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Leafage structure strongly regulates canopy photosynthesis in Amazon
rainforests yet its large-scale patterns and dynamics remain poorly
understood. Here we map the fraction of leaf area of photosynthetically
efficient youngleaves (f,,,,) using remote sensing data and assess its
spatiotemporal variability from 2001 to 2023. We find that f,,,,,, varies
markedly with elevation and canopy height: tall or mountain forests

(canopy 232 mor elevation 2300 m) exhibit higherf,,,, thanshort or
lowland forests, reflecting higher leaf turnover driven by stronger radiation,
greater atmospheric dryness and longer dry seasons. Across the basin,

Syoung increased significantly in 85.2% of forests during 2001-2023, linked to
decreasing precipitation, rising sunlight, intensifying atmospheric dryness
and lengthening dry seasons. This widespread trend towards more juvenile
leaves is projected to persist under future climate change. Our findings reveal
afundamental shiftin Amazon leaf age structure and highlight its importance
for predicting future photosynthetic responsesin a warmer, drier climate.

Leaf ageis akey determinant of plant resource allocation and photosyn-
thetic performance’. Older leaves generally have lower photosynthetic
rates than younger, fully expanded leaves® >, often associated with a
lower leaf nitrogen content®” and older leaf functional traits®, reflect-
ingashift from resource acquisition to conservation®”. Consequently,
asleavesage, plants frequently reallocate resources fromolder leaves
to younger, actively growing leaves’ ™, optimizing overall photosyn-
theticoutputunder changing environmental conditions by regulating

canopy leaf age structure rather than maximizing the performance of
individual leaves'.

This strategy is particularly evident in the Amazon rainforests,
which contribute ~34% of terrestrial gross primary production (GPP)".
Site-level observations, from direct leaf labelling" and phenological
camera monitoring>™, show that dry seasons are marked by a rising
proportion of young, photosynthetically efficient leaves (3-5-months

old) and fewer old leaves (=6 months)'® 2. In essence, this seasonal shift
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Fig. 1| Spatial variations in satellite-inferred annual mean fraction of young,
fully expanded leaves (3-5 months) (f,,,,) at 1-kmresolution across Amazon
rainforests. a, Amap of satellite-inferred annual mean ., dataat al-km spatial
resolution. b, The variation of satellite-inferred annual mean f,,,,,, against
elevation (m) and h, (m). The vertical and horizontal dashed lines indicate
elevation of 300 m and h.of 32 m, respectively. ¢, Seasonality of regionally
averaged fio..; (Mean £s.e.m.) in TMFs and SLFs, respectively. The grey
backgroundsin cindicate the dry-to-wet transition seasons, defined as the latter
half of the dry season and early half of the wet season®’. Dry seasons were
identified as months with precipitation <100 mm (ref. 114) or less than one-third
of the precipitation range (0.33 x (maximum — minimum) + minimum) in cases
where monthly rainfall all exceeded 100 mm year round"*""*. The shadings in
curve graphs represent one standard error. d, PDPs of the relationships between

TMFs SLFs

regional variations in satellite-inferred f,,,,, and elevation, h, and key climate
drivers (SW, VPD and DSL) (in‘Exploring environmental drivers of f,,,,; using
PLS-SEM and RF models’ in Methods and Supplementary Fig. 5). The shadingsin
the curve graphs represent one standard error. The inset bars represent the
average contributions (@) of corresponding drivers tof, ., €stimated using the
RF method. e, PLS-SEM (in‘Exploring environmental drivers of f,,,,; using
PLS-SEM and RF models’ in Methods) depicting the impacts of elevation, h.and
key climatic drivers (that is, SW, VPD and DSL) on f, ... The line thickness
indicates the corresponding path coefficient with the value over the line. The GoF
isanindicator for assessing the overall predictive performance of the PLS-SEM.
f, The average SW, VPD, DSL, f,,,, litterfall and leaf turnover rate in TMFs and
SLFsduring the dry-to-wet seasons. The barsin the insert show the mean +s.e.m.
and n denotes the number of samples for each bar.

in leaf age structure is a key driver of the dry-season photosynthesis
increases observedin Amazonrainforests”** " as young tropical leaves
exhibithigher maximum rate of Rubisco carboxylation at 25 °C (V, jax2s)
than old leaves****?, Therefore, investigating the spatiotemporal
variability of leaf age structure in Amazon rainforests is essential for
assessing their GPP trend under climate change. Yet continental-scale
patterns of leaf age structure remain poorly understood®*** due to
the scarcity of in situ measurements'®**?, highlighting the need and
urgency to explore new technologies for mapping the leaf age structure
across Amazon rainforests.

To fill this knowledge gap, we developed a novel framework to
reconstruct spatiotemporal variations in leaf age structure across the
Amazon rainforests over the period 2001-2023. First, canopy foliage
was categorized into three age cohorts: newly flushed (1-2 months),
young fully expanded (3-5 months) and old (=6 months) (in ‘Defining
leafage cohorts’inMethods). Second, we mapped the fraction of young
fully expanded leafarea (f,,,,,) relative tototal leaf areaas a proxy for the
three leaf age categories at 1-km resolution across the entire Amazon
rainforests (-18° N-18°S) from global Penman-Monteith-Leuning
Evapotranspiration V2 (PML-V2) GPP products (500-mresolution)* over
the period 2001-2023 (method descriptions in ‘Mapping satellite-based

fyoung inMethods and Supplementary Fig. 1; validations in “Validations
of f,oung SPatially and temporally’in Methods and Supplementary Figs. 2
and 3). Third, we analysed the spatial and temporal variations in f, .,
and their environmental drivers (in ‘Exploring environmental drivers of

Jyoung USing PLS-SEM and RF models’ in Methods and Figs. 1-3). Finally,
we developed random forest (RF) machine-learning (ML) models to
link leaf age proxies to present-day environmental variables, ultimately
projecting future f,,,,, dynamics to 2100> using climate simulations
from Coupled Model Intercomparison Project Phase 6 (CMIP6)** (in
‘Future projections using RF-trained ML models’in Methods and Fig. 4).

