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Old-growth tropical forests store vast amounts of carbon in their aboveground biomass (AGB), yet 
the relative roles of abiotic factors such as climate, soil, and topography in governing its spatial 
distribution remain poorly understood. In particular, the degree to which climate acts on AGB through 
forest structure is still poorly quantified at the pantropical scale. Using a pantropical dataset of 
more than 2,000 old-growth forest plots and a structure-explicit framework, we assess how climate 
influences AGB through its effects on four structural attributes: basal area, mean diameter, stem 
density, and basal area-weighted wood density. We find that climate shapes AGB primarily through its 
effects on forest structure. However, structural attributes respond to climate in opposite directions, 
so climate’s net effect on AGB largely cancels out, and no clear climate-AGB relationship emerges 
across tropical regions. Moreover, only wood density responds consistently, decreasing with annual 
precipitation and increasing with precipitation seasonality, whereas all other attributes respond to 
climate differently from one region to another. This geographical variation further obscures any global 
climatic signal on AGB and points to the role of biogeographic history in shaping forest structure. Our 
findings highlight the central role of the climate-structure nexus in explaining AGB variation, and 
call for structure-explicit models to improve carbon stock predictions and inform climate adaptation 
strategies.

Keywords  Aboveground biomass, Climatic drivers, Structural attributes, Old-growth tropical forests, 
Structure-explicit pathway modelling, Pantropical
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Main text
Covering 45% of Earth’s forested area, tropical forests store a large amount of carbon equivalent to about 
one-third of the carbon present in the atmosphere, with old-growth forests holding a large amount of it in 
their aboveground biomass (AGB)1–6. Moreover, they host over 50% of terrestrial species, with unparalleled 
biodiversity and endemism7–11. Preserving these carbon-rich and ecologically vital ecosystems is imperative, as 
they are heavily threatened by deforestation, forest degradation, defaunation, and climate change12,13.

Despite their well-recognized role in the global carbon budget, tropical forests remain the most uncertain 
component1. A major challenge in mapping and predicting tropical forest carbon stocks globally lies in our 
limited understanding of how abiotic factors influence the spatial distribution of AGB. Old-growth tropical 
forests, approaching structural equilibrium with their local environment, are well suited for investigating this 
question14. Yet, across studies that have explored spatial relationships between plot-level AGB in old-growth 
forests and environmental factors such as temperature, precipitation, topography, and soil properties, results vary 
widely in both magnitude and direction. For instance, it is not clear whether increases in annual precipitation are 
systematically associated with increases in biomass: some studies report a positive relationship in African and 
Southeast Asian forests15,16, whereas others in South America find a positive effect only in low-biomass forests 
(< 150 Mg ha-1)17, no significant link18, or a unimodal (Gaussian) pattern19. Such inconsistencies across regions 
and environmental factors remain difficult to explain15–27.

We argue that these inconsistencies arise because most previous studies focus on the overall effect of the 
environment on AGB, without resolving how forest structure and species composition vary along environmental 
gradients. Yet, forest AGB is an emergent property of multiple plot-level structural attributes, including basal area, 
mean diameter, stem density, and mean wood density (itself dependent on community species composition)23,28,29, 
each of which responds individually, and often in opposite directions, to the same environmental factor18,21,22,24. 
In South America, for instance, AGB variation arose from opposite responses of basal area and wood density 
along drought and fertility gradients18, and in Gabon precipitation had no detectable effect on AGB even though 
structural attributes shifted along the precipitation gradient24. Because these divergent responses produce 
a diversity of forest architectures and space-occupying strategies30, environment-AGB relationships often go 
undetected: not because the environment has no influence, but because opposite structural responses along 
environmental gradients can cancel out at the AGB level.

Therefore, in this study, we argue that understanding how environmental factors influence individual 
structural attributes is key to explaining the spatial distribution of forest AGB. We test the hypothesis that 
environmental factors influence forest AGB through opposite responses among forest structural attributes, using 
extensive, pantropical forest inventory data from 2,023 plots of old-growth tropical moist broadleaf forest. To 
our knowledge, no study has yet investigated this question for the entire tropical forest biome, and doing so may 
improve our understanding of tropical forest ecology and predictions of forest responses to global change.

We compiled our dataset across five regions (Fig.  1; see Methods): Central America (n = 614, including 
southern Mexico), South America (n = 357), Africa (n = 714), Asia (n = 267), and Oceania (n = 71), all selected 
from 19,473 candidate plots through stringent filtering to ensure consistent inventory protocols (Extended 
Data Table 1). We focused on old-growth forests, i.e., undisturbed forests or older secondary forests that have 
recovered old-growth structural values after past disturbances, so that the spatial variation in forest structure 
we observed reflected the environment rather than ongoing successional dynamics (see Methods)14. For each 
plot, we calculated plot-level AGB and four key structural attributes: basal area, quadratic mean diameter, 
stem density, and wood density weighted by basal area, standardized per hectare (Extended Data Table 2). 
We then used a structure-explicit pathway modelling framework (see Methods) to estimate the influence of 
environmental factors (i.e., mean annual temperature, total annual precipitation, precipitation seasonality, 
soil pH, sand content, soil organic carbon, and topographic slope) on AGB mediated through forest structural 
attributes (Fig. 2A). Climate-structure-AGB relationships assessed within this structure-explicit framework are 
hereafter referred to as indirect relationships. We also estimated the environment-AGB relationships without 
accounting for variation in forest structure along environmental gradients (hereafter, total relationships), as is 
common in the literature (Fig. 2B). We controlled for spatial autocorrelation in the residuals of each model31–34 
and assessed the robustness of our conclusions through several sensitivity analyses, including the use of eight 
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climate datasets and the inclusion of montane forests, which are most prevalent in Africa (see Methods and 
Extended Data Figs. 7–8). We expected to identify opposite responses of structural attributes to environmental 
drivers that, in turn, shape AGB (Fig. 2A), thereby providing deeper insight into environment-AGB relationships 
than total-effect analyses alone (Fig. 2B).

