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Abstract
About 40% of the Brazilian Amazon has been deforested or suffered changes in forest structure
through degradation (selective logging, fires, and fragmentation). The impact of forest degradation
on the forest’s sensitivity to climate extremes has not been fully explored because of a lack of data
and the complex interplay of forest structure and climate drivers. Here, we combined forest
structure data from 545 airborne lidar transects (375 ha each) across the Brazilian Amazon with
the Ecosystem Demography Model (ED2). We explore the forest’s functional response to
near-present (1981–2019) climate extremes under observed forest structure from lidar (Control)
and two forest structure change scenarios: (1) forest recovery by excluding all future deforestation
and degradation (Recovery) and (2) expansion of selective logging and deforestation (Degradation).
Using the Control simulation, we found a close and positive association between local forest
aboveground biomass and the predicted gross primary productivity (GPP) and evapotranspiration
(ET). Moreover, both GPP and ET respond negatively to extremes in vapor pressure deficit and
downwelling shortwave irradiance in degraded forests in Eastern and Southern Amazon, indicating
high sensitivity to droughts. Locally high-biomass forest patches showed little or no negative
response of GPP and ET to extreme drought conditions whereas low-biomass forest patches in the
same locations—typically degraded forest canopies—responded negatively to higher moisture
stress. The results from the Recovery scenario showed similar results to simulations with observed
structure; however, under the Degradation scenario, low-biomass forest patches became more
abundant, resulting in more regions where GPP and ET are negatively impacted by hot drought
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conditions according to the ED2 model. Our results suggest that local forest structure is a critical
determinant of an ecosystem’s response to climate variability, and that the loss of canopy trees in
the Amazon through forest degradation could increase and expand forest vulnerability to
droughts.

1. Introduction

Future climate predictions indicate that most parts
of the Amazon will likely experience more frequent
extreme and hot droughts [1–3]. Under continuing
high carbon emissions, increasingly hot conditions
will increase air vapor pressure deficit15 and intensify
soil desiccation, even if rainfall does not change [4–6].
Increases in air vapor pressure deficit are predicted
to compromise long-term carbon storage in a future
climate [7].

Ecosystem response functions, such as gross
primary productivity (GPP) and evapotranspiration
(ET), typically increase during the dry season [8–12],
consistent with light being the most limiting resource
[13]. However, this pattern is disrupted during severe
droughts. During the 2015–2016 El Niño event,
increases in air vapor pressure deficit and declines in
soil moisture were sufficiently strong to make water
the main limiting factor for GPP and ET [14–19].
More frequent hot droughts could persistently reduce
ET and GPP, amplify carbon losses [20–22], and
increase hydraulic failure mortality [23–25].

Nearly 20% of the Amazon has been cleared for
pastures and croplands [26, 27]. In addition, select-
ive logging, human-ignited forest fires, and fragment-
ation are pervasive across the Amazon: these differ-
ent forms of forest degradation severely reduce can-
opy cover, canopy height, biomass, and biodiversity
(figure S1) [28–32], and collectively have impacted
a further 20% of the Brazilian Amazon (figure 1)
[26, 33–41].

Forest degradation also alters ecosystem function-
ing. At the local scale, forest degradation has been
associated with decreased GPP and ET, and increased
sensible heat flux, land surface temperature and flam-
mability of degraded forests [47–53]. The pervas-
iveness of tropical forest degradation suggests that
its impacts on energy, water, and carbon cycles are
also significant at regional and global scales. The
combination of climate change, deforestation, and
forest degradation is potentially reducing the resili-
ence of Amazon forests’ carbon stocks, biodiversity,
and ecosystem response function to further changes
[21, 54–57].

Understanding how current conditions and
future deforestation- and degradation-driven
changes in canopy structure may impact the
functioning of Amazon forests relies on ecosystem

15 A brief description of quantities used in this study is available in
the supporting information (table S1).

model predictions. Terrestrial biosphere models have
been incorporating dynamic vegetation demography
(e.g. growth,mortality and disturbances) and the rep-
resentation of vertical and horizontal heterogeneity
of canopies [58–60]. One such model, the Ecosystem
Demography Model (ED2), has been used for invest-
igating the role of structural and functional diversity
of forest canopies on ecosystem response function
and on the forest’s sensitivity to climate extremes
[50, 61–65]. However, for the model to realistically
represent the feedback between forest structure and
biogeophysical cycles, the model must be initialized
with the actual spatial distribution of forest structure
[66].

