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Abstract. Understanding interannual variability (IAV) in terrestrial CO₂ fluxes is essential for constraining ecosystem 

responses to climatic anomalies and future carbon-climate feedbacks. A 14-year GOSAT record spanning 2009 to end of 2022 

now enables a robust global assessment of regional IAV. Here, we analyse annual net land CO₂ fluxes from nine in situ-

constrained inversions and three GOSAT-based inversions, and compare them with the TRENDY v13 ensemble mean of 15 

dynamic global vegetation models (DGVMs). We find that DGVMs show weaker IAV than the inversion-based flux estimates 

in almost all regions. In Australia, boreal and temperate North America, and Eurasian Temperate, differences in NEE anomalies 

between GOSAT-based inversions and TRENDY are strongly related to hydroclimatic anomalies, with soil moisture and 

temperature emerging as dominant drivers in different regions. These results suggest that DGVMs underestimate the sensitivity 

of NEE to climate variability in key regions. The extended satellite record makes it possible to use the hydroclimatic anomalies 20 

of the last 14 years to identify deficiencies in ecosystem parameterizations and thereby reduce uncertainty in the global carbon 

budget. 

1 Introduction 

The annual growth rate of atmospheric CO₂ exhibits substantial interannual variability (IAV), which is primarily driven by 

year-to-year fluctuations in terrestrial land-atmosphere CO₂ exchange (Friedlingstein et al., 2026). These fluctuations arise 25 

because the terrestrial carbon cycle is sensitive to climatic variability, including variations in temperature, precipitation, soil 

moisture, vapour pressure deficit, and large-scale climate modes such as the El Niño–Southern Oscillation (ENSO) (Ahlström 

et al., 2015; Bastos et al., 2018; Piao et al., 2020; Poulter et al., 2011; Poulter et al., 2014; Wang et al., 2022; Zhang et al., 

2018; Jiang et al., 2026). Understanding this IAV is essential to determine how terrestrial ecosystems respond to climatic 

anomalies and, as a result, how the land carbon sink may evolve under future climate change and disturbances. 30 
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Dynamic global vegetation models (DGVMs) provide a process-based framework for simulating terrestrial carbon fluxes and 

their response to climatic variability and long-term climate change (Sitch et al., 2015; Sitch et al., 2024). However, the 

simulated net CO₂ exchange depends strongly on model structure, process representation, and parameter choices. Different 

models include different formulations of photosynthesis, respiration, allocation, phenology, disturbances, and land-use 

processes. Previous studies have shown that DGVMs often differ substantially in simulated net fluxes and their variability, 35 

and that their representation of climate sensitivity remains uncertain  (Foster et al., 2024; Teckentrup et al., 2021; Padrón et 

al., 2022; Vardag et al., 2025). 

Atmospheric inverse modelling provides an independent, top-down estimate of surface CO₂ fluxes by optimizing fluxes such 

that simulated atmospheric CO₂ concentrations agree with observations within uncertainties. Traditionally, such inversions 

have relied on in situ CO₂ measurements. These measurements are highly precise and provide long time series, but their spatial 40 

coverage is limited, especially in remote and sparsely monitored regions. As a result, in situ-only inversions are often 

insufficient to robustly constrain regional carbon fluxes over large parts of the globe (Chen et al., 2021; Jung et al., 2020; 

Villalobos et al., 2020; Metz et al., 2025). 

Satellite observations of column-averaged dry-air mole fractions of CO₂, hereafter XCO₂, provide complementary information 

by sampling broad spatial regions, including areas with sparse in situ coverage. By adding observations over remote land 45 

regions, satellite XCO₂ measurements can improve constraints on regional carbon fluxes and thereby help diagnose ecosystem 

responses to climatic variability (Byrne et al., 2020; Palmer et al., 2019; Sellers et al., 2018; Villalobos et al., 2020; Vardag et 

al., 2025; Metz et al., 2025, 2024). Previous work has demonstrated that assimilating satellite observations can reveal carbon-

cycle dynamics that are difficult to infer from in situ observations alone. For example, (Metz et al., 2023) showed that satellite-

constrained inversions provide key information on the carbon-cycle dynamics of Australia and reveal processes that are not 50 

detected by in situ-only inversions. 

Here, we use a 14-year record of GOSAT XCO₂ observations together with in situ CO₂ measurements in the TM5-4DVAR 

inversion system to assess terrestrial carbon-cycle variability from 2009 to 2022. We compare the resulting top-down flux 

estimates with in situ-only inversions and with process-based estimates from DGVMs, which were collected within the 

TRENDYv13 ensemble (Sitch et al., 2024; Friedlingstein et al., 2025). In addition to quantifying the magnitude of regional 55 

IAV, we investigate whether mismatches between data-constrained inversions and DGVMs are systematically related to 

hydroclimatic variability. We analyse IAV across different regions and assess whether differences between GOSAT-based 

inversions and DGVMs can be explained by differing sensitivities to hydroclimatic drivers. 

Specifically, we address the following questions: 

(1) What are the magnitude and spatial pattern of IAV in continental-scale terrestrial CO₂ exchange over 2009–2022? 60 

(2) How do these estimates differ between priors, in situ-only inversions, GOSAT-based inversions, and DGVMs?  

(3) What causes mismatches between inversions and DGVMs and can mismatches be related to hydroclimatic variability in 

some regions? 
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2. Methods 65 

2.1 Study regions 

We analyse terrestrial CO₂ flux variability at the scale of the TRANSCOM-3 land regions (Gurney et al., 2004). The 

TRANSCOM regions represent broad continental and climatic zones and have been widely used in global carbon-cycle 

inversion studies. All gridded flux products are aggregated to annual totals for each TRANSCOM land region. 

2.2 Top-down inversion estimates 70 

In total, we analyse nine in situ-based inversion products and three GOSAT-based inversion products. Eight of the in situ-only 

inversions and two of the GOSAT-based inversions are taken from the Global Carbon Budget inversion ensemble and are 

explained in (van der Woude et al., 2025) and shortly introduced in Sect.2.2.1.. We additionally analyse TM5-4DVAR in situ-

only and TM5-4DVAR GOSAT+in situ, described in Sect. 2.2.2, thereby contributing a new inversion product based on the 

well-established Tracer Model 5 four-dimensional variational inversion (TM5-4DVAR) system. Across the three GOSAT-75 

based inversion products analysed here, the satellite constraint is provided by three different GOSAT XCO₂ retrieval 

algorithms, namely NIES (Yoshida et al., 2013), ACOS (O'Dell et al., 2012), and RemoTeC (Butz, 2024; Butz et al., 2011). 

