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Abstract

Amazonia’s exceptional biodiversity, cultural significance, and ecosystem services make it
pivotal to global and regional sustainability. However, the region is increasingly threatened
by climate extremes, which exacerbate the effects of land use change (Barlow et al., 2018)
and bring about abrupt changes in social and ecological condition (Bennett et al., 2023;
Berenguer et al., 2021; Campanharo et al., 2022; Lapola et al., 2023; Libonati et al., 2022;
Lima et al.,, 2024; Machado-Silva et al., 2020; Tadano et al., 2024). Yet, while climate
extremes are increasing in many parts of the world (Huntingford et al., 2024), we lack a high-
resolution Amazon-wide assessment that compares if they differ from climate averages or
identifies spatial hotspots where rates of change are highest. Here we address this by
assessing Amazonia’s changing climate at high spatial resolution within seasons and
across the year, considering both central trends (50" percentile) and trends of extremes (5™
and 95" percentiles). Our analysis includes a new measure of water deficit that accounts
for the effects of temperature on evapotranspiration. High temperature extremes and
temperature-linked measures of water deficit are both changing at a much faster rate than
central trends, and their rates of change are greatest in the driest period. While the central
trend of mean temperature change across Amazonia (0.21°C per decade, dec™) is
comparable to the global average, the upper extreme of maximum temperatures in the
driest period increased by 0.50°C dec™'. These Amazon-wide trends also mask considerable
spatial variation. Crucially, we identify a new region of high climate risk in central-north
Amazonia, where over 700,000 square kilometres have experienced increases in extreme
dry season temperatures of at least 0.77 °Cdec™ (i.e., 23.31 °C over 43 years). Adaptation
measures are urgently required to address the impacts of these rapid changes in climate
extremes, including preventing the key stressors of deforestation, forest fires and other

disturbances that amplify climate risks.

Main

The frequency and intensity of climate extremes have increased in many regions of the world
(Huntingford et al., 2024) and are predicted to increase further under future climate change
scenarios (Dosio et al., 2018). These extremes are responsible for some of the greatest climate-
linked impacts on nature and people, driving increases in human morbidity and mortality (Ebi et
al., 2020; IPCC et al., 2022), losses of forest species (Kotz et al.,, 2025) and ecosystem
degradation (Maxwell et al., 2018). Climate extremes are also responsible for deleterious

changes in some of the world’s most important ecosystems. In Amazonia, recent exceptionally
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hot or dry periods have led to extensive and unprecedented forest fires (Alencar et al., 2015;
Aragao et al., 2018; Berenguer et al., 2021), large-scale tree mortality (Bennett et al., 2023) and
localised animal mortality (Guimaraes et al., 2025), and negative outcomes for human access to
services (Lima et al., 2024) and health (Campanharo et al., 2022; Libonati et al., 2022; Machado-
Silva et al., 2020). An increase in the incidence and severity of climate extremes could therefore
help push Amazonia past critical thresholds, leading to much larger-scale deterioration of social

and ecological conditions (Brando et al., 2025; Flores et al., 2024; Lapola et al., 2023).

Given the importance of climate extremes as drivers of change in Amazonia, it is crucial to
understand the temporal and spatial distribution of change. Although the central trends of
temperature change in Amazonia are tracking global averages (Gatti et al., 2021; Jiménez-Munoz
et al., 2013; Marengo et al., 2024), these are often poor predictors of the trends of climate
extremes (Huntingford et al., 2024). This is particularly the case in South America, where the
divergences between changes in mean and extreme temperatures are widespread, but variable
(Huntingford et al., 2024). Inferences from global, pantropical or regional studies on climate
extremes are currently insufficient. Many report only annual averages, which are known to mask
ecologically important seasonal changes (Gloor et al., 2013). Others simplify the substantial
spatial and temporal heterogeneity in dry season length and onset that exists across Amazonia
(Carvalho et al., 2021a), Extended Data Figure S1) by defining dry season timing according to the
drier period in the southern Amazon (Espinoza et al., 2024; Jiménez-Mufoz et al., 2013; Qin et al.,
2025) or across large sub-regions (Franco et al., 2025; Gatti et al., 2021; Marengo et al., 2024). In
addition, most focus on changes in either temperature, precipitation or water deficit, and
therefore fall short of the integrated approach required to understand drivers of key ecological
responses such as vegetation productivity and mortality (Tavares et al.,, 2023) and forest
flammability (Ray et al., 2005). Finally, in the Amazon, climate change is overlain on high rates of
deforestation (Silva-Junior et al., 2021) and degradation (Lapola et al., 2023), amplifying the
impacts on forests and rivers (Barlow et al., 2018). New understanding of the spatial association
between climate extremes and land-use change represents an important advance in helping to

determine regions at risk.

