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ECOLOGY

Enhancing ecosystem productivity and stability with
increasing canopy structural complexity in

global forests

Xiaogiang Liu"?3, Yuhao Feng4, Tianyu Hu"?*3, Yue Luo"?3, Xiaoxia Zhao"*3, Jin Wu®,
, Qinghua Guo™?, Yanjun Su
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Forest canopy structural complexity (CSC) plays a crucial role in shaping forest ecosystem productivity and stability,
but the precise nature of their relationships remains controversial. Here, we mapped the global distribution of forest
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CSC and revealed the factors influencing its distribution using worldwide light detection and ranging data. We find
that forest CSC predominantly demonstrates significant positive relationships with forest ecosystem productivity and
stability globally, although substantial variations exist among forest ecoregions. The effects of forest CSC on produc-
tivity and stability are the balanced results of biodiversity and resource availability, providing valuable insights for
comprehending forest ecosystem functions. Managed forests are found to have lower CSC but more potent enhanc-
ing effects of forest CSC on ecosystem productivity and stability than intact forests, highlighting the urgent need to
integrate forest CSC into the development of forest management plans for effective climate change mitigation.

INTRODUCTION
Forest canopy serves as the central hub of carbon and energy ex-
change between trees and the atmosphere (I, 2). An essential deter-
minant of this exchange process is the intricate arrangement and
occupation of canopy elements in three-dimensional space, known
as canopy structural complexity (CSC) (3, 4). Forest CSC governs
the distribution of light and water within forest canopy (5, 6), there-
by exerting a profound influence on crucial functions of forest eco-
systems, especially their productivity and stability (7-9). Against the
backdrop of global climate change and forest biodiversity loss, the
current global distribution of forest CSC is being reshaped (3, 10).
Therefore, understanding the underlying factors that influence the
global distribution of forest CSC and unraveling the correlations be-
tween forest CSC and forest ecosystem productivity and stability
have become of great importance for understanding forest carbon
dynamics, as well as aiding forest management and conservation.
The global distribution of forest CSC is influenced by a combina-
tion of biotic, climatic, and edaphic factors. Biotic factors, such as
tree species composition and forest age, can induce changes in the
phenotypic characteristics of canopy elements (e.g., leaf size, tree
size, and branch architecture) and influence the selection of eco-
logical niches (11, 12), ultimately shaping the space-filling charac-
teristics of canopy elements and consequently altering forest
CSC. Climatic factors, such as precipitation and temperature, along
with edaphic factors like soil texture and soil nutrient content, can
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affect forest CSC by shaping regional tree species pools and deter-
mining resource accessibility for tree growth (13, 14). Moreover,
climatic and edaphic factors can interact with biotic factors through
phenotypic plasticity of canopy elements (i.e., the phenotypic char-
acteristics of the same tree species may vary with environmental
gradients) (15, 16), leading to variations in forest CSC. Despite the
essential role of biotic, climatic, and edaphic factors in modulating
forest CSC, our current understanding is primarily limited to re-
gional scales (17, 18), and their relative contributions to forest CSC
have not been well quantified at a global scale (4).

As for the correlations of forest CSC with forest ecosystem pro-
ductivity and stability, they remain uncertain on a global scale. Both
the effects of forest CSC on forest ecosystem productivity and stabil-
ity are generally hypothesized to be positive, and this hypothesis is
supported by observations in northern hardwood forests, mixed
coniferous forests, etc. (7, 19, 20). Forest stands with higher CSC may
exhibit enhanced light interception capabilities through crown com-
plementarity as well as a broader range of strategies to regulate re-
source allocation (e.g., canopy wind transmission reduction and
overshadowing effect), thereby benefiting biomass accumulation and
improving resilience to disturbance (8, 21, 22). However, contradicto-
ry observations have also been reported, showing negative or neutral
correlations between forest CSC and forest ecosystem productivity
and stability (23, 24). It is argued that the asymmetric light competi-
tion between overstory and understory trees resulting from high CSC
may suppress the understory, leading to lower overall forest ecosys-
tem productivity (23, 25), and the stronger competition in struc-
turally complex forests may reduce the resource availability per
individual, potentially increasing sensitivity to disturbances (24).

One of the primary challenges hindering current studies is that
they are usually conducted at a forest site scale, due to the lack of
efficient methods for quantifying forest CSC at a broader spatial
scale (4, 26). Recently, advancements in light detection and ranging
(lidar) techniques have enabled the accurate quantification of forest
CSC (27, 28). In a pioneering effort, Ehbrecht et al. (3) attempted to
map the global distribution of forest CSC by integrating terrestrial
lidar data from 294 plots at 20 primary forest sites with climate
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variables. The recent advent of the Global Ecosystem Dynamics In-
vestigation (GEDI) spaceborne lidar system offers an alternative
approach to explore the global distribution of forest CSC (29). With
a substantially larger lidar sample size (over 400-million GEDI
footprints were used in the current study) and without the uncer-
tainties introduced by auxiliary datasets such as climate variables,
GEDI presents an opportunity for more comprehensive analysis. In
this study, we present a near-global map of forest CSC using the
baseline year 2021. A robust metric, namely, canopy entropy (30),
was adopted to quantify forest CSC by integrating GEDI data with
airborne lidar data from 4000 forest plots (figs. S1 to S3). Through
this analysis, we aim to address the following three research ques-
tions: (i) How do biotic, climatic, and edaphic factors drive the
global distribution of forest CSC? (ii) How does forest CSC relate to
forest ecosystem productivity and stability at a global scale? (iii)
How do biotic, climatic, and edaphic factors influence the effect of
forest CSC on forest ecosystem productivity and stability?

To accomplish this, we compiled a dataset comprising two biotic
factors describing species richness and forest age; 10 climatic factors
characterizing water resources, temperature, and light conditions;
and three edaphic factors detailing soil texture (silt and clay fraction)
and soil nutrient contents (table S1). Forest ecosystem productivity
was represented by gross primary productivity (GPP) obtained from
both the Moderate Resolution Imaging Spectroradiometer (MODIS)
product and the Global Orbiting Carbon Observatory-2-based
Solar-Induced Chlorophyll Fluorescence (GOSIF) product (table
S1), and forest ecosystem stability was assessed from over 20-year
MODIS normalized difference vegetation index (NDVI) data using
the composite early warning indicator, which quantifies the capacity
of ecosystems to withstand perturbations and avoid state shifts
(fig. S4) (31).

