stations distributed across the Pacific Ocean and dynamic global
vegetation models. We find that annual NBP and its interdecadal variability increased
globally whereas temporal autocorrelation decreased. We observe a separation of
regions characterized by increasingly variable NBP, associated with warm regions
and increasingly variable temperatures, lower and weaker positive trends in NBP
and regions where NBP became stronger and less variable. Plant species richness
presented a concave-down parabolic spatial relationship with NBP and its variability
atthe global scale whereas nitrogen deposition generally increased NBP. Increasing
temperature and its increasing variability appear as the most important drivers of
declining and increasingly variable NBP. Our results show increasing variability of
NBP regionally that can be mostly attributed to climate change and that may point to
destabilization of the coupled carbon-climate system.

Positive carbon-climate feedbacks have the potential to accelerate
climate change and might compromise the attainability of ambitious
climate targets such as those set by the Paris agreement*. Terrestrial
ecosystems are key to the functioning of the global carbon (C) cycle
and have increased their productivity and net C uptake during recent
decades primarily owing to CO, fertilization and forest regrowth">”.
However, land-use change, nutrient limitations and increasing droughts
and fires are constraining this potential to sequester C¥". Identify-
ing processes that might destabilize net land C uptake (or net biome
production, NBP) is of paramount importance for understanding and
managing the global C cycle.

Destabilization is the process of losing stability: that is, when a sys-
tem loses its ability to return to equilibrium following a disturbance.
A symptom of this may be increased variability, as the system spirals
away fromits current equilibrium point towards a new one. Destabili-
zation of a dynamical system is usually accompanied by concomitant
increasesin temporal variability and autocorrelation (the correlation

between consecutive time steps (AR1), also related to reduced resil-
ience?) when ARl is already positive because anomalous states of the
system create ripples that can get amplified through time rather than
compensated as when AR1is negative. Consequently, increasing tem-
poral variability and autocorrelation have been shown to be potential
early-warning signals for abrupt shifts in ecosystems®*'>%, To date,
changesin NBP temporal variability and autocorrelation have not yet
been investigated even though increased stress and changes in the
frequency and intensity of extreme weather events are likely to alter
the temporal patterns of NBP* ' because of (1) a cumulative nega-
tive effect of extreme events on ecosystem functioning, (2) increas-
ing climate variability and (3) decreasing ecosystem resilience due to
increased stress. We, thus, hypothesized that regions experiencing
increasing trends in climate variability will also experience increasing
variability intheir NBP and thatincrease in variability may indicate that
adestabilization of the netland C uptakeis occurring. This finding could
serve as an early-warning signal for abrupt shifts in the functions of an
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ecosystem’that might lead to regime shifts in the Earth’s biosphere™®,
Evenifthese changes do not occur at the global scale, increasing tem-
poral variability and autocorrelation in several regions of the globe
(for example, Amazon basin and boreal ecosystems with permafrost)
could have a profound impact on the global Cbalance and aknock-on
effect on other ecosystem functions.

Climateis the primary control of NBP in terrestrial ecosystems world-
wide in space and time™?, together with soil nutrient availability’®*,
atmospheric nitrogen (N) deposition, land use and management and
increasing atmospheric CO,(ref."). Generally, gross C fluxes (such as
photosynthesis and respiration) are larger in the tropics where high
temperature coincides with sufficient precipitation to enable long
growing seasons. However, net C uptake tends to be higher in tem-
perate regions because of higher nutrient availability®? 23, Nutrient
availability and N deposition have indeed been shown to increase net
land C uptake??2. Another factor believed to be important in deter-
mining ecosystem functioning is plant biodiversity?. A large body of
evidence indicates its role in promoting ecosystem productivity and
stability®?. Plant biodiversity, however, has been included far less in
studies of ecosystem C cycling, presumably due to the difficulty of
acquiringgood dataon species diversity. The few studies thatincluded
biodiversity, however, showed relatively modest correlations with
C fluxes” ., The role of biodiversity in the global terrestrial NBP has
notyet beenexplored eventhough the Earth’s biosphereislosing bio-
diversity atan unprecedented speed® and those changes are expected
to alter ecosystem functioning.

