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Pantropical moist forests are converging
towards a middle leaf longevity

Meimei Xue1,20, Xueqin Yang1,2,20, Xiuzhi Chen 1 , Philippe Ciais 3,
Liming Zhou 4, Peter B. Reich 5,6, Jingfeng Xiao 7, Xing Li 8,
Xiangming Xiao 9, Julia K. Green 10, Jing Ming Chen 11, Jane Liu11,
Jiali Shang12, Xiangzhong Luo 13, Jie Tian1, Hui Liu 14, Peng Zhu 15,
Kai Yan 16, Xinyue Fu1, Liusheng Han17, Wenping Yuan 18 &
Chaoyang Wu 19

Leaf longevity is a fundamental plant trait that largely explains ecosystem
functional dynamics in global pantropical moist forests. However, the signs,
magnitudes, and mechanisms of the spatiotemporal variations in leaf long-
evity with ongoing climate change are still lacking. Using both ground mea-
surements and gridded leaf age-dependent leaf area index data, we map the
continental-scale variability of annual mean leaf longevity across pantropical
moist forests over 2001–2023. We find a biome-dependent and converging
trend in leaf longevity under climate change. In Amazon and tropical Asia with
long leaf longevity (> ~1.8 years), leaf longevity decreases due to rising tem-
perature and intensified atmospheric dryness. In contrast, an increasing trend
is observed in Congo and subtropical Asia where forests have short leaf
longevity (<~1.8 years). These responses cause a convergence of pantropical
short and long leaf longevity into amiddle longevity range, withmaximization
of plant functional traits, photosynthesis, and species evenness, which are
expected to better resist climate variability. Our study provides emerging
evidence for large-scale structural and functional adaptions across pantropical
moist forests and is helpful for predicting climate-driven risks to ecosystem
stability.

Pantropical moist forests perform the greatest amount of terrestrial
photosynthesis, driving historic land carbon sinks and potential for
climate change mitigation1. The longevity of leaves determines the
overall duration of photosynthesis for plants2,3 and is a key feature
responsible for affecting the terrestrial carbon, water, and energy
fluxes in the tropics4–6. Leaf longevity (LL) may also affect the rate of
leaf nutrient return to soil and reallocation of soil nutrients to newly
flushed leaves7, potentially regulating plant nutrient recycling8.
Exploring the spatiotemporal variability in leaf longevity across con-
tinents is crucial for understanding plant structural and functional
responses to environmental change. It is also helpful for predicting
climate-driven risks to ecosystem stability.

Our knowledge of the signs, magnitudes, and mechanisms of
the spatiotemporal variations in leaf longevity at large spatial
scales still remains limited9. This gap is particularly acute for
pantropical moist forests10 that account for up to two-thirds of
the approximately 73,000 tree species found on Earth11. Several
field-based investigations demonstrated that tropical leaf long-
evity could vary 20-fold among sites, ranging from several weeks
to more than 6 years9,10,12–15. Despite decades of effort to quantify
leaf longevity, field measurements of large-scale leaf longevity
over the long term are still lacking. Mapping the continental-scale
distribution of leaf longevity in pantropical moist forests is thus
highly challenging.
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It is even more challenging to interpret the temporal trend in leaf
longevity acrosspantropicalmoist forests, as in principle leaf longevity
can either increase or decrease over time under climate change,
depending on the balances between maximizing carbon gain and
minimizing construction costs16. The leaf economics spectrum theory
suggests that a longer leaf longevity allows leaves more time to fix
carbon, but meanwhile increases their construction costs16–19, which in
turn results in negative feedback on leaf longevity17,19. Thus, pan-
tropical leaf longevity can either be extended in response to some
favorable conditions to maximize carbon gain9,16,20–22, or be shortened
by unfavorable environmental conditions23–25. There’s a need to
reconcile these seemingly opposing theoretical outcomes for leaf
longevity across pantropical moist forests in the context of climate
warming.

Here, we address three key research questions in this study: (1)
How does leaf longevity vary across pantropical moist forests? (2) Has
ongoing climate change triggered significant changes in leaf longevity
across pantropical moist forests? (3) If so, do leaf longevity changes
have a significant influence on leaf functional traits and plant photo-
synthesis or an association with plant diversity? We define leaf long-
evity as the inverse of leaf turnover rate (TOR),measured as the ratio of
theproportions of numbersof fallen leaves (Nfall) andnewly developed
leaves (Nnew) to total canopy leaf numbers during a certain phenolo-
gical period26,27 (Eq. 1, see “Methods”). Specifically, we used a satellite-
derived leaf area index (LAI) product (2001–2023) of young (LAIyoung)
andold leaves (LAIold) toquantify theproportions of fallen leaves (Nfall)
and newly developed leaves (Nnew) (Supplementary Figs. S1–S3). The
temporal trend of leaf longevity was defined as the slope of the linear
correlation between time-series annual leaf longevity and time during
2001–2023. The temporal changes in leaf longevity (ΔLL) were calcu-
lated as the difference between the first 3-year average and the last
3-year average. After that, we associated variations in satellite-derived
leaf longevity data with leaf functional traits, plant photosynthesis,
plant diversity and finally ecosystem resistance (defined as the proxi-
mity of the ecosystem to normal levels during a climate event28).
Knowledge emerging from this study will be helpful for understanding
plant structural and functional adaptive responses of pantropical
moist forests to environmental change.

Results
Converging towards a middle leaf longevity range
We found that the magnitudes of annual mean leaf longevity varied
across continents (Fig. 1). The Amazon region (LL = 2.18 ± 0.003 yrs;
n = 7901) and tropical Asia (LL = 2.09 ±0.006 yrs; n = 2198), with the
most sufficientwater and sunlight (Fig. 1A, B), retained the greatest leaf
longevity. In contrast, the Congo region (LL = 1.28 ± 0.008 yrs;
n = 2055) and subtropical Asia (LL = 1.13 ± 0.008 yrs; n = 1103) showed
the shortest leaf longevity. In addition, the temporal trend in leaf
longevity during 2001–2023 differs among biomes (Fig. 1C, E). Speci-
fically, the signs of leaf longevity trends varied across pantropical
moist forests with different background leaf longevity bins (Fig. 1D).
Results indicated a criticalmiddle leaf longevity range (LLcrit = ~ 1.8 yrs)
below and above which contrasting leaf longevity changes were
observed (LL < ~ 1.8 yrs: R2 = 0.51, P < 0.001; LL > ~ 1.8 yrs: R2 = 0.73,
P <0.001). Specifically, forests with leaf longevity shorter than LLcrit
increased their leaf longevity (Congo: slope = 22 ± 2 days per decade;
subtropical Asia: slope = 5 ± 2 days per decade) (Fig. 1C). Conversely,
forests with leaf longevity longer than LLcrit shortened their leaf
longevity. Approximately 69.4%of such forestswereprimarily found in
the Amazon region (slope = − 44 ± 3 days per decade) and 27.9% in
tropical Asia (slope = − 4 ± 12 days per decade) (Fig. 1C).