All inversion products are listed in Table A1. We remove fire emissions to obtain fire-corrected net biome productivity (NBP) 

comparable to the DGVM-based estimates (Sect. 2.3). All flux fields are regridded to 1° × 1° before applying the TRANSCOM 

region mask.  80 

 

2.2.1 GCP inversions 

We use global top-down CO₂ flux inversions from (Luijkx et al., 2025), which have been further described in (van der Woude 

et al., 2025). From this ensemble, we select all eight in situ-only inversions and two GOSAT-based inversions, CMS-Flux and 

NTFVAR, that assimilate GOSAT together with in situ observations. CMS-Flux additionally assimilates OCO-2 XCO2 since 85 

2014. The NBP fluxes contain the sum of the natural land sink and the fire and land-use change emissions. Fire emissions from 

GFEDv5 (van der Werf et al., 2025) are subtracted to be compatible to DGVM estimates.  

 

2.2.2 TM5-4DVAR inversion 

We use the TM5-4DVAR, to infer surface CO₂ fluxes from atmospheric CO₂ observations (Basu et al., 2013).  We perform 90 

two main inversion configurations. The first assimilates only in situ CO₂ observations, while the second assimilates GOSAT 

XCO₂ retrievals using RemoteCv2.4.1 (Butz, 2024) in addition to in situ CO₂ observations. The in situ observations are taken 

from the CO₂ GLOBALVIEWplus ObsPack version GV+9.1 and ObsPack NRT 9.2, which provides a collection of 

atmospheric CO₂ mole-fraction measurements from global monitoring sites.  
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TM5-4DVAR optimizes weekly biosphere and ocean fluxes on a regular 3° longitude × 2° latitude global grid. Prior biosphere 95 

fluxes are prescribed from the Carnegie–Ames–Stanford Approach (CASA) biogeochemical model (van der Werf et al., 2017). 

These priors are based on climatological mean fluxes and therefore impose a strictly repeating seasonal cycle with no IAV. 

Fossil-fuel emissions and fire emissions are prescribed. Fossil-fuel emissions are taken from the Open-source Data Inventory 

for Anthropogenic CO₂, and fire emissions are prescribed from the Quick Fire Emissions Dataset using a climatological 

seasonal cycle such that the total prior land flux has no imposed IAV. To obtain fire-corrected terrestrial NBP comparable to 100 

the DGVM-based estimates, we add the internal QFED fire flux back to the optimized terrestrial flux and subtract the GFEDv5 

fire emissions.  

 

2.3 Dynamic global vegetation models 

To assess the process-based representation of carbon-cycle variability, we use the TRENDY v13 ensemble of DGVMs (Sitch 105 

et al., 2024), also used in (Friedlingstein et al., 2025). Specifically, we analyse the S3 simulations, in which models are forced 

by time-varying atmospheric CO₂, climate, and land-use information. TRENDY models simulate terrestrial vegetation 

dynamics, photosynthesis, respiration, carbon allocation, turnover, disturbance, and land-use processes, although the exact 

representation of these processes differs among models (Sitch et al., 2024). 

We use monthly output from 21 DGVMs listed in Table A2. The available flux components differ between models; therefore, 110 

the construction of fire-corrected net land-atmosphere CO2 exchange depends on the provided variables. For comparison with 

the top-down inversion estimates, we focus on fire-corrected land–atmosphere CO₂ exchange and apply a consistent sign 

convention, with positive fluxes denoting net CO₂ release to the atmosphere and negative fluxes denoting net CO₂ uptake by 

the land. Where NBP and fire emissions are available, we derive fire-corrected NBP. Where NBP is not available, we calculate 

the same quantity from the gross flux components as 115 

 

NBP − fFIRE = TER − GPP + fLUC = (𝑅𝑎 + 𝑅ℎ) − GPP + fLUC,      (1) 

 

where 𝑅𝑎and 𝑅ℎ are autotrophic and heterotrophic respiration, respectively, TER denotes terrestrial ecosystem respiration and 

fLUC denotes the fluxes from land-use change. In fLUC is not provided, we calculate NBP-fire using equation (1), but 120 

neglecting fLUC. An overview of model-specific flux construction is given in Table A2. In the following, for simplicity, we 

refer to this fire-corrected net land-atmosphere CO2 exchange as NEE. Riverine and other lateral carbon fluxes are not added 

explicitly, because most DGVMs are internally mass-conserving and adding external lateral-flux estimates could lead to double 

counting. Although lateral carbon exports may be substantial in the mean, their IAV is comparatively small relative to the 

variability analysed here (e.g. (Ciais et al., 2026). The ensemble mean is calculated from all 21 models after applying the 125 

harmonized sign convention and flux definition. 

 

2.4 Interannual variability metric and annual anomalies 
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We quantify IAV using the standard deviation of annual regional flux totals over the analysis period. For each product and 

region, monthly fluxes are first aggregated to annual totals (Jan–Dec). The IAV is then calculated as the standard deviation of 130 

the annual flux totals over the common period 2009–2022 for the GOSAT-based and in situ-only TM5 inversions, and over 

the corresponding available period for each comparison product. The annual NEE anomalies are derived by subtracting the 

mean NEE value from the period 2009 to 2022 from the annual NEE for each individual product and region.   

 

2.5 Hydroclimatic drivers and anomaly calculation 135 

To investigate the climatic drivers of regional carbon-flux variability, we use temperature, precipitation, and soil-moisture 

fields from the ERA5-Land reanalysis (Muñoz-Sabater et al., 2021). ERA5-Land provides monthly meteorological and 

hydrological variables on a 0.25° × 0.25° grid. We use 2 m air temperature and upper-layer soil moisture at 0–7 cm depth. 

These variables are selected because they have been identified as key drivers of photosynthesis, respiration, and NEE (Yun et 

al., 2025). All ERA5-Land fields are aggregated to the same TRANSCOM regions as the flux products. Annual hydroclimatic 140 

and NEE anomalies are derived by subtracting the mean value from 2009 to 2022, respectively.  

 

2.6 Multilinear regression analysis 

To quantify the relationship between carbon-flux anomalies and hydroclimatic anomalies, we fit a multilinear regression model 

for each region and flux product, as well as for the difference between the inversion flux products and the DGVMs. The annual 145 

NEE anomaly (NEE’) is modelled as a linear function of anomalies in temperature (T’) and soil moisture (SM’): 

 

NEE′ = 𝛽0 + 𝛽𝑇𝑇′ + 𝛽𝑆𝑀𝑆𝑀′ + 𝜖          (2) 

 

Here, 𝛽0 is the intercept, 𝛽𝑇 and 𝛽𝑆𝑀  are the regression coefficients, and 𝜖 is the residual term. 150 

This linear formulation is used as a first-order diagnostic of annual hydroclimatic sensitivity. Because ecosystem responses to 

hydroclimatic variability can in reality be nonlinear and state-dependent, the fitted relationships should not be interpreted as a 

process description. We therefore restrict discussion in Sect. 3.2 to regions where the fit satisfies predefined goodness-of-fit 

and significance criteria described below.  

