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Abstract
In the Amazon, the dry season of 2023 as well as the beginning of the wet season in 2024 were marked
by unprecedented high temperatures and large precipitation de�cits. While the tropical forests in the
Amazon play a crucial role in the global carbon cycle and are a biodiversity hotspot, they were also
shown to suffer from El-Niño related droughts in the past, leading to legitimate concerns about the
ecological consequences of the recent climate conditions. To this day, while there is a growing effort to
make remote sensing products available close to real-time, land surface models that are critical tools to
understand the interactions between the biosphere and the environment have lagged behind the present
due to the complexity to run and process large model ensembles. In this study, we employed advanced
machine learning models trained on state-of-the-art remote sensing and dynamic global vegetation
model estimates of gross primary productivity (GPP). The models provide near real-time GPP estimates,
revealing signi�cant productivity reductions during the 2023/2024 drought. Negative GPP anomalies
were more widespread across the Amazon than during any other recent major drought event. The
Climate-GPP relationships that emerged from the models suggest that future temperature increases and
changes in precipitation will severely challenge Amazon forest resilience.

Introduction
The Amazon hosts the World’s largest contiguous tropical forest1,2, and the largest expanse of intact

tropical forests (i.e. forests unaffected by disturbances caused by human activities in the recent past)3.
Amazon tropical forests play a crucial role in global biogeochemical cycles4, e.g. being responsible for
25% of the global land carbon sink and storing approximately 120 petagrams of carbon2,5, a large

fraction of which is in aboveground tree biomass6. Intact forests’ critical contribution to climate change
mitigation has been frequently acknowledged as they are among the most carbon dense7 and
productive8 ecosystems on Earth. They are also critical biodiversity hotspots9.

However, Amazon intact forests are under pressure10 and have experienced a persistent decline in their
sink capacity in the past decades11, potentially attributable to drought-induced increases in tree
mortality12,13. Climate change, including the increasing intensity and severity of extreme events, may
play an important role in this progressive shift of intact Amazon forests from a carbon sink to a carbon
source, as extreme productivity and mortality anomalies notably occur during or directly after extremely
hot and dry events such as the large-scale drought of 2015/201614,15. In 2023, the Amazon was struck
by an unprecedented drought event and extreme heat wave which started in the dry season16, of which
the ecological consequences on tropical forests are yet to be determined.

Multiple methods exist to monitor the productivity of tropical forests17. Plot (re-)censusing is the most

direct way to coincidently measure forest woody productivity and mortality17 but requires extensive
networks of large plots to be accurately representative of a vast biome like the Amazon rainforests,
which makes this technique particularly labour-intensive and time-consuming. In addition, plot
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recensusing has typically a low periodicity (e.g. 5 years) which prevents observations of inter-annual
variability14. Eddy-covariance �ux towers directly measure in situ the net CO2 exchange between the

atmosphere and the ecosystem, but their spatial and temporal coverage in the Tropics is limited due to
the cost and the technical di�culties of their implementation and maintenance. Remote sensing18 (RS),
inverse methods19,20, land data assimilation21, and dynamic global vegetation models20 (DGVM) can
provide large-scale estimates of land carbon �uxes.

While more and more remote sensing products are made available close to real time, signi�cant delays
remain for new model output release due to the lengthy process of new data acquisition, processing,
computing, and formatting even when no new developments are required. This delay is further
exacerbated when multiple RS products or DGVMs are combined in ensembles to estimate uncertainties
and produce an ensemble mean likely closer to the ground truth22. Those technical work�ows typically
translate to months or years of lag between the occurrence of a climate event like the 2023 drought and
the quanti�cation of its ecological impact by DGVMs. This hinders near real time assessment of extreme
events such as the extreme climatic conditions experienced in 2023/2024, which is necessary for early-
warning systems to inform policy-makers, accelerate research and make it more relevant to society23.