At the pantropical scale, modelling indirect effects of environmental factors on forest AGB while accounting 
for region-environment interactions showed that intercepts and slopes differed significantly between regions 
(Extended Data Table 4). Such strong regional dependence means that assuming a single pantropical relationship 
would overlook key mechanisms underlying tropical forest structure and AGB.

At the regional scale, the contrast between the two approaches was striking. The total-effect analysis detected 
little climatic influence on AGB, whereas the structure-explicit analysis revealed a strong one: across regions, 
structural attributes responded to climate in distinct and often opposite directions, giving rise to forest structural 
gradients that ultimately shaped forest AGB (Figs. 3, 4, Extended Data Figs. 9–13). Once these indirect effects 
were accounted for, residual direct climate-AGB relationships were weak and rarely significant (Extended Data 
Figs. 9–13). Relying on total effects alone therefore led to a substantial loss of insight into the climatic influence 
on AGB, in line with previous observations in South America, Africa, and Asia15,16,18,24,44. For example, mean 
annual temperature showed relationships with AGB through forest structural attributes across all five regions, 
but in only three regions when considering total climate-AGB effects (Figs. 3, 4 and Extended Data Table 7). 
Similarly, total annual precipitation and precipitation seasonality showed signals in three and five regions, 
respectively, as indirect relationships, versus two and zero as total relationships (Figs. 3, 4 and Extended Data 
Table 7). Together, these results support our central hypothesis: climate influences AGB primarily through its 
effects on forest structure, with structural attributes responding in opposite directions along climatic gradients 
(Fig.  2A). Disentangling climate effects on individual forest structural attributes therefore provides deeper 
insights into climate-AGB relationships than total-effect analyses alone (Fig. 2B). This pattern held whether or 
not montane forests were included in Asia and Africa, indicating that climate-related structural variation reflects 
broader ecological responses rather than being solely due to the contrast between montane and lowland forests 

Fig. 1.  Variation in forest structure and aboveground biomass across tropical regions, including montane 
forests. (A) Locations of the 2,023 inventoried plots across five regions: 614 in Central America (yellow, 
including plots in southern Mexico), 357 in South America (orange), 714 in Africa (green), 267 in Asia 
(purple), and 71 in Oceania (light blue). Plot data were sourced from ForestPlots.net35–37, the Global Forest 
Biodiversity Initiative38 (GFBI, via Science-i web platform, https://www.gfbinitiative.org/), which includes 
long-term plot data from Panama39–41, AfriTRON (https://afritron.org/) and RAINFOR ​(​​​h​t​t​p​s​:​/​/​r​a​i​n​f​o​r​.​o​r​g​/​e​
n​/​​​​​) networks, and from direct contributions by principal investigators (see Methods). Forest extent (shown in 
green) is based on the Tropical and Subtropical Moist Broadleaf Forests biome from the RESOLVE Ecoregions 
dataset42. (B) AGB and structural attribute distributions by region (same colors as shown on the map), shown 
as probability density functions. Dashed lines indicate the mean values. Results are shown for AGB estimated 
using tree height derived from the region-specific height-diameter (H–D) model of Feldpausch et al. (see 
Methods)43. Extended Data Fig. 1 shows the distribution of plots excluding montane forests, and Extended 
Data Figs. 2 and 3 show the AGB distribution estimated using the pantropical and continent-specific H–D 
models43.
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(Extended Data Figs. 15–16 and Extended Data Tables 6 and 8). While results concerning topographic slope 
and soil variables were consistent with our central hypothesis that AGB is primarily shaped by environment-
structure relationships (Extended Data Figs.  9–13 and Extended Data Table 7), their interpretation requires 
caution. Additional effects associated with topography and soil physical and chemical properties likely operate 
at finer spatial scales (< 10 m)22 and should be further explored at the local scale.

Furthermore, structural responses to climate varied markedly between regions (Fig.  3, Extended Data 
Figs. 18–24 and Extended Data Table 5). Among all structural attributes and potential pathways at the regional 
level, only wood density weighted by basal area showed, when statistically significant, consistent relationships 
with climatic factors (Fig. 3). Specifically, it tended to exhibit a negative relationship with annual precipitation 
and a positive relationship with precipitation seasonality. For all other structural attributes, the results were often 
inconsistent between regions: significant in some regions but not others, or divergent in direction (Fig. 3).

In Central America, precipitation strongly shaped forest structure. Both higher total annual precipitation 
(SD = 354 mm) and greater precipitation seasonality (SD = 4%) were associated with lower stem density (-42 
and -40 stems ha-1 per SD; about -6% of the regional mean) but larger mean diameter (+ 2.3 and + 1.0 cm per 
SD; + 8% and + 3%). Higher total annual precipitation was additionally associated with lower wood density 
(-0.03 g cm-3 per SD, -5%) (Fig. 3 and Extended Data Table 5). These results corroborate and extend previous 
findings for the region19.

In South America, temperature appeared to be a key driver of forest structure. Warmer temperatures (SD = 1 
°C) were associated with lower stem density (-26 stems ha-1 per SD, -5%) but larger mean diameter (+ 0.2 cm 
per SD, + 1%) and higher wood density (+ 0.03 g cm-3 per SD, + 4%) (Fig. 3 and Extended Data Table 5). These 
patterns are consistent with previous studies highlighting strong links between climate, elevation, and forest 
structure in the region18,19,27.