RESULTS AND DISCUSSION

Factors driving the global distribution of forest CSC

Canopy entropy is an efficient metric for quantifying forest CSC,
capable of capturing within-canopy structural variations caused by
both horizontal and vertical arrangements and occupations of can-
opy elements (30). It is particularly well suited for large-scale appli-
cations using multiplatform lidar point clouds with varying point
densities, as it exhibits low dependence on point density due to its
projected kernel density estimation-based calculation strategy (fig. S5)
(30). A higher value in canopy entropy indicates a more complex
forest canopy structure (Fig. 1A). When compared to independent
estimates of canopy entropy derived from airborne lidar data, the
forest CSC estimation model based on GEDI data demonstrated a
coefficient of determination (R?) of 0.58 and a normalized root mean
square error of 12.35% (Fig. 1B), and a satisfactory estimation ac-
curacy was achieved at the forest biome scale as well (fig. S6). Two
primary sources of uncertainty were the relatively low accuracy of
canopy cover estimates from GEDI data (fig. S7) and the constrained
penetration capability of GEDI in dense forest canopies with multi-
ple vertical layers (e.g., tropical and subtropical moist broadleaf for-
ests; fig. 56).

The generated global map of forest CSC had a spatial resolu-
tion of 0.025° X 0.025°, spanning from ~52°S to 52°N (Fig. 1C).
The averages of forest CSC and its variability within each pixel
across the globe were 10.57 and 0.56, respectively (Fig. 1C and
fig. S8). The global map of forest CSC exhibited noticeable spatial
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heterogeneities (Fig. 1C), with the highest values observed around
the equator and 45°S (Fig. 1D). Notably, the spatial distributions and
latitudinal patterns remained consistent when aggregating GEDI
footprint-level forest CSC estimates into different spatial resolu-
tions (0.005° X 0.005° 0.01° x 0.01°, and 0.05° X 0.05°) (fig. S9).
Among the global forest biomes defined in the Terrestrial Ecore-
gions of the World (32), tropical and subtropical moist broadleaf
forests had the highest CSC (mean, 10.65), followed by temperate
broadleaf and mixed forests (mean, 10.61), temperate coniferous
forests (mean, 10.60), tropical and subtropical coniferous forests
(mean, 10.46), temperate savannas (mean, 10.26), tropical and
subtropical dry broadleaf forests (mean, 10.18), Mediterranean
forests (mean, 10.09), boreal forests (mean, 9.94), tropical and sub-
tropical savannas (mean, 9.89), and flooded savannas (mean, 9.83)
(Fig. 1E).

To analyze the factors influencing the global distribution of for-
est CSC, we chose two factors from each category based on their
relative importance in explaining forest CSC through a random for-
est analysis, given the imbalanced number of biotic, climatic, and
edaphic factors (table S1), as well as the strong intercorrelations
within each factor category (fig. S10). Among the categories with
multiple factors, mean annual temperature (MAT) emerged as the
most important temperature-related factor, mean annual precipita-
tion minus potential evapotranspiration (MAP-PET) emerged as
the most important water resource-related factor, and soil nitrogen
content emerged as the most important soil nutrient-related factor.
Consequently, we selected species richness and forest age to repre-
sent biotic conditions, MAT and MAP-PET to represent climatic
conditions, and soil texture and soil nitrogen content to represent
edaphic conditions (Fig. 2A).

On a global scale, MAP-PET emerged as the most influential fac-
tor on forest CSC, followed by MAT, forest age, species richness, soil
nitrogen content, and soil texture (fig. S11A). Furthermore, MAP-
PET consistently ranked among the top three most influential fac-
tors in 6 of the 10 forest biomes (fig. S11), in line with findings from
previous studies (3). However, the dominant factor varied across
different forest biomes and generally aligned with the correspond-
ing factor limiting tree growth (fig. S11). In arid and semiarid forest
biomes, where water supply is a key limitation for tree growth (33),
MAP-PET remained the most influential factor (fig. S11, C, H, and
]). In temperate and boreal forest biomes, where temperature plays a
major role in limiting tree growth (34), MAT became the primary
driver influencing forest CSC (fig. S11, E to G and I). Tropical and
subtropical forests, characterized by short regeneration cycles (35),
substantial disturbances from human activities in recent decades
(36), and relatively low soil nutrient content (37), were primarily
influenced by forest age and soil nitrogen content (fig. S11, B to D).
The combined effects of biotic, climatic, and edaphic factors ac-
counted for 77% of the variations in forest CSC across the globe
(Fig. 2B). Notably, the combined impact of climatic and edaphic fac-
tors on forest CSC outweighed that of biotic factors, and biotic fac-
tors contributed to forest CSC mainly through interacting with
climatic and edaphic factors (Fig. 2B). This phenomenon held true
across forest biomes (fig. S12), highlighting the potential strong
phenotypic plasticity of canopy elements in response to variations in
environmental conditions (4). Even in areas with the same tree spe-
cies pool, the phenotypic characteristics of canopy elements may
vary significantly along environmental gradients, thereby altering
forest CSC (15).
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Fig. 1. Global distribution of forest CSC. (A) lllustrative examples of airborne lidar data and simulated spaceborne GEDI waveforms for forest stands with varying CSC
values. (B) Accuracy evaluation of forest CSC estimates derived from simulated GEDI waveforms. The coefficient of determination (R?) and the normalized root mean square
error (NRMSE) are reported. The solid green line represents the fitted line with P < 0.001, and the dashed gray line represents the 1:1 line. (C) Global forest CSC map esti-
mated from GEDI data at a spatial resolution of 0.025° x 0.025°. (D) Latitudinal pattern of forest CSC presented with a 1°interval. The green solid line represents the average
forest CSC, and the green shaded area represents one SD. (E) Violin and box plots demonstrating the variations in forest CSC within forest biomes defined in the Terrestrial
Ecoregions of the World (32). The upper, central, and lower horizontal lines in each box correspond to the 25th percentile, mean, and 75th percentile, respectively. The
colored letters represent statistical test results (Games-Howell test) among the means, with forest biomes not sharing the same letter considered significantly different
(P < 0.05). The abbreviations TrMBF, TeBMF, TeCF, TrCF, TeS, TrDBF, MeF, BoF, TrS, and FIS represent tropical and subtropical moist broadleaf forests, temperate broadleaf and
mixed forests, temperate coniferous forests, tropical and subtropical coniferous forests, temperate savannas, tropical and subtropical dry broadleaf forests, Mediterranean
forests, boreal forests, tropical and subtropical savannas, and flooded savannas, respectively. Further details about the extent of these forest biomes can be found in fig. S1.

