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Abstract 

Terrestrial carbon fluxes and pools under a changing climate 

 

By  

Bao Ngoc Nguyen 

 

Doctor of Philosophy in Environmental Science, Policy, and Management 

University of California, Berkeley 

 

Professor Trevor Keenan, Co-Chair 

Professor Dennis Baldocchi, Co-Chair 

 

 

Terrestrial ecosystems have captured 21% of human-emitted CO2 over the last decade, 
highlighting the importance of studying their carbon cycle dynamics under a 
changing climate. The terrestrial carbon cycle has two main parts: carbon fluxes and 
pools, which represent short-term carbon exchanges such as between biosphere-
atmosphere, and long-term carbon storage such as in vegetation and soils. When 
climate becomes more variable with changing precipitation regimes, increasing 
atmospheric CO2 concentration, and warmer temperature, how terrestrial carbon flux 
and pools respond to these changes determines the ecosystems’ carbon storage 
potential. 
 
Throughout my Ph.D. dissertation, I utilize the global network of eddy-covariance 
CO2 flux tower measurements across diverse ecosystems (FLUXNET) together with 
tree-ring data, a geospatial foundation model, and Dynamic Global Vegetation 
Models (DGVMs) to answer important scientific questions about terrestrial carbon 
fluxes and pools under a changing climate. Specifically, my dissertation (1) models 
rain-induced CO2 pulses from global drylands, the processes that have been largely 
ignored in dryland carbon cycle modeling, through the FluxPulse framework, (2) 
spatializes CO2 fluxes at a 10-m resolution within tower measurement areas to 
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support carbon monitoring of lands of interest, through the FluxLens framework, and 
(3) demonstrates that the recently observed short-term decoupling between 
photosynthesis and plant growth neither implies sink limitation nor constrains long-
term growth.  
 
Firstly, climate change leads to increases in rainfall intensity and decreases in 
frequency, making water-limited ecosystems more vulnerable. In drylands, 
vegetation and soil microbes rely on intermittent rainfall to thrive and regulate 
ecosystem carbon dynamics, yet the carbon pulses resulting from sporadic rainfall 
events have been extremely understudied. In the first chapter, I utilize the FLUXNET 
global database of ecosystem carbon fluxes to identify a widespread underestimation 
of rain-induced carbon losses from global drylands. I build an unprecedented dataset 
of manually and machine-learning labeled rain-pulse events, including more than 
1800 rain-induced carbon loss events across 323 site-years at 34 dryland eddy-
covariance sites worldwide. I find that rain-induced carbon losses contribute 
significantly to annual net ecosystem productivity and ecosystem respiration, but 
existing eddy-covariance carbon flux models significantly underestimate the 
response of ecosystem respiration and vegetation productivity to rainfall events by 
up to 30%. Motivated by these results, I develop FluxPulse, a novel approach to resolve 
rain-induced biases in current carbon flux models. 
 
Secondly, in an era where precise quantification of land carbon uptake and release 
becomes more and more important for ecosystem carbon monitoring, I extend my 
focus from drylands to global terrestrial ecosystems and introduce the Flux 
observation Local ENvironment Scaling (FluxLens), a novel framework for spatializing 
carbon fluxes within flux tower areas at 10-meter resolution. FluxLens uses Google 
AlphaEarth Foundations (AEF) annual embedding datasets and climate datasets to 
predict monthly estimates of gross primary productivity (GPP) and ecosystem 
respiration (Reco) at 10-m spatial resolution within tower measurement areas, across 
184 global eddy-covariance tower sites. Across sites, FluxLens captures well CO2 flux 
magnitude, seasonal dynamics, and visible spatial nonuniformity, with the mean 
predictions across all pixels consistent with flux-tower GPP and Reco estimates (Site-
specific pixel-mean R2 GPP = 0.65-0.94 (25th-75th percentile); R2 Reco = 0.58-0.88).  
 
Finally, rising atmospheric CO2 has increased global photosynthesis by roughly 14% 
in the last 40 years, but whether this increase in carbon source activity translates into 
lasting woody biomass gains remains uncertain. Resolving this question is central to 
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evaluating the potential of terrestrial ecosystems to continue slowing climate change 
in the coming decades. Recent studies have reported a short-term decoupling 
between photosynthesis and woody biomass growth and interpreted this as evidence 
of emerging or intensifying sink limitation. By combining tree-ring data, eddy-
covariance observations, and an ensemble of global vegetation models simulating 
carbon fluxes and pools from annual to centennial scales, I show widespread 
decoupling between photosynthesis and growth. Crucially, however, this decoupling 
has no bearing on long-term growth outcomes under elevated CO2. My third chapter 
shows that short-term decoupling arises primarily from the dominant role of 
processes downstream of photosynthesis, and that its magnitude is unrelated to 
whether ecosystems are source- or sink-limited. These findings call into question 
previous reports of a strengthening sink limitation, and suggest that plants may not 
be as constrained under elevated CO2 variability as currently assumed.  
 
My dissertation answers important and relevant questions about the long-term 
relationship between carbon fluxes and pools under a changing climate, and 
develops two novel frameworks: FluxPulse for modeling rain-induced CO2 pulses 
from global drylands and FluxLens for spatializing tower-based carbon fluxes at 10-
meter resolution. Chapter 1 provides the first global assessment of the impact and 
drivers of rain-induced carbon losses across global drylands since their first official 
documentation in the 1950s. Chapter 2 leverages an emerging geospatial foundation 
model to provide spatially explicit carbon flux estimates with promising applications 
in ecosystem monitoring, land management, high-resolution satellite product 
evaluation, and plot-to-tower comparisons. Chapter 3 challenges previous reports 
of a strengthening sink limitation, and suggests that plants may not be as constrained 
under elevated CO2 variability as currently assumed. Together, these chapters 
contribute to the understanding of terrestrial carbon fluxes and pools under a 
changing climate.
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“It's harder to go from 0 to 1 than from 1 to 10. You can scale and multiply what's 
there, but zero will remain zero no matter how hard it's multiplied.” 

- Thomas Vato 

 

Abstract 

Dryland carbon fluxes, particularly those driven by ecosystem respiration, are highly 

sensitive to water availability and rain pulses. However, the magnitude of rain-

induced carbon emissions remains unclear globally. Here we quantify the impact of 

rain-pulse events on the carbon balance of global drylands and characterize their 

spatiotemporal controls. Using eddy-covariance observations of carbon, water and 

energy fluxes from 34 dryland sites worldwide, we produce an inventory of over 1800 

manually identified rain-induced CO2 pulse events. Based on this inventory, a 

machine learning algorithm is developed to automatically detect rain-induced CO2 

pulse events. Our findings show that existing partitioning methods underestimate 

ecosystem respiration and photosynthesis by up to 30% during rain-pulse events, 

which annually contribute 16.9±2.8% of ecosystem respiration and 9.6±2.2% of net 

ecosystem productivity. We show that the carbon loss intensity correlates most 

strongly with annual productivity, aridity, and soil pH. Finally, we identify a universal 

decay rate of rain-induced CO2 pulses and use it to bias correct respiration estimates. 

Our research highlights the importance of rain-induced carbon emissions for the 

carbon balance of global drylands and suggests that ecosystem models may largely 

underrepresent the influence of rain pulses on the carbon cycle of drylands. 
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1.1. Introduction 

 

Drylands cover over a third of the global land surface (Reynolds et al., 2007; 

Whitford & Duval, 2020) and significantly influence the trend and interannual 

variability of the terrestrial carbon sink (Ahlström et al., 2015; Poulter et al., 2014; Sitch 

et al., 2024). These ecosystems are water-limited, with rainfall driving vegetation and 

microbial processes that impact ecosystem carbon dynamics (Noy-Meir, 1973). 

Sporadic rain pulses in particular play a crucial role in determining plant growth, 

microbial activity, soil moisture, and overall ecosystem productivity (Feldman et al., 

2018; Kannenberg et al., 2023; Sala et al., 2012). Although the influence of water 

availability on dryland carbon dynamics is well established (Gherardi & Sala, 2019; 

Huxman, Cable, et al., 2004; Noy-Meir, 1973), the processes governing responses to 

rain pulses remained poorly understood. The amount of carbon lost due to 

heterotrophic respiration stimulated by rain-pulse events and the key drivers of those 

losses across diverse dryland ecosystems, remain open questions (Barnard, 2020; 

Jarvis et al., 2007; Rousk & C. Brangarí, 2022; L. Xu et al., 2004), and the underlying 

processes are thus typically not included in models of dryland carbon dynamics 

(MacBean et al., 2021; Rousk & C. Brangarí, 2022; W. K. Smith et al., 2019).  

Rain pulses trigger abiotic and biotic soil CO2 pulses, a phenomenon often 

termed a rain-induced CO2 pulse event or pulse event. Abiotic CO2 pulses occur when 

water displaces CO2 from soil pores (Huxman, Snyder, et al., 2004; Maier et al., 2010) 

or dissolves carbonates (Inglima et al., 2009). Biotic CO2 pulses, known as the Birch 

effect, result from microbial respiration surges following the sudden availability of 

labile carbon and nutrients (Birch, 1958; Bottner, 1985; Fierer & Schimel, 2003; Jarvis 

et al., 2007; Schimel, 2018). This resource pulse may arise from the release of 

intracellular solutes, microbial lysis, and physical breakdown of soil aggregates (Fierer 

& Schimel, 2003; Placella et al., 2012; Rutledge et al., 2010). While abiotic CO2 pulses 

are short-lived (Inglima et al., 2009; Serrano-Ortiz et al., 2010), Birch-effect CO2 

pulses can last several days and lead to significant ecosystem carbon losses during 

the day and night (Jarvis et al., 2007; Lee et al., 2004; L. Xu et al., 2004; Yan et al., 

2014). Microbial respiration can increase 60 to 80 fold after rainfall (L. Xu et al., 2004), 

then decay as the soil dries (Birch, 1958; Jarvis et al., 2007; Liu et al., 2002; Rousk & 
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C. Brangarí, 2022; L. Xu et al., 2004) , contributing up to 40% to total soil respiration 

during the growing season (Yan et al., 2014), and 5-10% to annual net ecosystem 

productivity (Lee et al., 2004) (Fig. 1.1). The intensity of these pulses has been linked 

to hydrologic dynamics such as the intensity/frequency of rewetting and antecedent 

soil dryness (Huxman, Snyder, et al., 2004; Jarvis et al., 2007; Rousk & C. Brangarí, 
2022; L. Xu et al., 2004). In contrast, plant-microbe interactions are often neglected, 

mainly because previous research focused on soil-centric environments or 

vegetation-senescence periods (Barnard, 2020; Inglima et al., 2009). The combined 

effects of vegetation, soil properties, climate, and hydrologic dynamics on rain-

induced carbon losses, therefore, remains poorly constrained.  

 
Figure 1.1. Conceptual diagram of pulse events. Pulse events, or rain-induced CO2 
pulse events, are defined as ecological processes in which rainfall on previously dry 
soils triggers pulses of soil CO2 and, consequently, pulses of net CO2 flux (NEE). (a) 
The horizontal bar represents the soil moisture gradient, daytime evaporative fraction 
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(EF), and vegetation growth before and after rain pulses. (b) Dynamics of daily 
ecosystem carbon fluxes (Ra, Rh, Reco, NEE, GPP) during pulse events and CO2 pulse 
characteristics: (i) length, (ii) intensity, (iii) size, and (iv) decay rate (see Methods). Reco 
is ecosystem respiration, Ra is autotrophic respiration, and Rh is heterotrophic 
respiration. NEE is net ecosystem exchange of CO2 flux measured directly from eddy 
covariance towers. GPP is gross primary productivity; we plotted -GPP instead of GPP 
for visualization purposes. The first-principle relationship between carbon fluxes can 
be described as follow: NEE = Ra + Rh – GPP, Reco = Ra + Rh. 
 

Modeling these pulse-driven events is particularly challenging due to the 

sporadic and discontinuous nature of rainfall in drylands (Noy-Meir, 1973). Most 

models effectively incorporate steady-state processes such as responses to 

temperature, long-term changes in soil moisture, and vegetation productivity. 

However they largely neglect non-steady-state but significant rain-induced carbon 

losses (Migliavacca et al., 2011; Raich & Potter, 1995; Reichstein et al., 2003, 2005; L. 

Xu et al., 2004; L. Xu & Baldocchi, 2004). This omission could lead to substantial 

underestimation of soil and ecosystem respiration, potentially resulting in inaccurate 

estimates of related processes such as gross primary productivity (Jung et al., 2024; 

Rousk & C. Brangarí, 2022). The lack of a broad characterization of dryland rain-

induced CO2 pulses has hindered the integration of these processes into existing 

ecosystem models. 

Detecting rain-induced carbon losses across diverse dryland ecosystems is a 

critical first step to improving model predictions of dryland carbon fluxes. FLUXNET, 

which provides global eddy covariance measurements of net CO2 flux or net 

ecosystem exchange (NEE) (D. Baldocchi et al., 2001; D. D. Baldocchi, 2020), offers a 

unique opportunity to analyze CO2 pulse responses at high temporal resolution. 

Rainfall driven ecosystem respiration (Reco) pulses manifest as net CO2 anomalies, 

because microbial activity typically responds more rapidly to rainfall than vegetation 

(S. Chen et al., 2009; B. Huang & Nobel, 1993; Huxman, Cable, et al., 2004; Migliavacca 

et al., 2011; Noy-Meir, 1973; Placella et al., 2012; Roby et al., 2020) (Fig. 1.1). However, 

FLUXNET does not provide continuous measurements of soil and ecosystem 

respiration (Jung et al., 2024), making NEE the variable of choice for detecting rain-
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induced carbon losses. Furthermore, conventional eddy covariance partitioning 

methods estimate Reco using an Arrhenius-type temperature function (Lasslop et al., 

2010; Reichstein et al., 2005) (Equation 2), which may not effectively capture rain-

induced carbon losses (Jung et al., 2024; L. Xu & Baldocchi, 2004). NEE observations 

from FLUXNET thus provide a unique opportunity to both identify and characterize 

soil CO2 pulses. 

Here, we combine a novel manually-labeled database of 1857 pulse events 

with machine learning frameworks to detect rain-induced carbon losses across 34 

dryland eddy-covariance sites, encompassing 323 years of half-hourly observations. 

Using this database, we characterize the spatiotemporal drivers of net CO2 pulse 

dynamics, and bias-correct Reco estimates derived from the conventional nighttime 

partitioning method. We refer to this integrated detection and correction approach 

as FluxPulse. Our results highlight widespread underestimation of carbon losses 

during rain-pulse events in global drylands, with significant implications for dryland 

carbon balance variability under climate change.  
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1.2. Methods 

 

1.2.1. Data sources 

We collected openly available eddy covariance data from FLUXNET2015 

(Pastorello et al., 2020), AmeriFlux (www.ameriflux.lbl.gov), and ICOS (Integrated 

Carbon Observation System) Warm Winter 2020 (Warm Winter 2020 Team & ICOS 

Ecosystem Thematic Centre, 2022) (www.icos-cp.eu), all produced through ONEFlux 

processing under a CC-BY-4.0 license (Pastorello et al., 2020). We used only original 

half-hourly measurements extracted from the gapfilled versions of net ecosystem 

exchange of CO2 (NEE_VUT_REF), latent heat flux (LE_F_MDS), and sensible heat flux 

(H_F_MDS), along with meteorological variables such as air temperature (TA_F_MDS) 

and incoming shortwave radiation (SW_IN_F_MDS). For precipitation, we gathered 

both tower-measured precipitation (P) and downscaled precipitation (P_ERA) from 

ERA-Interim reanalysis data products published via the above eddy covariance 

networks (Vuichard & Papale, 2015).  

We selected eddy covariance sites that satisfied the following criteria: (1) ratio 

of annual precipitation to potential evapotranspiration (P/PET) < 0.65, a common 

definition of a dryland (Abatzoglou et al., 2018), (2) at least four years of data, and (3) 

short and sparse vegetation (typically height < 2 m and area < 30% of tree cover) with 

IGBP vegetation types belonging to Grasslands (GRA), Savannas (SAV), Open 

Shrublands (OSH), Closed Shrublands (CSH), and Woody Savannas (WSA). We 

selected ecosystems with short and sparse vegetation to minimize rain loss from 

vegetation interception and reduce strong vegetation interference with rain-induced 

CO2 pulse signals detected in NEE measurements. In total, our data contained 34 sites 

across North America, Europe, and Australia, with mean annual precipitation (MAP) 

ranging from 245 to 1180 mm, mean annual temperature (MAT) ranging from 7 to 

29°C, and record length ranging from 4 to 21 years in each site (Extended Data Fig. 

1.1; Supplementary Table 1). 

 

1.2.2. Identification of pulse events 

We established a foundational database of pulse events by manually labeling 

the start and end dates of these events, across 323 site-years of data in 34 sites. We 
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then developed a machine learning algorithm to automatically detect pulse events 

from half-hourly eddy covariance data, which was trained on the manually labeled 

dataset.  

Pulse event indicator. Rainfall is typically measured by the tipping bucket method in 

the eddy covariance network; nevertheless, this method is known to under-report 

rainfall due to instrument limitations, and landscape heterogeneity (Gebler, 2015; 

Legates & DeLiberty, 1993). We confirmed that many tower data likely under-

reported precipitation by noting that precipitation downscaled from ERA (P_ERA) is 

more synchronous with net CO2 pulses than the in-situ-measured precipitation (P) 

(Extended Data Fig. 1.2). We therefore used P_ERA as the primary rainfall record. 

In addition to rainfall, we used daytime Evaporative Fraction (EF) as an index 

of soil water availability and rainfall occurrence. EF is the fraction of available energy 

allocated to evapotranspiration from the land surface, which we calculated on a daily 

scale as the average daytime ratio between latent heat flux and the sum of latent and 

sensible heat fluxes (Shuttleworth et al., 1989). Daytime EF varies between 0 and 1, 

with 1 indicating a non-water-limiting condition as all available energy is converted 

to latent heat, and 0 indicating a water-limited condition since all available energy is 

converted to sensible heat. EF range is 0.19±0.18 to 0.52±0.15 across 34 studied sites, 

including both growing and non-growing seasons. Rainfall after a long dry period 

creates a surge of EF, and dry ecosystems rarely get too wet for EF to saturate, making 

EF a potential indicator of soil water availability and rainfall occurrence. Compared to 

in-situ soil water content measurements, EF is broadly available and can be calculated 

consistently across eddy covariance sites.  

Manual labeling of pulse events. We manually labeled the start and end dates of 

pulse events via observations of net CO2 pulses, aiming to study their spatiotemporal 

dynamics and to develop supervised machine learning models for labeling these 

events (Supplementary Extended Data Fig. 1.10 for detailed criteria for labeling). We 

used original half-hourly time series data on net ecosystem exchange of CO2 (NEE), 

daytime Evaporative Fraction (EF), and downscaled precipitation (P_ERA) from ERA-

Interim reanalysis data. Across 34 sites over 323 site years, we manually labeled 1857 

pulse events, with durations ranging from 2 to 26 days. The start date of the pulse 

event was labeled based on satisfying the following conditions: (1) NEE suddenly 
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increases sharply, (2) NEE gradually decays over at least two days after the peak day 

to distinguish the start of pulses from random noises, (3) EF suddenly increases 

sharply, and (4) Positive precipitation (Supplementary Table 2). Sometimes, condition 

(4) was not satisfied but we still marked the start of the pulse event because it is likely 

that rainfall was under-reported. The end date of the pulse event was defined as the 

date when nighttime NEE stabilizes and approximates its pre-pulse magnitude 

(Supplementary Extended Data Fig. 1.10).  

Machine learning labeling of pulse events. We used random forests to 

automatically label pulse events at a half-hourly scale, since random forests, or tree-

based models in general, have been shown to outperform deep learning on tabular 

datasets (Grinsztajn et al., 2022). Furthermore, random forest can inherently handle 

missing time series data and is more time-efficient compared to deep learning 

algorithms. Specifically, we applied the random forest binary classification algorithm 

using the function ‘RandomForestClassifier’ in the Python ‘sklearn’ package. The 

algorithm, trained on previously manually labeled datasets, processes FLUXNET 

formatted data to label measurements as pulse events or not on a half-hourly scale. 

To train and evaluate this model, we first selected 28 out of 34 sites that each has at 

least five years of data and 20 recorded pulse events. We trained one foundation 

model using data from all selected sites, using the last three years at each site as the 

testing set; the rest of the observations were randomly split into a training set and a 

validation set of ratio 80%:20%. This approach not only enhances the generalization 

capability of our model but also mitigates the risk of overfitting. The validation set 

was used for model selection purposes (such as tuning hyper-parameters), while the 

test set was used to evaluate the model’s final performance. The features used by the 

random forest model include hydrologic and carbon flux characteristics that are 

important signals for the pulse events, including rewetting intensity (ΔEF), antecedent 

water availability (pre-pulse EF), pulse intensity (ΔNEE), and antecedent ecosystem 

productivity (pre-pulse NEE) (see Methods). The full list can be found in Fig. 1.4c. 

 We evaluate this model, again with respect to the test set, using two common 

metrics for classification tasks: precision and recall. Precision is the fraction of pulse 

events the model detected that were actually real ( !"#$	&'()*)+$
!"#$	&'()*)+$,-./($	&'()*)+$

), while recall 

is the fraction of actual pulse events that were successfully detected by the model 
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( !"#$	&'()*)+$
!"#$	&'()*)+$,-./($	01234561

). For example, if there are 12 pulse events in total, and the 

model detected 10 events with only 7 of them being actual pulse events, then 

precision is 7/10 and recall is 7/12.  

Finally, the random forest model allowed us to investigate feature importance, 

that is, how relatively useful each covariate is in predicting the outcome. In particular, 

for each feature, we computed the normalized total reduction in the Gini impurity 

across decision tree leaves. Higher Gini importance indicates that the feature reduces 

more uncertainty in prediction on average, and hence is more important (Breiman et 

al., 2017). We report these scores in Fig. 1.4c. 