This is now possible due to new active remote
sensing techniques such as the light detection and
ranging system (lidar), which uses the time between
the emission of laser pulses and the detection of
reflected light to obtain the distance to targeted
objects [67–69]. By surveying large forest areas with
high-density sampling flight plans, airborne lidar
datasets have been successfully employed to detect
and quantify the spatial heterogeneity in tropical
forest canopy structure at both local and regional
scales, as well as canopy changes due to forest
disturbances [30, 70–75]. Importantly, sub-orbital
lidar surveys with high density of returns and nar-
row off-nadir angle of view reliably characterize forest
structure [76, 77] and avoid shadow-associated biases
typically found in greenness-based remote sensing
[78, 79].

Here, we integrate the most extensive airborne
lidar survey across the entire Brazilian Amazon to
date [42, 43] with the ED2 model to investigate the
following scientific questions:

1. How does current forest structure in the Amazon
mediate the relationships between climate vari-
ability and ecosystem functioning at local and
regional scales?

2. Howwould potential expansions of deforestation,
forest degradation, and forest regrowth affect the
forest’s response to extreme climate across the
Brazilian Amazon?

We leverage previous work [50] to generate the
ED2model initial forest structure state from airborne
lidar for the entire Brazilian Amazon, and conduct
multidecadal simulations to identify and attribute the
role of forest structure and forest structure changes
on the forest’s sensitivity to typical and extreme
climate conditions. We then explore how tropical
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Figure 1. Overview of the land cover and airborne lidar sampling across the Brazilian Amazon biome. White diamonds are the
centroids of each 12 500× 300 m, randomly located airborne lidar transects acquired by the Brazilian National Institute for Space
Research (INPE) in 2016 [42, 43]. Background map is the land cover state. Intact forests were obtained from the intact forest
landscapes (IFL) dataset for 2016 [41], and most additional classes are derived from INPE’s TerraClass product for 2014 [44, 45]:
Degraded forests are forest areas in TerraClass not flagged as intact by IFL; other forests include secondary forests, forest
plantation and mixed use landscapes. Deforested areas are areas deforested between 2014 and 2016 according to INPE’s PRODES
product [45, 46] .

forests in the Amazon change sensitivity to climate
extremes under scenarios of forest recovery and fur-
ther disturbances.

2. Methods

2.1. ED2
The ED2 is a process-based model that represents
the horizontal and vertical variability of canopies
across landscapes [80–82]. Each grid cell (working
spatial resolution) is subdivided into a series of sites,
which are used to represent landscape-scale hetero-
geneity in edaphic conditions (e.g. soil texture and
depth); patches, which describe disturbance-driven
variation in local forest community structure; and
cohorts, which represent the vertical structure and
diversity of the plant canopy specified in terms of the
abundance of individuals with similar plant size and
plant functional type. The ED2 model has a biogeo-
physical and biogeochemical core that that accounts
for the above-ground and below-ground heterogen-
eity of forest structure, by solving the energy, water
(including plant hydrodynamics), and carbon cycles
for each patch and each cohort independently [80,
83]. For this study, we implemented a soil hydraulic
model based on vanGenuchten [84] andpedotransfer
functions based onAmazonian soils [85–87]. Cohort-
specific GPP and transpiration aremodulated by both

light and water availability specific to the local micro-
environment: small cohorts in dense forest patches
may be light-limited, whereas similar-sized cohorts
in a neighboring gap may be sufficiently illuminated
but experience higher water stress due to high evap-
orative demand due to lower air vapor pressure defi-
cit. Likewise, similar patches of forestsmay experience
different water stress conditions under the same cli-
mate, due to varying soil hydraulic conditions. The
ED2 model predictions have been extensively bench-
marked and successfully applied across tropical South
America [50, 88, 89], and the ED2 model code used
for this study (tag v2.2.1-BrAmazALS2) is archived
[90] and available on GitHub [91].

2.2. Regional characterization of current forest
structure
We split the Brazilian Amazon domain into 350 grid
cells (1 × 1◦ each), to account for spatial climate
variability without incurring an excessive computa-
tional burden. To characterize the soil heterogeneity,
we combined soil depth data [92] with additional
characteristics—texture (clay, silt and sand frac-
tions), acidity (pH), cation exchange capacity, bulk
density and organic carbon concentration—from
SoilGrids250m v2.0 [93]. Soils were assigned to a
combination of one of the 15 broad texture-based soil
categories in the ED2model [80] and the index of the
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deepest soil depth grid layer above bedrock. We split
each grid cell into up to four classes, which became
sites, based on the most abundant combinations of
texture and depth.

To obtain initial patches and cohorts, we
used 545 small-footprint airborne lidar transects
(12 500 × 300 m each) collected during the 2016
campaign of the Amazon Biomass Estimation Project
(EBA2016) [42, 43, 94] and available online [95–
98]. EBA2016 was led by Brazil’s National Institute
for Space Research (INPE), and randomly sampled
the remaining forests across the Amazon (figure 1;
figure S1). Forested areas were obtained from INPE’s
TerraClass 2014 product [44, 45], with post-2014
deforestation masked using INPE’s PRODES defor-
estation product [45, 46, 99].