The aim of this study was to quantify the trends in global NBP and
itsintradecadal temporal variability (quantified by the proportional
variability (PV) index®*?) and autocorrelation (AR1) to see whether
changes in these variables suggest that NBP at global or regional
scalesis being destabilized. We further tested whether regions with
increasing variability and AR1in NBP showed differential trends in
annual NBP. We additionally investigated the spatial correlation
between NBP metrics and plant biodiversity (derived from a global
map of plant species richness*®), atmospheric total N deposition*,
climate® and land use (Iand-use harmonization? maps). To realize
these objectives, we used estimates of NBP derived from the two
longest CO, atmospheric inversions (CAMS and CarboScope) and
the amplitude of the seasonal cycle of atmospheric CO, derived
from nine monitoring stations distributed from south to north of
the Pacific Ocean for 1981 to 2018. We additionally compared these
results with the output from an ensemble of 12 dynamic global veg-
etation models (TRENDY) to explore how well these state-of-the-art
models predict the spatial and temporal patterns in NBP simulated
by atmospheric-inversion models.

Temporal patterns of net land C uptake

Global NBP derived from atmospheric inversions increased from
5.6 +2.0gC m2y" during 1981-1990 (mean + standard error) to
13.8 +1.4 gCm2y during 2009-2018 over the global land area,
excluding Antarctica (Fig. 1). This represents an overall increase of
145% and an annual linear increase of 0.24 + 0.08 gC m2y2(P< 0.001).
Both atmospheric inversions used (CAMS and CarboScope) identi-
fied annualincreases in NBP (Supplementary Figs.1and 2,0.32 + 0.09
and 0.18 + 0.09 gC m2y? respectively, P< 0.001,n =38). The positive
trend in NBP shown by inversions is similar in magnitude to the trend
identified by the TRENDY ensemble (0.10 + 0.07 gC m2y~2, P<0.001;
147% when comparing the periods 1981-1990 and 2009-2018). Both
observations and models, however, showed a flattening trend during
thelastdecade (Fig.1c). In parallel with the increased NBP throughout
the entire study period and in agreement with previous literature®*~,
theamplitude of the seasonal atmospheric CO,concentrationincreased
by 0.027 + 0.004 ppmy™ (P < 0.001,16.6% during the study period)
(Supplementary Fig. 3a).

Interannual NBP variability (NBP,,) derived from the combina-
tion of atmospheric inversions increased globally by 7.2% over the
entire period (P < 0.001) (Fig.1f) (CAMS 14.9%, P < 0.001; CarboScope
-1.3%,P<0.001). The origin of the discrepancy between the inversions
remains unclear. Although the inversions differ in whether they use a
growing number of measurement stations (CAMS) or a constant sta-
tion set (CarboScope), the discrepancy is unlikely to be related to this
because atest inversion with a growing station set in the CarboScope
inversion did not yield an increase in NBP;,. Temporal variability in
the amplitude of the seasonal atmospheric CO, concentration also
increased (by 35%, P < 0.001) during the study period (Supplemen-
tary Fig.3b). TRENDY NBP did not simulate thisincrease in variability,
showing a negative trend of —1.7% in NBP;, similar to that from the
CarboScope inversion.

Global NBP,, significantly decreased over time for NBP derived
from atmospheric inversions (Fig. 1i) and for the average monthly
CO, concentrations across the Pacific Ocean (Supplementary Fig. 3c).
TRENDY NBP,, also showed a significant negative trend represent-
ing areduction of 2.9% over the study period. Trends of contrasting
sign, however, were significant amongst atmospheric measurement
stations and atmospheric inversions (CAMS -10.0%, P < 0.001; Car-
boScope 4.7%, P < 0.001). Several regions showed increases in the
temporal autocorrelation between consecutive months (NBP,g,)
derived from atmospheric inversions that are of a similar magni-
tude (about 0.2 over three decades) to those previously suggested to
precede abrupt shifts in climate datasets and simulations®?. Further
information on how changes in NBP,, and NBP,, may affect annual
NBP and their limitations can be found in Supplementary Informa-
tion Section1.

Our analyses identified several regions of potential concern given
their concomitant increase in NBP,, and NBP,, (Fig. 2a), such as
eastern Africa, the Mediterranean region, the west coasts of North
and Central America, India and southeast Asia. Regions with increas-
ing NBP;, and NBP,, had statistically lower NBP and experienced a
much less pronounced increase in NBP over time (0.15+ 0.06 gC m™
y, P<0.001) compared to regions where NBP,, and NBP,, decreased
(0.73+0.12gCm™y™, P<0.001) (Fig.2b-d and Supplementary Fig. 4).
Stronger increases in NBP over regions with decreasing NBP,, and
NBP,x;, compared to those in which they increased, were also evident
from both atmospheric inversions when analysed separately (Sup-
plementary Fig. 5).