We assess in which regions the differences between anomalies from the inversions and the DGVMs are significantly related 155 

to hydroclimatic variability using the coefficient of determination (𝑅2) and the p-value of the overall F-test, which tests whether 

the full regression model explains significantly more variance than an intercept-only model. Only regions satisfying both the 

𝑅2 > 0.4 criterion and the significance threshold of 𝑝 < 0.05 are considered in the subsequent analysis in Sect. 3.2. 

For regions showing significant hydroclimatic sensitivity, we then compare the responses of the different data sets to 

temperature and soil-moisture variability. The p-values of the individual predictors are used to assess whether a given predictor 160 

contributes significantly to the fit after accounting for the other predictor. 
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Because temperature and soil-moisture anomalies are often correlated, especially during drought or wet years, we analyse 

partial sensitivities rather than independent causal effects. We therefore also examine correlations among the predictors to 

identify regions where collinearity may influence the attribution of carbon-flux variability to individual drivers. 

 165 

3. Results 

3.1 Robustness of the data sets 

The GOSAT record covers 14 years over 2009–2022 and spans a wide range of climatic anomalies. This is important because 

IAV estimates based on short time periods can be biased by the occurrence of specific climatic conditions included in the 

record. Figure A1 shows the mean absolute bias introduced when IAV is estimated from shorter time windows relative to the 170 

full 14-year period. Although the sensitivity to record length is region dependent, the bias generally decreases with increasing 

window length and becomes flatter after approximately 11 years. This suggests that the current record length is in a regime 

where regional IAV estimates are substantially more robust than estimates based on the shorter satellite records available 

previously. This now puts us in the position to analyse the IAV and the climate sensitivity of the regional carbon fluxes based 

on the GOSAT XCO2 time series.  175 

In addition to the record length, the robustness of regional IAV estimates is affected by structural uncertainty within both top-

down inversions and DGVMs. Atmospheric inversions can differ because of transport errors, prior flux assumptions, 

observation selection, and inversion setup; these uncertainties generally become more important at smaller spatial scales, where 

transport representation and sparse observational coverage exert a stronger influence on the inferred fluxes (Zhang et al., 2023). 

We therefore focus on relatively large TransCom regions, for which aggregation reduces some of the sensitivity to local 180 

transport and representation errors. To further limit dependence on any single inversion system, we compare multiple data-

driven products and interpret the GOSAT-constrained results in the context of the broader inversion ensemble. Similarly, we 

use the TRENDY multi-model ensemble rather than relying on individual DGVMs, following common practice in carbon-

cycle assessments such as the Global Carbon Budget.  

 185 

3.2 Spatial patterns of interannual variability 

Figure 1 shows the spatial distribution of IAV in annual terrestrial CO₂ fluxes across TRANSCOM regions. The prior biosphere 

fluxes exhibit the lowest IAV, with regional IAV values of typically around 50 TgC yr⁻¹. Both, the in situ only inversion and 

the GOSAT-based inversion show larger IAV than the prior, indicating that the enhanced IAV in the posterior estimates is not 

inherited from the prior, but is introduced through the atmospheric observational constraint. Because all products analysed 190 

here are expressed as fire-corrected NBP (hereafter NEE; see Sect. 2.3), the product differences are not simply caused by fire 

emissions. However, fire is treated differently in the inversions and DGVMs, so uncertainty in the IAV of fire emissions could 

still affect the inferred product mismatch. We therefore show in Figure A2the regional IAV of GFED fire emissions and their 

relative contribution to the total regional flux IAV. Fire-emission variability is regionally heterogeneous and contributes 

substantially in some regions, especially in Eurasia Boreal (78 %) and Tropical Asia (44 %), while being much smaller in most 195 
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other regions (see Fig. A2). This suggests that uncertainty in the representation of fire does not explain the overall enhancement 

of IAV in the inversions across all regions. 

 

Figure 1: Prior and posterior estimates of regional NEE IAV. Maps show the IAV of annual NEE for TRANSCOM regions 

over 2009–2022. The upper-left panel shows the mean prior IAV, calculated from the TM5-4DVAR prior and all GCP prior 200 

ensemble members. The upper-right and lower-left panels show posterior IAV for the in situ group and the GOSAT-based 

group, respectively, using the corresponding ensemble-mean monthly flux time series. The lower-right panel shows the IAV 

of the TRENDY ensemble-mean NEE time series. All fluxes are expressed in TgC yr⁻¹. 

 

For the in situ-only inversion averaged across TRANSCOM regions, IAV increases from roughly 50 TgC yr⁻¹ in the prior to 205 

about 100 TgC yr⁻¹ in the in situ-only inversion, corresponding to an increase by a factor of 2, but with strong regional 

differences. A larger IAV is particularly visible in South American Tropical, South American Temperate, and Southern Africa, 

where the in situ-only ensemble-mean IAV increases roughly by a factor of 4.  

The GOSAT-based inversion shows substantially larger IAV in several continental regions. The strongest increases relative to 

the in situ-only inversion occur in Australia, Europe, Eurasia, and South American Tropical, with regional IAV increasing by 210 

a factor of roughly 4 in Australia, Eurasia and Europe, and by a factor of roughly 6 in South American Tropical. This suggests 

that the additional spatial coverage provided by XCO₂ observations, in addition to in situ observations, may allow the inversion 

to resolve stronger year-to-year variations in terrestrial CO₂ exchange than can be inferred from the in situ network alone. 
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The TRENDY ensemble mean generally exhibits substantially weaker IAV than the GOSAT-based inversion in all regions. It 

is also lower than the in situ-only inversion in most regions, but not in North American Temperate and Australia. Averaged 215 

across TRANSCOM regions, the TRENDY ensemble-mean IAV is approximately 30% lower than the GOSAT-based 

inversions, but large regional differences occur. 

One possible explanation for a smaller IAV in the TRENDY ensemble mean is the averaging over many different DGVMs. If 

individual models differ in the phase and amplitude of interannual anomalies, the multi-model mean will dampen part of the 

variability. Figure A3 compares the IAV of the TRENDY ensemble mean with the IAV of individual TRENDY models for 220 

each TRANSCOM region. In most regions, individual TRENDY models (as well as individual in-situ and GOSAT inversions) 

span a wide range of IAV values, while the TRENDY ensemble mean lies toward the lower end of this distribution. Several 

individual models show larger IAV than the ensemble mean, confirming that ensemble averaging reduces IAV when model 

anomalies are not fully coherent. However, this averaging effect alone does not explain the discrepancy relative to the 

inversions. The average IAV of the individual TRENDY models is still generally lower than the IAV inferred by the 225 

atmospheric inversions, particularly for the GOSAT-based inversions. This indicates that the lower variability of the TRENDY 

ensemble mean also reflects an underestimation of IAV in the DGVMs themselves. 