Biotic, climatic, and edaphic factors all exerted significant influ-
ences on the spatial distribution of forest CSC across the globe
(Fig. 2C). The two biotic factors, namely, species richness and forest
age, demonstrated significant positive correlations with forest CSC
(P < 0.05; Fig. 2C). As species richness increases, forest stands gain
access to a broader tree species pool, allowing for more efficient eco-
logical niche utilization through complementarity in crown archi-
tectures and ultimately leading to higher forest CSC (4, 7). Moreover,
older forests have generally experienced long-term successions, fos-
tering the development of more complex forest canopies (19). Re-
garding climatic factors, the water resource-related factor (MAP-PET)
also exhibited a positive correlation with forest CSC (Fig. 2C). Regions
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with abundant water resources can support the growth of tall trees,
potentially enhancing forest CSC (14). The temperature-related fac-
tor (MAT) displayed a hump-shape relationship with forest CSC
(Fig. 2C), possibly attributed to the presence of two distinct forest
types in tropical regions, i.e., rainforests and savannas (32). Both
edaphic factors demonstrated positive correlations with forest CSC
(Fig. 2C). Higher soil nitrogen content and finer soil texture (i.e.,
higher silt and clay fraction) can provide better soil conditions,
which are advantageous for tree growth, consequently enhancing
forest CSC (38). It is noteworthy that the correlations between forest
CSC and all factors remained unchanged when they were evaluated
by partial dependencies derived from random forest regression
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Fig. 2. Factors driving the global distribution of forest CSC. (A) Relative importance of biotic, climatic, and edaphic factors in explaining forest CSC. Relative importance
was quantified as the increase in node purity through a random forest analysis. MAT, TS, MTCM, MTWM, MAP, PET, PS, PDM, and PWM represent mean annual temperature,
temperature seasonality, minimum temperature of the coldest month, maximum temperature of the warmest month, mean annual precipitation, potential evapotrans-
piration, precipitation seasonality, precipitation of the driest month, and precipitation of the wettest month, respectively. Because of the right-skewed distribution of
species richness (fig. S13), it was logarithmically transformed in all subsequent analyses (67). (B) Collective contributions of biotic, climatic, and edaphic factors to the
global distribution of forest CSC. Two factors were selected in each category based on their relative importance in explaining forest CSC. Biotic factors include species rich-
ness and forest age, climatic factors include MAT and MAP-PET, and edaphic factors include soil nitrogen content and soil texture (silt and clay fraction). The intersection of
circles represents the coupling effect of biotic, climatic, and edaphic factors on forest CSC. (C) Relationships between the global distribution of forest CSC and biotic, cli-
matic, and edaphic factors. Forest CSC was evenly grouped into 100 bins based on each factor, and its relationship with each factor was modeled using either weighted
linear regression or weighted quadratic regression (if the weighted linear regression result was nonsignificant). The number of data points within each bin was used as the
weight in the regressions. The solid green lines represent the fitted lines, and statistical results, including the used regression approach, R?, and P, are reported in table S2.

analyses (fig. S14). Moreover, these relationships within the majority
of forest biomes closely mirrored their global counterparts (fig. S15),
indicating a potential consistency in the ecological mechanisms
governing how biotic, climatic, and edaphic factors influence forest
CSC across diverse forest biomes.

Relationships of forest CSC with forest ecosystem
productivity and stability

Forest CSC demonstrated positive correlations with forest ecosys-
tem productivity and stability globally and across different forest
biomes (P < 0.05), with the exception of temperate savannas for
productivity (Fig. 3A and tables S3 and S4), suggesting that forest
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stands with higher CSC exhibited increased productivity and great-
er resilience to disturbance. These findings provided support for ex-
isting hypotheses (7, 19, 22) and indicated that previous inconsistent
observations may be attributed to their limited spatial scales, em-
phasizing the importance of comprehending the relationships be-
tween forest CSC and forest ecosystem productivity and stability
from a global perspective. Note that, when evaluating the relation-
ships between forest CSC and forest ecosystem productivity and sta-
bility using different forest ecosystem productivity products (i.e.,
GPP measurements from flux towers and MODIS and GOSIF GPP
products), different forest CSC metrics (i.e., canopy entropy, canopy
cover, and foliage height diversity), and different spatial resolutions
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Fig. 3. Forest CSC effects on forest ecosystem productivity and stability. (A) Relationships between forest CSC and forest ecosystem productivity and stability on a
global scale and within each forest biome. Forest ecosystem productivity was represented by GPP extracted from the MODIS product. The bold solid green lines represent
the fitted lines on a global scale, while the non-bolded solid lines represent the fitted lines within each forest biome. The colors of the fitted lines within each forest biome
match those in (D) and (E). Statistical results, including Pearson’s correlation coefficient (r), slope, and P, are reported in tables S3 and S4. (B) Distribution of the effect size
of forest CSC on forest ecosystem productivity across global forest ecoregions. (C) Distribution of the effect size of forest CSC on forest ecosystem stability across global
forest ecoregions. Effect sizes were quantified through multilinear regression analyses. (D) Histogram of the effect size of forest CSC on forest ecosystem productivity
across global forest ecoregions and its box plot within each forest biome. (E) Histogram of the effect size of forest CSC on forest ecosystem stability across global forest
ecoregions and its box plot within each forest biome. The gray bars in the histograms represent forest ecoregions with nonsignificant multilinear regression models or
nonsignificant forest CSC effects on forest ecosystem productivity or stability. The solid black lines and p represent the mean forest CSC effects globally, while the dashed
gray line separates forest ecoregions with significant positive effects and significant negative effects. *, **, and *** represent global forests or forest biomes with mean
forest CSC effect size significantly greater than 0 at confidence levels of 95%, 99%, and 99.9%, respectively. Abbreviations of forest biomes in the box plots are consistent
with those in Fig. 1E.

(i-e.,0.005°x 0.005°,0.01° X 0.01°,0.025° X 0.025°, and 0.05° X 0.05), model was constructed for forest ecosystem productivity or stability

similar results were yielded (Fig. 3A, figs. S16 to S19, and tables S3
and S4). Consequently, only results using canopy entropy as the
quantification metric of forest CSC, a spatial resolution of
0.025° % 0.025°, and MODIS GPP product are reported henceforth.

To assess the relationships between forest CSC and forest ecosys-
tem productivity and stability across different forest ecoregions,
particularly considering the potential confounding influence of bi-
otic, climatic, and edaphic factors on both forest CSC and forest eco-
system productivity and stability, we further investigated their
relationships within each forest ecoregion using multilinear regres-
sion. Our analysis covered a total of 496 forest ecoregions identified
in the Terrestrial Ecoregions of the World. A multilinear regression
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in each forest ecoregion, using forest CSC, species richness, forest
age, MAT, MAP-PET, soil nitrogen content, and soil texture as ex-
planatory variables. The coefficients of forest CSC in the regression
models served as indicators of the effect sizes of forest CSC.