Global temperature and precipitation increased during the study
period (Supplementary Fig. 6a,d) even though there was considerable
spatial variability in those trends (Supplementary Fig. 7a,d). Tempera-
ture and precipitation interannual variability, however, decreased sig-
nificantly at the global scale, despite the reported increase in extreme
weather™. Temporal autocorrelation of monthly temperature and
precipitation, instead, increased slightly, albeit significantly only for
temperature. Aconcomitantincrease in temporal variability and auto-
correlation of temperature was evidentin several regions (for example,
Eurasia, Australiaand Central America) but those were not so obvious
for precipitation (Supplementary Fig. 8).

Controls of NBP, variability and autocorrelation

NBP, derived from atmosphericinversions, had aconcave-down para-
bolic relationship with biodiversity (Fig. 3), increasing from low to
intermediate values of biodiversity and decreasing at high biodiversity
(Supplementary Fig. 9a). Our analyses also identified a significant posi-
tiveinteraction between biodiversity and N deposition accounting for
NBP. The concave-down relationship between biodiversity and NBP
included mainly positive NBP values across regions with high atmos-
pheric N deposition (850 mgN m2y™) and mainly negative NBP values
at low atmospheric N deposition (100 mgN m2y™) (Supplementary
Fig. 9a). Similarly, the positive correlation between N deposition and
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Fig.1|Global distribution of NBP, NBP,, and NBP,, and their trends from
1981t02018. a, Theaverage global distribution of NBP (positive values
indicate Csinks) derived from CAMS and CarboScope atmosphericinversions.
b,c, The temporal trends in NBP (ANBP) (b) and the temporal change in NBP
derived from atmosphericinversions and 122DGVMs (TRENDY) (c).d,e and
fandg,handimimica,bandc,respectively, for NBP,, and NBP,, calculated
overanll-year moving window. Thicklinesinc,fandirepresentsmooth trends

NBP was stronger in regions with higher plant biodiversity (Supple-
mentary Fig. 9b). Opposite relationships emerged when analysing
TRENDY NBP.

NBP,, derived from inversions showed a concave-down parabolic
relationship with plant biodiversity, peaking at intermediate to high
values of biodiversity (Supplementary Fig. 9d). We also found aninter-
actionbetween plant biodiversity and N depositionin their relationship
with NBP,,: the relationship between NBP,, and biodiversity differed
between areas receiving low N deposition and areas receiving high N
deposition (Supplementary Fig. 9d). No relationship between N deposi-
tion and NBP,, was found in regions with high biodiversity, whereas a
positive relationship occurred in regions with low biodiversity (Sup-
plementary Fig. 9e). Interannual variabilities in temperature and pre-
cipitation were positively correlated with NBP,, (Fig.3). In this case, the
patterns for the TRENDY ensemble and the inversion models matched
very well. Again, NBP,g, derived from inversions had a concave-down
parabolic relationship with biodiversity (Supplementary Fig. 9g) but
here no interaction occurred between the effects of biodiversity and
Ndeposition, which was negatively correlated with NBP,g,. NBP,,, was
also positively correlated with temperature AR1, the only result that
match those from TRENDY NBP,;, (Supplementary Fig. 9i). Results
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estimated withalocal regression (shaded areas show the standard error of the
trend) and the coefficients at the top of the panels indicate robust Theil-Sen’s
slopes (+ standard error of the slope) with their corresponding Pvalues,
estimated using the non-parametric Wilcoxon Mann-Whitney rank sum test.
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emerging fromindividual atmosphericinversions (CAMS and Carbo-
Scope) mostly coincided with those reported above (Supplementary
Fig.10).