Here, we provide a comprehensive assessment of the changing central (50" percentile) and
extreme trends (5™ and 95" percentiles) of multiple climate variables across the 7 million km?
region of Amazonia (see Methods), based on 11 km spatial resolution (57,900 grid cells) from
1981 to 2023 (43 years). We divide the year into 73 pentads to explore changes across
hydrological years, following approaches used to identify changes in dry season timing across

extensive subregions (Fu et al., 2013; Marengo et al., 2024). However, we extend this so that each
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grid square has its own hydrological periodicity, with annual or seasonal periods starting with the
wettest pentad or month instead of calendar years or fixed months (Extended Data Figure S2).
This allowed us to assess daily averages of minimum, mean and maximum temperature and
Vapour Pressure Deficit (VPD) during the driest period as well as across the hydrological year.
For rainfall, we evaluated driest and wettest period and the intensification of the water cycle
through changes in rainfall amplitude. We also integrate changes in temperature with changes in
rainfall or humidity, analysing variation in VPD and Maximum Cumulative Water Deficit (MCWD)
that are well-established predictors of both plant physiology and fire activity (Aragéo et al., 2007;
Brando et al.,, 2014). MCWD was calculated in two ways: using a fixed 100 mm of
evapotranspiration per month commonly used in the literature (MCWD100; Aragao et al., 2007;
Silva-Junior et al., 2019) and by allowing evapotranspiration to increase with temperature
(MCWDremp) following modelled estimates of temperature and atmospheric CO, responses (Malhi
et al., 2009) that are broadly supported by recent observations (Laipelt et al., 2025). Finally, we
identified the metrics and regions showing the greatest rate of change, and assessed whether
these are associated with regions that were historically warmer or drier, or that have suffered the
greatest amount of conversion from forest to agricultural land. We discuss these results
considering their implications for climate adaptation, conservation and sustainability in

Amazonia.

Climate change across Amazonia

On average, the rate of change of extreme temperatures from 1981 to 2023 was faster than the
centraltrend (Figure 1, Extended Data Figure S3). For central trends, annual mean temperatures
increased by a mean rate of 0.21 °C per decade (dec™) (Interquartile Range IQR: 0.15-0.27 °C dec
Y and 0.90 °C between 1981-2023, which is in line with the global average and previous estimates
for Amazonia (Jiménez-Mufioz et al., 2013) (Figure 1a). However, the 95" percentile of mean
temperatures increased at a mean rate of at least 0.30 °C dec™ (IQR:0.24-0.37 °C dec') and 1.29
OC over 43 years (Figure 1a). As expected, the rate of increase was greater in the driest period
than across the whole hydrological year (Gatti et al., 2021), with maximum temperature at the
95th percentile increasing by 0.50 °Cdec™ (IQR: 0.36-0.64 °C dec™) (Figure 1a). This corresponds
to an increase of 2.15 °C over 43 years, 2.38 times higher than the annual mean central trend

(Figure 1a).
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Figure 1. The magnitude of climate change across the Amazon region over 43 years (1981-2023). Decadal rates of
change of a, temperature (°C per decade) b, vapour-pressure deficit (VPD; kPa per decade) and ¢, maximum
cumulative water deficit (MCWD; mm per decade). All panels show the rate of change for the central trend (50"
percentile) and extreme (5™ percentile for MCWD; 95" percentile for temperature and VPD), calculated on grid cell-
wise with a spatial resolution of 11 km. Trends for minimum, mean and maximum temperature and mean VPD were
calculated for the hydrological year (Year) and driest period (DP) considering pentad means (5-day period). MCWD was
calculated considering two evapotranspiration (ET) thresholds, one fixed at 100 mm and the other linked to
temperature. In all panels, coloured dashed lines represent the Amazon-wide mean rate of change per decade for
each variable in each period for the central (yellow) and extreme (red) trends. Black dashed vertical lines correspond
to zero. The panel for all variables is available in Extended Data Figure S3.

Temperature-linked measures of maximum cumulative water deficit (MCWDremp) and the vapour
pressure deficit (VPD) also showed large changes over time, with higher values for extreme
percentiles. For VPD, increases in the 95" percentiles were about one-third higher than for the
central trend, for both annual and driest periods (Figure 1b). VPD also had the greatest rate of
change during the driest period, increasing by 0.06 kPa dec™ at the central trend (IQR: 0.02-0.09
kPa dec™) and 0.26 kPa over 43 years. This was even higher at the 95" percentile, increasing by

0.08 kPadec™(IQR :0.04-0.12 kPa dec™; 0.34 kPa over 43 years) (Figure 1b). For MCWD, which is
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scaled towards the negative, the 5th percentile represents the drier extreme. The mean rate of
change at the 5" percentile of MCWD+emp Was -13.18 mmdec™ (IQR: -23.58 to -0.93 mm dec™)
and -56.67 mm over 43 years. This was twice that of the central trend of MCWDremp 0f -6.60 mm
dec™ and -28.38 mm over 43 years (Figure 1c). The temperature-invariant measure of MCWD1qo
showed no directional trend, with the 50" percentile changing by just 0.04 mmdec™ (IQR: -5.27

to 4.01 mm dec™) and 0.17 mm over 43 years (Extended Data Figure S3b).

Precipitation increased across the central, 5™ and 95" percentiles for both annual and wettest
periods of the year, but the trends were close to zero when assessing only the driest period
(Extended Data Figure S3d). For the central trend, annual precipitation increased by a mean rate
of 31.47 mmdec™ (IQR: -8.44 - 65.50) and 135.32 mm over 43 years; Extended Data Figure S3d).
Precipitation amplitude showed a slight increase at all percentiles, with the greatest at the 95"
percentile, where intensification of the water cycle - the difference between the wettest and
driest periods - rose by a mean rate of 14.80 mm dec™ (IQR: -20.79 - 52.72 mm dec™) or 63.64

mm over 43 years (Extended Data Figure S3e).