We converted airborne lidar data into forest struc-
ture distributions across the domain, by applying
the same algorithm from an earlier study [50]. This
approach consists of: (1) splitting the airborne lidar
point cloud from all transects into 1310 478 columns
(50 × 50 m each), (2) deriving an initial guess for
leaf area density profile of each column, and (3) using
lidar-based statistical models of aggregated proper-
ties of forests plots including their aboveground bio-
mass, basal area, leaf area index, and stem number
density, calibrated with forest inventory data to cor-
rect and reduce uncertainty of the leaf area density
profiles. Each corrected leaf area density profile is
then partitioned into cohorts using a feature-based
segmentation, and assumed to be a forest patch. An
overview of the approach is available in appendix S1,
and described in detail in the previous study [50].
This approach captures both the regional variation
in forest structure across the Amazon, and the local
heterogeneity due to different disturbance histories
(figure S2) [50]. We used the geographic location of
each lidar column to assign patches to grid cells and
sites. The initial conditions for ED2 are archived and
openly available [100].

Because the airborne lidar data acquisition
excluded deforested regions [43], for each site we
added the appropriate amount of deforested area
according to TerraClass and PRODES. Since ∼88%
of the deforested area in the Brazilian Amazon is pas-
ture (figure 1) [101], the deforested area within each
site was represented as a single pasture patch within
each site that was comprised of C4 grasses, with a
prescribed a leaf area index of 2 m2 m−2 based on
typical values in Amazon pastures [102].

2.3. Simulating impacts of forest structure change
on ecosystem response function
For all the ED2 model simulations, we used
hourly meteorological data from the bias-corrected
Fifth generation of atmospheric reanalysis from
the European Centre for Medium-Range Weather
Forecasts (WFDE5) reanalysis data [103] for a 38 year
period (1981–2018). For precipitation, we replaced

WFDE5 data with Climate Hazards Group InfraRed
Precipitation with Station (CHIRPS) data [104],
because CHIRPS agrees better with observations at
seasonal scales [105].

To attribute the impact of forest structure changes
on the ecosystem response to extreme climate condi-
tions, we conducted three regional simulations:

1. Control. In this simulation, we initialized the
ED2 model with airborne lidar (section 2.2),
and carried out the simulation for one full
cycle of meteorological conditions (38 years), dis-
abling dynamic vegetation, so the forest structure
remained constant.

2. Recovery. In this simulation, we initialized the
ED2 model as in Control, and ran the model
for one full cycle of meteorological conditions
(38 years) with vegetation dynamics, allowing
only natural disturbances (tree fall) to occur, and
thus representing an initial recovery of the forest
from current degradation. The forest structure at
the end of the recovery period was used as initial
conditions for an additional simulation for one
full cycle of meteorological conditions (38 years)
in which vegetation dynamics was disabled. Only
the last 38 year period was analyzed.

3. Degradation. In this simulation, we initialized
the ED2 model as in Control, and ran the model
for one full cycle of meteorological conditions
(38 years), with vegetation dynamics allowing
both natural and anthropogenic disturbances.
To drive anthropogenic disturbances (appendix
S2), we used the results of a scenario describ-
ing the regional expansion of timber harvesting
and deforestation between 2010 and 2039 (figure
S3) [106]. The forest structure at the end of the
degradation expansion period was held constant
for an additional simulation for one full cycle of
meteorological conditions (38 years), and only the
last 38 year period was analyzed.

We note that the intent of using 38 years of met-
eorological data is to provide the ED2 model with a
range of contemporaneous climatological conditions
that includes both typical and extreme conditions,
without attempting to link recovery and degradation
events with specific climate events. Therefore, except
for benchmarking purposes (section 2.4), our ana-
lyses do not focus on specific meteorological years.
The following archived datasets provide the bound-
ary conditions [107], configuration files [108] and the
output for selected variables [109] for the ED2model
simulations.

2.4. Regional-scale assessment of the ED2model
We assessed initial conditions and predictions region-
ally for the ED2 model, by pooling datasets based
on field measurements and remote sensing. To assess
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the initial conditions (Control simulations), we com-
pared aboveground biomass and leaf area index with
annual averages from 2016, or the closest year avail-
able, from gridded datasets [110–112]. For evalu-
ations of GPP, ET and sensible heat flux, we compared
monthly averages (Control simulations) for overlap-
ping years between 2013 and 2018 ofmultiple gridded
products [16, 113–119]. We restricted the comparis-
ons to 2013–2018 to reduce confounding effects from
forest dynamics and land use change in the reference
datasets. Additional details on the reference data are
available in table S2.

