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Ecological multifunctionality of watersheds
increases with tree species richness
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Watersheds are natural units and meta-ecosystems of the earth’s land surface
providing multiple ecological functions. However, little is known about the
biodiversity-ecological multifunctionality relationships of watersheds, parti-
cularly regarding how these relationships scale to large and complex land-
scapes. Here, we explore the impact of forest tree species richness on the
ecological multifunctionality of watersheds in terms of carbon sequestration,
carbon storage, water supply, water regulation, and soil conservation, by uti-
lizing integrated ground-sourced forest inventory datasets comprising 846
forest watersheds from the Global Forest Biodiversity Initiative, the Global
Streamflow Indices and Metadata Archive, and remote sensing data products.
We find a consistently positive relationship between forest tree species rich-
ness and watershed ecological multifunctionality by accounting for factors
such as forest structural characteristics and environmental conditions. Fur-
thermore, we find that this biodiversity-multifunctionality link is dependent on
spatial scale and climatic context, becoming stronger in larger watersheds but
diminishing in arid climatic conditions. These insights enhance our under-
standing of ecosystem multifunctionality and underscore the importance of
considering watershed-scale ecological processes and biodiversity in ecosys-
tem management and conservation strategies.

Concerns over the consequences of accelerating biodiversity loss and
global environmental change for human well-being have led to the
biodiversity-ecosystem functioning (BEF) becoming a prominent
research theme and social hot spot1,2. Numerous small-scale manipu-
lated experiments and local surveys have explored the relationships
between biodiversity and individual ecological functions (e.g., pro-
ductivity, biomass storage, and carbon sequestration)3–5, and in recent
years, the ecosystem multifunctionality—the ability of ecosystems to

provide multiple functions and services simultaneously6, attracts
increasing attention from researchers and policymakers. When
extending BEF tomultifunctionality, somepatterns identified in single-
function BEF research may no longer be applicable7. For instance,
although positive BEF relationships are commonly observed in single-
function BEF research8,9, a systematic review study found that, in
naturally assembled communities, the neutral relationships between
biodiversity and ecological multifunctionality were even more
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prevalent10. Another significant challenge is determining whether the
findings about BEF obtained from small-scale manipulated experi-
ments and local surveys still hold true at larger spatial scales10–13, where
ecosystems formmeta-ecosystemswith greater heterogeneity and the
ecological functions and services more comprehensively reflect the
complexity and reality of Earth’s land surface14,15. These knowledge
gaps not only hinder a broader comprehension of BEF and natural
systems but also impede the application of biodiversity theory to
policy and management at larger spatial scales.

Watersheds are the natural units and meta-ecosystems of the
earth’s land surface, providing multiple ecological functions, e.g.,
carbon sequestration and storage, water supply, water regulation, and
soil conservation. The watershed-scale biodiversity-functioning rela-
tionship is particularly valuable for informing management and con-
servation strategies, as watersheds define natural boundaries for the
flow of water and nutrients16, making them critical units for ecological
planning and policy implementation. In a relatively uniform ecosys-
tem, which is often selected for ecological studies and manipulated
experiments, ecological functionsmaybe simply additive17 andmay be
influenced by localized factors, such as soil type, microclimate, and
species interactions18–20. Watersheds are meta-ecosystems and
encompass a broader range of ecological processes and interactions
due to their larger spatial extent and diverse environmental
gradients16,21,22. Hydrological processes at the watershed scale deter-
mine the movement of water23, acting as carriers of energy and
material spatial flows that connect a set of ecosystems within24. Some
watershed functions driven by hydrological processes, such as water
supply and regulation, emerge primarily at the watershed scale, while
do not fully manifest at the plot scale. Multiple ecosystems within a
watershed cause great heterogeneity in vegetation, land-use, soil
property, and topography21. These heterogeneities can create mosaic
habitats and diverse microenvironments, leading to greater hetero-
geneity in ecological functions25, that are not evident at smaller
scales26. In addition, the connected ecosystems within watersheds
provide the cumulative effects on multiple ecological functions,
including element cycling, hydrological regulation, and soil
conservation27,28. Therefore, the biodiversity-ecological multi-
functionality relationships of watersheds are expected to be highly
complex and elusive. Currently, the effects of plant biodiversity on
watershed ecological multifunctionality remain unknown. Under-
standing biodiversity-ecologicalmultifunctionality relationships at the
watershed scale can provide deeper insights into ecological processes
and contribute to more robust theories under real Earth’s surface
environmental conditions12.

Here, we explore the impacts of forest tree species richness on the
ecological multifunctionality of watersheds. We utilize integrated
datasets from the Global Forest Biodiversity Initiative9, the Global
Streamflow Indices and Metadata Archive29,30, and up-to-date remote
sensing data products. Through rigorous data screening (“Materials
and Methods”), we obtain 846 forest watershed samples (Fig. 1) con-
taining 55,337 spatially referenced forest plots with an average size of
approximately 900m2, which are primarily concentrated in the east-
ern United States, with a smaller number of watersheds in Europe and
Japan, mostly distributed between 30°N and 45°N. We consider five
categories of ecological functions (i.e., carbon sequestration, carbon
storage, water supply, water regulation, and soil conservation) based
on 11 independentmeasurements (i.e., net carbon accumulation rate in
tree stem, carbon assimilation rate, biomass storage, soil organic car-
bon, minimum water supply capacity, water supply stability, runoff
coefficient, evapotranspiration, flood control, surface soil water con-
tent, and soil stability) (Fig. S3 and Table S1). We quantify multi-
functionality across these watersheds using three methods, i.e.,
averaging, principal component analysis (PCA), and multi-threshold
methods. We examine the relationship between the quadrat-based
tree species richness index andmultifunctionality ecological indices of

watersheds, as well as the individual ecological functions, considering
other potential drivers of watershed multifunctionality, such as forest
structural characteristics and environmental conditions (i.e., climate,
soil, and topography). Moreover, we explore the influence of water-
shed area and climate context on the relationship between forest tree
species richness index and watershed multifunctionality. Our findings
highlight the robust positive correlation between tree species richness
and watershed ecological multifunctionality, while multifunctionality
is significantly influenced by canopy cover fraction and various envir-
onmental factors. Furthermore, we find that this biodiversity-
multifunctionality link is dependent on spatial scale and climatic
context, becoming stronger in larger watersheds but diminishing in
arid climatic conditions.