Spatial variation and hotspots of climate change

Amazonia-wide averages encompass considerable regional variation, with pronounced spatial
divergence among the regions most affected by the highest rates of change at the 50" and
extreme percentiles (Figure 2, Extended Data Figure S4-S8). For the central trend of change
across the hydrological year, our results are broadly consistent with previous work and the
southern Amazon stands out as the region most affected by increases in temperature and
temperature-linked variables such as VPD (Figure 2, Extended Data Figure S4, S5) (Gatti et al.,
2021; Marengo et al., 2022). However, at the 95™ percentile, the greatest rates of change for
temperature and VPD are concentrated in a central-northern region (Figure 2a-b) that has rarely
been identified as being imperilled by climate change. Here, changes in average maximum
temperature and mean VPD in the driest period were particularly alarming, with 10% of the biome
surpassing rates of increase of 0.77 °Cdec™ (>3.31 °C over 43 years) and 0.14 kPadec™ (>0.60kPa
over 43 years). The region was also a locus of change in MCWDmp, With extreme years seeing

rates of change of -36.45 mm dec™ <-156.74 mm over 43 years) (Figure 2).
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Figure 2. Spatial distribution of climate change across the Amazon over 43 years (1981-2023). Decadal rate of
change were calculated grid cell-wise at 11 km spatial resolution for a, the mean and maximum temperature b, mean
vapour-pressure deficit (VPD) and ¢, maximum cumulative water deficit (MCWD). The rates of change for temperature
(°C per decade) and VPD (kPa per decade) are shown, along with both the central (50") and upper extreme (95"
percentile) trends, for the hydrological year (Year) and the driest period (DP). For MCWD, the rate of change is shown
for the central trend (50" percentile) and the lower extreme (5" percentile) considering a temperature-linked
evapotranspiration threshold. Maps for all variables, percentiles and periods are available in Extended Data Figure S4-
S8.

There was a strong spatial signal to the difference between central and extremes rates of climate
change (Figure 3). In much of the southern and southern-eastern Amazon, central trends are
growing at a similar rate to — or even slightly faster than — the 95" percentile of temperature and

VPD or 5" percentile of MCWD:mp. In contrast, in the central-north region the rate of change of
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climate extremes (95™ percentiles for temperature and VPD, 5" percentiles for MCWD:emp)
diverged greatly from both the central trends and the opposite extremes (Figure 3a). Overlaying
the top deciles of rates of change at the central and most extreme trends (95" percentile for mean
temperature in the hydrological year, maximum temperature and VPD in the driest period of the
hydrological year with the 5™ percentile for MCWDremp) highlights critical regions where the
fastest rates of change are co-occuring (Figure 4). For central trends, there was strong spatial
agreement between temperature and VPD, while MCWDr.mpWas also prevalent on the southern
borders of Amazonia. For the extreme trends, temperature-VPD overlaps were also extensive,
but critical areas for MCWDrempincluded additional regions at the periphery of Amazonia (Figure
4). These regions of greatest risk from rising central and extreme trends are predominantly
located within Brazil and overlap with many important protected areas and indigenous lands

(Extended Data Figure S9).
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Figure 3. Spatial difference in the slope of change between extreme and central percentiles, highlighting trends
of change in regions with the highest and lowest values differences. a, Difference between the rate of change in
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extreme and central (50" percentile) trend was calculated per cell for mean temperature (hydrological year, 95t
percentile), maximum temperature (driest period, 95" percentile), vapour-pressure deficit (VPD, driest period, 95%
percentile) and maximum cumulative water deficit (MCWD, temperature-linked, 5" percentile). In all maps, the brown
scale indicates faster rate of change in the extreme, while the blue scales indicates faster rate of change in the central
trend. b, trends of change in regions with the highest and lowest values of differences between the slope of change of
central and extreme percentiles. The region with the 10% highest values is where the extreme slopes of change are
greater than the central slopes of change and vice-versa. Graphs show the trends of change in mean and maximum
temperature, VPD and temperature-linked MCWD from 1981 to 2023 in both regions. Lines represent the median
curves for 5™, 50™" and 95™ percentiles and shaded areas around the lines represent the interquartile range (IQR) +/-
25% - i.e., the dispersion of 50% of all curves.

Linking climate change to historical averages and land use change

Given the strong spatial signal of the observed climate trends, we investigated whether central
or extreme trends were spatially associated with the historical averages from the start of the time
series (1981-1990; Extended Data Figure S10). The data were variable across metrics, and most
correlation coefficients were generally non-significant (Extended Data Figure S10a). However,
centraltrends were more positively associated with historical averages than the extreme trends,
and there was a significant positive internal association between rates of change at the 50"
percentile and the historical climate for MCWD+emp (r = 0.37) and for VPD measured across the
hydrological year (r = 0.27) and in the driest period (r = 0.34). These associations indicate that
regions with historically higher MCWD and VPD values are experiencing the highest rates of

change for central trends.