Here, we used a new near-real time approach to achieve a very fast evaluation of large-scale impacts of
climate events. We trained advanced gradient-boosted trees (GBT) models24 to emulate multiple RS
products and DGVM estimates of gross primary productivity (GPP) using climatic variables from state-
of-the-art reanalyses (ERA5, JRA-55) as explanatory features. We focused our analysis on intact forests
as de�ned by Potapov et al. (2008)25 in the Amazon basin26 and used recent DGVM simulations made
for the global carbon assessment (TRENDY27) as training data. The DGVM outputs used for training were
only available until 2021 but the GBT models allowed us to extend the time series until near real-time
(May 2024), revealing the ecological consequences of the 2023 El-Niño year for the Amazon rainforests
in near real-time. This opens new avenues for a broad range of vegetation ecology applications, including
early warning signalling systems.

Main
The Amazon drought of 2023/2024 for intact Amazon forests

According to ERA5 re-analyses, the period between July 2023 and April 2024 was the hottest in at least
the past 30 years over intact Amazon forests (see methods for de�nition and mask of intact forests of
the Amazon) with an average air temperature of 26.7°C (Fig. 1), 1.4°C above the the past 30 years
average (25.3°C) and 1.3°C above the average value for the July-May window of the last three decades
(25.4°C). July 2023 - April 2024 was on average 0.5°C and 0.1°C above the El Niño related drought events
of September 1997 - April 1998 (26.2°C) and August 2015 - March 2016 (26.6°C). Over the 10-month
time period between July 2023 and April 2024, the precipitation was also below average with a monthly
mean of 142 mm month-1, which is 47 mm month-1 below its average for that period of the year (Fig. 1a
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and c, supplementary Figure S1). The precipitation anomaly was larger than during previous drought
events, which reached − 30 mm month-1 between August 2015 and March 2016 and − 29 mm month-1

between September 1997 and April 1998 (Fig. 1a and c). The hot and dry episode of 2023–2024 was
also characterised by exceptionally high monthly minimum (23.1°C) and maximum (31.9°C) temperature
(0.9°C and 1.8°C, respectively, above the 1994–2023 averages).

In October 2023, the monthly air temperature reached its peak with an average 27.9°C, 1.8°C above the
monthly mean of the last three decades (Fig. 1b and d). This 1.8°C anomaly corresponded to 3.4
standard deviations of the monthly mean temperature (supplementary Figure S1). In September 2023,
the precipitation dropped to an at least 30-years time low with 78 mm, 91 mm below (or 3.2 monthly
standard deviations) its monthly average. Both temperature and precipitation anomalies were
widespread throughout the Amazon biome (supplementary Figure S2).

The impact of drought on intact Amazon forest productivity

GBT models trained on RS products and TRENDY simulations could successfully reproduce the
seasonality, and the long-term trends, both at the regional level and at the local scale, for each and every
RS product and DVGM (supplementary Figures S3). GBT models could also accurately predict the
impacts of an unprecedented drought like 2015–2016 on Gross Primary Productivity (GPP), when trained
with pre-2015 data only.

While GPP has steadily increased over the last three decades according to both RS-trained and TRENDY-
trained GBT models (p-value < 0.001 for the slope of the linear models in Fig. 2a), it showed noticeable
negative anomalies during the past (1997–1998, 2015–2016) and recent (2023–2024) dry and hot
episodes (Fig. 2b). Since July 2023, GBT models forecasted consistently lower GPP compared to the
average of the past three decades (Fig. 2a and b). Between July 2023 and April 2024, GBT models
projected a GPP reduction of 1.2 Mg C ha-1 year-1 (RS-trained GBT models) and 1.5 Mg C ha-1 year-1

(TRENDY-trained GBT models) compared to the seasonal average for all intact forests in the Amazon,
which corresponded to an average decline of 2.6 and 2.2 monthly standard deviations (Fig. 2b,
supplementary Figure S5). The productivity of 2023–2024 reached its lowest level in October 2023 with
RS and TRENDY trained GBT models predicting a respective mean GPP value of 30.7 and 27.9 Mg C ha-1

year-1, respectively 2.1 and 3.4 Mg C ha-1 year-1 lower than their expected value in the absence of
drought. It was the least productive October of the past 30 years according to both RS and TRENDY
models. This sharp decrease corresponds to a reduction equivalent to 3.9 and 3.4 monthly standard
deviations, a three-decades minimum only surpassed during the month of January 2016 for TRENDY-
trained GBT models (3.6 monthly standard deviations then, but for a smaller absolute GPP reduction: 2.2
Mg C ha-1 year-1 in January 2016).