2.5. Regional-scale ecosystem response function
sensitivity to climate extremes
To calculate sensitivity metrics of ecosystem response
function to climate at each grid cell x, we com-
puted averages at monthly time intervals (t) for both
environmental drivers (Wx,t) and ecosystem response
functions (Ex,t). Environmental drivers included
incoming solar irradiance, air vapor pressure defi-
cit and soil moisture content in the top 50 cm of
the soil column (hereafter top-soil moisture content),
whereas GPP and ET are ecosystem response func-
tions.We pooled the averages for all month-years and
related the environmental drivers with the ecosystem
response function through a local fitting, by using
function loess [120] and setting the smoothing factor
(span) to 1.0. The sensitivity of ecosystem response
function E to a specific value of environmental driver
W was defined as:

S(Ex,Wx) =
Êx (Wx +∆Wx)− Êx (Wx −∆Wx)

2∆Wx
,

(1)

where Êx is the fitted ecosystem response function at
any given value of Wx, and ∆Wx is a small change
in the value of Wx, defined as 1‰ of the total range
of Wx. To assess the simulated sensitivity of ecosys-
tem response function at median and extreme condi-
tions, we computed S(Ex,Wx) for the 5th, 50th, and
95th percentiles of Wx. Percentiles were defined for
each grid cell, to account for the regional effects on
seasonal and inter-annual variability.

2.6. Effect of local forest structure heterogeneity on
ecosystem response function
To quantify the local effects of forest structure on eco-
system response function, we assigned grid cells into
sub-regions across the Brazilian Amazon, accord-
ing to previous classification [121] (figure S4), then
grouped all patches across each sub-region according
to their aboveground biomass, using the thresholds
of 1, 2.25, 4, 6.25, 9, 12.25, 16, 20.25 and 25 kgCm−2.
By choosing thresholds based on the square of above-
ground biomass, we highlighted the variability at low-
aboveground biomass patches, which are more rep-
resentative of recently disturbed forests [30, 122]. For

each group of patches (same aboveground biomass
level), we binned monthly averages of the ecosystem
response functions by monthly averages of environ-
mental drivers, using 21 equally spaced quantiles (q)
as thresholds (q ∈ 0, 0.05, 0.10, …, 0.95, 1). All the
scripts and notebooks used to generate the analyses
presented in this manuscript are available in open
archives [123, 124].

3. Results

3.1. Regional variation in forest structure and
ecosystem response function
The initial conditions generated from airborne lidar
(Control simulation) were well correlated with refer-
ence datasets, albeit with consistently higher values
(figures S5–S8). In contrast, each ecosystem response
function reference dataset yielded markedly differ-
ent comparisons with Control, both in magnitude
and in correlation. The domain-averaged predictions
showed averaged differences betweenControl and ref-
erences that ranged between 1.8–4.1 gC m−2 d−1

(GPP), 0.3–0.8 mm d−1 (ET) and −2.7–10 W m−2

(sensible heat flux), depending on the reference
dataset (figure S7). Likewise, correlation coefficients
betweenControl and references varied between−0.28
and 0.72 for GPP, 0.25 and 0.86 for ET, and 0.66 and
0.88 for sensible heat flux (figures S7 and S8), indicat-
ing important differences not only between the ED2
model and the references, but amongst the references
themselves.

Long-term (38 years) averages of ecosystem
response functions in Control varied markedly
across the Amazon. The predicted GPP average
was 10.7 gC m−2 d−1, with the lowest values
(5.9 gCm−2 d−1) along the arc of deforestation in the
Southern and Southeastern regions (figure 2(a)). The
regional distribution of long-term average ET is sim-
ilar to GPP, although the relative difference between
the regional average (4.0 mm d−1) and the lowest
regions along the Eastern part of the arc of deforesta-
tion (2.9 mm d−1) is relatively smaller (figure 2(b)).
The areas with the highest long-term average ground
temperature (29.7 ◦C), in the deforested areas in
Maranhão, were more than 3 ◦C warmer than the
regional long-term average (26.3 ◦C) (figure 2(c)).

3.2. Regional variation in forest sensitivity
Under the Control simulation, the sensitivity of GPP
to environmental drivers, as defined in section 2.5,
varied substantially across the Brazilian Amazon. At
the lowest percentiles of incoming solar irradiance
(figure 3(a)), GPP sensitivity to incoming solar irradi-
ance was generally positive across the Amazon, indic-
ating light limitation during extreme overcast con-
ditions. Under median conditions, the GPP sensitiv-
ity decreased, with degraded forests in Mato Grosso,
SE Pará and Maranhão showing negative sensitiv-
ity (figure 3(b)). At high incoming solar irradiance

5



Environ. Res. Lett. 20 (2025) 054024 M Longo et al

Figure 2. Long-term average of ecosystem response functions for the Control simulation. Maps of long-term average (1981–2018)
average of (a) gross primary productivity (GPP), (b) evapotranspiration (ET) and (c) ground temperature (Tg). Brazilian states
overlapping with the Amazon biome indicated in panel (b): Acre (AC), Amapá (AP), Amazonas (AM), Maranhão (MA), Mato
Grosso (MT), Pará (PA), Rondônia (RO), Roraima (RR), Tocantins (TO) .