 

1.2.3. Characterizing rain-induced carbon pulses 

Length, Intensity, and Size. We characterized rain-induced carbon pulses within the 

eddy-covariance network by defining the length, intensity, and size of net ecosystem 

exchange (NEE) during each event (Equation 1; Fig. 1.1). Even though the decay rate 

is an important feature of pulse events (Fig. 1.1), due to the uncertainties of half-

hourly data and heterogeneity in data quality across sites, it is not possible to derive 

the decay rate for each event. Instead, we characterized the site-specific decay rate 

for all pulse events within one site (see below). Regarding pulse length, we defined it 

as the number of days of the pulse events from the start to the end dates, which was 

directly calculated from the manually labeled dataset. Pulse intensity is, conceptually, 

the initial response of microbial respiration (Rh) to rainfall, which was calculated as the 

change in NEE (ΔNEE) between the mean of two days after and the mean of two days 

before rainfall (Fig. 1.1). NEE was used instead of Rh to calculate the pulse intensity 

since vegetation has a lagged response to rainfall, hence ΔNEE is equal to ΔRh on the 

first few days of the pulse events, and the eddy-covariance network does not provide 

direct measurements of Rh (Fig. 1.1). Regarding pulse size, we defined it as the sum 

of the daily mean of half-hourly NEE during the whole period of pulse events (Fig. 

1.1).  

Site-specific pulse intensity and decay rate. To estimate site-specific pulse intensity 

and decay rate, we fitted a 1st-order kinetic equation, which aims to mimic the litter 

decomposition function (Chapin et al., 2011), as follows:  
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𝑁𝐸𝐸),* =	𝛼* × 𝑒+,!×. Equation 1 

 
where NEEi, s is the maximum of daily mean NEE on day i from all pulse events in site 

s (Equation 1). αs and ks are the site-specific pulse intensity and decaying rate of site 

s respectively (Equation 1). The site-specific pulse intensity αs is obtained by fitting 

Equation 1 to all pulse events from one site, which is different from the pulse intensity 

of individual pulse events mentioned above (ΔNEE), even though they represent a 

similar concept of the initial response of the net carbon flux to rainfall.  

 

1.2.4. Existing Reco/GPP partitioning methods 

Parametric methods. The partitioning methods we utilize partition Reco and GPP from 

NEE based on the relationship NEE = Reco – GPP, in which NEE is the net ecosystem 

exchange of CO2 fluxes measured directly from eddy-covariance towers, Reco is 

ecosystem respiration, and GPP is gross primary productivity (Fig. 1.1). We evaluated 

the performance of partitioning methods on estimating Reco and GPP during pulse 

events and annually. The common parametric approaches that have been widely 

used by the flux community are the nighttime (NT) method, which derives Reco from 

nighttime data as an Arrhenius-type function of temperature (Lloyd & Taylor, 1994; 

Reichstein et al., 2005), and the daytime (DT) approach, which models GPP and Reco 

based on the light-response curve of GPP and temperature response of Reco (Lasslop 

et al., 2010). Both approaches model Reco at half-hour j as an exponential function of 

air temperature (Equation 2) (Lloyd & Taylor, 1994):  

 

𝑅𝑒𝑐𝑜/0"#$%&'	1 =  𝑅234 × 𝑒
5)×6

*
+,-./+)

 +  *
+01,2/+)

8
	   

Equation 2 

 

where 𝑅𝑒𝑐𝑜/0"#$%&'	1 is Reco modelled by the NT method at half-hour j, Tair j is the air 

temperature at half-hour j, Rref is reference respiration at reference temperature (Tref 

= 288.15 oK), T0 = 227.13 oK , and E0 is temperature sensitivity (Fig. 1.2c).  

Machine learning methods. In addition to evaluating the parametric approaches, 

we assessed machine learning methods to partition Reco and GPP during pulse events, 

which are a hybrid model based on artificial neural networks (NN) (Tramontana et al., 

2020), and a causal hybrid model based on double machine learning (DML) (Cohrs 
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et al., 2024). The NN approach integrates physical constraints to simultaneously 

estimate Reco and GPP through two subnetworks and showed improved flux estimates 

during pulse events at the US-SRG site (Tramontana et al., 2020). The causal hybrid 

model enhances the hybrid model by incorporating principled causal knowledge and 

employs the Double Machine Learning (DML) approach for estimating causal effects 

(Cohrs et al., 2024). Each model incorporates variables such as soil water content, 

shortwave radiation, day of the year, wind speed, vapor pressure deficit, and air 

temperature as predictors. We reimplemented both approaches and ran them on our 

selected sites. 

 

1.2.5. FluxPulse: Modeling rain-induced CO2 pulses from flux data 

We developed the FluxPulse algorithm to model rain-induced carbon pulses from 

eddy-covariance flux data in 34 studied global dryland sites. FluxPulse bias-corrects 

Reco and GPP from the Nighttime (NT) method during pulse events and pre-pulse 

periods, in which the NT method fails to capture the temporal dynamics (Fig. 1.2c). 

For non-rewetting and non-pre-pulse periods, FluxPulse retains Reco and GPP 

estimates from the NT method. A visualization tool for FluxPulse bias-corrected 

datasets can be accessed via https://ngoc-nguyen-

ucberkeley.shinyapps.io/fluxpulse_visualization/. 

Bias-correct carbon fluxes during pulse events. To bias-correct both Reco and GPP 

during pulse events, we first bias-corrected Reco, then calculated GPP as the difference 

between bias-corrected Reco and NEE. In summary, FluxPulse re-estimates Reco during 

pulse events by forcing Reco on the first day of pulse events to approximate maximum 

NEE on the same day, then calculating Reco in the following days using the decay rate 

k, which is computed empirically for each pulse event (Equation 4). A correction factor 

β, which was written as a decay function and calculated on a daily scale, was applied 

to all half-hourly NT-method Reco (𝑅𝑒𝑐𝑜/0"#$%&')	from the same day to obtain the 

half-hourly FluxPulse Reco (𝑅𝑒𝑐𝑜9:;<';:*3) (Equation 3).  

 

𝑅𝑒𝑐𝑜9:;<';:*3	),1 = 𝛽) × 𝑅𝑒𝑐𝑜/0"#$%&'	),1         Equation 3 

        

Where 𝑅𝑒𝑐𝑜9:;<';:*3	),1  is FluxPulse bias-corrected Reco on day i and half-hour j; βi is 
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the correction factor applied to all 𝑅𝑒𝑐𝑜/0"#$%&'	),1 on day i and half-hour j, in which 
𝑅𝑒𝑐𝑜/0"#$%&'	),1	is Reco obtained from the NT method. β decays over time to represent 

the decaying characteristics of Reco during pulse events (Equation 4, Fig. 1.1) (Jarvis et 

al., 2007; L. Xu et al., 2004), and is calculated  as: 

 

𝛽)  =  
>5534$%*

?@AB56"#$%&'	34$%*

× 𝑒+,×(.+D)      Equation 4 

              

where 𝑁𝐸𝐸FG$%*  and 𝑅𝑒𝑐𝑜/0"#$%&'	FG$%*
 are, respectively, 98th percentile of half-

hourly NEE and NT-method Reco on day one of the pulse event (Equation 4). 98th 

percentile values were chosen to select the maximum NEE and NT-method Reco 

during pulse events. On day one (i = 1),  βi  is equal to the ratio between 98th 

percentile NEE and 98th percentile NT-method Reco (Equation 4), hence for 

𝑅𝑒𝑐𝑜/0"#$%&'	),1	 equals to 𝑅𝑒𝑐𝑜/0"#$%&'	FG$%*
, 𝑅𝑒𝑐𝑜9:;<';:*3	),1  is equal to 98th 

percentile NEE. This bias-correction method reduces the bias of the NT-method Reco 

and forces the maximum of FluxPulse Reco to approximate maximum NEE during pulse 

events, given Reco should be theoretically larger or equal to NEE (Equation 3).  
In Equation 4, k is theoretically the decay rate of each pulse event. Since the 

half-hourly data is often noisy, and we do not have direct, continuous measurements 

of Reco or Rh, the decay rate k was estimated empirically as follows (Extended Data Fig. 

1.5, 1.6). Firstly, we fitted a 1st-order kinetic equation similar to Equation 1 to the array 

𝑁𝐸𝐸HG$%* , 𝑁𝐸𝐸HG$%7 , 𝑁𝐸𝐸HG$%8…, 𝑁𝐸𝐸HG$%9 in which 𝑁𝐸𝐸I$%9 is the pth percentile of 

all half-hourly NEE on day i. 68th percentile was chosen to reflect values within ±1 

standard deviation from the mean on each day. If the non-linear fit is statistically 

significant (p < 0.1), then the estimate of k is accepted. If the non-linear fit is not 

statistically significant, we fitted a 1st-order kinetic equation to an alternative 

array:	𝑁𝐸𝐸D1111111, 𝑁𝐸𝐸J1111111, 𝑁𝐸𝐸K1111111, …, 𝑁𝐸𝐸L1111111, in which 𝑁𝐸𝐸L1111111 is the mean of all half-hourly 

NEE in day i from all pulse events in a specific site. We validated FluxPulse Reco against 

NEE at night, which was assumed to approximate Reco due to the lack of 

photosynthesis at night (Extended Data Fig. 1.5, 1.6). We only selected pulse events 

that lasted longer than three days for validation in order to minimize the effect of 

random error and the potential introduction of uncertainties due to low-turbulence 
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conditions.  

 It is worth noting that in Equation 4, by using NEE to set FluxPulse Reco during 

pulse events, we implicitly assume that GPP during the first day of rainfall is minimal 

due to the pre-pulse dry periods. Even though this is not the case in most sites 

(Extended Data Fig. 1.7), the assumption is necessary as there are no direct 

measurements of GPP and the partitioning methods available cannot provide reliable 

GPP estimates during pulse events. Importantly, this assumption is conservative and 

does not inflate the magnitude or importance of the main results. If GPP is positive 

on the first day of the pulse event, the bias in Reco is expected to be even larger since 

Reco = NEE + GPP. Our reported bias values therefore likely underestimate the true 

bias associated with the partitioning methods assessed during pulse events (Fig. 1.2a, 

b). 

Bias-correct carbon fluxes during pre-pulse periods. In addition to being biased 

during pulse events, the NT partitioning method is biased in the days leading up to 

pulse events (Fig. 1.2c; Extended Data Fig. 1.5). This is due to the fact that the NT 

method uses a moving window to estimate Rref (Equation 2), and this window overlaps 

with the pulse event periods in the days prior to the pulse event. We therefore bias-

corrected Reco and GPP before the pulse events to reduce the pre-pulse biases (Fig. 

1.2c; Extended Data Fig. 1.5; see Methods). We selected the pre-pulse period as n 

days before the pulse events (n being the event length) and used a 2-day window to 

estimate Rref instead of a 4-day window used in the NT Method (Reichstein et al., 

2005) (Equation 2). Only pre-pulse periods that do not overlap with previous pulse 

events were selected for correction. 

FluxPulse technical assessment. Validation against the NEE measurements at night 

is complicated by the fact that rain events greatly reduce data quality for eddy-

covariance measurements, particularly for open-path sensors. The three sites in the 

database use enclosed CO2 sensors (ES-LM1, ES-LM2, and ES-Abr), however, which 

are robust under rainfall conditions (Burba, 2022). Evaluation against night-time 

observations for those three sites shows that FluxPulse reduces the median Reco bias 

from 27.0% to 0.7% (Extended Data Fig. 1.5). Across 82% of all studied sites, FluxPulse 

reduces biases significantly from the NT method (p < 0.001, one-tailed paired t-test) 

and successfully captures the pulse temporal dynamics (Extended Data Fig. 1.5, 1.6).  
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1.2.6. Hydrologic characteristics 

Carbon flux characteristics during pulse events are strongly affected by the level 

of soil dryness and rainfall rewetting intensities (Rousk & C. Brangarí, 2022; L. Xu et 

al., 2004). We tested two different indices for rewetting intensity: the Evaporative 

Fraction (EF) and precipitation (P) (Extended Data Fig. 1.4). The rewetting intensity 

(ΔEF or ΔP) is the difference in either EF or P between two days after and two days 

before the rainfall. We calculated the antecedent water availability, denoted as pre-

pulse EF, as the mean of EF 15 days before rainfall. A lower pre-pulse EF indicates a 

drier antecedent period. We took the average EF in 15 days before the pulse events 

happened but not a longer or shorter period because a longer time window could 

include a mix of growing season and non-growing season, and a shorter period does 

not fully represent the history of water stress. 

1.2.7. Soil characteristics 

Microbial response to rewetting is influenced not only by water dynamics, but 

also by soil properties (Singh, 2023; L. Xu et al., 2004). We extracted soil chemical and 

physical properties such as soil pH, texture, and soil organic carbon from SoilGrids 

(www.soilgrids.org), which is a 250-m resolution interpolated global map of soil 

properties (Poggio et al., 2021).  

1.2.8. Analysis of spatiotemporal drivers of rain-induced carbon losses 

We used the LMG method in the R package ‘relaimpo’ to assess the importance 

of spatial drivers such as soil characteristics, vegetation uptake, and climatic 

conditions on the intensity and decay rate of NEE during pulse events (Fig. 1.3). The 

LMG method is robust to multicollinearity between variables and provides confidence 

interval estimation via bootstrapping (Lindeman et al., 1980). Regarding the temporal 

drivers of rain-induced carbon losses, we used the feature importance scores 

obtained from using random forests to label pulse events (see Method Section 2). 

To analyze the directional relationship between site-specific pulse 

intensity/decay rate and each predictor, we used Partial Dependence Plot (PDP), 

which effectively considers confounding effects between multiple predictors and the 
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target variable, without assuming a linear relationship like the Pearson correlation 

(Extended Data Fig. 1.8, 1.10).  
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1.3. Results and Discussion 

1.3.1. Widespread underestimation of pulse event carbon fluxes 

 We found that pulse events significantly impact the dryland carbon balance, 

contributing 16.9±2.8% (mean ± the margin of error) to annual ecosystem respiration 

(Reco) and 9.6±2.2% to net ecosystem productivity (NEP) across sites (Fig. 1.2a). These 

findings align with previous research showing that soil CO2 pulses contribute 5-10% 

of annual NEP in a midlatitude forest, with carbon losses during pulse events being 

comparable to the annual NEP of many ecosystems (Lee et al., 2004; L. Xu et al., 2004). 

Despite this substantial contribution, we found that all four existing eddy-

covariance partitioning methods significantly underestimate Reco and GPP during the 

pulse events when compared our FluxPulse bias-corrected fluxes (Fig. 1.2b). 

Underestimation for Reco ranged from 13.4±9.4% to 26.7±9.0%, while GPP ranged from 

17.8±11.7% to 33.8±14.2% (Fig. 1.2b, c). Since GPP is estimated as the difference 

between Reco and NEE, any underestimation of Reco directly affects GPP estimates (Fig. 

1.1).  

The four partitioning methods examined include parametric approaches 

(Nighttime method (NT) (Reichstein et al., 2005) and Daytime method (DT) (Lasslop 

et al., 2010)) and machine learning methods (Double machine learning (DML) (Cohrs 

et al., 2024) and artificial neural networks (NN) (Tramontana et al., 2020)) (see 

Methods). We performed a one-tailed paired t-test to compare partitioning methods, 

which revealed a clear ranking of Reco underestimation during pulse events, with: NN 

(13.4±9.4%) < DML (17.9±9.7%) < NT (22.9±10.7%), DT (26.7±9.0%) (p < 0.01) (Fig. 

1.2b). The NN approach underestimates Reco the least, followed by the DML approach, 

while the NT and DT methods exhibit similar underestimations. Regarding GPP during 

pulse events, the NT method shows the largest bias (p < 0.01): NT (33.8±14.2%), DT 

(17.8±11.7%), DML (20.9±12.4%), NN (18.2±11.2%) (Fig. 1.2b).  

Among the four partitioning methods assessed, machine learning approaches 

(Neural Network (NN), Double Machine Learning (DML)) underestimate Reco the least, 

highlighting their improved performance at capturing non-steady-state events 

compared to the parametric approaches assessed (Tramontana et al., 2020). The 

underestimation of Reco also leads to underestimation of GPP, particularly in methods 

where GPP is calculated as Reco minus NEE. The Nighttime method (NT) shows the 
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largest GPP underestimations (Fig. 1.2b), often leading to systematic negative half-

hourly GPP during the first few days of pulse events (Jung et al., 2024).  

 

Figure 1.2. Partitioning methods underestimate pulse event CO2 fluxes. (a) 
Contributions of ecosystem respiration (Reco) and net ecosystem productivity (NEP) 
during pulse events to annual Reco and NEP. Pulse event contribution (%) at each 

individual site is calculated as MNO(P)
MNO(Q)

× 100, in which x is FluxPulse bias-corrected 

half-hourly Reco or NEP during pulse events and y is all available half-hourly bias-
corrected Reco or NEP (Two sites whose NEP contribution values greater than three 
times of standard deviation were removed in the boxplots for visualization purposes). 
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(b) Performance of partitioning methods on estimating ecosystem respiration (Reco) 
and gross primary productivity (GPP) during pulse events. Fluxes estimated from four 
methods were compared to the FluxPulse bias-corrected Reco and GPP, which are the 
Nighttime method (NT), the Daytime method (DT), Double Machine Learning (DML), 
and Neural Network (NN) (see Methods). The flux underestimation is calculated as 
MNO(P)+MNO(Q)

MNO(P)
× 100, in which x is the FluxPulse half-hourly Reco or GPP and y is the 

partitioned half-hourly Reco or GPP from different partitioning methods. Thus, positive 
y values indicate flux underestimations, while negative y values indicate flux 
overestimations. In Fig. 1.2(a) and (b), 28/34 sites whose FluxPulse significantly 
reduces biases (p < 0.001, Extended Data Fig. 1.6) are included. The boxes represent 
interquartile range (IQR) marked with 25th, 50th, 75th percentile and whiskers extending 
to 1.5 times the IQR. The red diamonds represent the mean of the boxplots. In Fig. 
1.2(b), all boxplots have the mean of distribution statistically greater than 0 (one-
tailed paired t-test, p < 0.01). (c) Half-hourly time series visualization of Net 
Ecosystem Exchange (NEE), Ecosystem Respiration estimated by the FluxPulse bias-
corrected algorithm (FluxPulse Reco) and by the Nighttime method (NT method Reco) 
at the Albuera site, Spain (ES-Abr) in 2017. NEE points corresponding to pulse events 
are manually labeled in green, while others are labeled in black. The red line 
represents FluxPulse bias-corrected Reco, and the blue line represents Reco estimated 
by the nighttime (NT) method. In the lower graph, the black line shows the daytime 
evaporative fraction (EF), calculated daily. The blue bars are precipitation downscaled 
from ERA-Interim reanalysis data products, with half-hourly resolution. A sharp rise 
in EF and increased precipitation indicates the occurrence of pulse events and net 
CO2 pulses.  

 

 Actual biases in existing methods for estimating Reco and GPP during pulse events 

could be much higher than those reported here. Our approach assumes minimal GPP 

during the first day of pulse events, using maximum NEE to estimate maximum Reco, 

given that GPP estimates are not reliable during pulse events (see Methods). Minimal 

GPP at the beginning of pulse events could happen in some sites due to the intensive 

pre-pulse dryness; however, we demonstrate that this is not the case in most sites 
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(Extended Data Fig. 1.7). Even though the underestimates we quantified are 

conservative, our FluxPulse bias-correction method significantly reduces biases 

compared to existing partitioning methods, providing more reliable estimates of 

carbon fluxes during pulse events. 

 

1.3.2. Convergence in decay rate of rain-induced carbon pulses  

Analyzing more than 1800 pulse events, we found that rain-induced carbon 

pulses decay exponentially after rain events in 85% of sites, following a universal 

exponential decay pattern (Fig. 1.3a). The intensity and decay rates of these pulses 

are primarily governed by environmental factors related to vegetation growth, 

climate, and soil properties (Fig. 1.3b, c). We calculated site-specific pulse intensity 

(𝛼*) and decay rate (ks) by fitting a 1st-order kinetic reaction function to the daily 

maximum NEE across all pulse events at each site (Fig. 1.3a). The site-specific pulse 

intensity represents the maximum magnitude of rain-induced carbon losses at a site, 

and the site-specific decay rate represents how fast the carbon losses decay over 

time (Equation 1).  

 

 
Figure 1.3. Rain-induced CO2 pulses decay across sites. (a) Net ecosystem 
exchange (NEE) declines over time during pulse events across 29/34 sites with 
statistically significant site-specific decay rate (p < 0.05; the p value is derived from 
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the statistical test for parameter estimates when fitting the decay function to the data). 
The y-axis of the outer graph is the maximum of daily mean NEE from all pulse events 
from one site, the x-axis is the number of days after the pulse event starts, assuming 
that rainfall starts on day 1. The 1st-order kinetic reaction function is fitted for each 
site and displayed as black lines (Equation 1). The inset presents the same data but 
normalized by site-specific pulse intensity (𝛼M), and reveals a convergent decay rate 
across sites (ks = 0.16 ± 0.01, p < 0.001). (b, c) Relative importance analysis of nine 
predictors for site-specific pulse intensity (𝛼M) (b) and decay rate (ks) (c) across 29/34 
sites. Predictors related to soil characteristics are clay percentage (%Clay), soil organic 
carbon from 0-5 cm (SOC) (g kg-1), and soil pH. The predictor representing vegetation 
productivity is annual GPP obtained from the Nighttime (NT) partitioning method 
(µmol CO2 m-2 s-1). Predictors representing hydrologic conditions are aridity index 
(P/PET), rewetting intensity (ΔEF), and antecedent water availability (Pre-pulse EF). 
Predictors representing climatic conditions are global shortwave radiation (Rg) (W m-

2), and air temperature (Tair) (oC). Data in the bar plots are presented as mean value ± 
standard deviation. The standard deviation of the bars is calculated by bootstrap 
sampling (100 times resampling with replacement). All predictors explain 62.5% and 
37.5% of the variance in the site-specific pulse intensity and decay rate respectively. 

 

When normalizing the NEE rain-pulse response curves by site-specific pulse 

intensity, the response curves across sites converge to a universal decaying function 

(𝑦 = 0.96 × 𝑒+R.DHP) (Fig. 1.3a). This indicates a consistent response of soil microbes 

to rain pulses, likely due to the strong relationship between soil microbes, soil water 

potential and evaporation (Orchard & Cook, 1983). Prior studies have shown that 

cumulative soil evaporation follows a square root of time as the soil dries (Gardner, 

1959), further supporting this convergence. Our finding of the convergent decay rate 

could facilitate the future incorporation of the rain-pulse effect into large-scale 

ecosystem models. The decaying pattern of net CO2 flux over time likely results from 

resource depletion (labile carbon, nitrogen, water availability, etc.), changes in 

microbial community composition (Placella et al., 2012), and vegetation growth 

triggered by pulse events which off-sets CO2 release. The widespread decay pattern 

highlights the biological influence of rainfall on ecosystem processes beyond abiotic 
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influences, reinforcing the importance of the Birch effect in dryland carbon cycling. 

