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Table S1. List of CMIP6 ESMs included in the analyses of projected fires and biomass changes for the 
Amazon. The table provides references to locate the specific data and details the resolution of the land 
model component and the characteristics of the fire and dynamic global vegetation (DGV) models. 

 

Source ID Institution 
ID 

Nominal 
Resolution 

(km) 

Variant 
Label 

Fire Model DGVM Land 
Model 

CESM21 NCAR 100 r1i1p1f1 
r2i1p1f1 
r4i1p1f1 

• Interactive natural 
fires based on refs. 
2,3 

• Daily fires burn 
biomass and kill 
vegetation, altering 
the canopy 
thickness and 
height2 

• Vegetation 
distribution 
prescribed 
(prognostic 
vegetation state)  

• Fixed carbon 
allocation scheme 

CLM54 
 

NorESM2-LM5 NCC 250 r1i1p1f1 
r2i1p1f1 
r3i1p1f1 

•  Same as CESM2 • Same as CESM2 CLM4 

CNRM-ESM2-16 CNRM-
CERFACS 

250 r1i1p1f2 
r2i1p1f2 
r3i1p1f2 

• Interactive natural 
fires7 based on ref.8 

• Daily fires decrease 
plant biomass 

• No 
• Canopy 

represented by a 
single vegetation 
layer  

SURFEXv8.
0 (ISBA)9 

EC-Earth3-Veg10 EC-Earth-
Consortium 

100 r1i1p1f1 
r2i1p1f1 
r3i1p1f1 

• Interactive natural 
fires based on ref.8  

• Annual fires result 
in partial 
destruction of the 
biomass of an 
affected patch 

• Yes 
• Cohort based 

vegetation 
dynamics (multi-
layer canopy) 

LPJ-GUESS 
v411,12 

GFDL-ESM413,14 NOAA-
GFDL 

100 r1i1p1f1 
r2i1p1f1 
r3i1p1f1 

• FINAL v2(15,16)  
• Daily fires affect the 

biomass and 
abundance of plant 
cohorts 

• New disturbed tiles 
formed following 
fires 

• Yes 
• Cohort based 

vegetation 
dynamics (multi-
layer energy 
balance) 

LM4.117,18 

MRI-ESM2-019 MRI 100 r1i1p1f1 
r1i2p1f1 
r1i3p1f1 

––  • No HAL 1.020 

 

  



3 
 

Table S2. CMIP6 ESMs included in the analysis of trends in precipitation under scenario SSP5-8.5 for the 
Amazon.  

 

Source ID Institution ID 
Nominal 
Resolution 
(km) 