Figure 3. Impacts of environmental drivers on gross primary productivity (GPP) under extreme and typical conditions. Maps of
GPP sensitivity to (a–c) incoming surface solar irradiance (QSW↓), (d)–(f) top-soil moisture content (at the top 50 cm,Θ50cm),
and (g)–(i) air vapor pressure deficit (VPDa) for the (a), (d), (g) 5th percentile, (b), (e), (h) 50th percentile, and (c), (f), (i) 95th
percentile of the environmental drivers at each grid cell under simulation Control. Positive values of sensitivity indicate that GPP
typically increases with increasing environmental driver when the driver monthly average is near the percentile value. Brazilian
states overlapping with the Amazon biome indicated in panel (e): Acre (AC), Amapá (AP), Amazonas (AM), Maranhão (MA),
Mato Grosso (MT), Pará (PA), Rondônia (RO), Roraima (RR), Tocantins (TO) .

percentiles, the GPP sensitivity remained positive
across the central Amazon, but negative sensitivities
expanded over the southern states, suggesting that
other drivers associated with high incoming solar
irradiance were causing stress-related GPP declines
(figure 3(c)).

To investigate other stress factors, we computed
the GPP sensitivity to top-soil moisture content
and air vapor pressure deficit. Under extremely
low soil moisture conditions, the GPP sensitivity
to top-soil moisture content was positive across
the biome (figure 3(d)), which implies widespread

water-limitation of GPP during extreme droughts.
The most positive sensitivities occurred in the
savanna enclave in Northeastern Roraima, and in
forests inNorthern Pará andNorthwesternMaranhão
(figure 3(d)). Further analysis shows that this is due
to a combination of low precipitation (lower water
supply), shallow soil depths (restricted soil water
storage) and high fractions of clay (strong root water
extraction resistance) (figure S9). In contrast, under
median and high soil water content, GPP sensitiv-
ity to top-soil moisture content was typically zero
or negative, with the most negative values occurring

6



Environ. Res. Lett. 20 (2025) 054024 M Longo et al

Figure 4. Ecosystem function response to environmental drivers by patch aboveground biomass (AGB). Average (a)–(c)
evapotranspiration (ET) and (d)–(f) gross primary productivity (GPP) as functions of (a), (d) incoming surface solar irradiance
(QSW↓), (b), (e) top-soil moisture content (at the top 50 cm,Θ50cm), and (c), (f) air vapor pressure deficit (VPDa) aggregated by
patch aboveground biomass (AGB). For patch aboveground biomass class, values across all months and grid cells were binned in
20 quantile intervals (0%–5%, 5%–10%, …, 95%–100%) of the environmental driver and shown at the midpoint of each bin
(2.5%, 7.5%, …, 97.5%). The results for each individual Amazon region for ET and GPP are shown in figures S11 and S12,
respectively.

in Northwest Amazonas (figures 3(e) and (f)), the
area with the highest total annual precipitation in the
domain (figure S9). The simulated GPP sensitivity
to air vapor pressure deficit was consistent with the
sensitivity to top-soil moisture content: under low
and median air vapor pressure deficit conditions, the
domain experienced widespread positive sensitivity
(figures 3(g) and (h)), whereas under high air vapor
pressure deficit, most of the domain experienced
negative sensitivity (figure 3(i)). The patterns of sim-
ulated ET sensitivity to incoming solar irradiance,
top-soil moisture content and air vapor pressure defi-
cit generally followed the patterns observed for GPP
(figure S10).

3.3. Effects of local heterogeneity of forest
structure on ecosystem response function
The structural heterogeneity of forests also affected
the sensitivity of ecosystem response functions to
environmental drivers. The simulated ET typically
increased for high-aboveground-biomass patches
across all regions and ranges of environmental drivers
(figures 4(a)–(c); figure S11). Moreover, ET con-
sistently increased with incoming solar irradiance
for intermediate- (6.25–12.25 kgC m−2) and high-
aboveground-biomass patches (⩾16 kgC m−2).