We then classified pantropical leaf longevity into three cohorts
(short: LL < 1.5 yrs;moderate: 1.5 yrs< LL < 2.1 yrs; long: LL > 2.1 yrs) and
tracked the leaf longevity transition flows among three leaf longevity
cohorts during 2001–2023 using a Sankey diagram (Fig. 1F). The most

noticeable change in Amazon forests was the “long-to-moderate” leaf
longevity transition flow (35.3%), while the “short-to-moderate” leaf
longevity transition was more evident in the Congo region (6.3%).
However, in tropical and subtropical Asia, the leaf longevity transition
proportions among the three leaf longevity cohorts showed approxi-
mately equal weighting. In aggregate, this transition likely led to a
middle-longevity trap, showing a net decrease in both short leaf
longevity cohort (LL < 1.5 yrs) (Congo: 7.5%; subtropical Asia: 3%) and
long leaf longevity cohort (LL > 2.1 yrs) (Amazon: 22.3%; tropical Asia:
1.2%), with the majority shifting to the moderate leaf longevity cohort
(1.5 yrs < LL < 2.1 yrs) (Fig. 1G).

Climatic driving mechanisms
The temporal changes in leaf longevity could be mostly explained by
changes in climate variables (Fig. 2), as air temperature (ΔTair, °C),
precipitation (ΔPre, mm mon−1), shortwave solar radiation (ΔSW, W
m−2), and atmospheric vapor pressure deficit (ΔVPD, kPa) all marked a
shift in leaf longevity response below and above ~ 1.8 yrs (Supple-
mentary Fig. S4A–D). The PLS-SEM analysis (GoF =0.519) showed that,
in Congo (73.9% of total pixels) and subtropical Asia (33.7% of total
pixels), decreases in SW (−0.54 ± 1.52Wm−2 per decade) (Supple-
mentary Fig. S4F) had a positive impact on leaf longevity (left panel,
Fig. 2A and Supplementary Fig. S5B), acting as themost important path
in extending the leaf longevity in Congo and subtropical Asia (right
panel, Fig. 2A). Conversely, in biomes across the Amazon and tropical
Asia, the intensified VPD (0.57 ± 0.65 kPa per decade) (Supplementary
Fig. S4F) had a negative impact on leaf longevity (P <0.001, left panel
in Fig. 2B and Supplementary Fig. S5D), serving as the most important
path in shortening the leaf longevity in Amazon and tropical Asia (right
panel, Fig. 2B). Notably, Congo and subtropical Asia had a relatively
lower Tair (Congo: 24.88 ± 1.41 °C; subtropical Asia: 22.30 ± 3.59 °C)
(Supplementary Fig. S4E). Increases in Tair (0.33 ± 0.21 °C per decade)
(Supplementary Fig. S4F) showed a positive impact on leaf longevity
across these two biomes (Fig. 2A and Supplementary Fig. S5B). Con-
versely, Amazon and tropical Asia experienced a relatively higher Tair

(Amazon: 25.98 ± 2.56 °C; tropical Asia: 25.36 ± 3.23 °C) (Supplemen-
tary Fig. S4E). Rising Tair (ΔTair = 0.20±0.21 °C per decade) (Supple-
mentary Fig. S4F) exhibited a negative impact on leaf longevity (Fig. 2B
and Supplementary Fig. S5D). But the direct negative impact of Tair

could be totally offset by its indirect positive effect via the Tair-VPD-LL
influencing path (right panel, Fig. 2B).

The above-mentioned climatic driving mechanisms were also
tested using partial correlation analyses, where the partial correlation
coefficients aremostly comparable to the path coefficients of PLS-SEM
analyses (Supplementary Fig. S6). The validity of their causality was
also tested using the convergent cross-mapping (CCM) approach29

(Supplementary Fig. S7). Overall, these contrasts below and above the
LLcrit demonstrated that pantropical forests were acclimating their leaf
longevity towards amiddle longevity range of ~ 1.8 years in response to
climate change.

The wide implications
The converging trend in leaf longevity might indicate potential varia-
tions in leaf functional trait values, which highly depend on leaf
longevity16. We thus associated the structural plant traits and
photosynthesis-related plant nutrient traits with leaf longevity to
explore their relationships. We found that values of these structural
plant traits and photosynthesis-related plant nutrient traits all peaked
around LLcrit (Fig. 3A). Specifically, leaves with LLcrit exhibited highest
values of structural plant traits such as leaf area (122.86 ± 2.01 cm²),
thickness (0.84 ± 0.02mm), fresh mass (3.53 ± 0.03 g), and dry mass
(1.02 ±0.01 g); and meanwhile, they also contained largest contents of
photosynthesis-related plant nutrient traits such as nitrogen
(2.15 ± 0.01 %), phosphorus (0.10 ± 0.01 %) and water contents
(53.84 ± 0.05 %) (Supplementary Fig. S8).
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Variations in these plant functional trait values, associated with
changes in leaf longevity, could further affect plant photosynthesis.
Analysis of the correlation between leaf longevity and multiple satel-
lite- and model-based GPP data (see Methods) showed that GPP
reached its peak chiefly in forests with LLcrit (Fig. 3A and Supplemen-
tary Fig. S9). Global field observations showed that for leaves with leaf
longevity below LLcrit, Vcmax,25 decreased with rising Tair (blue circle);

and on the contrary, for leaves with leaf longevity exceeding LLcrit,
their Vcmax,25 increased with Tair (yellow circle) (Fig. 3B). The con-
trasting changes in leaf longevity were also partly associated with
changes in plant community composition. We showed an inverted
U-shaped relationship between leaf longevity and species evenness,
with its absolute value being highest around LLcrit (Fig. 3C and Sup-
plementary Fig. S10). Conversely, there was a U-shaped relationship
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between leaf longevity and species richness, whose absolute value was
smallest around LLcrit (Supplementary Fig. S11).

Changes in leaf functional traits, plant photosynthesis, and plant
diversity that are linked to leaf longevitymay have cascading impacts
on ecosystem resistance (Fig. 3D). To test this, we conducted PLS-
SEM analyses (LL < LLcrit: GoF = 0.347; LL > LLcrit: GoF = 0.391) to
depict the potential influencing path of leaf functional traits, plant
photosynthesis, and plant diversity on ecosystem resistance (see
“Methods”, Fig. 3E). Results showed that increases of leaf longevity in
pantropical moist forests with short leaf longevity, induced by both
individual acclimation and species changes, had positive impacts on
forest resistance mainly through increasing their photosynthesis
(path coefficient = 0.39); and conversely, decreases of leaf longevity
in forests with long leaf longevity also increased their resistance
mainly via enhancing functional traits (path coefficient = 0.68)
(Fig. 3E).

