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Year-to-year changes in carbon uptake by terrestrial ecosystems play an essential role in 22 

determining atmospheric carbon dioxide concentrations1. It remains uncertain to what extent 23 

temperature and water availability can explain these variations at the global scale2-5. Here we use 24 

factorial climate model simulations6 and show that variability in soil moisture drives 90% of the 25 

inter-annual variability in global land carbon uptake, mainly through its impact on 26 

photosynthesis. We find that most of this ecosystem response occurs indirectly as soil moisture–27 

atmosphere feedbacks amplify temperature and humidity anomalies, and enhance the direct 28 

effects of soil water stress. The strength of this feedback mechanism explains why coupled climate 29 

models indicate a dominant role of soil moisture4 which is not readily apparent in land surface 30 

model simulations and observational analyses2,5. These findings highlight the need to account for 31 

feedbacks between soil and atmospheric dryness when estimating the carbon cycle’s response to 32 

climatic change globally5,7, as well as when conducting field-scale investigations of the ecosystem 33 

response to droughts8,9. Our results show that most of the global variability in modelled land 34 

carbon uptake is driven by temperature and vapour pressure deficit effects which are controlled 35 

by soil moisture. 36 

37 

Improving the ability of Earth system models to correctly reproduce the observed variability in land 38 

carbon fluxes is essential for building confidence in projections of the long-term response of the carbon 39 

cycle to a warming and changing climate10. This research agenda has been evolving rapidly in the past 40 

decade thanks to coordinated model comparison experiments11,12, theoretical advances13, model 41 

developments14,15, as well as new observations from ground-based networks16,17 and satellite platforms18. 42 

Yet, the spread among Earth system models (ESMs) remains substantial19,20 and highlights the need to 43 
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better constrain the sensitivity of increasingly complex biogeochemical models to changes in 44 

atmospheric and hydrological drivers such as radiation21, temperature7, soil water availability3, and 45 

vapour pressure deficit (VPD, a measure of atmospheric dryness which depends on air temperature and 46 

humidity). In particular, it remains unclear whether temperature or soil moisture is the dominant driver 47 

of the inter-annual variability (IAV) in land carbon uptake at the global scale2-5. Here, we investigate 48 

the extent to which temperature, VPD, and soil moisture effects co-vary as a result of soil moisture-49 

atmosphere feedbacks and reconcile conflicting assessments of the sensitivity of global carbon fluxes 50 

to these variables. 51 

52 

Soil moisture drought is one of the key prerequisites for the development of extreme high temperatures22-53 
24, while atmospheric dynamics control the onset of such extremes25. During droughts, low soil moisture 54 

content limits evapotranspiration, which is the most efficient surface cooling flux26. This modification 55 

of the surface energy balance increases the air temperature, lowers the relative humidity and thus raises 56 

VPD. The importance of such soil moisture–atmosphere feedbacks, hereafter referred to as land-57 

atmosphere coupling (LAC), is confirmed by both models and observations27-29. In current carbon cycle 58 

models, the impacts of soil moisture, temperature, and VPD on ecosystem productivity and respiration 59 

are usually parameterized using stress functions. Typically, simulated photosynthesis rates are limited 60 

by low soil moisture content and extreme temperatures via a scaling of Vcmax
30 (the maximum rate of 61 

Rubisco carboxylase activity), or through a downregulation of stomatal conductance (𝑔𝑔𝑠𝑠) in response to 62 

VPD, relative humidity, or a soil water stress function31,32. Ecosystem respiration and fire occurrences 63 

are also controlled by soil moisture content, temperature, or atmospheric dryness33,34. Because of this 64 

situation, the overall influence of soil moisture can potentially occur as 1) a direct impact on 65 

photosynthesis and respiration processes through the soil water stress regulation or 2) as an indirect 66 

response to extreme temperature and VPD anomalies resulting from LAC. 67 

68 

Here, we investigate the magnitude of these two different causal pathways (i.e. direct and indirect) using 69 

coupled climate model simulations from the Global Land-Atmosphere Coupling Experiment, Coupled 70 

Model Intercomparison Project 5 (GLACE-CMIP5)6 (Methods). To identify the overall influence of soil 71 

moisture variability on carbon fluxes and atmospheric conditions, we use an experiment (ExpA) where 72 

the (non-seasonal) variability in soil moisture is artificially removed. This is achieved by forcing the 73 

soil moisture in ExpA to follow the mean seasonal soil moisture cycle calculated from a reference 74 

control simulation (CTL) (Extended Data Fig. 1-2). Experiment ExpA thus simulates the temperature, 75 

VPD, and carbon fluxes that would occur under climatologically normal soil moisture conditions. We 76 

note that sea surface temperatures (SST) are identical in ExpA and CTL. This ensures that the main 77 

differences between ExpA and CTL are due to the different soil moisture conditions, and are not caused 78 

by differences in SST patterns (Methods). Using this framework, previous studies have shown that 79 

suppressing the non-seasonal soil moisture variability in ExpA strongly reduces the magnitude of 80 
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temperature and VPD extremes compared to the control simulation6,27,35 (Extended Data Fig. 3). Here, 81 

by comparing the carbon flux anomalies of ExpA with those of the control simulation, we are able to 82 

estimate the overall magnitude of soil moisture effects (i.e. direct and indirect effects) on the IAV of net 83 

biome production (NBP, which represents the net land carbon uptake). As we focus on IAV, all 84 

presented figures are based on anomalies (i.e. de-seasoned and de-trended data) from the period 1960-85 