In Africa, both temperature and precipitation seasonality shaped forest structure. Warmer temperatures 
(SD = 1 °C) were associated with lower stem density (-35 stems ha-1 per SD, -9%) and lower basal area (-0.6 
m2 ha-1 per SD, -2%) but higher wood density (+ 0.01 g cm-3 per SD, + 2%). Greater precipitation seasonality 
(SD = 16%) was also associated with lower basal area (-0.6 m2 ha-1 per SD, -2%) and higher wood density (+ 0.01 
g cm-3 per SD, + 1%) (Fig. 3 and Extended Data Table 5). These responses remain underexplored, partly because 
Africa’s two wet and two dry seasons make it a unique case in the pantropics. Earlier work in Gabon reported 
a negative effect of annual precipitation on forest structure in old-growth lowland forests24, likely driven by 
excessive wet-season rainfall16.

In Asia, total annual precipitation (SD = 869 mm) and its seasonality (SD = 34%) were associated with 
opposite patterns in basal area and wood density: higher precipitation with higher basal area (+ 1 m2 ha-1 per 
SD, + 5%) and lower wood density (-0.02 g cm-3 per SD, -3%), and greater seasonality with lower basal area (-1 
m2 ha-1 per SD, -4%) and higher wood density (+ 0.03 g cm-3 per SD, + 4%) (Fig. 3 and Extended Data Table 5). 
These trends align with intact lowland forests in Borneo15.

In Oceania, temperature appeared to strongly shape forest structure. While precipitation seasonality 
(SD = 18%) was related to wood density (+ 0.03 g cm-3 per SD, + 6%; Fig.  3 and Extended Data Table 5), in 
Australian forests they found an influence of precipitation seasonality on tree height-diameter allometry45. 

Fig. 2.  Structure-explicit framework vs. total-effect approach for investigating environmental influences on 
tropical forest aboveground biomass (AGB). Arrows indicate assumed pathway associations, with dashed 
arrows denoting effects expected to be weak. (A) Directed acyclic graphs depicting the indirect pathways 
through which selected environmental variables are hypothesized to influence AGB via opposite responses 
among forest structural attributes (see Methods). Colors illustrate opposite positive and negative effects. 
Structural attributes include basal area (BA), wood density weighted by basal area (WDba), quadratic mean 
diameter (DBHqm), and stem density (SD). In addition, residual direct pathways between environmental 
variables and AGB are assumed after accounting for variation in forest structural attributes along 
environmental gradients and are indicated by dashed arrows. (B) Common approaches in the literature used 
to assess the total environment–AGB relationship, without explicitly accounting for forest structural attributes 
and their opposite responses along environmental gradients. This corresponds to a total-effect analysis, in 
which both (residual) direct and indirect pathways remain open (see Methods).
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Additionally, cyclone activity, which covaries with temperature and increases with longitude, likely plays a major 
role in driving forest height and stem density46.

These results suggest that no single pantropical law can adequately describe the climate-structure 
relationships across tropical forests, and that the key bioclimatic drivers of forest structure differ between 
regions. Such regional differences may reflect divergent historical biogeographic processes, including glaciation, 
continental drift, and speciation, which have shaped distinct species pools and adaptive strategies in response to 
climate conditions47,48. Methodological factors may also contribute to these discrepancies, as linear models were 
preferred over more complex forms, and only the most influential climate variables were retained. However, 
tests using non-linear approaches and preliminary analyses of variable correlations indicate that this modelling 
choice does not substantially affect the results (Extended Data Fig.  25). Further work on the ecological and 
evolutionary mechanisms underlying regional variation in climate-structure relationships would improve our 
understanding of how climate influences forest structure.

Canopy height is a key structural attribute shaping AGB that responds to climate but could not be included 
here because most field inventories lack tree height measurements43,45,48–50. Yet, canopy height is known to 
covary with quadratic mean diameter and stem density. For instance, African forests are characterized by lower 
stem density and by larger-diameter, taller trees than Amazonian forests, which typically have higher stem 

Fig. 3.  Indirect effects and total effects of climate on aboveground biomass (AGB) across tropical regions, 
excluding montane forests. Standardized coefficients of relationships between climatic variables and structural 
attributes, and of total relationships between climatic variables and AGB, as identified by the structure-
explicit pathway modelling framework (see Methods). Columns correspond to the five regions studied. 
Coefficients are shown as colored circles, expressed as percentages relative to the mean of the response 
variable per standard deviation (%). Circle size reflects the magnitude of each effect, with values for the three 
climatic variables representing the average coefficients obtained across different climate data sources (see 
Methods). Green indicates positive effects, red indicates negative effects. Empty boxes indicate non-significant 
coefficients (p ≥ 0.05). Results are shown for AGB estimated using tree height derived from the pantropical 
height-diameter (H–D) model of Feldpausch et al. (see Methods)43. The complete set of results for indirect 
relationships between environment and AGB is presented in Extended Data Figs. 9–13. Coefficients in raw, 
standardized, and % units are reported in Extended Data Tables 5 and 7. RMSE and R2 values for both total-
effect and indirect relationships are provided in Extended Data Table 9 and Extended Data Figs. 9–13. Bivariate 
relationships between each climatic variable (x-axis) and response variable (y-axis) are shown in Extended 
Data Figs. 18–24. The same patterns hold when using the continent- and region-specific H–D models of 
Feldpausch et al.43 to estimate AGB (Extended Data Tables 5 and 7), and when including montane forests 
(Extended Data Figs. 15–16 and Extended Data Tables 6, 8 and 10).
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density and smaller-diameter trees16,45. Therefore, the effect of the quadratic mean diameter on AGB estimated 
here should be interpreted as a total effect that partially operates through canopy height. Had canopy height been 
explicitly modelled, it would have added a further indirect climate-AGB pathway, likely reducing the residual 
direct effects currently observed (see Methods). The growing availability of airborne and spaceborne LiDAR 
data, providing canopy height estimates at large spatial scales, offers a promising avenue to explicitly incorporate 
height into such structure-explicit frameworks51,52, and would allow a finer decomposition of climate-structure-
AGB pathways in future analyses.