Our findings align with previous regional and laboratory studies (Birch, 1958; Jarvis 

et al., 2007; Jenerette et al., 2008; L. Xu et al., 2004), confirming the widespread 

occurrence of the Birch effect in global drylands. 

Multiple environmental factors influence the spatial dynamics of net carbon 

fluxes during pulse events. The three strongest predictors for the site-specific pulse 

intensity (𝛼*) across sites are aridity index (P/PET), GPP, and soil pH, together with 

other factors explaining 62.5% variance (Fig. 1.3b). 𝛼* increases with Aridity index 

(P/PET) and GPP but decreases with soil pH (Extended Data Fig. 1.9). For the site-

specific decay rate (ks), soil pH and air temperature were important predictors, with 

ks increasing with soil pH and temperature (Extended Data Fig. 1.8). However, 

compared to 𝛼*, environmental factors explain only 37.5% of variance in ks (Fig. 1.3b, 

c). Regarding hydrologic factors, we used Evaporative Fraction (EF), the fraction of 

available energy allocated to evapotranspiration, as a proxy of soil water availability 

and rainfall occurrence (see Methods). Despite exhibiting a strong temporal 

correlation with pulse intensity and size, pre-pulse EF (the 14-day average EF before 

a pulse event) and ΔEF (a measure of the rewetting intensity) do not significantly 

explain the spatial variability of net CO2 pulses during pulse events, (Fig. 1.3b, c; Fig. 

1.4c; Extended Data Fig. 1.1.4).  

Our results show that vegetation productivity is key to initial rewetting responses, 

as more productive sites supply more labile carbon through root exudation and plant 

litter, enhancing microbial decomposition (Fig. 1.3b, c) (Barnard, 2020; Tang et al., 

2005; L. Xu et al., 2004). This also explains why soil organic carbon (SOC) shows little 

explanatory power for the spatial distribution of pulse characteristics (Fig. 1.3b, c), 

since SOC composition (e.g., labile vs. recalcitrant SOC) is likely more important than 

total SOC in sustaining the Birch effect (Fig. 1.3b, c) (Deng et al., 2017; Fierer & 

Schimel, 2003). Besides GPP, aridity index (P/PET) is a major predictor of pulse 

intensity across sites (Fig. 1.3b). Among all dry sites, wetter sites have higher pulse 

intensity (Extended Data Fig. 1.9). This suggests that wetter dryland sites have 

sufficient moisture to enhance vegetation growth, supplying substrates for microbial 

decomposition, while they are still dry enough for the Birch effect to occur.  

Among all environmental factors, soil pH is a top predictor of both site-
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specific pulse intensity and decay rate (Fig. 1.3b, c). Previous studies have highlighted 

the influence of soil pH on microbial composition (Chapin et al., 2011; Dacal et al., 

2019; Fierer et al., 2009; Lauber et al., 2009; Schneider et al., 2012; Sinsabaugh et al., 

2008; Tripathi et al., 2018), with soil microbial diversity peaks at near-neutral soil pH 

at a continental scale (Lauber et al., 2009). In our study, we also observe that the site-

specific pulse intensity peaks at a pH of 6 and gradually declines as the pH increases 

to 8 (Extended Data Fig. 1.9). This could be attributed to various soil characteristics 

associated with soil pH, as well as physiological constraints on soil bacteria under 

extremely acidic or alkaline conditions (Lauber et al., 2009). Our validation of SoilGrids 

pH against site-specific measurements confirms soil pH measurement robustness 

(Extended Data Fig. 1.3). Our study shows that soil pH is an important spatial driver 

of rain-induced carbon pulses, potentially due to its influence on soil microbial 

dynamics.  

 

1.3.3. Detecting and characterizing rain-induced carbon pulses 

Rain-induced CO2 pulse events are non-steady-state ecological processes, 

making them challenging to detect and model across sites. Nevertheless, automated 

pulse detection is now possible, given the large amount of data and a better 

understanding of the complexity of rain-pulse responses. We developed an 

automated detection framework using a random forest binary classification algorithm, 

in addition to manually labeling pulse events (see Methods). Our results demonstrate 

that although performance varies across sites, which is possibly due to data quality 

and site-specific measurement uncertainties, such automated detection is applicable 

across diverse ecosystems. We successfully detected at least 60% of pulse events in 

15/28 sites (Fig. 1.4a). Detection is most effective for major pulse events—those with 

net positive CO2 emissions, with 76% of pulses whose size between 10 to 15 µmol CO2 

m-2 s-1 being correctly detected across sites (Fig. 1.4b).  
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Figure 1.4. Random forest performance for detecting pulse events. (a) 
Performance for detecting the start date of pulse events (within ±2 days error) across 
28 qualified sites (Supplementary Table 1 for more details). Precision is the fraction 
of pulse events the model detected that were real, while recall is the fraction of actual 
pulse events that were successfully detected by the model. (b) Recall rate for different 
pulse size groups (divided into equal intervals of 5 µmol CO2 m-2 s-1, ranging from -
20 to 20 µmol CO2 m-2 s-1). The dashed line x = 0 defines major (x > 0) and minor (x 
< 0) pulse events based on the size of net CO2 pulses. Major pulse events (73.7% of 
the testing set) are defined as carbon sources, while minor pulse events (26.3%) are 
carbon sinks. (c) Feature importance score for all variables used in the random forest 
model to detect pulse events across 28 sites. Data are presented as mean value ± 
standard deviation of accumulation of the impurity decrease for each feature within 
each decision tree.  

 

We used two common classification metrics to evaluate model performance: 

precision and recall. Precision is the fraction of detected pulse events that are actual 

pulse events, while recall is the fraction of actual pulse events correctly detected by 

the model. Actual pulse events, in this case, are manually labelled pulse events. For 

example, if 12 pulse events occur, and the model detects 10 events with only 7 of 

them being real, then precision is 7/10 (70%) and recall is 7/12 (58%) (see Methods). 

Across sites, the model achieves a precision greater than 0.60 at 15/28 sites (Fig. 1.4a). 

Recall rates are generally lower than precision, with the highest recall rate (0.67) 

observed at the ES-LM1 site (Fig. 1.4a; Supplementary Table 1). Recall improves with 

the net CO2 pulse size, reaching 0.76 for pulses ranging from 10-15 µmol CO2 m-2 s-1 
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(Fig. 1.4b). Although the model did not effectively capture pulse events with negative 

pulse sizes, it performed well on most pulse events (73.7% of the pulse events in the 

testing set), particularly those with positive pulse sizes (Fig. 1.4b).  

Among the features used for classification (see Methods), pre-pulse NEE and 

daily mean NEE are the two most important predictors of the forest detection 

algorithm (Fig. 1.4c), meaning that ecosystem status before pulse events is crucial to 

detecting them. Pulse occurrence is more likely with positive pre-pulse NEE, and less 

likely with negative pre-pulse NEE values when vegetation is active (Extended Data 

Fig. 1.10). In a woody savanna, the magnitude of CO2 pulses has also been shown 

to be inversely correlated with pre-pulse Reco (L. Xu et al., 2004). 

Additionally, EF-derived indices (EF, antecedent water availability (Pre-pulse 

EF), and rewetting intensity (ΔEF)) accurately describe temporal variability in pulse 

characteristics and improve machine learning detection performance (Fig. 1.3b, c; Fig. 

1.4c; Extended Data Fig. 1.4). Lower pre-pulse EF and higher EF associate with a 

higher chance of pulse events (Extended Data Fig. 1.10). Furthermore, our analysis 

across multiple sites indicates that more intense rewetting events (ΔEF) and drier pre-

pulse periods (pre-pulse EF) are linked with higher pulse intensity (ΔNEE) and greater 

pulse size (Extended Data Fig. 1.4). This indicates that larger pulses are more likely 

after prolonged dry periods followed by intense rewetting. Our findings suggest that 

under future scenarios of more intense precipitation and prolonged dry intervals, 

rain-induced carbon losses will likely intensify (Feldman et al., 2024). 

Including site-static variables (e.g., soil pH, vegetation productivity, aridity 

index) does not enhance model performance, though adding month as a temporal 

variable enhances results (Fig. 1.4c). Interestingly, precipitation is not a significant 

predictor of pulse occurrence or intensity (Fig. 1.4c; Extended Data Fig. 1.4), most 

likely because EF already captures rainfall effects, and not all rainfall events trigger 

CO2 pulses.  

Overall, EF is an integrated index that captures water dynamics, including the 

wetting intensity and antecedent water availability. Compared to precipitation, EF-

derived indices play an important role in the pulse detection algorithm (Fig. 1.4c) and 

they significantly correlate with pulse intensity and size across most sites (Extended 

Data Fig. 1.4). While precipitation is undoubtedly a major driver of rain-induced CO₂ 
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pulses, its direct influence is difficult to detect due to under-report rainfall from using 

the tipping bucket method and landscape heterogeneity (Gebler, 2015; Legates & 

DeLiberty, 1993). EF, which integrates both wetting intensity and antecedent water 

availability, could thus be a promising index for water availability particularly at eddy-

covariance sites where precipitation and soil moisture data are limited.  

While the start date of pulse events is typically well-defined, determining the 

end date is more ambiguous, as the end date corresponds to the system either 

returning to pre-pulse conditions or reaching a stabilized state. However, since 

carbon emissions are greatest in the first few days of pulse events, potential 

misidentification of the end date is unlikely to significantly impact overall CO₂ loss 

estimates. Future work should further optimize detection algorithms and test whether 

rain-induced CO2 pulses occur in other biomes whose high vegetation activity could 

mask their signals. Overall, the random forest gives insight into the drivers of pulse 

responses, enabling a deeper understanding of pulse responses in dryland 

ecosystems. 

 

1.4. Conclusions 

 Drylands drive the interannual variability and trend of global land carbon sink, 

but the processes underlying the rain-induced carbon losses responsible for carbon 

flux variability have not been widely incorporated in terrestrial ecosystem carbon 

models (Metz et al., 2023). Our study demonstrates that rain-induced carbon losses 

follow a significant and consistent decay pattern across sites, and contribute 

significantly to the carbon balance of drylands (16.9±2.8% of annual ecosystem 

respiration and 9.6±2.2% of annual net ecosystem productivity). We show that existing 

partitioning methods substantially underestimate carbon fluxes in drylands, 

potentially affecting higher-level ecosystem carbon models and upscaling studies 

that rely on flux partitioned data. We resolve persistent biases in current eddy-

covariance partitioning methods by providing FluxPulse, a bias-corrected dataset of 

ecosystem carbon fluxes in drylands. Our results highlight the importance of 

effectively incorporating rain-induced carbon losses from pulse events into models 

from site to global scales. This is particularly important given the projected expansion 

of drylands in the 21st century (J. Huang et al., 2016) and rapid changes in global 
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precipitation patterns favoring more intense and less frequent rainfall (Feldman et al., 

2024). 
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1.8. Extended Data 

 

 
Extended Data Figure 8.1. Global map of sites included in this research. 
 
 
 

 
Extended Data Figure 1.9. Percent of pulse events that have precipitation data 
record (P, P_F, and P_ERA columns in FLUXNET database) within ±1 day from the 
start day of the events in 34 sites (0.001 mm was set as the threshold for precipitation 
occurrence). P_ERA aligned most accurately with the occurrence of pulse events, 
whereas P_F and P records were absent for several of these events. 
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Extended Data Figure 1.10. Comparison between soil pH obtained from Soilgrids 
and the BADM (Biological, Ancillary, Disturbance and Metadata) of AmeriFlux & ICOS 
sites. 
 

 

Extended Data Figure 1.11. Pearson correlation between pulse characteristics 
(Length, intensity, and size) and hydrologic variables (rewetting intensity (ΔEF, ΔP), 
antecedent water availability (Pre-pulse EF)) for each site. Only sites with a significant 
linear relationship with climatic drivers are shown as points (p < 0.05). Asterisks 
indicate the level of two-tailed t-test significance for whether the mean of the 
distribution is different than 0. The boxes represent interquartile range (IQR) marked 
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with 25th, 50th, 75th percentile and whiskers extending to 1.5 times the IQR. n indicates 
the number of points in each boxplot.  
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Extended Data Figure 1.12. Bias (%) of FluxPulse Reco and Nighttime (NT)-method Reco 
when comparing to nighttime NEE during two days before and after the start of pulse 
events at three sites that use an enclosed-path system (ES-LM1, ES-LM2, and ES-
Abr). Bias (%) is calculated as (x-y)/x*100%, in which x is the 68th percentile (1 standard 
deviation) of half-hourly Nighttime NEE, and y is the 68th percentile of half-hourly 
modelled Reco (either FluxPulse or NT-method Reco) during two days before and after 
the start of pulse events. Note that there are fewer points before pulse events than 
after because we only bias-corrected the pre-pulse periods that are not overlapped 
with previous pulse events. The pre-pulse period covers n days before each pulse 
event, in which n is the length of that pulse event. The boxes represent interquartile 
range (IQR) marked with 25th, 50th, 75th percentile and whiskers extending to 1.5 times 
the IQR. The red diamonds represent the mean of the boxplots. 
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Extended Data Figure 1.13. Bias (%) of FluxPulse Reco and Nighttime (NT)-method Reco 
when comparing to nighttime NEE during two days after the start of pulse events at 
34 sites. Bias (%) is calculated as (x-y)/x*100, in which x is the 68th percentile (1 
standard deviation) of half-hourly Nighttime NEE, and y is the 68th percentile of half-
hourly modelled Reco (either FluxPulse or NT-method Reco) during two days after the 
start of pulse events. The boxes represent interquartile range (IQR) marked with 25th, 
50th, 75th percentile and whiskers extending to 1.5 times the IQR. The red diamonds 
represent the mean of the boxplots. 
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Extended Data Figure 1.14. Difference between half-hourly NEE during daytime and 
nighttime (NEEDT - NEENT) for the period of two days before each pulse event. NEEDT 
- NEENT could indicate the presence of vegetation activity before pulse events, since 
the more negative is NEEDT – NEENT, the more likely vegetation is active (NEEDT - NEENT 
= (Reco DT – GPP) – Reco NT = (Reco DT – Reco NT ) – GPP). Assuming that Reco DT – Reco NT is 
positive since Reco increases with temperature, then the observed negative NEEDT - 
NEENT must be due to positive GPP. Asterisks indicate the level of one-tailed t-test 
significance for whether the mean of the distribution is greater than 0 (*p < 0.05, 
**p< 0.01, ***p<0.001). The boxes represent interquartile range (IQR) marked with 
25th, 50th, 75th percentile and whiskers extending to 1.5 times the IQR.  
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Extended Data Figure 1.8. Partial Dependence Plots for the responses of site-
specific decay rate (ks) to nine predictors. Predictors related to soil characteristics are 
clay percentage (%Clay), soil organic carbon from 0-5 cm (SOC) (g kg-1), and soil pH. 
The predictor representing vegetation productivity is annual GPP obtained from the 
Nighttime (NT) partitioning method (µmol CO2 m-2 s-1). Predictors representing 
hydrologic conditions are aridity index (P/PET), rewetting intensity (ΔEF), and 
antecedent water availability (Pre-pulse EF). Predictors representing climatic 
conditions are global shortwave radiation (Rg) (W m-2), and air temperature (Tair) (oC). 
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Extended Data Figure 1.9. Partial Dependence Plots for the responses of site-
specific pulse intensity (𝛼s) to nine predictors. Predictors related to soil characteristics 
are clay percentage (%Clay), soil organic carbon from 0-5 cm (SOC) (g kg-1), and soil 
pH. The predictor representing vegetation productivity is annual GPP obtained from 
the Nighttime (NT) partitioning method (µmol CO2 m-2 s-1). Predictors representing 
hydrologic conditions are aridity index (P/PET), rewetting intensity (ΔEF), and 
antecedent water availability (Pre-pulse EF). Predictors representing climatic 
conditions are global shortwave radiation (Rg) (W m-2), and air temperature (Tair) (oC). 
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Extended Data Figure 1.10. Partial Dependence Plots for the responses of pulse 
occurrence (value of 1 indicates that a pulse event occurred, while 0 represents no 
likelihood of a pulse event) to temporal predictors (see Methods and Figure 1.4c). 
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Abstract 

 

 

Eddy-covariance towers provide valuable continuous and long-term measurements 

of biosphere–atmosphere CO2 exchange across global ecosystems, contributing to 

our understanding of global ecosystem carbon balance and functioning. However, 

these measurements typically represent spatially aggregated fluxes across the tower 

area, limiting our ability to examine how carbon uptake and release vary within 

heterogeneous landscapes. Here, we introduce the Flux observation Local 

ENvironment Scaling (FluxLens), a novel framework for spatializing carbon fluxes 

within the tower areas. FluxLens combines climate variables and the Google 

AlphaEarth Foundations (AEF) annual embedding datasets to predict monthly 

estimates of gross primary productivity (GPP) and ecosystem respiration (Reco) at 10-

m spatial resolution. FluxLens first uses AEF embeddings combined with climatic 

features across 184 global eddy-covariance sites to improve monthly GPP and Reco 

predictions compared with climate-only models (All-site R2 GPP = 0.75±0.05 

(mean±se); R2 Reco = 0.64±0.03). We then fine-tuned the globally trained model for 

each site using generalized additive models (GAMs) to incorporate site-specific 

information, and applied the fine-tuned models for pixel-level spatialization. Across 

sites, FluxLens captures well CO2 flux magnitude, seasonal dynamics, and spatial 

nonuniformity within tower areas, with the mean predictions across all pixels 

consistent with flux-tower GPP and Reco estimates (Site-specific pixel-mean R2 GPP = 

0.65-0.94 (25th-75th percentile); R2 Reco = 0.58-0.88). By moving beyond spatially 

aggregated tower-area averages, FluxLens leverages an emerging geospatial 

foundation model to provide spatially explicit carbon flux estimates with promising 

applications in ecosystem monitoring, land management, high-resolution satellite 

product evaluation, and plot-to-tower comparisons.  
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2.1. Introduction 

 

Terrestrial ecosystems have sequestered 21% of anthropogenic CO2 emissions 

in the last decade (Friedlingstein et al., 2025). Carbon stocks in terrestrial ecosystems 

are determined mainly by the balance between the two largest natural carbon fluxes, 

photosynthesis and respiration, which are carbon uptake by plants and release 

through ecosystem respiration to the atmosphere (Chapin et al., 2011). Knowing how 

much CO2 the ecosystems breathe in and out everywhere, all the time has significant 

applications in efforts to evaluate carbon storage potential, inform ecosystem 

management, and understand ecosystem functioning (Griscom et al., 2017; Novick et 

al., 2022).  

Eddy-covariance towers are among the most robust methods for measuring 

biosphere-atmosphere carbon, water, and energy exchange, leading to their rapid 

growth worldwide over the past 35 years (D. Baldocchi, 2014; Chu et al., 2017; Xiao 

et al., 2025). These towers continuously measure high-frequency CO2 fluxes over 

periods ranging from half-hours to decades, providing powerful datasets for 

benchmarking terrestrial biosphere models, upscaling carbon fluxes from sites to 

regions, and understanding ecosystem processes across biomes (Xiao et al., 2025). 

Until now, more than 1800 towers have been operated globally (The Quantitative 

Ecosystem Dynamics Lab, 2026), with over a thousand sites providing publicly 

available half-hourly flux observations, through FLUXNET and regional flux networks 

(FLUXNET, 2025).  

Eddy-covariance towers measure fluxes for a certain area around the towers, 

whose the majority of flux contribution typically comes from footprints spanning from 

a few hundred meters to several kilometers (Chu et al., 2021; Kljun et al., 2015; Schmid 

& Lloyd, 1999; Xiao et al., 2025), which are both temporally and spatially dynamic, 

depending on factors such as measurement height, wind direction, surface roughness, 

and atmospheric stability (Kim et al., 2006). Historically, flux estimates at scales of 

several hundred meters were often sufficient for upscaling tasks to understand 

regional/global carbon sources and sinks, matching with moderate-resolution 

remote sensing products, and studying whole-ecosystem function (Xiao et al., 2025). 

While substantial efforts have been made in scaling up eddy-covariance 
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measurements to regional and global flux products (Jung et al., 2009, 2010, 2019; Bu 

& Xiao, 2025; Kang et al., 2025; Nelson et al., 2024; Xiao et al., 2008, 2014; Papale & 

Valentini, 2003), little attention has been given to scaling down fluxes to finer spatial 

resolutions (Metzger et al., 2013; Romero et al., 2026; K. Xu et al., 2017). This gap may 

be due to the historical lack of high-resolution remote-sensing products that capture 

fine-scale spatial heterogeneity within tower areas. However, recent advances in 

Earth observations and geospatial foundation models, such as Google AlphaEarth 

Foundations (AEF), now provide global, high-spatial-resolution landscape 

characterizations down to only a few meters, which are trained on massive Earth 

observation datasets that represent comprehensive aspects of the ecosystems 

(Brown et al., 2025). AEF embeddings integrate diverse Earth observation datasets, 

including optical, radar, LiDAR, environmental, and annotated data, into a compact 

64-dimensional representation of ecosystem state and structure (Brown et al., 2025). 

Their temporally continuous and high-spatial-resolution design also reduces the 

need for extensive preprocessing, making them readily applicable to ecosystem 

research. Recent studies have demonstrated the strong potential of AEF embeddings 

as a standalone and efficient solution for tasks such as tree species mapping (Wang 

et al., 2026) and irrigated cropland mapping (Yang et al., 2026). Hence, this creates 

opportunities to move beyond tower-area averages and spatialize carbon fluxes to 

precise locations at finer spatial scales. 

 Spatialized CO2 flux maps provide information not only about how much CO2 an 

ecosystem takes up or releases, but also where these exchanges occur within 

heterogeneous landscapes. Applications include but not limit to (1) estimating Gross 

Primary Productivity (GPP) and Ecosystem Respiration (Reco) from specific crop fields 

to support agricultural management efforts, (2) comparing between plot-scale 

measurements and ecosystem-scale eddy-covariance observations, (3) evaluating 

high-resolution satellite retrievals by using the spatially explicit ground-based 

estimates, and (4) supporting carbon monitoring, reporting, and verification for 

specific lands of interests. 