Negative anomalies were distributed all across the Amazon during the 2023–2024 dry and hot episode:
98.2% (RS models) or 98.6% (TRENDY models) of all intact Amazon forest grid cells experienced
negative GPP anomalies, on average, over the July 2023 - April2024 period (Fig. 3). It was the most
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spatially widespread drought anomaly, surpassing the 1997–1998 drought according to both RS- and
TRENDY-trained GBT models (respectively 97.7% and 96.3% of grid cells had negative anomalies then).
During the month of October 2023, 78.8%/62.0% (RS-trained GBT models) or 49.3%/42.3% (TRENDY-
trained GBT models) of all intact forest grid cells in the Amazon had a negative GPP anomaly
corresponding to at least two/three monthly standard deviations.

ERA5 mean temperatures and precipitation, as well as their anomalies, showed strong correlations with
those of JRA-55 which also marked October 2023 exceptionally dry and hot (supplementary Figure S3).
Hence, repeating the analyses with JRA-55 as climate drivers of the GBT models led to very similar
conclusions about both the magnitude of the 2023 dry and hot episode and its spatial distribution
(supplementary Figures S6 and S7).

Climate-GPP relationships of the intact Amazon forests

Both RS- and TRENDY-trained GBT models exhibited signi�cant, nonlinear relationships between monthly
GPP and mean temperature anomalies (p-value < 0.001, Fig. 4), as well as with VPD and precipitation
anomalies (supplementary Figure S8). In the next 30 years (2024–2053), air temperature is expected to
increase almost linearly over the study area, with warming rates varying between 0.19°C decade-1 (SSP1-
2.6) and 0.44°C decade-1 (SSP5-8.5), according to a weighted average of CMIP6 model simulation made
to reproduce ERA5 temperatures (supplementary Figures S9). In the next three decades, temperature
anomalies similar to the 2023–2024 dry and hot episodes are expected to become common for all
climatic scenarios (Fig. 4c). By the end of this century, such temperature anomalies are expected to
remain the norm for SSP1-2.6 and become cold outliers for all other scenarios (Supplementary Figure
S10). These future high temperatures will generate correspondingly high VPD while precipitation is
expected to decrease by the end of this century (Supplementary Figure S10), which should further
aggravate GPP anomalies.

Discussion
According to the novel model projection tool that we developed, the 2023–2024 dry and hot atmospheric
conditions will lead to exceptional ecological consequences for the intact forests of the Amazon. Driven
by abnormally high temperatures and precipitation de�cits, intact forests’ GPP has likely hit a record low
anomaly in the month of October 2023. This event could reverberate in the upcoming months and years
as drought has been unequivocally linked to tree mortality13,28–31. TRENDY (Supplementary Figure S11)

and other models32, in line with �eld inventory data14,33, predict signi�cant reductions of the intact
Amazon forest carbon sink for previous large-scale drought events, which is likely to repeat given the
2023–2024 drought magnitude.

Regardless of the future emission scenario, temperatures are expected to increase in the next three
decades and Amazon intact forest GPP will likely be affected by this temperature increase, the related
increase in VPD, and the possible reduction in precipitation. Hence, the CO2 fertilisation34, also observed
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here in the RS- and TRENDY-trained GBT models, might be outpaced in the near future by the future
increase in frequency and severity of droughts, even in the absence of CO2 saturation for

photosynthesis35. This applies to GPP and potentially to net ecosystem productivity (NEP), which has
shown no increasing trends (p-value 0.19) and strong drought negative responses, according to both
TRENDY models (Supplementary Figure S12) and �eld data12.

The new method presented in this article is highly �exible, robust (supplementary Figure S3), fast, and
easy to use. The models were trained on a speci�c region but could easily be extended to include more
(human-disturbed) biomes, RS products or DGVMs, features (e.g., including sub-monthly variability such
as climate extremes as explanatory variables or more features), or even novel types of data (e.g., eddy
covariance �uxes, �eld inventories, or soil moisture observations that were shown to critically impact
land carbon �uxes36). After training, the GBT models require no expert knowledge and only need the
location (latitudes and longitudes), time (years and months), and climate of the region of interest to
simulate GPP. It took less than one second on a regular 8-cores laptop with 16 GB of RAM to run any of
the RS or TRENDY surrogates for a full year for the entire intact Amazon forests, contrasting with the
large (but very model-speci�c) number of CPU-hours required to run a typical TRENDY model .