The multilinear regression models constructed in this study ef-
fectively captured the variations of forest ecosystem productivity
(mean R* = 0.43, with P < 0.05 in 99.4% of the forest ecoregions)
and stability (mean R* = 0.13, with P < 0.05 in 97.0% of the forest
ecoregions) (fig. S20). Forest CSC demonstrated a positive effect on
forest ecosystem productivity and stability in the majority of forest
ecoregions (Fig. 3, B and C). The average effect size of forest CSC on
forest ecosystem productivity was 0.10, with 78.0% of the forest
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ecoregions showing a significant positive effect (P < 0.05), 17.3%
showing a nonsignificant effect (P > 0.05), and 4.7% showing a sig-
nificant negative effect (P < 0.05) (Fig. 3D). Similarly, the average
effect size of forest CSC on forest ecosystem stability was 0.31, with
67.6% of the forest ecoregions showing a significant positive effect
(P < 0.05), 27.4% showing a nonsignificant effect (P > 0.05), and
5.0% showing a significant negative effect (P < 0.05) (Fig. 3E). The
average effect sizes of forest CSC on forest ecosystem productivity
and stability were positive in all forest biomes and significantly dif-
ferent from 0 (P < 0.05), except for the average effect size of forest
CSC on forest ecosystem stability in flooded savannas (Fig. 3,
D and E).

While forest CSC generally had a positive effect on forest ecosys-
tem productivity and stability, the effect size varied substantially
across forest ecoregions (the SD of effect size was 0.11 for productiv-
ity and 0.42 for stability) (Fig. 3, B and C), and the patterns of their
spatial variations generally aligned with those derived from differ-
ent forest ecosystem productivity products, different forest CSC
metrics, and different spatial resolutions (Fig. 3, B and C, and
figs. S17 to S19 and S21). It should be noted that the predominantly
positive effects of forest CSC on forest ecosystem productivity and
stability were also observed using linear regression with forest CSC
as the sole explanatory variable (fig. S22). However, the effect sizes
from linear regression models were generally larger than those from
multilinear regression models (fig. S22), indicating that linear re-
gression results might include the confounding effects of biotic, cli-
matic, and edaphic factors on both forest CSC and forest ecosystem
productivity and stability.

Factors influencing the effect size of forest CSC on forest
ecosystem productivity and stability
The spatial heterogeneity in the size of forest CSC effects on forest
ecosystem productivity and stability was found to be influenced by
variations in biotic, climatic, and edaphic factors among forest
ecoregions. Specifically, the effect size of forest CSC on forest ecosys-
tem productivity exhibited positive correlations with species richness,
MAT, and soil texture (Fig. 4, A, C and F). Forests characterized by
high species richness may offer increased opportunities for the in-
clusion of shade-tolerant tree species, fostering the formation of
functionally diverse tree species communities in line with the physi-
ological tolerance hypothesis (39). This, in turn, may enable more ef-
ficient utilization of ecological niches beneath the tallest trees. Consequently,
a similar magnitude of CSC increase in forests with high species
richness may have a stronger positive effect on light and water inter-
ception capacity through crown complementarity (6, 40, 41), ampli-
fying the overall positive impact of forest CSC on forest ecosystem
productivity. Notably, the phenomenon of overyielding associated
with species richness has been observed in planted forests (7, 42),
and our findings underscore its potential existence in natural forests
as well. The positive correlation of MAT and soil texture may be at-
tributed to site conditions characterized by abundant light resources
and improved soil fertility and water retention capacity (6, 38). These
conditions that can support the growth of trees using different
aboveground and belowground ecological niches, consequently en-
hancing the positive effect of forest CSC on forest ecosystem pro-
ductivity through complementarity.

In contrast, forest age exhibited a negative correlation with the
effect size of forest CSC on forest ecosystem productivity (Fig. 4B),
aligning with the findings from site-level studies (43). This may be
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associated with the forest regeneration process, whereby fast-growing
species gradually give way to slower-growing species (44), thereby
weakening the positive effect of forest CSC. In our study, 12 of the 23
forest ecoregions with negative correlations between forest CSC and
forest ecosystem productivity have a forest age exceeding 100 years.
Despite that the correlation between MAP-PET and the effect size of
forest CSC on forest ecosystem productivity was nonsignificant, it
displayed a weak negative trend (P = 0.060; Fig. 4D). This is poten-
tially caused by the increasing tree height in areas with abundant
water resources (14, 45). Although increasing tree height can en-
hance forest CSC and the productivity of overstory trees, it can also
suppress the growth of understory trees due to the intensified selec-
tion effect (23). Consequently, this phenomenon may diminish the
overall positive effect of forest CSC on forest ecosystem productiv-
ity (25).

Regarding the effect size of forest CSC on forest ecosystem stabil-
ity, all biotic, climatic, and edaphic factors, except for forest age and
soil nitrogen content, exhibited significant negative correlations
with it (Fig. 4, G to L). The negative correlation of species richness
might be attributed to the insurance effect. As species richness in-
creases, its capacity to ensure forest ecosystem stability strengthens
(46), potentially reducing the significance of the effect of forest CSC
on forest ecosystem stability. It is worth noting that species richness
and forest CSC have been observed to exhibit a coupled influence on
forest ecosystem stability (47); however, the precise mechanism un-
derlying this coupling relationship needs further investigation. The
negative correlations observed in MAT, MAP-PET, and soil texture
could be associated with resource availability in different forest ecore-
gions. Forests in areas with high MAT, MAP-PET, and soil texture
typically occupy abundant light and water resources, rendering the
regulation of forest CSC on light and water potentially less impor-
tant for maintaining forest ecosystem stability. Conversely, in areas
characterized by harsh environmental conditions with limited light
or water resources, the regulation of forest CSC on light and water
may become a crucial process in responding to disturbances trig-
gered by extreme weather events (48). These findings emphasize the
importance of considering the effect of forest CSC on forest ecosys-
tem stability in forest management practices within such regions.

The relationships of the effect sizes of forest CSC on forest eco-
system productivity and stability with biotic, climatic, and edaphic
factors persisted when assessed through partial dependencies de-
rived from random forest regression analyses (fig. S23), and the ef-
fect size of forest CSC on forest ecosystem productivity was found to
be independent of the effect size of forest CSC on forest ecosystem
stability (fig. S24), despite both demonstrating positive values in
most forest ecoregions. Furthermore, the relationships of the effect
sizes of forest CSC on forest ecosystem productivity and stability
with biotic, climatic, and edaphic factors remained consistent when
assessed at various spatial scales (i.e., 0.005° X 0.005°, 0.01° x 0.01°,
0.025° % 0.025°, and 0.05° X 0.05) (tables S5 and S6), suggesting that
the ecological principles governing how forest CSC influences forest
ecosystem productivity and stability may be consistent across spatial
scales. However, note that all spatial scales used in this study were
relatively coarse due to the limitation in the spatial resolution of the
available datasets (table S1), and, thus, the impact of spatial scale on
the effect sizes of forest CSC on forest ecosystem productivity and
stability needs to be further investigated at a finer spatial scale by
incorporating field measurements and near-surface lidar data from
ecological observation networks.
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Fig. 4. Relationships of the effect sizes of forest CSC on forest ecosystem productivity and stability with biotic, climatic, and edaphic factors. (A to F) Relationships
between the effect size of forest CSC on forest ecosystem productivity and species richness, forest age, MAT, MAP-PET, soil nitrogen content, and soil texture. (G to L) Re-
lationships between the effect size of forest CSC on forest ecosystem stability and species richness, forest age, MAT, MAP-PET, soil nitrogen content, and soil texture. The
solid green lines represent significant fitted lines with P < 0.05, while the dashed green lines represent nonsignificant fitted lines with P > 0.05. Notably, only forest ecore-
gions with a significant effect on forest ecosystem productivity or stability were included here.