Results and discussion
Tree species richness-watershed ecological multifunctionality
relationships
We employed partial correlation analysis to evaluate the independent
effect of tree species richness on ecological multifunctionality while
accounting for confounding environmental and structural factors.
Tree species richness exhibited a consistent and significant positive
correlation with watershed ecological multifunctionality across all
calculation methods employed (Fig. 2a–f). Specifically, relationships
controlling for forest structure, climatic, soil, and topographic cov-
ariates showed significant positive associationswithmultifunctionality
(Fig. 2a–f). For instance, tree species richness waspositively associated
with the mean-based (effect size Rresid = 0.19, 95% CI = 0.12–0.25,
t(844) = 5.63, p < 0.001) and PCA-based multifunctionality indices
(effect size Rresid = 0.20, 95% CI = 0.14–0.26, t(844) = 5.94, p <0.001).
The relationship remained particularly robust for multifunctionality
indices using 20% (effect size Rresid = 0.22, 95% CI = 0.16–0.28,
t(844) = 6.59, p < 0.001) to 60% (effect size Rresid = 0.27, 95%
CI = 0.20–0.33, t(844) = 8.07, p <0.001) thresholds of the multi-
threshold method compared to the other multifunctionality indices
(Figs. 2c–f and S4).Correlation analysis basedon successive thresholds
showed that multi-threshold-based multifunctionality indices with
thresholds between 40 and 60% were the most sensitive to changes in
the tree species richness index, whereas the influence of species
richness diminished substantially at higher thresholds (e.g., >70%)
(Fig. S4). Among forest structural parameters, the canopy cover frac-
tion and tree density showed the strongest correlation with ecological
multifunctionality indices (Figs. 2g and S5). In comparison, canopy
height had weaker relationships with watershed ecological multi-
functionality (Figs. 2g and S5).

To quantify the relative contributions of biotic and abiotic drivers
under a multivariate framework, we utilized ordinary least squares
(OLS) regression models (Fig. 3a, b, and Tables S4, S5). To eliminate
inherent collinearity between biodiversity and forest structure, we
used the residuals of tree species richness (regressed against all other
environmental and structural predictors) as the primary biodiversity
metric. The relative importance of tree species richness ranged from
5.3 to 13.7% acrossmultifunctionality indices (Fig. 3 and Tables S4, S5).
Tree species richness had a relative importance exceeding 10% across
thresholds ranging from 20 to 70% in the multi-threshold analysis
(Fig. 3d). To further address potential multicollinearity among
regression predictors and provide more robust coefficient estimates,
weperformedRidge regression to compare the standardized effects of
tree species richness index and specific structural parameters (Fig. 3c
and Tables S6, S7). The Ridge regression models further confirmed
that tree species richness index and canopy cover were the most
prominent biotic driversofmultifunctionality forboth themean-based
and PCA-based multifunctionality indices (Fig. 3c).

Our findings provide empirical evidence that the positive link
between biodiversity and ecological multifunctionality remains robust
at the watershed scale. Specifically, we observed a robust and
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significant positive correlation between tree species richness and
watershed ecological multifunctionality across all calculation indices
(Figs. 2a and 3a, b) after controlling for other influencing factors. In the
context of watersheds, we propose that high tree species richness
likely contributes to the formation of heterogeneous microenviron-
ments and mosaic habitats31. These diverse biological structures may
support a wide range of ecological functions by maintaining diverse
microclimates32, soil conditions33, and hydrological regimes34. Conse-
quently, this expanded spatiotemporal niche space may allow diverse
plant communities to maximize resource capture and functional dis-
tinctiveness through complementary interactions across the
watershed35. Therefore, tree species richness appears to serve as a
critical driver promoting the aggregate ecological multifunctionality
of watersheds.

In addition to the independent and direct influenceof tree species
richness, the concurrent positive associations between richness,
canopy cover, and multifunctionality imply a potential mechanistic
pathway where forest structural attributes may act as important links
between biodiversity and watershed ecological multifunctionality
(Fig. 3). Higher tree species richness potentially promotes more effi-
cient canopy packing and vertical stratification36,37, which might

contribute to the increased canopy cover observed inour study. Sucha
dense and structurally complex canopy may, in turn, enhance critical
ecosystem fluxes—including rainfall interception, transpiration, and
carbon assimilation36,38 by promoting complementary resource utili-
zation among species through spatial, physiological, and temporal
differentiation37—thereby promoting ecological multifunctionality.
Our exploratory mediation analysis quantitatively confirmed these
potential influence pathways, revealing that the indirect effects of
species richness mediated through canopy cover are positive and
significant (Tables S8, S9, and Fig. S11). Notably, the magnitude of
these indirect effects is equivalent to 32% of the direct effects for both
the mean-based and PCA-based multifunctionality indices. Never-
theless, there is potential for bidirectional feedback between tree
species richness and forest structural attributes, as heterogeneous
forest structuresmay in turn influence tree species richness by altering
the local environment39.

Climatic factors predominantly drove variation in watershed
ecologicalmultifunctionality and collectively accounted for nearly half
of the total relative importance across multifunctionality indices.
Precipitation was the most influential climate factor (Fig. 3). In com-
parison, soil and topographic factors had a smaller impact on

Fig. 1 | Spatial distribution and environmental conditions of watershed sam-
ples in this study are basedon846watershed samples. aGlobal distribution and
spatial density of watershed samples. Boxes A, B, and C are local enlargements, and
BoxD shows a specificwatershed sample (shown in red boundary in BoxA)with the

spatial distribution of forest plots within it. Histograms of b watershed area,
c quadrat-based tree species richness index, and d precipitation distribution. The
base worldmap in (a) is from a free-access publicmap dataset, Natural Earth, www.
naturalearthdata.com. Source data are provided as a Source data file.
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multifunctionality (Figs. 3, S6–S8, and Tables S4, S5). In addition, to
test the robustness of our results, we also accounted for atmospheric
nitrogen deposition in a subset of watersheds where data were
available40. The results showed that nitrogen deposition had limited
explanatory power and did not alter the observed relationship
between tree species richness and multifunctionality (Fig. S12).