Despite these advantages, it is unclear whether the models developed in this study can accurately
predict land �uxes under unprecedented climatic circumstances. On the one hand, the emulators were
able to reproduce the extreme 2015–2016 dry and hot episode once trained on earlier GPP estimates
(supplementary Figure S4). On the other hand, Amazon rainforest tipping points have been
postulated10,37–39 if drought intensity and/or frequency increases beyond some threshold, but so far
such threshold responses have not been observed at large scales and hence are not part of the training
data. As new RS products or model outputs are released, our GBT model projections can be con�rmed or
if needed, those newly available data, as well as other covariates, can feed the GBT models as additional
training data to improve their robustness. Hybrid AI40, as well as DGVM future projection41 under hotter
and drier conditions, will help overcome this potential issue.

The methodology suggested here opens the door for a wide range of other potential applications.
Because climate variables needed to force those GBT models are widely available including for the
future, it makes the development of near-real time ecological forecasting23 or early warning systems42

for land �uxes based on RS and DGVM possible. Such a tool could become incredibly useful for decision-
makers and conservation policies overall. Such approaches can also help identify (the reasons behind)
discrepancies between DVGM outputs and RS products, prioritise necessary model development43 or
re�ne part of RS algorithms for land �ux retrieval.

Methods

Study area
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The Amazon basin (https://github.com/gamamo/AmazonBasinLimits) delimited our study area26. We
further restricted the analyses to intact forests using the intact forest map of Potapov et al. (2008)25

(http://www.intactforests.org/data.i�.html) for the year 2020. 

TRENDY model simulations
We used simulations of a set of 16 Dynamic Global Vegetation Models (DGVMs), which participated in
the past global carbon budgets assessment27, named TRENDY-v11. Because we focus on intact forests,
we extracted model outputs from TRENDY-v11 scenario S2 in which CO2 and climate vary with time but

which uses a time-invariant “pre-industrial” land use mask. In TRENDY, all models are forced with the
same climate forcing, namely CRUJRA, see44–46. We mainly extracted GPP monthly outputs from
TRENDY-v11 but we also pulled monthly averages of NPP and heterotrophic respiration to compute NEP
from their difference for every model that provided those variables as well. NEP values were only used as
is (i.e. did not serve for GBT model training) to investigate their correlation with GPP. TRENDY-v11 model
outputs are available for the time period 1901-2021.

Remote sensing estimates
To benchmark TRENDY model outputs, we used four recent GPP products, hereafter referred to as Li and
Xiao (2019)8, Bi et al. (2022)47, Wild et al. (2022)48, and Wang et al. (2021)49. Brie�y, Li and Xiao (2019)
developed a global, high temporal (8-days) and spatial (0.05°) resolutions GPP product based on Orbiting
Carbon Observatory-2 SIF data, MODIS and meteorological re-analyses through a data-driven approach
over the 2000-2022 period8. Bi et al. (2022) generated a global 0.05°, 8-day dataset for GPP (1992-2020)
with a two-leaf light use e�ciency model, driven by CRUJRA reanalysis, ESA-CCI land cover and leaf area
index from GLOBMAP47. Wild et al. (2022) utilised microwave remote sensing of vegetation optical depth
to derive global GPP at moderate spatial (0.25°) and high temporal (8-days) resolutions48 for the period
1988-2020. Finally, Wang et al. (2021) correlated eddy-covariance GPP and AVHRR near-infrared
re�ectance from the Land Long Term Data Record50 to generate a global long-term (1982-2018) time
series at high spatial resolution (0.05°) of monthly GPP. We aggregated all four datasets at the monthly
timescale for further analyses.

AI models
We used the extreme gradient boosting (XGBoost51) approach, as implemented in the R-package
xgboost52, to reproduce time series of GPP as estimated from DGVMs or from remote sensing. XGBoost
is an advanced machine learning algorithm reputed to be highly e�cient in terms of model performance
and computational speed. Individual GBT models were trained for each DGVM/RS estimate of GPP using
the longest possible time series and the largest possible area. We splitted all the data into training (60%),
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validation (20%) and test (20%) for each grid cell and year. So on average, 2.4 months per year served as
validation and test for each grid cell while 7.2 months per year were used for training. The months were
randomly attributed to training, validation and test dataset. We optimised/tuned GBT model
(hyper)parameters on validation data with the R-package caret53 and 8 resampling iterations, focusing
on the maximum decision tree depth and the number of decision trees to grow.