In this study, we show that understanding the abiotic drivers of tropical forest AGB requires focusing on 
how individual structural attributes vary along climatic gradients within each region. This structure-explicit 
framework paves the way for a better understanding of how forest structural attributes vary spatially across 
the tropics and how they shape forest biomass variation. Under a space-for-time perspective, future climate 
change is likely to affect individual structural attributes in more consistent directions than AGB itself, potentially 
reducing uncertainty in carbon stock predictions. Yet, repeated long-term measurements on the same plots 
would be required to directly quantify the temporal dynamics of climate-structure relationships, a key next step 
for future research.

Conclusion
This study demonstrates that understanding climate-biomass relationships in tropical forests requires explicitly 
resolving how climate drives individual forest structural attributes. We show that forest AGB arises from opposite 
structural responses along climatic gradients, making total climate-AGB relationships often undetectable. This 
pattern is consistent across tropical regions, despite differences in floristics, environment, and forest type, and 
remains robust across multiple climate datasets. We further reveal that the climate-structure relationships vary 
substantially between regions, challenging the notion of a single pantropical relationship. Explicitly accounting 
for region-specific climate-structure-AGB relationships may therefore improve our understanding of forest 
AGB variation and potentially contribute to reducing uncertainty in carbon stock predictions under future 
environmental change, strengthening the basis for forest conservation, management, and climate mitigation.

Methods
Plot network
We compiled inventories from 2,023 plots of old-growth tropical moist broadleaf forests (ranging from 0.25 to 
9 ha), spanning five regions (Figs. 1 and Extended Data Figs. 1–3): Central America (n = 614, including plots in 
southern Mexico), South America (n = 357), Africa (n = 714), Asia (n = 267), and Oceania (n = 71). Total annual 
precipitation ranges from 780 mm to 5,992 mm and mean annual temperature ranges between 12 °C and 27 
°C (Extended Data Figs. 4–5). The plots span a wide altitudinal gradient (4 to 3,021 m above sea level), with 
montane forests (⩾1,000 m) representing 22% of the plots in Africa, 6% in Asia, and less than 3% in all other 
regions. These plots were rigorously selected from over 19,473 initial plots located between 23°N and 23°S, 
with forest inventories provided by ForestPlots.net (https://forestplots.net/)35–37, the Global Forest Biodiversity 
Initiative (GFBI, in collaboration with the Science-i web platform, https://www.gfbinitiative.org/)38, which 
includes long-term plot data from Panama39–41 , AfriTRON (https://afritron.org/) and RAINFOR ​(​​​h​t​t​p​s​:​/​/​r​
a​i​n​f​o​r​.​o​r​g​/​e​n​/​​​​​) networks, and by direct contributions from principal investigators of tropical field plots. The 

Fig. 4.  Indirect effects and total effects of total annual precipitation (TAP) on aboveground biomass (AGB) 
across tropical regions, excluding montane forests (MODIS + CHIRPS dataset). The figure shows the indirect 
bivariate relationships between TAP and forest structural attributes, and the total bivariate relationships 
between TAP and AGB, derived from the structure-explicit pathway modelling framework (see Methods). 
Solid lines indicate statistically significant relationships (p < 0.05), while dashed lines indicate non-significant 
relationships (p ≥ 0.05). Colors correspond to each region as shown on the map (Fig. 1). Results are shown for 
AGB estimated using tree height derived from the pantropical height-diameter (H–D) model of Feldpausch et 
al. (see Methods)43. See Extended Data Figs. 18–24 for all results across all climate data sources.
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original forest inventories included tree-level measurements of diameter at breast height (dbh, measured at 130 
cm from the ground or 50 cm above buttresses), taxonomic identification (to genus or species level), and plot-
level information such as geographic coordinates, plot size, and census year.

Plots were rigorously selected through a stringent filtering process based on the following criteria (Extended 
Data Table 1). Within each plot, we retained trees with a dbh greater than or equal to 10 cm. Plots were removed 
when 5% or more of the trees had missing dbh measurements. We selected plots with a size greater than or 
equal to 0.25 hectares (plot size range: 0.25–9 ha, Extended Data Fig. 26). Previous studies have shown that 
0.25 ha is the minimum plot size required to minimize intra-sample variance in basal area and aboveground 
biomass (AGB) estimates53,54. We retained only plots where at least 90% of the trees were identified at the genus 
level27. We ensured that plots were located within tropical moist broadleaf forests based on field data and the 
RESOLVE Ecoregions dataset (2017) 42. During the calculation of AGB and stem density (see next section), we 
observed extreme values. Plot size errors were identified in some African plots by checking for inconsistencies in 
plot properties, using data from the ForestPlots network (https://www.forestplots.net/)35–37. In addition, as the 
most extreme values in our dataset could not all be individually verified, and may represent either encoding or 
measurement errors or ecologically real and exceptional forest stands, to focus on the main ecological patterns 
driving the state of old-growth tropical forests, we removed the upper and lower 3% of values for stem density 
and the upper and lower 2% for AGB. Based on detailed field-based information, we ensured that our dataset 
focuses on old-growth forests, explicitly excluding plots with evidence of recent disturbance (e.g., logged, 
burned, disturbed, early successional, fallow, pioneer, or young to intermediate secondary forests (< 50 years)). 
The inventory period spans from 1974 to 2023. When multiple censuses were available for a given plot, we 
retained data from the most recent inventory. Additional cleaning steps and the resulting number of plots at 
each step are summarized in Extended Data Table 1, highlighting the continued need for the standardization and 
curation of global forest inventory data.