Spatial variability in the trends of NBP, NBP,, and NBP,, derived from
atmosphericinversions were all correlated with N deposition, climate
and land use (Fig. 3 and Supplementary Fig. 11). The estimated effects
of land use and land-use change, however, were generally lower than
those from N deposition and climate, hence accounting for a smaller
proportion of the change at the global scale. N deposition was posi-
tively correlated with the trends in NBP and negatively with trends in
NBP,, and NBP,y, (Supplementary Fig.11). Warmer regions were more
likely than colder regions to have decreasing trends in NBP and increas-
ing temperatures contributed to decreasing NBP (Supplementary
Fig.11b,c). Regions with the strongestincreases in NBP,, were spatially
associated withlowincreases in annual temperature (Supplementary
Fig.11e).Increasesin NBP,, were also found to be more likely in regions
showingincreases intemperature temporal variability (Supplementary
Fig. 11f). Increasing NBP,,, was more likely in regions with increasing
temperatures (Supplementary Fig.11h) and with increasing temporal
autocorrelation of precipitation (Fig. 3). Our analyses using TRENDY
reproduced the abovementioned findings well for trends in NBP and
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Fig.2|Regions with concomitantly increasing NBP,, and NBP,, present
lower NBP and alower increase of NBP over time. a, Regions of the world
where concomitantincreases (red) and decreases (blue) in NBP,,and NBP,,
have occurred during the study period. Regions with contrasting trends in
NBP,,and NBP,,, appearingrey.b, Theaggregated annual mean NBP of regions
withincreasing (red) and decreasing (blue) NBP,, and NBP,, (see
Supplementary Fig. 4 forinformation on their global contribution). Smooth
trends were estimated withalocalregression (shading indicates the standard

NBP,g, but not for NBP,,. Again, results from individual atmospheric
inversions were similar to those reported here (Supplementary Fig. 10).
Warmregions presenting a concomitantincreaseintemperature tem-
poral variability and autocorrelation (symptoms of destabilization)
were morelikely tobe correlated with similar changesin NBP variability
and AR1 and those results were well supported by both atmospheric
inversions and their combination (Supplementary Fig. 12). Addition-
ally, regions with higher N deposition, larger proportions of forested
areasand lower crops were related to concomitantly decreasing NBP,,
and NBP,g,.

Biodiversity, N deposition and net C uptake

NBP derived from atmosphericinversions provided correlational evi-
denceindicating that plant biodiversity may be playing animportant
role in regulating regional variation in the land C balance and in its
temporal variability. TRENDY models, instead, do not include biodi-
versity in their parameterization and, hence, any spurious relationship
is necessarily driven by factors other than biodiversity. The spatial
relationship between biodiversity and NBP clearly differed between
atmospheric inversions and TRENDY (Supplementary Fig. 9a), hence
suggesting that the reported effect of biodiversity when analysing
atmospheric inversions may emerge because of a mechanistic effect.
The emerging relationship between biodiversity and NBP,, derived
from atmospheric inversions, however, was very similar to the one
emerging from TRENDY, which suggests that factors other than bio-
diversity may be driving this relationship. The positive relationship
between biodiversity and NBP,g, found here has never been reported
before and furtherresearchis needed to understand the mechanisms
behind this relationship.

The concave-down parabolic relationships of biodiversity with
NBP and NBP;, differ from most biodiversity-productivity and sta-
bility relationships reported in the literature: positive asymptotic for
productivity and negative for variability***. This difference in the
biodiversity-NBP relationship may result from two opposing ecosys-
tem processes, photosynthesis and respiration, because both are likely

-10 -05 0 05 1.0 -1.0 -05 0 05 1.0
Aggregated PV and AR, trend

errorof the trend) and the coefficients at the top of the panelindicate robust
Theil-Sen’sslopes (+ standard error of the slope) and their associated
significance (***P < 0.001), estimated using the non-parametric Wilcoxon
Mann-Whitney rank sumtest. c¢,d, The spatial relationship of NBP (c) and
trendsinNBP (ANBP) (d) with the aggregated trend of NBP,, and NBP,,.
Coefficients are standardized and include the 95% credible intervals.

See Methods for details on how the aggregated trend of NBP,, and NBP,g; was
calculated.

to be enhanced by biodiversity”*>*. The concave-down relationship
would then suggest that the positive effect of biodiversity on respira-
tionovershadows the positive effect of photosynthesisin regions with
highbiodiversity. However, our biodiversity data, as in similar studies®,
wererestricted to species richness and did notinclude information on
species abundance, their individual contribution to NBP or traits to
allow the calculation of actual species diversity or functional diversity,
often better indicators of ecosystem functioning than is species rich-
ness*2. Unfortunately, this information is not available at the global
scale. Including actual diversity in future analyses could lead to dif-
ferent results to those reported here. Additionally, future efforts are
needed to understand how biodiversity loss, not included here, will
impact global carbon balance.

