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Abstract

Net biome productivityNBP) dominates thebserved large variation of atmospheric
CO, annualincreaseover the last five decadeslowever,the dominantregiors
controlling interannual to multi-decadal variability of global NBP are still
controversial(semtarid regions vstemperate or tropical forestdpy developing a
theory  for partitioning the variance of NBP into the contributions of net primary
production NPP andheterdrophic respiratior{Ry,) at different timecalesand using
both observatiofasedatmosphericCO, inversion productand the outputs o010
processhased terrestrial ecosystem modelsed byl10yearobservationatlimate
we triedutoreconcile the controversy tshowng that semiarid landsdomirate the
variability ‘of global NBP at interannual (<10 yearsgndtropical forests dominate at
multi-decadal scales>B0 years) Resultsfurther indicatethat global NBP variability

is dominated bythe NPP componenfat inter-annual timescalesandis progressively
controlled.byRp with increasingimescale Multi-decadalNBP variatiors of tropical
rainforess_are modulated bythe Pacific Decadal Oscillatio(PDO) through its
significantiinfluence on bothtemperature and precipitatiofhis study calls for long
term observations fothe decadalor longer fluctuations in carbon fluxes to gain
insights.on the future evolution of global NBparticularly in the tropical forests that
dominaterthe decadal variability of land carbon uptakd are more effective for

climate mitigation
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INTRODUCTION

The growth of atmospheric COconcentratiorhas beereffectively slonwed down by
the land carborsink, which absorbedbout 30% of anthropogenic G@missions
during the past five decadélse Quéréet al., 2014, Le Quérét al., 2009) Without
this land carbonsink, our present climate would be 30% or 0.3 K warmer
(Shevliakovaet al., 2013) The global atmosphertn-land CO, uptake also defined
as net biome productivitfNBP), is a small differencebetweencarbon uptake byet
primary. production (NPP) and the releadeom heterotrophic respiration ¢R and
disturbancesemissionscluding fires(D) (NBP=NPRR-D). In the past two decades,
besideswssignificant progresset® address theconundrum of “where does
anthropogenicarbon go”(Gurneyet al., 2002, Jacobsoet al., 2007, Paret al., 2011,
Peylin et al., 2013, Schimel, 2007Ywo new importantquestiors aboutterrestrial
carbon sinks emergdeinter-annual variability and tren@Anderegget al., 2015, Le
Quéréet.al;:2014, Le Quérét al., 2009, Wanget al., 2013) Tropical forestswvere
regarded.as.the dominant regions driving hatenual variability ofglobal NBP and
thereforeatmospheric C@growth rate(Coxet al., 2013, Le Quérét al., 2009, Liuet
al., 2017,"Wanget al., 2013) But this view was challengethy recent studies
(Ahlstrom et al., 2015, Poulteet al., 2014)thatsuggested that serarid ecosystems
(includingall savannah and shrdbnds in southern hemisphere anetvieenthe
equatorto 45°N) dominatedthe inter-annualvariability of global landcarbonsink
over the last theedecadeslncreased trend of glob&nd carbon sinkwere observed
during the_last three decades (Le Quéirél., 2014, Le Quérét al., 2009) hence
tropical forest{Panet al., 2011), northern fores(&orkelet al., 2016, Gravert al.,
2013) andwsemiarid lands(Ahlstrom et al., 2015) were also proposed to be the
dominant_land carbon sink§hus which regions dominated theter-annual or
decadal=tomulti-decadal variability of global lana@arbon sink, and what their
contributionsor driverswereover the lasthreeto five decades are being vigorously
debated within the science communi®hlistromet al., 2015, Andereggt al., 2015,
Coxetal., 2013, Gurnewt al., 2008, Paret al., 2011, Poulteet al., 2014, Sitchet al.,
2015, Wanggt al., 2013).

To be able to quantify theegional contributions taglobal NBP and their
variatiors is critically important for further understanding the mechanisms of land

carbon accumulation and the recently proposed spatially diversifie@gstréor
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climate change mitigatiofubiello, 2012) Because of the large variat®af carbon
residence time among differefgrrestrial ecosystemgBloom et al., 2016) new
theory and method linking variations of NBP and their drivers are needed to
reconcile the catroversy on regional contributiorte variations ofglobal NBP at
differenttimescaledt is possible that the dominant region varies with time sé€ale
climate mtigation, regions that dominatée globalNBP on a long time scale are
more effectivefor carbon sequestration. THisne-scale dependence of regional land
sink dominanceemainsunresolved

Here.we developdatheorybased on time domain analysis of the carbon cycle to
attribue the variations oNBP to thoseof NPP, R, and Dacrosddifferentfrequency
scales The theorywasapplied tothe output of10 dynamic global vegetation models
(DGVMSs) from the “Trends and drivers of the regional scale sources and sinks of
carbon dioxide’{TRENDY) projectphase 4Piaoet al., 2013, Sitclet al., 2015), and
the modeled NBP ensemble were compared whth independengstimdes from
observatiorbased global land carbon sink and ateospheri€€O, inversion produgct
and carboensourcesreleased frombookkeepingsasedland use change and fires
productsover theiroverlaid periodsTo identify the role of plant productivity and soil
respiration onland carbonaccumulation the contribution of Rto NBP variatios
was furtherssplitinto two componentsone being theNPPR-dependent response of, R
as NPP anomaliesausechangesof vegetation biomass pools, whieine chased to
litter and soil carbon poolandimpact R, with a lag effect(e.g.years to decades)
And the other component beirige direct response of,Ro climatechange, asoil
temperature and moisturaodulate carbomlecomposition ratesto furtherlink to
climatic_drivers of NBP variations across different timescalespse one of these
DGVMs known asCABLE (version 3 (Wanget al., 2010)to quantify the individual
effect lof _each of theseven external variables (temperature, precipitation etc.)
nitrogendeposition,and atmospheric C@ Finally, the linkages betweawo major
global medes of climate variabilithe El Nifio Souther@scillation (ENSO) and the
Pacific.Decadal Oscillation (PD@nd regional/global NBP variations on inter-annual

