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Abstract Gross primary productivity (GPBjhe largest carbon flux in the Earth syspdaying a
crucial role imlemovingatmosphericarbon dioxidand providinghe sugars and starches needed
for ecosystem metabolishespitethe importance of GPP, howewexistingestimates present
significahuncertainties and discrepandedsey issue is the underrepresentation e
fertilization effect, mnajorfactor contributing ttheincreased terrestrial carbon sink oxegnt
decadesThis omission coulabtentiallybiasour understanding of ecosystem responses to climate
change.

Here, wentroduceCEDAR-GPP, the first global upscaled G#&ductthat incorporates
the directCO, fertilizationeffecton photosynthesi®ur products comprised ahonthly GPP
estimagsandtheir uncertaintst 0.05° resolution from 1982 to 2@@heratedsinga
comprehensive setefldy covariance measurements,-sultice satellitdbservationslimate
variablesand machine learning mad&hportantly, we usdabth theoretical and dadriven
approachsto incorporate the direct G@ffects Our machine learningodels effectively predicted
monthly GPP (R~ 0.74), the mean seasonal cycfes QR79), and spatial variabilities<R.67.
Incorporationof the directCO, effects subantiallyjmprovedt h e  mabititygd estithatéong
term GPP trends acrog®balflux sitesWhiletheglobal patterns acdinnual meaGPP, seasonality
and interannual variability generally aligneéwgtingsatellitedbasegroducts CEDAR-GPP
demonstratetigher longerm trends globalbfter incorporatin@O. fertilization particularly in
the tropicsreflecting a strong temperataoatrolon directCO, effects CEDAR-GPP offera
comprehensive representation of GPP temporal and dpasialicsprovidingvaluablensights

into ecosysteralimate interactions
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1. Introduction

Terrestriabcosystermphotosynthesiknown assross Primary Productivity (GPP), is the
primary source of food and energiar Earthsystenmand human sociefihrough
photosynthesisetrestriaécosystemaso mitigate climate change, by remalirty percenof
anthropogenic carbon emissionsnftbe atmospherach yegiFriedlingstein et al., 2023)

However, deto thelack of direcineasuremest the global scaleurunderstandingf
photosynthesiandits spatiotemporal dynamics is limitedding to consideralilsagreemest
amongvarious GPRstimate§ Anav et al . , 2015; O06Sullivan
al., 2022)Addressig theseincertainties cruciafor improving the predictabilibf ecosystem
dynamics under climate cha(fgedlingstein et al., 2014)

Over the past three decadéshal networksf eddy covariandkix towerscollecedin situ
carbon fluxmeasurementbat allow for accurate estimate&BP, providingvaluablensightsnto
photosynthesis dynamigsder variousnvironmentatonditiongBaldocchi, 2020; Beer et al.,
2010) To quantifyand understan@PP at scalemd locationbeyondhe ~ 1kn® flux tower
footprints machine learninasbeen empladwith gridded satellite and climate datésetsscale
sitebased measuremeatslproduce wallo-wallGPPmaps(Yang et al., 2007; Xiao et al., 2008;
Jung et al., 2011; Tramontana €@l6; Joiner and Yoshida, 2020; Zeng et al., 2020; Dannenberg
et al., 2023Thisapproaclprovides important observational constraints of global carbon dynamics,
complemenig processased and seiprocessased modeling such as Terrestrial biosphere
models otheLight Use Efficiency (LUE) modéBeer et al., 2010; Jung et al., 2017; Schwalm et
al., 2017; Gampe et al., 2021)

Effectivemachine learningpscalinglepend®n a complete seff input predictorghatfully
explain GPP dynamiddpscaled datasétave primarily relied satelliteobserved greenness
indicatorssuch as vegetation indexes (VIs), Leaf Area Indextfiefiqction of absorbed
photosynthetically active radiation (FARAR)cheffectivelycapturecanopylevel GPP dynamics
related to leaf area chan@@amontana et al., 2016; Ryu et al., 2019; Joiner and Yoshida, 2020)
Howeverjmportant aspects leatlevelphysiologysuch as those controlled by climate facets,
often omittedn major upscalethtasetqreventingaccurate characterization of GPP respdoses
climate changé&tocker et al., 2019; Bloomfield et al., 2023articularnone of therevious
upscaled datasétaveconsidered the direct effect of atmosplt@@econ leaflevelphotosynthesijs

which isa key factor contributing &tleast half ofheenhanced land carbon sotiserveaver the

et



72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101

pastdecadefKeenan et al., 2016; Keenan and Williams, 2018; Walker et al., 2021; Ruehr et al.,
2023) This omission can lead to incorrect inference regarding long term trends in various
components of the terrestrial carbon ofpéeKauwe et al., 2016)

Multipleindependeniines ofevidencérom atmosphericmversionNWenzel et al., 2016)
atmospheri€®’C/**C measuremenfiKeeling et al., 2017e corgecords otarbonylsulfide
(Camppell et al., 201,8lucose isotopomefiShlers et al2015)as well aBeeair CO, enrichment
experiment§~ACE) (Walker et al., 202%uggesh widespreagbositiveeffectof elevated
atmospheri€0O, on GPP from site to ghal scalesncreasin@€ O, directlstimulateshe
biochemicalate ofleaflevelphotosynthesi¢eading t@an increase imet carbon assimilatiand
leaf areavhichenhancesanopylevelGPP.FurthermorehighCO, concentratioms expected to
reducestomatal conductanaadincreas water use efficienapdirectlyenhancinghotosynthesis
under watelimited conditiongDe Kauwe et al., 2013; Keenan et al., 20h8ylirectbiochemical
effecthas been found to domin&®P responsds CO,, from boththeoretical and observational
analyss (Haverd et al., 2020; Chen et al., 2022)