 

We further analyse reasons for the discrepancy of IAV in DGVMs and inversions by analysing the mean seasonal cycle and 

its variability. We find that across regions and flux products, IAV generally increases with the amplitude of the mean seasonal 230 

cycle (Fig. A4a), but this relationship shows substantial scatter. By contrast, IAV correlates even stronger to the standard 

deviation of yearly seasonal-cycle amplitude (Fig. A4b), suggesting that stronger interannual modulation of the seasonal cycle 

is more closely linked to IAV than the mean seasonal-cycle amplitude alone.  

 

A comparison of annual anomaly correlations and relative IAV with respect to the GOSAT-based product shows that the 235 

mismatch differs between product families (Fig. A5). In many regions, the in situ-only product remains moderately correlated 

with the GOSAT-based annual anomalies but exhibits weaker variability, indicating that it captures part of the year-to-year 

dynamics while underestimating their amplitude. By contrast, the TRENDY ensemble mean often shows both reduced 

variability and weaker correlation, suggesting that the mismatch is not only a damping of IAV, but in several regions also a 

weaker reproduction of the year-to-year anomaly structure (Fig. A5). 240 

 

Finally, we analyse how the products differ in their sensitivity to hydroclimatic variability. Since the 2009–2022 period 

includes pronounced climatic anomalies, including wet and dry extremes in several semi-arid and tropical regions, the higher 

IAV in the GOSAT-based inversion may indicate that atmospheric observations capture stronger ecosystem responses to 

hydroclimatic forcing than represented in the TRENDY ensemble mean. We therefore hypothesize that the IAV of the 245 

TRENDY model mean is underestimated because the models either underestimate the magnitude of the flux response to climate 
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anomalies, differ in the timing of that response, or both. In the next section, we therefore examine whether differing sensitivities 

to hydroclimatic anomalies can explain the differences in IAV across products. 

 

3.3 Hydroclimatic controls on regional NEE anomalies 250 

We conduct a multi-linear regression analysis on the difference in annual NEE anomalies between the inversions and the 

TRENDY ensemble mean with respect to soil-moisture and temperature anomalies, to determine whether hydroclimatic 

anomalies can explain the mismatch in IAV between data products. Since the atmospheric inversions infer flux anomalies from 

CO₂ observations and are agnostic to soil-moisture or temperature variability, a significant relationship with these anomalies 

would indicate that the inversion-TRENDY mismatch is climate dependent. Such a result would suggest that hydroclimatic 255 

drivers govern NEE variability differently in the observation-constrained estimates than represented by the TRENDY ensemble 

mean. The multilinear regression analysis reveals that the relationship between NEE anomalies and hydroclimatic drivers 

differs strongly among regions. In some regions, NEE anomalies are strongly associated with soil-moisture or temperature 

anomalies, while in others the explained variance is small. Fig. 2 shows the overall 𝑅2of the multilinear fit for all regions, as 

well as the individual p-values.  260 
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Fig. 2: Statistics overview for the multi-linear fit. Overview over R2 (a,b) and p-values (c,d) for the differences of the NEE 

anomalies between in-situ and TRENDY models (a,c) and GOSAT and TRENDY models (b,d). The color bar was chosen to 265 

have strong gradients at the thresholds we use for determining that differences systematically vary with climate anomalies. 

 

Applying a 𝑝 < 0.05 threshold together with an 𝑅2 > 0.4 criterion, we identify the regions of Australia, North America 

Boreal, North America Temperate, and Eurasian Temperate as regions in which the differences in NEE anomalies between the 

GOSAT-based and DGVM-based flux estimates are structured by hydroclimatic variability. In these regions, the GOSAT-270 

based fluxes also show larger IAV than the TRENDY ensemble mean, suggesting that differences in hydroclimatic sensitivity 

contribute to the mismatch. As fire is already accounted for in both the inversion-based and DGVM-based products through 

the fire-corrected flux definition, any remaining influence can only arise from differences on how fire is represented. Fig. A2 

shows that the relative fire contribution is small in North America Temperate (8 %) and Eurasian Temperate (6 %), moderate 

in Australia (19 %), and larger in North America Boreal (31 %). This suggests that uncertainty in fire variability may contribute 275 

to the boreal signal, but is unlikely to be the dominant explanation for the mismatch overall. 

We present the time series of NEE, soil moisture, and temperature anomalies together with fitted regression relationships and 

partial-regression diagnostics (Fig. 3) and discuss the main drivers per region (Sect. 3.3.1–3.3.4 and Figs. A6-A9). As 

additional robustness tests, we repeated the analysis excluding 2009, which is only partially covered by GOSAT observations, 

and we compared the GOSAT-based product not only to the TRENDY ensemble mean but also to the five TRENDY models 280 

with the lowest monthly RMSE relative to GOSAT. Excluding 2009 leads to only minor changes in the anomaly statistics and 

does not affect the main conclusions for any of the selected regions, while the annual anomalies of the five selected TRENDY 

models remain similar to the TRENDY ensemble mean and the mismatch to the GOSAT-based estimate persists in the key 

regions (Fig. A10). This suggests that the discrepancy is not confined to poorly performing models, but also characterizes a 

subset of TRENDY models that already reproduce the monthly GOSAT variability comparatively well. 285 
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Figure 3: NEE anomaly (a,e,f,m), difference in NEE anomaly to TRENDY (b,f,j,n), soil moisture anomaly (c,g,h,o) and 

temperature anomaly (d,h,l,p) for the regions of Australia, North American Boreal, North American temperate and Eurasian 

Temperate. The difference in the NEE anomalies are fitted using Eq (2).  

 290 

3.3.1 Australia 

Australian NEE anomalies in both the TRENDY ensemble mean and the GOSAT-based flux inversion show pronounced 

ENSO-related variability, with enhanced uptake during wet La Niña periods, most prominently in 2010–2012 and again during 

the recent 2020–2022 multi-year La Niña, and reduced uptake or net carbon release during dry, warm El Niño or drought–fire 

periods such as 2015/16 and 2019/20. The in situ-constrained fluxes show much weaker IAV and remain closer to the prior, 295 

consistent with the limited observational constraint provided by the sparse in situ network in this region (Metz et al., 2023). 