Additionally, the diminishing effect of species richness at high
thresholds (e.g., >70%) is expected and may reflect the inherent phy-
siological and physical trade-offs among ecosystem functions. While
biodiversity enhances the overall capacity of ecosystems to sustain
multiple functions at moderate levels, it is constrained by trade-offs
from simultaneously maximizing all functions to extreme levels.

Fig. 2 | Relationships between tree species richness, forest structure, envir-
onmental drivers, and ecosystem multifunctionality (EMF) based on 846
watershed samples. Scatter plots show partial residual relationships between tree
species richness and EMF indices after controlling for other predictors, including
amean-based, b PCA-based EMF indices, andmulti-threshold-based EMF indices at
c 20%, d 40%, e 60%, f 80% thresholds, respectively. The residuals were calculated
by controlling for other forest structural, climatic, soil, and topographic variables.
Displayed solid lines represent fitted linear regression lines, and shaded areas

indicate 95% confidence intervals, with Spearman correlation coefficients (Rresid)
labeled.Heatmapof Spearmancorrelation coefficients between EMF indices (rows)
and potential predictors (columns), shown separately for g forest structural attri-
butes (LAI, canopy cover, tree density, canopy height) and h environmental factors
(climate, soil, and topography). Significance levels in (g, h): * p <0.05, ** p <0.01,
and *** p <0.001, exact p-values are provided in the Source data file. Statistical
relationships for all panels were assessed using two-sided Spearman correlation
tests. All source data are provided as a Source data file.
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Additionally, this pattern aligns with the mathematical property of the
multi-threshold approach, where the variance in multifunctionality
scores naturally decreases at higher thresholds, limiting the detect-
ability of biodiversity effects.

We recognize inherent limitations of this study, particularly
regarding the challenges of large-scale data integration and the scope
of spatial extrapolation. First, while our results demonstrate a

consistent positive relationship between tree species richness and
multifunctionality across temperate and subtropical watersheds, cau-
tion is warranted when extrapolating these findings to biomes with
fundamentally different environmental constraints, like boreal forests
(limited by temperature) or tropical forests. Second, we acknowledge
that certain functional proxies, such as soil organic carbon, gross pri-
mary productivity, and evapotranspiration, represent modeled spatial

Fig. 3 | Drivers of ecosystemmultifunctionality (EMF) based on 846 watershed
samples. Standardized ordinary least squares (OLS) regression coefficients of
biotic and abiotic predictors for EMF calculated using a the mean-based method
(MEAN) and b the principal component analysis (PCA) method. Bars represent
point estimates of standardized regression coefficients from regression models,
and error bars indicate 95% confidence intervals. (significance levels: * p <0.05, **
p <0.01, and *** p <0.001, exact p values for each predictor are provided in the
Source data file). Richness (Res.) in (a, b) denotes the statistically residualized tree
species richness used to isolate the independent contribution of richness, obtained
by regressing richness against all other predictors. Stacked bars show the relative
importance of each predictor category in the OLS models. c Standardized Ridge
regression coefficients showing the effects of species richness and four forest
structural attributes (LAI, canopy cover, tree density, and canopy height) onMEAN
and PCA EMF. Bars represent point estimates, error bars indicate 95% confidence
intervals, and hatched bars denote significant effects (p <0.05). Exact p-values and

confidence intervals are provided in the Sourcedatafile.d Sensitivity analysis of the
effect of species richness on multi-threshold EMF across thresholds from 1 to 99%.
Red points indicate standardized OLS regression coefficients (β) of species rich-
ness, and the blue line indicates the relative importanceof species richness. Shaded
areas indicate 95% confidence intervals. Colored and grey points indicate sig-
nificant and nonsignificant relationships, respectively. Statistical significance in
(a, b, d) was assessed using two-sided t-tests for regression coefficients, whereas
significance in (c) was assessed using two-sided bootstrap tests. LAI leaf area index,
MAP mean annual precipitation, MAT mean annual temperature, P-SD standard
deviation of monthly precipitation, T-SD standard deviation of monthly tempera-
ture, AI aridity index, CN carbon to nitrogen ratio, N nitrogen content, CEC cation
exchange capacity, NT northness, SPI stream power index, Elev. elevation. See
Table S2 for predictor details and Tables S4 and S5 for OLS model outputs. All
source data are provided as a Source data file.
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distributions rather than dense networks of in situ soil measurements,
although they facilitate large-scale macroecological synthesis. This
inherent characteristic implies that shared variance between model
predictors and tree richness may potentially cause observed relation-
ships to partially reflect the underlying data-generation properties.
Nevertheless, these datasets (e.g., SoilGrids, MOD17A3HGF, and
MOD16A2GF) did not use the tree richness index as an input variable
during production. We believe these impacts are effectively mitigated
in our study by employing a stringent residual-based approach to
isolate the biodiversity signal from environmental or structural prox-
ies. Moreover, most functional proxies used in our study were
obtained from in-situ observation or remote sensing products
(Table S1). The sensitivity analysis by sequentially removing each
functional proxy further indicates that the positive correlation
between tree richness and multifunctionality is robust, and our core
conclusions still hold (Tables S14 and S15). In the future study, lever-
aging the increasing availability of open-source watershed data and
expanded in situ observations in currently underrepresented regions
will be essential in addressing geographical and data-specific con-
straints, thus, could further test the robustness and generality of our
findings.