Satellg-basedestimatebaveshownanincreasinglobalGPPtrendin the past few decades
largely attributable ©O.-induced increasesLAl (De Kauwe et al., 2016; Zhu et al., 2016; Chen
et al., 2019; Piao et al., 20B@)everprevious upscaled GPP datasets, as well asWiost L
modelssuch as the MODIS GPP produmyvefailed toconsidethe directCO, effects orleat
levelbiochemical procesg@sing et al., 2020; Zheng et al., 2@H)sequentlhesgrodicts
likelyunderestimatithe longterm trend of global GRRading to large discrepaneiagn
compared tprocessdasednodelswhichtypically considéeaflevelCO, effects(Anav et al.,
2015; De Kauwe et al .NotallyQrécéni impiodemanisliniilWEamedek t
have includitthe CO, responsandshowimproved longerm changes in GPP globéliizeng et
al., 202Q)yet, this important mechanism is still missing inpBRRctsupscaled frorm sitleddy
covariance flux measurements

To improve theuantificatiorof GPP spatial and temporal dynamics and pravadeist
represetation of longtermdynamicén global photosynthesigedevelopedhe CEDAR-GPP
data productCEDARGPP wasipscaled from globadldy covarianaarbon fluxneasurements
using machine learniafpng witha broad range of mu#tource satellite obsemsat and climate

variablesin addition to incorporatingdirectCO. fertilizationeffectson photosynthesig/e also

1 CEDAR stands for upsCaling Ecosystem Dynamics with ARtificial inteligence

al
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accounfor indirect effects via greenness indicaasinclud@ovel satellite datasets such as
solarinduced fluorescence (SIEndSurfaceTemperature (LSBnd soil moisture texplain

variability undegnvironmental stress WeprovidemonthlyGPPestimationand associated

uncertaintieat 0.08 resolutiorderivedrom ten model setup3hese setugsffer by thetemporal

rang depending on satellite datailabilitythe methodfor incorporaingthe direct CQ

fertilizationeffects, anthe partitioning approach used to derive GPP from eddy covariance
measurementShorttermGPP datasets wdrem 2001 to 2020, primaridgsed omlata derived

from MODIS satellitg and longermdatasetspaned 982 to 2020singcombined Advanced

Very High Resolution Radiometer (AVHRR) and MODIS \&taised two approaches to

incorporate the direct G@ertilization effects includirdirectprescriptiorwith ecoevolutionary

theory ananachine learning infererfoem the eddycovarianceata Additionally, we provided a

baseline configuration thditi not incorporate the direct Gé&ffectsUncertainties in GP

estimation were quantified using bootstrapped model ensembles. We evaluate the machine learning
model s skills in predicting monthly GPP, sea
covariance measuremeatsdcompare the CEDASPP spaal and temporal variability to

existing satelliteased GPP estimates.

2. Data and Methods

2.1 Eddy covariance data

Weobtainednonthlyeddy covariance GPP measurenfemis2001 to 202€rom
FLUXNET2015(Pastorello et al., 2028)meriFludFLUXNET
(https://ameriflux.lbl.gov/data/fluxdataproductsj)), andlICOSWarm Winter 2020NVarm Winter
2020 Team and ICOS Ecosystem Thematic Centre.da@=®BtAll datawere processed with the
ONEFLUX pipeling(Pastorello et al., 202Bdllowingpreviousupscalingfforts(Tramontana et
al., 2016)we seleatdmonthly GPP datthat hacht least 8 of high-qualityhourly or hathourly
datafor temporal aggregatioe furtheexcludel large negative GRRIuessettinga cutoff of-1
gCmAd™. WeutilizedGPPestimatefrom both the righttime (GPP_REF_NT_VUT) and dtisne
(GPP_REF_DT_VUT) patrtitioningpproacheandtrainedseparate machine learning maoels

eachWe classified flux tower sites according to the primary C3 and C4 plant categories reported in
metadata and related po@fions when available and used a C4 plant percentd@ilivegtal.,


https://ameriflux.lbl.gov/data/flux-data-products/
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2003)otherwiseOur analysisncompasse2ZB3 sitespredominately locatedNorth America

132 Western Ertope and AustraliéFigure 1)In total, our dataset included rolygh8000 sitenonths
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Figure 1. Global distribution of eddy covariance sitescugederate th€e EDAR-
GPPproduct The nsetdisplayshe annual count of sites

2.2 Globalinputdateasets

Wecompiledan extensiveet of covariates frogridded climateeanalysis dataultisource
satellite datasets including optical, thermal, and microwave obsemgatielhssategorical
informationon land covg climate zone, and C3/C4 clasatibn The datasets that we compiled
offer comprehensive information about GPP dynamics and its responses to climatic variabilities and

stressed.able lliststhe inputsdatasets amaksociatedariables used to generate CE BRI