We also adopted a space-for-time approach to establish linear
correlation analysis between leaf longevity and resistance within each
grid cell (12 × 12 pixels). Results showed a positive correlation between
resistance and leaf longevity, where leaf longevity was below LLcrit
(Congo: 0.07 ±0.19; tropical Aisa: 0.03 ±0.30) and conversely, a nega-
tive correlation between resistance and leaf longevity where leaf long-
evity was beyond LLcrit (Amazon forests: −0.04 ±0.19) (Supplementary
Fig. S12). The correlation coefficients of partial correlation analyses
among plant diversity, plant photosynthesis and leaf functional traits,
and their relationships with ecosystem resistance are mostly compar-
able to the path coefficients of PLS-SEM analyses (Supplementary
Fig. S13). The causal relationship of leaf longevity impacts on photo-
synthesis, functional traits and ecosystem resistance was also tested
using CCM approach29 (Supplementary Fig. S14A–C, F–H).

Discussion
The directions of ongoing shifts in leaf longevity over pantropical moist
forests have been long overlooked15,30, despite the importance of leaf
longevity in influencingplant leaf physics12, leaf chemistry31,32, leaf traits33,
and vegetation productivity5,34–36. This knowledge gap is mainly due to
the lackof long-term leaf longevitymeasurements across thepantropical
moist forests9,14. In this study, we leveraged a newly developed leaf age-
dependent LAI product tomap the continental-scale decadal changes in
leaf longevity. We discovered a middle leaf longevity trap in pantropical
moist forests: Amazon and tropical Asia with long leaf longevity
(> ~ 1.8 yrs) and Congo and subtropical Asia with short leaf longevity
(< ~ 1.8 yrs) were converging towards a middle leaf longevity of ~ 1.8 yrs.
The convergence in the middle leaf longevity could maximize plant leaf
physics12, leaf chemistry31,32, leaf traits33, ecosystem structures (species
composition)12,37,38 and functions (e.g., vegetation productivity)9,16,20–22 in
the context of climate change. Our findings highlight the importance of
accounting for leaf longevity in representing tropical phenological5,39,40

and photosynthetic processes41, and thus in accurately predicting eco-
system dynamics in modeling scenarios4,42,43.

In addition, the convergence in the middle leaf longevity range
has important implications for plant diversity and ecosystem stability
of pantropical moist forests. Species unevenness is crucial for the
pantropical moist forests, where has high species richness and thus
exhibit high levels of competition44, making ecosystems less resistant
to climate disturbances45,46. Here we show that species with leaf long-
evity around ~ 1.8 yrs in pantropical moist forests are mostly rapid-
growing ones, which exhibit a small value of Rd/hc— ratio of root depth
(Rd) to canopy height (hc) (Supplementary Fig. S15). Climate change is
likely driving the biome towards low species richness and conversely
high species evenness to maintain high resistance47–50. Nevertheless, it
isworthnoting that such adaptionmight comeat the costof functional
diversity51–53.

In summary, our study reports widespread decadal changes in leaf
longevity across pantropical moist forests. Specifically, pantropical leaf
longevity is changing towards a common middle range, which has the
highest photosynthesis rate. Variations in leaf longevity may be closely
associated with changes in plant diversity and ecosystem stability.
Overall, our findings provide observational evidence to support an age-
dependent all-round leaf adaptation in pantropical moist forests under
climate change. Results also highlight the importance of considering
leaf longevity changes when predicting climate-driven risks to plant
functional traits, species diversity and ecosystem stability and have
broad practical implications for improving ecosystem models.

Methods
Forest unaffected by anthropogenic and natural disturbances
In this study, we focused exclusively on the areas in pantropical moist
forests (30°N ~ 30°S) that were relatively less affected by anthro-
pogenic and natural disturbances, covering the period from 2001 to
2023. First, we identified the grid cells (0.25° resolution) always clas-
sified as evergreen broadleaf forests using MODISMCD12C1 v061 land
cover images throughout the study period54. We then calculated the
forest cover fraction for each grid cell based on the 30m resolution
global tree cover maps from Global Forest Watch (GFW)55. Grid cells
with forest cover fractions consistently exceeding 90% were selected
as target areas. To reduce the impact of tree cover change, we con-
centrated our analysis on those0.25° forest grid cells that experienced
both < 2% of tree cover loss and < 2% of tree cover gain from 2000 to
2020 in each 0.25° grid cell, following the methodology outlined by
ref. 56. To minimize wildfire impacts57, we excluded grid cells con-
taining burned areas using the MODIS Fire_cci Burned Area Pixel Pro-
duct (Version 5.1) at a spatial resolution of 0.25° and a monthly
temporal resolution. We focused exclusively on intact pantropical
moist forests, where pixels with forest cover exceeding 90%58.

To exclude the impacts of unusual severe dry seasons (i.e.,
drought events) on leaf longevity, we implemented an integrated
drought assessment framework using the Palmer Drought Severity
Index (PDSI)59, the Standardized Precipitation Evapotranspiration
Index (SPEI) with 6 months60, and the Cumulative Water Deficit

Fig. 1 | Satellite-observed contrasting changes in leaf longevity (LL) across
pantropical moist forests. AMap of the slope of linear correlation between time-
series annual leaf longevity and time during 2001–2023. The dot size indicates the
annual mean leaf longevity. The color legend indicates the slope of linear correla-
tion between time-series annual leaf longevity and time during 2001–2023. B The
frequency distribution of annual mean leaf longevity across Amazon (green),
Congo (brown), tropical Asia (black), and subtropical Asia (gray). C The frequency
distribution of temporal changes in leaf longevity across Amazon (green), Congo
(brown), tropical Asia (black), and subtropical Asia (gray).D Variations in the slope
of the linear correlation between time-series leaf longevity and time across differ-
ent background leaf longevity bins (bin = 0.05 yrs, mean± s.e.). The leaf longevity
of 1.78 yrs is the breakpoint identified in the segmented regression. The red line
represents the fitting line for the interval where the leaf longevity is less than
1.78 yrs (P = 2.5e-04), and the blue line represents the fitting line for the interval