2005, unless otherwise noted. 86 

87 

Our results show that suppressing non-seasonal variability in soil moisture (SM) leads to a 91% 88 

(SD±2.3%) decrease in the variance of global mean NBP, consistently across all of the 4 participating 89 

climate models (Figure 1a, Supplementary Table 1). In other words, without SM variability, the IAV of 90 

net land carbon uptake is almost eliminated. This primarily occurs because of a reduction in the IAV of 91 

gross primary production (GPP) (Figure 1b-c, Supplementary Table 1), and to a lesser extent because 92 

of a reduction in the IAV of ecosystem respiration and disturbance fluxes (ReD, the sum of autotrophic 93 

and heterotrophic respiration, fires, and any other modelled disturbance). As explained above, both 94 

direct soil moisture effects and indirect temperature and VPD effects related to land-atmosphere 95 

coupling (LAC) can be responsible for the widespread reduction of NBP variability occurring in ExpA 96 

(Figure 2a). 97 

98 

Using a sensitivity analysis (Eq. 1-2, Supplementary Fig. 1-3) of the local model response to anomalies 99 

in SM, temperature (T), VPD, and shortwave solar radiation (R) in CTL versus ExpA, we isolate the 100 

contributions of direct soil moisture effects (Figure 2b) versus indirect effects (Figure 2c) to the overall 101 

reduction in NBP variability (Figure 2a). Regionally, direct soil moisture effects are found in both 102 

temperate and tropical biomes, while indirect effects occurring through the feedback on temperature and 103 

VPD are mostly concentrated in semi-arid and tropical regions. Our sensitivity analysis also shows that 104 

most of the reduction in NBP variability found in ExpA occurs because of a reduction in the variance 105 

of the climatological drivers, rather than because of a change in the sensitivity of NBP to these drivers 106 

(Extended Data Fig. 4). These findings demonstrate that soil moisture can impact carbon uptake 107 

variability in two different and equally important ways. First, soil moisture variability has direct effects 108 

on NBP, mostly because plant photosynthesis is reduced when soils become dry below a certain 109 

threshold (Figure 2b), second, it enhances temperature and VPD anomalies through land-atmosphere 110 

coupling, thus leading to indirect effects on NBP (Figure 2c, Extended Data Fig. 5). Importantly, some 111 

regions can be more sensitive to indirect effects (i.e. the SM feedbacks on T and VPD) than to direct 112 

SM effects (Extended Data Fig. 6). We note that because disentangling the individual contributions of 113 

T and VPD to NBP variability is not straightforward, only their joint contribution is reported here (see 114 

Methods for a discussion). 115 

116 
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When aggregating these results to the global scale (Figure 3a), we find that indirect effects alone are on 117 

average (across models) responsible for most (60%) of the global NBP IAV, whereas direct SM effects 118 

account for only 20%. Suppressing direct and indirect effects together leads to a net decrease in NBP 119 

variance of about 90% (consistent with Figure 1) as a result of the positive covariance between the direct 120 

and indirect effects (Supplementary Tables 2-3). Finally, the temperature and VPD effects that are 121 

independent from soil moisture conditions and still persist in ExpA (NBPT&VPD NonLAC) only account for 122 

9% of the overall global NBP variability, while radiation effects account for the remaining 11%. As a 123 

result of spatial aggregation (Figure 3b), indirect effects also tend to increase in relative importance as 124 

they are spatially more coherent (likely due to atmospheric mixing) and do not average out as fast as the 125 

direct effects2. In summary, the largest fraction of the global mean NBP IAV is driven by anomalies in 126 

temperature and VPD that represent an indirect response to soil moisture variability (since they do not 127 

occur in its absence, as demonstrated by the experiment). This finding reconciles opposing perspectives 128 

on the roles of temperature versus water availability2-5, as the apparent importance of either driver 129 

actually depends on whether the indirect (feedback) effects are attributed to temperature or soil moisture 130 

(see Extended Data Fig. 7, Supplementary Fig. 5). While it is not possible to replicate the factorial 131 

experiment with observations (this would require manipulating soil moisture everywhere on the planet), 132 

we assess the degree to which the reference simulations reflect real observations. Evaluating the control 133 

simulations against observational estimates, we find that the modelled sensitivity of global NBP IAV to 134 

the different meteorological drivers (Figure 3) agrees well with two independent observational products 135 

(Extended Data Fig. 8). Taking into account the uncertainty of these observations, the spatial patterns 136 

of NBP IAV simulated by the models are also in reasonable agreement with real-world variability 137 