Table 1Datasets andputvariables used to generate the CEDAR GPP praédudilist of
selectedariables used in differenbdelsetupsplease refer to Table S1

downwelling solar
radiation,
Potential evaporatio

Category Dataset Temporal | Spatial Temporal | Variables Reference
coverage | resolution | resolution
Climate ERA5Land 19508 0.1° Monthly | Air temperature (Sabater,
Monthly present vapor pressure 2019)
Averaged data deficit Precipitation
Air and &in
temperaturesurface
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ESRA Global | 19760 - Monthly | Atmospheric CQ@ (Thoning
Monitoring present concentration etal., 2021
Laboratory averaged from
Atmospheric Mauna Loa, Hawaii,
Carbon US and South Pole,
Dioxide Antarctica
Satellite MODIS Nadir | 20000 0.05° Daily Surface reflectance | (Schaaf an
based BRDFadjusted present b1d b7, Vegetation | Wang,
datasets reflectance indices (NIRv, 2015)
(MCD43C4) NDVI, KNDVI,
EVI, GCI, NDWI),
percent snow
MODIS Terra | 20000 500m 4-day, 8 | LAl fPAR (Myneni et
andAgua present day al., 2015a,
LAI/fPAR b)
(MCD15A3H,
MOD15A2H)
MODIS Terra | 20000 1 km Daily Daytime LST (Wan et al.
andAqualLST | present Nighttime LST 2015b, a)
(MYD11A1,
MOD11A1)
BESS Rad 20000 0.05° Daily PAR, diffuse PAR, | (Ryu etal.,
2020 downwelling solar | 2018)
radiation
Continuous 20000 0.05° 4-day alksky daily averagel (Zhang,
SIF (from 2020 SIF 2021)
0OCO-2 and
MODIS)
ESA CCI Soil | 1979 0.25° Daily Surface soil moistur{ (Gruber et
Moisture 2021 al., 2019)
Combined
Passive and
Active
GIMMS LAIl4g | 19826 0.0833° Half- LAI (Cao et al.,
2021 month 2023)
GIMMS 19829 0.0833° Half- NDVI (Lietal.,
NDVl4g 2021 month 2023)
Static MODIS Land | Average | 500m - Plant function types| (Friedl and
categorical | Cover status Sulla
datasets (MCD12Q1) | used Menashe,
between 2019)
2001 and
2020
Koppen present 1 km - KoppenGeiger (Beck et al.
Geiger Climate climate classes 2018)
Classification
C4 percentage| present 1° - Percentage of C4 | (Still et al.,
map plants 2003, 2009
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2.2.1 Climate variables

Weobtainedair temperatur@apor pressure defigitrecipitationpoential
evapotranspiration, and skin temperdtore the EARSLand reanalysis dataggabater, 2019)
(Table 1; Table SWe applied threemonth lag to precipitatipto reflectthe memory of soill
moisture andepresenthe root zone water availabilkyeraged wnthly atmosphericO,
concentrationg/erecalculateds an average of records ftbeMauna Loa Observatory and South
Pole Observatiostations, retrievddr om NOAA®Os Eart h Sy@horenmetResear
al., 2021)

2.2.2 Satellitedatasets

Weassembledbroadcollectionof satellitdbasebservations ofegetatiogreenness and
structureL ST, solar radiation, sotarduced fluorescence (Sk)dsoil moistur€Table 1 Table
S).

Three MODIS productwereusedsurface reflectance, LAI/fAPAR, and LSIrf&e
reflectancérom optical to infrared ban@isand 1 to 7yvas sourcefitom theMODIS Nadir
BRDFadjusted reflectan(®dBAR) daily datas€MCD43C4 (Schaaf and Wang, 20Epm this,
we derivedeyeral vegetah indexesincludingNIRv (Badgley et al., 201RNDVI (Campsvalls
et al., 202INDVI, Enhanced Vegetation Ind&Ml), Normalized Difference Water Index
(NDWI) (Gao, 1996)anda green chlorophyll indeXIgreen (Gitelson, 2003yVe alsoused snow
percentagdsom the NBARdaasetWeusedhe4-day LAl and fPARompositalerived from
Terra and Aqua satellites (MCD15A@Wyneni et al., 2015a; Yan et al., 201@anbJuly 2002
onwards and thelODIS 8day LAI and fPARIataset from Terra only (MOD15A2bt)or to July
2002(Myneni et al., 20150 e used alytime and nightime LST from the Aqua satellite
(MYD11A1)(Wan et al., 2015hyiththe Terrabased LST product (MOD11Ad3ed after July
2002(Wan et al., 20153erra LSTwasbiascorrectedvith the differences in the mean seasonal
cycles between Aqua and TéllawingWalther et a{2021)

Weused the PKU GIMMS NDVI4g datagkt et al., 2023ndPKU GIMMS LAl4g(Cao
et al., 2023jJatasets available from 1982 to 2RRQU GIMMS NDVI4g isa harmonized time
series that includes AVHRRsed NDVIifrom 1982 to 200@vith biaseand corrections mitigated
through intercalibration with Landsat surface reflectance images) and MODIS NDVI from 2004
onward PKU GIMMS LAIl4g consisted #¢®VHRR-based LAfrom 1982 to 200@)enerated using
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machine learning models trained with Lavmssd LAl data and NDVI4g) and MODIS BNU
LAI from 2004 onwardg/uan et al., 2011)

We utilizeghotosynthetically active radiat{BAR), diffusive PAR, and shortwave
downwelling radiation frorhé BESS Rad data@eiu et al., 2018yWe also obtained the
continuousSIF (CSIF) datas@hang et al., 2018; Zhang, 2@2bjluced by a machine learning
algorithm trained using OCGDSIF observations andWIS surface reflectance. We also obtained
surface soil moisture from the ESA CCI soil moisture combined passive and actiy@®praphict
et al., 2017; Gruber et al., 2019)