Both TRENDY and the GOSAT-based inversion show a strong coupling between Australian NEE anomalies and 

hydroclimatic variability. A multilinear regression using temperature and soil-moisture anomalies explains a large fraction of 

the NEE anomaly variability in both TRENDY (R² = 0.83) and GOSAT (R² = 0.90) (Fig. A6). However, the magnitude of 

NEE anomalies is smaller in TRENDY than in GOSAT, indicating that the TRENDY ensemble mean underestimates the 300 

amplitude of the Australian carbon-cycle response to wet and dry extremes. 
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More specifically, in the GOSAT-based regression, NEE decreases with increasing soil-moisture anomalies, indicating 

enhanced net CO₂ uptake, or reduced net CO₂ release, under wetter conditions. By contrast, TRENDY mean shows a positive 

NEE–soil-moisture sensitivity (see Fig. A6), implying larger net CO₂ release when soils are wetter. The attribution to individual 

drivers is complicated by the strong correlation between temperature and soil-moisture anomalies, particularly during droughts, 305 

when warm anomalies often coincide with dry soils. Nevertheless, the opposite sign of the soil-moisture sensitivity suggests 

that TRENDY mean does not only underestimate the magnitude of the hydroclimatic response in Australia, but may also 

misrepresent the direction of the net ecosystem response to soil-moisture anomalies. 

The high explained variance of the fit throughout the analysed period indicates that Australian NEE anomalies can be 

understood to a large extent from observed temperature and soil-moisture variability. The post-2019 decrease in NEE is 310 

therefore broadly consistent with the transition from El Niño-related dry conditions toward wetter La Niña conditions. 

However, recent flood-related dryland CO₂ emissions (Eyre et al., 2026) and reported changes in Australian tropical forest 

carbon storage (Carle et al., 2025) may additionally affect post-2019 carbon-cycle variability. Within the annual regression 

framework used here, we find no evidence for an exceptional change in hydroclimatic sensitivity over the analysed period. 

 315 

3.3.2. North America Boreal 

North America Boreal (NAB) shows weaker overall NEE anomaly variability than Australia, but the inversions still indicate 

a clear sensitivity to hydroclimatic variability. Both, the in situ-constrained and GOSAT-based inversions show a larger IAV 

than the TRENDY model mean. Differences between inversions and DGVM correlate significantly.  A multilinear regression 

of the individual NEE anomalies with temperature and soil-moisture anomalies explain a substantial fraction of the annual 320 

NEE anomaly variability (𝑅2 = 0.58, 𝑝 = 0.008 for in situ; 𝑅2 = 0.47, 𝑝 = 0.031 for GOSAT; Fig. A7).  

The partial regression analysis suggests that this sensitivity is dominated primarily by soil moisture rather than temperature. 

Both inversion products show a strong positive soil-moisture sensitivity, whereas the temperature effect is weak in GOSAT 

and moderately negative in the in situ inversion. In contrast to Australia, temperature and soil-moisture anomalies are only 

moderately correlated (𝑟 = 0.27), making the regression more informative for separating individual drivers. TRENDY, in 325 

contrast, shows only very weak sensitivities to both predictors. A plausible interpretation is that hydrological controls on boreal 

carbon exchange are too weak in the TRENDY ensemble mean compared to what is indicated by the inversions. 

 

3.3.3. North America Temperate 

In North America Temperate (NAT), the relationship between annual NEE anomalies and hydroclimatic variability is weaker 330 

for the individual flux products than in NAB or Australia. Nevertheless, the GOSAT–TRENDY NEE anomaly difference is 

significantly explained by temperature and soil-moisture anomalies (𝑅2 = 0.42, 𝑝 = 0.048), indicating that hydroclimatic 

variability accounts for a significant part of the mismatch between the inversion and DGVM estimates. In contrast to Australia, 

temperature and soil-moisture anomalies are only weakly correlated in NAT, which allows a clearer separation of the two 
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drivers. While the fitted sensitivities of the individual products to temperature and soil-moisture anomalies are not significant 335 

on their own, the in situ and GOSAT products consistently show a negative temperature sensitivity, whereas TRENDY shows 

a positive one (Fig. A8). The significant regression of the GOSAT–TRENDY anomaly difference is consistent with this 

contrast and suggests that the enhanced IAV in the inversions arises from a different temperature response than represented in 

the TRENDY ensemble mean. 

 340 

3.3.4. Eurasian Temperate 

In Eurasian Temperate (ET), both the in situ-based and GOSAT-based products show a trend in annual NEE anomalies that is 

much less apparent in the TRENDY ensemble mean. The corresponding data–model anomaly difference therefore also exhibits 

a trend, which covaries with the concurrent increase in temperature over the analysis period. A multilinear regression using 

temperature and soil-moisture anomalies explains a large fraction of the GOSAT–TRENDY NEE anomaly difference (R² = 345 

0.64), and the in situ–TRENDY difference shows a similar behaviour (R² = 0.56).  

In contrast to Australia, temperature and soil-moisture anomalies are less correlated in ET, so the regression allows a clearer 

separation of their contributions. The fitted relationship is dominated by temperature (see Fig. A10), while the contribution 

from soil moisture is smaller, suggesting that the stronger IAV inferred from the inversions in ET is mainly associated with a 

stronger temperature sensitivity than represented by the TRENDY ensemble mean. Note, that the individual GOSAT-based 350 

inversions show considerable spread in their IAV over ET (see Fig. A3), indicating that the magnitude of the inferred variability 

differs across inversion systems. Nevertheless, the similar behaviour and large IAV of the in situ-based products supports the 

interpretation that the product mismatch is not altered by biases in satellite data. 

At the same time, the interpretation remains less direct than in Australia because the data-driven products show an overall 

trend in NEE. Part of the fitted temperature relationship may therefore reflect the co-occurrence of longer-term changes rather 355 

than purely interannual sensitivity. Nevertheless, the agreement between the GOSAT and in situ ensemble means, and their 

contrast with TRENDY, indicates that differing temperature sensitivities likely contribute substantially to the product 

mismatch in ET. 

 

4. Discussion 360 

4.1 GOSAT-based inversions reveal stronger regional interannual variability 

The continuous GOSAT record from 2009 to 2022, spanning 14 full years, provides a robust basis for assessing regional IAV 

because it samples multiple phases of climate variability and reduces the influence of individual extreme years. Its extended 

temporal coverage allows new insight into continental-scale IAV and into differences between inversions and DGVMs.  

We find that the stronger IAV in the GOSAT-based products is not inherited from the climatological prior, but emerges from 365 

the observational constraint. Relative to both the prior and the TRENDY ensemble mean, the GOSAT-based inversions 

therefore indicate a larger amplitude of regional year-to-year carbon-cycle variability. In many regions, the GOSAT-based 

products also show stronger IAV than the corresponding in situ-only inversions, leveraging the additional satellite XCO₂ 
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observations where the surface network is sparse. Previous studies have shown that satellite XCO₂ observations can reduce 

regional flux uncertainty and reveal variability that is only weakly constrained by surface observations alone, particularly over 370 

remote continental regions (Wang et al., 2022; Villalobos et al., 2020). 