(Supplementary Fig. 6, see discussion in Methods). 138 

139 

More generally, our results show that the areas where NBP IAV is the largest overall (Fig. 4a) often 140 

correspond to those where the reduction of T and VPD variability due to prescribing soil moisture is the 141 

strongest (Fig. 4b-c). In other words, NBP variability tends to be larger where LAC is stronger (Fig. 4d). 142 

These known hotspots of LAC36 match well with earlier studies that suggested that semi-arid regions 143 

dominate global NBP IAV37,38, even though our analysis refines these previous findings (Extended Data 144 

Fig. 9) by also including regions usually classified as temperate or humid, but which are affected by 145 

LAC for only a few dry months during the year (e.g. Eastern Europe22, Amazon basin39). 146 

147 

These results also bring a novel understanding of the sensitivity of land carbon uptake IAV to tropical 148 

mean temperature40,41, which has been used to constrain coupled climate model projections7,42. Here, we 149 

find that the IAV of mean tropical land temperature is barely changed in the experiment with prescribed 150 

soil moisture (Extended Data Fig. 10). This is because suppressing soil moisture anomalies reduces 151 

temperature extremes only in a couple of hotspot regions (Figure 4b, Extended Data Fig. 3) with little 152 

impact on the overall tropical mean. Thus, while IAV in global land carbon uptake has been empirically 153 
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found to be sensitive to tropical mean temperature in numerous studies5,41, our results suggest that this 154 

sensitivity does not represent a strong mechanistic link, and thus might not necessarily represent the 155 

most adequate model constraint. In fact, the El Niño Southern Oscillation and SST in general may be 156 

the confounding driver of both tropical mean temperature and the precipitation patterns which cause the 157 

SM anomalies leading to NBP variability. 158 

159 

In conclusion, we show that the IAV in land carbon uptake simulated by Earth system models is 160 

primarily driven by anomalies in temperature and VPD which are themselves controlled by soil moisture 161 

variability. These indirect soil moisture effects occur through LAC and account for 60% (±18%) of the 162 

simulated global land carbon uptake IAV. They explain why the simulated global NBP variability 1) 163 

mainly arises from tropical and semi-arid regions37,38 which are known hotspots of LAC6,36,43, 2) is 164 

predominantly a temperature and VPD response (at the global scale) according to land surface models 165 

and empirical sensitivity analyses2,5, and 3) is also largely dependent on soil moisture variability 166 

according to coupled climate models4. Our results reveal that soil moisture–atmosphere feedbacks 167 

represent a dominant source of variability in global carbon uptake and thus reconcile previous 168 

conflicting assessments2-5. To some extent, we note that these findings might be symptomatic of how 169 

land surface models were developed in the first place. Parameterizing a strong sensitivity of carbon 170 

uptake to observed VPD or temperature can constitute a simpler way for a land-surface model to achieve 171 

good skill, especially when soil water stress and soil moisture dynamics are only represented 172 

approximately. As a result, even though models strongly agree that direct and indirect soil moisture 173 

effects together dominate land carbon uptake variability, the actual partitioning between direct and 174 

indirect effects may be more dependent on modelling approaches. More generally, our results illustrate 175 

the importance of differentiating estimates of ecosystem sensitivity to natural droughts as opposed to 176 

artificial droughts (e.g. rainfall exclusion experiments), since only the former incorporates LAC and its 177 

impact on temperature and humidity. Because soil and atmospheric dryness do not equally respond to 178 

climate change27,44, the direct and indirect soil moisture effects identified here might impact future NBP 179 

in different ways. As current climate models have a large spread in their representation of vegetation 180 

response to dryness45 and of LAC strength46, this could introduce uncertainties in the feedbacks that are 181 

difficult to diagnose from offline land surface model evaluation efforts47, with potentially large impacts 182 

on carbon fluxes as demonstrated here. We also note that long-term changes in vegetation structure and 183 

composition might alter the ecosystem’s future response4 to and control9,48,49 of soil moisture–184 

atmosphere feedbacks. Thus, more physical and holistic representations of the vegetation response to 185 

soil and atmospheric dryness might have a strong potential to reduce key uncertainties in current 186 

projections of future terrestrial carbon fluxes. 187 

188 
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Figure legends: 322 

Figure 1. Carbon fluxes in CTL and ExpA. a) Inter-annual variability (IAV) in global mean NBP 323 

(centered and de-trended) as simulated by four Earth system models (CCSM4, ECHAM6, GFDL and 324 

IPSL) in coupled model experiments with (CTL) and without (ExpA) anomalies in soil moisture. Positive 325 

NBP indicates carbon uptake. b) Standard deviations of global mean NBP, GPP and ReD in the two 326 

experiments. c) Drivers of change in global mean NBP variance (Supplementary Methods S1). Global 327 
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mean NBP variance decreases in the experiment with prescribed seasonal soil moisture mainly because 328 

GPP variance is reduced. GPP and ReD fluxes are not available for the IPSL model. 329 

330 

Figure 2. Direct and indirect SM effects on NBP variability. a) Change in annual NBP standard 331 

deviation (∆SD) when prescribing seasonal soil moisture. b) Change caused by a direct response to the 332 

suppressed soil moisture variability. c) Change caused by the reduced variability of temperature and 333 