2.2.3 Other ategoricalatasets

We usegblant functional typ@FT) information derived from the MODIS Land Cover
product (MCD12Q1{Friedl and Sulslenashe, 2019)e followed thinternational Geosphere
Biosphere Prograatassification scheme but merged several similar categoarsiae the
amount of eddy covariance sites/observativagable for each categd@iosed shrublands and
open shrublands are combined into a shrubland category. Woody savannas and savannas are
combined into savannas. We generated a static PFT niapgotheamode of the MODIS land
cover time series between 20@020 at each pixel to mitigate uncertainties from misclassification
in the MODIS datasdtleverthelesshanges in vegetation structure induced by land use and land
cover change are refleciethe dynamics surface reflectance and LAI/fAPAR datasets we used.
We used the Koppeaeiger main climate groups (tropical, arid, temperate, cold, an@polaex
al., 2018)WVe also utilized a C4 plant percentagetaraqrount for different photosynthetic
pathways whencorporaing CO, fertilization(Still et al., 2003, 2009)

2.2.4 Data preprocessing

Weimplemented a threstep preprocessing stratempttie satellite dataset3 quality
control 2) gagilling, and3) spatial and temporal aggregatiotine first stepweselectedhigh
guality datdbased on the quality contflalgs of the satellite products when avail&blehe
MODIS NBARdatase(MCD43C3), we used datah 75% or mordiighresolution NBARpixels
retrievedwith full inversionfor each band=or MODIS LST, we selected the lpsility dat&rom
thequality controbitmask as well as data whreteeved valudsadan averge emissivity errof
no more than 0.0For MODIS LAI/fAPAR, we usetktrievals fronthe main algorithiwith or
without saturatiorWe used all available data inHE®A soil moistureue tothe presence of

substantiadlatagapsin the gagfilling stepmissing values in satellite datasets were temporally filled



206 at the native temporal resolution, following astep protocol adapted fromalther et a2021)

207 Shorttemporal gapserefirst filled with medians frorm moving windowgndtheremaining gaps

208 were filledvith the mean seasonal cyEle datasets with a high temporal resolution, including

209 MODIS NBAR (daily), LAI/fPAR4day), BESS {day), CSIF (day), ESACCI (daily), temporal

210 gaps no longer than 5 days (8 daysdiay4esolution productsgre filled with medians of-d8y

211 moving windows in the first step. An exception is MODIS LST (daily), for which we used a shorter
212 moving window of 9 dayiie to rapi¢changes in surface temperai@Gi&MS LAlI4gand

213 NDVI4g data were onififled with mearseasonal cycle due to their low temporal resofbiion

214 monthly) In the lasprocessingtep.all the datasets were aggregated to a monthly time step and
215 0.05degree spatial resolution.

Input Data Product Setups

; Short Term
No Direct CFE 2001-2020

+ Baseline

= CFE + CFE-Hybrid
irect + CFE-ML
CFE-ML (data-driven)

1982-2020
CFE- Direct CFE

+ FLUXNET2015
« AmeriFlux Oneflux
+ ICOS Oneflux

+ Short Term (2001-2020):
MODIS, BESS, CSIF, ESACCI

* Long Term (1982-2020):
GIMMS LAI/NDVI

Machine

Satellite .
Learning

+ ERAS5-Land Biophysical

ik S C'imate Theory ANOCRP (theoreticad I e
216
217 Figure 2Schematic overview of tiieEDAR-GPP model setups.
218 2.3 Machine learningipscaling
219 2.3.1 CEDAR-GPP nodelsetups
220 Wetrainedmachine learning modeith eddy covariance GPP measurenantargstand

221 climate/satellite variables as input featWvescreated ten model settgpproducedendifferert

222 global monthly GPBRataset@Figure 2Table 2 Themodel setupwere characterized by the

223 temporal range of input datasets used, the configuration of CO2 fertilization effects, and the
224  partitioning approach used to derive the GPP from eddy covareastgements.

225 We provided ahortterm(ST) configuration producing GR#3timatefrom 2001 to 2020

226 and dongterm(LT) configuration spannirkp82 to 20@ Each temporal configuration uses a
227 different set of input variables depending on their temparalmlity Inputs for the shosterm

228 configuration included MODIS, CSIF, BESS PAR -ESAsoil moisture, ERABand, as well as
229 PFT and Koppen Climate zone as categorical variables whtit eneoding. The lortgrm used
230 GIMMS NDVI4g and LAI4g data, E¥8-land, PFT and Koppen climate. ESA CCI soil moisture

1C
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datasets were excluded from the-tengpmodel setupdue to concerrsboutthe product quality
in the early years when the number and quality of microwave satellite data wéP®ligoted
al., 2015)A detailed list of input features for each setup is provided in Table S1.

Regardinghe directCO; fertilizationeffects (CFE)we establishebaB a s ecdnfigaration
thatdid not incorporate these effeetsCleE-Hybridd ¢ o n f ithgtincogdratetha effects
via eceevolutionary theory, aadCIBE-MLO ¢ o n f ithgt infereet direcheffects from eddy
covariance datssing machine legang Detailed information about these approaches is provided in
Section 2.4.ZEurthermore, separate models were traingéFBtarget variables frothenight
time (NT) anddaytimeDT) partitioning approaches

Table 2 lists the characteristics ohtenlel setups. Note diethe limited availability of
eddy covariance observations before ¥did not apply the CHHEL approach to the loAgrm
setups, as the machine learning inferred CO2 fertilization effects canimostheextrapolate
GPP backo 1982

Table 2Specificationsf the CEDAR-GPPmodel setups

Model Setup Name | Temporal rangq Direct CQ Fertilization Effects | GPP Partitioning Metho|
Configuration Method

ST_Baseline_NT Shortterm (ST)| Baseline Not incorporated Night-time (NT)

ST_Baseline_DT 20015 2020 Daytime (DT)

ST_CFEHybrid NT CFE-Hybrid | Theoretical NT

ST_CFEHybrid_DT DT

ST CFEML_NT CFE-ML Datadriven NT

ST_CFEML_DT DT

LT Baseline NT Longterm (LT)| Baseline Not incorporated NT

LT_Baseline_ DT 19826 2020 DT

LT CFEHybrid NT CFE-Hybrid | Theoretical NT

LT _CFEHybrid DT DT

2.3.2 CO, fertilization effect

We established three configurations considering the dirdetr@@ation effects on
photosynthesis. In the baseline configuration, we trained machine learning models with eddy
covariance GPP measurements, input climate and satellite features, but exgluding CO
concentration. As such, the models only includeehdiQ effects from the satellibmsed proxies
of vegetation greenness and structure and do not consider the direct effeohdigGCuse
efficiency. Our baseline model is therefore directly comparable to otheideatedideSPP
products that dg account for indirect Cxeffects (ref FLUXCOM, FLUXSAT, MODIS).