Results

Spatial variations

By examining f,,.,, Maps against geographic variables (latitude, lon-
gitude and elevation) and plant traits (canopy height (k) and root
depth (d,,,)) (Supplementary Fig. 4a-e), we found that f,,,,,; strongly
depended onelevationand i (Fig.1a,b). Tallor mountain forests (TMFs)
(elevation=300 m (ref.35) or A, > 32.0 m(ref.36); Supplementary Fig. 4f,
green region) exhibited an overall larger mean f,,,,, (0.151+ 0.091),
whereas the remaining forests (denoted as short or lowland forests
(SLFs); Supplementary Fig. 4f, yellow region) had a relatively smaller
mean fo,,, (0.106 + 0.053). These differences were most pronounced
during the dry-to-wet transition season’, particularly from September
to April, whenf,,,,in TMFs was 1.4 times more than thatin SLFs (Fig. 1c).
The RF analyses (in ‘Exploring environmental drivers of f,,,,; using
PLS-SEM and RF models’inMethods) showed that surface downwelling
shortwave radiation flux (SW), vapour pressure deficit (VPD) and dry
season length (DSL) were found to be the dominant climatic drivers of
the TMF-SLF difference (Supplementary Fig. 5). The f,,,,; increased
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Fig.2| Temporal trends in satellite-inferred annual meanf,,,,,, across Amazon
rainforests from2001 to 2023. a, A map of the slope () of the linear correlation
between time-series f,,,,; and the time. b, PLS-SEM depicting the impacts of key
climatic drivers (Pre (in mm months™ yr™), SW (in W m2yr™), VPD (inkPa yr™) and
DSL (in months yr™)) on & of f,,,.e- The line thickness represents the magnitude of
the corresponding path coefficient with values given above the line. The GoF is an
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indicator for assessing the overall predictive performance of the PLS-SEM.

¢, Variationin 6 off,,,,; against elevation (m) and h. (m). The vertical and
horizonal dashed lines indicate elevation of 300 m and /. of 32 m, respectively.
d, The regionally averaged slopes (&) of the linear correlation between
time-series fyoune, SW, Pre, VPD and DSL in TMFs and SLFs. The data are shown as
mean + s.e.m. and ndenotes the number of samples for each bar.

abruptly where annual mean VPD exceeded 0.72 kPa, SW was larger
than155W m™or DSL ranged from 2.0 to 6.0 months (Fig. 1d). Partial
least-squares structural equation modelling (PLS-SEM) indicated that
TMFs experience higher SW (174 + 0.19 versus 157 + 0.15W m2) and VPD
(0.887 £ 0.001 versus 0.714 + 0.001 kPa) and longer DSL (5.0 + 0.016
versus 4.5 + 0.020 months) than SLFs (Fig. 1e,f), which collectively
promoted their young-leaf flushing® and old-leaf shedding’. These
rejuvenating processes accelerated leaf turnover rates (Fig. 1f, blue
bar) and litterfall (Fig. 1f, brownbar) in TMFs and resulted in larger f,,yng
compared with SLFs (Fig. 1f, green bar).

Temporal trends

We then quantified temporal trends in f,,,,, and its drivers from 2001
to 2023 using the slope () of linear regressions against time. Across
the majority (85.2%) of the Amazon, f,,,,; €xhibited a positive trend
(6 > 0) (Fig. 2a). The RF analyses of climatic drivers revealed that
decreased precipitation (Pre) together with increased SW, VPD and
DSL were the primary contributors to this younger trend in leaf age
structure (Supplementary Fig. 6). Specifically, decreasesin precipita-
tion (6 of Pre = -0.441 + 1.751 mm month™ yr™, P< 0.001) enhanced
incoming sunlight (6 of SW=0.349 + 0.416 W m~2yr™, P<0.001),
extended the dry seasons (6 of DSL=0.023 + 0.049 months yr?,
P <0.001) and intensified atmospheric dryness (6 of
VPD =0.005+0.003 kPa yr™, P<0.001), collectively driving increases
infyoung (Fig. 2b). The magnitude of this trend also varied with elevation
and A, (Fig. 2c). TMFs experienced moderate reductions in Pre and
increases in SW, DSL and VPD, leading to a smaller 6 of fju
(0.003 +£0.003yr, P<0.001), about 0.75 times lower than in surround-
ing SLFs (6 =0.004 + 0.003 yr, P< 0.001), where more pronounced
changes in climate drivers were observed (Fig. 2d). Notably, a small
fraction of TMFs (4.1%), concentrated in the northeastern area of the

region, showed a decline in f,o,,, (6 =-0.0006 + 0.0001yr™), largely
driven by shorter DSL and weaker SW (Supplementary Fig. 7).

Field-based evidence, independent validations and

potential uncertainties

Potential uncertainties remain regarding the consistency between
satellite and field-based observations, the robustness of leaf age—V, axs
thresholds over a large scale, the validity of homogeneous leaf age
assumptions among adjacent forests, independent assessments of
leaf age in driving GPP variability and potential uncertainties related
to extreme climate events and satellite signal saturation issues.

First, the satellite-inferred f,,,,, data that we obtained were vali-
dated against 341 in situ leaf lifespan data; the latter was negatively
correlated with f,,,,., (Supplementary Fig. 3b). The in situ leaf lifespan
observations mostly suggested a trend towards shorter lifespan over
their observation period (Supplementary Fig. 8a, Supplementary Data
8 and in ‘Validations of f,,,, spatially and temporally’ in Methods),
consistent withanincreasing trend in .. Independent species-based
field evidence also supports this finding: a previous study on seven
Amazoniantree species® reportedsignificant reductionsin leaflifespan
(Supplementary Fig. 8b), although part of that trend may have involved
ontogenetic branch dynamics. We further mapped the continental-scale
leafturnover rate from seasonal dynamics of MODIS Enhanced Vegeta-
tion Index at 250-m resolution (Supplementary Fig. 9a, methods in
the figure caption). Leaf turnover rate increased across >58.3% of the
Amazon during 2001-2023 (Supplementary Fig. 9b), consistent with
anincreasing trend in fy,,,.. Together, these independent validations
allsupport a continental-scale shift towards younger canopy structures
across the Amazon rainforests.

Second, the V, ..,.s thresholds of three leaf age cohorts may vary
across the Amazon region and differ among species">*****", Thus,
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Fig. 3| Testing potential uncertainties under different conditions.

a,b, Regionally averaged f,,,., in TMFs (a) and SLFs (b) under different conditions.
¢,d, The 6 of fy,,ng in TMFs (c) and SLFs (d) under different conditions. The
averagef, o, estimated based on the leaf age-V, ,,xs thresholds of six tree
species are represented in green bars and the corresponding maps of ., and 6
are shownin Supplementary Fig. 11. The average f,,,., and 6 estimated based on

6 (x1073 yr™)

dataofadjacent4 x 4 and 6 x 6 grid cellsin TMFs and SLFs are represented in grey
bars and the corresponding maps of f,,,,; and 6 are shownin Supplementary
Fig.12. The average fy,..c and 6 for TMFs and SLFs with different bins of MCWD
arerepresented in red bars. The average f,,,, and 6 for TMFs and SLFsin different
bins of LAl are represented in brown bars. The bars show the mean calculated
from nsamples, with error bars indicating +1s.e.m.

we matched satellite-observed V., ..,s data® with continental-scale
field-based leaf age measurements (Supplementary Fig. 10a). The
results showed a consistent leaf age-V, ....s relationship over abroad
spatial scale (Supplementary Fig.10b). Thef,,,,, estimates using these
leaf age-V, ....os thresholds also showed consistent spatial and tem-
poral patterns (Supplementary Fig. 10c,d). In addition, we mapped
six additional f},,,, datasets based on equation (2) using in situ leaf
age-V, n.os thresholds of six Amazon species™ (Supplementary Fig. 11
andin ‘Definingleafage cohorts’in Methods). These newly developed
fyoung datashowed similar patterns off, ., between TMFs and SLFs, with
their temporal trends being consistent with our findings (Fig. 3, green
bars, and Supplementary Fig. 11).