Forest structural attributes and aboveground biomass
We calculated four forest structural attributes at the 1-ha plot level17,23: the basal area (BA), the mean quadratic 
diameter (DBHqm), the community wood density weighted by basal area (WDba), and the stem density (SD). 
Their calculations and definitions are summarized in Extended Data Table 2. To obtain the wood density of 
each tree, we first checked for typing errors in taxonomic identifications using the Taxonomic Name Resolution 
Service (TNRS)55 via the Taxosaurus interface (http://taxosaurus.org/). Then, we associated a genus- or ​s​p​e​c​
i​e​s​-​l​e​v​e​l averaged wood density value with each taxon using the global wood density database (GWDD)56,57. 
For unmatched taxa or unidentified trees, we assigned the average wood density of the plot to which each tree 
belonged. This was implemented using the getWoodDensity function from the BIOMASS R package58. In the 
GFBI dataset, 72% of trees were identified at the species level and 22% at the genus level. In the ForestPlots 
dataset, 56% of trees were identified at the species level and 35% at the genus level. For plots contributed directly 
by principal investigators, 48% were identified at the species level and 37% at the genus level. We did not 
include plot-level canopy height as a forest structural attribute, because most field inventories lacked tree height 
measurements.

We calculated forest AGB as the sum of the AGB of all individual trees with dbh ⩾ 10 cm, standardized to 
a per-hectare value (Extended Data Table 2). We estimated the AGB of each tree using allometric Eq. 4 from 
Chave et al. (Extended Data Table 2)49, which combines tree dbh, wood density, and height. Tree height was 
estimated using the three tree-level H–D models from Feldpausch et al.43: the pantropical, continent- or region-
specific H–D models (Extended Data Table 2). For Central America, AGB was calculated exclusively using the 
pantropical H–D model, as no specific region- or continent-specific H–D model exists for this region. This was 
implemented using the retrieveH and computeAGB functions from the BIOMASS R package58.

Environmental variables
As it has been shown that our capacity to predict forest species distributions varies depending on the climate 
data source59, we tested several publicly available climate datasets in our models (see next section). With this 
aim, we extracted near- or global-scale temperature and precipitation raster data from two sources based on 
weather station data (i.e., WorldClim60, and CRU TS61) and from six sources based on remote sensing data (i.e., 
CHELSA62, ERA5-Land63, TerraClimate64, IMERG65, CHIRPS66, and MODIS67). All climatic data were retrieved 
and processed using Google Earth Engine68 and are publicly available, except for CHELSA data, which are 
available at https://chelsa-climate.org, WorldClim at https://www.worldclim.org, and CRU at ​h​t​t​p​s​:​/​/​c​r​u​d​a​t​a​.​u​e​
a​.​a​c​.​u​k​/​c​r​u​/​d​a​t​a​/​h​r​g​​​​ (Extended Data Table 3). In addition, we extracted topographic data (slope and elevation) 
at a 30 m spatial resolution from the Shuttle Radar Topography Mission (SRTM)69 and soil data (clay content, 
sand content, organic carbon content, water content, bulk density, and pH) averaged across three depths (0, 10, 
and 30 cm) at a 250 m resolution from the Global Soil Information System (SoilGrids250m)70, also accessed and 
processed through Google Earth Engine (Extended Data Table 3)68.

We reduced the initial set of available environmental variables (19 bioclimatic variables derived from the 
WorldClim dataset60, two topographic, and six soil variables), prior to running our models, to ensure limited 
collinearity while retaining complementary climatic, topographic, and edaphic elements (see below). To do so, 
we first examined the pairwise correlations between the variables and excluded one variable from each pair 
with correlation coefficients greater than or equal to 0.7. We then conducted a principal component analysis 
(PCA) based on a correlation matrix and applied a clustering analysis (i.e., Ward’s minimum variance clustering 
method) on a Euclidean distance matrix derived from the coordinates of the environmental variables on the 
first four PCA axes (describing 73% of the total PCA inertia)71 (Extended Data Fig. 6). This was carried out 
using the vegan and stats R packages72. Based on these clusters, we finally selected three bioclimatic variables 
to characterize the climate, prioritizing those with direct relevance to forest ecology and processes (Extended 
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Data Fig. 6): annual mean temperature, total annual precipitation, and precipitation seasonality (Extended Data 
Figs. 4–5). For each climate data source, the three bioclimatic variables were calculated following the WorldClim 
methodology, averaged over the 30-year period 1981–2010, and upscaled to a 0.5-degree resolution, primarily 
using Google Earth Engine68. We selected topographic slope, sand content, organic carbon content, and pH to 
capture key physical and biochemical properties of soils (Extended Data Figs. 4–5). This three-step procedure 
allowed us to select a limited set of environmental predictors expected to be ecologically relevant, and that we 
assume to be complementary enough to allow approximation of model slope coefficients of these predictors as 
relative and comparable influences on the response variable (see next section). The ecological inferences from 
the fitted models are conditional on these assumptions.