Implications for forest management and conservation

Considering the predominantly positive relationships between for-
est CSC and forest ecosystem productivity and stability, we empha-
size the urgent need to integrate forest CSC into the development of
sustainable forest management and conservation plans. Now, the
CSC of managed forests is significantly lower than that of intact for-
ests within the same ecoregions (P < 0.001) (Fig. 5A), highlighting
the substantial potential for improving CSC in managed forests. The
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differences in CSC between intact and managed forests are positive-
ly linked to their disparities in forest ecosystem productivity and
stability (P < 0.05) (Fig. 5B), suggesting that the neglect of forest
CSC in forest management may contribute to the relatively lower
ecosystem productivity and stability observed in managed forests.
Given the observed fact that the enhancing effects of forest CSC on
forest ecosystem productivity and stability in managed forests are
significantly stronger than those in intact forests (Fig. 5C), we
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Fig. 5. Differences in forest CSC and its impact on ecosystem productivity and stability in intact and managed forests. (A) Histograms of forest CSC within ecore-
gions containing both intact and managed forests. Only forest ecoregions with over 70 pixels (0.025° x 0.025°) of both intact forests and managed forests are included
here (fig. S25). (B) Correlations of differences in forest CSC between intact and managed forests with differences in ecosystem productivity and stability. The solid green
lines represent the fitted lines. (C) Box plots of the effect sizes of forest CSC on ecosystem productivity and stability in intact and managed forests. *** represents signifi-
cant differences at a confidence level 99.9%, and “diff" is an abbreviation for “difference.”

recommend giving particular attention to forest CSC and its ac-
companying structural attributes (such as canopy height and leaf
area index) (4, 27) in managed forests. This focus will enable us to
fully harness their ecosystem functions in carbon sequestration and
the maintenance of forest ecosystem stability.

Regarding intact forests, our comprehensive map, which accu-
rately delineates the global distribution of forest CSC, along with
our findings on the factors influencing the effect sizes of forest CSC
on forest ecosystem productivity and stability, can serve as a valu-
able benchmark for understanding their responses to climate
change, identifying forest ecoregions at high risk, and formulating
appropriate conservation plans. However, it is crucial to acknowl-
edge that climate change is reshaping the global distribution of for-
est CSC (3, 9), and there remains a substantial knowledge gap
regarding the temporal dynamics of forest CSC in response to these
global climate changes (4). The primary challenge lies in the limited
availability of time-series spaceborne lidar data necessary to assess
the temporal variations in forest CSC. Recent studies have suggested
that synthetic aperture radar might be responsive to forest CSC chang-
es (49). The integration of lidar and radar data holds promise for
monitoring the temporal dynamics of forest CSC. Moreover, it is
noteworthy that current dynamic global vegetation models often over-
look the interactions among climate change, forest CSC, and forest
ecosystem productivity and stability (50). Further investigations are
needed to explore how to effectively incorporate the influence of
forest CSC on forest ecosystem productivity and stability and its po-
tential feedback to climate.
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MATERIALS AND METHODS

Airborne lidar data

To map the global distribution of forest CSC, this study used two
types of lidar data: airborne lidar data and spaceborne lidar data.
Airborne lidar offers precise three-dimensional location informa-
tion of canopy elements through dense point clouds (examples
shown in Fig. 1A) and is considered an ideal data source for quanti-
tying forest CSC (27, 30). Here, we collected airborne lidar data (in-
cluding both aircraft-based and drone-based measurements) from
4000 forest plots covering eight distinct forest biomes defined in the
Terrestrial Ecoregions of the World, including tropical and subtrop-
ical moist broadleaf forests (1157 plots), tropical and subtropical dry
broadleaf forests (100 plots), temperate broadleaf and mixed forests
(1536 plots), temperate coniferous forests (100 plots), boreal forests
(500 plots), tropical and subtropical savannas (555 plots), temperate
savannas (26 plots), and flooded savannas (26 plots) (fig. S1 and ta-
ble S7). These lidar data were acquired either through self-collection
efforts (mainly in China) or downloaded from publicly accessible
data centers, such as the Goddard’s LIDAR, Hyperspectral and Ther-
mal imager data center and the Oak Ridge National Laboratory Dis-
tributed Active Archive Center (table S7). All lidar data were
acquired between 2009 and 2022, and each plot had a size of 25 m by
25 m, matching the size of GEDI footprints. In addition to these
4000 forest plots, we collected airborne lidar data from an addition-
al 375 forest plots located in 20 National Ecological Observatory
Network (NEON) forest sites (table S7 and fig. S16), serving the
purpose of validating the relationship between forest CSC and forest
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ecosystem productivity. All these plots were established in associa-
tion with the flux towers within these sites, each covering an area of
40 m by 40 m (51). The airborne lidar data for these plots were ac-
quired after the year 2019.

All collected airborne lidar data were preprocessed following
the same streamline procedure, including outlier removal, filter-
ing, and normalization. Outlier removal aimed to mitigate the in-
fluence of noise points caused by high-flying objects (e.g., birds
and powerlines) and the multipath effect, which were identified by
determining whether the distance between a point and its neigh-
boring points exceeding a threshold of avg. + 2 X std. (where avg.
and std. are the average and SD of point distance) (30). Filtering
was performed to classify lidar points into ground and nonground
points, and an improved progressive triangulated irregular net-
work densification filtering algorithm was used in this study (52).
Normalization was conducted to minimize the impact of terrain
elevations on lidar points, which was achieved by subtracting the
elevations of lidar points by their corresponding ground elevations
(30). The aforementioned preprocessing steps were implemented
using the LiDAR360 software (GreenValley International,
Beijing, China).

Spaceborne lidar data

Although airborne lidar demonstrates robust capabilities in quanti-
fying forest CSC, its global-scale application is hindered by limited
spatial coverage (28). Spaceborne lidar presents a promising oppor-
tunity to overcome this limitation and achieve the goal of mapping
the global distribution of forest CSC (29). In this study, we used
GED], a spaceborne lidar system specifically designed for acquiring
three-dimensional vegetation structural information launched in
December 2018 (29). It provides coverage of the Earth’s surface from
~52°N to 52°S and consists of three lasers that are split and beam-
dithered, generating eight parallel ground tracks with an interval of
~600 m. Each laser emits laser beams at a wavelength of 1064 nm
with a frequency of 242 Hz, illuminating footprints with an approx-
imate diameter of 25 m, spaced 60 m apart from each other along
the track. Each footprint records the returned laser energy as a func-
tion of time at a 1-ns interval, resulting in waveform data (examples
shown in Fig. 1A). In this study, we downloaded all GEDI L2B data
(version 2) between April 2019 and December 2021 from the Land
Processes Distributed Active Archive Center operated by the US
Geological Survey (https://Ipdaac.usgs.gov).