Variant 
Label 

ACCESS-CM2 CSIRO-ARCCSS 250 r1i1p1f1 
ACCESS-ESM1-5 CSIRO 250 r1i1p1f1 
BCC-CSM2-MR BCC 100 r1i1p1f1 
CanESM5 CCCma 500 r1i1p1f1 
CESM2 NCAR 100 r1i1p1f1 
CESM2-WACCM NCAR 100 r1i1p1f1 
CNRM-CM6-1 CNRM-CERFACS 250 r1i1p1f2 
CNRM-ESM2-1 CNRM-CERFACS 250 r1i1p1f2 
EC-Earth3 EC-Earth-Consortium 100 r1i1p1f1 
EC-Earth3-Veg EC-Earth-Consortium 100 r1i1p1f1 
FGOALS-f3-L CAS 100 r1i1p1f1 
FGOALS-g3 CAS 250 r1i1p1f1 
GFDL-ESM4 NOAA-GFDL 100 r1i1p1f1 
IPSL-CM6A-LR IPSL 250 r1i1p1f1 
KACE-1-0-G NIMS-KMA 250 r1i1p1f1 
MIROC6 MIROC 250 r1i1p1f1 
MPI-ESM1-2-HR DKRZ 100 r1i1p1f1 
MPI-ESM1-2-LR MPI-M 250 r1i1p1f1 
MRI-ESM2-0 MRI 100 r1i1p1f1 
NorESM2-LM NCC 250 r1i1p1f1 
NorESM2-MM NCC 100 r1i1p1f1 
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Fig. S1. (a) Time series of tropical carbon gains (Mg C ha-1 y-1). The green line shows reconstructed carbon 
gains (mean ± 95% CI) based on intact forest plot census data for the Amazon basin21. GFDL-ESM4.1 
predictions (grey dots and dashed line) are based on annual averages of vegetation biomass in natural 
tropical forests during historical simulation experiments. (b) Observed vs. simulated patterns of AGB (Mg 
C ha-1) across tropical forest sites. Observed stand level AGB estimates were retrieved from the database 
in ref. (22) for the tropics (see Methods). Aligned GFDL-ESM4.1 predictions correspond to averages over 
2010-2014 for the corresponding grid cell locations. (c) Tree size distribution in the 50-ha census plot at 
Barro Colorado Island (BCI). The graph shows normalized tree abundance in a double logarithmic scale. 
The size distribution based on field data corresponds to the 2010 BCI census (green dots). GFDL-ESM4.1 
predictions are based on averages over 2010-2014 (grey dots and line). 
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Fig. S2. Projected trends in normalized biomass based on GFDL-ESM4.1 global simulations under 
emission scenarios SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5 for the Neotropics (tropical Americas) and 
Paleotropics (tropical areas of Africa and Asia). Annual biomass time series were normalized by dividing 
each value by the initial biomass for each realm to ease the comparison of predictions across experiments. 
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Fig. S3. Projected time series of mean annual total tree biomass (Kg C m-2) in the Neotropics based on 
GFDL-ESM4.1 global simulations under CMIP6 historical (1850-2014) and future emission scenarios SSP1-
2.6 and SSP5-8.5 (2015-2100). Each line corresponds to the dynamics of natural tropical forests in 
individual grid cell locations showing a decrease in forest biomass under scenario SSP5-8.5. 
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Fig. S4. Alternative version of Figure 2B in the main text, projected time series of mean annual total tree 
biomass (Kg C m-2) in the Neotropics based on GFDL-ESM4.1 global simulations under future emission 
scenarios SSP1-2.6 and SSP5-8.5 (2015-2100). Each line corresponds to the dynamics of natural tropical 
forests in individual grid cell locations. Here, the color of each line maps to the simulated Mean Annual 
Precipitation (MAP) experienced on each location. Orange lines (rug) along the abscissa indicate years 
with high carbon emissions due to fires. 
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Fig. S5. Alternative version of Figure 2C in the main text, showing the simulated trajectories of each grid 
cell on tree biomass-MAP coordinates between 2015 and 2100 under scenario SSP5-8.5. Otherwise, same 
conventions as in Fig. 2C in the main text; green and purple dots corresponds to grid cells increasing or 
decreasing in tree biomass during the simulation. The reference lines represent the probability of different 
vegetation types (treeless, savanna, forest) estimated by ref. (10) based on remote sensing observations of 
vegetation cover and precipitation over South America. The background grey area delimits a bistability 
zone where the probability that forest is the dominant vegetation type is between 0.1 and 0.9.  
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Fig. S6. Time series of fire suppression factors projected by GFDL-ESM4.1under SSP5-8.5 for Amazon cell 
locations. Each line corresponds to an individual grid cell covered by natural tropical forests. The last 
panel represents the probability of an ignition becomes a fire, 𝑝𝑝𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 (i.e., the product of all fire factors). 
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Fig. S7. Trends in precipitation (Oct–Mar average) in CMIP6 ESMs projections under SSP5-8.5 (2015-2100). 
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Fig. S8. Projected precipitation (Oct–Mar average) by CMIP6 ESMs at the start of the SSP5-8.5 experiment 
(2015). 
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Fig. S9. Trends in precipitation over the Amazon (76ºW12ºN, 55ºW3ºS), smoothed with a 10 year window. 
The dashed grey line corresponds to the ensemble average across models. Mean precipitation at the start 
of the simulation (2015), and the linear trend (2015 to 2100) are detailed for each model in the upper right 
corner.  
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Fig. S10. Distribution of the rate of release of carbon lost through fires to the atmosphere (fire carbon 
emission, kg C m-2 yr-1) in a climate space defined by annual mean temperature and precipitation. 
Different panels correspond to (a) estimates of fire emissions derived from remote sensing data (GFED4s, 
1997-2014) and temperature and precipitation reanalysis data (Berkley Earth and NOAA GPCC, see 
Methods), and to GFDL-ESM4.1 simulations for (b) the historical period (1997-2014) and (c and d) future 
climate change scenarios SSP1-2.6 and SSP5-8.5 (2031-2050). Each dot corresponds to a tropical grid cell 
and year. The green dots in the background correspond to low smoke rates (smoke rate < 0.1). 