Interestingly, our analyses indicated that the effect of biodiversity
onNBP depended on atmospheric N depositionand vice versa (Fig. 3).
The effect of atmospheric N deposition on NBP was mainly positive but
was stronger in regions with higher biodiversity, further supporting
the premise that biodiversity promotes ecosystem functions such as
Nuptake*. Regions with higher N depositionalso had larger increasesin
NBP over time (Supplementary Fig.11a), supporting previous findings
suggesting a stronger CO, fertilization effect in regions with higher
N deposition'. On the other hand, N deposition was negatively related
totrendsin NBP,,, NBP,y, and the aggregated trend of NBP;y.,g, (Supple-
mentary Fig.12), which suggests that N addition may ameliorate nutrient
imbalances derived fromincreasing atmospheric CO, concentrations®
and prevent ecosystem functioning from becoming more variable.

Climate and changing land Cuptake

Our results clearly indicate that NBP decreased in regions with warm
climates and in which warming has been most pronounced (Supple-
mentary Fig.11). These findings support results from previous studies'
and further suggest that increasing droughts and heat waves limit
Csequestration by terrestrial ecosystems**. Our analyses revealed that
higher NBP,, and NBP,, and their trends were associated, respectively,
with climates showing higher and increasing temporal variability and

Nature | Vol 615 | 30 March 2023 | 851



Article

Biodiversity

and N deposition Climate Land use
>0.4
NBP,,
NBP;qp
%3
S NBPpy iy
g 0.2
; NBPpy 1rp £
C
()
NBP g1y ©
5
NBP pg1.1r0 3
° 3
ANBP, N
INV _§
©
ANBP 2
S
@
8 ANBPoy_ iy
S -0.2
= | ANBPpy1rp
ANBP zg1 vy
ANBPAFH—TRD
-0.4
> Rl c X c pt = 1> > - pt [2] [} C [2] 1] =
2 2 S22 F EE % EEG S8 OE Z 5 S
ko & 2 P'@ = =S s = = o S E o 5 E
%.ggggt§<<‘;&&&£ g 3 3
o kel o =20 k= [N < <
2 & © Bo L < = =
o n =z BZ = = RS

Fig.3|Contribution ofbiodiversity, Ndeposition, climate and land use to
NBP, NBP,,, NBP,, and their trends. The colour scale indicates the strength
oftherelationship (standardized B coefficients) between each predictor
(bottom) and the response variable (left). Black dots indicate that 95% of the
posterior distributions differed from 0. Biodiversity was fitted as asecond-
order polynomial to account for nonlinearities (biodiversity + biodiversity?;
thesecondtermindicates the changeintheslopeinbiodiversity as biodiversity

autocorrelation (Supplementary Fig. 9). We also found that concomi-
tantly increasing trends in NBP,,.,, were positively related to increasing
temperature variability and autocorrelation (Supplementary Fig.12).
These results support our initial hypothesis stating that climate change
may be the main contributing factor for changing the temporal behav-
iour of land C sinks.

Implications of altered land C sinks

Compelling evidence from atmosphericinversions (Fig.1) and the annual
amplitude of the seasonal CO, cycle (Supplementary Fig. 3) suggest that
global net land C uptake is now larger and, most likely, more variable
thanthree decades ago, whereasits temporal autocorrelation (NBP,g,),
instead, has significantly decreased. Theincreaseinglobal NBP and the
reduction in NBP,,, were well identified by TRENDY NBP, including the
evidence of a flattening trend in NBP during the last two decades. Our
results for the increase in global NBP and a potential recent saturation
are consistent with previous findings of increases in global productivity
and NBP and a recent decline of the CO, fertilization effect>3%, Even
though the main emerging spatial controls for CAMS and CarboScope
atmosphericinversionsin NBP wereinagreement (Supplementary Figs. 8
and10), trends at the global scale for NBP,, and NBP,g, were significantly
different (Supplementary Fig.13), which calls for cautionintheinterpre-
tation of these results because of their uncertainty.

We observed a bifurcation of regions characterized by concomi-
tantincreases and decreases in NBP,, and NBP,g, (Fig. 2). This bifurca-
tion relates to differences in their mean annual temperature, their
increase in annual temperature, their average N deposition loads and
their percentage of forests and crops (Supplementary Fig. 12). The
observedincreaseinthevariability and autocorrelation of net Cuptake
in several regions of the planet (Fig. 2a) is concerning because of the
implications it can have for the stability of their ecosystems. First,
increasing NBP,, and NBP,, is indicative of increasing variability and
reducing resilience®* potentially in many ecosystem processes: from
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increases). Hashed areas indicate relationships notincluded in the regression
models. See Methods for further information on modelfitting. INVand TRD
indicate the averages for allatmosphericinversions (2) and DGVMs (12),
respectively. PredictorsMAT py ar; aNdMAP; py zp; indicate mean, PV or AR1
metrics of MAT and MAP matching the metric of the response variable (for
example, NBPyy = MATg; NBPpy v = MAT,;y). The same applies for AMAT,y,
AMAT 4p, AMAP,, and AMAP,g,. A, trend ina given variable.