and multidecadal timescales arevestigated

MATERIALS AND METHODS
TRENDY DGVMs historical simulations
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We usedl110vers historical simulations ofl0 dynamic global vegetation models
(DGVMs) including CABLE, CLM4-C, CLIM4-CN, LPJwsl, LPJGUESS, OCN,
ORCHIDEE, SDGVM, TRIFFID, and VEGAS%seeTable S1)from TRENDY V2
project experimentS2: varying CQ and climate,experimentS3: varying CQ,
climate -and“land use chang®revious evaluation of the TRENDY ensemble has
shown/good perforance compared to observatio(Riao et al., 2013, Sitchet al.,
2015).AIF'TRENDY DGVMs were forced bythe observational climat€ RUNCEP
versioni 5(New et al., 2002), atmospheric COconcentration recordKeeling &
Whorf, 2005)and land use change estimates. Datasets can be downloaded from
www.glebalearbonproject.org/reccapRUNCEP version 5 data is @&hourly dataset

at a 0:5° % 0.5° resolutionof seven climate surface variabl¢teemperature,
precipitation, downward shortwave radiation, downward longwave radiation,
humidity, pressure and wind speed)er 19012010. CRUNCEP is a cmbination of

the CRU TS.3.22 0.5° x0.5° monthly climatology covering the period 228113
(Mitchell & Jones, 2005), and theh®urly NCEP reanalysis 2.5° x 2.5° climatology
covering.the period 1948 to 201Balnay et al., 1996).As prior to 1950, CRU is
recycling ‘climatology for areagsuch as Africa, South America etaphere the
observation network is sparg®litchell & Jones, 2005)which may cause land
surface medelling uncertainties over these afd&scalculated yearly carbon fes
(NBP, NPP, R, Ffire, Flug and pools ¢Veg, cLitter and cSaqilfor each TRENDY
model at the 0.5° scale over 199010 for further analysisThe 110-yr averaged
residence time for the TRENDY models doeind quite different, ranging from 15
years to 3lyears, with a mean of 23 years, thus ¢baespondingveraged turnover

rate is 0.043 yt (Table S1). To estimate the emissions from land use change, we
calculated the difference between the fluxes from the TRENDY S3 and TRENDY S2
ensembles, however weote that only four models (LPJwsl, LBUESS, OCN,
ORCHIDEE)'were run in the land use change experiment.

Observation-based carbon fluxes datasets

To compare WithfTRENDY models ensemble NBRe calculated annual growth rate
of differencebetweerthe atmopheric CQ concentratiomecords(Keeling & Whorf,
2005)and fossHfuel emission statistic estimat@odenet al., 2016)andthe landuse
and landcoverchanggLULCC) carbonemissiongHoughtonet al., 2012, Houghton
& Nassikas, 2017pver 19592013.When excluding thearbonsources from human
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activities (both fossil and LULCC emissions), the natural atmospherig @Owth

wasonly driven by the land and ocean carbon uptake annually.

The estimate of annuglobal carbon projectGCP residual landcarbonsink over
1959-2013(Le Quéréet al., 2014, Le Quérét al., 2009) was also used asa
comparison to TRENDY modeNBP ensembleAs the GCP residual carbon sink is
taken to be the increase atmospheric C® concentration minugll sources (the
fossitHfuel and laneuse change emissionahd plus known sinks (the ocean carbon
sink), it.represents an independent estintdtglobal land carbon sink against the

TRENDY madels but the GChas no estimatat regional scales

The Copernicus Atmosphere Monitoring Service (CAMS) gloatthospheric CQ
inversion (v16rl)is another independent estimate of the laadoon sinkwith a
resolutionof 1.9° x 3.75°over 19792016, which is a atmospherés-land carbon
flux productbased on the atmospheric €f@cordsfrom global sitesan atmospheric
transportimadel and data assimilation methi@isevallieret al., 2010) The CAMS
inversion has been widely useéh carbon cycle and global chandelds at
global/regional scale@Keenanet al., 2016, Peyliret al., 2013,Poulteret al., 2014)
As all the«FRENDY models, the GCP an@AMS inversion haveaccountedfor
carbon losses from wildfires, thube satellitebasedestimate ofthe globalfire
emissiondatabase version 4.16FED4) productover 199-2016(Giglio et al., 2013)

was also compareat global/regional scales.

The TRENDY GPP were compared witbservatiorbasedmodels MODIS GPP
(Zhaoetal., 2005, Zhao & Running, 201@nd FLUXCOM GPP(Junget al., 2017)
andwith.the 20012010 mean GPPBrovidedby CARDAMOM (Bloom et al., 2016)
FLUXCOM=GPP is derived using machine learning algoritlangdaily carbon flux
estimates=from 224 flux tower sites with meteorological measurements and satellite
and climatedata as input (Junget al., 2017). As TRENDY models simulatiomsn

until 2010 enly in the version we useahd MODIS startg 2000, we compared GPP
over 2000-2010.

CARDAMOM product for a 10 -yr state of ecosystem turnover rates
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The CARDAMOM product is a 19r mean state estimate tdrrestrialecosystem
carbon fluxes (GPP, NPP,RR,, NBP, Fire etc.), carbon pools (leaf, wood, fine root
and labile carbon, litter, soil carbon) and turnover times between carbon pool transfer
processes(Bloom et al., 2016) The CARDAMOM data is estimated from an
ecosystertarbon data assimilation framework, utilizing both satelidsed (MODIS

LAI, biomass, and wildfire burned areas), awdpirically derived global soil carbon
data (Harmonized World Soil Database), and stat@msed FLUXNET data (GPP and
residence time etc.) based on the ecosystem carbon balance and allocation box model
(Bloom_& Williams, 2015) We compared the estimatedosystenturnover rates
derived,from the CARDAMOM product with those of the-h@mber TRENDY
modelsrensemble over the period of 2001-2010 (Fig. S12).