The Amazon has been at the forefront of deforestation and land use change over the past 50
years, with a loss of 17% of its original native vegetation since 1985 - the vast majority of which
has been converted to agriculturalland (70.8% pastures, 17.2% croplands and 12.0% other uses)
(MapBiomas, 2025). The central trends of temperature, VPD and MCWDrmp, Were weakly
associated with the present-day distribution of agricultural land (r = 0.09-0.32) highlighting
deforestation’s contribution to changing temperatures in Amazonia (Franco et al.,, 2025).
However, extreme trends had little or no association with the present-day distribution of
agricultural land (Extended Data Figure S10b, Figure 2, Figure 3) suggesting global climate

change is the primary driver of change in the central-north region.
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Figure 4. Critical areas with the highest rate of change in the central trend and extremes. Regions within the 10%
top values of decadal rate of change in the a, central trend and b, extreme (95" percentile for mean temperature in the
hydrological year, maximum temperature and mean vapour-pressure deficit (VPD) both in the driest period (DP); 5t
percentile for maximum cumulative water deficit (MCWD) with temperature-linked. ¢, Overlap of all variables for
central trend and d, extremes, ranging from one to four overlapping variables.

Discussion

Amazonia’s climate, affected by global and regional anthropogenic pressures, has changed
rapidly, but not uniformly. Extremes are changing at a much higher rate than central trends and
Amazonia wide shifts in temperature — rather than precipitation — are driving most of the changes
in water deficit and VPD. Crucially, we identified a hitherto under-emphasised and spatially
distinct region of high climate change. While the southern Amazon is confirmed as the fastest
warming region on average, itis the central-northern region thatis experiencing the greatest rates

of increase in extreme temperature and VPD.
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This central-northern region is a critical part of Amazonia’s cultural and biological wealth,
encompassing extensive areas of high forest cover, native savannas, and key indigenous
territories, including the Coata-Laranjal, Waimiri-Atroari, Yanomami and Trombetas/Mapuera
(Extended Data Figure S9). The historical record of maximum temperatures (Extended Data
Figure S4) and water deficit (Extended Data S6) suggest this region could be less adapted to
hotter or drier conditions than forests in south and eastern Amazonia. Multiple lines of evidence
demonstrate that climate extremes are already affecting socio-ecological systems in this area.
Examples include the first observed mass mortality of forest mammals in Amazonia (Guimaraes
etal., 2025) and the loss of understorey bird populations and changes in bird lifespans, behaviour
and morphology (Avilla et al., 2021; Jirinec et al., 2021; Wolfe et al., 2025). Aquatic systems have
undergone extreme reductions in surface water (Souza Jr et al., 2024) and abrupt shifts in fish
assemblages (Ropke et al., 2017). Extreme heat and water deficit have contributed to extensive
forest fires in the Brazilian state of Roraima (Xaud et al., 2013) and in flooded forests along the
Rio Negro (Carvalho et al., 2021b). These and other fire events have likely contributed to record
levels of air pollution and hospitalisations in the largest Amazonian urban centre of Manaus

(Smith et al., 2014; Tadano et al., 2024).

The drivers of the increase in extremes in the central-northern region require further
investigation. The record drought of 2023/24 provides insights, as the low rainfall and high
temperatures in the northern Amazon were linked to sea surface temperature (SST) anomalies in
the eastern tropical and central equatorial Pacific relating to the transition from La Nifia to ELNifio
conditions (Espinozaetal., 2024). The region has also been identified as being at risk from major
global climatic events, such as a slowing down of the Atlantic Meridional Overturning Circulation
(AMOC ) (Akabane et al., 2024) or changes in cloud cover linked to a narrowing of the Inter
Tropical Convergence Zone (Tselioudis et al., 2025). However, the extent of these changes
remains uncertain (Terhaar et al., 2025; Voosen, 2025). Changes in soil moisture have been
shown to exert a strong influence on extreme temperatures in regional hotspots of warming (Berg
et al., 2014), but much of the central-northern region has experienced increases in annual and
dry-period precipitation (Extended Data Figure S7) and soils are variable and not consistently
different from those in regions where extremes have changed less (Quesada et al., 2011). Finally,
although land use change has also been linked to changes in climate (Franco et al., 2025; Smith
et al., 2023), the extreme trends are less associated with deforestation extent than the central

trends (Extended Data Figure S10b).

Regardless of the underlying cause, the high rate of increase of extreme temperatures, VPD and

water deficits demonstrates the critical importance of preventing further frontier advance in this
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region. Additional deforestation would amplify temperature changes and expose the remaining
forests to heightened fire risks exacerbated by edge creation, within-forest disturbances such as
logging, and the spread of ignition sources (Barlow et al., 2020; Lapola et al., 2023). Sustained
investment in adaptation will be required (Lapola et al., 2018), particularly where preexisting
infrastructure and development deficiencies exacerbate people’s vulnerability and the risks to
health (Andrade et al., 2021), wellbeing in urban environments (Campanharo et al., 2022; Tadano
et al., 2024), and the viability of sustainable socio-bioeconomies (Evangelista-Vale et al., 2021;
Tregidgo et al., 2020). Support will also be required to maintain the viability of some of the key
climate change and conservation interventions, as the increase in extreme climate conditions
jeopardises both protected areas through megafires (Spinola et al., 2020) and the regrowth of
secondary forests (Elias et al., 2020; Heinrich et al., 2021). All of this will require improvements

in monitoring to evaluate risks and identify the most effective adaptation approaches.