Conversely, for low-aboveground-biomass patches
(1–4 kgC m−2), the response of ET to increasing
incoming solar irradiance reaches a plateau or a max-
imum for incoming solar irradiance ⩾220 W m−2

(figure 4(a)). Similarly, low-aboveground-biomass
patches experience their maximum monthly ET
at higher values of top-soil moisture content
(190–200 kgH2O m−2) than high-aboveground-
biomass patches (176 kgH2O m−2), suggesting that
low-aboveground-biomass forests became water-
limited more often than high-aboveground-biomass
forests (figure 4(b)). The impacts of air vapor pressure
deficit on ET were similar to top-soil moisture con-
tent, with ET for low-aboveground-biomass patches
peaking at lower air vapor pressure deficit (∼19 hPa)
than intermediate- and high-aboveground-biomass
patches (∼24 hPa) (figure 4(c)). The effect of envir-
onmental drivers on GPP was qualitatively similar to
those on ET; however, the relative declines past the
maximum were less pronounced (figures 4(d)–(f);
figure S12).

3.4. Impacts of forest dynamic scenarios
The simulation scenarios markedly shifted forest
structures across the Brazilian Amazon. On average,
aboveground biomass under the Recovery scenario
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Figure 5. Impact of experiment simulation sets on the long-term average of ecosystem response functions. Maps of the differences
between (a), (c), (e) Recovery or (b), (d), (f) Degradation simulation sets and Control, for (a), (b) gross primary productivity
(GPP), (c), (d) evapotranspiration (ET), and ground temperature (Tg). Brazilian states overlapping with the Amazon biome
indicated in panel (c): Acre (AC), Amapá (AP), Amazonas (AM), Maranhão (MA), Mato Grosso (MT), Pará (PA), Rondônia
(RO), Roraima (RR), Tocantins (TO). Absolute values of all simulation sets are shown in figure S14.

increased by 1.2 kgC m−2. The largest aboveground
biomass gains occurred in the Southeast, which were
partially offset by losses in the tall, high-biomass
forests of the Northeast (figures S13(a) and (b)).
In contrast, aboveground biomass declined under
Degradation nearly everywhere (average change of
−5.5 kgC m−2), with losses in the Northeast driven
by deforestation, and losses in the Central and
Northwestern regions largely due to logging (figure
S3; figure S13(c)). BothRecovery andDegradation res-
ulted in leaf area index reductions (figures S13(d)–
(f)), although losses in Recovery happened where leaf
area index was high under Control, compared to ubi-
quitous declines in Degradation (figures S13(d)–(f)).

Consistent with the leaf area index changes rel-
ative to Control, both scenarios predicted declines
in GPP, with average changes of −0.9 gC m−2 d−1

(Recovery) and −4.0 gC m−2 d−1 (Degradation) rel-
ative to Control (figures 5(a) and (b)). The declines
in GPP under Recovery showed small regional vari-
ability (figure 5(a)), whereas the largest declines
under Degradation occurred predominantly in the
Southeast and the South (up to −11.6 gC m−2 d−1),

where most forests were either cleared or logged
(figure 5(b)). Under Recovery, long-term averages
of ET and ground temperature were only slightly dif-
ferent from Control, with the largest shifts towards
higher ET and lower ground temperature in the
Southeast (figures 5(c) and (e)). Under Degradation,
the largest decreases in ET (−1.3 mm d−1) and
increases in ground temperature (4.7 ◦C) occurred
in the deforestation-dominated East, however,
logging-impacted areas such as the Central Amazon
experienced marked changes too (average changes of
−0.3 mm −1 and 1.1 ◦C) (figures 5(d) and (f)).

Changes in forest structure affected the predicted
forest response to environmental drivers. Themedian
responses of GPP and ET to incoming solar irra-
diance were similar between Control and Recovery,
with minor decreases of GPP (6%–7% relative to
maximummedian) at high incoming solar irradiance
(figures 6(a) and (d)). In contrast, underDegradation,
median GPP and ET respectively declined by 58%
and 26% at the highest incoming solar irradiance
(figures 6(a) and (d)). The response of GPP to
top-soil moisture content variability intensified in
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Figure 6. Ecosystem function response to environmental drivers across scenarios. Monthly averages of (a)–(c) gross primary
productivity (GPP) and (d)–(f) evapotranspiration (ET) as functions of monthly averages of (a), (d) incoming shortwave
irradiance (QSW↓), (b), (e) top-soil moisture content (at the top 50 cm,Θ50cm), and (c), (f) air vapor pressure deficit (VPDa) for
the Control, Recovery, and Degradation scenarios. For each simulation scenario, values across all months and grid cells were
binned in 20 quantile intervals (0%–5%, 5%–10%, …, 95%–100%) of the environmental driver and shown at the mid-point of
each bin (2.5%, 7.5%, …, 97.5%). Lines and shaded bands are respectively the medians and the 68% variability range in each bin.
The results for each individual Amazon region are shown in figures S15–S17.