Statistical analyses
Structure-explicit pathway modelling framework
To test hypothesized pathways linking the selected environmental variables (see previous section), forest 
structural attributes, and AGB, we used a structural causal modelling framework73,74.

We first defined a causal diagram of the studied system based on ecological reasoning using directed acyclic 
graphs (DAGs; Fig. 2A), in which arrows flow in a single direction and cannot cycle back, thereby representing 
hypothesized directional relationships between variables. We assumed that each environmental variable could 
potentially influence each structural attribute. We also assumed that each structural attribute could contribute 
to AGB, given dependencies among them. More specifically, we hypothesized that both stem density and 
quadratic mean diameter contribute to basal area, while stem density also influences quadratic mean diameter 
due to resource competition (higher stem density reduces quadratic mean diameter, in turn influencing basal 
area). In addition, we hypothesized that the effect of the environment on wood density weighted by basal area 
is partly explained by the balance between stem density and mean quadratic diameter. These assumptions 
define the indirect pathways through which environmental variables are hypothesized to influence AGB via 
forest structural attributes. We further assumed direct pathways between environmental variables and AGB 
after accounting for forest structural attributes, hereafter referred to as “residual direct” pathways. We do not 
postulate a priori the existence of a clear ecological mechanism underlying these potential residual direct effects. 
Rather, these pathways are included to capture potential residual effects arising for two reasons: (i) non-linear 
environmental influences on AGB that are not captured by indirect pathways through structural attributes, and 
(ii) effects mediated by structural variables not explicitly included in the analysis, such as canopy height, which 
itself exhibits a non-linear relationship with quadratic mean diameter. Nevertheless, residual direct effects are 
expected to be weaker than indirect effects, which will be indicated by the relative importance of (residual) direct 
versus indirect causal paths linking the environmental factors to AGB.

For each pair of outcome (i.e., response variable; e.g., AGB) and predictor of interest, that is, a variable for 
which we sought to estimate a hypothesized causal effect (e.g., temperature), we then applied a graphical criterion 
(the backdoor criterion) to the DAG74. This approach identifies a minimal set of control variables, if any exists, 
to adjust for, in order to block hypothesized non-causal paths of association between the predictor of interest 
and the outcome, while keeping hypothesized causal paths of association open between the two variables. This, 
in turn, ensures causal inference is possible from the estimated coefficient of the predictor of interest, assuming 
the structure of the DAG is correct73,74. It is worth emphasising that different causal queries generally lead to the 
backdoor criterion identifying different, and often incompatible, sets of control variables necessary for causal 
inference, hence requiring multiple models to be run for different questions (see below)73–75.

The ‘backdoor criterion’ yields different results depending on whether one aims to investigate total, (residual) 
direct, or indirect causal effects (see Eq. (1)-(12)). For the indirect causal pathways, we applied the backdoor 
criterion sequentially: first to assess the direct effects of environmental variables on each structural attribute, 
and then to evaluate the direct effects of each structural attribute on AGB, defining appropriate sets of control 
variables for each causal question. For the residual direct causal pathways, we focused on the direct effects of 
environmental variables on AGB when applying the criterion and defining related sets of control variables.

We also tested the total causal effects (sum of (residual) direct and all indirect causal effects) of environmental 
variables and of structural attributes on AGB. The total effect of environmental variables on AGB here corresponds 
to their influence without conditioning on structural attributes and thus keeps both (residual) direct and indirect 
causal pathways open (see Eq. (12)), consistent with common approaches used to assess the environment–AGB 
link in the literature (Fig. 2B).

Indirect, (residual) direct and total effects of the predictors of interest on the different response variables were 
tested using multiple linear regressions (MLRs) (hereafter referred to as “models”), with two-tailed tests applied 
in all analyses. All predictors were standardized to a mean of zero and unit standard deviation before running 
the models, to allow straightforward comparison of coefficients.

Models for indirect and residual direct effects

(1)	 WDba = β₀ + β₁·Env + β₂·BA + ε
(2)	 BA = β₀ + β₁·Env + β₂· DBHqm + β₃·SD + ε
(3)	 DBHqm = β₀ + β₁·Env + β₂·SD + ε
(4)	 SD = β₀ + β₁·Env + ε
(5)	 AGB = β₀ + β₁·BA +  β₂· DBHqm + β₃·SD + β₄· WDba + β₅·Env + ε
(6)	 AGB = β₀ + β₁· WDba +  β₂·BA + β₃·Env  + ε
(7)	 AGB = β₀ + β₁· DBHqm + β₂·SD +   β₃·BA + β₄·Env  + ε
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Models for total effects

(8)	 AGB = β₀ + β₁· WDba +  β₂·BA + β₃·Env  + ε
(9)	 AGB = β₀ + β₁·BA +           β₂· DBHqm + β₃·SD + β₄·.Env + ε
(10)	 AGB = β₀ + β₁·SD +   β₂.Env + ε
(11)	 AGB = β₀ + β₁· DBHqm + β₂· .SD + β₃·.Env + ε
(12)	 AGB = β₁·Env + ε

Env denotes the set of environmental variables included in all models. These include total annual precipitation, 
mean annual temperature, precipitation seasonality, topographic slope, soil sand content, soil pH, and soil 
organic carbon content. β₀ is the model intercept, β₁, β₂, … are estimated standardized coefficients for each 
predictor, ε is the residual error term. WDba: wood density weighted by basal area; BA: basal area; DBHqm: 
quadratic mean diameter; SD: stem density; AGB: aboveground biomass. Variables shown in bold correspond 
to the covariates to be conditioned on, to close non-causal paths and allow a causal interpretation of the slope 
of the predictor of interest.