 

 

  



14 
 

Fig. S11. Comparison of the rate of release of carbon lost through fire to the atmosphere (fire carbon 
emissions, kg C m-2 yr-1) in (a) GFED4s estimates based on remote sensing and (b) GFDL-ESM4.1 
simulations averaged during the period (1997-2014), and c) the absolute difference between both fields 
(RMSE = 0.0897). Means (standard deviations) are detailed in the upper right corner. 
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Fig. S12. Comparison of burned area fraction in (a) GFED4s estimates based on remote sensing and (b) 
GFDL-ESM4.1 simulations averaged during the period (1997-2014), and c) the absolute difference 
between both fields (RMSE = 0.0130). Means (standard deviations) are detailed in the upper right corner. 
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Fig. S13. Same as Figure S11C but showing the differences in carbon emissions due to fires between 
CMIP6 ESMs and GFED estimates. 
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Fig. S14. Same as Figure S12C but showing differences in burned are fraction predicted by CMIP6 ESMs 
and those based on GFED estimates. Note that this comparison was restricted to a smaller subset of 
models. 
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Fig. S15. Timing of the seasonal peak in fires (i.e., month with the highest carbon emission due to fires) in 
the Neotropics based on remote sensing data (GFED4s) and from CMIP6 ESMs historical simulations 
(1997-2014). Note that EC-Earth3-Veg and MRI-ESM2-0 models simulate fires on an annual basis and 
were not included.  
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Fig. S16. Maximum absolute correlation coefficient r between annual changes in fire carbon emissions (kg 
C m-2 yr-1) and lagged values of ONI (˚C) in CMIP6 models and in observations during 1997-2014 (GFED4s 
fire emissions and ONI values calculated by NOAA Climate Prediction Center). 
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Fig. S17. Maximum absolute correlation coefficient r between annual changes in fire carbon emissions (kg 
C m-2 yr-1) and lagged values of AMO (˚C) in CMIP6 models and in observations during 1997-2014 
(GFED4s fire emissions and AMO values calculated by NOAA Climate Prediction Center). 
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Fig. S18. Fire carbon emissions (kg C m-2 yr-1) predicted by the phenomenological model based on the 
effect of AMO and ONI on tropical fires vs fire emissions simulated by CMIP6 ESMs. The last panel 
corresponds to the same relationship based on observations. As detailed in Methods, AMO and ONI 
indices were calculated for each dataset ––both ESM output and observations–– following the methods 
developed by NOAA Climate Prediction Center. Similarly, we fitted the phenomenological model 
developed by ref. (23) for each dataset optimizing the lagged effect of ONI and AMO on predicted fires. 
Each panel shows a two dimensional density plot calculated using logarithmic bins. The correlation 
coefficient r is detailed for each model in the upper left corner. Note that we added a minimum fire 
carbon emissions rate of 10-5 kg C m-2 yr-1 to retain grid cells with zero emissions after taking decimal 
logarithms.  
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Fig. S19. Projected distribution of the relative rates of biomass increase (rBm, yr-1) based on changes in 
annual woody biomass for the Amazon in simulations of CMIP6 models under scenario SSP5-8.5 (2015-
2100). 
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Fig. S20. Relationship between positive relative rates of biomass increase (rBm, yr-1) and woody biomass 
(kg C m-2) in EC-Earth3-Veg and GFDL-ESM4.1 simulations for Amazon grid cells under scenario SSP5-8.5. 
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Fig. S21. Projections of tree biomass and grass fraction in the Neotropics based on EC-Earth-Veg 
simulation under scenario SSP5-8.5. (a) Time series plot similar to figure 2B in the main text. Orange lines 
(rug) along the abscissa correspond to high carbon emissions due to fires. Here, the purple segments on 
top of trends in tree biomass for each cell (green lines), highlight corresponding losses in years with high 
fires. (b) Time series of the fraction of grasses in each grid cell during the simulation. Note that these data 
are based on pooled diagnostics over vegetation and land use types. 
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Fig. S22. Projected distribution of the net change in Amazon woody biomass between 2015 and 2100, 
ΔBm2100-2015, in simulations of CMIP6 models under scenario SSP5-8.5. 
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Fig. S23. Change in total tree biomass (yr-1) for simulations of natural tropical forests dynamics with GFDL-
ESM4.1 under scenarios SSP1-2.6 and SSP5-8.5. Increases and decreases in biomass are expressed as an 
instantaneous rate of change based on the change in biomass between 2015 and 2100. 
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Fig. S24. Same as figure 2B in the main text, but featuring time series of projected total tree biomass (kg 
C m-2) in the Neotropics simulated under scenario SSP5-8.5 in a global experiment forcing GFDL-ESM4.1 
with the sea surface temperature fields simulated by EC-Earth3-Veg. Each line corresponds to the 
dynamics of natural tropical forests in individual grid cell locations. Trajectories showing a decrease in 
total biomass are highlighted with a purple hue. 
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Fig. S25. Projected time series of tropical tree (green) and grass (yellow) biomass for selected grid cells in 
the Amazon where forest biomass collapsed in GFDL-ESM4.1 global simulation under emission scenario 
SSP5-8.5.  The series were normalized to a 0-1 range to ease the comparison between vegetation types 
but also across cells of varying biomass. Orange lines (rug) along the abscissa indicate years with high 
carbon emissions due to fires. 
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Supplementary Text. 