Degradation, with median GPP increasing by 52%
when top-soil moisture content increased from 176
to 214 kgH2O m−2 (figure 6(b)). Moreover, the
top-soil moisture content associated with maximum
median ET increased from 185 kgH2O m−2 (Control
and Recovery) to 214 kgH2O m−2 (Degradation)
(figure 6(e)). The simulated GPP and ET declined
with high air vapor pressure deficit for all scenarios
(figures 6(c) and (f)). However, under Degradation,
GPP decreased rapidly when air vapor pressure deficit
exceeded 14.0 hPa, with 62% reduction at the highest
air vapor pressure deficit relative to the median max-
imum GPP (figure 6(c)). The declines of ET at upper
extremes of air vapor pressure deficit relative to the
median maximum were also stronger in Degradation
(40%) than in Control (14%) or Recovery (15%)
(figure 6(f)). Differences in ET and GPP between
Degradation and Control were noteworthy across
most of the Amazon, and occurred both at regions
where logging (Northwest) and deforestation (South
and Southeast) were the dominant land cover change
(figures S15–S17).

4. Discussion

Our results highlight that the Amazon Forest sensit-
ivity to climate extremes emerges from both regional
and local drivers. The ED2 model estimates of GPP

and ET are consistently higher than the reference
datasets used in this study (figures S7 and S8); how-
ever, there was low agreement in the magnitude and
seasonality of GPP and ET among the reference data-
sets themselves that made the estimates of bias and
uncertainty in the ED2 model predictions difficult
to assess, and highly dependent on the choice of
reference dataset (figures S7 and S8). This may be
partly due to the higher estimates of aboveground
biomass and leaf area index based on airborne com-
pared to satellite remote sensing estimates (figures
S5 and S6). Some of the largest differences occurred
where airborne lidar data were not available, such
as the area bordering Suriname (figure S1), where
the nearest airborne lidar data were representative
of much taller and denser forests. Moreover, the ini-
tialization approach was calibrated with limited field
inventory data. Although we had tested the approach
for spatial transferability [50], the lack of calibration
data from tall-tree dominated forests [42, 94], white
sand forests and scrublands [125, 126] and other
unique forest landscapesmay have impacted accuracy
and precision of forest structure estimates. Together,
these results indicate that uncertainties and biases
may exist on both the ED2model predictions and the
reference datasets, and that there is an important need
for calibration datasets that characterize the hetero-
geneity of tropical forests.
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For much of the Western and Central part of the
Amazon, the ED2model predicted positive responses
in GPP and ET to drier and sunnier conditions
when conditions are near average (figure 3; figure
S10), consistent to previous work using solar-induced
chlorophyll fluorescence measurements as proxies for
GPP [8]. In contrast, both GPP and ET across the
Southern and the Eastern Brazilian Amazon respon-
ded negatively to the intensification of conditions
typical of severe droughts—dry air, dry soil and
sunny conditions (figure 3; figure S10)—indicating
that these regions are more vulnerable to drought
stress both through soil moisture and air vapor
pressure deficit, which can lead to higher risk of
mortality-driven carbon losses [15, 127]. Increasing
atmospheric CO2 could partially mitigate this risk,
although the magnitude of the CO2 fertilization
effect in tropical forests remains unconstrained by
observations [128] and highly variable across models
[129, 130].

Local heterogeneity of forest canopy structure
within grid cells (1 × 1◦) had a marked effect on
the model predictions across the Brazilian Amazon.
Forests with locally low above-ground biomass
(aboveground biomass <6.25 kgC m−2) typically
showed lower ET and GPP than those with high
aboveground biomass (>9 kgC m−2) (figure 4;
figures S11 and S12). This is expected because these
forests are more open and also have lower leaf area
index; however, the predicted functional response
of low-aboveground-biomass to either low soil
moisture or high air vapor pressure deficit is often
decoupled from the high-aboveground-biomass
forest responses, with ET in low-aboveground-
biomass forests peaking at higher soil moisture
and lower air vapor pressure deficit, and sustain-
ing more substantial depletions in ET and GPP under
extremely water limiting conditions (figure 4; figures
S11 and S12). Considering that the maximum ET
and GPP occur at lower levels of drought and the
depletion is more pronounced in these forests, the
simulation results indicate that low-aboveground-
biomass forest patches experience water stress more
frequently than high-aboveground-biomass forest
patches. Nevertheless, the results indicate that once
forests reach intermediate levels of aboveground
biomass, their response to environmental variab-
ility becomes nearly independent of forest struc-
ture, behaving similarly to very-high-aboveground-
biomass forests (∼25 kgC m−2), which are typical of
old-growth conditions. These results are consistent
with observations of eddy covariance flux measure-
ments and remotely sensed estimates of fluxes in the
Amazon, which found that lightly degraded forests
experienced only minor changes in energy, water and
carbon fluxes, but forests that burnt multiple times
had noticeable differences in GPP and ET for up to
7 years and potentially longer when fire disturbance
becomes severe [51, 53, 131, 132].