Here, we use the newly released Google AlphaEarth Foundations (AEF) 

embedding datasets to develop a machine learning framework to downscale eddy-

covariance CO2 fluxes to 10-m spatial resolution within 250-m-radius areas around 
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the towers. These embedding datasets compress multiple sources of Earth 

observation information ranging from optical, radar, LiDAR, environmental, and 

annotated datasets into a 64-dimensional vector for each 10-m pixel, providing a 

compact representation of land-surface characteristics and spatial heterogeneity 

(Brown et al., 2025). We use these embeddings with climatic variables and site-level 

information to estimate monthly GPP and Reco across eddy-covariance sites and 

generate spatially explicit flux maps within tower areas. We aim to evaluate the 

applications of AlphaEarth Foundations embedding datasets in modeling and 

spatializing GPP and Reco across sites and plant functional types (PFTs), and develop 

the Flux observation Local ENvironment Scaling (FluxLens), a framework for 

spatializing CO2 fluxes at 10-m resolution within eddy-covariance tower areas. By 

spatializing fluxes to finer resolution, the FluxLens framework can support broader 

efforts in land management, ecosystem monitoring, plot-to-tower and satellite-to-

tower comparisons, and carbon monitoring, reporting, and verification. 
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2.2. Methods 

 

2.2.1. Datasets 

Eddy-covariance carbon fluxes. Eddy-covariance datasets were collected from 

FLUXNET2015 (Pastorello et al., 2020), AmeriFlux (https://ameriflux.lbl.gov/), ICOS 

(https://www.icos-etc.eu/icos/), and TERN (https://www.tern.org.au/). All data are 

publicly available and under a CC-BY-4.0 license. We used monthly-aggregated data 

for Gross Primary Productivity (variable GPP_NT_VUT_REF) and Ecosystem 

Respiration (variable RECO_NT_VUT_REF), which are partitioned using the Nighttime 

method (Reichstein et al., 2005) and filtered based on Variable USTAR Threshold (VUT) 

(Pastorello et al., 2020). A total of 184 eddy-covariance flux sites globally were 

included in this study, whose IGBP including CRO, GRA, SAV, EBF, CSH, MF, ENF, WET, 

OSH, WSA, CVM (Extended Data Table 2.1, Extended Data Fig. 2.1). We selected sites 

that meet the following criteria: (1) have more than three continuous years of data 

between 2017-2024, which is the period for which Google AlphaEarth Foundations 

embedding datasets are available, (2) have at least eight monthly data points for both 

GPP and Reco for each year after quality control (QC > 0.7).  

Climatic datasets. To obtain climatic features to predict carbon fluxes, we obtained 

monthly downscaled variables from ERA-Interim reanalysis provided by the eddy-

covariance networks, including incoming shortwave radiation (SW_IN) (W m-2), air 

temperature (Tair) (oC), Vapor Pressure Deficit (VPD) (hPa), precipitation (P) (mm d-1), 

and wind speed (WS) (m s-1) (Table 2.1, Fig. 2.1). Overall, ERA-Interim reanalysis 

variables agree well with flux tower measurements except for precipitation (Extended 

Data Fig. 2.2). However, we still used ERA-Interim precipitation since it has been 

shown to capture rain-pulse events in drylands more effectively than tower-

measured precipitation (Nguyen et al., 2025). ERA-Interim reanalysis variables also 

contain fewer data gaps than tower-based meteorological variables. For site-specific 

aridity index (P/PET), we derived from the TerraClimate precipitation and potential 

evapotranspiration data (Abatzoglou et al., 2018). A full list of climatic variables for 

different model setups could be found in Table 2.1.  

AlphaEarth Foundations (AEF) satellite embedding datasets. AlphaEarth 

Foundations (AEF) version 1, released by Google DeepMind in June 2025, provides 
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annual global geospatial embeddings at 10-meter resolution from 2017-2024 (Fig. 

2.1b) (Brown et al., 2025). These embeddings compress spatial, temporal, and 

measurement information from multiple Earth observation (EO) sources into 64-

dimensional vectors although the physical interpretation of individual dimensions 

remains poorly understood since they are derived from a black-box deep learning 

model (Fig. 2.1b) (Brown et al., 2025; Rahman, 2026). The EO data used to train AEF 

include optical sensors (Sentinel-2, Landsat 8/9), radar sensors (Sentinel-1, PALSAR-

2), LiDAR data (GEDI), environmental datasets (GLO-30, ERA5-Land, GRACE), and 

annotated datasets (National Land Cover Database, Wikipedia, etc.) (Brown et al., 

2025).  

The benefits of using AEF embeddings are that they provide harmonized, 

time-continuous, and high spatial resolution of landscape characteristics across 

diverse and massive EO datasets. Compared with traditional approaches that involve 

complex data preprocessing and combining satellite products with different spatial 

and temporal resolutions (Bu & Xiao, 2025; Gaber et al., 2024; Kang et al., 2025; 

Nelson et al., 2024), using AEF embedding datasets reduces inconsistencies among 

data sources while retaining crucial information about ecosystem and landscape 

heterogeneity in a compact embedding format. We downloaded the original AEF 

embeddings from Google Earth Engine for 2017-2024 at both the native 10-m 

resolution and as spatially aggregated values within a fixed 250-m radius centered 

at flux tower locations (Google, 2025). For each year, AEF provides 64 embedding 

values for every 10-m pixel, representing the spatial and ecological variation in the 

measurement area around the tower.  

 

2.2.2. FluxLens Workflow 

 In this study, we developed FluxLens, a framework for spatializing CO2 fluxes at 

10-m resolution within the tower’s measurement areas (Fig. 2.1). FluxLens first trains 

an XGBoost model across all sites using spatially-aggregated climatic and AEF 

embedding variables to predict monthly GPP and Reco. The model is then fine-tuned 

using site-specific observations and applied to each pixel to generate pixel-wise flux 

predictions (Fig. 2.1).  

Data splitting. To train and evaluate model predictive performance, we randomly 
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held out 10% of sites as an independent test (unseen) set. These held-out sites were 

stratified by IGBP to ensure proportional distribution across PFTs. The remaining 90% 

of sites were used for model training and validation. To obtain the training set, we 

split each remaining site temporally, using the earlier 80% of observations for training 

and the later 20% for validation. This splitting setup was designed to ensure that the 

final FluxLens model could effectively capture both spatial and temporal flux 

variations. After model training, predictions were generated for the held-out test sites. 

We ran this procedure 10 times to account for variability in the selection of test sites, 

resulting in 115 unique held-out sites across all runs for model evaluation, spanning 

eight IGBP classes (DBF, ENF, MF, WET, GRA, CRO, OSH, and SAV).  

 

 
 

Figure 2.1. FluxLens workflow. FluxLens uses the XGB_Emb+Clim model setup to 
predict GPP and Reco (Table 1). (a) Climatic features include incoming shortwave 
radiation (SW_IN), air temperature (Tair), aridity index, Vapor Pressure Deficit (VPD), 
precipitation (P), and wind speed (WS). (b) Satellite embedding features include 64 
dimensions (A00 to A63) from Google AlphaEarth Foundations (AEF), redrawn from 
(Brown et al., 2025). (c) An XGBoost model was used to predict flux-tower GPP and 
Reco from the spatially-aggregated embedding and climatic features. The circle in each 
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layer represents the measured area around the tower with a 250-m radius. (d) The 
spatially-aggregated predictions were then fine-tuned for each site using 
generalized additive models (GAMs). (e) After fine-tuning, the XGBoost model was 
applied to each 10-m pixel to generate pixel-wise maps of GPP and Reco.  
 

Model setups. We used the XGBoost (eXtreme Gradient Boosting) machine learning 

model to predict monthly Gross Primary Productivity (GPP) and Ecosystem 

Respiration (Reco). XGBoost is a tree ensemble model that builds decision trees 

sequentially, with each tree correcting errors made by the previous trees (T. Chen & 

Guestrin, 2016). We chose the XGBoost model since tree-based models have shown 

robust performance on tabular datasets compared with deep-learning models, while 

maintaining a simpler model structure and higher computational efficiency 

(Grinsztajn et al., 2022). XGBoost is also robust to high-dimensional and missing 

datasets (T. Chen & Guestrin, 2016). Parameters for the XGBoost model can be found 

in Extended Data Table 2.2.  

 For each target variable, we designed five different model setups to test the 

effectiveness of adding AEF embedding features (Table 2.1). These five model setups 

represent simple to complex feature sets, ranging from using only one primary 

climatic driver for each target variable, to all climatic drivers, only embedding features, 

and a combination of climatic drivers with embedding features.  

In the 1st model setup, which is the simplest model, we used the primary 

climatic driver for GPP and Reco, which are incoming shortwave radiation (SW_IN) and 

air temperature (Tair) respectively (XGB_SWin model setup for GPP and XGB_Tair 
setup for Reco) (Table 2.1).  

In the 2nd model setup (XGB_Clim), we used a broader set of climatic variables 

including the primary drivers to predict GPP and Reco, which are monthly air 

temperature (Tair), site-specific aridity index, monthly Vapor Pressure Deficit (VPD), 

monthly precipitation (P), monthly wind speed (WS), and monthly incoming 

shortwave radiation (SW_IN). 

For the 3rd, 4th, and 5th model setups, we used 64 AEF embedding features 

alone (XGB_Emb setup for both GPP and Reco), 64 AEF embedding features combined 

with the primary driver (XGB_Emb+SWin setup for GPP and XGB_Emb+Tair setup for 
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Reco), and 64 AEF embedding features combined with all climatic variables 

(XGB_Emb+Clim setup for both GPP and Reco), respectively (Table 2.1). The model 

setup with the best overall predictive performance was selected as the final FluxLens 

model configuration (Figure 2.1).  

In addition to climatic and embedding features, all model setups include 

biome classification (IGBP) encoded as numeric values, and sine and cosine 

transformations of month to represent seasonal variation. 

Model fine-tuning. Since one general XGBoost model was trained across all sites, 

site-specific fine-tuning is necessary to incorporate site-specific information. We 

used Generalized Additive Models (GAMs) to empirically bias-correct systematic 

biases at each site by modeling the target variables as a smooth function of the 

XGBoost predictions (XGB_GAM) (Fig. 2.1d). GAMs provide flexible nonlinear bias 

correction, while giving options to penalize overfitting estimations. The same GAM 

parameters were applied across all sites. 

Generating 10-m pixel-wise predictions. The fine-tuned model was then applied 

to each individual 10-m pixel, using annual pixel-level embeddings and spatially-

aggregated monthly climatic variables as features to predict pixel-level monthly GPP 

and Reco (Fig. 2.1e).  

Performance evaluation. Here we conducted three types of evaluations: (1) XGBoost 

performance evaluation, (2) fine-tuning evaluation, and (3) pixel-level evaluation. For 

XGBoost evaluation, we evaluated the XGBoost model predictive performance across 

all runs for each model setup at 115 unseen sites. Model performance was evaluated 

using the co-efficient of determination (R2) and root mean square error (RMSE) for 

monthly predictions, mean seasonal cycles, and monthly anomalies. The formulas 

used to calculate R2 and RMSE are provided in Equation 2.1 and Equation 2.2. Note 

that under this definition, R2 can be negative if the model predictions perform worse 

than the observed mean, which is different from calculating R2 as the square of 

Pearson correlation co-efficient (r). 
 

𝑅J = 1 −	∑ (Q1+	QU1)7
:
1;*

∑ (Q1+	QV1)7:
1;*

             Equation 2.1 
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𝑅𝑀𝑆𝐸 = 	=∑ (QU1+Q1)7:
1;*

W
              Equation 2.2 

 

, in which 𝑦. , 𝑦1. , and 𝑦>.  are the observed, mean observed and predicted values 

respectively, and n is the number of observed values. The mean seasonal cycle of 

predictions and observations was calculated by aggregating values from the same 

month across all years, and monthly anomalies were calculated as the differences 

between predictions/observations and the mean seasonal cycle (Kang et al., 2025). In 

addition, we evaluated XGBoost model performance across different PFTs by 

calculating R2 for monthly predictions across all runs for each model setup for each 

IGBP class. For the fine-tuning evaluation, we calculated R2 of XGB_GAM predictions 

at each of the 115 unseen test sites, and compared them with the R2 of monthly 

predictions from the XGB_Emb+Clim model setup. For the pixel-level evaluation, we 

aggregated predictions from all pixels within the 250-m-radius buffers around the 

towers and calculated their R2 against the tower-based flux estimates. All evaluations 

were performed for both target variables GPP and Reco.  

 

2.2.3. FluxLens case studies  

Here we presented three case studies to generate 10-m-pixel-level 

predictions of GPP and Reco within 250-m-radius measurement areas around the 

towers. We chose the Lochristi poplar-planted site (BE-Lcr) in Belgium (Meulder et 

al., 2025), the Majadas del Tietar North nitrogen-added savanna (ES-LM1) in Spain 

(Carrara et al., 2026), and the Mayberry wetland (US-Myb) in California, United States 

(Matthes et al., 2026). These sites represent a deciduous broadleaf forest/rotational 

crop, a Mediterranean tree-grass savanna, and a wetland respectively. These three 

sites span two continents and include both water-limited and energy-limited 

ecosystems. They also capture diverse forms of landscape heterogeneity, including 

heterogeneous crop fields (BE-Lcr), scattered landscapes of oak trees and grasses 

(ES-LM1), and a wetland with open water (US-Myb). 

Lochristi poplar-planted site (BE-Lcr). The first case study presented here is the 

Lochristi poplar-planted site (BE-Lcr) in Lochristi, East Flanders, Belgium (Latitude: 

51.11218, Longitude: 3.85043). This site is a short-rotation bio-energy plantation of 

poplar (Populus spp.) and willow (Salix spp.), and is the only bio-rotation flux site in 
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the world (Broeckx et al., 2014). The tree density is 800 trees per hectare. The site 

mean annual temperature is 10.6oC and mean annual precipitation is 861.3 mm. 

However, the bio-energy plantation was stopped in 2023 and replaced by traditional 

crop lands. The site year range that overlaps with embedding datasets is 2019-2022. 

Majadas del Tietar North savanna (ES-LM1). The second case-study site is the 

Majadas del Tietar North savanna (ES-LM1) in Spain. The site mean annual 

temperature and precipitation is 16.7oC and 650 mm respectively (Latitude: 39.94269, 

Longitude: -5.778683) (El-Madany et al., 2018). ES-LM1 is the tower located in the 

Nitrogen-added experiment. The canopy fraction is approximately 20%, covered 

mostly by oak trees (Quercus ilex) (El-Madany et al., 2018). For the grass layers, 

various annual herbaceous plants are present (El-Madany et al., 2018).As a result, the 

ES-LM1 Mediterranean savanna site has two distinct growing seasons: oak trees 

(spring) and herbaceous plants (late autumn) (Luo et al., 2018). Site data overlapping 

with embedding datasets are from 2017-2024. 

Mayberry wetland (US-Myb). The final case study we examine is the Mayberry 

restored wetland in Sherman Island, Sacramento-San Joaquin River Delta, California, 

United States (Latitude: 38.0499, Longitude: -121.7650). Mayberry wetland consists 

of open water (depth ranging from 2 cm to 2 m) with covered vegetation dominated 

by tules (Schoenoplectus acutus) and cattails (Typha spp.) (Delwiche et al., 2025; 

Oikawa et al., 2017) (Fig. 6, 7). The site has a mean annual temperature of 15.9oC and 

mean annual precipitation of 338 mm, with 5 continuous years of data overlapping 

with the embedding datasets (2017-2021). 
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Table 2.1. XGBoost model setup description for predicting Gross Primary 
Productivity (GPP) and Ecosystem Respiration (Reco) 
Target Model 

setup  

Features 

Gross 

Primary 

Productivity 

(GPP)  

(gC m-2 d-1) 

XGB_SWin monthly incoming shortwave radiation (SW_IN), 

sin(month), cos(month), encoded site-specific IGBP 

XGB_Clim monthly air temperature (Tair), site-specific aridity 

index, monthly Vapor Pressure Deficit (VPD), monthly 

precipitation (P), monthly wind speed (WS), monthly 

incoming shortwave radiation (SW_IN), sin(month), 

cos(month), encoded site-specific IGBP 

XGB_Emb  64 annual embedding features, sin(month), 

cos(month), encoded site-specific IGBP 

XGB_Emb+
SWin 

64 annual embedding features, monthly incoming 

shortwave radiation (SW_IN), sin(month), 

cos(month), encoded site-specific IGBP 

XGB_Emb+
Clim 

64 annual embedding features, monthly air 

temperature (Tair), site-specific aridity index, 

monthly Vapor Pressure Deficit (VPD), monthly 

precipitation (P), monthly wind speed (WS), monthly 

incoming shortwave radiation (SW_IN), sin(month), 

cos(month), encoded site-specific IGBP 

Ecosystem 

Respiration 

(Reco)  

(gC m-2 d-1) 

XGB_Tair monthly air temperature (Tair), sin(month), 

cos(month), encoded site-specific IGBP 

XGB_Clim monthly incoming shortwave radiation (SW_IN), 

monthly air temperature (Tair), site-specific aridity 

index, monthly Vapor Pressure Deficit (VPD), monthly 

precipitation (P), monthly wind speed (WS), 

sin(month), cos(month), encoded site-specific IGBP 

XGB_Emb 64 annual embedding features, sin(month), 

cos(month), encoded site-specific IGBP 

XGB_Emb+ 64 annual embedding features, monthly air 
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Tair temperature (Tair), sin(month), cos(month), encoded 

site-specific IGBP 

XGB_Emb+
Clim 

64 annual embedding features, monthly air 

temperature (Tair), site-specific aridity index, 

monthly Vapor Pressure Deficit (VPD), monthly 

precipitation (P), monthly wind speed (WS), monthly 

incoming shortwave radiation (SW_IN), sin(month), 

cos(month), encoded site-specific IGBP 
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2.3. Results  

 

2.3.1. Overall XGBoost model performance 

We found that using embedding features significantly improves predictive 

performance compared with using climatic drivers alone for GPP and Reco (P < 0.05; 

Fig. 2.2; Extended Data Table 3, 4). The only exception is for Reco prediction, where 

XGB_Emb and XGB_Clim performance is not statistically different (P = 0.08). For 

monthly GPP predictions, all-site R2 across the three embedding model setups ranges 

from 0.74±0.05 to 0.75±0.05 (mean±se), while R2 is only 0.54±0.09 and 0.64±0.07 for 

the non-embedding XGB_SWin and XGB_Clim setups, respectively (Fig. 2.2a). 

Similarly, for monthly Reco predictions, R2 ranges from 0.62±0.03 to 0.64±0.03 for the 

embedding-based setups, compared with 0.41±0.04 and 0.50±0.05 for the non-

embedding XGB_Tair and XGB_Clim setups respectively (Fig. 2.2d). There are no 

statistically significant differences between the three embedding setups for both GPP 

and Reco monthly predictions; however, on average, XGB_Emb+Clim has the highest 

overall R2 (P > 0.05; Fig. 2.2; Extended Data Table 2.3-2.8). 

In addition, using embedding features substantially improves the mean 

seasonal cycle and anomaly predictions for GPP (P < 0.05; Fig. 2.2b, c; Extended Data 

Table 2.5, 2.7), while for Reco, improves the mean seasonal cycle (P < 0.05; Fig. 2.2e; 

Extended Data Table 2.6) but does not significantly improve anomaly predictions 

comparing with XGB_Clim model setup (Fig. 2.2f; Extended Data Table 2.8). When 

comparing with the XGB_Tair setup, XGB_Emb+Tair and XGB_Emb+Clim show 

statistically higher Reco anomaly predictive performance (P < 0.05; Fig. 2.2f; Extended 

Data Table 2.8). Overall, increasing model complexity leads to improved anomaly 

predictive performance for GPP, but is not always the case for Reco (Fig. 2.2c, f). All 

embedding-based setups are not significantly different in terms of predicting MSC 

and anomaly for both GPP and Reco (Fig. 2.2b, c, e, f; Extended Data Table 2.5-2.8). In 

general, Reco estimates have lower mean R2 across runs and model setups than GPP 

estimates in terms of monthly predictions, mean seasonal cycle, and anomaly. Among 

all model setups, the XGB_Emb+Clim setup shows the highest mean predictive 

performance for both GPP and Reco across temporal scales (Fig. 2.2). We also found 

that embedding-based model setups have lower mean RMSE than non-embedding-
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based setups for both GPP and Reco across temporal scales, except for predicting Reco 

monthly anomalies. However, among embedding-based setups, RMSE does not 

differ significantly (Extended Data Fig. 2.3). 

Using embedding features achieves predictive performance comparable to 

previous global carbon flux modeling efforts. For GPP estimates, in general, the 

XGB_Emb+Clim setup R2 reaches 0.75±0.05 across all runs (Fig. 2.2a). This 

performance is comparable to previous studies of monthly GPP modeling across 

global flux towers, including (Kang et al., 2025) mean R2 = 0.72) and  (Nelson et al., 

2024; median R2 ~ 0.7). Although the number of sites, data-splitting strategies, and 

the temporal resolution of training datasets differ slightly among studies, those 

studies used a comparable machine learning algorithm and evaluated model 

performance using comparable metrics on unseen monthly datasets. 

Regarding different temporal scales, estimating the mean seasonal cycle yields 

higher overall R2 than estimating monthly values for both GPP (MSC R2 ranges from 

0.64±0.03 to 0.82±0.01) and Reco (MSC R2 ranges from 0.51±0.03 to 0.71±0.03) across 

all model setups (Fig. 2.2b, e), whereas estimating anomalies is the most challenging 

task as indicated by much lower R2 for both GPP and Reco (Fig. 2.2c, f). This pattern is 

consistent with findings from previous studies for estimating GPP (Kang et al., 2025; 

Nelson et al., 2024).  
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Figure 2.2. Performance of different model setups in estimating GPP (a-c) and 
Reco (d-f) from 115 unseen datasets across runs and temporal scales. Five model 
setups are evaluated for each variable and grouped into two categories: models using 
Google AlphaEarth Foundations (AEF) embedding features (green bars), and models 
without embedding features (blue bars). Details on the feature sets used in each 
setup are provided in Table 1. Model performance was evaluated based on R2 of 
predicting monthly estimates (a, d), mean season cycles (MSC; b, e), and monthly 
anomalies (c, f).  Bars represent averages across all runs, and error bars indicate 
standard errors. 
 