In addition, we note that the tree species richness metric used in
this study is a plot-based richness index derived from spatially refer-
enced forest inventory plots, rather than a total species count aggre-
gated across entire watersheds. In the future, LiDAR-based remote
sensing of forest tree diversity may help characterize tree species
richness across entirewatersheds, therebyproviding a complementary
richness dimension at the basin scale. Integrating such data could help
test whether the observed richness-multifunctionality relationship
remains consistent across different tree diversity characterizations.

Effects of tree species richness on individual ecological func-
tions of the watershed
The analysis of individual ecological functions revealed distinct roles
for tree species richness and forest structural attributes (Fig. 4 and
Tables S10–S13). Specifically, while controlling for other influential
factors, richness was a strong positive driver of net carbon accumu-
lation rate in tree stem (standardized β =0.27, 95% CI = 0.15–0.39,
t(825) = 4.45, p <0.001) and hydrology-related metrics, such as soil
moisture (standardized β =0.35, 95% CI = 0.26–0.44, t(825) = 7.65,
p <0.001), flood control (standardized β =0.17, 95% CI = 0.06–0.28,
t(825) = 2.95, p =0.003), and minimum water supply capacity (stan-
dardized β =0.26, 95% CI = 0.14–0.38, t(825) = 4.15, p <0.001) (Fig. 4d
and Tables S10, S11).

Canopy cover fraction emerged as the primary determinant of
biomass carbon storage (standardized β = 0.89, 95% CI = 0.78–1.00,
t(825) = 15.93, p <0.001), while simultaneously enhancing runoff sta-
bility (standardized β =0.19, 95% CI = 0.01–0.38, t(825) = 2.03,
p =0.043) and soil stability (standardized β = 0.26, 95% CI = 0.14–0.38,
t(825) = 4.15, p <0.001) (Fig. 4e and Tables S10, S12). In contrast, for
forest structural attributes, such as LAI, tree density and canopy
height, the divergent positive and negative effects on individual
functions tended to counterbalance each other, resulting in a negli-
gible or weak overall influence on multifunctionality (Figs. 4f and S9,
Tables S10, S13).

Our analysis of individual ecological functions revealed that
although tree species richness and canopy cover fraction induced
trade-offs among individual functions, their cumulative positive
effects outnumbered and statistically exceeded the negative associa-
tions within the scope of the functions we assessed. This resulted in a
predominantly positive contribution to the observed watershed eco-
logical multifunctionality (Fig. 4 and Tables S10–S13). Crucially, forest
structural attributes played specific roles that complemented biodi-
versity, especially on carbon stocks (biomass storage) as well as runoff
stability and soil control (Fig. 4b, d). We propose that tree species

richness may facilitate greater canopy cover, which in turn enhances
carbon storage and drives specific ecological functions that richness
alone cannot support. This finding is highly aligned with the latest
experimental study, which reported that increased canopy structural
complexity of forest consistently explains the positive effects of tree
diversity on productivity36.

Forest tree species richness index had significant relationships
with some water-related functions, especially water supply and soil
water retention, even under the significant influence of climate factors
on ecological functions (Fig. 4a, d, and Table S9). Diverse tree species
compositionsmay lead to greater root richness and density, increasing
soil porosity and structural stability41, which can promote rainwater
infiltration and soil moisture retention42. Additionally, diverse tree
species compositions may create complementary water resource uti-
lization regimes at the watershed scale43, thereby enhancing forest
resilience during droughts5.

Our analysis of individual ecological functions revealed that tree
species richness was positively associated with the net carbon accu-
mulation rate (Fig. 4d). This aligns with findings of Liang et al.9, who
explored the relationship between forest tree species richness and
carbon sequestration with the same dataset. Furthermore, our results
establish a significant positive relationship between tree species rich-
ness and long-term carbon storage pools, including both biomass and
SOC (Fig. 4d). This broad-scale observation aligns with extensive
empirical evidence suggesting that tree diversity is positively asso-
ciated with ecosystem carbon storage and forest biomass across
diverse climatic gradients44–46. The potential enhancement of these
carbon-related functions by tree diversity is often attributed to eco-
logical niche complementarity and selection effects46. Diverse tree
communities likely utilize available resources more efficiently through
spatial and temporal niche partitioning47. This resource optimization
couldbedriven by stronger complementarity in functional traits—such
as shade tolerance and growth strategies—which in turn may bolster
stand-level biomass production across various forest biomes48.

Scale and climatic dependency of tree species richness-
watershed ecological multifunctionality relationships
To explore the climatic and spatial scale dependencies of the effects of
tree species richness index and forest structural characteristics on
multifunctionality, we employed a moving window approach to
quantify how the strength of these effects varies with watershed area
and climatic factors (Figs. 5 and S10). Thewindowwas advanced across
the watershed samples, reordered by watershed area or climatic fac-
tors, generating adjacent sampling subsets to estimate the influences
of forest tree species richness index and structural characteristics on
multifunctionality. The strengths of these effects were estimated using
Spearman correlation coefficients between tree species richness index
(or canopy cover fraction, or LAI) and multifunctionality. We found
that the Spearman correlation between various multifunctionality
indices and the tree species richness index significantly increased with
watershed area (Figs. 5a and S10). In addition, the results were almost
identical for 100 and 50 window sizes, suggesting the analysis are
robust to the window sizes. In contrast, therewas no consistent spatial
scale dependency for the Spearman correlation between multi-
functionality indices and LAI (Fig. 5d), as well as canopy cover fraction
(Fig. 5c). Previous studies have also indicated that factors influencing
theBEF relationship are affected by spatial scale15,49–51.We infer that the
underlying mechanisms may include, firstly, larger watersheds
encompassing different microclimates32, soil types33, and terrains,
which support a variety of tree species adapted to different conditions.
This enhances β-diversity and niche differentiation52, thereby
improving resource use efficiency49,53. Secondly, at the watershed
scale, hydrologically related ecological functions may exhibit spatial
cumulative effects23, thereby enhancing multifunctionality. Tree spe-
cies richness influences local hydrological characteristicsby enhancing
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soil structure and increasing water infiltration54. These changes in
hydrological characteristics are transmitted downstream through
hydrological connectivity, eventually converging at the watershed
outlet. Therefore, hydrological measurements observed at the river
outlet reflect not just a simple average of the entire watershed but
rather a spatial accumulation of tree species richness effects. Thus,
larger watersheds exhibit a stronger relationship between tree species
richness and multifunctionality.