To ensure data quality, all collected GEDI footprints underwent
filtering based on three criteria. First, the footprints were required to
be located within forested areas, determined by evaluating whether
the canopy height exceeded 5 m and the canopy cover was above
10%, following the forest definition provided by the Food and Agri-
culture Organization (53). The canopy height and canopy cover val-
ues were extracted from the GEDI L2B product, recorded in the
respective fields of “rh100” and “cover” Second, the footprints
should be collected during the leaf-on season, as determined by the
phenology attribute recorded in the field of “leaf_on_cycle” of the
GEDI L2B product. Last, the footprints needed to have a quality flag
of 1 recorded in the field of “I2b_quality_flag” of the GEDI L2B
product, indicating good data quality by considering factors such as
waveform shot energy, sensitivity, and amplitude (29). Ultimately, a
total of 409,537,792 GEDI footprints met these filtering criteria and
were retained for mapping the global distribution of forest CSC
(fig. S2).
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Forest ecosystem productivity and stability data

This study focused on two key forest ecosystem functions associated
with carbon dynamics: forest ecosystem productivity and stability.
To ensure the reliability of the findings, forest ecosystem productiv-
ity was assessed using two independent forest GPP products, name-
ly, the MODIS MOD17A3HGF GPP product (version 6.1) and the
GOSIF GPP product (table S1). The MODIS MOD17A3HGF GPP
product is a widely recognized and extensively used global GPP da-
taset (54). It provides annual GPP information at a spatial resolution
of 500 m by 500 m and is derived by aggregating 8-day MODIS GPP
estimates within a year, which are calculated using the light use ef-
ficiency concept (54). The GOSIF GPP product is developed by es-
tablishing linear regression models between ground-based GPP
measurements and solar-induced fluorescence measurements ob-
tained from the Orbiting Carbon Observatory-2, and has a spatial
resolution of 0.05° X 0.05° (55).

In addition to the two satellite-based GPP products, we collected
in situ GPP measurements from 20 flux towers in the NEON study
sites and 79 flux towers from the AMERIFLUX dataset (https://
ameriflux.lbl.gov) (table S1). These data were used to validate the
relationship between forest CSC and forest ecosystem productivity
observed from the satellite-based GPP products. Corresponding to
the airborne lidar data from the 20 NEON study sites (fig. S16), we
averaged the available GPP measurements from 2017 to 2021 at
each NEON site to represent its forest ecosystem productivity, miti-
gating the impact of climate conditions on single-year GPP mea-
surements. The GPP measurements from the 79 flux towers were
matched with GEDI-derived forest CSC estimates using the follow-
ing criteria: (i) coverage by our GEDI-derived forest CSC estimates
and (ii) at least 1 year of GPP measurements after 2015. We retained
35 of the 79 flux towers (fig. S16), and the multiyear average GPP
measurements after the year 2015 were used to represent forest eco-
system productivity at these sites.

Forest ecosystem stability, defined as the capacity of ecosystems
to withstand perturbations and avoid state shifts, was evaluated us-
ing the composite early warning indicator derived from time-series
NDVI. This composite indicator, developed on the basis of the the-
ory of “critical slowing down” and the fold catastrophe model, has
gained widespread usage in large-scale ecosystem stability evalua-
tions (31, 56, 57). Typically, it consists of four components, includ-
ing autocorrelations at first lag (which measures the similarity
between consecutive NDVI observations), SD (which quantifies the
variability of times-series NDVI observations), the magnitude of
skewness (which assesses the asymmetry of times-series NDVI ob-
servations), and kurtosis (which evaluates the degree of “tailedness”
of time-series NDVI observations). The composite early warning
indicator is computed as the sum of the four components after being
normalized (57).

In this study, we used the MODIS MOD13A2 NDVI product
spanning from 2000 to 2021 to calculate the composite early warn-
ing indicator (table S1 and fig. S4). The MODIS MOD13A2 prod-
uct offers global NDVI observations at a spatial resolution of 1
km by 1 km and a temporal resolution of 16 days (58). To mitigate
the impact of cloud contamination and account for the influence
seasonal vegetation dynamics, we used the maximum-value com-
posite approach to generate a 22-year annual maximum NDVI
composite dataset (59). In addition, we detrended the time-series
NDVI data using a linear model to satisfy the stationary
hypothesis and enhance the sensitivity of the composite early
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warning indicator (57). Note that a higher value in the composite
early warning indicator signifies a less stable forest ecosystem. To
improve clarity, we applied a multiplication factor of —1 to the fi-
nal value, thereby reversing the interpretation of the composite
early warning indicator as a higher value signifying a more stable
forest ecosystem.

Biotic, climatic, and edaphic factors

To investigate how different biotic, climatic, and edaphic factors
influence the global distribution of forest CSC and its effects on
forest ecosystem productivity and stability, we compiled a dataset
comprising two biotic factors, 10 climatic factors, and three
edaphic factors (table S1). The two biotic factors included species
richness and forest age. Species richness was extracted from a
global map of local tree species richness at a spatial resolution of
0.025° x 0.025°, which was generated on the basis of a forest inven-
tory database with individual tree information and local biophysi-
cal characteristics (60). To account for the right-skewed
distribution of global species richness (fig. S13), a logarithm trans-
formation was applied in our analyses (61). Forest age information
was obtained from a global forest age product with a spatial resolu-
tion of 1 km by 1 km, which was mapped using a machine learning
method trained on forest inventories, biomass data, and climate
data (62).

The 10 climatic factors primarily pertain to temperature and
water resources conditions (table S1). The factors related to tem-
perature conditions encompassed MAT, solar radiation, maxi-
mum temperature of the warmest month, minimum temperature
of the coldest month, and temperature seasonality. The factors
related to water resources consisted of MAP, MAP-PET, precipita-
tion of the wettest month, precipitation of the driest month, and
precipitation seasonality. All climatic factors, except for PET,
were derived from the WorldClim (version 2.1) at a spatial resolu-
tion of 1 km by 1 km (63). PET data were obtained from the glob-
al aridity index and PET database (version 3), which used the
Penman-Monteith reference evapotranspiration equation for cal-
culation (64).

The three edaphic factors primarily pertain to nutrients and soil
texture (table S1). The factors related to nutrients included soil ni-
trogen content and soil organic carbon content. Soil texture was rep-
resented by the sum of silt and clay fractions. All edaphic factors
were derived from topsoil properties provided by SoilGrids (version
2.0) in three standard layers (i.e., depth intervals of 0 to 5 cm, 5 to 15
cm, and 15 to 30 cm) at a spatial resolution of 250 m by 250 m (37).
For each factor, we calculated the mean from its values in the three
layers using the depth and bulk density of each layer as the weights.