Overview of vegetation dynamics in GFDL-ESM4.1 and EC-Earth-Veg 

The development of the terrestrial components of GFDL-ESM4.1 and EC-Earth-Veg has its roots on forest 
gap models and shares a mechanistic approach to modeling vegetation dynamics. They also reflect 
slightly different solutions to the challenge of scaling local plant dynamics and interactions to simulating 
vegetation dynamics at large scales. 

Both models follow the fate of a set of age cohorts composed by identical individuals that belong to a 
given species or vegetation type (plant functional type, PFT). Several cohorts coexist and interact within a 
patch or tile. Population dynamics and ecosystem patterns emerge from the basic processes of individual 
growth, reproduction and mortality, and from differences in physiological performance associated with 
plant competition for light and water resources. Each model grid cell contains a mosaic of tiles with 
different vegetation structure, which can result from the effects of land use or natural disturbance regime. 
This approach enables the emergence of heterogeneous, dynamic landscapes in response to climate 
change and land use scenarios like those provided by CMIP6. 

GFDL-ESM4.1 and EC-Earth-Veg differ however in multiple aspects. First, they differ in the implementation 
of vertical vegetation structure and light competition among different kinds of plants within and among 
each canopy layer. GFDL-ESM4.1 adopts the perfect plasticity approximation (PPA) which assumes that 
plants will grow their canopies to capture available light24,25. It represents vertical vegetation structure as 
discrete layers with a number of cohorts occupying that layer. PPA assumes that all plants within each 
vertical layer receive the same down radiation from the atmosphere or a layer above and the same 
reflected radiation from the ground or layer below. However, each cohort absorbs different amounts of 
radiation depending on cohort leaf area index and leaf optical properties. As a result, the energy balance 
is separately computed for each cohort and canopy layer in GFDL-ESM4.1. 