The relationship between the tree species richness index and
multifunctionality also depended on climatic context. The results
indicate that the correlation between tree species richness index and
multifunctionality decreases with the aridity index (Fig. 5b).

Additionally, in relatively dry environments, this relationship showed a
negative correlation (Fig. 5b). One possible explanation is that under
relatively humid climate conditions, water and other resource abun-
dance reduce competition pressure among tree species. This may
allow tree species with different functional strategies, such as con-
trasting photosynthetic characteristics and rooting depths, thereby
enhancing overall ecological function55. In contrast, in relatively drier
conditions, increased water limitation may impose stronger environ-
mental filtering, constrain the functional breadth of co-occurring
species, and intensify competition for water, thereby reducing the
potential for species richness to enhance ecological functions56,57,58.
Further research, supported by more open-access data, is needed to

Fig. 4 | Relationships between tree species richness, canopy cover fraction, leaf
area index (LAI), and individual watershed ecological functions based on 846
watershed samples. Correlation coefficients between individual ecological func-
tions and a species richness, b canopy cover fraction, c leaf area index (LAI).
Standardized ordinary least squares (OLS) regression coefficients of d species
richness, e canopy cover fraction and f LAI on individual ecological functions
controlling for other environmental variables. Bars represent point estimates of
standardized regression coefficients from OLS regression models, and error bars

represent 95% confidence intervals in (d–f). Statistical significance was assessed
using two-sided t-tests for regression coefficients. The panels below the regression
plots display the aggregated positive and negative effects, calculated by summing
the respective regression coefficients. Hatched bars indicate statistically significant
relationships (p <0.05), while exact p values are provided in the Source data file.
NCA net carbon accumulation rate in tree stem, GPP gross primary productivity,
SOC soil organic carbon, ET evapotranspiration, CV coefficient of variation. All
source data are provided as a Source data file.
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explore the mechanisms underlying the climate-dependency of
biodiversity-multifunctionality relationships in watersheds.

Implications for forest and watershed management
To the best of our knowledge, the present study provides a compre-
hensive understanding of the impacts of the forest tree species rich-
ness on watershed multifunctionality. We found that the ecological
multifunctionality of watersheds increased significantly with the tree
species richness index after controlling for various other influencing
factors (Figs. 2 and 3). The cumulative positive impacts of tree species
richness were more prevalent among the evaluated individual func-
tions than the negative associations (Fig. 4). This suggests a pre-
dominantly positive contribution to the measured dimensions of
watershed multifunctionality, although we acknowledge that unmea-
sured functions could potentially harbor different trade-offs. The
implications of this study are significant for forest and watershed
management. The positive linkage of tree species richness with
watershed ecological multifunctionality suggests that maintaining or

enhancing biodiversity can improve critical ecosystem services, espe-
cially water regulation. Crucially, our findings advocate for a shift from
local ecological protection within isolated stands to watershed-level
conservation strategies. Due to their clear natural boundaries for the
flow of water and nutrients, watersheds are key units for ecological
planning and policy implementation. Ecological protection strategies
grounded in the watershed scale should aim to enhance watershed
multifunctionality. Finally, the study emphasizes the importance of
climate in driving watershed multifunctionality, suggesting that con-
servation and management practices should be adapted to local cli-
mate conditions, particularly in regions with varying humidity levels.
This research encourages a shift towards integrating biodiversity with
climate-adaptive strategies in forest and watershed management.

Methods
Forest plot data and in situ-based hydrological indices
Forest tree species richness data were derived from the Global Forest
Biodiversity Initiative (GFBI) dataset, which is comprised of ground-

Fig. 5 | Environmental and spatial scale dependencies of the effects of tree
species richness index and forest structural characteristics on watershed
ecological multifunctionality (EMF) based on 846 watershed samples using a
moving-windowapproach. aThe variation of the effects of the quadrat-based tree
species richness index on EMF indices across watershed areas. b The variation of
the effects of tree species richness index on EMF indices across the aridity index
(AI) gradient. The variationof the effects of canopy cover fraction (c) and LAI (d) on

EMF indices across watershed areas based on window sizes of 100 watershed
samples. All fitted curves are accompanied by associated 95% confidence intervals.
For each moving-window estimate, the analysis was based on 100 watershed
samples. Curves represent fitted trends of correlation coefficients for eachmoving
window, and shaded areas indicate 95% confidence intervals around the fitted
trends. Exact p-values for the correlation of each moving window are provided in
the Source data file. All source data are provided as a Source data file.
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sourced forest inventory data from777,126 permanent forest plots in 44
countries containing more than 30 million trees from 8737 species
spanningmost of the global terrestrial biomes9. Thedatausedherewere
standardized and harmonized from individual tree-level field records
from multiple national forest inventory and private forest inventory
datasets, using adata cleaning and standardizing protocol introduced in
Liang et al.59. Intensively managed forests with harvests exceeding 50
percent of the stocking volume were excluded from this dataset.

Hydrological indices data were derived from the Global Stream-
flow Indices and Metadata (GSIM) dataset, which collated publicly
available data (seven national databases and five international collec-
tions), applied basic consistency to the formatting, and established a
standardized set of metadata29,30. GSIM is a worldwide collection of
metadata and indices derived frommore than 35,000daily streamflow
time series29,30. The dataset provides a set of quality-controlled time-
series indices representing the water balance, the seasonal cycle, low
flows, and floods. The dataset also contains vector boundaries for each
watershed.