Third, the assumption of ahomogeneousleaf age structure among
adjacent forests needs to be examined. The camera-basedf, ,,,; at Barro
Colorado and Barro Colorado2 sites in Panama, located in the same
2 x2500-mresolution grid cells, showed consistent seasonal cycles
(Supplementary Fig. 2b). The seasonality of f,,,,,, at the K34 site also
closely matched that of the ATTO and K67 sites, even though they were
located 145 km and 583 km away, respectively (Supplementary Fig. 2b).
These field-based evidences support the prevalence of rather homo-
geneous leaf age structures across neighbouring forests. To further
test its robustness at the continental scale, we calculated the coef-
ficient of variation of MODIS-derived leaf turnover rate within each
adjacent2 x 2500-mresolution grid cell (Supplementary Fig. 9, see the
method in figure caption). More than 89% of adjacent 2 x 2 grid cells
in Amazon rainforests had coefficient of variation values below 0.4,
confirmingabroadly homogeneous leaf age structure among adjacent
forests (Supplementary Fig. 9a). Inaddition, the ., estimates based
onadjacent4 x 4 and 6 x 6 grid cells were all well correlated with those
based onadjacent2 x 2 grid cells (Supplementary Fig.12), consistently

supportingtherobustness of our continental-scale spatial and temporal
patterns (Fig. 3, grey bars).

In addition, we explored independent analyses to quantify the
importance of leaf age structure dynamics in driving GPP variability
in the Amazon rainforests. We applied ridge regression analysis to
distinguish the strength of the contributions of f,,,,, versus climate
variables (VPD,SW, Ta, Pre and CO,) to GPP, using data from the BR-Sal
and BR-Maz2 sites (Supplementary Fig. 13a,b, see the method in the
figure caption). Leaf age is shown to be the most important factor
determining GPP variability. In addition, model simulations dem-
onstrated that excluding leaf age information led to the greatest
mismatch in GPP seasonality compared with the field measurements
at BR-Sal (Kendall coefficient of -0.09) and BR-Maz2 sites (Kendall
coefficient of 0.12) (Supplementary Fig.13c,d, see the method in the
figure caption), confirming leaf age as a primary driver of GPP vari-
ability in Amazon rainforests.

Finally, drought (for example, soil water deficit) is also expected

toimpactf,,,, significantly. To test this, we calculated relative maxi-
mum cumulative water deficit anomalies (rMCWD) following the
method in ref. 40 for each pixel. We found that, across all rMCWD
bins, TMFs consistently exhibited higher f,,,,, than SLFs, and 6 of
Jyoung rémained positive (Fig. 3, red bars). Notably, both f,,,,; and &
of foung increased under moderate water stress (rtMCWD >-2.0), but
declined sharply when rMCWD fell below -2.0, indicating strong
suppression of severe drought on f,,, (Fig. 3, red bars). To test
robustness against potential signal saturation in dense canopies,
we further stratified forests by leaf area index (LAI) (<5.9, 5.9-6.0,
6.0-6.1and >6.1 m* m2). Patterns of TMF-SLF differences and their
temporal trajectories were consistent across all LAl bins (Fig. 3,
brown bars).
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Fig.4|Projected future changes in annual meanf,,,,; across Amazon
rainforests using the well-trained ML models. a, Simulated annual mean f,,,;
time series from 2015 to 2100 under different scenarios driven by the climate
factors from15 climate models (in ‘Future projections using RF-trained ML
models’in Methods), respectively. Each dashed curve indicates the projected
result driven by the climate factors from one climate model. The purple, blue,
greenand red solid curves denote the multimodel ensemble mean projections
under SSP5-8.5, SSP3-7.0, SSP2-4.5 and SSP1-2.6 scenarios, respectively. Asterisks

indicate asignificant Pearson correlation between time-series f,,,; and the time
(two-sided Student’s t-test, ***P < 0.001). b-e, Seasonality of temporal changes of
fyoung (M young) in TMFs and SLFs under different scenarios (SSP5-8.5 (b), SSP3-7.0
(c), SSP2-4.5 (d) and SSP1-2.6 (e)). Afy,ungis calculated as the difference between
two periods (the 2077-2100 average minus the 2001-2023 average). The
shadingsin curve graphs represents +1s.e.m. of the projected results driven by
the climate factors from 15 climate models.

Future projections

We developed a ML model based on a RF algorithm?® to project
future trajectories of f,,,,,, under four distinct emission scenarios
(in ‘Future projections using RF-trained ML models’ in Methods):
high (SSP5-8.5), medium-high (SSP3-7.0), moderate (SSP2-4.5) and
low (SSP1-2.6)*. Climatic forcing data were from 15 state-of-the-art
climate models that participated in the CMIP6 project®. For each
scenario, validations confirmed good predictive skill across 15 cli-
mate models, with RF models capturing historical trends in fyone
(R*>0.50) in 83.2% of grid cells (Supplementary Fig. 14a,b), with
models trained on 80% of the data and validated on the remaining
20%. Additional non-random validations further affirmed model
robustness (Supplementary Fig. 14c,d and in ‘Future projections
using RF-trained ML models’ in Methods).

Under SSP5-8.5, fi,ung i Projected to increase steadily (6
=0.0008+0.0001yr™, P<0.001; Fig.4a, purple curve) across Amazon
rainforests through2100inadrier climate (Supplementary Fig.15a,b,f).
Jyoung Shows an overall faster wet-season (January to June) increase.
Specifically, SLFs experience more reductions in Pre and greater
increasesin SW, VPD and DSL (Supplementary Fig.15a-g), resultingin
larger Afjoung (Afyoung = 0.139 £ 0.018) compared with TMFs (A
Syoung=0.109 £ 0.019) (Fig. 4b). By contrast, both TMFs and SLFs show
smaller dry-season gains (Afy,,q, = 0.099 + 0.002) (Fig. 4b) as climate
drying intensifies future dry-season climatological water deficits
(Supplementary Fig. 15h), potentially limiting the increasing magni-
tude of ., indry seasons.

Compared with SSP5-8.5, projected f, ., increases more slowly
under emission scenarios such as SSP3-7.0 (Af,oune = 0.103 £ 0.008, §
=0.0007 £0.0002 yr?, P<0.001), SSP2-4.5 (Afjoung =0.088 £ 0.007,
6=0.0006 £ 0.0001yr!, P<0.001) and SSP1-2.6 (A
Syoung =0.069 £0.005, 6= 0.0003 + 0.0001 yr™, P < 0.001) (Fig. 4c-e).
This gradientreflects progressively weaker growth in wet-season SW,
VPD and DSL from higher to lower emission scenarios
(Supplementary Fig.15a-g). The results were consistent with projec-
tions from bias-corrected Inter-Sectoral Impact Model Intercompari-
son Project (ISI-MIP) climate simulations (Supplementary Fig. 16),
whichreduced input uncertainties by aligning modelled climate vari-
ables with observations*.