VPD (i.e. the indirect effects of suppressing SM variability). Negative values in (a-c) indicate a decrease 334 

of the variability in ExpA compared to CTL. The median across the four models is shown. 335 

336 

Figure 3. Drivers of inter-annual NBP variability. Contribution of meteorological drivers to the inter-337 

annual variance of NBP: direct soil moisture effects (NBPSM), indirect LAC-dependent temperature and 338 

VPD effects (NBPT&VPD LAC), non LAC-dependent temperature and VPD effects (NBPT&VPD NonLAC), and 339 

radiation effects (NBPR). a) globally (mean of the four models ± 1 SD), and b) from local to global 340 

scales. 341 

342 

Figure 4. NBP variability and LAC hotspots. a) Median simulated NBP IAV in the control simulation. 343 

b) Change in the standard deviation of temperature and (c) VPD when suppressing non-seasonal soil344 

moisture variability (SD in ExpA minus SD in CTL). d) is a combined representation of all the grid 345 

points in (a-c). The overall IAV of NBP (colorscale) tends to be higher in regions that have a strong 346 

land-atmosphere coupling effect. For visualization purposes, arbitrary thresholds in d) are used to 347 

highlight hotspots of land-atmosphere coupling in (a-c). 348 

349 

Methods: 350 
Model experiment 351 
The presented results are based on the Global Land-Atmosphere Coupling Experiment – Coupled Model 352 
Intercomparison Project phase 5 (GLACE-CMIP5) numerical experiment6. This model experiment was 353 
originally designed to investigate soil moisture – climate feedbacks under historical and future scenarios, 354 
and notably their impact on extreme heat events6. Its experimental design is inspired from the original 355 
GLACE experiment43, which focused on the role of soil moisture in seasonal weather predictability. Six 356 
Earth System Models were used for global climate simulations: the Community Climate System Model 357 
4 (CCSM4), the European community Earth-System Model (EC-Earth), the European Centre/Hamburg 358 
Model 6 (ECHAM6), the Geophysical Fluid Dynamics Laboratory model (GFDL), the Institut Pierre‐359 
Simon Laplace model (IPSL), and the Australian Community Climate and Earth System Simulator 360 
(ACCESS). Model outputs for carbon fluxes are only available for 4 models (CCSM4, ECHAM6, 361 
GFDL, and IPSL), and the availability of certain variables is limited in some cases (Supplementary 362 
Table 4), which explains why some analyses cannot be conducted with all models (e.g. Figure 1c). 363 

364 
The control (CTL) and the soil moisture experiments (ExpA) consist of coupled atmosphere/land 365 
simulations (Extended Data Fig. 2) using prescribed sea surface temperatures (SST), sea ice, land use 366 
and atmospheric CO2 concentrations from each of the model’s fully coupled reference CMIP5 runs 367 
(except for CCSM4, where the reference CMIP5 run itself is used as the control simulation). Unlike so-368 
called “offline” simulations where a land surface model is driven by a fixed meteorological forcing, a 369 
coupled simulation resolves water and energy exchanges between both the land and the atmosphere, 370 
allowing land processes to feed back to the atmosphere and influence it locally. The model simulations 371 
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cover the historical period since 1950 and the 21st century (RCP8.5 scenario). Further details 372 
documenting the control experiment, including the description of the atmospheric and land model 373 
components, can be found in Seneviratne, et al. 6. The only forced difference between the CTL and 374 
ExpA simulations is the soil moisture variability. In ExpA, soil moisture is prescribed to a reference 375 
climatology (seasonal cycle) calculated from the control run over the period 1971-2000 (Extended Data 376 
Fig. 1). Thus, the main difference (on a climatological time scale) between the two simulations is related 377 
to the change in soil moisture. It is worth noting that at finer, meteorological, time scales (e.g. daily time 378 
series), the internal variability inherent to general circulation models will also lead to differences 379 
between the two simulations. 380 

381 
Prescribing soil moisture implies that the water balance is not necessarily conserved. An investigation 382 
of this imbalance with the Community Earth System Model50 showed a positive net imbalance (i.e. the 383 
sum of all water additions and subtractions) on the order of +8% globally (relative to the annual mean 384 
precipitation), associated with an overall increase in land evapotranspiration. We note that in some 385 
specific regions, less water may be added than is removed (negative imbalance), and that temperature 386 
extremes are found to be reduced in both cases (positive or negative imbalance) as a result of the 387 
suppressed land-atmosphere coupling. While there is no apparent impact on global mean precipitation50, 388 
there are some changes in the distribution of precipitation (e.g. an increase in extreme events over the 389 
tropics51). We do not expect changes in precipitation between CTL and ExpA to have any impact on 390 
carbon fluxes (since soil moisture is prescribed). 391 