A theoreticaliapproach to dtribution of NBP variation
The theory toanalyse the contributions of NPP of Bnd Dto variatiors of NBP
across all timescales is based on the fact thatefrestrialcarbon cycle can be

representedby the following equation:

9Ceo _ NBP=NPP- C, (1)
dr
Where the turnover rat a carbon poolx) in units of yi* is defined by:
e R,+D . (2)

C

The definition of terrestrial carbon cycle as described in Equation 1 is didrom
Taylor @and Lloyd (Taylor & Lloyd, 1992)As the yeatto-year or decad&-decade
variations“of carbon fluxes awother variables in climate system of the Easdhe
mostly/driven by more than onfactor on different timescalesluctuationsof these
carbon.fluxes thus can be seen aswhge superposition over different frequencies.
To this.end, we assuntkattime sriesof NPPand Ce, variationsat any timet are

compositiondrom differentfrequencies:

NPP(t) =Y A, cos(m,t) (3)

Coo(t) =D a, cos(m,t) + b, sinfw,t)
k

(4)
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k. : L
wherea)k=27rﬁ is the angular frequenck, the wavenumberN the time period in

years 4, , a, andb, the amplitudparameterof NPP and Ce, frequenciesat each

wavenumberBy substituting Equations-8 in Equation 1,0ne canderive analytial
solutionsfor-the contribution of NPPand R, plus D tothe variationsof NBP (see

SupplementarMaterialsfor more details At any given frequency , we have

Avmp W

A N’ +7 5)
Agn _ 7

A Vol +7 (6)

where Awp, Anpe, and Arn:p represent thamplitude of NBP, NPP, and,Rplus D
respectivelyfor a given frequency. These equations show th#ib of the amplitude
of thevariability of NBP to that ofR,+D andNPPat a given frequencig determined
only by.the.turnover rate (Fig. Sl), predicting thatNBP is dominated byNPP at
shortterm.timescaledut not at longer timescales.

From"Equations 5-6at any given frequency , the varianceof NBP can be
furtherdecemposed into the contribut®af variances of NPPand R,+D as given by

Equation./,
2 2 2
ANBP = ANPP _ARthD . (7)

The relationship between the spectral coefficients and the variance of the
corresponding timseriesis evident from Equation;1ntegrating the power spectral
density/(the series of squares of the Fourier coefficigmts)idesthe variance of the

series(Thomson & Emery, 2014jhat can be decomposed irtdifferent timescales.

Hencelthe variances of NPP, NBRd R+D at any given frequency are equal4g,,,
A: . and Af{hm respectively.We introduce tts spectral analysis for carbon fluxes

aiming to identify dominant regions and drivers across different timescales over a
given period. In this study, although the global annual meanmildfires or land use
change“emissions ar® Pg C yi', we notice that the varianceof D from fires and

land use changemissionsfrom TRENDY models (Fig. S3b)s almost negdgible,
being less than 0.2 (R@)? yr? across the frequencies from 0.01*t@ 0.5 yi* from

1901 to 2010, compared withe varianceof NPP andRy, (Fig. S3). Since 4] << A]ih

in DGVMs, we assumed, .,  4; in DGVMs. Note thathe uncertainties of this
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flux in DGVMs arelarge (Hantsonret al., 2016, van der Wewt al., 2010) especially
becausé¢hattheslow changes in disturbance reginf#® preventionor amplification
by humanactivities ecosystem structural changeasg poorly represented in DGVMs
(Hantsonet al.,, 2016, Houghtonet al., 2012, van der Werkt al., 2010) and

emissions*from land use change also has large uncertainty, here we also calculated the
variance of A’ from GFEDA4 (Giglio et al., 2013)and LULCC (Houghtonet al.,
2012).

As shown by Equation 6, the variance of & agiven frequency depends time
variance of NPRindturnover rée 7 . When fixing ¢ with varyingAnep, theresponse
of Ry, to'the variance of NP5 defined asNPRdependent response of, hrough
impactinglitter andsoil carbon pools (hereafter referredRg,); when fixing Aupp
with varying.r due to the impacts of climate change @ecomposition rateghe
response_of/Rto climate changés defined afRy,. To separatehe contributios of
Rp1 and’Rizto the variaceof NBP inTRENDY DGVMs ensembléNBPrenpy), We
diagnosed-R from a reducedcomplexitythreepool box mode[Box-Model, section
2.2.2 that reproduces theBP response of each complex DGMbdel forced by the

NPP and D from the models but with constangexcludingthe variance oRy; i.e.

settingA§h2=0 in the BoxModel. The NBP estimated byhe Box-Models with

constantz “Hereafter is calledNBP ). The term Ry, was estimated as the

TREND

differenceof Ry, assimulated by the TRENDYnhodels and R from the Box-Model.

Box models for terrestrial carbon cycle

We developed a thremarbonpool box model (BoxModel) for diagnosing the
behaviour. of. carbon cycle processes in terrestrial ecosystem mibadglews us to
separate=contributions of NPP and ® NBP across different timescales, B§P
interacts with R by changing carbon poolgith a lag over timeFour key parameters
were estimated using combined carbon pools and carbon fluxes oveRQBDhs
simulated by TRENDY models. The inpub$ the Box-Modelsare annual NPRnd

carbon fluxby fires (Ffire) calculated by TRENDY models. The outputs are annual

NBP and R, or calledNBP** and R,; to becomparedvith TRENDY.

TRENDY

Here, we briefly describethe BoxModel. We introducedthe matrix equation

underlying thecarbon-poobkasedbox model including the effect of disturbances,
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which is based on mass balance in carbon processes of terrestrial ecgsystem
al., 2003):

di#: EAC(t)+Bu(t) - Fv(t) (8)

where C_is.a vector of carbon pool size&.is a transfer matrix, in other words it
represents the fractions of carbon transferred from one pool size to the others. & is an
environmental scalar describing effects of soil temperature and moistara.scalar
corresponding to the input of carbon fixed by plant photosynthesis over tne &
vector ©f fractions of plant photosynthetic carbon allocated to the plant pasls.
scalar corresponding the release of disturbances (wildfires, larsg changedver

time t. [F is a vector of fractions of disturbance emissions released from the carbon
pools, and-we assume ttiae release of disturbancissall from the plant poolsThe
representation of the carbon pools is substantially simpler in this box model edmpar
to the terrestrial ecosystem models in the TRENDY ensemble. To illustrate this, we
comparedhe'box model with the land surface model CABLE: all TRENDY models
have the same structure but different carbon paditioningparameter value$n the
submodel CABLE/CASACNP that describethe carbon presses in modelg. $4a),

there arew9 _carbon pool sizes corresponding to leaf, wood, root, metabolic litter,
structural litter, coarse woody debris (CWD), fast soil organic matter (SOM), slow
SOM, and passive SOM, respectively. In the boxdehofor simplicity, we reduced
these to three carbon pools (Figbp a plant pool (leaf, wood, and root), a litter pool
(metabglievand structural litter, CWD) and a soil pool (fast, slow and passive SOMSs).
The annual/outputs (NPP,,RNBP, disturbances® carbon pools) of the historical
simulation over 1902010 by CABLE were used as input to the box model (Eq.
S20;"to estimate annual parameters (AgB) of the box model, then the mean of
110yr annual parameters were used to build the box médtel $4b). For the three

pool box modelaccording tdeq. 8, we haveC=(C,,C,,C,) , B=(5,0,0) , F=(1,0,0) ’