Watershed selection
We filtered suitable watersheds from the GSIM dataset to select the
study samples basedondata availability and comparability.We spatially
matched the GFBI forest plot dataset with the watershed boundaries of
the GSIM hydrological dataset, retaining only watersheds with at least
five forest plots and a minimum density of one forest plot per 100 km2.
Then, we meticulously selected watersheds with hydrological observa-
tions based on a series of key criteria before conducting the analysis.
First, we limitedwatershed areas to below 3000 km2, which is about the
average area of watersheds at amedium level (level seven) based on the
hydrosheds watershed delineation product60, as larger sizes introduce
more uncertainty. Second, each watershed needs to have a sample
density of at least one plot per 50 km2. In the third step, we selected
watersheds primarily covered by forests. According to the definitions
employed by the UN Framework Convention on Climate Change (the
Kyoto Protocol), an area is considered forested if more than 30% of the
land (≥0.5 ha) is covered with trees. We adopted stricter criteria to
analyze forest cover on the Google Earth Engine platform using two
datasets: the Hansen Global Forest dataset61 and the MODIS land cover
dataset (MCD12Q1 version 061)62. We retained watersheds where the
average canopy cover fraction exceeds 50% for each watershed from
2000 to 2012, and the percentage of forest (tree canopy cover > 60%)
and woody savanna (tree canopy cover between 30 and 60%) in the
MODIS land cover classification exceeds 70%. Additionally, watersheds
should have hydrological observation records of over 10 years post-
1980, ensuring that the data collected is both extensive and con-
temporary. We considered years with at least 330 observation days as
valid for our analysis. Lastly, we assessed the distribution of forest plots
within the watersheds to ensure they were representative by conduct-
ing topological analysis and generating convexhulls for the forest plots.
If the convex hull area exceeded 70% of the total watershed area, the
forest plots were deemed adequately representative of the overall for-
est conditions within the watersheds.

Using stringent selection criteria as outlined above, we identified
846 forest watersheds from the datasets (Fig. 1a), containing
55,337 spatially referenced forest plots within thesewatersheds. These
samples are mainly located between 30°N and 45°N in North America,
Europe, and Japan (Fig. 1a). Over 60% of these watersheds have areas
smaller than 1000 km2 (Fig. 1b) and quadrat-based tree species rich-
ness index below eight (Fig. 1c). On average, there are 65 forest plots
per watershed, with a density of 1 forest plot per 13.9 km2 (Fig. S1). The
climate in these watersheds is generally humid, with a mean pre-
cipitation of 1320.1mm and an average temperature of 11.9 °C, char-
acteristic of subtropical or temperate climate zones (Figs. 1d and S2).
The average elevation of the watershed samples is 419.8m, with 85%
below 700m (Fig. S2).

Ecological functions of watersheds
Using the GFBI forest plot dataset, GSIM hydrological dataset, and
other global datasets, we calculated watershed ecological multi-
functionality (EMF) indices by obtaining representative variables for
various ecological functions. We selected five major categories (11
independent measurements) of watershed functions: carbon seques-
tration, carbon storage, water supply, water regulation, and soil con-
servation (Table S1). For the proxy indicators that are inversely
associated with ecological functions, we used their additive inverse to
replace them.

Carbon sequestration functions include metrics that measure the
ability of ecosystems to assimilate and accumulate carbon. Net carbon
accumulation rate is assessed through the periodic annual increment
in stem volume, derived from the GFBI forest plot dataset. The carbon
assimilation rate is quantified by the annual gross primary productiv-
ity, derived from Moderate-Resolution Imaging Spectroradiometer
(MODIS) MOD17A3HGF63 with a spatial resolution of 500m× 500m.
Carbon storage functions include metrics that measure the amount of
organic carbon long-term accumulated. Biomass carbon storage
encompasses both above and below-ground biomass carbon, mea-
sured in tons per square kilometer (t/km2), derived from Global
Aboveground and Belowground Biomass Carbon Density Maps from
NASA Oak Ridge National Laboratory64 with spatial resolution of
300m× 300m. Soil organic carbon content, also in tons per square
kilometer (t/km2), was derived from the SoilGrid dataset (https://
soilgrids.org/)65.

Water supply functions focus on the availability and reliability of
water resources. The runoff coefficient, defined as the ratio of annual
total runoff to total precipitation, illustrates the proportion of rainfall
that is available in the streams. Precipitation was from the TerraCli-
mate dataset66 with a spatial resolution of 4 km× 4 km. Relative mini-
mum water supply capacity is measured by the ratio of the average
flowof the 7 lowestflowdays (mm/d) to annualmean streamflow (mm/
d), providing insight into water availability during dry periods. Water
supply stability is evaluated by the additive inverse of the standard
deviation of daily runoff (mm/d), indicating the variability and pre-
dictability of water supply. All these streamflow-related indicators
were derived from the GSIM dataset.

Waterregulationfunctionspertaintotheprocesses thatcontrol
water distribution and movement. The annual total evapo-
transpiration is measured in millimeters per year (mm/yr), derived
from MOD16A2GF datasets67 with a spatial resolution of
500m × 500m.Floodcontrolfunctionwasmeasuredbytheadditive
inverseoftheratiooftheaverageflowofthe7highestflowdays(mm/
d) to annual mean streamflow (mm/d), which helps assess the
potential for flood control. Surface soil water content, measured as
the annual average surface soil water content (m3/m3), from a
remote-sensing-based surface soil moisture dataset68 with spatial
resolution of 0.1° × 0.1°.

Soil conservation function focuses on soil stability and its sus-
ceptibility to erosion. Soil stability was assessed through the additive
inverse of the soil erodibility factor,which reflects the potential for soil
to be eroded based on its properties. The soil erodibility factor was
from the advanced global soil erodibility map69 with a spatial resolu-
tion of 1 km× 1 km.