photosynthesis and respiration? to cascading effects on animals and
decomposers*t. Second, an increase in variability in NBP implies that
ecosystem C balance is less predictable over time, whichis trouble-
some for projections of future climate change. Third, regions showing
acombinedincreasein NBP,,and NBP,,, had a consistently lower NBP
and lower increases in NBP than did regions where NBP,, and NBP,,
decreased (Fig. 2b-d), suggesting that these increases in NBP,, and
NBP,, reflect dynamical instability in the carbon system rather than
some other cause (such as changes in the external forcing of the sys-
tem). This destabilization may jeopardize future C sequestration. Our
analyses, however, could not determine the mechanisms driving the
observed changesin NBP,, and NBP,g,. More importantly, we could not
determine whether the observed increases in NBP,, and NBP,, truly
reflect dynamicalinstability in the carbon system, as opposed to some
other cause, such as changes in the external forcing of the system (for
example, increasing CO, emissions and N deposition). Hence, regions
showingincreased variability and autocorrelation should be monitored
in detail to properly understand the mechanisms and consequences
behind these changes given that increasing variability and autocor-
relation have been shown to act as early-warning signals preceding
abrupt phase transitions in simulations of ecosystem functioning?>.
The increase of NBP,, and NBP,g, in several regions should serve as
an early-warning signal of potential future changes that the Earth’s
biosphere may be facing. Given the main role of climate change as a
driver of these changes intheir temporal behaviour, mitigating climate
changeisneededto prevent further unforeseen changesinland Csinks.
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Methods

Datasets

NBP and atmospheric CO, data. We obtained the global NBP data
for 1981-2018 from the two atmospheric-inversion models that pro-
vided the longest time series: (1) the CAMS Greenhouse Gases Flux
Inversions (https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/
cams-global-greenhouse-gas-inversion)**¢v.18r3 and (2) the Jena Car-
boScope database v.s81oc_v2020 using a constant network of meas-
urement stations (http://www.bgc-jena.mpg.de/CarboScope/)**°. We
alsoused NBP data from an ensemble of 12 dynamic global vegetation
models (DGVMs) runwith varying concentrations of atmospheric CO,
and changingland uses and climates. Models compiled by the TRENDY
project (v.8, models CABLE-POP, CLASS-CTEM, CLM5.0, ISAM, JSBACH,
JULES-ES, LPX-BERN, OCN, ORCHIDEE, ORCHIDEE-CNP, SDGVM and
VISIT) were used to test whether the DGVMs also identified the pat-
terns from atmospheric inversions®. Previous studies indicate that
DGVMs explain trends in NBP adequately; here, we test whether their
emerging trendsin NBP temporal variability and autocorrelation also
match those from local observations or atmospheric inversions. We
used model results from the simulation experiment S3, whichwas run
with changing atmospheric CO,, land use and climate (https://blogs.
exeter.ac.uk/trendy/protocol/). We used monthly NBP estimates as
thebasis for all calculationsin this study. We rescaled all atmospheric
inversions, the TRENDY model outputs and the predictors to the same
spatial resolution of the coarsest dataset for fitting the statistical mod-
els (see section below) (CAMS 3.75° x 1.875°).

We calculated average annual NBP per pixel, its temporal variability
expressed as the PVindex (NBP;,)***and its monthly temporal autocor-
relation at lag 1 (NBP,g,) for all of the abovementioned datasets. All
three indices (NBP, NBP,, and NBP,g,) were calculated as the average
fortheentire period. The PVindexis calculated as the mean PV amongst

all possible combinations of valuesin a time series, following PV = 23m

nn-1)"’

in which n indicates the length of the variable, m is calculated as

min(z;, 2, T
m=1- m;x(z’. Z{) and zrepresent the individual values used to calculate
irZj