392 
To enable a consistent comparison, we re-grid all model outputs to a common resolution of 2 degrees 393 
using conservative re-gridding and compute monthly averages. The entire analysis presented in this 394 
paper is focused on inter-annual variability over the period 1960-2005. We note that VPD is first 395 
calculated from daily averages of temperature and relative humidity and only then averaged to monthly 396 
means. Inter-annual variability corresponds to the signal remaining after removing the seasonal cycle as 397 
well as any long-term linear trend on a monthly basis (the long-term trend of each month is subtracted). 398 
For the ECHAM6 model, two grid cells located in the Tibetan plateau are discarded from the whole 399 
analysis, as spurious spikes are present in heterotrophic respiration for ExpA. We also discard Greenland 400 
and Antarctica to maintain a comparable spatial coverage among all models. Although this paper focuses 401 
on the anomalies (i.e. deviations from the seasonal cycle), we also illustrate the seasonal cycles of NBP, 402 
GPP and ReD simulated in CTL and ExpA in Supplementary Fig. 7. For completeness, we also provide 403 
time series of global mean SM, T, VPD and R IAV (similar to Figure 1) in Supplementary Fig. 8. 404 

405 
Comparison of the control simulations with observational estimates 406 
We evaluate simulated IAV of NBP, soil moisture, temperature, and VPD against available observations 407 
in Supplementary Figs. 6 and 9-11. For NBP IAV (Supplementary Fig. 6), we note that while 408 
observational estimates of NBP variability exist, they do not agree well with each other, reflecting our 409 
limited knowledge of net carbon fluxes globally52,53 (Supplementary Fig. 6g, “obs vs obs”). To focus on 410 
time periods where these observational datasets are more reliable globally, we use the period 1980-2010 411 
for the FLUXCOM RS+METEO dataset and the period 2000-2018 for the CAMS atmospheric CO2 412 
inversion. We show that models correlate with these observational estimates as much as the observations 413 
themselves correlate with each other (Supplementary Fig. 6g, “models vs obs”). We also find that there 414 
is little consensus on the overall (de-trended) NBP IAV amplitude. The global mean NBP standard 415 
deviation of the different models ranges from 0.86 PgC yr-1 for CCSM4 to 2.76 PgC yr-1 for GFDL. 416 
When compared with observational products (Supplementary Fig. 6h), we find that, excluding 417 
FLUXCOM RS+METEO, which is known to underestimate the global NBP IAV52, the CAMS 418 
atmospheric CO2 inversion53 suggests a value of 0.68 PgC yr-1, while dynamic vegetation models used 419 
for the Global Carbon Project1 suggest a range of 0.53 to 1.50 PgC yr-1. Thus, some models (GFDL in 420 
particular) seem to overestimate the overall NBP variability. However, regardless of how close they are 421 
to observations or other estimates, all models are unanimous that the global NBP variance is reduced by 422 
about 90% when prescribing soil moisture and that indirect effects dominate this response (Figures 1 423 
and 3). 424 

425 
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We evaluate spatial patterns of IAV for soil moisture, temperature and VPD against available 426 
observational datasets in Supplementary Figs. 9-11. The simulated soil moisture IAV patterns agree 427 
reasonably well with total soil moisture from the ERA5-Land reanalysis54 and with satellite observations 428 
of shallow soil moisture (5-10 cm depth) from the ESA CCI Combined product v4.555 (Supplementary 429 
Fig. 9). Regarding temperature and VPD IAV, we find that models and observational sources56,57 are in 430 
reasonable agreement (Supplementary Figs. 10-11). Finally, we also evaluate spatial patterns of global 431 
long-term mean GPP, which is arguably better constrained by observations than long-term mean NBP. 432 
We find that the models agree very well with the observational data52,58 in terms of spatial patterns 433 
(Supplementary Fig. 12). For global mean GPP, two models produce a relatively high global mean GPP 434 
(of about 150 PgC yr-1). However, such values are not entirely unrealistic according to other satellite-435 
based estimates (e.g. Joiner et al. 201859 report 140 PgC yr-1). 436 

437 
Sensitivity analysis 438 
In Figures 2 and 3, we reproduce the approach by Jung, et al. 2, which consists of a local month-wise 439 
linear regression of the NBP model output against the main meteorological drivers (which are also 440 
deseasonalized and detrended): 441 

442 
𝑁𝑁𝐵𝐵𝐵𝐵𝑠𝑠,𝑚𝑚

∗ = 𝛽𝛽𝑠𝑠,𝑚𝑚
𝑆𝑆𝑆𝑆 ⋅ 𝑆𝑆𝑆𝑆𝑠𝑠,𝑚𝑚 + 𝛽𝛽𝑠𝑠,𝑚𝑚

𝑇𝑇 ⋅ 𝑇𝑇𝑠𝑠,𝑚𝑚 + 𝛽𝛽𝑠𝑠,𝑚𝑚
𝑉𝑉𝑉𝑉𝑉𝑉 ⋅ 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠,𝑚𝑚 + 𝛽𝛽𝑠𝑠,𝑚𝑚

𝑅𝑅 ⋅ 𝑅𝑅𝑠𝑠,𝑚𝑚 Eq. 1 443 
444 

s: spatial index (grid point) 445 
m: month index (1 to 12) 446 
𝛽𝛽 : regression coefficients 447 
NBP: net biome production anomaly 448 
SM: total soil moisture anomaly 449 
T: 2m air temperature anomaly 450 
VPD: vapour pressure deficit anomaly 451 
R: surface downward solar radiation anomaly 452 