2.3.2. XGBoost model performance for GPP by PFTs 

In general, using embedding features improves model performance for GPP 

predictions across PFTs, except for open shrubland (OSH) and savanna (SAV) 

ecosystems (Fig. 2.3). The most noticeable improvement is for CRO, GRA, MF, and 
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WET (Fig. 2.3a, d, e, h). The embedding-based setups achieve high R2 for forest sites 

DBF, ENF, MF (0.7-0.9), moderate R2 for WET, CRO, GRA (0.5-0.7), and very low R2 for 

SAV and OSH (< 0) (Fig. 2.3). In contrast, the XGB_SWin setup achieves high R2 only 

for DBF (0.84±0.02), and low R2 across other PFTs (< 0.4). XGB_Clim shares similar R2 

for DBF (0.84±0.02), but consistently outperforms XGB_SWin across other PFTs, 

including ENF (0.67±0.05), MF (0.44±0.18), GRA (0.41±0.09), WET (0.28±0.26), CRO 

(0.35±0.05), SAV (0.21±0.15), and OSH (-0.41±0.32). Model performance is lowest 

for OSH and SAV across all models, with R2 ranging from -2.26±2.47 to -0.41±0.32, 

and -1.76±0.55 to 0.21±0.15 respectively (Fig. 2.3f, g).  

 

 

 
 

Figure 2.3. Performance of different model setups in estimating GPP across IGBP 
vegetation classes from 115 unseen datasets across all runs. Five model setups 
are evaluated for GPP prediction and grouped into two categories: models using 
Google AlphaEarth embedding features (green bars), and models without 
embedding features (blue bars). Details on the feature sets used in each setup are 
provided in Table 1. Model performance was evaluated based on R-squared of 
predicting monthly estimates across (a) Cropland (CRO), (b) Deciduous Broadleaf 
Forest (DBF), (c) Evergreen Needleleaf Forest (ENF), (d) Grassland (GRA), (e) Mixed 
Forest (MF), (f) Open Shrubland (OSH), (g) Savanna (SAV), and (h) Wetland (WET). 
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Bars represent averages across all runs, and error bars indicate standard errors. n 
represents the number of unseen sites in each PFT across all runs. 
 

2.3.3. XGBoost model performance for Reco by PFTs  

Using embedding features results in clear improvements for Reco predictions 

compared with non-embedding models for CRO, ENF, GRA, and WET (Fig. 2.4a, c, d, 

h). The R2 values for the embedding-based setups for these PFTs are as follows: CRO 

(0.57±0.05 to 0.61± 0.03), ENF (0.56±0.06 to 0.59±0.06), GRA (0.53±0.10 to 

0.63±0.07), and WET (0.29±0.20 to 0.39±0.15). For other PFTs including MF, OSH, 

and SAV, XGB_Clim achieves higher mean predictive performance than the three 

embedding-based setups, with R2 values being 0.44±0.16, -0.18±0.14, and 0.32±0.14 

respectively (Fig. 2.4e, f, g). For DBF, XGB_Tair with only air temperature as a climatic 

feature achieves the highest performance (0.60±0.08) (Fig. 2.4b). Interestingly, in DBF 

and WET, adding climatic variables in addition to air temperature reduces model 

performance (Fig. 2.4b, h). Across all model setups, OSH and SAV have the lowest 

performance, similar to the pattern observed for GPP predictions (Fig. 2.4f, g). MF, 

OSH, and SAV have the fewest sites in both the training and testing sets.  

 

 
 

Figure 2.4. Performance of different model setups in estimating Reco across IGBP 
vegetation classes from 115 unseen datasets across all runs. Five model setups 
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are evaluated for GPP prediction and grouped into two categories: models using 
Google AlphaEarth embedding features (green bars), and models without 
embedding features (blue bars). Details on the feature sets used in each setup are 
provided in Table 1. Model performance was evaluated based on R-squared of 
predicting monthly estimates across (a) Cropland (CRO), (b) Deciduous Broadleaf 
Forest (DBF), (c) Evergreen Needleleaf Forest (ENF), (d) Grassland (GRA), (e) Mixed 
Forest (MF), (f) Open Shrubland (OSH), (g) Savanna (SAV), and (h) Wetland (WET). 
Bars represent averages across all runs, and error bars indicate standard errors. n 
represents the number of unseen sites in each PFT across all runs. 
 

2.3.4. Fine-tuned model performance by sites 

To fine-tune the general trained model with site-specific information, we 

bias-corrected model predictions at each site using generalized additive models 

(GAMs; see Methods). We chose to fine-tune the XGB_Emb+Clim model setup 

because it achieves the highest overall mean performance for monthly, seasonality, 

and anomaly predictions for both GPP and Reco (Fig. 2.2). XGB_Emb+Clim 
performance varies across sites for both GPP and Reco with site-level R2 interquartile 

ranges (25th- 75th percentile) of 0.43-0.88 for GPP (Fig. 2.5a) and 0.09-0.77 for Reco 

(Fig. 2.5c). This means that 25% of sites achieve high predictive performance even 

before fine-tuning, with R2 values of at least 0.88 for GPP and 0.77 for Reco. GAM bias-

correction improves model performance across most sites for GPP and Reco (Fig. 2.5a, 

c), and the improvement was more pronounced for Reco than GPP. The interquartile 
R2 ranges for XGB_GAM predictions are 0.65-0.95 for GPP (Fig. 2.5a) and 0.64-0.90 

for Reco (Fig. 2.5c). 

 We applied the fine-tuned XGB_GAM model to individual pixels to predict pixel-

level GPP and Reco, and verified these pixel-level predictions by comparing their 

means to the tower-based estimates (Fig. 2.5b, d). The predictive performance of 

pixel-mean XGB_GAM evaluated against tower-based estimates shows interquartile 

ranges of 0.65-0.94 for GPP (Fig. 2.5b) and 0.58-0.88 for Reco (Fig. 2.5d). These values 

are largely consistent with the predictive performance of XGB_GAM (Fig. 2.5b, d), 
although pixel-mean XGB_GAM shows slightly lower R2 for Reco at some sites, 

including some wetland sites (orange points, Fig. 2.5d). 
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Figure 2.5. Performance of the XGB_Emb+Clim, XGB_GAM and pixel-mean 
XGB_GAM at individual sites for GPP and Reco prediction. XGB_Emb+Clim is the 
XGBoost model using embedding and climatic features as predictors (Table 1), while 
XGB_GAM refers to the GAM-bias-corrected or fine-tuned model of XGB_Emb+Clim 
(see Methods). Pixel-mean XGB_GAM represents the spatial aggregation of all pixel-
level predictions within the measurement areas around the towers, after applying 
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XGB_GAM to individual pixels. n represents the number of displayed sites in each 
panel, and sites with negative R2 were removed for visualization purposes. Each point 
represents an individual site, and colors indicate the IGBP class of each site. The red 
diagonal line indicates the 1:1 line.  
 

2.3.5. Generating 10m-pixel-level predictions of GPP and Reco  

 We applied FluxLens using the fine-tuned XGB_GAM model to 10-m pixels within 

the 250-meter-radius measurement areas around the towers to generate high-

spatial resolution maps of GPP and Reco. At three case-study sites, our results show 

that FluxLens not only could capture the visible spatial nonuniformity, flux magnitude 

and seasonality, but also the mean aggregations across all pixels achieve high 

agreement with tower-based GPP and Reco estimates (Fig. 2.5b, d; Fig. 2.6-2.11g). 

FluxLens maps could capture the clearly visible spatial nonuniformities such as the 

crop boundaries at BE-Lcr (Fig. 2.6a-f, 2.7a-f), the scattered vegetation patterns at 

ES-LM1 savanna (Fig. 2.8a-f, 2.9a-f), and the lower carbon fluxes over open water 

areas at Mayberry wetland (Fig. 2.10a-f, 2.11a-f). For BE-Lcr and ES-LM1, R2 values 

between pixel-mean predictions and tower-based flux estimates reach 

approximately 0.87 for GPP (Fig. 2.6g, 2.8g) and 0.8 for Reco (Fig. 2.7g, 2.9g).  

Overall, at the Lochristi poplar-planted site (BE-Lcr), the XGB_GAM fine-tuned 

model improves model performance for both GPP and Reco, increasing R2 from 0.76 

to 0.84 for GPP (Fig. 2.6g) and from 0.66 to 0.74 for Reco (Fig. 2.7g). In particular, 

XGB_GAM reduces the growing-season underestimation of GPP (Fig. 2.6g).  

We then applied the fine-tuned models to individual pixels to generate pixel-

wise predictions for GPP and Reco. Across pixels and years, the magnitude of GPP 

estimates ranges from -0.40 to 15.5 gC m-2 d-1 (Fig. 2.6) while for Reco estimates are 

from 1.00 to 7.67 gC m-2 d-1 (Fig. 2.7). Spatially, the maps show clear crop-field 

boundaries and differences in crop phenology across the landscape (Fig. 2.6a-f, 2.7a-

f). The maps also capture the seasonality of fluxes, which is consistent with that of the 

eddy-covariance tower-based estimates (Fig. 2.6g, 2.7g). 

To evaluate these pixel-wise predictions at BE-Lcr, we took the monthly mean 

across all predicted pixels. R2 value of the pixel-mean predictions is approximately 

equal to that of the XGB_GAM predictions for both GPP and Reco (Fig. 2.6g, 2.7g). The 
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XGB_GAM pixel-mean predictions also correct the systematic growing-season 

underestimation of GPP from the XGB_Emb+Clim model (Fig. 2.6g). 

 For ES-LM1, clear spatial clustering patterns emerge in both GPP and Reco pixel-

wise predictions, with higher productivity and respiration in tree-covered areas (Fig. 

2.8a-f, 2.9a-f). Pixel-wise GPP and Reco range from 0.48 to 7.60 gC m-2 d-1 and 0.99 to 

6.90 gC m-2 d-1, respectively. Even though ES-LM1 is a held-out site from the model 

training process, it shows the highest model performance among all three case-study 

sites, with R2 ranging from 0.86 – 0.87 for GPP and 0.77 – 0.79 for Reco across the 

XGB_Emb+Clim, XGB_GAM, and pixel-mean XGB_GAM predictions (Fig. 2.8g, 2.9g). 

Similar to BE-Lcr, the fine-tuned and pixel-mean R2 values are almost equal for both 

GPP and Reco (Fig. 2.8g, 2.9g). All modes successfully capture the growing seasons of 

trees and grasses at the site (Fig. 2.8g, 2.9g).  

Lastly, for Mayberry wetland, fine-tuning model XGB_GAM improves model 

performance for both GPP and Reco (Fig. 2.10g, 2.11g). The improvement is clear for 

Reco predictions, where fine-tuning corrects systematic underestimation during the 

growing season and overestimation during the non-growing season, increasing R2 

from 0.50 to 0.62 (Fig. 2.11g). For GPP, the fine-tuned model increases R2 from 0.75 

to 0.89 (Fig. 2.10g). Regarding the pixel-level predictions, GPP ranges from -0.34 to 

10.0 gC m-2 d-1 (Fig. 2.10g) while Reco ranges from 0.69 to 5.10 gC m-2 d-1 (Fig. 2.11g). 

Spatially, the maps show that open-water areas consistently have lower GPP and Reco 

than vegetated areas, while areas near open water exhibit higher GPP and Reco (Fig. 

2.10a-f, 2.11-a-f). Applying the fine-tuned model to estimate pixel-level predictions, 

the pixel-mean GPP achieves an R2 of 0.84 against tower-based estimates, slightly 

lower than the XGB_GAM R2 of 0.89 (Fig. 2.10g). For Reco, the pixel-mean R2 is much 

lower than the XGB_GAM R2, decreasing from 0.62 to 0.49 (Fig. 2.11g). 
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Figure 2.6. 10-m pixel-wise monthly GPP estimates within the 250-m-radius 
around the eddy-covariance tower at the Lochristi poplar-planted site (BE-Lcr) 
(unseen site) from 2019-2022. Panels (a)-(f) show static maps of pixel-level GPP 
estimates for February, April, June, August, October, and December 2020 respectively, 
with lower values shown in blue and higher values shown in orange. Panel (g) shows 
the time series of tower-based GPP estimates (GPP_NT_VUT_REF) (black line), 
XGB_Emb+Clim predictions (blue line), XGB_GAM predictions (orange line), and 
pixel-mean XGB_GAM predictions after spatialization (green color). R2 values of 
models before and after fine-tuning and spatialization are displayed at the top of 
panel (g). The red dashed lines in panel (g) indicate the time points corresponding to 
panels (a)-(f) respectively. The background base map is taken from Esri World 
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Imagery. 

 
Figure 2.7. 10-m pixel-wise monthly Reco estimates within the 250-m-radius 
around the eddy-covariance tower at the Lochristi poplar-planted site (BE-Lcr) 
(unseen site) from 2019-2022. Panels (a)-(f) show static maps of pixel-level Reco 
estimates for February, April, June, August, October, and December 2020 respectively, 
with lower values shown in blue and higher values shown in orange. Panel (g) shows 
the time series of tower-based Reco estimates (RECO_NT_VUT_REF) (black line), 
XGB_Emb+Clim predictions (blue line), XGB_GAM predictions (orange line), and 
pixel-mean XGB_GAM predictions after spatialization (green color). R2 values of 
models before and after fine-tuning and spatialization are displayed at the top of 
panel (g). The red dashed lines in panel (g) indicate the time points corresponding to 
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panels (a)-(f) respectively. The background base map is taken from Esri World 
Imagery. 
 

 
Figure 2.8. 10-m pixel-wise monthly GPP estimates within the 250-m-radius 
around the eddy-covariance tower at the Majadas del Tietar North savanna (ES-
LM1) (unseen site) from 2017-2024. Panels (a)-(f) show static maps of pixel-level 
GPP estimates for February, April, June, August, October, and December 2020 
respectively, with lower values shown in blue and higher values shown in orange. 
Panel (g) shows the time series of tower-based GPP estimates (GPP_NT_VUT_REF) 
(black line), XGB_Emb+Clim predictions (blue line), XGB_GAM predictions (orange 
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line), and pixel-mean XGB_GAM predictions after spatialization (green color). R2 
values of models before and after fine-tuning and spatialization are displayed at the 
top of panel (g). The red dashed lines in panel (g) indicate the time points 
corresponding to panels (a)-(f) respectively. The background base map is taken from 
Esri World Imagery. 
 

 
Figure 2.9. 10-m pixel-wise monthly Reco estimates within the 250-m-radius 
around the eddy-covariance tower at the Majadas del Tietar North savanna (ES-
LM1) (unseen site) from 2017-2024. Panels (a)-(f) show static maps of pixel-level 
Reco estimates for February, April, June, August, October, and December 2020 
respectively, with lower values shown in blue and higher values shown in orange. 
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Panel (g) shows the time series of tower-based Reco estimates (RECO_NT_VUT_REF) 
(black line), XGB_Emb+Clim predictions (blue line), XGB_GAM predictions (orange 
line), and pixel-mean XGB_GAM predictions after spatialization (green color). R2 
values of models before and after fine-tuning and spatialization are displayed at the 
top of panel (g). The red dashed lines in panel (g) indicate the time points 
corresponding to panels (a)-(f) respectively. The background base map is taken from 
Esri World Imagery. 
 

 
Figure 2.10. 10-m pixel-wise monthly GPP estimates within the 250-m-radius 
around the eddy-covariance tower at the Mayberry wetland (US-Myb) (unseen 



Chapter 2: Spatializing eddy-covariance CO2 fluxes 

91 
 

site) from 2017-2021. Panels (a)-(f) show static maps of pixel-level GPP estimates 
for February, April, June, August, October, and December 2020 respectively, with 
lower values shown in blue and higher values shown in orange. Panel (g) shows the 
time series of tower-based GPP estimates (GPP_NT_VUT_REF) (black line), 
XGB_Emb+Clim predictions (blue line), XGB_GAM predictions (orange line), and 
pixel-mean XGB_GAM predictions after spatialization (green color). R2 values of 
models before and after fine-tuning and spatialization are displayed at the top of 
panel (g). The red dashed lines in panel (g) indicate the time points corresponding to 
panels (a)-(f) respectively. The background base map is taken from Esri World 
Imagery. 
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Figure 2.11. 10-m pixel-wise monthly Reco estimates within the 250-m-radius 
around the eddy-covariance tower at the Mayberry wetland (US-Myb) (unseen 
site) from 2017-2021. Panels (a)-(f) show static maps of pixel-level Reco estimates for 
February, April, June, August, October, and December 2020 respectively, with lower 
values shown in blue and higher values shown in orange. Panel (g) shows the time 
series of tower-based Reco estimates (RECO_NT_VUT_REF) (black line), XGB_Emb+Clim 
predictions (blue line), XGB_GAM predictions (orange line), and pixel-mean 
XGB_GAM predictions after spatialization (green color). R2 values of models before 
and after fine-tuning and spatialization are displayed at the top of panel (g). The red 
dashed lines in panel (g) indicate the time points corresponding to panels (a)-(f) 
respectively. The background base map is taken from Esri World Imagery. 
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2.4. Discussion  

 

2.4.1. XGBoost model evaluation 

Adding embedding features, either as standalone predictors or in 

combination with climatic variables, generally improves the mean model 

performance compared with only using climatic variables (Fig. 2.2). Embedding-

based models also achieve comparable performance to previous studies in 

estimating GPP and Reco, highlighting the potential of AEF embedding datasets for 

carbon flux modeling (Kang et al., 2025; Nelson et al., 2024). It is likely because 

embedding features contain compressed information from massive and diverse Earth 

observation (EO) datasets, including optical, radar, LiDAR, and environmental 

datasets, that represent comprehensive aspects of ecosystems and landscapes 

(Brown et al., 2025). The results are promising because first, embedding datasets 

facilitate the harmonization across different EO products and second, they highlight 

the opportunity to apply geospatial foundation models such as AlphaEarth 

Foundation to spatialize eddy-covariance measurements.  

Notably, models using embedding features as standalone or in combination 

with climatic variables yield no significant differences in terms of overall performance 

(P > 0.05) (Fig. 2.2) (Extended Data Table 2.3, 2.4). This suggests that AEF embeddings 

may already contain important information about ecosystem structure and 

environmental conditions, and adding climatic variables does not significantly 

improve the embedding-based model setups. Similar findings have been reported 

for remote sensing-driven models, where adding meteorological variables did not 

significantly improve over models informed exclusively by remotely sensed data 

(Joiner & Yoshida, 2020; Tramontana et al., 2015). Interestingly, the embedding-only 

model setup (XGB_Emb), which only has annual embeddings and month-of-year as 

temporal dynamic features, achieves performance comparable to other embedding-

based models that combine embeddings with monthly climatic features for both GPP 

and Reco (Fig. 2.2; Extended Data Table 2.3, 2.4). This could be because, even though 

AEF embeddings are provided at an annual temporal resolution, their dimensions 

encode finer-scale temporal information from the underlying EO datasets through 

the Space-Time Precision (STP) encoder (Brown et al., 2025).  
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Across all model setups, Reco mean predictive performance is lower than that 

of GPP, which could be due to Reco including both autotrophic and heterotrophic 

respiration, which are governed by complex aboveground and belowground 

processes. These processes include but are not limited to plant-microbe rhizosphere 

interaction and soil microbial activities that are determined by not just climatic 

variables but also soil properties, moisture, and carbon availability that are more 

difficult to observe from satellites (Chapin et al., 2011; Migliavacca et al., 2011). In 

addition, standard flux partitioning methods may miss important Reco dynamics, such 

as rain-induced respiration pulses in drylands (Nguyen et al., 2025). These limitations 

may partially explain why Reco in general is more difficult to predict than GPP across 

sites and model setups. Regarding monthly anomalies for both GPP and Reco, all 

models show lower predictive performance than seasonal and monthly estimates, 

which could be due to anomaly prediction requiring the model to capture non-

steady-state and short-term processes that deviate from the seasonal patterns (Fig. 

2.2).  

Across half of PFTs (CRO, ENF, GRA, WET), incorporating embedding features 

leads to clear improvements in Reco predictions compared with non-embedding 

models (Fig. 2.4). In other PFTs including MF, OSH, and SAV, XGB_Clim achieves 

higher mean predictive performance than three embedding-based setups, even 

though its predictive performance remains relatively low for these PFTs (0.44±0.16, -

0.18±0.14, and 0.32±0.14 respectively) (Fig. 2.4). However, it is worth noting that 

there are much fewer unseen sites for these PFTs across all runs (MF: n = 5, OSH: n 

= 6, SAV: n = 7) than CRO (n = 17), DBF (n = 19), ENF (n = 28), GRA (n = 18), and 

WET (n = 15) and also fewer training sites. These smaller sample sizes could 

contribute to higher variability in the predictive performance for these sites and a 

more skewed distribution of the training datasets. In the case of DBF (n = 19), 

XGB_Tair and XGB_Climatic have higher performance than XGB_Emb, and XGB_Tair 
has the highest performance among five model setups (Fig. 2.4b). One possible 

explanation is that air temperature is the dominant driver of Reco in energy-limited 

biomes like DBF, so adding additional features could lead to unnecessary complexity. 

Another possible explanation is related to how Reco is derived from flux tower net 

ecosystem exchange measurements. The nighttime partitioning method estimates 
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Reco as an exponential function of temperature, with reference respiration accounting 

for environmental variability within a short temporal window (Reichstein et al., 2005). 

Therefore, when data are aggregated to monthly averages, air temperature alone 

might be sufficient to predict Reco in energy-limited biomes. Furthermore, when we 

investigate more closely into DBF sites, we found that the lower mean performance 

of XGB_Climatic was strongly influenced by site CA-TPD, where Reco predictive 

performance was very low for XGB_Climatic (R2 = -1.5) but high for XGB_Tair (R2 = 

0.86). This suggests that the model performance could be influenced by site-specific 

factors, such as site history, management practices, and data quality, which may 

explain why some model setups outperform others at particular sites.  

Finally, among all PFTs, all models seem to be unable to capture GPP and Reco 

fluxes in OSH and SAV (Fig. 2.3, 2.4). This is likely because there are fewer sites 

represented by these PFTs in both training and testing sets, and mechanistically, CO2 

fluxes in these ecosystems are strongly controlled by soil water availability rather than 

climatic variables alone. In drylands, intermittent rain pulses can trigger pulses of 

plant growth and soil microbial respiration that contribute substantially to annual net 

ecosystem productivity (Nguyen et al., 2025; Noy-Meir, 1973), which are still not 

captured well by both eddy-covariance carbon flux models and satellite products. 