0 0 0
and4={wa,, -a,, 0 , then
0 a —a

32 33
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dc, ) _ _
T = azlq (t) 6132C2 (t) a22C2 (7 (9)
d%f(r) =a,,C, (t)—a,C,(t)

Using the.annual output (C pools, NPP ang & CABLE simulations over 1901
2010 as inpytthat is

Ct) =(Cy(t),C, (1), C5(t)Y

= (CPicmt (t), Cmter (t)! CSOii (t) )’ (10)
NPP(t) = buft) (11)
Rhft) = a,C, (1) + a3, Cy (1) (12)

wp = UG +C O +C0)] 13

di
we caleulated the annual parameters (@,, ,a,,, anda,, ) and the 11(r averaged

parameters'®, ,,, ,d,, , anda,, ). Using thestour averaged parameters values as

optimized parameters, we built the thysmol boxmodel (BoxModel) that can
produce annual NBP andyRising NPP as input. In this way, the box models
fitted to the output of CABLE.

Following'the above procedure, the box model was fitted to the output of each of
the TRENDY DGVM models: this produced an ensemble of 10 separate box models.
As each of the TRENDY models uses differemimberof the carbon poolswe
combined them into the three pools (plant pool, litter pool, soil pool, some do not
have litter pool). Thus, the output annu®m® R, and turnover rates as estimated by
the box models can be compared to ¢berespondingriginal outputsof TRENDY
models. All the timeseries of the outputs (i.g. NBP, NPH,fRem TRENDY models
and box models were detrended for comparison of their variability (e.g. NB#g.in
S5).

Fractional simulations experimentusing the land model CABLE
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Using the land surface model CABLE versio\@ang et al., 2010, Wanget al.,
2011),we performed a group of fractional simulations in order to attribatbility

of NBP, NPP and Rin responséo individual externalforcings: CO, concentration,
nitrogen depositionand seven climate drivers (temperature, precipitation, downward
shortwave=radiation, downward longwave radiation, humidity, pressure and wind
speed). The seven climate drivers were taken from the CRUNCEP version 5 dataset
(New et al., 2002) which was used inthe TRENDY projectin this study The
CRUNEEP data wermterpolated to hourly temporal resolution finiving CABLE

using cubic._ splinegWatson, 1992). The annual mean of global surface, CO
concentration during 1901-2010 was used to drive global land grid cells of CABLE in
each year; these data were reconstructed from the combination of ice core records in
the Antarctic and atmospheric observations since the late {8Bésng & Whorf,

2005) In CABLE, for 1D-year simulations, the canopy leaf area index was
dynamically predicted (rather than being prescribed). The experiment simulated not
only the_carbon cycle but also the nitrogen (N) and phosphorous (P) cycles, thus
accounting.for reduced plant productivitye to possible limitations in N or(Wang

et al., 2010). The significant influence of both N and P limitation for accurately
representing” biogeochemical cycles in CABLE Hasen discussed previously,
showing_that the N limitation would significantly reduce the response of land carbon
uptake to the elevated G@nd the response of carbon loss due to climate changes
(Wanget al., 2015, Zhangt al., 2011) In a sensitivity study, we evaluated the effect

of nitrogen deposition on the variability in NBP. The annual nitrogen deposition
forcing was taken from the ACCMIP dataset over 12010 (Lamarquet al., 2013)

Land use _change and distartes (e.g. fires) were not represented in the CABLE
simulations. The detailed descriptiontbése fractional simulations is listed Table

S2.All simulations were started by the same initial conditions, which were calculated
from a=2;008yr spinup using a semanalytical solution method to accelerate the
convergence towards a steady state of coupled cambmgenphosphorus processes
(Xia etalv; 2012).

Spectral analysis forattribution of NBP variation
We applied spectral analysis to all NBP or NPP ap@tra global scale or regional

scales or at each.5° x 0.5°grid-cell across all frequencies (0015 yr') as
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estimated by the GCP, TRENDY DGVMs, Bbtdodels and CABLE fractional
simulation experimenSpectra of these carbon fluxes were calculated for each of the
TRENDY models, thespectraensemble mean were calculated for comparisbos.
helpidentify timescde-dependent driversihe domainwas further divided intthree
mainitimesealeintervals interannual (2 to 10 years), decadal (10 to 30 years) and
multi-decadal (>30 years)n each timescale interval, thariancesof all carbon
fluxes wereintegratedwith frequency(note that frequency interval varies with study
period} The motivation for the summation is that the integral of the power spectrum
is equal, to, thetotal variance, so the partial integral across a frequency range
represents the variancerdititable to oscillations at those tirsealesPower spectra

of climatevariablegi.e. temperature, precipitation etc.) and climate modes ENSO and
PDO were ‘also calculated at global or regional scaléeiwidentify the dominant
regions or drivers of BP variations at different timescale$he Fast Fourier
Transformation (FFT) filtering algorithm was applied to carbon fluxes and telima
variables and climate modésig. S13) to help identifying climate modes modulated
regions.and’ the dominant regionsdadrivers of NBP variation at timescales
responding.to theharacteristic periodf climate mode ENSO (27 years) and PDO
(25-50 years).

RESULTS

Attribution of global NBP variation to NPP and R}, acrossdifferent timescales
Spectral analysi®f the observatiorbasedglobal land carbon sink hereafter
excluding land usehange emissions from the global carbon projectGCP (Le
Quéréetsals=2014) in Figure lashows two peaks at frequencies of 0.4 yonce
every.25yeas) and 0.2%r" (once every 4 gas). The atmospheric CQgrowth rate
(Keeling=&=Whorf, 2005)minusCO, emissiondrom fossil fuels and cemefBoden
et al., 2016)and land use changenission(Houghtonet al., 2012)over 19592013is
found peakat thesame frequencieasthe GCP landarbon sinkrevealing that the
interannual to multi-decadal variability of atmospheric C® growth rate was
dominated™by globalterrestrial ecosystems The independent landarbon sink
estimate ofCAMS inversion alseshows asimilar spectra distributiomndpeals at the
same frequencies as the GCP land carbon (siigire 1a) The LULCC contributes

relative small variance at thelow frequencies (periods of 180 years),and fires
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emission show negligible variances over all frequencies compared the GCP
residualsink (Figure 1a) Overall, multiplesources of carbon fluxes reveal that the
global carbon cycle is mostly dominated by the land carbon lsasicallythe global
terrestrial ecosystesn

