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Higher levels of taxonomic and evolutionary diversity are expected to maximize ecosystem function, yet their relative impor
tance in driving variation in ecosystem function at large scales in diverse forests is unknown. Using 90 inventory plots across
intact, lowland, terra firme, Amazonian forests and a new phylogeny including 526 angiosperm genera, we investigated the
association between taxonomic and evolutionary metrics of diversity and two key measures of ecosystem function: above
ground wood productivity and biomass storage. While taxonomic and phylogenetic diversity were not important predictors
of variation in biomass, both emerged as independent predictors of wood productivity. Amazon forests that contain greater
evolutionary diversity and a higher proportion of rare species have higher productivity. While climatic and edaphic variables
are together the strongest predictors of productivity, our results show that the evolutionary diversity of tree species in diverse
forest stands also influences productivity. As our models accounted for wood density and tree size, they also suggest that addi
tional, unstudied, evolutionarily correlated traits have significant effects on ecosystem function in tropical forests. Overall, our
pan-Amazonian analysis shows that greater phylogenetic diversity translates into higher levels of ecosystem function: tropical
forest communities with more distantly related taxa have greater wood productivity.

H

igher levels of taxonomic and phylogenetic diversity play
important and independent roles in determining ecosystem function1–3. In experimental studies of temperate grasslands, higher levels of taxonomic and evolutionary diversity were
associated with greater biomass and productivity and variability in
the amount of evolutionary history shared within a group of species was often a better predictor of productivity than the number of
species2–4, consistent with the hypothesis that evolutionary dissimilarity is related to niche complementarity1–5. However, although the
results of a range of biodiversity experiments2–7 suggest that communities with distantly related lineages have greater carbon stocks
A full list of affiliations appears at the end of the paper.
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and productivity, the effect of phylogenetic diversity on measures
of ecosystem function remains controversial. Positive relationships
are common, but not a rule, and negligible effects of evolutionary
diversity on productivity and biomass have been reported in some
cases8,9. Therefore, it is still unclear whether these relationships can
be generalized, and the extent to which evolutionarily diverse communities maximize function is unknown, particularly at large scales
relevant to conservation planning.
The total amount of phylogenetic diversity represented by species within a community may be valuable for understanding how
diversity affects ecosystem function, because these properties
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tend to reflect variation in the functional diversity of these communities. This is because evolutionary relationships can capture
information about multiple traits5,10–12, including those that are difficult to measure. For instance, in an experimental study of grassland communities, evolutionary diversity was a better predictor of
productivity than some easily measured, or ‘soft’, functional traits
(for example, specific leaf area, seed weight and height), suggesting
that unmeasured traits that are significantly related to phylogenetic
relationships, such as root architecture, root morphology, resource
requirements or other critical functional differences, could contribute to maximizing productivity3. Evolutionary diversity metrics that
encompass the full breadth of functional diversity may be more informative about how much species contribute to ecosystem function,
particularly in hyperdiverse communities such as tropical forests
where the links between soft traits (such as specific leaf area and
wood density13,14) and ecosystem functions (such as productivity)
are typically weak15.
The evolutionary diversity of a community can be measured in
different ways to reflect distinct aspects of biodiversity11,16,17, and
these metrics may all relate in different ways to variation in functional traits, life-history strategies and, as a result, ecosystem function2,3,5,18. Phylogenetic diversity is the sum of the total evolutionary
history, or amount of the tree of life present in a given community,
and is quantified as the sum of the branch lengths, which are measured in units of time, from a phylogeny that represents all species
in a given community (total lineage diversity)16. A second aspect of
evolutionary diversity is the extent to which communities are dominated by closely related species (neighbour lineage diversity), which
can be quantified by mean nearest taxon distance (MNTD)11,12.
Finally, another dimension of the evolutionary history of a community is whether it contains a balanced proportion of the major
lineages of organisms (basal lineage diversity)19,20, which can be represented by the mean phylogenetic distance (MPD) between all pairs
of species11. MPD is strongly affected by branch lengths at the deepest nodes of the phylogeny, as well as the relative abundance of major
clades in the community20. All of these metrics attain higher values
in communities comprising more distantly related individuals.
Amazonian forests provide an ideal context for exploring the
link between tree diversity and ecosystem functioning because these
forests include some of the most species-rich ecosystems on Earth21
and contain a wide variety of angiosperm lineages20. They also play a
key role in regulating planetary biogeochemical cycles, including fixing as much carbon annually as the human economy emits globally22,
and storing an order of magnitude more23. Here, we construct a panAmazon angiosperm phylogeny and use this in conjunction with
data from 90 long-term monitoring plots across Amazonia (Fig. 1)
to investigate the relationships between tree diversity and ecosystem function. We investigate the role of taxonomic and evolutionary
diversity in promoting aboveground wood productivity (hereafter,
productivity) and aboveground biomass (hereafter, biomass).
Evolutionary diversity was estimated as total, neighbour and
basal lineage diversity. As these metrics show strong relationships
with the total taxonomic richness of communities20,24, the effect of
which we were also interested in estimating, we calculated the degree
to which communities show greater or less phylogenetic diversity,
MPD and MNTD than expected given their richness (that is, standardized phylogenetic diversity metrics)17. Taxonomic richness and
diversity were estimated as the sum of identified genera per area,
Shannon diversity, Simpson index and Fisher’s alpha. Because taxonomic and standardized phylogenetic diversity metrics represent
different dimensions of biodiversity17, with genus richness being
decoupled from evolutionary diversity (that is, variation in richness
is a poor predictor of variation in phylogenetic diversity)24, we expect
that they may have independent effects on ecosystem function.
Changes in taxonomic diversity influence the number of functionally distinct lineages present in a community, which may influence
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Fig. 1 | Location of plots. Location of 90 1-ha permanent inventory plots
shown on a forest cover map72 produced from global land cover data. Plots
are all located in lowland moist forests on well-drained soils across the
Amazon Basin (see Methods for details).