By explicitly mapping the system through a DAG, one is required to consider all potential confounding 
factors surrounding the relationship of interest. The backdoor criterion then identifies which variables must 
be conditioned on to block spurious associations while keeping the pathway of interest open, thereby allowing 
directional inference with substantially reduced risk of confounding bias. However, as noted above, such causal 
inference is only valid to the extent that the structure of the DAG is correct73,74, an assumption we acknowledge 
cannot be fully guaranteed in a complex ecological system where not all relevant drivers and mediators can 
be captured. The estimated coefficients of the relationships tested should therefore be interpreted as pathway-
based associations rather than as fully demonstrated causal effects. Accordingly, throughout the main text, we 
avoid strong causal language, and terms such as ‘effect’, ‘relationship’ or ‘influence’ should be understood as 
describing observed associations within the hypothesized pathway framework rather than as fully demonstrated 
causal relationships. In addition, we accounted for spatial autocorrelation in the residuals of each model using 
an advanced spatially constrained ordination method (Moran’s eigenvector maps, MEMs31–33), that is, a key step 
to avoid type I error-rate inflation and biased association estimates between predictors and response variables34. 
To do so, we first created a list of candidate graph-based spatial weighting matrices (SWMs) from the spatial 
coordinates of the forest plots, to test for spatial autocorrelation in the models’ residuals. If any significant 
spatial autocorrelation was detected, we optimized the selection of the smallest subset of spatial eigenvectors 
(or MEMs) necessary to account for all residual spatial autocorrelation, following Bauman et al.31,32. This was 
achieved using the listw.candidates and listw.select functions from the adespatial R package32 . The selected subset 
of MEMs was then incorporated alongside the environmental predictors, and the models were rerun, reinforcing 
the robustness of the tested relationships with environmental factors. Models were first fitted at the pantropical 
scale, including an interaction term with region using deviation coding (contrasts centred on the global mean) 
and using the CHELSA datasets. Then, at the regional scale, all models were fitted separately for each of the 
five regions (Central America, South America, Africa, Asia, and Oceania). To assess the sensitivity of model 
outcomes to the choice of climate data source, we ran the regional models while successively replacing the climate 
datasets: WorldClim, CRU TS, CHELSA, ERA5-Land, TerraClimate, MODIS + IMERG, and MODIS + CHIRPS. 
Our results showed that the climate dataset significantly influenced the estimated parameters in our models. In 
some cases, the slope of the relationship, and therefore the direction of the climate effect, varied across datasets, 
leading to opposite trends. In others, the direction was consistent but only for a minority of the climate sources, 
while the remaining datasets showed no significant relationship. Only a subset of relationships exhibited stable, 
significant slopes across all climate datasets (Extended Data Figs. 7–8). These results stressed the importance of 
climate data source selection in our understanding of the influence of climate on structural attributes and AGB. 
To ensure robust conclusions, for each relationship tested in our models (1)-(5) (at the regional scale), between 
the three bioclimatic variables and either structural attributes or AGB, we retained and interpreted ecologically 
only those relationships for which the majority of climate datasets (i.e., more than 3 out of 7) agree on both the 
significance and the direction of the coefficient (45% of cases for structural attributes versus 30.8% for AGB, 
excluding montane forests; Extended Data Figs. 7–8). For these relationships, the coefficients reported in the 
results represent mean values across all climate datasets. Relationships not meeting this criterion are considered 
non-significant.

Montane forests likely exhibit distinct structural and functional characteristics, shaped by specific, and 
sometimes more extreme, environmental conditions, making them a unique ecological system. Studying 
montane and lowland forests together could artificially accentuate climatic gradients, particularly for 
temperature, and potentially inflate the apparent influence of climate on structural attributes or AGB, while 
in fact reflecting a contrast between two distinct forest types rather than a continuous climate effect. To test 
whether the relationships observed between climate and forest structure or AGB were driven by the inclusion 
of montane forests, we conducted sensitivity analyses including and excluding montane plots from our regional 
models. These analyses were performed for Africa and Asia, where montane forests account for 22% and 6% of 
the dataset, respectively. For the other regions, where montane forests account for less than 3% of the plots, we 
retained only the models based on lowland forests.

Substantial differences in forest structure are generally observed between early- and late-successional 
forests24,76,77. Most tropical forests recover their structural properties within approximately 60  years after 
disturbance, and their AGB within approximately 120  years, converging towards old-growth values14. Given 
the selection criteria applied to our dataset, most of our forests are expected to have reached this structural 
asymptote, suggesting that the forest structural patterns we observe primarily reflect environmental conditions 
rather than ongoing successional dynamics. Nevertheless, some variation in successional stage may remain, 
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potentially leading to incorrect inferences about the relationships between environmental factors and structural 
attributes. To address this concern, we evaluated whether controlling for successional stage could alter our main 
conclusions.

We used the percentage of pioneer species as a proxy for successional stage, reflecting the disturbance 
history of the plot: high percentages may indicate early successional stages following disturbance (natural or 
anthropogenic), while low percentages suggest more advanced stages. In our view, this provides a more robust 
measure than large-scale global disturbance datasets. The percentage of pioneer species was derived from the 
CoForTraits database (https://doi.org/10.18167/DVN1/Y2BIZK), which compiles trait data for Central African 
tree species.

Including this variable in the African models, the only region for which these data were available, did not 
alter our main conclusion that environment influences AGB indirectly through its influence on forest structural 
attributes (Extended Data Figs. 11, 14, 15 and 17). While such data are not available for other regions, the results 
provide reassurance that our conclusions are not driven by variation in forest maturity across tropical regions.