Part of the enhanced variability in the inversions could in principle reflect inversion-specific biases due to transport or 

observation errors as differences in transport and inversion setup are known to contribute to spread in top-down flux estimates 

(Basu et al., 2018). However, the fact that stronger IAV appears in several independent GOSAT-based products using different 

GOSAT XCO2 retrievals and different transport models, and that these products remain broadly consistent with the in situ-375 

based inversions while extending their variability in sparsely observed regions, suggests that such effects are unlikely to be the 

only explanation for the regional pattern of enhanced variability found here. 

 

The TRENDY ensemble mean generally shows weaker IAV than the GOSAT-based inversion products. While ensemble 

averaging reduces the variability of the multi-model mean, this is not the dominant explanation for the mismatch, because in 380 

many regions the individual DGVMs also tend to show smaller IAV than the inversion flux products, particularly than the 

GOSAT-constrained inversions. Across products, IAV is only loosely related to the amplitude of the mean seasonal cycle, but 

more tightly related to the year-to-year variability of seasonal-cycle amplitude (Fig. A4), suggesting that stronger interannual 

modulation of the seasonal cycle is more closely linked to IAV than the mean seasonal-cycle amplitude alone. 

 385 

A comparison of annual anomaly correlations and relative variability with respect to the GOSAT-based product (Fig. A5) 

indicates that the data–model mismatch often involves not only weaker anomaly amplitude, but also structural differences in 

the year-to-year anomaly pattern. In several regions, including North America Boreal, South American Tropical, and Eurasian 

Temperate, the TRENDY ensemble mean shows both reduced variability and low correlation with the GOSAT-based 

anomalies. This points to structural differences that cannot be resolved by amplitude scaling alone, because the mismatch 390 

involves not only the size of the anomalies but also their temporal sequence from year to year. The discrepancy between 

DGVMs and the GOSAT-based product therefore often reflects both damped IAV and a weaker reproduction of interannual 

anomaly dynamics. 

 

The comparatively low IAV of the TRENDY ensemble mean is consistent with earlier evidence that terrestrial ecosystem 395 

models often underestimate carbon-cycle variability. (Lin et al., 2023) showed that models substantially underestimate GPP 

IAV relative to eddy-covariance and observation-based estimates, especially in water-limited ecosystems, while (MacBean et 

al., 2021) found that DGVMs underestimate dryland net CO₂ flux variability, largely because of insufficient GPP sensitivity 

to water availability. These studies therefore indicate, from a flux-tower perspective, that DGVMs may dampen ecosystem 

responses to hydroclimatic variability, particularly in drylands and water-limited systems. Our analysis supports this finding 400 

by showing that a similar underrepresentation of variability emerges when DGVMs are evaluated against an independent 

atmospheric constraint from GOSAT-based top-down NEE estimates. 
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4.2 Regional mismatches point to differing hydroclimatic sensitivities 

Hydroclimatic sensitivity has previously been identified as an important source of mismatch between DGVMs and atmospheric 405 

inversions. (Bastos et al., 2020) showed that disagreement in NBP IAV explains a large fraction of global and regional bottom-

up versus top-down differences, and attributed part of this mismatch to differing responses to climate variability. (Wang et al., 

2022) and (Padrón et al., 2022) showed that DGVMs still show substantial uncertainty in their hydroclimatic sensitivities. We 

find that in several regions the mismatch between GOSAT-based and DGVM-based anomaly time series is itself significantly 

related to hydroclimatic variability, with DGVMs showing weaker sensitivities than data-driven flux products. This indicates 410 

that weaker IAV in DGVMs likely reflects not only differences in seasonal amplitude, but also differences in climate 

sensitivity. This interpretation is also supported when restricting the comparison to the five TRENDY models with the lowest 

monthly RMSE relative to GOSAT-based estimates, the structure of the mean of the 5 best models remains similar to the full 

TRENDY ensemble mean and still differs systematically from the GOSAT-based estimate (Fig. A10). 

 In this sense, our results confirm the broader conclusion of (Bastos et al., 2020) that differences in IAV are a key contributor 415 

to bottom-up versus top-down mismatch, while pointing to a different sign and magnitude of hydroclimatic sensitivity in the 

more recent, satellite-constrained data sets analysed here. 

Australia provides the clearest example of a climatically structured mismatch. The strong hydroclimatic control seen in both 

TRENDY and the GOSAT-based inversion, combined with the much smaller anomaly amplitude in TRENDY, indicates that 

the models capture part of the climate response but underestimate its magnitude. More importantly, the fitted sensitivities differ 420 

qualitatively: the GOSAT-based inversion shows a much stronger negative sensitivity to soil-moisture anomalies, whereas 

TRENDY does not reproduce this behaviour. This points to a process-level deficiency in TRENDY ensemble mean. A likely 

explanation is that the GOSAT-based product captures soil-respiration pulses following rewetting, consistent with the Birch 

effect interpretation of (Metz et al., 2023) whereas this mechanism is too weak or absent in the TRENDY ensemble mean. In 

the recent post-2019 period, the sensitivity of NEE anomalies to hydroclimatic drivers remain largely consistent with 425 

hydroclimatic forcing despite possible additional effects from additional disturbances such as floodings (Eyre et al., 2026). 

Our regression results do not indicate an exceptional change in large-scale hydroclimatic sensitivity during this period. 

Australia therefore provides a particularly strong example that the multilinear regression, despite its simplicity, can reveal 

physically meaningful processes and help identify specific shortcomings in the model representation of hydroclimatic 

sensitivity.  430 

Uncertainty in boreal carbon fluxes of the high northern latitudes remains high and process-based models do not fully capture 

the timing and magnitude of carbon exchange inferred from atmospheric constraints (Wen et al., 2026). For NAB, we find that 

data-driven products indicate a substantially stronger sensitivity to soil-moisture variability than the TRENDY ensemble mean. 

Both the GOSAT-based and in situ inversions show a clear annual moisture response, whereas TRENDY remains much 

weaker, suggesting that the ensemble mean underrepresents the role of moisture anomalies in shaping NEE variability in this 435 
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region. Unlike in Australia, this does not point primarily to rewetting pulses, but more generally to a weaker annual moisture 

sensitivity in the models.  

Even over North American Temperate, where observational constraints are comparatively dense, disagreement between top-

down and bottom-up NEE estimates remains substantial, supporting findings by (Foster et al., 2024). We find that while annual 

regressions of the individual products are relatively weak, the GOSAT–TRENDY anomaly difference is significantly related 440 

to hydroclimatic variability, in particular to temperature sensitivity. This suggests that, over 2009-2022 the mismatch between 

inversions and DGVM-based fluxes reflects differing temperature responses. The importance of temperature-sensitivity for 

interannual variability of terrestrial carbon uptake outside strongly arid systems was recently also reported by (Jiang et al., 

2026). This is also the case for Eurasian Temperate, where both the in situ-based and GOSAT-based products show a trend in 

annual NEE anomalies that is much less apparent in the TRENDY ensemble mean. As a result, the data-model anomaly 445 

difference itself also shows a trend, which is correlated with the concurrent increase in temperature over the analysis period. 