Discussion

Large-scale shifts in leaf age structure across Amazon forests
have long been overlooked owing to the lack of spatially explicit
observations®®, even though leaf age is a key trait regulating GPP
variability**** (Supplementary Fig. 13). Previous studies often relied
on satellite-derived vegetation indices such as Enhanced Vegetation
Index and Near-Infrared Reflectance of Vegetation as proxies for young
leaves over alarge scale™****, but these indices do not quantify leaf age
directly*®. This limitation has been a major obstacle for simulating
photosynthetic seasonality in land surface models (LSMs)*. Here, we
derive the first continental-scale benchmark of Amazonian leaf age
structure from satellite-based GPP products, offering a pathway to
improve LSM representations of the tropical carbon cycle®.

We further identified a widespread increase in photosynthetically
efficient youngleaves over the past two decades. This finding may chal-
lenge the prevailing view that warming and drying reduce photosyn-
thesis in Amazon forests**%*, Instead, climate-driven shifts in leaf age
structureand functional traits'>*° suggest that photosynthesis could rise
inawarmer and drier climate as greater young-leafabundance enhances
photosynthetic capacity and partly offsets stomatal limitations*™.
Longer dry seasons and elevated VPD accelerate old-leaf shedding,
shorten leaflifespan and promote canopy rejuvenation'*, This strategy
reallocates carbon, nitrogen and phosphorus from older to younger
leaves®'®, boosting plant carbon-use efficiency’**". Our findings provide
continental-scale evidence for a leaf-level optimality theory, which
suggests that forests can change their leaf age structure and leaf traits
to maximize whole-plant carbon gain’, highlighting the important role
ofleafage dynamicsindriving GPP variability across the Amazon basin.

We also find contrasting changes in leaf age structure between
TMFs and SLFs under severe droughts. TMFs, which often harbour
tall canopies and low Huber values®, experience greater hydraulic
stress and stronger dry-season leaf shedding®. Deep rooting allows
TMFs to sustain leaf flushing under mild to moderate stress’?, result-
ing in faster turnover and higher young-leaf fractions compared with
SLFs. However, under severe droughts, TMFs show sharper declines
in young-leaf fractions (Supplementary Fig. 17a,c), consistent with
their greater sensitivity of canopy greenness to drought®. This higher
vulnerability under hydraulic stress* canin turn reduce GPP and thus
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decrease the allocation of carbohydrates to canopy leaves in TMFs*?,
amplifying constraints of severe droughts on flushing of young leaves.
By contrast, SLFs could evenincrease young-leaf fraction under severe
drought events (Supplementary Fig.17b,d). This might provide expla-
nations for previous studies that reported a‘green-up’ canopy during
the drought period"”. Overall, intensifying drought events could
curtail the rejuvenation of TMFs, whereas SLFs show larger advantages.

In summary, our study shows continental-scale heterogeneity in
leaf age structure and reveals a widespread increase in the fraction of
photosynthetically efficient young leaves across Amazon forests over
the past decades. While the current shift towards younger canopies
could enhance photosynthesis, this benefit may have limits: extreme
water deficits may suppress leaf rejuvenation, bringing stronger nega-
tiveimpacts on photosynthesis under future climate change. Together,
our findings highlight leaf age structure as a critical but overlooked
regulator of Amazonian GPP. Incorporating these dynamics into LSMs
is essential for predicting tropical carbon-climate feedback.

Methods

Selection of Amazon rainforest grid cells

Wefocused onintact Amazon rainforest areas (18° N-18° S) unaffected
by anthropogenic or natural disturbances during the study period.
First, 500-m grid cells classified as ‘evergreen broadleaf forests’ were
identified using MODIS land cover imagery (MCD12Q1), and only areas
with forest cover >90% were retained®*. These grid cells were then resa-
mpled to 1-km resolution for subsequent analyses. Next, 30-m global
tree cover change maps from Global Forest Watch> were overlaidonthe
500-m MODIS land cover maps. Grid cells at 1-km resolution that had
experienced forest gain or loss were excluded, following the method
inref. 56. To minimize wildfire impacts, grid cells containing burned
areas were also removed. Burned areas were derived from the MODIS
Fire_cci Burned Area Pixel Product (version 5.1) at 250-m spatial and
monthly temporal resolution®’. Degraded areas were further identified
and excluded based on TMF forest cover change data®.

Defining leaf age cohorts

Several studies have decomposed canopy leaves into distinct age
cohorts to simulate site-level GPP in Amazon rainforests***'. Can-
opy leaves have been classified into three cohorts—newly flushed
(1-2 months), young, fully developed (3-5 months) and old
(=6 months)—and leaves aged 3-5 months were found to largely con-
trolseasonal GPP variation'. This classification was supported by ref. 27,
whereinsitu measurementsindicated that V_ ,,.,s was highestinyoung,
fully developed leaves, and lower in both old and newly flushed leaves.

Here we applied the aforementioned thresholds to classify Ama-
zon leaves into newly flushed (1-2 months), young (3-5 months) and
old (=6 months) cohorts (Supplementary Fig. 1). Using 116 samples
of in situ measurements of leaf age and corresponding V, ..,.,s data at
threesitesfromrefs.1,14,27,38, we calculated the average V, ,.,os values
ofeach cohort (Supplementary Datal). These values were then used to
calculate photosynthetic rate per unit leaf area for deriving the LAl of
newly flushed (LAl,.,); young, fully developed (LAly,,,,); and old (LAl,4)
leaves from GPP variable viaequations (1) and (2) (Supplementary Fig.1
andin‘Mapping satellite-based f,,,,, in Methods).

To validate the V, .,,,,s thresholds of three leaf age cohorts at
large scales, we matched 35 field-based leaf age samples
(Supplementary Fig. 10a and Supplementary Data 2) with satellite-
derived V, ,.xos from Global Ozone Monitoring Experiment-2 (GOME-2)
Solar-Induced Fluorescence®. The resulting V, ,...s thresholds for new,
young and old leaf age cohorts across the Amazon is shown in
Supplementary Fig. 10b, with corresponding maps of f,,,,; and 6 in
SupplementaryFig.10c,d. We further tested robustness using alterna-
tive leafage-V, .osthresholds from six Amazon species'* (Supplemen-
tary Data3). Correspondingf,,,.; and 6§ maps showed the same spatial
patterns (Supplementary Fig. 11).