453 
In the text, the four components of Eq. 1 are referred to using the more compact notation: 454 

455 
NBP∗ = NBPSM + NBPT + NBPVPD + NBPR Eq. 2 456 

457 
where NBPSM, NBPT, NBPVPD, NBPR, correspond to the soil moisture–driven, temperature–driven, 458 
vapour pressure deficit–driven and radiation–driven NBP respectively, and NBP* is the overall result 459 
of the regression. This regression is applied to the CTL and ExpA simulations separately (each 460 
regression is referred to using the appropriate notation NBP*

CTL or NBP*
ExpA). In Figure 2b-c, the 461 

difference in annual NBP variability is calculated by subtracting the standard deviation of the 462 
components of Eq. 2 from both experiments (e.g. Δ𝑆𝑆𝑆𝑆(𝑁𝑁𝑁𝑁𝑃𝑃𝑆𝑆𝑀𝑀) = 𝑆𝑆𝑆𝑆�𝑁𝑁𝑁𝑁𝑁𝑁𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑆𝑆𝑆𝑆 � − 𝑆𝑆𝑆𝑆�𝑁𝑁𝑁𝑁𝑁𝑁𝐶𝐶𝐶𝐶𝐶𝐶𝑆𝑆𝑆𝑆 �). 463 

464 
Because this statistical approach does not incorporate other potential sources of NBP variability as 465 
explanatory variables (ecosystem memory in particular, but also fires) and can only capture linear 466 
relationships within a given month, it should not be expected to capture the full complexity of ESM 467 
outputs. Our evaluation shows that this approach is able to reproduce a correct NBP inter-annual 468 
variability at the global (Supplementary Figs. 1-2) and local scales (Supplementary Fig. 3), although the 469 
overall NBP variability is generally underestimated due to the reasons mentioned above. We also apply 470 
this statistical approach to two fully independent observational estimates of NBP fluxes. We use the 471 
FLUXCOM RS+METEO dataset (GSWP3 version) over the period 1981-201052, which is a machine-472 
learning-based upscaling of flux tower measurements and the CAMS v18r3 dataset53, which is an 473 
atmospheric CO2 inversion, over the period 2000-2018. We find that the overall partitioning of global 474 
NBP IAV between the different drivers is similar to what models are suggesting (Extended Data Fig. 475 
8). The ability of the regression to reproduce these observational estimates is shown in Supplementary 476 
Fig. 13. For FLUXCOM, the sensitivity analysis is able to capture the variability almost perfectly. This 477 
is only possible because we use the same predictors as the ones used by the machine learning algorithms 478 
(i.e. the GSWP3 meteorological forcing60). As a result, there is a perfect internal consistency between 479 
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FLUXCOM NEE and its predictors. For the CAMS inversion however, such internal consistency does 480 
not exist. Using ERA5-Land54 soil moisture, temperature, VPD and radiation as predictors, we find that 481 
the sensitivity analysis agrees relatively well with the models, even though it underestimates the 482 
magnitude of CAMS NBP anomalies at the global scale. Locally, this regression performs moderately 483 
well (Supplementary Fig. 13f), which is nonetheless a reasonable result when considering the very high 484 
uncertainty of regional NBP anomalies when derived from CO2 inversions at sub-continental scale53. 485 

486 
Of particular interest to this paper is the difference in NBP variance between CTL and ExpA (e.g. Figure 487 
2a). We find that this difference can be reproduced very well by the sensitivity analysis for three out of 488 
the four models (Supplementary Fig. 4). Differences are underestimated for the CESM model, but this 489 
seems to occur rather uniformly and most spatial patterns are preserved (the ratio in NBP variance 490 
between CTL and ExpA estimated from the regression is thus close to the actual one, see Supplementary 491 
Table 3). Closer inspection of the regression residuals suggests that ecosystem memory and lag effects 492 
(which cannot be captured by Eq. 1) might be particularly important for this model. It is interesting to 493 
note that for some models (e.g. GFDL), the NBP variance can also locally increase when seasonal soil 494 
moisture is prescribed (Supplementary Fig. 4). This only occurs in a few arid regions which have almost 495 
no NBP variability in the control simulation and where soil moisture is extremely low except during 496 
occasional wet years. Prescribing a mean seasonal soil moisture in those regions causes small amounts 497 
of soil water to be available every year (instead of every few years), which increases the overall NBP 498 
variability. 499 

500 
Finally, we note that several alternative formulations to Eq. 1 were tested. The chosen formulation (Eq. 501 
1) is the one that best reproduces the model NBP outputs. Potential alternative formulations may consist502 
in 1) using only soil moisture, temperature and radiation, as in Jung et al.2, 2) including an interaction 503 
term between temperature and soil moisture in place of VPD, 3) replacing VPD by relative humidity 504 
(RH). Using any of these three alternative formulations does not impact the main finding of the study 505 
that most of the global NBP variability is driven by indirect soil moisture effects (see Supplementary 506 
Figs 5 and 14-15). 507 