Toranalyze the variation @fiobal land NBP and contributions of its components
(NNP, R,) at different time scalesye usel these fluxe®f the 110year simulations
from ten DGVMs forced by historical climate and CQ (Piao et al., 2013) as the
models; arecapable to reproduce observed irdanual variations and decadal mean
values of the land sink.e Quéréet al., 2014) Figure 1b showshat te \ariance
spectrumof global NBPrenpy averaged across all the modélas two peaks at
frequenties'o0.4 yr' (once every?-3 yeas) and0.28 yi* (once every 3.57aas),
closeto the“observed modes of variability Figure 1a.The TRENDY modelsalso
produced dower frequency peak at 0.03yfonce every 33.3aas) (Figure 1b)

which is_consistent withhe CAMS inversionand the GCPThe difference in the

variancesspeatm betweenNBPrrenpy and NBP 24 represert the variations of

global NBP due to variable decomposition rates alfiRg). As shown inFigure 1h

the differencesin the variance spectrurnetween NBRgenpy and NBPZ“  are

much largeriathe timescales @0-100 yeas (or frequencie®.01-0.03 yi') than that
at shortertimescalesuggesting relativelylarge contribution from R, to the multt
decadaNBP variations

To analyze the timescale dependence thfe variance contributiorsf NPP and R
to NBR, weidentified three time scales: intannual (2 to 10 years), decadal (10 to 30
years) and mukdecadal (>30 years) based on the spectral characteristics of both
observedland carbon sinkand modeled NBP variations (see Ufigs 1a-b; and
integratel variance specirof NBP, NPP and Rover thethreedifferent frequency
intervals=The GCP residual sinkhows close integratedvariancesto the natural
atmosphericCO, growth rate with about 0.70.75 (Pg Cyr? at interannual
timescales; about 0.15 (Pg°@)? at decadal timescales and about 0.13 (Pygr&xat
multi-deeadal timescalggigure 1c) The CAMS land sinkthat wascalculated from
38-year timeseriesshowslower variances at inteannual timescale®.65 (Pg Clyr?)
and higher at decadal timescal@25 (Pg Cyyr?) than the GCRestimates The
TRENDY modeled NBHs in good agreement with the GCP and @&MS with
0.8+0.55 (Pg C¥yr? at interannual timescales0.15+0.10(Pg C¥yr? at decadal
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timescales, anl.13+0.(6 (Pg Ciyr? at interannual timescale@igure 1c) Both the
GFEDA4 fires emission and the TRENDWodeled D (fires) show small variance at
interannual timescales (0.86.05 (Pg Clyr?) and negligible variance (~0.01 (Pg
C)yr?) at decadal timescales.

Thetotalvariance of NBRrenpy IS dominated by thanter-annualtimescals of 2-
10 yeas (72%), withnon-negligible contributions fronthe decadal timescalesf 10-
30 yeas (15%) and muli-decadaltimescalesof 30-100 years(13%) (Figure 1c). A
inter-annualtimescale the variance of NBP constitute 8% of the variance of NPP,
and thevariance of R; and R,z only constitutel% and21% of the variance of NPP
(Figure 1c).ln other wordsNPP dominates thiater-annualvarianceof global NBR
as given bythe solution of Equations 5-@itted to TRENDY modelqFig. Sl). The
variance ofRy, dominates the variance of,R96%) at inter-annual timescale
indicating that climatedriven fluctuationsof carbon decompositioturnover rate
(Rn) rather tharNPR-drivenvariablecarbon input to sasl (R,1) dominateghe inter
annualvariability of R (Figure 1c).

At decadal timescatethe variance othe modeledNPPensemblas smaller than
that atinterannwal or multi-decadal timescalg$igure 1c).Theratio of the variance
of NBPto that of NPP from equation (5)decreases fron86% at inter-annual
timescaledown to 20% at multi-decadal timescaleConversely the ratio of the
variance of R to thatof NPPincreases with longer timescalésconsistent withthe
theoretical prediction of an increasing importance of \Rvariations for the slow
changes in the carbon cycle (Figl)SThe variance of R by variablesoil carbon
turnover rate dominates the variance of,Rit decadal timescae(Figure 1c)and
explains 60% of the variance of R at multi-decadal timescate Overall, the
variability of R, at the multi-decadal timescalés jointly controlled bythe slow
variability. of NPP(40%) andby the component of Rdue to variablelecomposition
rates (60%)

Attribution of regional NBP variations to NPP and R, at different timescales

To identify the regionsthat dominate thevariability of NBP in the TRENDY
models andland sinksfrom CAMS inversion, we considered1ll regionsas in
previous studieGurney et al., 2002, Peylinet al., 2013) (see Supplematary
Materials Fig. S@, Table SBand calculated spectcd modeled NBP ensemble mean

and CAMS inverted land sinkor all regions Among the 11 regiongnulti-model
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averagely, thevariance ofregional modeledNBP is dominated bynter-annual(2-10
yeas, 48% to 82% followed by decadal(10-30 yeas, 11% to 26% and mult
decadal (3AL00 yeas, 7% to 28% timescales(Figure 3. By integrating variance
across all timescales, weurd that tropical South Americgor the Amazonia
rainforest)is‘the largest contributor (32%) to the variance of glohatleledNBP
ensemblefollowed by Southern Africa (13%), temperate North America (10%), and
other regions (less than 10%).

At inter-annual timscales,the TRENDYmodeled results shothat tropicalSouth
Americaaccountdor the largestontribution(19%) of the totalglobal modeledNBP
variance followed by SoutherrAfrica (14%), temperateéNorth America(13%), and
temperateSouth America (11%)While theCAMS inversionshows thathe Southern
Africa (18%) is the largest contributor of global land sink iré@mual variance
followed by tropical South America (14%femperate North America 4%), and
Europe (14%).