There was no clear signal of strong reductions of precipitation across Amazonia, or major
differences between central and extreme trends. The only region where rainfall declined
significantly in our analysis (Extended Data Figure S7) and in other studies (Flores et al., 2024)
was small and bisected the Brazilian states of Rondénia and Amazonas. In fact, overall, there
was a slightincrease in biome wide averages. This could reflect increased moisture arriving from
the warming tropical Atlantic Ocean (Beveridge et al., 2024; Espinoza et al., 2018; Gloor et al.,
2013) acting to offset the local and regional losses of precipitation resulting from deforestation
(Franco et al., 2025; Smith et al., 2023). The lack of a wider decline of rainfall in southern
Amazonia contrasts with research based on rainfall gauges and other rainfall reanalysis products
thatidentify a strong and consistent drying signal across a similar period (Fu et al., 2013; Marengo
etal., 2022). Although satellite products can underestimate periods of high rainfall and dry days
(Cordeiro & Blanco, 2021), CHIRPS is considered one of is the best products for tropical
precipitation during extreme climate events (Burton et al., 2018) and is even more accurate in
drier regions of the Amazon (Cordeiro & Blanco, 2021) where the greatest drying trend has been
identified in other studies (Marengo et al., 2022). Furthermore, the overall increase in rainfall
detected by CHIRPS is consistent with increased river flows (Gloor et al., 2013) and ground water
storage (Heerspink et al., 2020). In contrast, the signal from rainfall gauges used in previous work
(Fu et al., 2013) is difficult to interpret due to their sparse coverage (Zhao & Ma, 2019),
inconsistent directional trends across stations (Cattelan etal., 2025; Pacaetal., 2020), and their
biased distribution towards the most deforested areas (Mu and Jones 2022) and along rivers

where the breeze influences rainfall (Fitzjarrald et al., 2008). Such divergences highlight the
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importance of improving the observational network across tropical South America (Cattelan et

al., 2025).

Overall, changes in temperature rather than precipitation are driving the most significant
increases in VPD and reductions in MCWDremp, with the highest recorded changes in the central-
north region occurring where there is a good coverage of weather stations (Cattelan et al., 2025)
to inform and constrain climate reanalysis data. However, the large difference between our
temperature-invariant and temperature-linked measures of water deficit highlights the urgent
need to reduce uncertainty around temperature and CO; effects on evapotranspiration in tropical
forests. Elevated CO,induces stomatal closure, causing plants to reduce transpiration under
elevated CO, (Cernusak et al., 2013; De Kauwe et al., 2013). Malhi et al., (2009) predict this
reduction would be smaller than the temperature-induced increases in evaporation from the soil
or transpiration from the leaf. Although other models suggest a stronger influence of CO, than
temperature (Richardson et al., 2018), an overall increase in evapotranspiration is consistent
with the relationship between temperature and potential evapotranspiration in the Penman-
Monteith model (Song et al., 2023) and from models and remote sensing observations conducted
across the arc of deforestation (Laipelt et al., 2025). Furthermore, our use of 8.9 mm for every
degree increase in temperature (Malhi et al., 2009) is potentially very conservative compared to
the observed 11% increase in dry season ET over the arc of deforestation over 23 years, when
mean temperatures increased by c. 0.50 °C (Figure 2) and where a higher increase in ET was
offset by forest loss (Laipelt et al., 2025). However, many uncertainties remain as changes in
evapotranspiration are likely to be spatially variable (Heerspink et al., 2020), will vary across
years and seasons (Malhi et al., 2009), and may be sensitive to forest disturbances (Longo et al.,

2025).

We show that climate change in Amazonia is neither gradual nor homogenous, and that public
policies must address the enormous challenge of rapidly increasing extreme temperatures and
water deficits. Crucially, these are occurring in the central-northern region, far from the arc of
deforestation. This spatial dissociation with forest loss —the main local driver of climate change
(Franco et al., 2025) —demonstrates that the world’s highest greenhouse emitting countries bear
a strong responsibility for Amazonia’s rapidly changing socio-ecological condition. This
underscores once again the urgent need for rapid reductions in greenhouse gas emissions (Dosio
et al., 2018) and strengthens arguments that high emitting countries should contribute to
adaptation and conservation interventions in tropical forest regions through mechanisms such

as the Fund for responding to Loss and Damage or novel initiatives such as the Tropical Forest
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Forever Facility. It is vital that this support reaches the most vulnerable regions and peoples and

prevents any further frontier advance that could amplify the consequences of climate extremes.
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Methods
1. Datasets of climate variables

We used the following climate variables and resampling procedures to undertake our
assessment of climate change in the Amazon region delimited by (RAISG, 2024).

- Temperature and vapour pressure deficit (VPD): We used ERA5-Land post-processed daily
statistics dataset with 1-hour sub-daily frequency sampling over a 44-year period (1981-2024).
We use 1981 as the start point to standardise with precipitation data availability, and because
1981 is after the widely-observed change in the rate of climate change that occurred in the 1970s
(Burton et al., 2018; Sarkar & Maity, 2021). ERA5-Land is a global climate reanalysis product
produced by the European Centre for Medium-Range Weather Forecasts (ECMWF) available at
spatial resolution of 0.1° - approximately 11x11 km (Mufoz-Sabater et al., 2021). For
temperature metrics, we used the 2-m temperature minimum, mean and maximum daily
statistics. We calculated the mean VPD using the ‘plantecophys’ R package (Duursma, 2015; R
Core Team, 2025), combining the ERA5-Land daily means statistics from 2m temperature, 2m
dewpoint and surface pressure.