The alternative approach of EC-Earth-Veg calculates light extinction through the canopy accounting for 
the cumulated LAI above each canopy depth, so available light varies continuously12,26. The model 
simulates competition for light due to crown overlap following the patch-based scheme in LPJ-GUESS11. 
Light reaching the ground, above a minimum threshold, is available to a separate layer of grasses. 
Incoming PAR is partitioned among cohorts based on their relative height and LAI, which enables the 
implementation of asymmetric light competition and the effect of intra and interspecific shading on 
photosynthetic rates. The energy balance is based on the assumption of a continuous canopy and differs 
between high and low vegetation dependent on roughness length. 

In the two models plant cohorts have access to vertically distributed soil water in a tile, which is balanced 
by runoff and evaporation to the atmosphere. GFDL-ESM4.1 recently incorporated the adaptive response 
of stomata to limiting water that combines constraints on carbon acquisition and hydraulic impairment27. 
On the other hand, EC-Earth-Veg implements plant competition for nitrogen11. Light and water limitation 
explicitly modulate recruitment in EC-Earth-Veg through vegetation type specific tolerance thresholds26, 
while fluctuations in early growth and survival are an emergent process in GFDL-ESM4.117. 

At the tile level, the models also differ in that GFDL-ESM4.1 simulates dynamic patches of varying size that 
split, for instance, following a perturbation to accommodate changes in land cover28, while EC-Earth-Veg 
simulates a large number of fixed size patches that reminisces a collection of independent gap models11. 
In EC-Earth-Veg, the water cycle is loosely coupled to the rest of the model and locally dominant 
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vegetation determines hydrological processes12, while the water cycle is closely coupled in GFDL-ESM4.1 
by design29. 

With respect to the impact of fire disturbances, GFDL-ESM4.1 implements daily fires that can prompt tile 
splitting and lead to the formation of new tiles with a reduced biomass and altered vegetation 
composition and structure. In EC-Earth3-Veg, fires are simulated with a yearly time step and prompt 
biomass combustion and mortality of trees inhabiting the affected tile. GFDL-ESM4.1 includes unmanaged 
lands as natural primary and secondary vegetation (including fire affected tiles), while EC-Earth-Veg 
considers one natural tile type with a subset of up to 10 woody and 2 herbaceous PFTs, determined by 
bioclimatic envelope, co-occurring and interacting at patch scale. For the Amazonian focus area of this 
study, three PFTs – tropical raingreen trees, tropical evergreen trees, and C4 grasses – are important. Only 
three woody and two herbaceous vegetation types are considered in GFDL-ESM4.1. 

This set of differences reflect alternative approaches and choices to face the challenge of translating 
individual plant processes and interactions to the simulation of global vegetation dynamics. In both 
models forest recovery dynamics emerge from the interaction of several processes, including low 
atmosphere and soil dynamics. Our study highlights the distinct impact of fires on tiles and the postfire 
colonization and competitive dynamics. However, identifying the relative contributions of each single 
process to differences in the models’ respective outputs is extremely complicated and would require a 
battery of sensitivity experiments that extends beyond the scope of the current contribution. 
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GFDL-ESM4.1 fire model  

GFDL-ESM4.1 implements the fire model FINAL15, with later modifications to include multiday burning and 
enhanced fire spread rate through forest crowns16, and to adapt it to the presence of multiple cohorts 
within each vegetation tile18.  