H–D models used to estimate tree height and then forest AGB exist from regional to pantropical scales43, but 
they come with inherent limitations, with each model having its own specific constraints. For instance, regional 
H–D models are generally more accurate but are calibrated for specific regions and influenced by varying 
environmental conditions, making it difficult to separate the true influences of environmental variables from 
model-induced biases. Therefore, we tested our models (at pantropical and regional scales) with AGB estimated 
using three alternative H–D models of Feldpausch et al.43 and found that the results showed similar patterns 
(Extended Data Tables 4–10), confirming that our main conclusions are robust to the choice of H–D model used 
to estimate AGB. For this reason, and because of the potential biases induced by region-specific H–D models, the 
interpretation of the relationships between environmental variables and AGB in the main text is based on AGB 
estimated with the pantropical H–D model.

Finally, as previously mentioned, the upper and lower 3% of stem density values and the upper and lower 
2% of AGB values were removed from the dataset to focus on the main ecological patterns driving the state 
of old-growth tropical forests. To assess whether this trimming procedure could bias our main conclusions, 
we performed a sensitivity analysis in which all plots were retained without any trimming. The proportion 
of plots added relative to the main analysis was as follows: Central America (11.7%), South America (26.8%), 
Africa (5.1%), Asia (11.5%) and Oceania (9.9%). Results of this sensitivity analysis are presented in Extended 
Data Figs. 27–28 and show that our main conclusions remain unchanged: environmental factors exert strong 
indirect effects on AGB through opposite responses among structural attributes, while total environment–AGB 
relationships remain largely undetectable.

Complementary non-linear analyses
Additionally, we tested for potential non-linear (specifically quadratic) relationships between environmental 
variables and structural attributes at the pantropical scale. For each structural attribute, we examined its 
relationship with each bioclimatic variable (mean annual temperature, total annual precipitation, and 
precipitation seasonality) using simple linear regressions that included a quadratic term.

Relationships between structural attributes and AGB
The relationships between structural attributes and AGB are not discussed in detail as they are not the primary 
focus of our study, which aims to demonstrate that understanding the influence of environment on AGB requires 
first understanding its influence on each structural attribute. As expected from previous studies23,28, forest AGB 
increased with all structural attributes across regions (Extended Data Figs.  9–13). Wood density showed a 
consistently positive association with AGB, and both quadratic mean diameter and stem density also contributed 
positively, mainly by enhancing basal area (Extended Data Figs. 9–13). A small negative association between 
quadratic mean diameter and AGB likely reflects low-biomass stands dominated by a few large trees, a pattern 
observed only in South America and Africa. The interaction observed between stem density and mean diameter 
defines a structural gradient, from sparsely stocked forests with large-diameter trees and lower basal area to 
denser stands characterized by smaller trees and higher basal area (Extended Data Figs. 10–13). In addition, the 
negative association between stem density and AGB suggests that in very dense forests, AGB tends to decrease, 
likely due to competition for resources and space (Extended Data Figs. 9–12). Altogether, although stem density 
plays a meaningful role, its total contribution to AGB is lower compared to basal area or wood density (Extended 
Data Table 7).

Data availability
Tree-by-tree data from ForestPlots.net and GFBI are not publicly available due to data-sharing agreements. Raw 
forest inventory data are commonly subject to a wide array of confidentiality clauses in regard to open access 
policies. Despite recent efforts to make some of these data fully open78,79, some governments and private data 
owners, especially those from developing countries, have decided to keep their data confidential. This decision is 
based on well-founded arguments to protect certain trees or forests (because of their large size or protected taxo-
nomic status) from illegal logging or trespassing and to protect landowners’ privacy against the misuse of plot in-
formation such as the geographic coordinates. Researchers interested in accessing the tree-by-tree data may sub-
mit a formal data request to ForestPlots.net and to the Global Forest Biodiversity Initiative (GFBI) (via Science-i.
org). Requests are reviewed on a case-by-case basis and are subject to approval by the original data contributors. 
However, a summary dataset containing plot-level data (without geographic coordinates and without plot IDs), 
together with the code used to reproduce the analyses, is publicly available at ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​5​2​8​1​/​z​e​n​o​d​o​.​
2​1​1​6​9​2​0​3​​​​ (see LICENSE for full terms)80. If you encounter issues reproducing the analyses using this code, or 
have questions about collaboration, please contact the corresponding author: Pauline Depoortere (depoort.p@
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gmail.com). Data from Panama used in this study are publicly available via permanent archives: Barro Colorado 
50-ha plot: https://doi.org/10.15146/5xcp-0d46, BCI plot taxonomy: https://doi.org/10.15146/R3FH61, Panama 
65 plot network: https://doi.org/10.15146/mdpr-pm59. French NFI campaigns (Raw Data) 2005 and following 
annual surveys were downloaded from https://inventaire-forestier.​ign​.f​r/sp​ip.​php?​rubrique159, site accessed on 
December 13th, 2015. All climate data were retrieved (https://earthengine.google.com), except for CHELSA 
data which are publicly available at https://chelsa-climate.org, WorldClim at https://www.worldclim.org, and 
CRU at https://crudata.uea.ac.uk/cru/data/hrg. All data were processed using Google Earth Engine. In addition, 
topographic data (elevation and slope) at 30 m resolution from the Shuttle Radar Topography Mission (SRTM) 
and soil data (clay content, sand content, organic carbon content, water content, bulk density, and pH) at 250 m 
resolution from the SoilGrids250m system were also accessed and processed through Google Earth Engine. All 
references and download links for the environmental datasets used in this study are provided in the Methods 
section and Extended Data Table 3.
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