Mapping satellite-based f,o,ne

The derivation of continental-scale f,,,,, from satellite-based GPP
product was based on inverting a process-based model—the Farqu-
har-von Caemmerer-Berry (FvCB) model***°—astandard framework
for simulatingleaf-scale photosynthesis through photosynthesis-sto-
matal coupling from climate data. It underpins many satellite-based
and process-based modelled global GPP estimates, including the BEPS
model®*®?, the P-model®® and the Community Land Model®*. Accord-
ing to the FvCB framework, GPP can be expressed as the sum of the
product of LAl and gross photosynthesis per unit leaf area (gpp)
when canopy leaves are grouped into different cohorts according to
acertain criterion®°

GPP = LAl x gpp, + LAL, X gpp, + ... + LAl; X gpp;, 1)

where LA is the LAl of cohortiand gpp; is the photosynthetic rate per
unit leaf area for that cohort.

Giventhe demonstratedrole of leaf age in regulating GPP dynam-
icsin Amazon rainforests™ (Supplementary Fig.13), we partitioned the
canopy leaves of Amazon rainforestsinto three age cohorts following
established criteria**'*”": newly flushed (1-2 months), young fully
developed (3-5 months) and old (=6 months) (Supplementary Fig.1).
Accordingly, GPP can be written as equation (2) following ref. 67

GPP = LAlyey X 8PPpey + LAL o X 8PPyoung + LAloid X 8PPgg:  (2)

where LAl,,, LAl,,,.and LAl represent the cohort-specific LAI, and
EPPrew EPPyoungaNd gPP,qare the corresponding average gross primary
production per leaf area.

Inequation (2), GPP (left-hand side) was set using the PML-V2 GPP
product (2001-2023,500-m resolution)*. The gpp terms (right-hand
side) were calculated as the minimum of Rubisco limitation (Wc), RuBP
regeneration (Wj) and triose phosphate utilization (Wp) using the FvCB
photosynthesis model’**° coupled with the Unified Stomatal Optimi-
zation approach’®“®, where Wc, Wj and Wp are functions of climatic
drivers (thatis, the incident sunlight (SW), air temperature (7,,.,,) and
VPD) and V, ,,,5° (refer to Supplementary Fig. 1 for more details).
Cohort-specific V, x5 Values were derived by averaging 116 samples
of insitumeasurements from the K67 site (2.86° S, 54.96° W)"?, the K34
site (2.61°S, 60.21° W)** and another site (2.58°S, 60.21° W) from ref.
14 (inset box plots in Supplementary Fig.1and Supplementary Data1l).
Thus, 2PPyews EPPyoung aNA EPPoig Were estimated from cohort-specific
V. maxzs @and concurrent climate conditions. In other words, the LA,
LAl and LAl,4 values derived from equation (2) inherently incor-
porate the effects of climate variability and therefore represent the
real-word leaf age structure dynamics.

To simultaneously solve the three unknowns (LAl,,,, LAl and
LAl inequation (2), we assumed that groups of 2 x 2 adjacent pixels
(500-mresolution) shared ahomogeneous leaf age structure with simi-
lar seasonality of LA, LAl,,,,, and LAl (see theindependent verifica-
tion in ‘Field-based evidence, independent validations and potential
uncertainties’ section). This assumption yielded four equations with
three unknowns (LAl,,, LAl and LAl,,) per 2 x 2 group (for details,
refer to Supplementary Fig.1). Then, we employed a linear least-squares
solver with bounds or linear constraints (the Lsqlin function in MAT-
LAB)”® to search for the optimal LAl,,, LAl and LAl,4 based on
equation (2). To evaluate robustness, we repeated the procedure using
4 x4 and 6 x 6 adjacent grid cells. The results showed highly consistent
spatial and temporal patterns (Supplementary Fig.12).

Validations of f,,,,,; spatially and temporally

Camera-based observations of leaf age structure for spatial valida-
tion. Leaf age-dependent seasonality of LAl can be well documented
at the site level using canopy phenology cameras'”*””!, which cap-
ture top-of-canopy RGB images and allow the detection of leaf age
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cohorts from spectral differences in the green band®. We restricted
analysis to one geometrically adjusted image per day acquired under
diffuse light—either cloudy conditions or overcast sky—to minimize
illumination effects. For each crown, an abrupt increase in greenness
signalled leaf emergence. The date of this event was recorded and the
subsequent leaf age was calculated. Time-series daily leaf age datawere
then constructed by counting the number of newly flushed leaves for
each month. These records were used to build a training dataset link-
ing leaf age with brightness values. A supervised classification scheme
was applied to each RGB image to separate leaves into three cohorts:
new flushed (1-2 months), young (3-5 months) and old (=6 months).

In total, we collected camera-based images from eight Ama-
zonian sites to develop the field dataset of LAl,,, LAly,,, and LAl
(Supplementary Fig. 2a and Supplementary Data 4). Data for the K67
and K34 flux tower sites were derived fromref. 1. For the remaining six
sites, we used the classification procedure described above to compute
theLAl,,, LAl ;. and LAl The camera-based canopy photos at Barro
Colorado (March 2013 to December 2023), Barro Colorado2 (November
2014 to September 2015), Elverde (November 2014 to December 2020),
NEON GUAN (December 2016 to September 2018) and Soltis (July 2018
to April2022) sites were obtained from the following website’: https://
phenocam.nau.edu/webcam/ (last access 2 October 2025). The data
from the ATTO (July 2013 to November 2018) site were from ref. 15
with the data available at ref. 73 (last access 2 October 2025). Overall,
our satellite-based estimates showed good agreements with these
site-level camera-based LAl,,, LA, and LAl dataacross the eight
sites (Supplementary Fig. 2).

Field-based observations of leaf lifespan for spatial validation. The
satellite-derivedf,,,,,, calculated as the fraction of LAl ,, t0 LAl Was
verified against three datasets: 10 annul mean leaf lifespan measured
at 5 field sites (triangle symbols), 331 leaf lifespan estimates derived
from193insituleaf mass per area (LMA) records collected at 148 sites
(circle symbols) and 138 litterfall seasonality records from 66 sites
(square symbols) (Supplementary Fig. 3a and Supplementary Data
5-7). Ground-based leaf lifespan measurements were obtained from
refs.38,74-79 and the Plant Trait Database (TRY)®’, a global repository
containing over 2.88 million trait entries across 69,000 species. All
LMA data across the Amazon were collected from the TRY database®.
Numerous studies have reported a positive linear relationship between
log,, (LMA;ing m™2) and log,, (LL; in days) (equation (3))**°"5!

log,, (LL) = log,, (LMA) + b, 3)

where bis a parameter to calibrate the overall simulation accuracy. It
was set to 0.90 according to LMA and LL data observed across TMFs
from previous studies. Litterfall seasonality data were taken fromref’s.
30,82. Leaf turnover rates® were calculated as the ratio of (maximal
litterfall — minimal litterfall) to minimal litterfall, with the reciprocal
providing LL estimates.

Overall, by dividing the Amazonregioninto 2° x 2° grid cells, more
than 31.4% of the Amazon region had field data available for valida-
tions (Supplementary Fig. 3a). Satellite-derived f,,,,, agreed well with
field-based lifespan estimates (R*= 0.55; 91.61% of validations within
the 95% prediction interval) (Supplementary Fig. 3b).