11



254 In the CFEML configuration, we added trained monthly @dcentratiomto the feature

255 setin addition to those incorporated in the baseline models. Thus, models inferred the functional
256 relationship between GPP and.@Om the eddy covariance data, encompassing bgth CO

257 fertilization pathwaysdirect effects on LUE and indirect effects from the sabedbtd proxies of

258 vegetation greenness and structure.

259 In the CFEHybrid configurationwe applied biophysical theory to estimate the response of
260 LUE to elevated COFirst, we estimated a reference GPP, where LUE is not affected by any

261 increase in atmospheric £0y applying the CFEL model with a constant atmospheric, CO

262 concentrationgual to the 2001 level while keeping all other variables temporally dynamic. Then, the
263 impacts of CQon LUE were prescribed onto the reference GPP estimates using a theogetical CO
264  sensitivity function of LUE according to -es@lutionary theories (Suppentary Text S1). The

265 theoretical C@sensitivity function representS8@, sensitivity that is equivalent to that of the

266 electrontranspordlimited (lighdimited) photosynthetic rate. When light is limited, elevated CO

267 suppresses photorespiration legattnncreased photosynthesis at a lower rate than when

268 photosynthesis is limited by QOloyd and Farquhar, 1996; Smith and Keenan, Z02@) the

269 CFE-Hybrid scenario provides a conservative estimation of the dipeft€c3 on LUE. Note

270 that the tleoretical sensitivity function describes the fractional change in LUE due to direct CO
271 effects relative to a reference period20@l). Therefore, we used the @HEmModel to establish

272 this reference GPP by fixing the £&@ects to the 2001 level, rather than simply using the GPP

273 from the Baseline model in which the direct €f@cts were not clearly represented.

274 For both CFEML and CFEHybrid scenarios, we made another conservative assumption that
275 C4 plants do not benefit from elevated,@®@spite potential increases in photosynthesis during

276 waterlimited conditions due to enhanced WUE. Data from flux tower sites dominatqudmsC4

277 were removed from our training set, so the machine learning models infefegtliz&dion only

278 from flux tower sites dominated by C3 plants. When applying models globally, we assumed the
279 reference GPP values (with constant atmosphesico@@atration equal to the 2001 level)

280 represent C4 plants, and GPP estimates froriMLF&r CFEHybrid models wereapplied in

281 proportion to the percentage of C3 plants in a grid cell.
282 2.3.3 Machine learning model trainargdvalidation

283 Weemployedhe statef-the-art XGBoostmachine learning mogdehown for itshigh

284 accuracy iregression probleragsross varioudomains, including environmental and ecological
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prediction§Chen and Guestrin, 2016; Kang et al., 2020; Berdugo et alX@82?}ptis a

scalable and parallelizeglementation of the gradient boosting technique that iteratively trains an
ensemble of decision trees, with each iteration tatgetigmizethe residuals from the last
iteration A notable merit of XGBoost its ability tamake prediction in the pegge ofmissing
valuesacommonissuen remote sensing datasets.

Weusedfive-fold crossvalidatbn for model evaluatiofiraining data was randomly split into
five groups (folds)yith eachfold held out for testing while the rest four folds were used for model
training. We imposed two restrictions on fold splittech flux site was entirely assigned to a fold
to test model performanoger unseen locatigriserandom sampling wasatfied based on PFT
to ensureoverage ahe full range of PFTis both training and testingithin each training set
we performed a randomized search usingfiticeerossvalidation to determine the optimal
hypeparameter seto reduce the risk of awigting and improve the robustness of the evaluation.

We assessed the model s0& ab characteystictf GPPc apt ur e
including monthly variabilities, mean seasonal cycles, monthly anomakés, \caosbility.

Model perbrmance was assessed separately fanedelsetup(Table 2and summarized by PFT
and Koppen climate zoriean seasonal cyclesrecalculated abe mean monthly GPP over the
site observation peripand nonthly anomalieserethe residualof monthlyGPP after subtracting
mean seasonal cycMenthly GPPaveragedver years for each site was used to assessiteross
variability. Goodness-fit metrics include RMSE, biasdcoefficient of determinationi{R
equivalent ttNSE NasloSutcliffe modelfciency coefficieft

To eval uat e tthcapturdangter GP&tread) welaggtegated the monthly
GPP to annual values for sites with at least 5 years of observations foHewiegal2022)

GPP anomalies were computed by subtractingtliezear mean GPP from the annual GPP for
each siteAnomalies were aggregaderbss site® achieve a single muglie GPP anomaly per year.
We used th&en slope anMannKendall test to examine the GPP trénois 2002 to 2019

excludin@2001 and ZZD due to thémitednumber of available sites.
2.3.4 Product generation andaertainty quantification

In the CEDARGPP product, wgenerated @PPdatasetor each of the ten model setups,
by applying the model to global gridded datasets within the catiregpemporal range (Table 2).
GPPdatasetwere named after the corresponding model s€tupsach model setupe first

generated 30 sample set using bootstrapping, which were then used to train an ensemble of 30
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XGBoost models. The bootstrapping waidgymed at the site level, and each bootstrapped sample

set contained around 140 to 150 unique sites, 17000 to 19000 site months covering all PFTs. The
relative composition of sites in each PFT was consistent with the full dataset. The 30 models trained
with bootstrapped samples generated an ensemble of 30 GPP values. We provided the ensemble
GPP mean and standard deviation from each of the ten model setups.