This points to the possibility that the DGVM ensemble mean underestimates the sensitivity of regional carbon exchange to 

temperature anomalies, in line with previous evidence that large-scale Asian terrestrial carbon fluxes are responsive to climatic 

variability (Zhang et al., 2014; Jiang et al., 2026). At the same time, this interpretation is not unique. Recent work has also 

shown that DGVMs underestimate the northern carbon sink because key disturbance-related processes, including fire 450 

emissions and especially forest regrowth, are not fully captured (O’Sullivan et al., 2024), which could likewise contribute to 

the correlation with time. 

The regional results indicate that the mismatch between DGVMs and inversion fluxes is systematically related to hydroclimatic 

variability in many key regions. At the same time, the absence of a strong annual relationship in other regions does not imply 

the absence of hydroclimatic control. Annual aggregation can mask compensating seasonal responses, and the limited length 455 

of the record reduces the power to resolve weaker or nonlinear sensitivities. Our use of a simple linear model and strict fit  

criteria is therefore intentionally conservative: it likely misses some real hydroclimatic effects, but reduces the risk of 

overfitting and overinterpreting weak annual relationships. 

 

5. Conclusions 460 

Using the 2009–2022 GOSAT record, we find that continental-scale IAV in terrestrial CO₂ fluxes is generally higher in global 

inversions than in DGVMs. In several regions, the mismatch between GOSAT-based and DGVM-based anomaly time series 

is significantly related to hydroclimatic variability, indicating that differences in sensitivity to soil moisture or temperature 

contribute to the weaker variability of DGVMs. Long-term satellite XCO₂ records therefore provide an important tool for 

evaluating the magnitude and the climatic drivers of terrestrial carbon-cycle variability. 465 
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 470 

 

Appendix A 

 

 

Fig. A1: Absolute difference of IAV based on the time period used (x-axis), and based on the data product (colors). For each 475 

TransCom region, the figure shows how estimates of IAV in annual NEE depend on the length of the available observational 

record. IAV is calculated as the standard deviation of annual NEE totals over all possible consecutive windows of a given 

length and compared to the IAV derived from the full reference period. Lines show the median absolute difference between 

the window-based IAV and the full-period IAV, while shaded ranges indicate the spread across individual products or models 

within each group. Separate colours distinguish the GOSAT-constrained products, in-situ-based products, and TRENDY 480 
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models. A decreasing curve indicates that IAV estimates become more stable as the available time series becomes longer; 

deviations from a smooth decrease indicate that specific years or multi-year events exert a strong influence on the estimated 

variability. 

 

 485 

Fig. A2: Regional IAV of fire emissions over the analysis period (left) and the relative contribution of fire-emission variability 

to the total variability of the selected carbon-flux product (right). Fire-emission IAV is calculated as the standard deviation of 

annual GFEDv5 fire-emission totals for each TransCom region. The relative contribution is expressed as the ratio of fire-

emission IAV to the absolute IAV of the corresponding regional carbon flux. Regions with large fire variability, particularly 

Eurasia Boreal, Tropical Asia, and Northern Africa, show a comparatively strong contribution of fire to total carbon-flux 490 

variability. 
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Figure A3: IAV of individual flux products per region. For each TransCom region, bars show the IAV of annual NEE for 495 

individual flux products and models over 2009–2022, sorted from low to high IAV. IAV is calculated as the standard deviation 

of NEE totals. Colours distinguish the three product families: GOSAT-constrained inversions, including TM5-4DVAR 

GOSAT, CMS-Flux, and NTFVAR; in-situ-based inversions, including TM5-4DVAR in-situ and the GCP in-situ-only 

ensemble members; and individual TRENDY models. Hatched bars indicate the IAV of the corresponding group-mean time 

series, calculated after averaging the monthly fluxes within each group, rather than as the mean of individual-member IAV 500 

values. The figure illustrates the spread of IAV estimates within each observational/model family and highlights regions where 

GOSAT-constrained products show stronger variability than in-situ-only inversions or TRENDY models. 
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 505 

 

 

Fig. A4. Left: Relationship between mean seasonal-cycle amplitude and IAV of regional NEE. Right: Relationship between 

the standard deviation of yearly seasonal-cycle amplitude and IAV. Each point represents one flux product or model for one 

TransCom region. Colours indicate regions, and marker shapes distinguish TRENDY models, GCP in-situ-only inversions, 510 

TM5-4DVAR in-situ and GOSAT inversions, CMS-Flux, and NTFVAR. Lines show separate linear regressions for each 

region. The positive relationships indicate that products and models with larger seasonal exchange tend to exhibit larger IAV, 

with the tighter relationship in the right panel suggesting that year-to-year variability in seasonal amplitude is more closely 

linked to IAV than the mean seasonal-cycle amplitude alone. 

 515 
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Fig. A5. Correlation of annual NEE anomalies with the GOSAT-based group mean versus relative IAV for each TransCom 

region. The x-axis shows the Pearson correlation with GOSAT annual anomalies, and the y-axis shows the ratio of IAV relative 

to GOSAT. The GOSAT-based product lies at (1,1) by definition. The in situ-only group and TRENDY ensemble mean are 520 

shown for comparison. The dashed horizontal line indicates equal IAV, and the dashed vertical line at r = 0.5 is included for 

visual guidance. In many regions, the in situ-only product remains moderately correlated with GOSAT but exhibits weaker 

IAV, whereas the TRENDY mean often shows both weaker IAV and weaker correlation, indicating that the data–model 

mismatch often involves both amplitude and structural differences. 
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 525 

 

Fig. A6: Partial regression over Australia Partial regression of in-situ (upper row, yellow), GOSAT (second row, red) and 

TRENDY (lower row, black) for temperature anomalies (left) and soil moisture anomalies (right) over Australia (AU). The 

plot shows the partial regression of one climate variable, when controlling for the other. The parameters in the legend 

correspond to the full regression, not only the partial regression.  530 
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Fig. A7: Partial regression over North American Boreal. Partial regression of in-situ (upper row, yellow), GOSAT (second 

row, red) and TRENDY (lower row, black) for temperature anomalies (left) and soil moisture anomalies (right) over North 535 

American Boreal (NAB). The plot shows the partial regression of one climate variable, when controlling for the other. . The 

parameters in the legend correspond to the full regression, not only the partial regression.  
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 540 

Fig. A8: Partial regression over North American Temperate. Partial regression of in-situ (upper row, yellow), GOSAT (second 

row, red) and TRENDY (lower row, black) for temperature anomalies (left) and soil moisture anomalies (right) over North 

American Temperate (NAT). The plot shows the partial regression of one climate variable, when controlling for the other. The 

parameters in the legend correspond to the full regression, not only the partial regression.  