508 
Joint analysis of T and VPD effects 509 
In Figures 2 and 3, the contributions of temperature and VPD are represented as a sum (NBPT&VPD = 510 
NBPT+NBPVPD). This is because temperature and VPD are correlated to some extent (VPD is calculated 511 
from temperature and relative humidity), so that the ability of the sensitivity analysis to attribute NBP 512 
anomalies to either one of these two variables (i.e. temperature versus VPD) might be limited in some 513 
cases. We recognize this potential limitation by analysing the joint contribution of these two variables. 514 
For completeness, individual contributions are also illustrated in Extended Data Figs, 4-5. With the 515 
caveats mentioned above, Extended Data Fig. 4 shows that VPD has a much larger role than T in the 516 
reduction of NBP variability occurring between CTL and ExpA. However, this does not mean that T is 517 
less sensitive than VPD to prescribing soil moisture. Rather, Extended Data Fig. 5 shows that the 518 
sensitivity analysis attributes more NBP variability to VPD to begin with but that both the VPD-driven 519 
and T-driven NBP variability are reduced in ExpA. 520 

521 
Variance contributions at different levels of aggregation 522 
In Figure 3, Extended Data Fig. 7, and Supplementary Figs. 14-16, the contribution of different drivers 523 
to NBPCTL variance is computed at different levels of spatial aggregation. The different levels of 524 
aggregation are the following (in degrees): 2, 3, 4, 5, 6, 7.5, 9, 10, 12, 15, 18, 20, 22.5, 30, 36, 45, 60, 525 
90, 180, 360 (i.e. global). Contributions are calculated as follows. Similarly to Jung et al.2, the different 526 
NBP time series (NBPSM, NBPT&VPD, and NBPR) are first aggregated to the given spatial resolution. 527 
After aggregation, the variance of the time series (i.e. σ2�NBPCTLSM �, etc.) are computed at each grid point. 528 
Then, the variance of the T&VPD contribution σ2�NBPCTLT&𝑉𝑉𝑉𝑉𝑉𝑉 � is decomposed at each grid point into 529 
an LAC-dependent and non LAC-dependent contribution as explained in the Supplementary Methods 530 
S2 section. After that and similar to Jung et al.2, the global spatial average of the variances is calculated 531 
for each of the four contributions (e.g. σ2�NBPCTLSM ����������������, etc.). The relative contribution of a component at a532 
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given level of spatial aggregation (as shown in Figure 3b) is then calculated by normalizing that global 533 
spatial average against the sum of all components: 534 

535 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑁𝑁𝑁𝑁𝑃𝑃𝑆𝑆𝑆𝑆) = σ2�NBPCTL
SM �������������������

σ2�NBPCTL
SM �������������������+σ2�NBPCTL

T&VPD LAC ������������������������������+σ2�NBPCTL
T&VPD NonLAC����������������������������������+σ2�NBPCTL

R ������������������� (Eq. 3) 536 

537 
Identically to Jung et al.2, the spread in the contributions estimated by the four different models shown 538 
in Extended Data Fig. 7 is reported in two different ways. The outer uncertainty bounds represent the 539 
standard deviation of the contribution estimated by the four models. The inner uncertainty bounds 540 
represent the standard deviation between the four estimates, but after removing each model’s mean 541 
contribution across all levels of aggregation. Thus, the inner uncertainty bounds show the uncertainty in 542 
the tendency of the contribution (its change from regional to global scale). 543 
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Data availability: 576 
GLACE-CMIP5 model outputs can be obtained from Sonia Seneviratne (sonia.seneviratne@ethz.ch). 577 
FluxCom data is available at http://www.fluxcom.org/CF-Download/. CAMS data is available from 578 
the Atmosphere Data Store at https://atmosphere.copernicus.eu/data. ERA5 and ERA5Land data is 579 
available from the Climate Data Store at https://cds.climate.copernicus.eu. VPM-GPP is available at 580 
https://doi.org/10.6084/m9.figshare.c.3789814. ESA CCI Soil Moisture is available from 581 
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https://www.esa-soilmoisture-cci.org. CRU TS data is available from 582 
https://crudata.uea.ac.uk/cru/data/hrg/. GSWP3 data is available from 583 
http://dx.doi.org/10.20783/DIAS.501. 584 

585 
Code availability: 586 
Code and documentation for CCSM4 is publicly available at 587 
https://www.cesm.ucar.edu/models/ccsm4.0/. Code and documentation for ECHAM6 (MPI-ESM) is 588 
available for scientific users at https://mpimet.mpg.de/en/science/modeling-with-icon/code-589 
availability. Code and documentation for the GFDL model is publicly available at 590 
https://www.gfdl.noaa.gov/modeling-systems-group-public-releases/. Code and documentation for the 591 
IPSL model is publicly available at https://cmc.ipsl.fr/ipsl-climate-models/ipsl-cm5/. Model outputs 592 
were processed using the software Matlab 2019a. 593 
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613 
Extended Data figure legends: 614 
Extended Data Figure 1. Soil moisture treatments in the CTL and the ExpA simulations. At each 615 
grid point, the seasonal cycle calculated from the control experiment (CTL) is prescribed into the 616 
factorial experiment (ExpA). These example times series are taken from the CCSM4 model at 2°N and 617 
58°W (North-East Amazon region). 618 