At decadal timescase both TRENDY models ensemble a@AMS shows that
tropical.Seuth America is the dominant region accountinfpr 24% of the global
decalalintegratedvariance(Figure 2), followed by Southerfrica (17%). At multi-
decadal timescalas the TRENDY modelstropical South Americalearly dominates
as it explans51% of global NBPvariance whereas the second most influential
region Southerm\frica explains onlyl0%. Note thatmulti-decadal varianceould be
estimated byCAMS becausef its only 38yearland sinktime series Thereforewe
find thattropical SouthAmerica is the dominant contributor to global NBP variation
at all timescalesn TREDNY modelsensembleand at decadal timescales@GAMS,
which differs from the conclusiorthatthe interannual variability and trend of global
NBP are mainly causedby semtarid regions inAhlstrom et al.(Ahlstrom et al.,
2015).This.inconsistencenay result from the differemegions definedetween this
study andAhistrom et al.(Ahlstrom et al., 2015)and/or betoo shortstudy periods
(=30 years)in Ahlstrom et al.(Ahlstrom et al., 2015)to elucidate multdecadal
variability; of global NBP To clarify this issue,we grougd the global land
ecosystems, intsix land cover classes (e.g. tropical rainfasesktratropical foress,
semtarid ecosystes) and grasslands and croplaetts) asdefined byAhlstrém et al.
(Ahlstréomet al., 2015)(Fig. b, Table S, we find that the dominant ctributors to
the variability of global NBP are tropicahinforests 48%) rather than sernarid

ecosystem§35%) at multrdecadal timescaldsased on estimate of TRENDY models
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We alsorevealthat the semtarid regionsare the largestcontributorsto the global
NBP variations both at thater-annual (49%or TRENDY and60% for CAMS) and
decadatimescales46%for TRENDY and52% for CAMS), which isconsistent with
Ahlstréom et al.(Ahlstromet al., 2015)(Table S4). The semtarid ecosystemsonsist
of ~26%of'the global vegetatéahd areaand tropical rainforests only occupy 11%
(Tabled). We normalized the contributions kpger unit of land areandfurther find
thattropical rainforestgper land areaontribute 1.1 (or 0)7and1.4 (or 0.9) timesto
modelledNBP (or CAMS land sink)varianceat interannualand decadal timescales
respectivelythan that of the senarid ecosystemser land aregqTable 1).But at
multi-decadal timescalegtopical rainforestscontribute 3.1 times of variancethan
that inthe’ semiarid ecosystemst per unitland area(Table 1) This revealsthat
tropical rainforestdhave the potential to control the variability of global NBP than
semiarid ecosystem®ver multrdecadal timescalesTherefore we suggestthat
tropical _rainforests are théominatorof the multi-decadal variability of the global
carboncycle.

Compared to TRENDY models ensemble at regional scale§AMS land sink
showsgenerally consistentpatterrs for Tropical South America and dpical Asia
(Figure &), yet has larger bt least 50% of variance contributicios Temperate
South America, Northern Africa, Southern Africa and Europe across all timescales
(Figure 3df and 3i) than TRENDY modelled NBPIn Australia, theCAMS has
negligiblevariances at alimescaledargelythatdisagreesvith TRENDY (Figure 3c)
The modelledfire emissions at regional scales a@nsistent withthe estimateof
GFED4except the Tropical Asia region wheB&ED4 includes large contribution$
annual emissions fropeat land and mamade fireqGiglio et al., 2013).

Contributions of NPP and {Rto regionalNBP variationsin TRENDY models
show.general pattesracross the timescales, although tlayy with differentregions.

In generalyariance oNPP dominatethe variation of NBP anter-annualtime scale
(Figure=3);and that dominance decreases with an increase in time scale, as supported
by the ratio of the variance of NBP to that of N&&treasewith an increase in time
scale(Fig. Sl). The variance of Ris larger atmulti-decadaltimescale than that at
inter-annualtimescaleThe increasing importance of,Ro the variance of Rwith an
increase in timescalis particularly significantin tropical and temperateegions. A
multi-decadal timescaleRn; dominates R in these regions. This suggedhat

variations of NBP due to variations of NPP coulddaenpened by turnover in the
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carbon cycle systerat multi-decadaltimescale in tropical and temperate regions.
However,Rp; still dominates~99% of variance of R in Australia, Northern Africa
and boreal regionsF{gure 3) asa result of relativelylonger residencetime of

ecosystem carban these regions

The dominant drivers of regional NBP variations atshort and longtimescales

The global NBP variance clearly pesadt 2.57 yeas and 250 yeas timescales
(Figurey 1a-b).Hence, we focus ordentifying the keydrivers of NBP variance at
these two timescaleBy analysing the results from a fdlctorial simulations using
the DGVM _CABLE version 2 we identified that temperatuteprecipitationare the
most important drivers of global NBariations at all timescalesnd that CO,
concentration is importafior NBP components NPP and, Bnlong timescals (Fig.
S7). But theirrelativeimportance varies across different regigRgure 4). ®veral
notable peaks of variance in modeleBMNpower spectra are caudgdthe variations
of surface air temperature and/or precipitation in tropical and-agdiregions
(Figure 4).-The NBP variance ainter-annual to decadaimescales mainly results
from variation of NPP driven by variations t&mperature and precipitatiqfigs.
S7band S§, rather than variation of (R(Figs. S7c and S9. This suggestshat NBP
variance.insthese regions at the timescales of2 yeas and 2560 yearsareclosely
linked to largescale climate oscillatiamof ENSO and PDQvia climatevariability
(Fig. S10).

At the short timescale ofENSOlike cycles of2.5-7 yeas, the NBPFrenpy in
tropical South Americaand Asia, Africa and Australiaare significanty and
negatively correlatk with the ENSO (R=-0.35t0 -0.66 P<0.@) andthese regions
contribute 60% ofthe global NB variance(Figure 53. Tropical South Americas
the largest. contributors for global variance of NBHRg(@re 5a), has significant
correlationsibetweeBNSOindex and thesurface air temperatu(®=0.73 P<0.00}
and preeipitationR=-0.74, P<0.00) (Figure5c), which regulating variation of NBP
via NPRin that regiomatthe shortimescalg(Fig. S11).

At thelong timescaleof PDO cycles (250 yeas), tropical South America
contributesabout 50% of the global NBfariance ands significantly and negatively
correlatedwith the PDO index(R=-0.80, P<0.001)Figure5b). This can be attributed

to thatthe PDO indexnegatively correlates with NPP uiagulatingtemperature and
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in tropical South AmericdFigure 5d andrig. SL1). Contribution to the global NBP

variance from each of other region is less than 10% abtiggimescale Figure 5b).