We derived themean of variables at the watershed scale based on
these global datasets. Forest biomass data and precipitation data were
processed on the GEE platform and derived using the “geemap” (ver-
sion 0.36) Python package70. Other data were downloaded from
associated links and processed with Python 3.11. The average values of
all available data from 2000 to 2020 of these datasets were used as
individual ecological functions for each watershed. Finally, a colli-
nearity test was performed on all functional variable proxies, which
revealed a maximum correlation coefficient of 0.53 (Fig. S3). Details
about data sources can be found in Table S3.
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Watershed ecological multifunctionality indices
Based on the aforementioned ecological function variables, we calcu-
lated the ecological multifunctionality (EMF) indices at the watershed
scale using three independent methods which have frequently been
employed to measure EMF in recent literature71–74: mean-based EMF
indices, principal component analysis-based (PCA-based) EMF indices,
and multi-threshold EMF indices. The three independent methods
each have unique characteristics. Mean-based EMF indices provide an
intuitively interpretable measure of a watershed’s ability to deliver
multiple functions. PCA-based EMF indices can eliminate uncertainties
caused by potential collinearity among functions. However, these two
types of EMF indices ignore potential trade-offs among functions and
assume substitutability among functions75,76, which is an issue
addressed by multi-threshold EMF indices. By combining these three
EMF indices, we achieved a comprehensive assessment of EMF.

Before calculation, all individual ecological function proxy indica-
tors were normalized by a “min-max” normalization approach to trans-
form all indicators within a range of 0–174. To calculate mean-based EMF
indices, we computed the average of all ecological functions. Using this
method, we also calculated EMF indices for individual function groups:
carbon sequestration, water supply, water regulation, and soil con-
servation. ForPCA-basedEMF indices,weemployedPCA, thencalculated
the weighted sum of the leading principal components that collectively
explained over 80% of the total variance. The PCA-based approach
minimizesmulticollinearity amongecological functions.Multi-threshold-
based EMF was defined as the number of ecological functions of a
watershed that had a value above a threshold. Threshold values were
defined as a certain integer percentage of maximum functioning. EMF
was systematically calculated for all integer threshold levels from 1 to
99%75. Following the recommendation as described in ref. 75, we deter-
mined the maximum level of functioning as the average of the top 5%
values measured for the respective function among all watersheds.

Predictors of watershed multifunctionality
To explore the influencing factors of EMF, we selected a variety of
forest characteristics factors and environmental factors as predictors
of EMF (Table S2). Forest characteristics include tree species richness
and forest structure indicators. Tree species richness is measured by
an index that is the weighted average of the quadrat-based number of
tree species in each watershed. Forest structure indicators include leaf
area, canopy cover fraction, tree density, and canopy height. Leaf area
is indicated by the leaf area index (LAI), representing the leaf area per
unit area of the watershed. Canopy cover fraction is the vertical pro-
jection of the canopy elements of forests in a watershed onto the
ground surface, expressed as a percentage of the total forest area. Tree
density is assessed by the number of trees per square kilometer in the
watershed. Canopy height is represented by the average height of the
forest canopy in meters over the watershed.

Environmental factors encompassed climatic conditions, soil
properties, and topographical features. Climate factors cover key
indicators that affect ecological functions. Precipitation is measured
by the annual total precipitation in millimeters. Temperature is
represented by the annual average temperature in degrees Celsius.
Precipitation seasonality is indicated by the standard deviation of
monthly average precipitation in millimeters, while temperature sea-
sonality is measured by the standard deviation of monthly average
temperature in degrees Celsius. The aridity index, which is the ratio of
annual precipitation to annual potential evapotranspiration, reflects
the dryness of the watershed. To obtain the most representative pre-
dictors and avoid multicollinearity among these variables, we used a
backward stepwise regression method to select soil property and
topography parameters. From 10 soil property parameters and 12
topography parameters, thismethod selected the five most important
parameters fromeach group to serve as EMFpredictors (Table S2). Soil
factors are characterized by a number of biophysical and

biogeochemicalmeasures, including percent of clay, soil pH, C/N ratio,
total soil N content, and cation exchange capacity. Topography factors
encompass indicators related to the physical landscape of the water-
shed. Slope is measured as the average slope percentage of the
watershed. Northness is represented by the northness index, ranging
from −1 to 1, where a value close to −1 corresponds to a steep southern
slope with high solar exposure. Elevation is indicated by the average
elevation inmeters above the mean sea level, while elevation variation
is represented by the standard deviation of elevation within the
watershed. The stream power index is a dimensionless measure
reflecting the erosive power of water flow and the influence of grav-
itational forces on water movement downstream.

The quadrat-based tree species richness index was derived from
GFBI forest plots9. We applied kriging interpolation to the forest
sampling plots within each watershed to obtain spatial raster data for
the number of tree species. Based on this, we calculated the average
forest tree species richness index for each watershed. LAI data were
obtained from the MODIS MOD15A2H dataset (version 061)77 with a
spatial resolution of 500m× 500m. Canopy cover fraction was from
theMODISMOD44B dataset (version 061)78 with a spatial resolution of
250m× 250m. Tree density data came from a published forest tree
density map79 with spatial resolution of 1 km× 1 km, while canopy
height data were sourced from the published forest extent and height
change dataset80 with spatial resolution of 30m× 30m. Climatic vari-
ables were derived from the TerraClimate dataset with a spatial reso-
lution of 4 km× 4 km. Soil properties were obtained from the SoilGrid
dataset (https://soilgrids.org/)65 with a spatial resolution of
250m× 250m. Topography parameters were sourced from the multi-
error-removed improved terrain (MERIT) digital elevation model
(DEM)81 and the Geomorpho90m dataset, which includes various ter-
rain parameters generated from the MERIT DEM82 with a spatial reso-
lution of 90m×90m. All these spatial datasets (except for tree
density) were processed on the GEE platform, and statistics were cal-
culated using the “geemap” (version 0.36) Python package70. Tree
density data were downloaded locally from associated links and pro-
cessed with Python 3.11. The average values of all available data from
2000 to 2020 of these datasets were used as EMF predictors for each
watershed. Details about data sources can be found in Table S3.