Training variables included monthly averages of climate data (monthly mean, minimum, and maximum
temperature, monthly precipitation, VPD, total incoming short- and long-wave radiation), atmospheric
CO2 concentration (constant spatially), as well as temporal (year/month) and spatial (latitude/longitude)

information. The latter variables were important to include to account for model-speci�c spatial
variability in e.g., soil maps and plant functional type spatial distribution. We computed VPD from sub-
daily air temperatures and speci�c humidity using the R-package Pecan.data.atmosphere54 before taking
the monthly average. Similarly, we used sub-daily air temperature values to compute the daily minimum
and maximum temperatures and �nally calculate the monthly minimum and maximum temperature as
the average of all daily minimum and maximum temperatures of a given month.

The CRUJRA meteorological reanalysis, which is used as the driver for TRENDY models, is only updated
once a year (typically between April and August), which prevents its use for near-real time forecasting.
Therefore we decided to use ERA5 and JRA-55 reanalysis as input data for the GBT models. Doing so we
internalised the bias between reanalysis sources into the GBT models, as CRUJRA is constructed by
adjusting data from JRA-55 where possible to align with the CRU TS data. We downloaded all ERA5 and
JRA-55 climatic drivers available in early June 2024, i.e. until May 2024 and December 2023 respectively.

We performed the same model training and validation described above, independently with ERA5 and
JRA-55 reanalysis to check the in�uence of climatic forcings on the model predictions. We also checked
how absolute values and anomalies correlated for both reanalysis sources for the region of interest. For
ERA5, we used the 2-metre air temperature variable for the air temperature.

Final GBT model performance was evaluated on test data only and quanti�ed using the root mean
square deviation and the square of the Pearson correlation coe�cient (R²) between reference (DGVM
outputs or RS estimates) and predicted values.

Analyses
Given the different resolutions of the individual TRENDY models and the remote sensing GPP estimates,
we reprojected the GBT model features (climate forcings) on each DGVM/RS grid before training with the
R-package raster55. To generate spatial ensemble means of GPP, we also reprojected all rasters to a
common grid (ERA5) using bilinear interpolations.

When reprojection was needed for the intact forest map, we used bilinear interpolations, introducing
decimal numbers. We then limited the analyses to all grid cells with interpolated values larger than 50%
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intact forest cover. Unless otherwise stated, we limited our analyses to the past 30 years (1994-2023). 

For generating model ensemble means, we applied simple means to all RS products and DGVM outputs,
giving equal weight to each ensemble member. We used the GBT models for extending RS time series to
recent years (e.g., 2023/2024) but also to older times (from 1994 to the actual start of the product time
series) to avoid discontinuities when computing ensemble means when not all products were available.

We compared the recent dry and hot episode of 2023-2024 with previous major drought events, namely
August 2015-March 2016, and September 1997-April 1998. We delimited those drought events of the
past from their precipitation and air temperature anomalies in ERA5.

To assess whether the GBT models were able to accurately predict GPP in case of unprecedented
events, we veri�ed how the density distribution of the residuals compared for the test data of the dry and
hot episodes of 1997-1998 and 2015-2016 and all other climatic conditions. We also repeated the model
training and validation described above using pre-2015 data only and tested the model performance
speci�cally for the 2015-2016 dry and hot episode.

In both RS estimates and DGVM simulations, GPP presents both a seasonality and an increasing long-
term trend due to CO2 fertilisation. We detrended the GPP time series by subtracting to the raw data the
best linear model estimates from the 1994-2023 time period and its average seasonal variation. We used
a linear model for detrending as GPP has been steadily increasing the past decades due to CO2

fertilisation. We detrended the climate variables by subtracting the overall variable average and its
seasonal mean to the raw time series. The anomalies were normalised using the monthly standard
deviation of the respective variables for the overall time period (1994-2023). For spatial analyses, we
applied the detrending method described above to the grid cells individually, while we �rst averaged the
time series for biome-wide analyses. Anomalies were computed on the model ensemble mean and the
average of RS products.