2.4 Product intefcomparison

We compaiethe global spatial and temporal patten@EdAR-GPPwith othermajor
satellitebasedsPPproducts including three machine learning upscaled and twmaked
datasetdVeobtainedwo FLUXCOM productgJung et al., 202@he latesversionof
FLUXCOM-RS (FLUXCOMRSVvO0O6available from 2001 to 202&sed on remote sensing
(MODIS collection pdatasets onlgs well athe FLUXCOMRS+METEO ensemblavailable
between 1979 to 2018ddbasedn the climatology of remote sensing observatiod& RAS
forcings(hereafter FLUXCOMERASY). We usedrluxSatJoiner and Yoshida, 2029)ailablérom
2001to 2019 which is an upscaled datdsested oMODIS NBAR surface reflectance and PAR
from ModernEra Retrospective analysis for Research and Applications 2 (JERipArtantly,
FluxSat does natcorporate climatercings We used th#10ODIS GPP poduct(MOD17)
available since 2QQthich was generatieased on MODIS fAPABNd LUE as a function afr
temperature and vapor pressure deficit buatnwospheri€O, concentratiofRunning et al.,
2015)WealsousedtherEC-LUE products, available from 1982 to 2@i@based on a revised
LUE modelthatincorporatd the effect otmospheri€O, concentration antthefraction of
diffuse PAR on LUE iaddition tcairtemperature angapor pressure defi¢Zheng et al., 2020)
All datasets were resampte@.1 ° spatial resolutiaanda common mask fahevegetated land
area was applietde evaluated global mean annual GPP, mean seasonal cycle, interannual
variability, anttend among different datasesmparing them over a common time period
determined by their data availabiBitpbal total GPRvas computed by scaling the global average
GPP flux with the global land area (122.4 million km2) following Jur{fgG&@Mean seasonal
cycle was defined as above (8R)2Ve used the standard deviation of annual GPP to indicate the
magnitude of interannual variability, the Sen slope to indicate GPP annual therdaame

Kendall test fothe statisticaignificancef trends

14
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3. Results

3.1 Evaluation of nodel performance
3.1.1 Overall performance

The shortermand longtermmodels explagdapproximately4%and 68%, respectivety,
thevariation in eddy covariarestimateanonthlyGPP across global sites (FigureT3e.long
term models consistently yielded lower performance than thieshartodels, likely due to
differences in the satellite remote sensing datase@suedshotterm models benefited from a
richer informabn including surface reflectance from individual bands, LST, CSIF, as well as soll
moisture, while the lorigrm model only exploited NDVI and LAlhe modes with differentCFE
scenarios andrgetGPPvariablesiad similar performanoe predicting montly GPP(Figure 3b,
Table 3, Table2p All models exhibited minimal bias less than 0.15.

Model gerformance in terms of the different temporal and spatial characteristics of monthly
GPP was variab{€igure 341). Themodels were mosticcessfudt predictigmean seasonal
cycleswith the shorterm and longerm models explaining around 79% and 72%ewofriability
respectively (Figure-8t The shorterm and longerm models capted66% and 54%
respectivelgf the spatial variabilities of mykar mean GPP across global sites (i.e.;utess
variabilityFigure3g-h). However, all models predibtonthly anomalies across the sites,R¥ith
valuedelow0.11 (Figur8e-f). The CFEML and CFEHybrid modelsshowed slightly higher

accuracy than tigaseline model acrosstathporal and spatial characteristics

Table 3. Machine learning model performance for five CEEF®etups based on NT GPP
(Table 2)Results of DBetupscan be found in Table S2.

Model ®tup Monthly Mean seasonal Monthly anomalies | Crosssite
Name cycles
RMSE | Bias | R? RMSE | Bias| R2 | RMSE| Bias | R2 | RMSE | Bias| R?

ST_BaselindNT | 1.96 -0.05| 0.74 | 1.57 0.02| 0.79] 1.22 | 0.00| 0.11] 1.11 | 0.03| 0.66
ST _CFEML_NT | 1.95 -0.05| 0.74 | 1.56 0.02| 0.80| 1.22 | 0.00| 0.12| 1.10 | 0.03| 0.67

ST_CFE 1.96 -0.05| 0.74 | 1.57 0.03| 0.79] 1.23 | 0.00| 0.12| 1.10 | 0.04| 0.67
Hybrid NT
LT _BaselineNT | 2.18 -0.10 | 0.68 | 1.82 0.01] 0.72] 1.26 | 0.00| 0.06]| 1.29 | 0.03| 0.54
LT _CFE 2.16 -0.11| 0.69 | 1.79 0.01]| 0.73] 1.25 | 0.00| 0.07| 1.27 | 0.03| 0.56
Hybrid NT
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Figure3. Machine learning model performance in predicting monthly GPP and its
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spatial and temporariability Scatter plotgdlustrated relationshijpetween model
predictions and observations for monthly GPRm@jn seasonal cyclssSC(c),
monthly anomaly (e), and crege variability (g) for SCFE-Hybrid NT (left, blue)
and LT CFE-Hybrid NT (right, green) modeorrespondingdr plots show the’R
values forall ten modeketugs in predictingmonthly GPP (b), MSC (d), monthly
anonaly (f), and crosste variability (h).
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375 3.1.2 Performancey biome and climate zone