where the leaf longevity is greater than 1.78 yrs (P = 1.4e-08). The total number of
samples is 12939, the number of samples in each bin is greater than 50. E Temporal
changes in leaf longevity across Amazon, Congo, and Asia. Temporal variations in
leaf longevity, showing the regional average (thick line) and values from sampled
pixels (colored lines). F The Sankey diagram in depicting the leaf longevity transi-
tion flows among three leaf longevity cohorts (short: LL < 1.5 yrs; moderate:
1.5 yrs < LL < 2.1 yrs; long: LL > 2.1 yrs) between the initial (average from 2001 to
2003) and the last (average from 2021 to 2023) periods across the Amazon, Congo,
and Asia regions. The thickness of each flow represents the number of pixels with a
certain leaf longevity. G Proportions of three leaf longevity cohorts across the
Amazon, Congo, and Asia regions, comparing the initial and the last periods (short:
LL < 1.5 yrs, light green;moderate: 1.5 yrs <LL < 2.1 yrs, darkbrown; long: LL > 2.1 yrs,
dark green). The P-values were calculated using a two-sided Student’s t test. Source
data are provided as a Source Data file.
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(CWD)61. Specifically, a grid cell was considered to be experiencing
severe drought when the annual anomalies from any of the three
indices (PDSI, SPEI, or CWD) for a given year fell more than one stan-
dard deviation below their mean value of the 2001–2023 time-series62.
We then removed forest grid cells experiencing drought events from
2001 to 2023. All data were interpolated to a spatial resolution of 0.25°
to facilitate the analysis.

Mapping the leaf longevity
Leaf longevity is defined as the time period from leaf emergence to its
shedding and fall by ref. 39, with the exclusion of exceptionally short
leaf longevity resulting from accidental leaf fall caused by herbivores
or other injuries. It can be quantified at the species level as the number
of years required for less than half of the maximum number of leaves

to remain on a twig segment12, or estimated at the stand level as the
inverse of leaf turnover rate (TOR)16. The last approach allows for a
comprehensive assessment of leaf longevity within the forest
ecosystem4.

In this study, we used the inverse of TOR to compute leaf long-
evity in pantropicalmoist forests. The TORwas defined as a function of
the proportions of numbers of fallen leaves and newly developed
leaves during a certain phenological period (Eq. 1)26,27.

TOR=
1
2
×

Nnew +Nfall

Ntotal × Kperiod × Period
ð1Þ

where TOR is the leaf turnover rate (unit: yr−1). Nnew, Nfall, and Ntotal are
the numbers of newly developed leaves, fallen leaves, and total leaves

Fig. 2 | Climatic driving mechanisms for the contrasting changes in leaf long-
evity (LL) across pantropical moist forests. A Influences of climate variables on
leaf longevity in pantropical moist forests of short leaf longevity cohorts (LL < 1.5
yrs). The left plot depicts the influencing paths of climate variability on temporal
changes in leaf longevity based on the Partial Least Squares Structural Equation
Modeling (PLS-SEM) analysis. The right plot shows the signs of temporal changes in
those climate driverswhichwere responsible for the increases in leaf longevity. The
inset histograms indicate the path coefficients. B Influences of climate variables on
leaf longevity in pantropical moist forests of long leaf longevity cohorts (LL > 2.1
yrs). The left plot depicts the influencing paths of climate variability on temporal
changes in leaf longevity based on the PLS-SEM analysis. The right plot shows the

signs of temporal changes in those climate drivers which were responsible for the
declines in leaf longevity. The inset histograms indicate the path coefficients.
Asterisks indicate the significance level (two-sided Student’s t test): *P <0.05,
**P <0.01, ***P <0.001. The light-colored lines represent insignificance (P >0.05).
Climate-drivenpaths include PathA (ΔSW-ΔLL, orange), PathB (ΔTair-ΔLL, dark red),
PathC (ΔTair-ΔVPD-ΔLL, Teal) and PathD (ΔSW-ΔLL, dark blue). The Goodness of Fit
(GoF) is an indicator for assessing the overall predictive performance of the PLS-
SEM. The images of tree elements in Panels (A, B) are from the Integration and
Application Network (ian.umces.edu/media-library), with image colors being
modified. Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-026-68989-x

Nature Communications |         (2026) 17:2139 5

www.nature.com/naturecommunications


during the observation period, respectively. Kperiod is the number of
phenological cycles per year for computing TOR. Period indicates the
observation period (unit: yr) for Nnew, Nfall, and Ntotal. The value of
Period was set as 1 (yr), as calculations of Nnew, Nfall, and Ntotal were
conducted based on a one-year period.

In this study, we developed a leaf area index (LAI) product of
old leaves (LAIold) and young (LAIyoung) for quantifying the pro-
portions of numbers of fallen leaves (Nfall) and newly developed

leaves (Nnew) (Supplementary Fig. S1). Specifically, the numbers of
fallen leaves were measured as the difference between maximal
LAIold and minimal LAIold. Conversely, the newly developed leaves
were computed as the difference between the maximal LAIyoung
and the minimal LAIyoung. Based on this, we mapped the
leaf longevity data across pantropical moist forests from 2001 to
2023. The two steps for calculating leaf longevity are
introduced below.

Article https://doi.org/10.1038/s41467-026-68989-x

Nature Communications |         (2026) 17:2139 6

www.nature.com/naturecommunications


Mapping LAIyoung and LAIold across pantropical moist forests. To
map monthly LAIyoung and LAIold across pantropical moist forests, we
classified the canopy leaves into two leaf age cohorts: photo-
synthetically efficient young leaves (≤ 6 months; average
Vc,max25 = 51.4μmolm−2s−1) and photosynthetically less-efficient old
leaves (> 6 months; average Vc,max25 = 41.2μmolm−2s−1) based on 60
field observations of leaf age and Vc,max25 in pantropicalmoist forests5.
According to the Farquhar-von Caemmerer-Berry (FvCB) leaf photo-
chemistry model63, GPP can be expressed as a function of LAI multi-
plied gross primary production per leaf area (gpp). The gpp variable
was the minimum of Rubisco (Wc), ribulose bisphosphate (RuBP)
regeneration rate (Wj) and triose phosphate use (Wp)

9,64,65, which were
calculated as functions of Vc, max25 and key climate variables [air tem-
perature (Tair), shortwave solar radiation (SW), vapor pressure deficit
(VPD), Carbon dioxide concentration (CO2)] in FvCB model. In this
study, we assumed that the whole-plant GPP was the sum of young
leaves and old leaves. Then, GPP variable can be expressed as a func-
tion of LAIyoung and LAIold multiplied by their corresponding gross
primary production per leaf area (gppyoung and gppold), respectively
(Eq. 2).

GPP = LAIyoung × gppyoung + LAIold × gppold ð2Þ

where GPP signifies the total gross primary production. gppyoung and
gppold are the average gross primary production per leaf area for
leaves with leaf age equaling to 1–6 months and > 6 months,
respectively.