- Precipitation: We used the daily Rainfall Estimates from Rain Gauge and Satellite Observations
(CHIRPS v2) dataset over a 44-year period (1981 to 2024). The CHIRPS algorithm integrates
satellite data, ground-based observations and precipitation estimates to produce rainfall time
series at a spatial resolution of 0.05° (Funk et al., 2015). CHIRPS has been described as one of
the most accurate datasets to represent the rainfall regime across Amazonia, demonstrating
superior performance compared to other data sources when validated against station-based
observations (Polasky et al., 2025; Silva et al., 2023). Validations across the basin have shown
accuracy above 70% (Anderson et al., 2018; Mu et al., 2021; Paca et al., 2020). We resampled
the CHIRPS dataset to match the 0.1° spatial resolution of the ERA5-Land dataset.

- Maximum cumulative water deficit (MCWD): We used CHIRPS to calculate the annual
maximum cumulative water deficit (MCWD) from 1981 to 2024, an indicator of water stress in
forests (Aragao et a., 2007). A water deficit occurs when evapotranspiration (ET) exceeds
precipitation, with a 100 mm™"" ET threshold commonly applied for tropical forests (Aragéo et
a., 2007). However, increases in temperature have affected Amazonia’s ET by increasing
atmospheric evaporative demand (Malhi et al, 2009). To incorporate this warming effect, we
calculated MCWD using fixed 100 mm™"" ET (MCWD1 o) and temperature-linked ET (MCWD:emp).
In this case, we considered that for each 1°C above the mean temperature of a reference period
(1971-1980), the 100 mm™"" ET threshold is increased by 8.9 mm month™". This coefficient is
based on simple linear extrapolations of simulations of climatic scenarios that predict an
increase of evapotranspiration in the Amazon forest to 140 mm™™" under conditions of
increased temperature (4.7°C) and CO, (850 ppm) (Malhi et al, 2009). Rescaling this adds 8.9
mm ™" for every 1 °C increase in temperature, assuming atmospheric CO,concentrations and
temperature increase linearly as per the model. We calculated the MCWD for both the fixed-ET
(MCWD0) and temperature-linked ET (MCWDemp) using the R routine developed by Silva-Junior
& Campanharo, (2021).
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2. Determining the hydrological year

To assess trends in the climate variables, we defined a cell-wise hydrological year that follows
Amazonia’s highly variable precipitation cycle (e.g. Carvalho et al., 2021a) rather than a fixed
(January-December) calendar year or predetermined months. This approach considers the
pronounced spatiotemporal variation in the timing and length of wet/dry periods across the
Amazonia. First, we aggregated the daily CHIRPS precipitation into 5-day periods (pentad),
resulting in 73 pentads for each calendar year from 1981 to 2024. Leap days were removed from
the analyses. Then, for each cell we calculated the annual mean precipitation of each pentad
over the 44-year period and identified the pentad with the highest mean precipitation. For each
cell, the pentads of the calendar year were reordered according to the position of the wettest
peak pentad, becoming the first of the 73 pentads of each hydrological year. For example, if the
wettest pentad occurs in the position 32 in the calendar year, the hydrological years for that cell
span from pentad 32 of the current year (t) to pentad 31 of the next year (t + 7), (Extended Data
Figure S2).

We aggregated the daily statistics for the minimum, maximum and mean temperature and mean
VPD into mean 5-day periods (pentads) and reordered these variables according to the
hydrologicalyear. For MCWD, we applied the same methodology, but as this metric is calculated
based on monthly thresholds for evapotranspiration, the hydrological years were defined based
on the month with the highest precipitation. Because the wettest pentad/month generally did not
occur in the first pentad/month of the calendar year, the hydrological year covered periods that
extended across two calendar years in 99.84% of cells in the pentad approach and in 84.31% in
the monthly approach, demonstrating the unsuitability of calendar years for these assessments.
As a result, even though the CHIRPS and ERA5-Land dataset were available for 44 years (1981-
2024), only 43 complete hydrological years were available for trend analysis (1981-2023).

3. Determining driest and wettest periods of the year

To consider the spatiotemporal variation of precipitation across Amazonia (Carvalho et al.,
2021a), we used the CHIRPS hydrological year time series to identify the driest period for each
cell. To identify the onset and end of the driest period, we applied the methodology proposed by
Fu et al., (2013)comparing the mean precipitation of each pentad with the annual mean
precipitation over the 43-year period. The onset corresponds to the first pentad in a sequence of
at least six out of eight consecutive pentads with precipitation below the baseline. Conversely,
the end of the driest period corresponds to the first pentad in a sequence of at least six out of
eight with precipitation above the baseline, (Extended Data Figure S1). The wettest period was
defined as all pentads outside the driest period.

4. Data analysis

4.1 Set of variables analysed

We calculated mean values for the entire hydrological year and for the driest period for
temperature variables (minimum, mean and maximum) and for mean VPD. For MCWD, we
calculated the values for the entire hydrological year. For precipitation, we obtained the annual
sum and the sum for both driest and wettest periods. The precipitation in the wettest period was
calculated as the difference between the precipitation in the hydrological year and the driest
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period. Finally, we calculated the precipitation amplitude, by doing the difference between
precipitation in the wettest and driest periods within the hydrological year.