376 The predictive ability of our models varied across different PFRs@pehclimate zones
377 (Figured). Here we present results from @ieE-Hybrid modelsand note thgpatterndor the

378 otherCFE configurationsveresimilar

379 Model performance terms oimonthly GPRwvas highegor forests withdistinctseasonality
380 including deciduous broadleaf forests, mixed forests, and evergreen needleleaf f&¥estisiesith
381 aboveD.78. Model accuracies were also high for savamigrgsslands, followed by croplazad
382 wetlands, with Rralues betweerbd.and 0.74Modelaccuracieserelowestin evergreen

383 broadleaf forests and shrublamvdsh R values as loas 0.4. Across climate zones, madel

384 achievedhehighest accuraay predicting monthly GPiR coldandtropicalclimate zonewith R
385 valuedbetweerd.64 and 0.80rhe shorterm models haldwest performance in polagionswith
386 an Rvalue around ®4ndthe longterm model had the lowest performance in arid regions with
387 an Rvalueof 0.5.

388 Model performance terms oimean seasonal cy@esoss PFTs and climate zdiodewed
389 patterndor monthly GPRwhiledisparities emergéat performance in terms GPPanomaly and
390 crosssite variabilityFigure 4)The shorterm model showed the highest predictive power in
391 explaining monthly anomalies in arid regions witA\aluR of 0.49, where savanna and

392 shrublands sites are primalgicated. Model performance in all other climate n@ssgnificantly
393 lower with Rvalues below 0.2nd as low as 0.0vtemperateegions Besideghe shortterm

394 model demonstrated good performance in capturing anomalies in deciduous breatiie@htor
395 longt e r m nmedative pedosmamce between PFTs and climate zones was mostly consistent with
396 that of the shortermmode] with lower accuraay shrublandsvhencompared to the shetgrm
397 model.

398 Model performance in termsarvbsssite variabilitdemonstrated higistaccuracin

399 savanmg grasslands, evergreen needleleaf forests, and evergreen broadlg&f@&)sand
400 lowestaccuracy in deciduous broadleaf forests, mixed forests, and c(Bprafd). The shor
401 term modehdditionallyshowedyood performance in shrublands and wetl@ids0.36), whereas
402 the longterm model failed to capture ayiabilityfor shrublands. In terms of climate zones,
403 models werenostsuccessful at explaining the variabifitesstropicaland coldclimate zones
404 (R > 0.46) the shorterm model waleast successful across pagionswith aR? value 00.2,
405 and the longerm model had low performance for both polar andegidnsvith R values below
406 015.
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Figure4. Performanceof the ST_Baseline_NT (blue) and LT_Baseline_NT (green)
modelson GPPspatiotemporadstimation by plant functional typ@$ and climate
zones (h)The crossite panelscludedthe number of sites within each category.

ENF: evergren needleleaf forest, EBF: evergreen broadleaf forest, DBF: deciduous
broadleaf forest, MF: mixed forest, SH: shrubland, SA: savanna, GRA: grassland, CRO:

cropland, WET: wetlandr: tropical, Ar: arid, Tp: temperate, Cd: cold, PI: polar.

3.1.3 Prediction of log-term trend

Eddy covariance measured GPP presented a substana#zaing trenid GPPacross flux

sitesbetween 2002 and 20E8gureba). TheobservedsPPfrom thenighttime partitioning

417 approach indicatexh overall trend of 7.7 gCyear. In cortrast, heST_BaselineNT model

1€
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predicted anore modediend of 2.7 gCriyear, primarily reflectinthe indirecCO, effect
manifested throughegrowth ofLAI. Both theST CFE-ML_NT andST CFE-hybrid NT
modelgpredictednuchhigher trend of5.5and 4.3 gCryear* respectivelyligning morelosdy
to eddy covariance observagion

Across all model setups, @EE-ML and CFEhybrid modelsonsistery outperformed the
Baseline modeis predicting GPP trends in globdty covariandewers(Figure 6band d
trends were statistically significant (p < 0.05). Notably, we foonsiderabligigher trend ieddy
covariance GPP measurements derived frodatfieneversus nightime partitioning approach
The predicted trends different modesetupdetween the partitioning approachese similar
despite a smaller trend predicted by the ST-MIFDT model compared to the corresponding
NT model(Figure 6b).

a) ~ b
(a) T e (b) sof
3 & Model
> L —
o Model & 7.5 EC
£ %0 0 — ,
S EC R LT_Baseline
; L
2 —— ST_Baseline_NT £ sl LT_CFE-Hybrid
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Figure5. Compasdon of observedndpredicted GPRrends across eddyovariance
flux towers. (a) Aggregated annual GPP apdmal 20@ to 2019and trend lines
from eddy covariance (EC) measurements, and three CFE modé¢skettipsm,
nighttime partitioning)Size of the grey circle markers is prigp@al to the nuimer
of sites(b) Annualtrends from eddy covariance measurements@@&EDAR-GPP
model setups

3.2 Evaluation of GPP spatial and temporal dynamics

In this section, wpresent comparisons between CEBARPdatasetand other upscaled or
LUE-based datasetgerdinghemean annual GPP (Section 3.2.1), GPP seasonality (Section 3.2.2),
interannual variability (Section 3.2.3), and annual trends (SectiddEDARGPP model setups
generallghowedsimilar patterns in mean annual GPP, seasonality, and uatlevanability,
therefore, in corresponding sectionspr@senthe CFEHybrid model setups espresentative
examplefor comparisoawith other independent datasets, unless otherwise Stgaplmentary

figures includeotnparisongvolvingall CEDARGPP.
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3.2.1 Mean annual GPP