Field-based observations for temporal validation. Long-term
field-based observations of leaf age are lacking at large spatial scales®,
precludingsite-level validation of temporal dynamics. Instead, we used
in situ leaf age measurements collected in different years at different
sites (Supplementary Fig.3),acommonapproachfor large-scale tem-
poralvalidation®. These comparisons showed that our satellite-based
Jyoung data reproduced interannual variations in leaf age, support-
ing its robustness in capturing both spatial and temporal patterns
(Supplementary Fig. 3).

As there is lacking of long-term validation for each site, we thus
compiled theleaflifespanrecords derived from LMA and litterfall data
withineach2° x 2°grid cell across the Amazon region (Supplementary
Data 8). For those 2° x 2° grid cells that had lifespan data observed for
atleast two time points (interval >2 years), we quantified their lifespan
changes between the last and first observation time points. The results
indicated a widespread decline in lifespan across at most sites across
the Amazon (Supplementary Fig. 8a), consistent with a shift towards
younger canopies. Time-series lifespan records from seven Amazonian
tree species® also revealed significant decreases from 1982 to 1989
(Supplementary Fig. 8b and Supplementary Data 9). Given the nega-
tive correlationbetween leaf lifespan and leaf age, these reductionsin
lifespan provide independent support for the observed increase trend
in f,oung Cross Amazon rainforests.

Exploring environmental drivers of f ., using PLS-SEM and

RF models

We assessed the impacts of key climate variables on spatial and tem-
poral variations in f,,,,,, including atmospheric carbon dioxide con-
centration (CO,), air temperature (7,..,), SW, Pre, SM, VPD and DSL.
Elevation and h. were also included. These variables were known to
regulate ecological processes across the Amazon rainforests, includ-
ingleaf phenology”®*, leaf traits”®, carbon and water cycles®** % and
tree mortality®°,

RF analysis of environmental drivers of f,,,,.. We applied a RF algo-
rithm™ to identify key climatic controls on f,,,.. RF incorporates the
basicform ofthe Classification and Regression Tree (CART) algorithm
into each tree and functions as an ensemble of decision trees, typically
trained using the bagging method to enhance reliability and accu-
racy in predictions”. CART yields a significant outcome in the form
of variable importance measures (VIM), a method that assesses and
ranks independent variables according to their impact on the target
variable'. The partial dependence plot (PDP)** is a visualization tool
generated by the RF-trained ML model to show the ranking results.
In this study, the CART and PDP analyses were implemented from
the Partial Dependence Display module of the scikit-learn package in
Python (https://scikit-learn.org/stable, last accessed 1 October 2025).

For the spatial analysis, we trained RF models with annual mean
Syoung PET Pixel as the response and climatic variables as predictors. VIM
values derived from the CART algorithm were used to assess the relative
importance (@) of each variable (Supplementary Fig. 5a) and PDPs were
generated toillustraterelationships betweenf,,,,, and individual driv-
ers (Supplementary Fig. 5b-j).

For temporal analyses, we trained RF models using the long-term
trends (6) of f,,,,c and climate variables. VIMs quantified the contribu-
tions of climate trends to fy,,, variability (Supplementary Fig. 6a),
while PDPs depicted correlations between temporal changes in fy,,ng
and individual drivers (Supplementary Fig. 6b-h).

PLS-SEM analysis to unravel the pathways through which key fac-
tors influence f,,,,.. We applied PLS-SEM to examine the maximum
likelihood cause-effect pathway through which environmental drivers
influencef,,,, (ref. 93). Based on the RF-derived ranking, we selected
elevation and h_as exogenous variables and incorporated the top cli-
matic predictors (SW, VPD and DSL) as intermediate variables (Fig. 1e).
Path coefficients were estimated using bootstrap resampling (2,000
iterations) and model accuracy was assessed by the Goodness of Fit
(GoF) index.

Future projections using RF-trained ML models

The CMIP6 provides future climate projections based on four SSPs:
high-emissions (SSP5-8.5), medium-to-high-emissions (SSP3-7.0),
moderate-emissions (SSP2-4.5) and low-emissions (SSP1-2.6)*. In this
study, we opted to use historical climate data (2001-2014) sourced from
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15CMIP6 climate models (ACCESS-ESM1-5%*, CanESM5%, CMCC-ESM2°%,
CNRM-CM6-1”, CNRM-CM6-1-HR*®, CNRM-ESM2-1°°, GFDL-ESM4'°°,
GISS-E2-1-H'"!, INM-CM4-8'°2, INM-CMS5-0'%, IPSL-CM6A-LR'**,
MIROC-ES2L'%, MPI-ESM1-2-HR'*®, MRI-ESM2-0'"” and UKESM1-0-LL'*®)
to train the RF-based ML model for projecting future changes in LAI
of different leaf age cohorts from 2015 to 2100. Presently, only three
climate models, thatis, CNRM-ESM2-1, GFDL-ESM4 and MRI-ESM2-0,
withinthe CMIP6 project framework, have provided data for the seven
designated climate variables: CO,, Pre, SW, T;can, VPD, SM and DSL.
However, the remaining 12 climate models did not generate output for
the CO, variable. Consequently, for future simulations involving data
fromthese 12 climate models, we used the average value of CO, output
from CNRM-ESM2-1, GFDL-ESM4 and MRI-ESM2-0.

The ISI-MIP, is a collaborative initiative focused on synthesizing
impact projections across sectors such as agriculture, water, biome,
health and infrastructure under varying global warming scenarios*.
ThelSI-MIP3b versionis renowned for its bias-corrected climate data,
which corrected systematic biases in simulated historical climatic
data to align more closely with observations and provide a reliable
foundation for nuanced climate impact analyses'””. Therefore, here
we additionally used five independent bias-corrected climate data-
sets of GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0 and
UKESM1-0-LL models from ISI-MIP"° to train the RF-based ML model
for projecting future changes in LAl for different leaf age cohorts from
2015t0 2100, to test the robustness of future projections.