 

2.4.2. Fine-tuned model evaluation by sites 

GAM-based fine-tuning is a simple, empirical approach for bias-correcting 

FluxLens predictions, making it an initial step for further model refinement at the 

individual site scale. Our results show that the model predictive performance varies 

widely across sites, and after fine-tuning, there are much fewer sites with negative R2 

and the overall R2 range improves for both GPP and Reco. XGB_GAM increases the 

interquartile range of R2 from 0.43-0.88 to 0.65-0.95 for GPP (Fig. 2.5a), and from 

0.09-0.77 to 0.64-0.90 for Reco (Fig. 2.5c).  

However, this correction remains empirical since it models the target variable 

as a non-linear function of the predictions, rather than explicitly incorporating 

ecological processes or site-specific mechanisms into the model. As a result, further 

improvements could include discussions with site-specific principal investigators to 

better understand site-specific conditions and measurement uncertainties, retraining 
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the model with more measurements, and using FluxPulse bias-corrected CO2 fluxes 

during pulse events in drylands as the training datasets, since conventional eddy-

covariance partitioning methods underestimate up to 30% CO2 fluxes during rain-

pulse events (Nguyen et al., 2025). Training on FluxPulse datasets could be a 

promising approach for incorporating pulse-driven ecological processes and 

improving model performance at poorly performing sites in SAV and OSH. 

 

2.4.3. FluxLens: 10-meter spatialization of eddy-covariance carbon fluxes 

Given the robust performance of FluxLens across sites, our study 

demonstrates that embedding datasets have strong potential in spatializing eddy-

covariance carbon fluxes. FluxLens well captures flux magnitude and seasonal 

dynamics, with the averages across all pixels showing strong agreement with tower-

based GPP and Reco estimates, with the interquartile R2 ranges of 0.65-0.94 for GPP 

(Fig. 2.5b) and 0.58-0.88 for Reco across 115 unseen sites from all runs (Fig. 2.5d). The 

agreement between pixel-mean predictions and tower-based estimates provides an 

initial assessment of FluxLens accuracy and demonstrates its promising potential for 

spatializing eddy-covariance carbon fluxes. In addition, in three case-study sites, 

FluxLens can capture the visible spatial nonuniformities, including the crop-field 

boundaries at BE-Lcr (Fig. 2.6, 2.7), the scattered distribution of trees and grasses at 

ES-LM1 (Fig. 2.8. 2.9), and the open-water and vegetated boundaries at US-Myb (Fig. 

2.10, 2.11). 

Across the three case-study sites, pixel-mean predictions achieve R2 values 

comparable to XGB_GAM predictions for GPP and Reco, except for Reco estimation at 

US-Myb (Fig. 2.11g). This lower performance at US-Myb could be due to the highly 

heterogeneous landscape which consists of both open-water and vegetated areas. It 

is worth acknowledging that we trained the XGBoost model using predictors 

calculated as the mean across all pixels within the measurement areas around the 

towers. Therefore, according to Jensen’s inequality, assuming the landscape is never 

100% homogeneous and carbon fluxes responding non-linearly to environmental 

predictors, the model prediction for the whole area is never equal to the mean of 

model predictions at individual pixels (Mcshane, 1937).  

Notably, FluxLens achieves the highest performance at ES-LM1 among all 
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case-study sites, with R2 values ranging from 0.85-0.87 across all GPP models and 

0.78-0.80 across all Reco models. This strong performance is likely because its paired 

site with similar ecosystems, ES-LM2, was included in the training set.  

Our study provides a novel framework for mapping tower-based GPP and Reco 

estimates at 10-m spatial resolution across diverse biomes. In contrast with previous 

flux-spatialization approaches focusing on individual sites (Metzger et al., 2013; 

Romero et al., 2026; K. Xu et al., 2017), our FluxLens framework is trained using flux 

towers globally, which allows us to capture cross-site variabilities and improve model 

generalization across biomes. In addition, FluxLens explicitly evaluates the 

spatialization accuracy across sites by comparing pixel-mean predictions against 

tower-based estimates for both GPP and Reco. A further contribution is the production 

of spatially explicit Reco maps, since Reco has received much less attention than GPP in 

previous spatialization and upscaling efforts. Moreover, using AEF embeddings also 

does not require extensive data preprocessing to harmonize the spatiotemporal 

resolution of remote sensing products and tower carbon flux estimates, which could 

significantly reduce computational and manual efforts, while still producing 

temporally continuous and high-spatial resolution features. 

Although FluxLens has limitations such as our models (1) are trained at a 

monthly scale rather than at a high-frequency (Metzger et al., 2013; K. Xu et al., 2017) 

or a biweekly temporal resolution (Romero et al., 2026), (2) do not yet incorporate 

dynamic footprint climatology, (3) do not yet incorporate land cover masks to mask 

out unreasonable predictions over non-vegetated areas, such as positive GPP over 

open-water areas at some time steps at the Mayberry wetland (Fig. 10c, d), and (4) 

are temporally limited to the availability of AEF embeddings from 2017 to 2024 

(version 1), this framework represents a scalable and practical approach for 

spatializing ecosystem carbon fluxes. These maps can support applications such as 

estimating GPP and Reco for specific crop fields, comparing plot-scale measurements 

with ecosystem-scale eddy-covariance observations, evaluating high-resolution 

satellite products, and supporting carbon monitoring and verification of nature-

based climate solutions projects. 

Further development and validation of FluxLens will require (1) independent 

pixel-level or sub-footprint carbon flux measurements such as from chamber-based 
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vegetation and soil flux measurements and from adjacent flux towers, (2) land-cover 

masks for non-vegetated areas, (3) metrics of landscape heterogeneity, and (4) 

incorporation of tower footprint climatology. It is worth noting that although we 

examine a fixed circular area with a 250-m radius around the towers, the true tower 

footprint is dynamic over time and covers an area depending on wind speed and 

direction, surface roughness and instrument height (Chu et al., 2021, 2026; Kljun et 

al., 2015). We, however, still chose to use a fixed 250-m radius area because it serves 

as a proof of concept for future development and applications. In general, a 250-m-

radius area introduces the least bias in representing land surface characteristics 

among fixed-radius buffers ranging from 250 to 3000 m around the tower across 

diverse PFTs (Chu et al., 2021). Incorporating tower footprint climatology is necessary 

as future steps to account for the temporal variation in the measurement areas, which 

will further improve the model and the accuracy of the predictions of carbon fluxes. 

 

2.5. Conclusions 

Our study found that using embedding features achieves predictive 

performance comparable to previous studies and generally improves the mean 

model performance compared with using only climatic features for GPP and Reco, 

suggesting that AEF embeddings have promising applications in predicting 

ecosystem carbon fluxes. However, the performance varies across flux components, 

temporal scales, and plant functional types. Regarding flux components, Reco remains 

more difficult to model than GPP since it depends on complex interactions between 

above- and belowground processes that are not fully captured by the current 

predictors. Regarding temporal scales, monthly anomalies remain more challenging 

to model than seasonal patterns and monthly values. Regarding PFTs, both fluxes 

remain challenging to model in OSH and SAV which could be due to short-term soil 

moisture dynamics and ecosystem responses to rain-pulse events not being well 

captured by satellite datasets. Our results also suggest that adding more predictors 

does not always improve the model performance. In DBF, air temperature alone 

captures much of the Reco variability, and adding more variables may introduce 

unnecessary complexity. 

We also found that generalized additive model (GAM) correction is an 
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empirical, simple, and efficient approach for fine-tuning model predictions based 

only on site-specific eddy-covariance flux observations. Combining embedding-

based XGBoost models and the GAM fine-tuned approach, our FluxLens framework 

could capture the visible landscape nonuniformities, flux magnitude, and seasonal 

dynamics at high spatial resolution within tower areas. The strong agreement 

between pixel-mean predictions and tower-based GPP and Reco estimates suggests 

that FluxLens has strong potential in spatializing eddy-covariance fluxes. Future work 

should incorporate dynamic footprint climatology to model and extrapolate fluxes 

more accurately, and take into account carbon flux responses to rain pulses and soil 

water dynamics in dryland sites to better capture carbon fluxes in water-limited 

regions. 
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2.9. Extended Data 

 

Extended Data Table 2.1. List of 184 eddy-covariance flux sites and years of data 
used in this study. 
No. Site_ID IGBP Longitude Latitude Start End ID/DOI/PID 

1 AR-CCa CRO -61.3181 -35.621 2017 2020 10.17190/AM

F/2571134 

2 AR-CCg GRA -61.1855 -35.9244 2018 2021 10.17190/AM

F/2469434 

3 AU-

ASM 

SAV 133.249 -22.283 2017 2020 https://dx.doi.

org/10.25901/

azz4-x655 

4 AU-Cpr SAV 140.5891 -34.0021 2017 2024 https://dx.doi.

org/10.25901/

braj-w973 

5 AU-

Cum 

EBF 150.7236 -33.6152 2017 2024 https://dx.doi.

org/10.25901/

gjm4-9020 

6 AU-DaS SAV 131.3881 -14.1593 2017 2022 https://dx.doi.

org/10.25901/

nkbt-pa39 

7 AU-Dry SAV 132.3706 -15.2588 2017 2022 https://dx.doi.

org/10.25901/

mt7s-d941 

8 AU-

GWW 

SAV 120.6541 -30.1913 2017 2021 https://dx.doi.

org/10.25901/

683k-7e46 

9 AU-Stp GRA 133.3502 -17.1507 2018 2022 https://dx.doi.

org/10.25901/

exc5-x691 

10 AU-

Wom 

EBF 144.0944 -37.4222 2017 2020 https://dx.doi.

org/10.25901/
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gw8s-7a26 

11 BE-Dor GRA 4.968591 50.31135 2017 2024 geqYNPk-

fvkZDGtnJI-

sq1Je 

12 BE-Lcr DBF 3.85043 51.11218 2019 2022 oc2rvgUbNz-

kUIeMsNmvN

v8X 

13 BE-Lon CRO 4.7462 50.5516 2017 2022 1u2xQ5XcQo

X0j2wJiZcyDP

3M 

14 BE-Maa CSH 5.631851 50.97987 2017 2024 ZG_uAsLMIT7

yUsnXnJSB5Uf

b 

15 BE-Vie MF 5.9981 50.3049 2017 2024 h7WL05ckcTE

zgXiZaFsQDL4

r 

16 CA-Cbo DBF -79.9333 44.3167 2017 2020 10.17190/AM

F/1854365 

17 CA-DB2 WET -122.9951 49.119 2020 2024 10.17190/AM

F/1881564 

18 CA-DBB WET -122.9849 49.1293 2018 2021 10.17190/AM

F/1881565 

19 CA-

DSM 

WET -122.8954 49.0887 2022 2024 10.17190/AM

F/2571137 

20 CA-ER1 CRO -80.4123 43.6405 2017 2020 10.17190/AM

F/1832154 

21 CA-Mer WET -75.5186 45.4094 2017 2020 10.17190/AM

F/2571102 

22 CA-TP1 ENF -80.5595 42.6609 2017 2023 10.17190/AM

F/2006962 

23 CA-TP3 ENF -80.3483 42.7068 2017 2023 10.17190/AM

F/1881566 
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24 CA-TPD DBF -80.5577 42.6353 2017 2022 10.17190/AM

F/1881567 

25 CH-Dav ENF 9.8559 46.8153 2017 2024 eHcoHNvdn-

kHLqQoJbyUs

0Yq 

26 CH-Fru GRA 8.5378 47.1158 2017 2024 xnRKIWdx6isC

5GLqv_pHq5h

U 

27 CH-Lae MF 8.3644 47.4783 2017 2024 V_BAvTqbUIg

SItmCcoHgP3

Vy 

28 CZ-BK1 ENF 18.5369 49.5021 2017 2024 KiFUcCsC30gK

hoS-4oJf5__f 

29 CZ-KrP CRO 15.078773 49.57325

7 

2017 2023 cqH_ifs_P83Cs

ahNQXGTp3I

m 

30 CZ-Lnz MF 16.946416 48.68161

1 

2017 2021 B2BjRQCUXet

A0_vGI3x7WF

UJ 

31 CZ-RAJ ENF 16.696512

5 

49.44372

36 

2017 2024 LlmTy3u9548F

EMXEW59RiW

pY 

32 CZ-Stn DBF 17.9699 49.03597

5 

2017 2024 CM9ZMyBcfq

BoKkmLPUDw

iyMo 

33 CZ-wet WET 14.7704 49.0247 2017 2024 r4kitQikcZG6s

LZsHDmHf8Ks 

34 DE-Geb CRO 10.9146 51.0997 2021 2024 jFkfMT_3Zahq

oODz-

R82VeUG 

35 DE-Gri GRA 13.5126 50.95 2017 2024 H0WNTp4g4b

eCHZLD5k_u1
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SJ5 

36 DE-Hai DBF 10.4522 51.0792 2017 2022 M1ET1IeG31p

-

6n4BFjDb3ZO

7 

37 DE-

HoH 

DBF 11.219222 52.08530

6 

2017 2024 -

aRYvkkX6D6w

d2ijWclesXaK 

38 DE-Kli CRO 13.5224 50.8931 2018 2024 ViYMPdxbY25

optpqiQ7OVg

XN 

39 DE-Obe ENF 13.7213 50.7867 2017 2024 mk-

YBqXT0YwbluI

9V726yD2d 

40 DE-RuR GRA 6.3041 50.6219 2017 2024 MoiyY0KjXITz

5V_oFs-x9bUj 

41 DE-RuS CRO 6.4471 50.8659 2017 2024 9m1zuO-

nvw0zGnEdt0

qo3Xzw 

42 DK-Sor DBF 11.6446 55.4859 2017 2024 lwXfRUVQCnu

q5OcIe-

F6tpib 

43 ES-LM1 SAV -5.778683 39.94269 2017 2024 9c9e--

DRFTTyhtl6c0l

cA3O6 

44 ES-LM2 SAV -5.775881 39.93459

2 

2017 2024 CgWe1iCQaO

3oYYxgSMEe1

BSq 

45 FI-Hyy ENF 24.2948 61.8474 2019 2024 pIDsMGxYyXT

g31dHecNO5

5Nq 

46 FI-Ken ENF 24.24301 67.98721 2018 2024 BhlqiN95ECto
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SXoxmf0Q4V3

5 

47 FI-Let ENF 23.9595 60.6418 2017 2020 DklI-

LaynvPoGMvn

IbInqLrw 

48 FI-Qvd CRO 22.391607 60.29524

2 

2018 2023 UuvYrldK3v4V

zDgfH6nC0ed

7 

49 FI-Sii WET 24.1928 61.8327 2018 2024 mkbfyrZKqg3

Djz0tW1rRap1

c 

50 FI-Var ENF 29.61 67.7549 2017 2024 Ve8588DeHh2

Y-t-

dtZGWggl6 

51 FR-Bil ENF -0.956082 44.49367

2 

2017 2024 Qa701KsgkCk

pYT4vev--

kpOk 

52 FR-EM2 CRO 3.02065 49.87210

83 

2017 2024 jEdjHpIeW8bc

zJxWBYm_jkp

P 

53 FR-FBn MF 5.67865 43.24079 2017 2024 dw5JqZoWiN

Vw0JQS-

QXykPY6 

54 FR-Fon DBF 2.7801 48.4764 2020 2024 vgMluaOupO

Et-

hzl3RWXI99X 

55 FR-Gri CRO 1.9519 48.8442 2019 2024 _WcCYfVZLDp

g4Gz-

RlhwVX6Y 

56 FR-Lam CRO 1.237878 43.49643

7 

2021 2024 zwxh7ZEI7AW

EJOF5ggdX2b

pK 
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57 FR-Pue EBF 3.5957 43.7413 2017 2024 5vx0Ks1CqW