Mapping global forest CSC through the integration of
airborne and spaceborne lidar data

Various indices, such as canopy cover, foliage height diversity, cano-
py top rugosity, and fractal dimension, have been used to quantify
forest CSC (27). However, these indices may fail to capture varia-
tions in forest CSC caused by horizontal or vertical arrangements
and occupations of canopy elements (26, 30). Canopy entropy, a ro-
bust forest CSC quantification index using a classical measure of
complexity, entropy, is directly calculated from original lidar point
clouds and fully considers the space occupation characteristics of all
canopy elements (30). It demonstrates robust performance in quan-
tifying forest CSC and integrates a Mann-Kendall test-based
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resampling strategy and a projected kernel density estimation-
based strategy to reduce dependence on point density, making it
well suited for large-scale applications using lidar point clouds from
different platforms with varying point densities (30). Therefore,
canopy entropy was selected as the index to quantify forest CSC in
this study.

Canopy entropy consists of three components, including the pro-
jected canopy entropy of the XY plane (CExy), the projected canopy
entropy of the XZ plane (CExz), and the projected canopy entropy
of the YZ plane (CEyz), where X, Y, and Z represent south, east, and
the zenith direction, respectively, and the final canopy entropy esti-
mate is calculated as follows

CE= \/ CE%y, + CE;, + CE}, ey
where CE represents canopy entropy. Unfortunately, canopy entropy
can only be calculated from small-footprint lidar data in the form of
point clouds (30). As previously mentioned, GEDI provides large-
footprint waveform observations, which cannot be directly used for
calculating canopy entropy. To address this, we developed a method
that combines airborne lidar data with GEDI data to map the global
distribution of forest CSC (fig. S3). In this method, two forest CSC-
related metrics, namely, foliage height diversity and canopy cover,
were extracted from the GEDI L2B product (recorded in the fields of
“thd_normal” and “cover”) to estimate the three components of
canopy entropy. Our previous studies have found that foliage height
diversity is closely related to the two vertical components of canopy
entropy (CExz and CEy), while canopy cover is strongly associated
with the horizontal component (CExy) (30). Leveraging these find-
ings, we constructed two linear regression models to estimate the
canopy entropy components

CEyy =a, X CC+b, @)

\/CE}, + CE}, = a, x FHD + b, 3)

where CC represents canopy cover; FHD represents foliage height
diversity; and ay, by, a,, and b, denote the four regression coeffi-
cients and constants.

To solve the above two linear regression models, we used air-
borne lidar-derived canopy entropy as the reference data. Specifi-
cally, canopy entropy values were calculated for all 4000 forest plots,
and a random subset of 70% of these plots was selected as training
samples. It is important to mention that, during the calculation pro-
cess, all ground points from the airborne lidar data were omitted
(30). To overcome the challenge posed by the spatial mismatch
between GEDI and airborne lidar data, primarily caused by the geo-
location error of GEDI footprints (~10 m) (65), as well as the tem-
poral mismatch in their data acquisition years (table S7), we used
the GEDI simulator provided in the R package rGEDI to generate
simulated GEDI waveforms from airborne lidar data (fig. S3), which
has demonstrated its accuracy across various forest types (66). Us-
ing the GEDI simulator presents a dependable approach for incor-
porating spatially and temporally mismatched airborne lidar data
into the development of estimation algorithms for forest structural
attributes from GEDI waveforms, as successfully implemented in
previous studies (67). With the simulated GEDI waveforms, foliage
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height diversity and canopy cover were calculated using the GEDI
simulator as well, which were then paired with airborne lidar-derived
canopy entropy components to solve the regression models.

Our findings further confirmed significant correlations of cano-
py cover and foliage height diversity with the canopy entropy com-
ponents, but the correlation for canopy cover (r = 0.58) was notably
weaker than that for foliage height diversity (r = 0.81) (fig. S7, A and
B). This weaker correlation may be attributed to the relatively higher
uncertainty associated with GEDI-derived canopy cover estimates
(fig. S7, C to F). Nevertheless, when evaluating the results using the
remaining independent 30% forest plots with airborne lidar data,
the estimated canopy entropy still demonstrated satisfactory accu-
racy (Fig. 1B). Therefore, we applied the two derived regression
models to all GEDI footprints and calculated the canopy entropy of
global forests at the footprint level. The footprint-level canopy en-
tropy estimates were then aggregated into 0.025° X 0.025° pixels,
and the value of each pixel was calculated as the average canopy en-
tropy of all footprints within it. The resulting canopy entropy map
was used to quantify the global distribution of forest CSC in this
study. Furthermore, to evaluate the impact of spatial scale, we gener-
ated three additional global forest CSC maps with spatial resolutions
of 0.005° X 0.005°, 0.01° X 0.01°, and 0.05° X 0.05°, using the same
aggregation approach.

Statistical analyses

To examine the spatial variations in the global distribution of forest
CSC, we analyzed its latitudinal pattern using a 1° interval and sum-
marized its statistics within each forest biome through violin and
box plots. The differences in means of forest CSC among forest bi-
omes were assessed using the Games-Howell test, a nonparametric
test that does not assume equal variances and sample sizes (68).
Given the strong intercorrelations within biotic, climatic, and
edaphic factors (fig. S10) and their imbalanced numbers (table S1),
we chose two factors from each category to analyze their influence
on the global distribution of forest CSC. The selection process in-
volved assessing the relative importance of each factor in contribut-
ing to forest CSC through a random forest analysis. Random forest
is a nonparametric machine learning approach that constructs an
ensemble of decision trees to prevent overfitting (69). Here, we built
a random forest model with forest CSC as the dependent variable
and all 15 biotic, climatic, and edaphic factors as explanatory vari-
ables. The relative importance of each factor was measured by the
increase in node purity. To further distinguish the unique character-
istics of different climatic factors, we further categorized them into
two subcategories: temperature-related factors (including MAT, so-
lar radiation, maximum temperature of the warmest month, mini-
mum temperature of the coldest month, and temperature
seasonality) and water resource-related factors (including MAP,
MAP-PET, precipitation of the wettest month, precipitation of the
driest month, and precipitation seasonality). Similarly, edaphic fac-
tors were also divided into two subcategories: soil texture- and soil
nutrient-related factors (soil nitrogen content and soil organic car-
bon content). Eventually, for subcategories with multiple factors, we
selected the factor with the largest contribution to forest CSC and
used it in the subsequent analyses.