Using the historical climate datasourced from 15 CMIP6 models and
five bias-corrected ISI-MIP3b models, we projected future changesin LAl
for differentleafage cohorts from2015t02100. Specifically, to develop
the RF-based ML model, we first partitioned the entire Amazon rainfor-
estsregioninto 263 grid cells, each comprising a180 x 180 arrangement
of adjacent 1-km pixels. Subsequently, we used the RF algorithm to
train the ML models for each grid cell and ultimately established 263
RF-trained ML models for the entire Amazonrainforests. In our investiga-
tion, 80% of LAl age cohorts wererandomly selected as the training data-
set, while the remaining 20% were reserved for validation. Overall, more
than 83.2% of the grid cells exhibited robust linear correlations (R* > 0.50)
between satellite-derived and RF-simulated f,,,¢, forced by climate
variables from the 15 climate models (Supplementary Fig.14a,b). These
models were also examined using alternative non-randomvalidations to
mitigate the temporal autocorrelation effects that could inflate model
performance assessed under random validations®**""', We divided the
2001-2014 period into non-overlapping periods: 2001-2004, 2005-
2010 and 2011-2014. Data from two of these three intervals were used
for training models, while the data from the remaining interval were
reserved for validations. On average, more than 37.4% of the grid cells
exhibited robust linear correlations (R? > 0.50) between satellite-derived
and RF-simulated f,,,, (Supplementary Fig.14c,d).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All the original datasets used in this research are publicly avail-
able from their sources. The LAl age cohort product is available
via Zenodo at https://doi.org/10.5281/zenodo.18271110 (ref. 112);
PML-V2 GPP datasets from https://developers.google.com/earth-
engine/datasets/catalog/CAS_IGSNRR_PML_V2_v018#description;
Terraclimate T, Tm.o Pre, VPD, SW, PET, AET and PDSI from
https://www.climatologylab.org/terraclimate.html; ERA5-Land
SMfrom https://cds.climate.copernicus.eu/cdsapp#!/dataset/rea-
nalysis-era5-land-monthly-means?tab=overview; Global canopy
height map for 2020 (h.) from https://doi.org/10.3929/ethz-
b-000609802; Global elevation from https://www.eorc.jaxa.jp/ALOS/
en/dataset/aw3d30/aw3d30 _e.htm; CMIP6 models variable from

https://aims2.linl.gov/search/?project=CMIP6/; ISI-MIP models from
https://www.isimip.org/outputdata/?simulation_round=ISIMIP3b;
MCD12Q1 v061 land cover from https://www.earthdata.nasa.gov/
data/catalog/Ipcloud-mcd12q1-061; Global Land Cover and Land
Use Change, 2000-2020 from https://glad.umd.edu/dataset/
GLCLUC2020/; ESA CCIFirev5.1from https://doi.org/10.5285/58f00
d8814064b79a0c49662ad3af537; SPEI from https://doi.org/10.5285/
ac43dall867243albb414e1637802dec; tropical moist forests product
from https://forobs.jrc.ec.europa.eu/TMF/; camera-based time-series
and seasonal LAl age cohort data from https://phenocam.nau.edu/
webcam/ and https://doi.org/10.17871/ATT0.230.4.842; in situ
leaf turnover rate observation data from https://doi.org/10.1016/j.
baae.2016.01.006; and field LMA datasets in the Plant Trait Database
(TRY) from https://www.try-db.org/TryWeb/Home.php.

Code availability
The codes used for data analysis are available via Zenodo at
https://doi.org/10.5281/zenod0.18269018 (ref.113).
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Data collection  The softwares for coding are Python 3.10 and Matlab r2019b.

Data analysis The codes used for data analysis are available at website: https://doi.org/10.5281/zenodo.18269018

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All the original datasets used in this research are publicly available from their sources, LAl-age cohort product: https://doi.org/10.5281/zenodo.18271110; PML-V2
GPP datasets: https://developers.google.com/earth-engine/datasets/catalog/CAS_IGSNRR_PML_V2_v018#tdescription; Terraclimate Tmin, Tmax, Pre, VPD, SW, PET,
AET, PDSI: https://www.climatologylab.org/terraclimate.html; ERA5-Land SM: https://cds.climate.copernicus.eu/cdsappt!/dataset/reanalysis-era5-land-monthly-
means?tab=overview; Global canopy height map for 2020 (hc): https://doi.org/10.3929/ethz-b-000609802; Global elevation: https://www.eorc.jaxa.jp/ALOS/en/
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dataset/aw3d30/aw3d30_e.htm; CMIP6 models variable: https://aims2.linl.gov/search/?project=CMIP6/; ISIMIP models: https://www.isimip.org/outputdata/?
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Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description Leaf age structure strongly regulates canopy photosynthesis in Amazon rainforests, yet its large-scale patterns and dynamics remain
poorly understood. Here we map the fraction of leaf area of photosynthetically efficient young leaves (fyoung) using remote sensing
data and assess its spatiotemporal variability from 2001 to 2023. We find that fyoung varies markedly with elevation and canopy
height: tall mountain forests (canopy = 32 m or elevation > 300 m) exhibit higher fyoung than short lowland forests, reflecting higher
leaf turnover driven by stronger radiation, greater atmospheric dryness, and longer dry seasons. Across the basin, fyoung increased
significantly in 85.2% of forests during 2001-2023, linked to decreasing precipitation, rising sunlight, intensifying atmospheric
dryness, and lengthening dry seasons. This widespread trend towards more juvenile leaves is projected to persist under future
climate change. Our findings reveal a fundamental shift in Amazon leaf age structure and highlight its importance for predicting
future photosynthetic responses in a warmer, drier climate.

Research sample We produced 1km resolution maps of the fraction of leaf area of photosynthetically efficient young leaves (fyoung) using remote
sensing data and assess its spatiotemporal variability from 2001 to 2023. In total, we collected camera-based images from eight
Amazonian sites to develop the field dataset of LAlnew, LAlyoung and LAlold (Fig. S2a; Supplementary Dataset 4). Data for the K67
and K34 flux tower sites were derived from Ref.1. For the remaining six sites, we used the classification procedure described above to
compute the LAlnew, LAlyoung and LAlold. The camera-based canopy photos at Barro Colorado (March 2013 to December 2023),
Barro Colorado2 (November 2014 to September 2015), Elverde (November 2014 to December 2020), NEON GUAN (December 2016
to September 2018) and Soltis (July 2018 to April 2022) sites were obtained from the website75: https://phenocam.nau.edu/
webcam/ (last access: 2 Oct. 2025). The data from the ATTO (July 2013 to November 2018) site were provided at15: https://
doi.org/10.17871/ATT0.230.4.842 (last access: 2 Oct. 2025). The satellite-derived fyoung, calculated as the fraction of LAlyoung to
LAltotal, was verified against three datasets: 10 annul mean leaf lifespan measured at 5 field sites (triangle symbols), 331 leaf lifespan
estimates derived from 193 in-situ leaf mass per area (LMA) records collected at 148 sites (circle symbols), and 138 litterfall
seasonality records from 66 sites (square symbols) (Fig. S3a; Supplementary Dataset 5-7).

Sampling strategy Collect all the data over tropical region. To remove the impacts of natural and anthropogenic disturbances, we excluded all grid cells
affected by recent fires and changes in forest cover (e.g., afforestation and deforestation), as well as degradation. We focused
exclusively on intact Amazon rainforests, where forest cover exceeds 90%.