Statistical analysis
We first conducted binary OLS regression and Spearman correlation
between forest tree species richness index and averaging-based EMF
indices, PCA-based EMF indices, and multi-threshold EMF indices
(EMFMT), as well as individual ecological functions. To further evaluate
the independent effect of tree species richness while accounting for
confounding factors, we employed partial correlation analysis and
partial regression plots. In this approach, we correlated the residuals of
richness (obtained by regressing it against all other biotic and abiotic
covariates) with the residuals of the EMF indices, providing a decou-
pled view of the biodiversity-multifunctionality link. We also estimated
relationships between forest structural characteristics (i.e., LAI, canopy
cover fraction, tree density, and canopy height) and these EMF indices.

We employed multiple OLS regression models to assess the
combined effects of forest tree species richness index, forest struc-
tural characteristics (i.e., LAI, canopy cover fraction, tree density, and
canopy height), and environmental factors (i.e., climate, soil, and
topography) on various EMF indices, as well as the relative importance
of individual variables. To address potential multicollinearity and
ensure the stability of our ecological inferences, we implemented a
more rigorous residuals-based framework. Specifically, we calculated
the “independent” residuals of richness not explained by all other
covariates (forest structure, climate, soil, and topography). By incor-
porating these decoupled residuals into our OLS models, we ensured
that the biodiversity signal was mathematically isolated from envir-
onmental and structural drivers. Furthermore, we performed Ridge
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regression to provide robust coefficient estimates and validate our
OLS results under differentmodeling constraints. Ridge regression is a
regularized machine learning technique that is specifically effective at
mitigating the effects of multicollinearity. The predictors used in the
regression model were detailed in the previous section. Additionally,
we included the quadratic term of the forest tree species richness
index, as previous research has indicated that biodiversity might
influence ecological functions in a nonlinearmanner83. Before analysis,
all predictor and response variables were standardized using z-scores
to enable comparable interpretation of parameter estimates. To eval-
uate the relative importance of forest tree species richness index,
forest structural characteristics, and environmental factors as drivers
of EMF, we expressed the importance of each predictor group as a
percentage of the total effect they explained. This was done by com-
paring the absolute values of their standardized regression coefficients
with the sumof the absolute values of all standardized coefficients.We
conducted the OLS and Ridge regression analysis using the “statsmo-
dels” (version 0.14.2) and “scikit-learn” (version 1.7) Python packages.

To investigate the potential mechanisms linking forest tree species
richness to ecological multifunctionality, we performed a causal med-
iation analysis. We examined whether the effects of species richness on
EMF indices (i.e.,mean-based and PCA-based indices)weremediatedby
forest structural attributes, specifically LAI, canopy cover, tree density,
and canopy height. The analysis involved estimating two regression
models for each potential mediator: (1) a mediator model, which pre-
dicted the forest structural variable based on species richness, and (2)
an outcome model, which predicted the EMF index based on both tree
species richness and the mediator. To ensure the robustness of the
mediation effects, we included environmental factors (climate, soil, and
topography), the quadratic term of species richness, and other forest
structural variables as covariates in all models. The average causal
mediation effect was estimated using the “mediation” class within the
“statsmodels” (version 0.14.2) Python package. Significance levels and
95% confidence intervals for the indirect effects were determined using
a simulation-based approach with 500 replications.

We applied a moving window approach to explore the scale and
climatic dependency of the relationship between the tree species
richness index and EMF. This method helped to understand how the
impact of the tree species richness index on EMF varies along a
gradient of another variable. We examined the scale dependency by
analyzing the trend of the relationship between the tree species
richness index and EMF across watershed areas. Additionally, we
explored this relationship along gradients of a significant climatic
variable (aridity index). Specifically, we first sorted all data by
watershed area (or aridity index) in ascending order. Then, wemoved
the window across watershed samples to generate adjacent water-
shed subsets. Then, the Spearman correlation coefficients between
the tree species richness index and EMF were calculated for each
watershed subset as a proxy of the effects of tree species richness on
EMF. To mitigate the potential impact of window size on the results,
we used window sizes of 100 and 50 watersheds for sampling. The
relationship between the tree species richness index and EMF was
represented by the Spearman correlation coefficient. Finally, we used
bivariate least squares regression to investigate the trend of the tree
species richness index-EMF relationship with changes in area (or
environmental variables).

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

Data availability
The selected watershed samples, their ecological function proxy vari-
ables and environmental factors, used for analysis in this study, can be
found at https://osf.io/ydgxj/. All display items presented in the main

manuscript and supplementary information can be reproduced from
raw data and code shared in this public repository. The quadrat-based
tree species richness index and forest productivity was derived from
Global Forest Biodiversity Initiative (GFBI) forest plots9, the rawdata of
which can be obtained through the Science-i cyberinfrastructure
(https://science-i.org/). All streamflow-related functions were derived
from the Global Streamflow Indices and Metadata (GSIM) dataset29,30.
Gross primary productivity and evapotranspiration data were from
Moderate-Resolution Imaging Spectroradiometer (MODIS)
MOD17A3HGF63 and MOD16A2GF datasets67 (version 061), respec-
tively. Leaf area index data were obtained from theMODISMOD15A2H
dataset (version 061)77. Canopy cover fraction was from the MODIS
MOD44B dataset (version 061)78. Climatic variables were derived from
the TerraClimate dataset66. Forest biomass data were from Global
Aboveground and Belowground Biomass Carbon Density Maps from
NASA Oak Ridge National Laboratory64. Soil properties were obtained
from the SoilGrid dataset (https://soilgrids.org/)65. Soil water content
was from a remote-sensing-based surface soil moisture dataset68. Soil
erodibility factor was from the advanced global soil erodibility map
from ref. 69. Tree density data came from a published forest tree
density map79, while canopy height data were sourced from the pub-
lished forest extent and height change dataset80. Topography para-
meters were sourced from the multi-error-removed improved terrain
(MERIT) digital elevation model (DEM)81 and the Geomorpho90m
dataset, which includes various terrain parameters generated from the
MERIT DEM82. Source data are provided with this paper.

Code availability
The code for the analysis is available for download from https://osf.io/
ydgxj/.
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