The relative importance of the selected biotic, climatic, and
edaphic factors in driving forest CSC on a global scale and within
each forest biome was assessed using random forest analyses as well,
with the increase in node purity used as the measure of relative
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importance (fig. S11). The variance partitioning method was used to
assess the individual and combined contributions of biotic, climatic,
and edaphic factors on forest CSC (60). Specifically, we constructed
seven separate random forest models using different combinations
of biotic, climatic, and edaphic factors as explanatory variables and
quantified the variance explanation of each model using R?, denoted
as a for the model with only biotic factors, b for the model with only
climatic factors, ¢ for the model with only edaphic factors, d for the
model with biotic and climatic factors, e for the model with biotic
and soil factors, f for the model with climatic and soil factors, and g
for the model with all factors (60). The independent contribution of
biotic factors; the independent contribution of climatic factors; the
independent contribution of edaphic factors; the combined contri-
bution of biotic and climatic factors; the combined contribution of
biotic and edaphic factors; the combined contribution of climatic
and edaphic factors; and the combined contribution of biotic, cli-
matic, and edaphic factors were then calculatedasg— f,g—e,g— d,
a+b-da+c—eb+c—fanda+b+c+g—d—e—f respec-
tively. It should be noted that the variance partitioning analysis was
also performed within each forest biome to evaluate the consistency
of the results across different forest biomes.

To investigate the nature of the influence of biotic, climatic, and
edaphic factors on forest CSC, their correlations with forest CSC
were examined both globally and within each forest biome. Given
the extensive number of forest CSC observations from our generated
global map (over 3.7 million data points) and the nonuniform distri-
bution of certain factors (e.g., MAP-PET) (fig. S13), we used weight-
ed linear regression or weighted quadratic regression to assess the
correlation between forest CSC and each factor (70). Weighted qua-
dratic regression was used only when the weighted linear regression
result was nonsignificant. To achieve this, forest CSC was evenly
grouped into 100 bins along each factor, and the number of observa-
tions within each bin was used as the weight. Furthermore, we used
partial dependence values derived from the random forest method to
further assess their correlations, which enabled us to isolate the influ-
ence of each factor and evaluate its individual impact on forest CSC,
while accounting for the influences of other factors (71).

To investigate the relationships between forest CSC and forest eco-
system productivity and stability, we used the linear regression meth-
od both on a global scale and within each forest biomes. Given the
potential confounding effect of biotic, climatic, and edaphic factors on
both forest CSC and forest ecosystem productivity and stability, we
further used multilinear regression to quantify the effect size of forest
CSC on forest ecosystem productivity or stability within each forest
ecoregion sharing a similar biological and environmental history

F=ua-CSC+ Z B; - Factor; (4)

where F represents forest ecosystem productivity or stability; Fac-
tor; represents the biotic, climatic, and edaphic factors (including spe-
cies richness, forest age, MAT, MAP-PET, soil nitrogen content, and
soil texture); and the coefficient a was defined as the effect size of
forest CSC on forest ecosystem productivity or stability. The delinea-
tion of forest ecoregions was determined using the Terrestrial Ecore-
gions of the World (32, 46). Forest ecoregions with fewer than 70
observations (10 times the number of explanatory variables in the
multilinear regression) were excluded from the multilinear regression
analysis (46). A total of 496 forest ecoregions were eventually
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included in the analysis. Note that the data used in the multilinear
regression models were not standardized to ensure comparability of
effect sizes across forest ecoregions. The effect sizes across these for-
est ecoregions were summarized on a global scale using histograms
and within each forest biomes using boxplots, and whether their
means were significantly greater than zero was tested using the one-
sided t test. The R* values of the multilinear regression models and
the significance levels of the effect sizes were also reported.

To assess the robustness of the observed relationships between
forest CSC and forest ecosystem productivity and stability, we re-
peated the abovementioned linear regression and multiple linear
regression analyses using different satellite GPP products (MODIS
MOD17A3HGF GPP product and GOSIF GPP product), forest
CSC metrics (canopy entropy, canopy cover, and foliage height di-
versity), and spatial resolutions (0.005° X 0.005°, 0.01° X 0.01°,
0.025° % 0.025°, and 0.05° X 0.05). Canopy cover and foliage diver-
sity were directly aggregated from the records (cover and thd_nor-
mal) in the GEDI L2B product. Given the varying spatial resolutions
of the compiled dataset of forest ecosystem productivity and stabil-
ity, as well as biotic, climatic, and edaphic factors, we unified the
spatial resolutions into a targeted spatial resolution. The average
resampling method was used for data with a spatial resolution high-
er than the targeted spatial resolution, and the resampling method
based on bilinear interpolation was used for data with a spatial reso-
lution lower than the targeted spatial resolution. In addition, we as-
sessed the relationship between forest CSC and forest ecosystem
productivity through linear regression using in situ GPP measure-
ments from flux towers. For in situ GPP measurements from the 20
NEON study sites, they were compared with their corresponding
airborne lidar-derived canopy entropy estimates, while, for in situ
GPP measurements from the retained 35 flux towers in AMERI-
FLUX, they were compared with GEDI-derived canopy entropy
estimates.

To better understand the spatial heterogeneities in the effect sizes
of forest CSC on forest ecosystem productivity and stability, we con-
ducted analyses to examine their relationships with biotic, climatic,
and edaphic factors using linear regression. The biotic, climatic, and
edaphic factors for each ecoregion were calculated as their average
values within that specific ecoregion. To assess the robustness of the
observed relationships, we further evaluated them across various
spatial scales (0.005° X 0.005°, 0.01° x 0.01°, 0.025° X 0.025°, and
0.05° X 0.05) and using partial dependence values derived from the
random forest method.

To characterize the differences in forest CSC and their effects
on ecosystem productivity and stability in intact and managed for-
ests, we further filtered forest ecoregions containing both intact
and managed forests. The extent of intact forests was obtained
from the intact forest landscapes data (72), while forests not cov-
ered by intact forests were considered as managed forests (31).
Only forest ecoregions with more than 70 pixels (0.025° x 0.025°)
of both intact and managed forests were retained, resulting in a
total of 159 forest ecoregions included in the analysis (fig. S25). To
assess whether there was a significant difference between the
means of forest CSC in intact and managed forests, the two-sided
paired t test was used. Moreover, we examined the relationships of
differences in mean forest CSC between intact and managed for-
ests of each forest ecoregion with differences in mean forest eco-
system productivity and stability using linear regressions. Last, we
calculated the effect sizes of forest CSC on forest ecosystem
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productivity and stability for intact forests and managed forests,
separately, in each forest ecoregion. The differences in effect sizes
between intact and managed forests were also assessed using the
two-sided paired ¢ test.

All of the aforementioned statistical analyses were performed us-
ing Python through pingouin, statsmodels, and scikit-learn pack-
ages. Moreover, the two key parameters in all random forest analyses,
i.e., the number of decision trees and the minimum samples per leaf
node, were set to 100 and 5, respectively.

Supplementary Materials
This PDF file includes:

Figs. S1to S25

Tables S1to S7
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