Basedon this approach,we usedMODISLAI as LAItotal to constrain
the LAIyoung and LAIold on the right side of Eq. 2, instead of assuming a
constant LAItotal as in ref. 40. Meanwhile, data of the GPP variable were
from one widely-used gridded GPP dataset (denoted as GOSIF-derived
GPP)66. This dataset was developed from the Solar-Induced Fluores-
cence (SIF) measurements obtained by the Orbiting Carbon
Observatory-2 (OCO-2, available since September 2014, with a spatial
resolution of 1.3 × 2.25 km2 at the ground footprint)66. It provided
global pixel-level monthly GPP data spanning from 2000 to 2024 with
a spatial resolution of 0.05°. Subsequently, in Eq. 2, LAIold was replaced
by the term representing MODIS LAI minus LAIyoung. In this situation,
only one unknown variable (LAIyoung) remains in Eq. 2. So, a unique
value of LAIyoung was calculated for each grid cell.

Here, we used ground-based camera data of LAIyoung and LAIold
from 10 observation sites to validate the satellite-derived LAIyoung and
LAIold products. Results showed that they agreed well with the very
fine-scale seasonality of LAIyoung and LAIold observed at ten sites across
pantropical moist forests (Supplementary Fig. S2). Notably, the sea-
sonality of LAIyoung and LAIold leaf age cohorts at K67 and K34 sites in
the Amazon region was confirmed by ref. 3. The time-series camera-
based observations (Barro Colorado: 2013–2016; Neon Guan:

2017–2018; ATTO: 2014–2018; Soltis: 2019–2022) also showed a strong
correlation between the satellite-derived LAI age cohorts and the
camera-based data (Supplementary Fig. S2). The data at Barro Color-
ado, Soltis, and NEON GUAN observation sites were obtained from the
website67: https://phenocam.nau.edu/webcam/, while the data from
the ATTO site were provided at ref. 68: https://doi.org/10.17871/ATTO.
230.4.842. The data at Eucflux site were obtained from the website:
https://phenocam.nau.edu/webcam/. The three camera-based obser-
vation sites across tropical Asia were the Banna site (provided by
Qinghai Song), Ding site (provided by Juxiu Liu), and Gutian site
(provided by Yanjun Du), respectively.

Calculating leaf longevity from the LAIyoung and LAIold. The leaf area
index (LAI), a proxy measuring the total one-sided green leaf area per
unit of ground surface area, can represent the number of leaves in
plants to some extent69,70. Thus, we computed the difference between
maximal LAIold and minimal LAIold to define Nfall and computed the
difference between maximal LAIyoung and minimal LAIyoung to define
Nnew. The total numbers of leaves were represented as MODIS LAI.
Based on this, we mapped the annual leaf longevity data across pan-
tropical moist forests from 2001 to 2023. Notably, there were three
types of periodic phenology across pantropical moist forests: annual
(12-months) unimodal phenology, half-year (6-month) bimodal phe-
nology and phenology between the first two71. When R1 > 90%, corre-
sponding pixels show a unimodal (12-month) phenology, where R1

represents the phenological proxy occurring once per year, and this
type of phenology is defined as an annual cycle. R2 represents the
phenological proxy occurring twice per year, when R2 is bigger than
50%, their phenology shows a half-year (6-month) cycle72. For the
remaining pixels, the larger the R1 value is, the greater the probability
the phenology is close to the unimodal annual cycle phenology; the
smaller the R1 value is, the greater the probability the phenology is
close to the half-year cycle phenology. Then, for each grid cell, the
number of phenological cycles per year (Kperiod) was determinedbased
on local leaf phenology patterns, ranging from 1 to 2. Specifically, for
grid cells with an annual (12-months) unimodal phenology cycle,
Kperiod was set to1. For grid cells with half-year (6-months) bimodal
phenology cycle, Kperiod was set to 2. When the bimodal phenology is
close to a half-year cycle (i.e., 50% <R1 < 60%), Kperiod was set to 1.8.
When R1 was between 60% and 70%, Kperiod was set to 1.6; R1 between
70% and 80%, Kperiod was set to 1.4. When the bimodal phenology is
close to the annual cycle (R1 between 80% and 90%), Kperiod was set to
1.2. Using thismethod, annual leaf longevity for eachpantropicalmoist
forests grid cell was estimated.

To test the robustness of our analysis, we used other two alter-
native nearby thresholds of Kperiod [(50% <R1 < 60%: Kperiod = 1.7; 60%
<R1 < 70%: Kperiod = 1.5; 70% <R1 < 80%: Kperiod = 1.3; 80% <R1 < 90%:

Fig. 3 | Associations of leaf longevity (LL) with plant functional traits, photo-
synthesis, diversity, and resistance across pantropicalmoist forests. A Average
values of seven normalized leaf functional traits (purple) and nine normalized GPP
data (black) in three leaf longevity cohorts (short: LL < 1.5 yrs, blue; moderate:
1.5 yrs <LL < 2.1 yrs, gray; long: LL > 2.1 yrs, orange). n represents the number of
datasets. Refer to Supplementary Figs. S8, S9 for the scatters between functional
traits and GPP data and leaf longevity. The data of seven leaf functional traits (leaf
area (cm2), thickness (mm), fresh mass (g), dry mass (g), nitrogen (N, %), phos-
phorus (P, %), andwater contents (%))were providedby ref. 104. TheGPPdatawere
provided by multiple satellite-based and model-estimated GPP products (see Eco-
logical implications of leaf longevity in “Methods”): the MODIS-derived GPP108,
GOSIF-derived GPP66, the RTSIF-derived GPP109, FLUXCOM GPP110, the revised EC-
LUEmodelGPP111, two-leaf lightuse efficiency (TL-LUE)model GPP112, the vegetation
photosynthesis model (VPM) GPP113 and near-infrared reflectance of vegetation
(NIRv) GPP114. B Differences in field-observed Vc,max25 and Tleaf under the same Tair

conditions among the three leaf longevity cohorts (short: LL < 1.5 yrs, blue; mod-
erate: 1.5 yrs <LL < 2.1 yrs, green; long: LL > 2.1 yrs, yellow) (n = 1280). The Vc,max25

and Tleaf data were based on in situmeasurements17.CChanges of species evenness
with leaf longevity across pantropical moist forests (n = 757). The color bar indi-
cates the magnitude of leaf nitrogen content (gray means none value). The symbol
size indicates thephotosynthetic capacity of plants (GPP). The in situ plantdiversity
data are providedby ref. 44 (Supplementary Fig. S10).DChanges of resistancewith
leaf longevity across pantropical moist forests (n = 12448). Resistance was calcu-
lated by VOD using Eq. 5 (see Impacts of LL on resistance in Methods). The mean
values for resistance across different background leaf longevity bins (bin = 0.3 yrs,
mean ± s.e). E PLS-SEM analysis in depicting influences of changes in leaf longevity
impact on functional traits, plant photosynthesis, plant diversity, and ecosystem
resistance to disturbance in pantropical moist forests in short and long leaf long-
evity, respectively. Asterisks indicate significance level (two-sided Student’s t test):
*P <0.05, **P <0.01, ***P <0.001. The light-colored lines represent insignificance
(P >0.05). The Goodness of Fit (GoF) is an indicator for assessing the overall pre-
dictive performance of the PLS-SEM. The images of tree elements in Panel (E) are
from Integration and Application Network (ian.umces.edu/media-library), with
image colors being modified. Source data are provided as a Source Data file.
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Kperiod = 1.1); (50% < R1 < 60%: Kperiod = 1.9; 60% <R1 < 70%: Kperiod = 1.7;
70% <R1 < 80%: Kperiod = 1.5; 80% <R1 < 90%: Kperiod = 1.3)] to recon-
struct leaf longevity. Both two newly- reconstructed leaf longevity
datasets showed consistent leaf longevity trends (Supplementary
Fig. S16).