To smooth monthly time series, we applied rolling averages with a centred 6-month time window. We
tested the effect of this choice by changing the window size between 1 month (no average) and one year
and veri�ed how it changed the correlations between variables.

For future trends, we downloaded monthly temperature and precipitation outputs from Earth system
models (ESM) available in January 2024 for the models participating in the Coupled Model
Intercomparison project 6 (CMIP6)56. We downloaded model outputs for the historical period and the

following shared socioeconomic pathways57: SSP1-2.7, SSP2-4.5, SSP3-7.0, and SSP5-8.5. We restricted
the analysis to the models which had model outputs available for every shared socioeconomic pathway.
We then compared the regional monthly mean temperature and the mean annual precipitation time
series predicted by each ESM for the recent historical period (1985-2014) with those of ERA5, and only
kept the 10 with the lowest root mean square error for each variable. We then averaged those 10 models
using the inverse of the squared bias as weight for both the historical period and the future simulations.
Temperature and precipitation anomalies were de�ned using 1985-2014 or 1994-2023 as reference for
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the historical period or the future scenarios, respectively, since CMIP6 historical simulations stop in
2014.

Temperature anomaly outliers were identi�ed following the classical outlier 1.5 interquartile (IQR) rule58:
any observation that was smaller than 1.5 IQR below the �rst quartile or larger than 1.5 IQR above the
third quartile was considered as a cold or hot outlier, respectively.
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Figure 1

Seasonal cycle of the precipitation and the average air temperature (subplots a-b) and their anomalies
(subplots c-d) over the intact Amazon forests according to ERA5 reanalyses. The individual years of the
1994-2023 time period are represented by the thin grey lines (subplots a-d) and their averages, by the
thick black line (subplots a-b). Major dry and hot periods (1997-1998, 2015-2016, 2023-2024) are
highlighted with the coloured lines and are discontinuous because they overlap two calendar years.
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Figure 2

Time series of the monthly GPP (subplot a) and its normalised anomalies (subplot b) over the intact
Amazon forests for the 1994-2024 time period, as generated by GBT models trained on TRENDY
simulations (yellow, TRENDY) or remote sensing products (green, RS) with ERA5 re-analyses as model
features. The anomalies were normalised by the standard deviations of the respective months and
sources. Each data point represents the average of multiple vegetation models or multiple remote
sensing products. The coloured dots are the monthly values while the curves are rolling averages over a
6-month time window. In subplot a, the dashed lines represent the respective linear increases used to
detrend GPP. The insets (subplots c and d) show the correlations between the TRENDY model ensemble
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mean and the average of the remote sensing products. In subplot a, the R² of the linear models are 0.20
and 0.28 for RS and TRENDY models, respectively (p-value < 0.001). The coloured rectangles above the
�gure represent the time coverage of the training data (until the end of 2021 for all TRENDY models,
varying between 1992-2001 and 2018-2022 for the different RS products, see methods).

Figure 3

Spatial distribution of the average normalised GPP anomaly for the 2023-2024 dry and hot period as
predicted from GBT models trained on remote sensing products (subplot a), or TRENDY models (subplot
b). In subplots a and b, the black line delineates our study area and only intact forests were included in
the analysis (white grid cells within the Amazon basin are mostly not intact forests). Subplots c shows
the marginal density distribution of the anomalies in both cases.
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Figure 4

Relationships between normalised monthly GPP anomalies and monthly mean air temperature
anomalies for the intact Amazon forests, based on GBT models trained on remote sensing (subplot a) or
TRENDY models estimates of GPP (subplot b). Each data point represents the monthly average of
multiple vegetation models (subplot a) or multiple remote sensing products (subplot b). In subplots a-b,
temperature and GPP anomalies were smoothed using a moving average over a 6-month time period and
the coloured dots and zones correspond to monthly values of recent major dry and hot episodes. The
monthly temperature anomalies predicted from CMIP6 simulations are shown in subplot c for the
historical period (1985-2014) or the next 30 years (2024-2053) according to the different shared
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socioeconomic pathways. In subplot c, the temperature anomalies of the 2023-2024 dry and hot episode
are highlighted for the ERA5 reanalysis. P-values of the second-order polynomial models are < 0.001.
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