MCVA8BrWv_I

DrV 

58 FR-Tou GRA 1.37474 43.57285

7 

2018 2024 LZSDmUp2Ms

pQPIyTfDwNX

Yhi 

59 IL-Yat ENF 35.051988

51 

31.34504

459 

2017 2024 ddBS_ZLjXuBI

8SSQV2cskqd

a 

60 IT-BFt DBF 10.741966 45.19775

4 

2019 2022 IUOlBlndAhz4

kdSgYJUDyq-

D 

61 IT-Cp2 EBF 12.3573 41.7043 2022 2024 B6lVx5OEcdr4

ZS-3ix2K7iPP 

62 IT-Lsn OSH 12.750297 45.74048

1 

2017 2024 wjxZGQl8gUx

BPVKPVlu4-

g5L 

63 IT-MBo GRA 11.0458 46.0147 2017 2020 E0wSFc1mB8o

N23pHXtN2iH

3Z 

64 IT-Ren ENF 11.4337 46.5869 2017 2019 MneKjijlv5X9l

wsAh_VHcJt6 

65 IT-SR2 ENF 10.2909 43.732 2020 2023 Frhkznd6pBhh

JKKaYoAShaV

2 

66 IT-Tor GRA 7.5781 45.8444 2017 2024 jpLpilIX0DYcA

XQubpEJEEBn 

67 KR-CRK CRO 127.2506 38.2013 2017 2021 H8OP2ngO7Z

JkZ087BV4UN

ehk 

68 NL-Loo ENF 5.7436 52.1666 2020 2024 WewhyVCaeif

JzeZN8L6Cdb



Chapter 2: Spatializing eddy-covariance CO2 fluxes 

129 
 

W3 

69 RU-Ch2 WET 161.3509 68.6169 2018 2021 3xSmQwrTa-

Ufn-

rKi86qwxkR 

70 RU-Fy2 ENF 32.9019 56.4476 2017 2022 Vh2pWjfw5HP

NZJDA6XfQSv

cP 

71 RU-Fyo ENF 32.9221 56.4615 2017 2024 GW1i5FQInU-

IW_0iisGVDX

W3 

72 SE-Deg GRA 19.5565 64.182 2020 2024 IiyJGdmPkDhd

Itxg1_8lgLFp 

73 SE-Htm ENF 13.41897 56.09763 2018 2024 8hMY0lY7kERI

fokXkEpev-03 

74 SE-Svb ENF 19.7745 64.25611 2018 2024 SxJ5MBCJuCm

HLPK4C1fgwG

Cc 

75 US-ALQ WET -89.6067 46.0308 2019 2023 10.17190/AM

F/2006964 

76 US-

ARM 

CRO -97.4888 36.6058 2017 2024 10.17190/AM

F/1854366 

77 US-BRG GRA -86.5406 39.2167 2017 2019 10.17190/AM

F/2006969 

78 US-BZB WET -148.3208 64.6955 2017 2024 10.17190/AM

F/1871134 

79 US-BZF WET -148.3121 64.7013 2017 2024 10.17190/AM

F/1871135 

80 US-BZS ENF -148.3235 64.6963 2017 2021 10.17190/AM

F/2006970 

81 US-BZo WET -148.33 64.6936 2018 2024 10.17190/AM

F/1881569 

82 US-Bar DBF -71.2881 44.0646 2019 2021 10.17190/AM
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F/1881570 

83 US-Bi1 CRO -121.4993 38.0992 2017 2024 10.17190/AM

F/1881571 

84 US-Bi2 CRO -121.5351 38.1091 2018 2021 10.17190/AM

F/1881572 

85 US-CF1 CRO -117.0821 46.7815 2018 2021 10.17190/AM

F/2469445 

86 US-CF2 CRO -117.0908 46.784 2018 2020 10.17190/AM

F/1832158 

87 US-

CGG 

GRA -121.9761 37.938 2020 2023 10.17190/AM

F/1881573 

88 US-

CdM 

WSA -109.7471 37.5241 2020 2024 10.17190/AM

F/2469446 

89 US-DFC CRO -89.7117 43.3448 2022 2024 10.17190/AM

F/2006975 

90 US-DS3 CRO -121.549 38.1235 2022 2024 10.17190/AM

F/2469451 

91 US-

Dmg 

WET -121.6691 38.0015 2022 2024 10.17190/AM

F/2229376 

92 US-Elm WET -80.7826 25.5519 2017 2022 10.17190/AM

F/2007169 

93 US-Esm WET -80.5946 25.4379 2017 2024 10.17190/AM

F/2007171 

94 US-GLE ENF -106.2399 41.3665 2017 2020 10.17190/AM

F/1871136 

95 US-HB1 WET -79.1957 33.3455 2019 2022 10.17190/AM

F/1871137 

96 US-HB3 ENF -79.2322 33.3482 2019 2022 10.17190/AM

F/1832160 

97 US-HB4 WET -79.2975 33.2015 2020 2024 10.17190/AM

F/2229378 

98 US-Ha1 DBF -72.1715 42.5378 2017 2020 10.17190/AM
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F/2571130 

99 US-Ho1 ENF -68.7402 45.2041 2017 2021 10.17190/AM

F/2469453 

100 US-Ho2 ENF -68.747 45.2091 2020 2023 10.17190/AM

F/1881581 

101 US-

Hsm 

WET -122.0212 38.2368 2022 2024 10.17190/AM

F/2571131 

102 US-ICh OSH -149.2958 68.6068 2018 2024 10.17190/AM

F/2007175 

103 US-ICs WET -149.311 68.6058 2017 2020 10.17190/AM

F/1871138 

104 US-ICt OSH -149.3041 68.6063 2017 2019 10.17190/AM

F/1881583 

105 US-Jo1 OSH -106.635 32.582 2018 2020 10.17190/AM

F/1902833 

106 US-Jo2 OSH -106.6032 32.5849 2017 2020 10.17190/AM

F/1881584 

107 US-

MMS 

DBF -86.4131 39.3232 2017 2020 10.17190/AM

F/1854368 

108 US-

MOz 

DBF -92.2 38.7441 2017 2021 10.17190/AM

F/2204871 

109 US-Me2 ENF -121.5574 44.4523 2018 2021 10.17190/AM

F/1854369 

110 US-Me6 ENF -121.6078 44.3233 2017 2024 10.17190/AM

F/2229382 

111 US-

Mo1 

CRO -92.1167 39.2298 2017 2024 10.17190/AM

F/2229383 

112 US-

Mo2 

GRA -91.9945 38.9488 2018 2024 10.17190/AM

F/2229384 

113 US-

Mo3 

CRO -92.1497 39.2311 2017 2021 10.17190/AM

F/1854370 

114 US-Mpj WSA -106.2377 34.4385 2017 2023 10.17190/AM
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F/1832161 

115 US-Myb WET -121.765 38.0499 2017 2021 10.17190/AM

F/1871139 

116 US-NC3 ENF -76.656 35.799 2017 2019 10.17190/AM

F/2204872 

117 US-Ne1 CRO -96.4766 41.1651 2017 2024 10.17190/AM

F/1871140 

118 US-Ne2 CRO -96.4701 41.1649 2017 2023 10.17190/AM

F/2574638 

119 US-

ONA 

GRA -81.9509 27.3836 2017 2022 10.17190/AM

F/1832163 

120 US-RGA CRO -91.6752 34.4121 2021 2024 10.17190/AM

F/2204873 

121 US-RGB CRO -121.867 39.5771 2021 2023 10.17190/AM

F/2204874 

122 US-RGo CRO -122.0052 39.6769 2022 2024 10.17190/AM

F/2204875 

123 US-Rls CSH -116.7356 43.1439 2017 2023 10.17190/AM

F/2229387 

124 US-Rms CSH -116.7486 43.0645 2017 2023 10.17190/AM

F/1881587 

125 US-Ro4 GRA -93.0723 44.6781 2017 2024 10.17190/AM

F/1881589 

126 US-Ro5 CRO -93.0576 44.691 2017 2024 10.17190/AM

F/1818371 

127 US-Ro6 CRO -93.0578 44.6946 2017 2024 10.17190/AM

F/1881590 

128 US-Rpf DBF -147.429 65.1198 2017 2019 10.17190/AM

F/2229388 

129 US-Rwf CSH -116.7231 43.1207 2017 2023 10.17190/AM

F/1881591 

130 US-Rws OSH -116.7132 43.1675 2017 2023 10.17190/AM



Chapter 2: Spatializing eddy-covariance CO2 fluxes 

133 
 

F/1881592 

131 US-SHC ENF -120.2398 39.4315 2018 2020 10.17190/AM

F/1984572 

132 US-SP1 ENF -82.2188 29.7381 2017 2019 10.17190/AM

F/1984573 

133 US-SRG GRA -110.8277 31.7894 2017 2024 10.17190/AM

F/2571110 

134 US-

SRM 

WSA -110.8661 31.8214 2017 2024 10.17190/AM

F/1871144 

135 US-SSH DBF -77.9041 40.6658 2019 2021 10.17190/AM

F/2469470 

136 US-Seg GRA -106.702 34.3623 2017 2024 10.17190/AM

F/2204877 

137 US-Ses OSH -106.7442 34.3349 2017 2021 10.17190/AM

F/2475756 

138 US-Sne GRA -121.7547 38.0369 2017 2020 10.17190/AM

F/2469471 

139 US-Syv MF -89.3477 46.242 2020 2023 10.17190/AM

F/2204879 

140 US-Ton WSA -120.966 38.4309 2017 2024 10.17190/AM

F/2204880 

141 US-Tw1 WET -121.6469 38.1074 2020 2023 10.17190/AM

F/1832165 

142 US-Tw4 WET -121.6413 38.1027 2017 2023 10.17190/AM

F/2204881 

143 US-UC1 CVM -78.0056 40.7536 2020 2024 10.17190/AM

F/2469472 

144 US-UC2 CVM -77.9998 40.7559 2020 2024 10.17190/AM

F/2469473 

145 US-

UMB 

DBF -84.7138 45.5598 2017 2021 10.17190/AM

F/2204882 

146 US- DBF -84.6975 45.5625 2017 2022 10.17190/AM



Chapter 2: Spatializing eddy-covariance CO2 fluxes 

134 
 

UMd F/1881597 

147 US-Var GRA -120.9508 38.4133 2017 2021 10.17190/AM

F/1993904 

148 US-Vcm ENF -106.5321 35.8884 2017 2023 10.17190/AM

F/2229391 

149 US-Vcp ENF -106.5967 35.8642 2017 2024 10.17190/AM

F/2229392 

150 US-Whs OSH -110.0522 31.7438 2017 2020 10.17190/AM

F/1984574 

151 US-Wjs SAV -105.8615 34.4255 2017 2024 10.17190/AM

F/1871146 

152 US-

Wkg 

GRA -109.9419 31.7365 2017 2024 10.17190/AM

F/1984575 

153 US-xAE GRA -99.0588 35.4106 2019 2024 10.17190/AM

F/1985434 

154 US-xBL DBF -78.0716 39.0603 2021 2024 10.17190/AM

F/2229405 

155 US-xBN ENF -147.5026 65.154 2019 2024 10.17190/AM

F/2229406 

156 US-xBR DBF -71.2873 44.0639 2019 2023 10.17190/AM

F/1881598 

157 US-xCL GRA -97.57 33.4012 2020 2024 10.17190/AM

F/1985435 

158 US-xCP GRA -104.7456 40.8155 2021 2024 10.17190/AM

F/1985436 

159 US-xDC GRA -99.1066 47.1617 2019 2024 10.17190/AM

F/1985437 

160 US-xDJ ENF -145.7514 63.8811 2020 2024 10.17190/AM

F/2229407 

161 US-xDL MF -87.8039 32.5417 2021 2024 10.17190/AM

F/1985438 

162 US-xGR DBF -83.5019 35.689 2021 2024 10.17190/AM



Chapter 2: Spatializing eddy-covariance CO2 fluxes 

135 
 

F/1985440 

163 US-xHA DBF -72.1727 42.5369 2021 2024 10.17190/AM

F/1985441 

164 US-xHE OSH -149.2133 63.8757 2021 2024 10.17190/AM

F/1985442 

165 US-xJE ENF -84.4686 31.1948 2020 2022 10.17190/AM

F/1985443 

166 US-xJR OSH -106.8425 32.5907 2019 2024 10.17190/AM

F/2229408 

167 US-xKA GRA -96.6129 39.1104 2021 2024 10.17190/AM

F/1985444 

168 US-xKZ GRA -96.5631 39.1008 2019 2021 10.17190/AM

F/1985445 

169 US-xMB OSH -109.3883 38.2483 2020 2024 10.17190/AM

F/1985446 

170 US-xNG GRA -100.9154 46.7697 2021 2024 10.17190/AM

F/1985448 

171 US-xRM ENF -105.5459 40.2759 2022 2024 10.17190/AM

F/1985450 

172 US-xRN DBF -84.2826 35.9641 2020 2024 10.17190/AM

F/2571119 

173 US-xSC DBF -78.1395 38.8929 2022 2024 10.17190/AM

F/2229409 

174 US-xSE DBF -76.56 38.8901 2020 2024 10.17190/AM

F/1985452 

175 US-xSJ SAV -119.7323 37.1088 2021 2024 10.17190/AM

F/2229410 

176 US-xSL CRO -103.0293 40.4619 2022 2024 10.17190/AM

F/2229411 

177 US-xSR OSH -110.8355 31.9107 2022 2024 10.17190/AM

F/1985453 

178 US-xST DBF -89.5864 45.5089 2022 2024 10.17190/AM
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F/1985454 

179 US-xTL WET -149.3705 68.6611 2021 2024 10.17190/AM

F/2469475 

180 US-xTR DBF -89.5857 45.4937 2019 2023 10.17190/AM

F/1985456 

181 US-xUK DBF -95.1921 39.0404 2020 2024 10.17190/AM

F/1985457 

182 US-xUN MF -89.5373 46.2339 2019 2024 10.17190/AM

F/1985458 

183 US-

xWD 

GRA -99.2414 47.1282 2020 2024 10.17190/AM

F/2229412 

184 US-

xWR 

ENF -121.9519 45.8205 2019 2024 10.17190/AM

F/2571118 
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Extended Data Table 2.2. Parameters for XGBoost models used in our study. 
Hyperparameter Value 

n_estimators 1500 

learning_rate 0.03 

max_depth 7 

objective reg:squarederror 

subsample 0.8 

colsample_bytree 0.8 

nthread -1 

lamda 2.0 

min_child_weight  10 

early_stopping_rounds 30 

 

 

Extended Data Table 2.3. Pairwise t-test comparisons (reported in P values) of 
model performance in terms of R2 among five model setups for GPP monthly 
predictions.  

Model 

setups 

XGB_SWin XGB_Clim XGB_Emb XGB_Emb+SWin XGB_Emb+Clim 

XGB_SWin NA P < 0.05 P < 0.001 P < 0.001 P < 0.001 

XGB_Clim  NA P < 0.01 P < 0.01 P < 0.01 

XGB_Emb   NA P = 0.83 P = 0.76 

XGB_Emb+
SWin 

   NA P = 0.92 

XGB_Emb+
Clim 

    NA 

 

Extended Data Table 2.4. Pairwise t-test comparisons (reported in P values) of 
model performance in terms of R2 among five model setups for Reco monthly 
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predictions.  
Model 

setups 

XGB_Tair XGB_Clim XGB_Emb XGB_Emb+Tair XGB_Emb+Clim 

XGB_Tair NA P = 0.19 P < 0.001 P < 0.001 P < 0.001 

XGB_Clim  NA P = 0.08 P < 0.05 P < 0.05 

XGB_Emb   NA P = 0.76 P = 0.69 

XGB_Emb+T
air 

   NA P = 0.93 

XGB_Emb+C
lim 

    NA 

 

Extended Data Table 2.5. Pairwise t-test comparisons (reported in P values) of 
model performance in terms of R2 among five model setups for predicting GPP mean 
seasonal cycle (MSC). 
Model 

setups 

XGB_SWin XGB_Clim XGB_Emb XGB_Emb+SWin XGB_Emb+Clim 

XGB_SWin NA P < 0.01 P < 0.001 P < 0.001 P < 0.001 

XGB_Clim  NA P < 0.001 P < 0.001 P < 0.01 

XGB_Emb   NA P = 0.86 P = 0.99 

XGB_Emb+
SWin 

   NA P = 0.88 

XGB_Emb+
Clim 

    NA 

 
Extended Data Table 2.6. Pairwise t-test comparisons (reported in P values) of 
model performance in terms of R2 among five model setups for predicting Reco mean 
seasonal cycle (MSC). 
Model 

setups 

XGB_Tair XGB_Clim XGB_Emb XGB_Emb+Tair XGB_Emb+Clim 

XGB_Tair NA P = 0.32 P < 0.001 P < 0.001 P < 0.001 

XGB_Clim  NA P < 0.05 P < 0.05 P < 0.05 

XGB_Emb   NA P = 0.84 P = 0.91 
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XGB_Emb+T
air 

   NA P = 0.93 

XGB_Emb+C
lim 

    NA 

 

Extended Data Table 2.7. Pairwise t-test comparisons (reported in P values) of 
model performance in terms of R2 among five model setups for predicting GPP 
monthly anomaly. 
Model 

setups 

XGB_SWin XGB_Clim XGB_Emb XGB_Emb+SWin XGB_Emb+Clim 

XGB_SWin NA P < 0.001 P < 0.001 P < 0.001 P < 0.001 

XGB_Clim  NA P < 0.05 P < 0.01 P < 0.001 

XGB_Emb   NA P = 0.79 P = 0.56 

XGB_Emb+
SWin 

   NA P = 0.75 

XGB_Emb+
Clim 

    NA 

 

Extended Data Table 2.8. Pairwise t-test comparisons (reported in P values) of 
model performance in terms of R2 among five model setups for predicting Reco 
monthly anomaly. 

Model 

setups 

XGB_Tair XGB_Clim XGB_Emb XGB_Emb+Tair XGB_Emb+Clim 

XGB_Tair NA P < 0.001 P = 0.45 P < 0.05 P < 0.001 

XGB_Clim  NA P = 0.06 P = 0.38 P = 0.58 

XGB_Emb   NA P = 0.33 P < 0.05 

XGB_Emb+T
air 

   NA P = 0.28 

XGB_Emb+C
lim 

    NA 
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Extended Data Figure 2.1. Global distribution of 184 eddy-covariance flux sites (blue 
dots) used in this study. 
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Extended Data Figure 2.2. Comparison between ERA-Interim reanalysis and flux-
based meteorological variables (air temperature (TA), Vapor Pressure Deficit (VPD), 
wind speed (WS), precipitation (P), and incoming shortwave radiation (SW_IN)).  
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Extended Data Figure 2.3. Performance of different model setups in terms of 
RMSE in estimating GPP (a-c) and Reco (d-f) from 115 unseen datasets across runs 
and temporal scales. Five model setups are evaluated for each variable and grouped 
into two categories: models using Google AlphaEarth Foundations (AEF) embedding 
features (green bars), and models without embedding features (blue bars). Details on 
the feature sets used in each setup are provided in Table 1. Model performance was 
evaluated based on RMSE of predicting monthly estimates (a, d), mean season cycles 
(MSC; b, e), and monthly anomalies (c, f). Bars represent averages across all runs, and 
error bars indicate standard errors. 
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Abstract 

 

 

Plant carbon uptake depends on the balance between carbon sources (e.g., 

photosynthesis) and sinks (e.g., respiration, storage, and growth), which together 

determine how much CO₂ uptake translates into lasting biomass gains. Eddy-

covariance and tree-ring analyses have suggested a decoupling between 

photosynthetic carbon assimilation and growth on interannual timescales, often 

interpreted as evidence for widespread sink-limitation. Using long-term observations 

at flux towers and a global vegetation model ensemble, we show that such annual, 

or short-term, decoupling neither implies sink limitation nor constrains long-term 

growth. Across observations and more than half of the ensemble, short-term 

correlations between photosynthesis and woody carbon biomass increment 

(𝑟∆AXBBY,Z[[) are weak, confirming previous reported decoupling. Despite the weak 

correlations, however, woody carbon biomass increases in proportion to 

photosynthesis between 1951–2020. Notably, there is no relationship between 

𝑟∆AXBBY,Z[[  and the long-term sensitivity of biomass to photosynthesis across 

models. These results caution against inferring source–sink control from 

observational records and suggest sink limitation is likely less prevalent than 

previously reported.  
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3.1. Introduction 

 

Terrestrial ecosystems have sequestered approximately 21% of human-

emitted CO2 over the last decade, acting as a major buffer to climate change 

(Friedlingstein et al., 2025, 2026). Plants take up CO2 through photosynthesis and 

allocate the assimilated carbon to fast-cycling pools (e.g., leaves, fine roots, 

nonstructural carbohydrates (NSCs), respiratory fluxes), and slow-cycling carbon 

pools (e.g., woody biomass) (Litton et al., 2007; Richardson et al., 2013; Waring et al., 

1998). Ultimately, the rate at which carbon (C) is stored in long-term carbon pools, 

particularly wood and soil, largely determines the ability of the terrestrial sink to slow 

atmospheric CO2 accumulation. 

Rising atmospheric CO2 stimulates global terrestrial photosynthesis (Keenan 

et al., 2016; Norby, 2025; Walker et al., 2021) and global gross primary production 

(GPP) increased by nearly 13.5% in the last 40 years (Keenan et al., 2023). Whether 

this additional carbon uptake translates into sustained biomass growth depends on 

the balance between plant carbon sources and sinks. Leaves function as C source 

tissues, generating sugars through photosynthesis, while other plant parts act as sinks, 

consuming or storing these sugars through respiration, growth, storage, and 

exudation (Green & Keenan, 2022; White et al., 2016). The sensitivity of source and 

sink activities varies with environmental conditions (Cabon et al., 2020; Hsiao, 1973; 

Muller et al., 2011). When source activity exceeds sink capacity, plants are considered 

sink-limited; when sinks could store more carbon than sources provide, they are 

source-limited. Thus, the amount of carbon ultimately sequestered in plant biomass 

depends on the interaction between source and sink activities, which are increasingly 

influenced by rising CO2 and climate variability.  

Although elevated CO2 has enhanced terrestrial photosynthesis (Keenan et al., 

2023), recent studies suggest that additional carbon assimilation does not yield 

proportional gains in plant growth, due to sink constraints such as nutrient limitation, 

low temperature, increasing atmospheric aridity, and reduced water availability 

(Cabon et al., 2022; Fatichi et al., 2014, 2019; Jiang et al., 2020; Kannenberg et al., 

2022; Körner, 2022; Rao et al., 2026; Teets et al., 2018; Terrer et al., 2019). For example, 

(Cabon et al., 2022) reports widespread short-term decoupling between annual GPP 
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and tree-ring width across biomes, interpreted as evidence that sink-limitation is 

becoming more prevalent, and that current dynamic global vegetation models 

(DGVMs) might be overly source-biased due to the linear relationship between 

assimilation and growth within models (Fatichi et al., 2014; Friend et al., 2019). 

Although such short-term decoupling is widely reported in the literature (Babst et al., 

2014; Kannenberg et al., 2025; Litton et al., 2007; Teets et al., 2022), its interpretation 

as an indicator of sink limitation has been called into question (Gessler & Zweifel, 

2024; Green & Keenan, 2022; Trugman & Anderegg, 2025). Previous studies primarily 

relied on aboveground wood growth, such as tree-ring width, without accounting for 

assimilated C allocated to other C pools (e.g., roots, leaves, soil organic matter), and 

major C fluxes such as autotrophic respiration (Green & Keenan, 2022; Trugman & 

Anderegg, 2025). Importantly, given high short-term climate variability, the relatively 

small fraction of photosynthesis allocated to wood growth, and the limited length of 

available datasets, the observed decoupling might not causally indicate long-term 

sink-limitation.  

Direct observations of source-sink dynamics are limited (Green & Keenan, 

2022; Jiang et al., 2020; Norby, 2025). Biomass increment can be estimated from tree 

rings, dendrometers, and related measurement approaches, while whole tree 

photosynthesis is estimated from eddy-covariance towers or experimental chambers 

(Baldocchi, 2020; Kannenberg et al., 2025). Together, these datasets provide valuable 

insights but are often short in duration and restricted in spatial coverage, limiting 

their ability to capture long-term dynamics. Dynamic global vegetation models 

(DGVMs) offer a complementary perspective by simulating carbon fluxes and pools 

from annual to centennial scales. They incorporate the ecosystem processes and 

feedbacks that shape long-term carbon cycle dynamics and, despite known 

deficiencies, reproduce broad features of the global terrestrial carbon budget 

(Friedlingstein et al., 2025; Sitch et al., 2024). Furthermore, DGVMs can be used to 

examine the potential influence of rising CO2 concentrations and climate variability 

on terrestrial carbon budgets through controlled experiments (Sitch et al., 2024). 

Combining these complementary lines of evidence provides an opportunity to assess 

the relationship between short-term patterns and long-term source–sink dynamics. 

Here we examine estimates of source-sink decoupling and implications for 
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sink limitation by leveraging eddy-covariance observations and tree-ring width data 

in combination with simulation experiments from dynamic global vegetation models. 

Specifically, we use observations of tree-ring width and gross primary production 

from 31 available long-term eddy-covariance sites, together with simulations from 

nine DGVMs in the Trends in Net Land–Atmosphere Exchange (TRENDY version 10) 

project (Friedlingstein et al., 2022). We further demonstrate annual correlations, or 

lack thereof, between GPP and woody C biomass growth bear no relationship to 

long-term responses across TRENDY models. Finally, we disentangle how assimilated 

carbon is partitioned among woody, leaf, and root C biomass, as well as respiration, 

across temporal scales in each model. Combining long-term observational records 

with model simulations, our study provides a novel perspective on the degree to 

which short-term source–sink relationships represent a proxy for sink limitation and 

scale up to long-term ecosystem carbon sequestration. 
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3.2. Methods 

 

3.2.1. Data sources 

In-situ observations. We collected openly available data of site-level Gross Primary 

Production (GPP) from 31 eddy-covariance towers and associated on-site tree-ring 

width records compiled by (Cabon et al., 2022; Pastorello et al., 2020) (Extended Data 

Table 3.1; Extended Data Fig. 3.1). These towers have the Mean Annual Temperature 

(MAT) ranging from −2.7 to 20.5 °C, Mean Annual Precipitation (MAP) from 297 to 

1946 mm, and latitudes from 29.7 to 64.9° N. Plant Functional Types (PFTs) examined 

include Deciduous Broadleaf Forest (n=10), Evergreen Needleleaf Forest (n=18), 

Mixed Forest (n=2), and Woody Savanna (n=1) (Extended Data Table 3.1). 

Global Vegetation models. The carbon fluxes and pools were obtained from the 

Trends in Net Land–Atmosphere Exchange (TRENDY version 10 – v10) initiative 

(Friedlingstein et al., 2022) (https://globalcarbonbudgetdata.org/). We analyzed 

outputs from nine TRENDY models with published woody biomass data: CLM5.0 

(Lawrence et al., 2019), ISBA-CTRIP (Delire et al., 2020), CABLE-POP (Haverd et al., 

2018), CLASSIC (Melton et al., 2020), CLASSIC-N, ORCHIDEE, ORCHIDEEv3 (Vuichard 

et al., 2019), LPX-Bern (Lienert & Joos, 2018), and LPJ-GUESS (B. Smith et al., 2014) 

(see ref. (Friedlingstein et al., 2022) for detailed model descriptions). Both ORCHIDEE 

and ORCHIDEEv3 were included in the analysis, as ORCHIDEEv3 incorporates key 

advances such as the nitrogen (N) cycle and C-N interactions (Vuichard et al., 2019). 

Similarly, both CLASSIC and CLASSIC-N (CLASSIC with nitrogen cycle) were included. 

Data from all TRENDYv10 models were used through 2020, except for CLM5.0, which 

was limited to 2019. 

 

3.2.2. Short-term correlation between GPP and ΔcWood 

We computed the short-term correlation between annual GPP and woody C 

biomass increment (ΔcWood) for each of nine vegetation models under three 

scenarios (S0, S1, S2), using the same method as (Cabon et al., 2022) (Eq. 1). Our 

analyses were restricted to grid cells containing the 31 flux towers with on-site tree-

ring width data and to years covered by the eddy-covariance towers used in  (Cabon 

et al., 2022). Cells with missing and zero GPP or ΔcWood (e.g., coastal land–ocean 
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overlaps) were excluded. Since models differ in spatial and temporal resolution, not 

all tower-overlapping cells are represented, and the number of selected cells varies 

by model. 

To remove long-term trends and low-frequency signals, we linearly 

detrended GPP and ∆Wood (Cabon et al., 2022) (Equation 1). Note that short-term 

correlation does not refer to examining the relationship over a short time period, 

but rather to the detrended relationship over time. The short-term correlation was 

computed as follows (Eq. 1):  

𝑟∆AXBBY,Z[[ =	𝑟(Y@\]@WY@Y	∆AXBBY,			Y@\]@WY@Y	Z[[) Equation 1 

, in which annual GPP unit is kgC m-2 s-1 and ∆cWood unit is kgC m-2 with ∆cWood 

defined as the difference from the previous year. We calculated same-year annual 

GPP-∆cWood correlation, with the assumption that they are most correlated on an 

annual scale (Cabon et al., 2022; Lempereur et al., 2015), despite there could be one-

year time lag between GPP and ∆cWood in some sites (Teets et al., 2022).   