Validation of satellite-based leaf longevity using global in situ data.
Our satellite-derived leaf longevity products were comprehensively
validated by 18 samples of in situ leaf longevity measurements across
pantropicalmoist forests (SupplementaryFig. S3).Overall, 77.8%of the
validations fell into the 95%confidence interval (R =0.86; RMSE = 0.34)
(Supplementary Fig. S3B). Records of the longitude, latitude, and
in situ leaf longevity measurements were listed in Supplementary
Data S1 (Supplementary Data 1).

In addition, we also used 117 samples of leaf longevity data esti-
mated from camera-based LAI age cohort data (n = 7) and in situ LMA
data (n = 110) across tropical moist forests (Supplementary Fig. S3 and
Supplementary Data S2, S3 in Supplementary Data 1).

Notably, the seasonality of LAIyoung and LAIold from K67, K34,
Eucflux, Banna, Ding and Gutian sites was used to validate the gridded
leaf longevity dataset. We first calculated the Nnew (Nfall), then we cal-
culated camera-based leaf longevity from Nnew and Nfall from Eq. 1.
Overall, 57.1% of the validations fell into the 95% confidence interval
(Supplementary Fig. S3C). The camera-based seasonality of LAIyoung,
LAIold and leaf longevity data was listed in Data S2 (Supplemen-
tary Data 1).

Previous studies have shown a linear relationship between
log10(LMA) and log10(LL) (Eq. 3)

2,9,19. Overall, 72.7% of the validation
points fell into the 95% confidence interval (Supplementary Fig. S3C).
The information of in situ LMA data and estimated leaf longevity data
was listed in Supplementary Data S3 (Supplementary Data 1).

log10ðLLÞ= log10ðLMAÞ+b ð3Þ

where b is a parameter to calibrate the overall simulation accuracy. It
was set as a value of 0.90 according to observed LMA and leaf long-
evity data across pantropical moist forests2,9,19.

Sankey diagram for leaf longevity transitioning flow
The Sankey diagram is a data visualization technique that highlights
transitions, movement, or change from one state to another, with the
width of the arrows proportional to the flow rate of the depicted
property73,74. In this study, Sankey diagram was used to trace the tran-
sition process between different cohorts of leaf longevity in different
regions from the initial state to the last state during the study period
(Fig. 1F). First, we divided the studied pantropical moist forests into
three cohorts according to different leaf longevity thresholds, namely
long (LL > 2.1 yrs), moderate (1.5 yrs <LL < 2.1 yrs) and short (LL < 1.5 yrs)
leaf longevity cohorts. Then, we calculated the proportions of pixels
with long, moderate, and short leaf longevity for the initial (the first
3-year average) and final (the last 3-year average) time periods, and
established the Sankey diagram to represent the transition flows
between different cohorts of leaf longevity. The thickness of each flow
represents the number of pixels with a certain leaf longevity. The value
of each flow represents the proportions of three leaf longevity cohorts
in initial (the first 3-year average) and final (the last 3-year average)
periods. Notably, the Sankey diagram analysis was established in three
main tropical regions, including the Amazon, the Congo and Asia.

The robustness of using 1.5 yrs and 2.1 yrs as thresholds to classify
the long, moderate, and short leaf longevity for Sankey diagram ana-
lysis were also tested by other two alternative nearby thresholds:
1.4 yrs <LL < 2.2 yrs and 1.6 yrs <LL < 2.0 yrs. Consistent transition flows
among three leaf longevity cohorts were observed (Supplementary
Fig. S17).

Paths of climatic factors in leaf longevity
PLS-SEM is a robust statistical technique designed to analyze complex
cause-effect relationships in path models, which include latent
variables75. It combines principal component analysis with regression-
based path analysis76. It allows testing of hypothesized relationships
while maintaining a focus on prediction during model estimation77,78.
One effective indicator for assessing the overall predictive perfor-
mance of PLS-SEM is the Goodness of Fit (GoF)79. GoF refers to the
evaluation of how well a model fits the observed data, typically cal-
culated using the chi-square quantity, which compares the applied
forces to thefitted forces estimatedby the least squaresmethod80. GoF
values above 0.7 are considered very good, while those above 0.5 are
considered good81.

In our study, we employed a straightforward PLS-SEMmodel that
included four key climate variables [annualmean air temperature (Tair,
°C), solar shortwave radiation (SW, W m−2), atmospheric vapor pres-
sure deficit (VPD, kPa), precipitation (Pre, mmmon−1)], to explore their
effects on leaf longevity (Fig. 2). We utilized the Tair data from Terra-
Climate dataset82, spanning the period from 1958 to present, with
monthly temporal resolution and a ~ 4 km (1/24th degree) spatial
resolution. Breathing Earth System Simulator (BESS) is a simplified
process-based model that couples the atmosphere and canopy radia-
tive transfers, canopy photosynthesis, transpiration, and energy bal-
ance. The SW data were obtained from BESS83, spanning the period
from 2000 to 2021, with daily temporal resolution and a 0.05° spatial
resolution. The VPD data were sourced from the ERA5-Land reanalysis
dataset84, with monthly temporal resolution (1950-present) and a
spatial resolution of 0.1°. The Pre datawere obtained from theTropical
Rainfall Measuring Mission Project (TRMM/3B43) dataset version 785,
which have monthly temporal resolution (1998–2020) and a spatial
resolution of 0.25°.

Climatic drivers of leaf longevity
The Random Forest (RF) algorithm86–89 aggregates multiple Classifi-
cation and Regression Tree (CART) algorithms using bootstrap
aggregation (bagging) and enhances predictive accuracy while redu-
cing overfitting and sensitivity to irrelevant predictors90. These
advantages make RF particularly suitable for ecological applications,
where environmental drivers often exhibit complex interactions and
spatial heterogeneity.