4.2 Central and extreme trend analyses

To analyse central and extreme trends in climatic variables over time, we used non-parametric
Quantile Generalized Additive Models (QqGAM). We chose this model because it allowed us to test
and obtain coefficients for central and extreme trends through percentile (i.e., quantile) models,
while still accounting for the temporal dependence of the data (analysis over years). To keep the
trend analysis linear, we did not include a smoothing parameter to the term “hydrological year”
[Response ~ hydrological year (1981-2023)]. For each cell and each variable, we ran a qGAM for
the 50" (median — central) and 5™ and 95" (extremes) percentiles and obtained the coefficients
which can be interpreted as the rates of change of a given variable (change in the variable per
year). We did that using the function ‘ggam’ from R package ‘gqgam’ (Fasiolo et al., 2021) inthe R
software (R Core Team, 2025).

To pinpoint the areas with greatest divergence between extreme and central trends, we
subtracted the values of the decadal rates of change in the 50" percentile from the rates of
change in the extreme (95" percentile for temperature and VPD and 5™ percentile for MCWDiemp)
for mean temperature in the hydrological year, maximum temperature and VPD in the driest
period of the hydrological year and MCWD+emp Of the hydrological year. We selected the top and
bottom 10% values of the difference between central and extreme rates of change (i.e., 10%
values for where extreme trends were higher than central trends and vice-versa) to display the
average curves for the regions with greatest divergence between extreme and central trends. For
this, we built the trend curves (50" and 5% / 95" percentiles) for all the 5,790 cells (10% of cells -
5,735 cells for MCWD) based on their intercepts and coefficients and calculated the median
curve and IQR (25-75 - 50% of the data distribution). To identify overlaps between regions with
the highest rates of change of different climate variables, we selected the top 10% values of
decadal rates of change for mean and maximum temperature, VPD and MCWDem, Of the extreme
(95" percentile for temperature and VPD and 5" percentile for MCWD.emp) and central (50™
percentile) trends.

4.3 Associations of rates of change with climatic initial conditions and agricultural lands

To investigate if climate change is spatially associated with the average climatic conditions at
the start of the time series, we ran 1,000 bootstrap analyses of Spearman correlation, using 100
samples (cells) each time. We used the bootstrap approach because i) we wanted to have a
confidence interval for the coefficients of correlation, ii) there is high spatial autocorrelation in
the data, and iii) using > 50,000 points would increase the chances of type | error. We first
calculated the mean values for each climatic variable in the period between 1981 and 1990.
Then, for each combination of a variable, a percentile (5", 50" and 95"), a period (year, Driest
Period - DP and Wettest Period - WP) and a method (100 mm threshold and Temp-linked
threshold for MCWD) we used the ‘cor.test’ function in R software to bootstrap the Spearman
correlation test and obtained the coefficient of correlation (r) between the rate of change and the
mean value (1981-1990) of a given variable. We defined the confidence intervals as the
distribution of 95% of the r coefficients (2.5" — 97.5" percentiles) obtained from the 1000
bootstraps. We defined non-significant correlations as the ones that the confidence intervals
crossed zero.
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To investigate if the rates of change of climatic variables are spatially associated with previously
deforested areas, we followed the same procedure as described above, but using the proportion
of agricultural land in each cell against the rates of change of each variable. To obtain the current
proportion of agricultural land in each cell, we used the MapBiomas Amazonia Collection 6 land-
use and land-cover map (MapBiomas, 2025). We first calculated the area of each cell that was
possible to be converted to agricultural lands by excluding the area occupied by the classes
“Water” and “Urban infrastructure”. We then extracted the area occupied by the class “Farming
and silviculture” which included “Pasture”, “Agriculture”, “Silviculture”, “Oil Palm” and “Mosaic
of uses”. Finally, we calculated the proportion occupied by agricultural lands by dividing the area
occupied by “Farming and silviculture” by the remaining area after excluding water and urban
areas. We then ran the 1000 bootstrap Spearman correlation tests (rates of change against
proportion of agricultural lands) for each combination of variable, period, method (in the case of
MCWD) and percentile. Because MCWD is a negative variable, we inverted the values to facilitate
the interpretation of its association with agricultural lands (i.e., positive correlation would mean
higher deficit in cells with higher proportion of agricultural lands).
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Extended Data Figure S1. Spatiotemporal patterns of the driest and wettest period of the calendar year. Onset of the driest
period is defined by the first pentad in a sequence of at least six out of eight consecutive pentads with precipitation below
the baseline; the end of the driest period is defined analogously. Pentad 1 corresponds to 1-5 January and pentad 73 to 27—
31 December. The wet peak corresponds to the pentad with the highest mean precipitation in the historical period (1981 —
2024) and is the reference for converting the calendar year to hydrological year.
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Extended Data Figure S2. Definition of the hydrological year. Calendar year is divided into 73 pentads (5-day periods), from
1-5 January (pentad 1) through 27-31 December (pentad 73). The hydrological year is defined as a contiguous sequence of
73 pentads beginning in the pentad with the highest mean precipitation based on the historical period (1981 — 2024). The
first pentad of the hydrological year is the wettest pentad, which will be variable for each cell.
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Extended Data Figure S3. The magnitude of climate change across the Amazon. Decadal rates of change of a, temperature
(eC dect) b, maximum cumulative water deficit (MCWD, mm dec™) ¢, vapour-pressure deficit (VPD; kPa dec), d, precipitation
(mm dec?) and e, precipitation amplitude (mm dec™!). All panels show the central (50t percentile) and extreme (5t and 95t
percentiles) rate of change for the Amazon region calculated on grid cell-wise with a spatial resolution of 11 km. Trends for
minimum, mean and maximum temperature and mean VPD were calculated for the hydrological year (Year) and driest period
(DP). MCWD was calculated considering two evapotranspiration (ET) thresholds, one fixed at 100 mm and the other linked
to temperature. Precipitation trends included the hydrological year, DP and the wettest period (WP). Precipitation amplitude
is the difference between rainfall in the wettest and driest period. In all panels, black dots represent the Amazon-wide mean
rate of change per decade of each variable in each percentile in each period. Dashed vertical lines corresponds to zero.
Outliers are not shown to restrict axes to the main trends.
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Extended Data Figure S4. Spatial distribution of temperature change across the Amazon. a, Basin wide and b, statistically
significant (p<0.05 decadal rates of change (2C dec?) for minimum (Min), mean and maximum (Max) temperature. In the
rate of change, central trend (50t percentile) and extremes quantiles (5t and 95t percentiles) are shown for the hydrological
year (Year) and driest period (DP). In panel b, non-significant values are indicated in white. c, historical average values for the
reference period (1981-1990) for the minimum, mean and maximum temperature during the hydrological year and driest
period.
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Extended Data Figure S5. Spatial distribution of vapour-pressure deficit (VPD) change across the Amazon. a, Basin wide and
b, statistically significant (p<0.05) decadal rates of change (kPa dec'!) for mean VPD. In the rate of change, central trend (50th
percentile) and extremes quantiles (5t and 95t percentiles) are shown for the hydrological year (Year) and driest period (DP
In panel b, non-significant values are indicated in white. ¢, historical average for the reference period (1981-1990) for the
mean VPD during the hydrological year and driest period.
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Extended Data Figure S6. Spatial distribution of maximum cumulative water deficit (MCWD) change across the Amazon. a,
Basin wide and b, statistically significant (p<0.05) decadal rates of change (mm dec') for MCWD for central trend (50th
percentile) and extremes quantiles (5t and 95t percentiles) considering a fixed evapotranspiration (ET) of 100 mm and for
the 5% quantile with a temperature-linked ET. In panel b, non-significant values are indicated in white. c, historical average
for MCWD for with fixed and temperature-linked ET for the reference period (1981-1990).
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Extended Data Figure S7. Spatial distribution of precipitation change across the Amazon. a, Basin wide and b, statistically
significant (p<0.05 decadal rate of change (mm dec) for precipitation. In the rate of change, central trend (50t percentile)
and extremes quantiles (5t and 95 percentiles) are shown for the hydrological year (Year), driest (DP) and wettest period