all the pairwise comparisons between the observations of the time
series (for example, observation z;versus observation z). When nega-
tivevalues occurred inatime series, we added a constant to the entire
time series equivalent to the minimum absolute value plus one. Unlike
other metrics of temporal variability, the PVindex provides estimates
of temporal variability that are independent of the mean of the time
series and that have been proven to be robust even when comparing
non-normally distributed datasets, thereby overcoming the mathe-
matical drawbacks of similar variability indices such as the standard
deviation or the coefficient of variation®2. NBP,, per pixel was estimated
asthe average of the interannual variabilities of all months (for exam-

ple,NBR,, = RBPrvjanuary * [ ; NEPpy December ). By using this method, NBP,,
reflects not only the interannual variability of the annual NBP but also
the variation occurring amongst equal months across the years. Using
thismethod, ayear with average NBP yet with anomalously low NBPin
one period offset by anomalously high NBP inanother, would resultin
highinterannual variability rather than low interannual variability. AR1
was estimated using the residuals of generalized additive models used
to remove the trend and seasonal cycle of the data. In these models,
the response variable was monthly NBP and the predictors were the
month of the year (afactor of 12 levels) and the year, the last included
as aspline smoothed term to account for nonlinear trends over time
(Supplementary Fig. 14). We used the mgcv R package tofit the gener-
alized additive models*. An 11-year moving average from NBP,, and
NBP,x, per pixel was then calculated for all datasets toinvestigate trends
ininterannual variability and temporal autocorrelation. Our sensitiv-
ity analysis showed that our results were consistent despite the selec-
tion of different window lengths (7,11 and 15 years, Supplementary
Fig. 13 and Supplementary Table 1). Robust Theil-Sen trends** were

then calculated for NBP, NBP,, and NBP,g, (ANBP, ANBP,, and ANBP,,)
per pixel using the mblm functionin R%®. Wilcoxon rank sum tests were
performedtotest the significance of the Theil-Sen trends. Eventhough
we presentresults for both atmosphericinversions (CAMS and Carbo-
Scope), we combined their results into one fusion dataset to further
highlight those results for which both inversion models agreed (Sup-
plementary Figs. 10 and 12). The combination was performed by cal-
culating the average value of each of the abovementioned variables
per pixel. We followed the same approach to provide a TRENDY dataset
combining all simulations following similar studies’.

Trends in average global NBP, NBP,, and NBP,, (from 1981 to0 2018
for NBP and from 1991 to 2018 for NBP,, and NBP,g;) were also esti-
mated using the Theil-Sen approach. We combined both atmospheric
inversions and the TRENDY simulations to provide the average results
derived fromatmosphericinversions and process-based models. In this
case, the combination of products was performed by calculating the
average between products per year and then estimating the temporal
trends. We additionally calculated an aggregated metric of trends in
NBP,, and NBP,,. To do so, we first calculated the ratio between each
value and the maximum absolute value of each of the variables (ANBP,,
and ANBP,g,) and then we combined them by summing their relative
values per pixel. Next, we selected those pixels in which both ANBP,,
and ANBP,y, showed a positive trend and those which showed a nega-
tive trend and investigated their respective trends in NBP in the same
way that we proceeded for global NBP.

Results obtained from the atmospheric inversions were compared
with those from nine stations monitoring atmospheric CO, concentra-
tions distributed from north to south of the Pacific Ocean that com-
prised the full period of this study. We selected this subset of monitoring
stations to minimize the influence of anthropogenic emissions in the
signal of atmospheric CO, concentration. These datawere downloaded
fromthe Scripps CO, programme: https://scrippsco2.ucsd.edu/data/
atmospheric_co2/ (ref.*®). We calculated the annual amplitude in CO,
concentration (maximum minus minimum) using monthly data follow-
ing refs. 2°%¢ as a proxy of the net global C uptake capacity. An 11-year
moving average was then used to determine whether the annual ampli-
tude of CO, concentrations, its PV and the AR1 of CO, concentrations
changed between 1981 and 2018. Theil-Sen slopes were also used to
calculate trends in CO, amplitude, its PV and their ARI.