DISCUSSION

Which regionsdominate the inteannual ormulti-decadalvariability of global
NBP? In this study, we findhatthe answer to this questialepends omow the land
regions(area)are definecand onwhich timescalesWe compared the resuligth the
definitions ofland cover classes frofhlstrom et al(Ahlstromet al., 2015) andalso
revealedthat,semtarid ecosystems dominate the iréemual variability of global
NBP from.both TRENDY models an€AMS inversion estimatesHowever, or
resuls indicatethattropical rainforestsrather than serrarid ecosystemdominate the
multi-decadal variabilityof global NBPand thereforéhe growth rate of atmospheric
CO». Tropical rainforests shows largegfficiency for carbon sequestratioon long
timescales:This suggestshat more effortsare needed to make on the vdwide
tropicalrainforestsconservatiorandreforestationgor climate mitigation in théuture.

BothNPP and carbon residence have been proposed to be the dominant
contributor:to global NBP variatioffrriendet al., 2014, Matthewst al., 2005) Using
the theory we developetb the output of TRENDY models, we shawat NPP
variationsmainlydominateNBP variationboth globally and regionallgt interannual
timescales, but th&lPP contribution decreases with an increase of timescale. By
contrast, the contribution d®, to the NBP variations increases with an increafse
timescale.Furthermore,we find thatthe two components of {Rvariations, NPP
driven|(R,1) and turnover rate induced R variations, contribute to NBP variation
differently=\ariation of R,; driven by NPP contributes negatively to the variation of
NBPR,.i.es.more NPP causes maml carbon and then morespirationthatattenuates
the response of NBP to NPP, aRy; progressivelycontribute more over longer
timescaleqFigure 19. By contrast, the variability of 2 may offset or amplify the
variability"of NBP relative to NPP depending on whether climate anomalies impact
NPP.vs. decomposition turnover rates in an additive or subtractive manner. The
increasingrele of R in controllingthe variability of NBP with increasingmescale
(Figures 1 and 3; Fig. B implies that fluctuations in ecosystem carbon turnover rates

play a significant role inreducing variations of NBP. Therefore, without

This article is protected by copyright. All rights reserved



differentiating different time scales mayatkto erroneous conclusion of the dominant
control of NBP variation a long time scale

The climate modebave been foundo significantly modulate the regional NBP
variationsat interannual andnulti-decadal timescale@astoset al., 2013, Bettst
al., 2016;"Wanget al., 2013, Zenget al., 2005) Climate interannual oscillations
ENSO/2.57 years) and decadal to mudecadal oscillations PDO (Z years) can
strongly influence precipitation and temperature in tropical fo@ss et al., 1998,
Wang et al., 2013), and serarid regions in Africa(Dong & Dai, 2015), North
America(Khedunet al., 2014)and Australia(Poweret al., 1999) ENSOregulated
variations _of temperature and precipitation controés vhriations of global NBP at
interrannual \timescalgWang et al., 2013, Zenget al., 2005), and trends of
temperature, precipitation and GQoncentrationthat contribute to the trends of
global NBP(Keenanet al., 2016, Schimett al., 2015) In this study, based on multi
models _diagnostic analysiwe found that tgher (lower) temperature and less (more)
precipitation during ENSO cycles induce larger variability of NPRaRd NBP in
tropical.forests and serarid regionsat interannual timescake (Figure 5). In a
warmerworld boththe frequency and magnitude of El Nifio events, especially drying
driven_by EI' Nifio events, is projected to be intensifi€ai et al., 2014) which
intensify_the variability of NBP in these regions andreasetheir contribution to
globalNBP variation

At decadal tomulti-decadal timescalesour modeling results show that PDO
cycles can stronglyegulate the global and tropidairrestrialNBP viathe controls of
surface air temperature and precipitatmrthe variability of NPP an®y, (Figure 5)
The shifts in PDO phase responsible for shifts in rainfall regime in-#®4&nd in
1975-77(Meehl et al., 2009), are found to link with the shift of temperature and
precipitation/regime in tropical South America and Austr@faweret al., 1999,
Poweretvali;72013) These two shiftef PDO phase are also fouma control NBP
variationsat-multidecadal timescalés tropical South America and Australiarough
NPP_andR;, (Fig. SL1). The trendin NBP in semiarid regions during the last three
decadesnay.be related tdhe influences of a positive phaséthe PDO after 1976
(Poweret al., 1999), and may not laking into the futureif PDO goes into negative
phase.In addition, Woodward et al.(Woodward et al., 2008) indicated that the
sensitivities of precipitation and production of vegetation to EN®I©x are stronger
in a cool phase of PDO (198D76) than that in a warm phase of PDO (12062).
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This impliesthat the superimposdeNSO oncool phase of PDO may further enlarge
the variability of NBP in the nextecades

This study calls for analysis of the factors controlling decadénger timescale
fluctuations inNBP with longterm carbon fluxesobservatiorto gain insights on the
future=evelution of the global land carbon sihkng-term observations of NPP R
and NBP and longer periods of and carbon sink inversion prodaces needed to
verify theirvariability at different timescaleand different regionsWell-designed
manipulative experimentsuch asestimatingchanges in plant litter pool and soll
organic_carbon pooktould also help to distinguish the contribution of NPR, &d
Rn2 on'NBP.

Although'DGVMs multimodel ensemble may hehepresenterrestrial carbon
cycling (Le Quéréet al., 2013) the procesbased DGVMsave uncertainties iGPP
parameterizations that may result in over/under estimating GPP (or NPRrintexl
variability. The comparison of TRENDY GPP wittbservatiorbasedGPP from
CARDAMOM, MODIS and FLUXCOM(Figs. S14S15) siows that TRENDY GPP
is comparable with observations and quiet similar to FLUXCOM for the tropical
rainforest, .semarid and other regions (Fig. S15) revealing that larger-amauval
variability in"semiarid ecosystems than tropical rainforegtgtthernore, the relative
importance~of the variability of regional NBP to the variability of global NBP
depends on the carbon turnover rate of ecosystem in TRENDY B¥>Whch may
havebiasregionally in this study compared with the CARDMOM estimate (Fig. S12).
TRENDY DGVMs shows higher (lower) turnover rates in temperate and boreal
ecosystems |(tropical rainforests) than CARDAMOM. The bias in turnover rates
reflects_uncertainties of representationghin DGVMs' ecosystem carbon cycle
processes such as phegahesisparameterization, plant carb@tiocation nutrient
limitation_efféct, and simple soil carbon decomposition scheiesget al., 2017,
Wiederetvaly; 2013) Snce carbon turnovetime of ecosystemin boreal regionss
much lengerthan 100e@s (Bloom et al., 2016, Erbet al., 2016), the camibution of
variability: of NBP in boreal regions to global NBP at timescales longer than 100
yeas mayi.stand out from other regiofaleelimate records, as well as lorigrm
simulations at centurial or iltennial or even longer timescage could help to
understand the variability of NBP and chasge turnover times due to climate

changeat timescales longer than 100 yea
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Table 1 Regional contributior(%) per X4 of globalland areao variances irglobal
land NBPfrom TRENDY ensemble and CAMS atmospheric £{Dversionin six
regions at different timescalekand cover classewere given by Ahlstrom et al.
(Ahlstromet al., 2015).