 545 
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Fig. A9: Partial regression over Eurasia Temperate. Partial regression of in-situ (upper row, yellow), GOSAT (second row, 

red) and TRENDY (lower row, black) for temperature anomalies (left) and soil moisture anomalies (right) over Eurasia 

Temperate (ET). The plot shows the partial regression of one climate variable, when controlling for the other. The parameters 

in the legend correspond to the full regression, not only the partial regression.  550 
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Fig. A10. Annual NEE anomalies for the GOSAT-based product (pink), the TRENDY ensemble mean (gray), the mean of the 

five TRENDY models with the lowest monthly RMSE relative to GOSAT (gray dashed), and the individual five selected 

TRENDY models (thin gray) for the four focus regions. The annual anomaly structure of the best-performing TRENDY models 555 

remains close to the TRENDY ensemble mean and still differs from the GOSAT-based estimate in the key regions. This 

indicates that the identified data–model mismatch is not restricted to poorly performing DGVMs, but is also present within a 

subset of TRENDY models selected for relatively good agreement with monthly GOSAT variability. 

 

 560 

 

 

 

 

 565 

 

 

 

 

 570 

 

 

 

https://doi.org/10.5194/egusphere-2026-4054
Preprint. Discussion started: 15 July 2026
c© Author(s) 2026. CC BY 4.0 License.



27 

 

Product / system 
Observation 

constraint 
Transport model Prior land flux Optimization Reference 

TM5-4DVAR IS In situ CO₂ TM5 
CASA 

climatology 
Weekly, 3° × 2° Basu et al., 2013 

CarboScope In situ CO₂ TM3 Zero land prior Monthly, 2° × 2.5° Rödenbeck et al., 2003 

CAMS In situ CO₂ LMDZv6 ORCHIDEE Weekly, gridded Chevallier et al., 2005 

CTE In situ CO₂ TM5 SiB4 
Weekly, 1° × 1° / 

ecoregions 

van der Laan-Luijkx et 

al., 2017 

NISMON In situ CO₂ NICAM-TM VISIT 
Monthly mean + 3-

hourly scaling 
Niwa et al., 2022 

CT-NOAA In situ CO₂ TM5 Multiple priors Weekly, ecoregions Jacobson et al., 2023 

UoE In situ CO₂ GEOS-Chem 
CASA 

climatology 

Monthly regional 

fluxes 
Palmer et al., 2019 

IAPCAS In situ CO₂ GEOS-Chem 
CASA 

climatology 

Monthly regional 

fluxes 

Feng et al., 2016; Yang et 

al., 2021 

MIROC In situ CO₂ 
MIROC4-

ACTM 
CASA 

Monthly regional 

fluxes 

Chandra et al., 2022; 

Patra et al., 2018 

TM5-4DVAR 

GOSAT+IS 

GOSAT XCO₂ + in 

situ CO₂ 
TM5 

CASA 

climatology 
Weekly, 3° × 2° Basu et al., 2013 

CMS-Flux 
GOSAT + OCO-2 + 

in situ CO₂ 
GEOS-Chem CARDAMOM Monthly, 4° × 5° Liu et al., 2021 

NTFVAR 
GOSAT + in situ 

CO₂ 

NIES-TM-

FLEXPART 
Zeng et al. prior Biweekly scaling 

Maksyutov et al., 2021; 

Nayagam et al., 2025 

 

Table A1: Overview over top-down estimates used.    575 
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TRENDY model Scenario Native resolution Fluxes used to calculate NEE in this study Reference 

CABLE-POP S3 0.5° × 0.5° NBP Haverd et al., 2018 

CARDAMOM S3 1° × 1° NBP − fire Smallman et al., 2021 

CLASSIC S3 2.80° × 2.81° RA + RH + FLUC − GPP Melton et al., 2020 

CLM6.0 S3 0.9° × 1.25° RA + RH + FLUC − GPP Lawrence et al., 2019 

DLEM S3 0.5° × 0.5° RA + RH − GPP Tian et al., 2015 

EDv3 S3 1° × 1° NBP − fire Ma et al., 2022 

ELM S3 1° × 1° NBP − fire Burrows et al. 2020 

IBIS S3 1° × 1° NBP Xia et al. 2024 

IMAPLE S3 1° × 1° NBP Yue et al., 2024 

ISAM S3 0.5° × 0.5° RA + RH − GPP Meiyappan et al., 2015 

ISBA-CTRIP S3 1° × 1° NBP − fire Delire et al., 2020 

JSBACH S3 1.86◦ × 1.88◦ NBP-fire Reick et al., 2021 

JULES S3 1.25° × 1.88° NBP − fire Sellar et al., 2019 

LPJ-GUESS S3 1° × 1° Not used  Smith et al., 2014 

LPJmL S3 0.5° × 0.5° RA + RH − GPP Schaphoff et al., 2018 

LPJ-wsl S3 0.5° × 0.5° RA + RH − GPP Calle and Poulter, 2021 

LPX-Bern S3 0.5° × 0.5° NBP − fire Lienert and Joos, 2018 

ORCHIDEE S3 0.5° × 0.5° NBP − fire Vuichard et al., 2019 

OCN S3 1° × 1° NBP Zaehle and Friend, 2010 

SDGVM S3 1° × 1° NBP − fire Walker et al., 2017 

VISIT S3 0.5° × 0.5° RA + RH + FLUC − GPP Kato et al., 2013 

VISIT-UT S3 0.5° × 0.5° RA + RH + FLUC − GPP Ito and Inatomi, 2012 

 580 

Table A2. TRENDYv13 DGVM used in this study. All models are taken from the S3 experiment. NEE is constructed using 

the atmospheric sign convention, where positive fluxes denote CO₂ release from the land to the atmosphere and negative fluxes 

denote net land uptake. Depending on model output availability, NEE is either derived from NBP with fire removed, or 
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reconstructed from component fluxes as respiration plus land-use change minus GPP. LPJ-GUESS was excluded from the 

NEE analysis as monthly fluxes were not available.  585 

Data availability 

We use GOSAT and in-situ based global top-down CO₂ flux inversions from Luijkx et al., 2025), which have been further 

described in van der Woude et al., 2025). Additionally, we add a TM5-4DVAR top-down inversion using in-situ only and in-

situ plus GOSAT XCO2 data. The XCO2 data was analysed using the RemoTeCv2.4.1 full-physics algorithm and is available 

here: https://zenodo.org/records/12773070. Fire emissions from GFEDv5 van der Werf et al., 2025) are available at 590 

https://www.globalfiredata.org. The TRENDY model data v13 is available from https://mdosullivan.github.io/GCB/. ERA5-

Land reanalysis data have been downloaded from: https://cds.climate.copernicus.eu/datasets/reanalysis-era5-land 
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