Drivers of NBP. We used temperature and precipitation data from
the Climatic Research Unit TS4.03 dataset™ to calculate mean annual
temperature (MAT), mean annual precipitation (MAP), their temporal
variabilities (MAT,, and MAP,,, average of interannual monthly tempo-
ral variability), their monthly temporal autocorrelations (MAT,, and
MAP,,), as well as the temporal trends of all these metrics (AMAT, AMAP,
AMAT,, AMAP;, AMAT,,and AMAP,,) for each pixel following the same
procedure established for NBP (see above). Toinvestigate the controls of
the spatial variability in aggregated trends in NBPp,..z,, We also calculated
the aggregatedindices for AMATpy sz, and AMAP,,.., following the same
methodology used for NBP (see above). Land-use changes were extracted
from land-use harmonization? maps (LUH2, http://luh.umd.edu/data.
shtml). We calculated the percentage coverages of forests, croplands
andurbanareas per pixel and the change in these percentages between
1981and 2015. We calculated mean total atmospheric N deposition per
pixel derived from ref. >, covering the study period. Biodiversity data
were extracted fromaninterpolated gridded global map of vascular plant
biodiversity®, providing one datum per pixelincluding informationon
the current number of vascular plant species. We could notinclude the
effects of biodiversity loss in our analyses because global gridded time
series of plant biodiversity are not available.

Statistical analyses
We determined how NBP, NBP;,, NBP,g, and their trends (ANBP, ANBP,,,
ANBP,;, and the combined ANBP,, ,z,) Were spatially correlated with
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their drivers using spatial generalized linear mixed models witha Ler-
oux conditional autoregressive prior’” and the S.CARleroux function
in the CARBayes R package®®. All response variables had one datum
per pixel, representing aggregated information over the entire study
period (for example, NBP indicates mean annual NBP from 1981 to
2018). Models predicting spatial variability in NBP, NBP,,and NBP,,
included biodiversity as a second-order polynomial function to
account for the nonlinearities usually found between biodiversity and
productivity® (biodiversity + biodiversity?), mean atmospheric N dep-
osition, theinteractionbetween biodiversity and N deposition and the
percentages of the area covered by forests and agriculturaland urban
areas as predictors. MAT and MAP were also included for NBP models,
MAT,, and MAP,, for NBP,, models and MAT ,z; and MAP,, for NBP,z,
models. We built an extra model including the interaction between
biodiversity and mean and variability in climate (biodiversity:MAT +
biodiversity:MAP + biodiversity:MAT,, + biodiversity:MAP,,) and
the interactions MAT:MAP and MAT,,:MAP;, to further test that the
relationship between NBP and biodiversity was not spuriously emerg-
ing owing to its relationship with climate (Supplementary informa-
tion—model summaries, section 8). As indicated by our results, our
analyses were able to successfully discern the effect of biodiversity
from that of climate (Fig. 3). The fact that the relationship between
mean NBP and biodiversity emerging frominversions and the TRENDY
ensemble (withno parameterization for biodiversity) were substan-
tially differentincreases the likelihood of this relationship not being
spurious. Models predicting ANBP also included the trends in MAT
and MAP and the trends in land-use change as predictors. Similarly,
models predicting ANBP,,and ANBP,;, included trendsintemperature
and precipitation (AMAT and AMAP) and their temporal variabil-
ity (AMAT,, and AMAP,,) or autocorrelation (AMAT,g, and AMAP,,)
and trends in land-use changes but not average MAT or MAP or their
temporal variability or autocorrelation. Models predicting the com-
bined trends of ANBP,.,z; included a second-order biodiversity as a
second-order polynomial, N deposition, average and trendsin climate,
the aggregated trends of MAT,y.p; and MAPy, r,, average land use
and its temporal trends. We additionally tested whether NBP and
ANBP were spatially related to increasing ANBP,, .\ by fitting two
models in which NBP and ANBP were the response variables and the
aggregated metric of trends in ANBP,, .z, (see description above)
was their predictor. Models were fitted using normalized variables
(mean =0, s.d. =1) but effect plots were rescaled to their original
units to facilitate the interpretation of the results. All analyses were
performed using R statistical software v.3.6.3 (ref. ¢°).

Data availability

Data supporting the findings of this study are available in the follow-
ing openrepositories: CAMS (https://ads.atmosphere.copernicus.eu/
cdsapp#!/dataset/cams-global-greenhouse-gas-inversion);CarboSc

ope (http://www.bgc-jena.mpg.de/CarboScope/);and atmospheric CO,
concentration (https://scrippsco2.ucsd.edu/data/atmospheric_co2/).
Data from the TRENDY ensembles can be provided on request from
https://globalcarbonbudgetdata.org/. Datato perform the statistical

analyses, calculations and figures are publicly available at Figshare:
https://doi.org/10.6084/m9.figshare.17081717.v5. Source data are
provided with this paper.

Code availability

Code and data to perform the statistical analyses, calculations and
figures are publicly available at Figshare: https://doi.org/10.6084/
mo.figshare.17081717.v5.
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