A key feature of RF models is their ability to quantify the relative
influence of environmental variables through Variable Importance
Measures (VIM). This metric, derived from a permutation-based
approach, evaluates the contribution of each predictor by measuring
the decrease in model performance when its values are randomly
shuffled85. VIMprovides an objective ranking of environmental drivers,
allowing us to identify the most influential factors governing spatial
and temporal variations in leaf longevity. Importantly, this method
maintains robustness against measurement uncertainties, making it
well-suited for ecological datasets characterizedby high variability and
observational noise91,92. TheVIMvalueswere calculated following Eq. 4,
providing a quantitative basis for assessing the role of each environ-
mental variable in shaping leaf longevity dynamics:

VIM xj

� �
=
XT

t = 1

nt

N
ΔGini S xj , t

� �� �
ð4Þ

where nt denotes the number of observations belonging to node t
within the tree. n represents the total number of observations, and T
denotes the total number of nodes. The climatic drivers influencing
leaf longevity are represented by xj variables. The ΔGini is defined as
the difference between the calculated Gini index93 at node t and its
parent node (Eq. 4). The mean error rate (Sðxj , tÞ) across all out-of-bag
observations before permuting predictor j was used to estimate the
unbiased importance of each variable94.
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To further interpret the relationships between climate variables
and leaf longevity variations, we employed Partial Dependence Plots
(PDPs)95, which illustrate the marginal effect of each predictor on leaf
longevitywhile accounting for its interactionswithother variables. The
PDPs allowed us to distinguish positive and negative correlations
between climate drivers and leaf longevity across temporal scales. We
estimated changes in leaf longevity (ΔLL) for each forested pixel in the
pantropical moist forests by calculating the difference between the
mean leaf longevity values for 2021–2023 and 2001–2003. Thesemean
values were calculated from the linear regression trend over the full
time series. Climate variable changes were computed using the same
approach. An RF model was then built with ΔLL as the response vari-
able and climate changes as predictors. TheVIMvalueswere derived to
rank the relative importance of each climate driver, while PDPs were
generated to visualize their individual effects on ΔLL (Supplementary
Fig. S5), providing insights into the contributions of climate variability
to temporal trends in leaf longevity. 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: 10 Oct. 2023). This study focuses on several key climate
variables, including atmospheric carbon dioxide concentration (CO2),
mean air temperature parameters (Tair), precipitation (Pre), surface
downwelling shortwave radiation flux (SW) and vapor pressure deficit
(VPD). These factors have beenwidely recognized as critical regulators
of ecological processes, influencing leaf phenology96,97, leaf traits98,99,
carbon andwater cycle100,101, and treemortality102,103 across pantropical
moist forests.

Ecological implications of leaf longevity
Exploring the impacts of leaf longevity functional traits. Aguirre-
Gutiérrez et al. (2025)104 combined field-collected data frommore than
1,800 vegetation plots and tree traits with satellite remote-sensing
data (European Space Agency Sentinel-2 satellite data), terrain (slope),
climate (maximum climatic water deficit and maximum temperature)
and soil (clay percentage, sand percentage, pH and cation-exchange
capacity) data to predict 13 tree functional traits, spanning leaf mor-
phological (leaf area, specific leaf area, thickness, fresh and dry mass,
leaf water content), chemical (mass-based calcium, carbon, magne-
sium, nitrogen, potassium, phosphorus concentrations) traits and
wood density104. These plant traits were gathered from tropical forests
across the Americas, Africa and Asia. All plant functional traits used
were part of the Global Ecosystems Monitoring network (GEM)105, the
MONAFOR network, the ForestPlot106, BIEN and TRY107 databases and
from local collaborators.

Here, we selected seven plant functional traits thatwere related to
photosynthesis, provided by ref. 104 to analyze with leaf longevity
(Fig. 3A and Supplementary Fig. S8). The seven plant functional traits
included: leaf area (cm2), leaf thickness (mm), fresh and dry mass (g),
leaf water content (%), nitrogen (N, %), phosphorus (P, %) concentra-
tions. To ensure comparability, all plant functional traits maps were
resampled to 0.25° spatial resolution

Exploring the impacts of leaf longevity photosynthesis. We first
selected nine satellite-derived or model-simulated GPP datasets to
compare the differences in photosynthetic capacity of leaves with
different leaf longevity (Fig. 3A and Fig. S9). They included: theMODIS-
derived GPP108, GOSIF-derived GPP66, the RTSIF-derived GPP109, FLUX-
COM GPP110, the revised EC-LUE model GPP111, the two-leaf light use
efficiency (TL-LUE)model GPP112, the vegetation photosynthesismodel
(VPM) GPP113 and near-infrared reflectance of vegetation (NIRv) GPP114.

Notably, MODIS GPP (MOD17A2H v006) was generated at the
native resolution of 500m using the Moderate Resolution Imaging
Spectroradiometer (MODIS) Leaf Area Index(LAI)/Fraction of Photo-
synthetically Active Radiation (FPAR) (MOD15A2H) 8-day composite at
500m resolution, which spans from 2000 to 2023108. RTSIF-derived

GPP at a spatial resolution of 0.05° and a temporal resolution of 8 days,
spanning from 2001 to 2020, was derived from TROPOMI (Tropo-
sphericMonitoring Instrument) SIF data, according to the relationships
between the SIF and GPP delineated by ref. 109, which used a constant
value of 15.343 to transform the SIF to the GPP. FLUXCOM GPP data
were developed using a machine learning approach to merge carbon
fluxmeasurements fromFLUXNET eddy covariance towerswith remote
sensing and meteorological data110. In the remote sensing and meteor-
ological data (RS +METEO) setup, fluxes were estimated from meteor-
ological data and mean seasonal cycles of satellite data. For the
RS +METEO products, the trained machine learning models were
applied to the griddedpredictor variable fields for a daily time stepwith
a spatial resolution of 0.5°. In this paper, two kinds of machine learning
models, artificial neural network (ANN) and multiple adaptive regres-
sion spline (MARS) in RS +METEO products, were selected for analysis.
The revised EC-LUE GPP data, developed based on the revised light
utilization efficiency model (i.e., the EC-LUE model), has a spatial reso-
lution of 0.05° and an interval of 8 days, and its time range is from 1982
to 2018111. In the revised EC-LUE model, several major environmental
variables such as atmospheric CO2 concentration, radiation composi-
tion and atmospheric vapor pressure deficit (VPD) were integrated.
Based on the updated TL-LUE model, a global 0.05°, 8-day GPP dataset
for 1992–2020 was generated using GLOBMAP leaf area index, CRUJRA
meteorology, and ESA-CCI land cover data112. The VPM GPP dataset has
moderate spatial (500m) and temporal (8-day) resolutions over the
entire globe for 2000–2016113. This GPP dataset was driven by satellite
data from MODIS and climate data from NCEP Reanalysis II. Near-
infrared reflectance of vegetation (NIRv) is a remotely sensed measure
of canopy structure, which can accurately predict the photosynthesis at
FLUXNET validation sites on a monthly to annual time scale, which is
calculated by the product of Normalized Difference Vegetation Index
(NDVI) and near-infrared (NIR) reflectance (NDVI × NIR). NIRv GPP is
generated by cross-referencing monthly and annual GPP fluxes from
flux sites that meet quality control requirements and fall within the
temporal coverage of MODIS records (2001-present)114. The metho-
dology for estimating NIRv GPP was systematically upscaled from site-
level observations to a globally applicable framework. To ensure com-
parability, all GPP products were resampled to 0.25° spatial resolution
and aggregated to the same time scale.