The ED2 model simulations indicate that the
recovery of currently degraded forests will have only
a modest impact on the forest sensitivity to climate
extremes (figures 5(c) and (e); figure 6). In con-
trast, the ED2 simulations indicated that degraded
forests across the Amazon will likely experience sub-
stantially more water and heat stress than intact
forests, potentially impacting the ecosystem resilience
of degraded forests to extreme events (figures 5(d)
and (f); figure 6). Direct impacts of forest degrad-
ation include the reduction in forests’ aboveground
biomass and leaf area index and the increase in can-
opy openness [29, 71, 133–135], which result in more
light penetrating through the canopy. The reduction
in leaf area index, combined with the increased radi-
ation reaching the ground, causes both surface desic-
cation and reduction in transpiration rates, result-
ing in long-term averages of surface temperature to
increase by more than 4 ◦C and long-term ET to
decrease by 12% (figure 5; figure S14). Faster dry-
ing in degraded or fragmented tropical forests has
been observed both in terms of increased near-surface
air vapor pressure deficit [136, 137] and decreased
near-surface soil moisture [138]. These conditions
extend the period inwhich degraded forests are under
water stress, which may increase their vulnerabil-
ity to extreme droughts, in line with evidence from
the changes in canopy water content and greenness
indices to the extreme 2015–2016 El Niño drought
[139]. In the ED2 model, the results indicate that
a potential expansion of deforestation and forest
degradation towards the west would expose new areas
of the Amazon to more frequent heat and water stress
(figure 6; figure S15–S17), even though the simula-
tion sets were carried out without any changes in
climate. However, the results from the Degradation
scenario should be considered a conservative estim-
ate of changes in forest sensitivity to climate extreme,
as many parts of the Amazon, including the west-
ern regions, are predicted to experience more fre-
quent hot droughts in the future [1], which could
further reduce the resilience of newly degraded and
fragmented forests in the west to climate extremes
[140, 141]. The combination of large-scale heat with
the hotter and drier microenvironments associated
with deforestation and forest degradation could cause
large areas of the Amazon to approach temperatures
in which photosynthesis function can no longer be
sustained [142], and thus increasing the risk of such
forests to reach critical transitions to permanently low
canopy cover conditions [143].

The idealized regional ED2 model simulations in
this study focused on assessing the direct impacts of
forest structure changes on energy, water and car-
bon fluxes and the responses of these fluxes to climate
extremes (figures 5 and 6). In reality, the combination
of forest structure changes with climate extremes will
likely generate important feedbacks that may accel-
erate ecosystem transitions to alternative states. For
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example, the results from theRecovery scenario indic-
ated that savanna enclaves in our domain, such as
those in Northeastern Roraima, may experience sig-
nificant increases in biomass and tree cover if fires
are completely suppressed (figures S13(b) and (e)),
consistent with previous research highlighting the
risk of rapid forest encroachment in the Cerrado
savannas-Amazon ecotones [144]. In contrast, other
studies have shown that previously degraded tropical
forests were more susceptible to drought-, fire-, and
wind-driven mortality than intact forests [74, 145].
Likewise, the hotter and drier microenvironments of
degraded forests increases forest flammability [53,
136–138], which can be further exacerbated through
grass establishment in the typically more open can-
opies of degraded forests [146]. These positive feed-
backs will likely intensify the fire regime across the
Amazon [147], and should be explored in future stud-
ies using process-based vegetation demographymod-
els that can account for realistic representation of fire
disturbances [148].

5. Conclusion

By integrating ED2, a terrestrial biosphere model,
with a large airborne lidar collection across the
Brazilian Amazon, we found that shorter and sparser
forests, typical of degraded areas, are more vul-
nerable to extreme climate conditions than intact
forests. Moreover, a potential expansion of forest
degradation could expand this vulnerability to areas
currently resistant to droughts (e.g. Western and
the Northwestern Brazilian Amazon). The feedbacks
between forest degradation and higher vulnerabil-
ity to climate extremes are likely to amplify as cli-
mate continues to change, consequently increasing
the risk of persistent shifts of these forests towards
low canopy cover and reduced carbon stocks. Our
study also showed the highly-promising potential to
integrate remotely-sensed data and models at con-
tinental scales to understand the emergent relation-
ships between forest structure and carbon, water,
and energy fluxes. The expansion of airborne and
spaceborne lidar datasets, most notably through
NASA’s Global Ecosystem Dynamics Investigation
[149], is allowing better understanding of the role of
forest structure on biogeophysical and biogeochem-
ical cycles at larger scales [150], especially when com-
bined with models that represent climate variability
across multiple spatial and temporal scales.
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