Global patterns of mean annual GiRfee generally consistaniongCEDAR-GPPmodel
setupsFLUXCOM, FLUXSAT, MODISandrEC-LUE, with fewnoticeable regional differences
(Figure 6, Figure SDifferences among CEDABPP model setups wargnimalandonly
evident between the NT and DT setups in the tropics (Figord-gjure SICEDAR-GPPshort
termdatasetshowecdhighestconsisteaywith FLUXSAT interms ofmean annu&PP
magnitude§20010 2018)and latitudinal variations, although FLUXSAT predshghtlyhigher
GPPvaluesn thetropicscompared t€ EDAR-GPP(Figure 6b)Mean annual GPP magnitude for
FLUXCOM-R®06and MODIStencedto belowergloballthan CEDARGPPand FLUXSAT
with the most pronouncaetifferencesbserved in theopical area®smong he longtermdatasets
(CEDAR-GPP LT, FLUXCOMERAD5, and rE€.UE), mean annual GRP9826 2018)exhibited
greater disparities in the northern-fatdudes tham thetropics and southern hemisphere (Figure
6¢c). CEDARGPPaligned more closely with FLUXCERRAS than with rE€.UE, with the latter
showing lower annual mean GPP globally, particularly between 20°N.to 50° N
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Figure6. Globaldistributions of mean annual BRom CEDARGPP andother
machine learning upscaled and {HaBedeferencelatasetsa) Global patterns of
mean annual GPP from ST_CHEbrid NT, FLUXCOM-RS006,LT_ CFE
Hybrid_NT, and FLUXCOMERAS. (b) Latitudinal distributions of mean annual
GPP (200106 2018)from shortterm dataset§ST_CFEHybrid NT, ST _CFE
Hybrid_DT, FLUXSAT, FLUXCOMRS006, and MODIS. (c) Latitudinal
distributions of mean annual GAR826 2018)rom longtermdataseti T_CFE
Hybrid_NT, LT_CFEHybrid_DT, FLUXCOMERAS5, and rEQ.UE.
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467 3.2.2 Seasonal variability

468 CEDAR-GPPand othemachine learning upscaled and {dEed GPEatasetagreean
469 seasonal variabilitigsverage between 2@0102018 atthe global scaleharacterized by a peak in
470 GPPin July an@ nadibetweerDecembeandJanuary (Figure At the global scgl€EEDAR-

471 GPPwas mostlosehalignedvith FLUXSATIin GPPseasonahagnitude and amplitydehile

472 both FLUXCOM and MODISdisplagdarelativeljess pronouncetagnitude.

473 In the northern hemisphere (20°B0°N) all GPPdatasetagreed in seasoaPPvariation,
474  despitevariances themagnitué of peak GPRn the southern hemisphd290°S- 60°S) dl

475 datasetexhibitedheirlowest GPP during June and July,hagidesiGPPfrom December to

476 January. Howeveheseasonal amplitude of GRBs greatest f6iLUXCOM-ERAS followed by
477 CEDAR-GPPand FLUXSAT and substantially smaller fatJXCOM-RS006 and MODIS GPP.
478 In the tropics (20°N 20°S), differencé®tween datasets weregmengestwhere seasonal

479 variation is not as prominesampared to other regioflGEDARGPP, FLUXSAT, and

480 FLUXCOM-ERA5eachshowed two GPP peakscurringn MarchApril and September

481 OctoberAlthoughFLUXCOM-R®06had a similar seasonal pattiésrnGGPPmagnitude was

482 markedly smalldnterestinglyMODIS showed amverseseason pattemith asmallpeakfrom
483 June to August.
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484
485 Figure7. Comparison ofGPP mean seasonal cyméween differerdataseten a
486 global scalend specifically witthe Northen Hemisphere (20°N90°N), Southern
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Hemisphere (28% 60°S), and Tropical regions (20°20°S) Monthly means were
averaged from 2001 to 2018 for all datasets.

3.2.3 Interannual variability

Wefounddistinct spatial pattesin GPPinterannual variabilibetween upscaled and LUE
based dataseisd ahigh levebf agreement within each categaith the exception of
FLUXCOM-ERADS5, which showed minimal interannual variability gl{Bigilye 8)All datasets
agreed otthe presence @PPinterannual variabilihotspots in eastern and southern South
America, central North America, southern Africa, and western Austegia hotspots primarily
corresponded tarid and senrdrid areas characterized by grasslands, shrubs, and cfeiglarels
9). CEDARGPPwas highly consistent with FLUXSAT, and both datasetisplayedelatively
highinterannual variability the dry subhumid areas of Eurgmedominately coverby
croplands. FLUXCOMR06mirrored theelative spatial pattsrof CEDAR-GPPand
FLUXSAT  albeitatlower magnitude$he LUE-based datasgtdODIS and rECLUE) predicted
amuch higheinterannual variabilitgan the upscaled datasets in the tropical paeas.larly in
evergreen broadleaf forests and woody sasf&igure 8, Figure 9heseadatasets alstepicted
slightly higheinterannual variabilitgr other types of forestisicluding evergreen needlefeedsts

and deciduous broadleaf forestanpared to the upscaled datasets.
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505 Figure8. Spatial patterns of GPP interannual variability extracted over 2001 to 2018
506 for CEDAR-GPP(ST_CFEHybrid_NT), FLUXSAT,FLUXCOM-RS006, MODIS,
507 FLUXCOM-ERAS5, and rE€.UE.
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