Variance contribution (meanz+ ¢ %) per

) Area Data
Region 1% of global land area
(%) sources
2-10 yrs 10-30 yrs 30-100 yrs
: CAMS 1.70 1.83 —
Tropical sts 10.9
TRENDY 219+1.05 2.61+2.39 4.39+3.55
; CAMS 0.35 0.50 —
Extratropical forests  10.4
TRENDY 0.36+0.16 0.27+0.14 0.36+0.22
- CAMS 2.38 2.09 —
Semtarid regions 25.3
TRENDY 1.94+0.79 1.83+1.07 1.38+0.83
CAMS 0.51 0.72 —
Grasslands & crops  29.2
TRENDY 0.75+0.29 0.72+0.39 0.37+0.22
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CAMS 0.56 0.23 —
TRENDY 0.13+0.08 0.15+0.01 0.22+0.13

CAMS 0.03 0.02 —
TRENDY 0.01+0.01 0.01+0.01 0.01+0.00

Tundra & arctic shrub  10.4

Sparsely vegetated  13.9

Figure.captions

FIGURE 1 Comparison of variances of carbon fluxes fromatmospheric CO,
growth rate excluding anthropogenic emissions GCP, CAMS CO; inversion,
TRENDY/and Box-Models at different timescales(a) Spectral analysis faglobal
annual_land.carbon sink from the Global Carbon Project (GCP) over2IH%9
Natural atmoespheric CQOgrowthis defined as the observed atmospheric @@wth
excludinganthropogenic C®@emissionsGlobal land carbon sink frol@AMS CGO;,
inversion=eovering the period of 1979 to 2016 with fossil emission adjusted, is also
used as amndependent comparisprib) Spectral analysis foglobal annualNBP
(mean '+ standard deviation(c)) from ten DGVMs in TRENDY ensemble

(NBPrrensy)sand from their respective BeModels ensembleNBP, % ) across all

frequenciesrover 1962010; €) Comparison of variance of global NBP, NPRy,R
Rn2 and the other disturbance (D) from ©GVMs in TRENDY ensemble for inter
annual=(210" yeas), decadal (130 yeas) and multidecadal (30L00 yeas)
timescales respectively.,Rs decomposed intofr and Ry,. Ry is defined as NPP
dependent response of,Rvhich iscalculated fronthe output 6the threepool Box
Models Ry; is the release dfeterotrophic respiratiodue tothe climatic response of
turnover rate, which is the difference of, Rom TRENDY models and R from
Box-Models.The dashed lines in Figure 1c donate uncertainties (megnfar the

carbon fluxes.

FIGURE 2 Contributions of variance of NBP from TRENDY DGVMs and

CAMS at global and regional scalest different timescales The pie charts over
each coloured region represent contributions of 4atemal (210 years, in blue),
decadal (16BO years, in red) and muliecadal (300 years, in light green)

variances to the variance in NBP of the region. The size of each pie chart for each
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region denotes the regional contribution of variance in NBP to the total variance in
global NBP. The left lower three piecharts indicate the contributions of variance in
NBP of the eleven regions (corresponding to the upper mapping coloutisg to
variance of global NBP from TRENDY DGVMs at different timescales, and the right

lowerpiecharts are same as the left lower piecharts but for CAMS inversion.

FIGURE. 3 .Comparison of variance of carbonfluxes from TRENDY DGVMs
ensemble;*GFED4 and CAMS forll regions at different timescalesFigure
descriptionistthe same as Figurecl but for eleven land regions. The dashed lines
indicat¢ uncertainties (mean + ). Emissions of biomass burning from GFEDA4.1s
product_over 1992016 were used as comparisonsTRENDY modeled D (e.g.
fires). Land NBP estimated from CAMS atmospheric @@version product (version
v16rl)"overr1972016 was also compared to TRENDY modeled NBP regionally

acrossdifferent timescales.

FIGURE, 4 Spectral analysis for annual NBP calculated from fractional
simulations of nine external drivers for eleven regionsatk) over 19012010.The
nine fractional simulations are simulated using the DGVM model CABLE version 2
forceduby varying individual member of nine driveasnjospheridN deposition, CQ
concentration temperature, precipitation, shoend long wave radiations, specific
humidity, surface pressure, and wind speed) over-280a0D, and all others being set
at their climatological value. The nine fractional simulations oBCE experiment

are described in Table S2.

FIGURE™5 RegionalNBP from TRENDY DGVMs relates to temperature and
precipitation and ENSO or PDO indices.(a) Relative contributions of variance in
regional NBR, to the globalNBP variance at timescales of 275 years versus
correlation _coefficients of regional NBP and EN8@e-seriesat timescales of 2-3
yeas; (b) same asd) but for the timescales of ZH yeas versus the correlation
coefficients”between the regional NBP and the PDO index;Cprrelations of
regionakprecipitation and temperature with ENi@ex at timescales of 2-3 yeas;
(d) Correlation coefficients of regional precipitation and temperature with iRBEX
at timescales of 250 yeas. Here, timeseries of NBP, ENS@SST Nino 3.4 index)
PDO index, precipitation, and temperatwee reconstructedising theFast Fourier

Transformatior(FFT) filtering algorithm.
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SUPPORTING INFORMATION

Additional Supporting Information may be found online in the supporting

information tab for this article.
Text: Ratio of NBP (or B amplitude to NPP amplitude: theoretical framework

Table S3S6
FigsaSiSi15
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Spectra for NBP from CABLE sensitivity experiment over 1901-2010
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