(WP). In panel b, non-significant values are indicated in white. c, historical average values for the reference period (1981-
1990) for the precipitation during the hydrological year, WP and DP.
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Extended Data Figure S8. Spatial distribution of amplitude precipitation change across the Amazon. a, Basin wide and b,
statistically significant (p<0.05) decadal rates of change (mm dec?) for amplitude of precipitation for the central trend (50th
percentile) and extremes quantiles (5t and 95t percentiles) during the hydrological year. Amplitude of precipitation is the
difference between the rate of change in the wettest and driest period. Non-significant values are indicated in white in panel
(b). ¢, historical average of amplitude precipitation for the reference period (1981-1990).
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Extended Data Figure S9. Protected areas affected by the highest increase in temperature in the Amazon. The regions with
the top 10% rate of increase in maximum temperature in the driest period are shown in yellow for the central trend (50t



percentile), dark red for the extreme (95t percentile), and purple where the two overlap. The protected areas were obtained
from the World Database on Protected Area (WDPA). We reclassified the all the protected areas within the Amazon region
into Indigenous Land, Strict Protection and Sustainable Use. All protected areas that had an indication of being an indigenous
land in the title were reclassified as Indigenous Land. We reclassified the remaining protected areas as Strict protection when
they were originally within the groups Ia, Ib, II, lll and IV and as Sustainable use when they were originally within the groups
V and VI of IUCN classification. All indigenous lands, and strict protection and sustainable use protected areas are shown in
white and when they overlap the regions with highest increase in temperature, they have the borders of the overlap in red.
The protected areas indicated as "Not reported"”, "Not Assigned", "Not Applicable" in WDPA were reclassified to “Not
classified” and are shown in dark grey.
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Extended Data Figure S10. Spatial associations between climate change, climate means and agricultural land cover.
Amazon-wide correlations between the decadal rates of change of climatic variables and a, their mean values (1981-1990)
and b, the proportion of agricultural lands in each 11km cell. For each combination of a variable, a percentile (50th and 95th),
a period (Year, Driest Period — DP) and a method (100 mm threshold and Temp-linked threshold for MCWD) we ran 1000
bootstrap analysis of Spearman correlation, using 100 samples to build a confidence interval for the associations. Non-
significant associations are represented by hollow symbols. Variables were ordered by mean correlation coefficients in the
central (50th) trend. Red dashed lines are drawn at r = +-0.2, +-0.4 and 0.6. Temp = Temperature, VPD = vapour-pressure
deficit, MCWD = maximum cumulative water deficit.