Then, our satellite-derived leaf longevity data were further ana-
lyzed against ground-measuredmaximumcarboxylation rate (Vc,max25)
and temperature records. We collected 1280 Vc,max25 measurements
together with the leaf temperature (Tleaf) data from 62 sites across
whole pantropical moist forests (Fig. 3B). The observational dataset
integrates top-canopy measurements from natural vegetation17, with
Vc,max25 values derived either from the net photosynthesis (Anet)-
intercellular CO2 (Ci) response curves or via the one-point method
(method presented in ref. 115). The dataset also includes latitude,
longitude and leaf temperature at the time of measurement for each
sample. Corresponding air temperatures (Tair, °C) for each sample
were extracted from monthly, 1901–2015, 0.5° resolution data pro-
vided by the Climatic Research Unit (CRU TS3.24.01) according to the
location of each observation site116. Based on this field dataset, we
implemented a bivariate scatterplot analysis integrating four key
variables, including Tair, Tleaf, Vc,max25, and leaf longevity, to investigate
the interactions among photosynthetic capacity, thermal regimes, and
leaf longevity (Fig. 3B). These dual visual encoding analyses permitted
simultaneous assessment of thermal niches and photosynthetic per-
formance across leaf longevity gradients.

Associating leaf longevity with plant diversity. Biodiversity is an
important component of natural ecosystems, and species richness and
evenness are two key indicators of biodiversity. Thus, we used species
richness and species evenness to analyze the plant diversity differ-
ences of forests with different leaf longevity conditions (Fig. 3C,
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Supplementary Figs. S10, S11). The species evenness data used in this
paper were provided by ref. 44. And the species richness data were
from the global forest diversity (GFB) map collected by ref. 117. The
GFB data came from in situ remeasurements of 777,126 permanent
sample sites in 44 countries and territories and 13 ecological regions,
most of whichwere taken from two successive inventories of the same
site. Notably, species richness and evenness were usually negatively
correlated across forests globally.

Impacts of leaf longevity on resistance
In this study, we quantified resistance based on the Ku-band Vegeta-
tion optical depth (VOD)118 and computed the forest resistance as the
dimensionless ratio between baseline vegetation status and greenness
reductions during extreme temperature events119,120 (Eq. 5). Extreme
climate events were identified by detecting theminimumVOD value in
the detrended VOD anomalies time series spanning 2001–2017, with
detrending via the linear regressionmethod. The VODvalue during the
extreme temperature events was designated as Ye, while �Yn was
derived from the multi-year mean VOD for corresponding calendar
months in non-disturbance years. In this study, we only selected those
relative to extreme temperature events for analyses.

resistance =
�Yn

jYe � �Ynj
ð5Þ

where resistance represents forest resistance to climate disturbance,
�Yn denotes baseline vegetation status (value of VOD) under undis-
turbed conditions, Ye represents vegetation state during an extreme
climate event.

After mapping the resistance (Supplementary Fig. S12A), we ana-
lyzed the variations of resistancewith leaf longevity across pantropical
moist forests (Fig. 3D). Then, we employed a straightforward PLS-SEM
model that included leaf functional traits, photosynthesis (i.e., GPP),
and plant diversity (i.e., species evenness) to depict how leaf longevity
impacts on resistance (Fig. 3E). We also adopted a space-for-time
approach56 to establish linear correlation analysis between leaf long-
evity and resistance within each 12 × 12 grid cell, by limiting potential
influences from climate variability. Results revealed an inverted
U-shaped relationship between annual mean resistance and leaf long-
evity, with the parabola vertex sited around LLcrit (Supplementary
Fig. S12B, C).

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

Data availability
All the relevant data in this study come from publicly available sources
as follows: MODIS MCD12C1 Land Cover images: https://lpdaac.usgs.
gov/products/mcd12c1v061/; Global Forest Watch (GFW) tree cover
images: https://glad.earthengine.app/view/global-forest-change;
MODIS Fire_cci Burned Area Pixel product, version 5.1: https://
catalogue.ceda.ac.uk/uuid/3628cb2fdba443588155e15dee8e5352/;
SPEI01 base v2.6: https://spei.csic.es/database.html; Terraclimate PDSI
and Tair data: https://www.climatologylab.org/terraclimate.html;
TRMM Pre data: https://disc.gsfc.nasa.gov/datasets/TRMM_3B43_7/
summary?keywords=TRMM; ERA5-Land VPD data: https://cds.climate.
copernicus.eu/datasets/reanalysis-era5-land-monthly-means?tab=
overview; Bess SW data: https://www.environment.snu.ac.kr/bess-rad;
CO2 dataset: https://www.geodoi.ac.cn/edoi.aspx?DOI=10.3974/geodb.
2021.11.01.V1; MODIS-GPP: https://lpdaac.usgs.gov/products/
mod17a2hv006/; GOSIF-GPP: http://data.globalecology.unh.edu/data/
GOSIF-GPP_v2/; RTSIF: https://figshare.com/articles/dataset/RTSIF_
dataset/19336346/2; FLUXCOM RS+METEO GPP: https://www.bgc-
jena.mpg.de/geodb/projects/Home.php; EC-LUE Model GPP: https://

doi.org/10.6084/m9.figshare.8942336.v3; TL-LUE Model GPP: https://
nesdc.org.cn/sdo/detail?id=671486ad7e28174998399e5d; VPM GPP:
https://doi.org/10.6084/m9.figshare.c.3789814; plant functional traits
map: https://pantropicalanalysis.users.earthengine.app/view/
pantropical-traits-aguirre-gutierrez-2025; Ku-VOD: https://zenodo.org/
records/2575599; Global Biodiversity Information Facility (GBIF):
https://www.gbif.org/zh/species/search. The leaf longevity data gener-
ated in this study have been deposited in the Figshare database under
accession code: https://doi.org/10.6084/m9.figshare.30750074. All in
situ data that validate the leaf longevity data of this study are available in
the Supplementary Data file. Source data are provided in this paper.

Code availability
The code in this study is archived on Zenodo at https://doi.org/10.
5281/zenodo.17336535.
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