619 
Extended Data Figure 2. Concept of the Global Land-Atmosphere Coupling Experiment (GLACE). 620 
Setup of the control simulation (left) and the experiment with prescribed seasonal soil moisture 621 
(right). 622 

623 
Extended Data Figure 3. Temperature and VPD extremes influenced by land-atmosphere coupling. 624 
Change in the 95th percentile between the distributions of de-seasoned, de-trended temperature (a) and 625 
VPD (b) between CTL (the control run) and ExpA (𝛥𝛥𝑄𝑄95 = 𝑄𝑄95

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 − 𝑄𝑄95𝐶𝐶𝐶𝐶𝐶𝐶). The median 𝛥𝛥𝛥𝛥95 of all626 
models is reported. Suppressing non-seasonal soil moisture variability in ExpA reduces temperature 627 
and VPD extremes, demonstrating the role of land-atmosphere coupling. 628 

629 
Extended Data Figure 4. Change in annual NBP variability between CTL and ExpA. Evaluation of 630 
the change in the latitudinal NBP standard deviation (SD) between CTL and ExpA, decomposed by 631 
meteorological driver according to the sensitivity analysis (i.e. ∆ corresponds to the difference 632 
SD(NBP*ExpA) – SD(NBP*CTL)). Negative values indicate a decrease of the NBP variability in ExpA 633 
compared to CTL. The middle and right columns indicate how much of this change is due to a change 634 
in the variance of the meteorological driver between ExpA and CTL, or due to a change in the 635 
sensitivity of NBP to that driver respectively (also see Eq. 1). Results for each model are normalized 636 
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https://crudata.uea.ac.uk/cru/data/hrg/
http://dx.doi.org/10.20783/DIAS.501
https://www.cesm.ucar.edu/models/ccsm4.0/
https://mpimet.mpg.de/en/science/modeling-with-icon/code-availability
https://mpimet.mpg.de/en/science/modeling-with-icon/code-availability
https://www.gfdl.noaa.gov/modeling-systems-group-public-releases/
https://cmc.ipsl.fr/ipsl-climate-models/ipsl-cm5/


Manuscript submitted to Nature 

15 

by the model’s NBP standard deviation (calculated across the entire space-time domain) and the 637 
median across models is depicted. Black dots indicate that at least one model disagrees on the sign of 638 
the change. 639 

640 
Extended Data Figure 5. NBP anomalies in CTL and ExpA. Distributions (all grid points, at all time 641 
steps) of modelled NBP anomalies (left column), and their decomposition into meteorological drivers 642 
with the sensitivity analysis (other columns) for the the control experiment (CTL) and the experiment 643 
with only seasonal soil moisture (ExpA). Rows correspond to each of the four climate models. Note the 644 
logarithmic scale on the y-axis. By construction, there are no soil moisture – driven NBP anomalies in 645 
ExpA for the second column (as seasonal soil moisture is prescribed in this experiment). The 646 
magnitude of the temperature-driven and VPD-driven NBP anomalies (third and fourth columns) is 647 
substantially reduced in ExpA (as a result of soil moisture–atmosphere feedbacks). 648 

649 
Extended Data Figure 6. Comparison of direct versus indirect effects. Difference between the 650 
magnitudes of direct effects (Figure 2b) versus indirect (feedback) effects occurring through T and 651 
VPD (Figure 2c). 652 

653 
Extended Data Figure 7. Opposing perspectives on drivers of NBP IAV reconciled by soil moisture-654 
atmosphere feedbacks. a) Relative magnitude of individual NBP components across spatial scales 655 
(same as Figure 3b). b-c) The apparent relative importance of the meteorological drivers depends on 656 
how the indirect effects of SM on T & VPD are viewed. Outer uncertainty bounds indicate the model 657 
spread (ensemble mean ± 1 SD), inner uncertainty bounds indicate the spread (± 1 SD) in the 658 
tendency (i.e. the relative change from local to global scale, see Methods). 659 

660 
Extended Data Figure 8. Sensitivity analysis compared to observational estimates. a) Contribution of 661 
the different meteorological drivers to global NBP IAV as estimated from the control simulations and 662 
from two independent observational products. Here, NBPT&VPD is not separated into a LAC and non 663 
LAC contribution as done in Figure 3b (because this cannot be done with the observational datasets). 664 
b) same as Figure 3b, but based on FLUXCOM. c) same as Figure 3b, but based on CAMS.665 

666 
Extended Data Figure 9. Contribution of LAC hotspots to global NBP IAV. Global NBP IAV from 667 
the control experiment (CTL) calculated over all land grid cells versus only over the land-atmosphere 668 
coupling hotspots identified in Figure 4. 669 

670 
Extended Data Figure 10. Tropical temperature in CTL vs ExpA. a) Inter-annual variability in 671 
tropical mean land temperature, in model experiments with and without variability in soil moisture 672 
(similar to Figure 1a for NBP). b) Apparent sensitivity of global mean NBP to tropical mean 673 
temperature in CTL and ExpA. 674 

675 
676 
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