Data collection All the original datasets used in this research are publicly available from their sources, LAl-age cohort product: https://
doi.org/10.5281/zenod0.18271110; PML-V2 GPP datasets: https://developers.google.com/earth-engine/datasets/catalog/
CAS_IGSNRR_PML_V2_v018#description; Terraclimate Tmin, Tmax, Pre, VPD, SW, PET, AET, PDSI: https://www.climatologylab.org/
terraclimate.html; ERA5-Land SM: https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means?
tab=overview; Global canopy height map for 2020 (hc): https://doi.org/10.3929/ethz-b-000609802; Global elevation: https://
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Timing and spatial scale

Data exclusions

Reproducibility

Randomization

Blinding

www.eorc.jaxa.jp/ALOS/en/dataset/aw3d30/aw3d30_e.htm; CMIP6 models variable: https://aims2.lInl.gov/search/?project=CMIP6&/;
ISIMIP models: https://www.isimip.org/outputdata/?simulation_round=ISIMIP3b; MCD12Q1 v061 landcover: https://
www.earthdata.nasa.gov/data/catalog/Ipcloud-mcd12q1-061; Global Land Cover and Land Use Change, 2000-2020: https://
glad.umd.edu/dataset/GLCLUC2020/; ESA CCl Fire v5.1: https://dx.doi.org/10.5285/58f00d8814064b79a0c49662ad3af537; SPEI :
https://doi.org/10.5285/ac43da11867243albb414e1637802dec; Tropical moist forests product: https://forobs.jrc.ec.europa.eu/
TMF/; Camera-based time-series and seasonal LAl age cohort data: https://phenocam.nau.edu/webcam/ and https://
doi.org/10.17871/ATT0.230.4.842; In situ leaf turnover rate observation data: https://doi.org/10.1016/j.baae.2016.01.006; Field
LMA datasets in Plant Trait Database (TRY): https://www.try-db.org/TryWeb/Home.php

time period: 2001-2023
spatial scale: over the Amazon rainforests

In this study, we focused exclusively on the areas in American tropical rainforests (ATRs) (18°N~18°S) that were not affected by
anthropogenic and natural disturbances between 2001 and 2023. First, we identified the grid cells (1-km resolution) classified as
“evergreen broadleaf forests” using MODIS land cover imagery (MCD12Q1). We specifically targeted the intact ATRs with a forest
cover exceeding 90%. Subsequently, these areas were resampled to a 1-km resolution for further analysis. Next, we overlaid the 30-
m resolution global tree cover change maps obtained from the Global Forest Watch (GFW) with the 1-km resolution MODIS land
cover maps. We excluded the 1-km resolution forest grid cells that ever experienced either forest gains (fraction > 0.02) or losses
(fraction > 0.02) from 2001 to 2020, following the methodology outlined by Su et al. (2023). To minimize wildfire impacts, we
excluded grid cells containing burned areas throughout the study period. The gridded dataset depicting forest burned areas was
derived from the MODIS Fire_cci Burned Area Pixel Product (Version 5.1), at a spatial resolution of 1-km and a monthly temporal
resolution. Detection of degraded areas was based on the TMF forest cover change data.

To exclude the impacts of severe drought events, we implemented an integrated drought assessment framework. This framework
integrated the Palmer Drought Severity Index (PDSI), the Standardized Precipitation Evapotranspiration Index (SPEI), and Cumulative
Water Deficit (CWD). A grid cell was considered to be experiencing severe drought when the annual anomalies from any indices
(PDSI, SPEI, and CWD) for a given year fell one standard deviation below the mean of the 2001-2023 time-series. We then used the
differences in fyoung seasonality between unusual and normal dry seasons to represent the impacts of unusual dry seasons (i.e.,
severe drought) on fyoung. For time-series analysis, forest grid cells experiencing severe droughts for more than nine years were
excluded from the analysis. Otherwise, forest gird cells were retained, but data from years coinciding with severe droughts were
removed.

Optical satellite signals tend to saturate in dense canopies so that the spatial and temporal variations in the total LAl of ATRs are
poorly represented by satellite sensors. Thus, we selected the valid MODIS LAl (collection 6) data for each pixel across ATRs following
the method developed by Samanta et al. (2012). The value of valid MODIS LAl for each pixel was defined as the sum of LAlclass1,
LAlclass2, and LAlclass3 in Equation 1. Grid cells were considered valid when (a) data were of good quality, with “SCF_QC” equaling O
(main algorithm without saturation) or 1 (main algorithm with saturation), (b) Clouds were absent, as indicated by “CloudState” (0),
“Cirrus” (0), “Internal_CloudMask” (0), and “Cloud_Shadow” (0). The validity of the selected grid cells was further examined by using
the MOD13A1 cloud and aerosol flags, following the methodology outlined by Samanta et al. (2012).

This invariant seasonality of total LAl has also been integrated into the LSMs to successfully simulate both site-level and regional-
scale photosynthesis, as well as the litterfall seasonality across the Amazon region. To assess the temporal changes in total LAl, we
collected the time-series LAl data from four field observation sites across ATRs, all indicating marginally small inter-annual changes.
Additionally, based on these valid grid cells, analysis also revealed no significant change (P = 0.18) in total LAl over ATRs from the
2001 to 2023 period.

We focused on the grid cells without any disturbances. So, we used all the data of those un-disturbanced pixels.

This study does not involve any relative context.

Did the study involve field work? Yes |:| No

Field work, collection and transport

Field conditions

Location
Access & import/export

Disturbance

In total, we collected camera-based images from eight Amazonian sites to develop the field dataset of LAInew, LAlyoung and LAlold
(Fig. S2a; Supplementary Dataset 4). Data for the K67 and K34 flux tower sites were derived from Ref.1. For the remaining six sites,
we used the classification procedure described above to compute the LAlnew, LAlyoung and LAlold. The camera-based canopy
photos at Barro Colorado (March 2013 to December 2023), Barro Colorado2 (November 2014 to September 2015), Elverde
(November 2014 to December 2020), NEON GUAN (December 2016 to September 2018) and Soltis (July 2018 to April 2022) sites
were obtained from the website75: https://phenocam.nau.edu/webcam/ (last access: 2 Oct. 2025). The data from the ATTO (July
2013 to November 2018) site were provided at15: https://doi.org/10.17871/ATT0.230.4.842 (last access: 2 Oct. 2025). The satellite-
derived fyoung, calculated as the fraction of LAlyoung to LAltotal, was verified against three datasets: 10 annul mean leaf lifespan
measured at 5 field sites (triangle symbols), 331 leaf lifespan estimates derived from 193 in-situ leaf mass per area (LMA) records
collected at 148 sites (circle symbols), and 138 litterfall seasonality records from 66 sites (square symbols) (Fig. S3a; Supplementary
Dataset 5-7).

Over Amazon rainforests
We collected all the field data published online. These field data can be available and used freely.

This study does not involve any relative context.
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Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
|:| Antibodies IZ |:| ChlP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms

Clinical data

=
Q)
=
(@
™D
1®)
@
=
S
-
3
D)
O
=1
=
(@]
wv
=
=
3
Q)
S

Dual use research of concern

NXNXXNKX &
OOooood

Plants

Plants

Seed stocks This study does not involve any relative context.

Novel plant genotypes This study does not involve any relative context.

Authentication This study does not involve any relative context.
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