To obtain observations of 𝑟∆AXBBY,Z[[ , we aggregated to annual scale the 

detrended monthly GPP already reported in (Cabon et al., 2022) (with QC > 0.07), 

which compiled GPP_NT_VUT_REF from FLUXNET2015 and AmeriFlux datasets. We 

then computed the correlation between the obtained detrended annual GPP, and 

detrended annual Ring Width Index (RWI) also compiled by (Cabon et al., 2022). Note 

that the observational data here is the short-term correlation between annual GPP 

and RWI extracted from (Cabon et al., 2022), with RWI representing community-

weighted ring width with removed tree age and size effects. Since the variations in 

tree-ring width are the closest observational proxy for woody biomass increment and 

often used as an index for plant growth, we assume that RWI represents ∆cWood 

and use it as a benchmark for evaluating TRENDY vegetation models (Fig. 3.1). Note 

that, consistent with standard approaches (Cabon et al., 2022), we do not use 

allometric equations to convert tree-ring width to woody biomass increment as this 

would introduce additional uncertainties (Kannenberg et al., 2025). 
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3.2.3. Long-term responses of woody biomass to changes in C assimilation 

To test whether short-term relationships scale to long-term responses, we 

analyzed scenario S1 (CO₂-only forcing) for 1951–2020 at tower-overlapping cells, 

corresponding to the period of rapidest CO₂ increase. We computed (i) the short-

term correlation between annual GPP and ΔcWood (𝑟∆AXBBY,Z[[), as described above 

(see section ‘Short-term correlation between GPP and ΔcWoods’), and (ii) the long-

term response of the woody biomass stock to assimilated carbon as the cWood-to-

GPP response ratio (𝛽AXBBY,Z[[) (Eq. 2):  

𝛽AXBBY,Z[[ =	
log@(𝑐𝑊𝑜𝑜𝑑\D/𝑐𝑊𝑜𝑜𝑑\R)
log@(𝐺𝑃𝑃\D/𝐺𝑃𝑃\R)

 
Equation 2 

, in which cWood (kg m-2) and GPP (kg m-2 s-1) were aggregated annually at selected 

pixels. This log-log formula of response ratio is more robust than the original one 

proposed in (Bacastow & Keeling, 1973) since it down-weights extreme values (Norby, 

2025; Walker et al., 2021). 𝛽 = 1 indicates proportional scaling between cWood and 

GPP. Baseline (t0) and end-period (t1) values were taken as fitted values from linear 

regressions over 1951–2020 to remove year-to-year variations (Keenan et al., 2023). 

 

3.2.4. Allocation and trends in plant carbon fluxes and pools  

Across models under scenario S1 (1951–2020) at selected tower-overlapping 

grid cells, we computed the percent of annual GPP allocated to same-year growth of 

woody, leaf, and root biomasses (ΔcWood, ΔcLeaf, and ΔcRoot), converting these to 

kg m⁻² s⁻¹ units to align with GPP (Fig. 3.3a). Long-term increases of GPP and biomass 

stocks (cWood, cLeaf, cRoot) were summarized as percent change between 1951 and 

2020 from linear-fit estimates (Fig. 3.3b). For further analysis of changes in 

ΔcWood:GPP ratio over time (Fig. 3.4), we computed the percent of annual GPP 

allocated to same-year growth of woody biomass from 1901-2020 at selected tower-

overlapping grid cells under all scenarios.  
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3.3. Results and Discussion 

 

3.3.1. GPP-∆cWood decoupling does not imply sink limitation 

We show that short-term decoupling between GPP and woody C biomass 

increment does not constitute evidence of sink limitation as it also arises in source-

biased DGVMs. We found evidence of short-term decoupling between annual GPP 

and woody C biomass increment (𝑟∆AXBBY,Z[[) across 5/9 of the DGVMs examined 

(Fig. 3.1a-e), with mean correlations across all scenarios ranging from 0.03 to 0.38 

(Extended Data Table 3.2). Such low correlations have previously been interpreted 

as indicative of sink limitation in observations (Cabon et al., 2022). Note that the 

short-term correlation was calculated as the correlation between detrended annual 

GPP and detrended annual ∆cWood over time to remove long-term trends and 

low-frequency signals, and thus does not refer to examining the relationship over a 

short time period (Cabon et al., 2022) (see Methods). 

Among five models with low correlations, ISBA-CTRIP, CABLE-POP, LPJ-

GUESS, and CLM5.0 exhibit similarly low and no statistically different 𝑟∆AXBBY,Z[[ 

values when comparing to observations (P > 0.05) across all scenarios of constant 

CO2 & climate (S0), rising CO2 (S1), and rising CO2 & historic climate changes (S2), 

except for CLM5.0 and LPJ-GUESS under scenario S2 (P < 0.05) (Fig. 3.1a-d; Extended 

Data Table 3.3). Since DGVMs are widely considered to be overly source-limited 

rather than sink-limited (Fatichi et al., 2014; Friend et al., 2019, 2025), this suggests 

that the low 𝑟∆AXBBY,Z[[  values are an unreliable proxy of the degree of sink-

limitation. 

The other DGVMs show	𝑟∆AXBBY,Z[[ values that are statistically higher than 

those of observations across all scenarios except for LPX-Bern under S1 (Fig. 3.1e-,i). 

Comparing across three scenarios S0, S1, and S2, however, these models show no 

significant differences in 𝑟∆AXBBY,Z[[ between scenarios (pairwise t-test, P > 0.05 for 

all pairs of scenarios within each model) (Fig. 3.1; Extended Data Table 3.3). This 

suggests that changes in source (e.g., CO₂ fertilization, growing season extensions) 

or sink activity (e.g., warming induced respiration increases) do not affect the short-

term or annual correlation between GPP and woody C biomass increment. Our 

results thus indicate that the low observed correlation between GPP and wood 
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growth is not necessarily an indication of sink limitation. 

 
 

Figure 3.1. Short-term correlations between annual gross primary production 
(GPP) and annual woody carbon increment (∆ cWood). Observed (obs) and 
modelled correlations (𝑟∆AXBBY,Z[[) from flux towers (n = number of sites with valid 
pixel data) are shown as boxplots in each panel. Modelled correlations are 
computed for simulations from nine TRENDYv10 dynamic global vegetation models 
(panels a–i) at the tower grid cells under three scenarios: preindustrial control (S0), 
CO₂-only forcing (S1), and combined CO₂ and climate forcing (S2). Asterisks mark 
model distributions that differ significantly from observations (P < 0.05).  
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3.3.2. Short- and long-term relationship between GPP and cWood  

Another evidence is that the annual correlation between GPP and ∆cWood 

(𝑟∆AXBBY,Z[[) does not represent their long-term relationship. To assess the long-

term growth response to GPP, we calculated the response ratio (𝛽AXBBY,Z[[) as an 

indicator of cWood sensitivity to changing GPP. The response ratio (𝛽) is a metric 

commonly used to quantify how one variable responds to changes in another over 

time (Keenan et al., 2023; Norby, 2025; Walker et al., 2021). We computed both 

𝛽AXBBY,Z[[  and 𝑟∆AXBBY,Z[[  for 1951-2020 at tower-overlapping grid cells under 

scenario S1, to assess the short-term and long-term responses of plant growth to 

photosynthesis under rising atmospheric CO2 (see Methods). If lower 𝑟∆AXBBY,Z[[ 

indicates stronger sink limitation, higher 𝑟∆AXBBY,Z[[ would suggest stronger source 

limitation, which therefore would correspond to higher 𝛽AXBBY,Z[[.  

If lower 𝑟∆AXBBY,Z[[ is indicative of sink limitation as suggested by previous 

studies (Cabon et al., 2022), lower 𝑟∆AXBBY,Z[[ should imply a lower 𝛽AXBBY,Z[[. On 

the other hand, we found no such relationship at the examined flux locations, either 

across all models (P = 0.64, slope = -0.12) (Fig. 3.2) or individually, except for 

ORCHIDEE (P < 0.05) and ORCHIDEEv3 (P < 0.01) (Extended Data Fig. 3.2). Notably, 

LPX-Bern, on average, shows the highest values of 𝛽AXBBY,Z[[  but is among the 

lowest values for 𝑟∆AXBBY,Z[[. In contrast, CLASSIC, CLASSIC-N, and ORCHIDEE have 

the highest values of 𝑟∆AXBBY,Z[[ but are among the lowest of 𝛽AXBBY,Z[[, indicating 

no proportional relationship between the response ratio and the correlation between 

woody C biomass increment and GPP across models. These results show that 

𝑟∆AXBBY,Z[[  does not capture the response of woody biomass to source activity 

under increasing CO2, and that correlation metrics are not a reliable proxy of long-

term source-sink dynamics. 
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Figure 3.2. Relationship between 𝜷𝒄𝑾𝒐𝒐𝒅,𝑮𝑷𝑷  and 𝒓∆𝒄𝑾𝒐𝒐𝒅,𝑮𝑷𝑷 . 𝛽AXBBY,Z[[  and 
𝑟∆AXBBY,Z[[ were calculated at flux tower locations across nine TRENDYv10 models 
under CO2-only forcing scenario (S1) from 1951-2020. Solid dots indicate median 
values, while whiskers indicate the 25th-75th percentile range. The response ratio 
(𝛽AXBBY,Z[[) was calculated as the log transformed ratio of the percent change in 
woody C biomass (cWood) relative to the percent change in gross primary 
production (GPP) from 1951-2020 under CO2-only forcing scenario (S1; see 
Methods). P value and slope are from regressions between 𝑟∆AXBBY,Z[[   and 
𝛽AXBBY,Z[[  using n data points from all models (n = total number of tower-
overlapping grid cells with valid data across models). Nine outliers with beta values 
outside the range [-5, 10] were removed in the analysis, resulting in a total of 226 (n) 
valid cells across all models. 
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3.3.3. GPP minimally allocates to annual wood growth but drives long-term 

biomass gain 

 

In addition, the low short-term correlation between GPP and ∆cWood could 

result from the small fraction of GPP allocated to woody biomass growth each year, 

even though woody biomass increases proportionally with GPP over time. We 

quantified the fraction of annual GPP allocated to same-year net biomass growth in 

tower-overlapping grid cells across eight TRENDY models, excluding LPJ-GUESS as 

TRENDYv10 does not provide whole-root biomass output for this model, under CO2-

only forcing scenario (S1) from 1952-2020 (Fig. 3.3a). Annually, GPP allocation to 

∆cWood, net of cWood losses due to mortality, is 0.86 ± 0.80% (mean ± sd, across 

models and sites), while allocation to autotrophic respiration (Ra) is 47.57 ± 10.42%. 

Year-to-year change in leaf and root biomass (∆cLeaf and ∆cRoot) is negligible, 

contributing just 0.03 ± 0.05% and 0.25 ± 0.24% of annual GPP, respectively (Fig. 3.3a). 

The weak short-term correlation between GPP and ∆cWood therefore likely reflects 

the small fraction of GPP allocated to wood growth and the resulting low signal-to-

noise ratio.  

Despite the small net annual allocation of GPP to ∆cWood, woody biomass 

increases on average 23.83 ± 43.14% from 1951-2020 at flux tower-overlapping grid 

cells across models, closely tracking the 21.28 ± 17.65% increases in modeled GPP 

(Fig. 3.3b). We found similar long-term increases for other carbon fluxes and pools 

such as Ra (20.86 ± 20.24%), cLeaf (21.22 ± 46.39%), and cRoot (19.92 ± 30.34%) (Fig. 

3.3b). Thus, while only a small portion of GPP is allocated to woody biomass growth 

each year across models, on a longer time scale plant carbon fluxes and pools 

converge toward comparable rates of increase. This supports the “a rising tide lifts all 

boats” hypothesis (Litton et al., 2007). Although TRENDY models simulate 

proportional increases in cWood with GPP, the annual GPP net allocation to wood 

growth and their correlation remain low, preventing inference of sink limitation from 

the correlation alone. 

It is worth noting that while these estimates of GPP net allocation to woody 

biomass increment is within the broad range in literature (0-30%) (Chapin et al., 2011), 

on average, they fall in the lower end of the range of estimates inferred from 
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allometric and empirical equations applied on tree diameter growth (Babst et al., 

2014; Campioli et al., 2015; Kannenberg et al., 2025; Teets et al., 2022; Vicca et al., 

2012). This could be due to the fact that allometric equations do not account for 

biomass losses from plant mortality and branch turnover, whereas DGVMs simulate 

both losses and gains in woody biomass over years. Branch turnover alone can 

account for 16% of above ground wood production and reduce stem wood biomass 

in model simulations by 7 to 17% (Lim et al., 2024). Further studies are needed to 

quantify the true fraction of GPP allocated to annual woody biomass increment at 

the plot scale.  

  
 
Figure 3.3. Net allocation and trends in plant carbon fluxes and pools. (a) Percent 
of annual gross primary production (GPP) allocated to same-year autotrophic 
respiration (Ra), net growth of woody (∆cWood), leaf (∆cLeaf), and root (∆cRoot) C 
biomass from 1952-2020 at flux tower-overlapping grid cells from TRENDY models 
under CO₂-only forcing scenario S1. (b) Percent increase in GPP, Ra, cWood, cLeaf, 
cRoot from 1951-2020. In both panel (a) and (b), boxes represent the interquartile 
range (IQR) (25th- 75th percentile) with median values and whiskers extending to 1.5 
times the IQR, while green triangles indicate the mean values. In both (a) and (b), a 
total of 209 grid cells with valid data from eight models (except LPJ-GUESS) were 
included in the analysis. 
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3.3.4. GPP increasingly allocates to annual wood growth 

Although the proportion of carbon derived from GPP that is allocated to 

woody biomass is small, it is not necessarily constant. We analyzed the temporal 

changes in the fraction of annual GPP allocated to same-year net woody biomass 

growth (∆cWood/GPP, %) during 1901-2020 across nine TRENDY models at the flux 

sites (Fig. 3.4). Under the CO2 & climate forcing scenario (S2), 8/9 models show a 

significant increase in the ∆cWood:GPP ratio from 1901–2020 (P < 0.01, slope (𝛼) > 

0), except for LPJ-GUESS. Under the CO2-only scenario (S1), 6/9 models exhibit 

significant positive trends (P < 0.05, 𝛼 > 0) (Fig. 3.4a–f). In contrast, the preindustrial 

control scenario (S0) shows no significant trend, with slopes near zero across all 

models. The rate of increase in the ∆cWood:GPP ratio is highest under S2, followed 

by S1, and negligible under S0 (S2 > S1 > S0) (Fig. 3.4).  

This increasing ∆cWood:GPP ratio under CO2 & climate forcing scenario 

suggests that across models, increases in carbon sources and changing 

environmental conditions lead to a greater proportion of assimilated carbon being 

allocated to net woody biomass growth over time. Notably, while ISBA-CTRIP and 

CLM5.0 are among the models with the lowest range of 𝑟∆AXBBY,Z[[ under S1 (Fig. 

3.2), they rank among the models with the strongest increases in ∆cWood:GPP 

allocation over time (ISBA-CTRIP: slope = 0.016; CLM5.0: slope = 0.011) (Fig. 3.4a, b). 

This contradiction confirms that short-term ∆cWood-GPP correlations do not reflect 

long-term net allocation patterns to woody biomass and are not indicative of source-

sink dynamics. Instead, metrics such as the response ratio and the ∆cWood:GPP 

allocation ratio provide more robust indicators of source-sink relationships. 

The consistent increase in the ∆cWood:GPP ratio across most model 

simulations spanning more than a century suggests that greater carbon availability 

could enhance allocation to wood, indicating that long-term increases in modeled 

source strength can offset modeled sink constraints. Such shifts may reflect 

improved carbon-use efficiency, enhanced nutrient recycling, or other long-term 

adjustments that reduce sink limitations. As most in-situ measurements are not long-

term enough to capture this dynamic, longer observations and experiments are 

needed to test whether the modelled increase in allocation to woody biomass occurs 

in real world ecosystems.  
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Figure 3.4. Long-term changes in the allocation of gross primary production to 
net woody C biomass growth. Each panel shows the percent of gross primary 
production (GPP) allocated to net woody biomass growth (∆cWood/GPP, %) 
simulated by nine TRENDY v10 models under three scenarios from 1901 to 2020: 
preindustrial control (S0, black), CO₂-only forcing (S1, blue), and combined CO₂ 
and climate forcing (S2, green). Solid lines show the annual means across selected 
grid cells, while shaded areas indicate the 95% distribution across grid cells. Data 
outliers beyond three standard deviations were removed for each scenario. Linear 
regression was applied to all the solid mean lines, with slope (𝛼 ) and statistical 
significance asterisks (*P < 0.05; **P < 0.01) shown at the top of each panel. The 
number of overlapping-tower grid cells (n), which is a subset of the total available 
flux towers (31) due to pixel sharing and missing data, is displayed in each panel.  
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3.4. Conclusions 

 

Using a combination of long-term observations at flux towers, tree-ring width data, 

and a global vegetation model ensemble, we demonstrate that the widely reported 

observed short-term decoupling between GPP and woody C biomass increment 

does not indicate their long-term relationship or prevalent sink limitation. Across 

observations and 5/9 of examined DGVMs, we show that short-term decoupling 

correlations between photosynthesis and woody carbon biomass increment 

(𝑟∆AXBBY,Z[[ ) exist across most scenarios. However, ∆cWood:GPP ratio increases 

consistently over time across most models under the CO2 & climate forcing scenario 

(S2) and 6/9 models under scenario S1. Furthermore, woody carbon biomass 

increases on average 23.83 ± 43.14%, which is in proportion to photosynthesis 

increases (21.28 ± 17.65%) between 1951–2020 at flux tower-overlapping grid cells 

across models under the CO2-only forcing scenario (S1). In addition, we also found 

that there is no statistically significant relationship between short-term correlation 

( 𝑟∆AXBBY,Z[[ ) and long-term responses ( 𝛽AXBBY,Z[[ ) across models. Overall, 

combining long-term observational records with model simulations, our study 

provides a novel perspective on the degree to which short-term source–sink 

relationships represent a proxy for sink limitation and scale up to long-term 

ecosystem carbon sequestration. 
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3.6. Data availability 
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provided by (Cabon et al., 2022), which compiles eddy-covariance GPP from 

FLUXNET2015 (https://fluxnet.org/data/fluxnet2015-dataset) and AmeriFlux datasets 

(https://ameriflux.lbl.gov) with on-site Ring Width data observations at 31 sites. 

TRENDYv10 datasets are obtained from the Global Carbon Budget 

(https://globalcarbonbudgetdata.org/). All data used in this study is publicly available.  
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3.8. Extended Data 

 
Extended Data Table 3.1. List of eddy-covariance flux towers used in this study that 

have onsite ring width measurements (Cabon et al., 2022; Pastorello et al., 2020). 
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Extended Data Figure 3.1. Global maps of 31 eddy-covariance sites with on-site 
tree-ring data used in this research. 
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Extended Data Table 3.2. Mean 𝑟∆AXBBY,Z[[ across all tower-overlapping grid cells 
for each model and scenario presented in Figure 3.1. 
 

Model Scenario Mean 𝑟∆AXBBY,Z[[ 

CABLE-POP S0 0.03 

CABLE-POP S1 0.07 

CABLE-POP S2 0.2 

CLASSIC S0 0.71 

CLASSIC S1 0.72 

CLASSIC S2 0.82 

CLASSIC-N S0 0.65 

CLASSIC-N S1 0.65 

CLASSIC-N S2 0.68 

CLM5.0 S0 0.1 

CLM5.0 S1 0.11 

CLM5.0 S2 0.31 

ISBA-CTRIP S0 0.12 

ISBA-CTRIP S1 0.12 

ISBA-CTRIP S2 0.15 

LPJ-GUESS S0 0.29 

LPJ-GUESS S1 0.23 

LPJ-GUESS S2 0.38 

LPX-Bern S0 0.38 

LPX-Bern S1 0.22 

LPX-Bern S2 0.38 

ORCHIDEE S0 0.72 

ORCHIDEE S1 0.73 

ORCHIDEE S2 0.73 

ORCHIDEEv3 S0 0.52 

ORCHIDEEv3 S1 0.56 

ORCHIDEEv3 S2 0.62 
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Extended Data Figure 3.2. Relationship between 𝜷𝒄𝑾𝒐𝒐𝒅,𝑮𝑷𝑷  and 𝒓∆𝒄𝑾𝒐𝒐𝒅,𝑮𝑷𝑷 
within individual models. 𝛽AXBBY,Z[[  and 𝑟∆AXBBY,Z[[  were calculated at flux 
tower locations in each TRENDYv10 model under CO2-only forcing scenario (S1) from 
1951-2020. The response ratio (𝛽AXBBY,Z[[) was calculated as the log transformed 
ratio of the percent change in woody biomass (cWood) relative to the percent change 
in GPP from 1951-2020 under CO2-only forcing scenario (S1; see Methods). Linear 
fits between 𝑟∆AXBBY,Z[[   and 𝛽AXBBY,Z[[  for each model were displayed (green 
lines, 95% CI shaded), with P-values and slopes.  
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Extended Data Table 3.3. Pair t-test p-values for mean distribution differences of 
𝑟∆AXBBY,Z[[ between observations (obs) and scenarios (S0, S1, S2). 
 

Model obs-S0 obs-S1 obs-S2 S0-S1 S0-S2 S1-S2 

ISBA-CTRIP 0.992 0.92 0.756 0.928 0.745 0.674 

CLM5.0 0.778 0.902 P <0.05 0.898 P <0.05 P <0.05 

ORCHIDEE P < 0.001 P < 0.001 P < 0.001 0.917 0.903 0.979 

ORCHIDEEv3 P < 0.001 P < 0.001 P < 0.001 0.684 0.196 0.367 

CABLE-POP 0.913 0.747 0.06 0.641 P <0.05 0.098 

CLASSIC-N P < 0.001 P < 0.001 P < 0.001 0.934 0.766 0.71 

CLASSIC P < 0.001 P < 0.001 P < 0.001 0.89 0.067 0.077 

LPX-Bern P < 0.01 0.256 P < 0.01 0.099 0.965 0.118 

LPJ-GUESS 0.06 0.27 P < 0.01 0.55 0.34 0.14 
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