To diagnose the causes underlying the projected increase in the impact of fire disturbances in the Amazon 
in GFDL-ESM4.1 experiments under scenario SSP5-8.5, we focused on the set of factors that determine the 
emergence of fires in the model. The number of fires in a given cell results from the product of the 
number of ignitions, 𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡 [number per km2], and the probability that they become a fire, 𝑝𝑝𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓,  

 

𝑁𝑁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓~ 𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡 × 𝑝𝑝𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = (𝐼𝐼𝑛𝑛 + 𝐼𝐼𝑎𝑎) × (𝑓𝑓𝑇𝑇 × 𝑓𝑓𝑃𝑃𝑃𝑃 × 𝑓𝑓𝐴𝐴𝐴𝐴𝐴𝐴 × 𝑓𝑓𝑅𝑅𝑅𝑅 × 𝑓𝑓𝜃𝜃) 

 

where the number of ignitions is the sum of anthropogenic ignitions, 𝐼𝐼𝑎𝑎, that depends on human 
population density, and natural ignitions, 𝐼𝐼𝑛𝑛, that vary with latitude and with the density of lightning 
flashes. The probability of fire ignitions varied during the simulation to reflect changes in human 
population density prescribed on each SSP, although such scenarios consider minor changes in 
population density in sparsely populated areas like the Amazon. GFDL-ESM4.1 features lighting strikes as 
the single source of natural ignitions based on the empirical model by ref. (30), which gives a seasonal 
climatology of lightning flashes as a function of latitude. 

The probability of an ignition to becoming a fire, 𝑝𝑝𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓, modulates the number of fires through a series of 
suppressing fire factors that account for the effect of canopy temperature, 𝑇𝑇[°C], human population 
density, 𝑃𝑃𝑃𝑃 [people km-2], above ground biomass, 𝐴𝐴𝐴𝐴𝐴𝐴 [kg C m-2] (heartwood, sapwood, labile carbon, live 
leaf and leaf litter), relative humidity, 𝑅𝑅𝑅𝑅 and soil moisture, 𝜃𝜃. The shape of each of these factors was 
parameterized in most cases using a Gompertz function to allow a sigmoid, threshold like response (ref. 
15 for a detailed description). 

The likelihood and impact of fires depend on the amount of fuel accumulated in a given tile. Litter 
characteristics and composition are important to predict fire behavior31. In GFDL-ESM4.1, decomposing 
tissues from dead individuals, together with tissue turnover result in a net flux of carbon to the soil28. The 
contribution of different materials to fuel classes is parameterized implicitly16. The dryness of the 
necromass varies with environmental conditions, but it is not inherited from the state of the living plant 
(see ref. 32 for an alternative approach).  

The areal extent affected by a fire is calculated assuming that fires have an elliptical shape determined by 
prevailing winds, with a maximum rate of spread that accounts for atmospheric and soil moisture 
conditions, and for vegetation and fuel composition. The calculation incorporates an extra term to 
account for the faster spread of high-intensity crown fires16, which was separately parameterized for 
boreal, temperate and tropical regions. Burned area is also adjusted to account for the impact of 
landscape fragmentation in fire spread33.  

The impact of fires on vegetation combines partial biomass loss and direct mortality. The fraction of 
biomass lost depends on combustion rates that differ among species and tissues, but are independent of 
plant size. In this way, all individuals of a given species loss the same fraction of biomass, and thus the 
survival of small individuals becomes compromised with respect to large trees, which retain high potential 
for recovering from a fire. The additional mortality term is also species-specific but does not vary with 
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plant size or any other trait. Such an approach is conservative and does not account for known differences 
in fire sensitivity among plant life stages32 or due to traits like bark thickness34. 

In GFDL-ESM4.1, fires affecting large areas (BA ≥ 1 Km2) trigger the formation of disturbed patches with 
reduced tree dominance to mimic real world fire scars and their recovery after the disturbance. Succession 
is an emergent behavior that follows with local recovery, seed dispersal and colonization, though 
conditions in newly disturbed patches tend to favor certain vegetation types like grasses. The model 
implements universal dispersal within grid cells and it does not account for the potential effect of 
dispersal limitation on larger burned areas. We lack appropriate data to independently assess each of 
these processes, although they contribute to the ability of the model to reproduce large scale fire metrics.  
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