ecosystem function via either sampling effects or complementarity.
As the degree of evolutionary relatedness among tropical tree species
reflects similarity in their ability to process and store carbon (that is,
closely related taxa have more similar wood density, potential tree
size, growth and mortality rates)10, we expect that communities with
greater evolutionary diversity may maximize productivity and carbon storage due to complementarity in resource use. As evolutionary
diversity may summarize information about a wide range of traits,
species richness and composition in a single index5, we hypothesized
that evolutionary diversity would be a stronger predictor of ecosystem function than taxonomic measures of diversity2.
As environmental factors25,26, stand structure and mean functional composition (number of stems, wood density and potential
tree size)15 are also associated with both productivity and biomass,
we accounted for variation in these factors in all of our analyses
using available climate data27, locally collected soil data28, and stand
structural and functional characteristics10,29. We explore the effects
of taxonomic and evolutionary diversity metrics on ecosystem function using partial correlations, and in linear models of productivity
and biomass that account for the influence of climate, soil, forest
structure and functional composition, as these variables might
obscure any underlying effect of diversity on ecosystem function
(see Methods for details). We focus our results and discussion on
the influence of standardized phylogenetic diversity metrics17,30 and
on two common taxonomic metrics of diversity: taxon richness and
the Simpson index. Taxon richness was chosen because it is widely
used in comparative studies, and the Simpson index was chosen
because it was included in the best model that explained the greatest variance in the data. Analyses incorporating Shannon index,
Fisher’s alpha and raw phylogenetic diversity metrics gave broadly
similar results and are presented in the Supplementary Information.
All of the analyses were conducted at the genus level due to the resolution of the phylogeny.

Results

Individually, both taxonomic and evolutionary measures of diversity
showed strong, positive, bivariate relationships with productivity
Nature Ecology & Evolution | www.nature.com/natecolevol
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Fig. 2 | Bivariate relationships between aboveground wood productivity (AGWP) and the diversity variables included in the best-performing model.
a,b, Relationship between AGWP and Simpson index (a) and neighbour lineage diversity (b), using data from 90 1-ha plots across Amazonia. Shaded
areas represent 95% confidence intervals. Solid lines indicate significant bivariate correlations between productivity and diversity metrics. Relationships
for the other taxonomic and phylogenetic diversity metrics are included in the Supplementary Information.

(Fig. 2 and Supplementary Table 3). Because climate, soil, forest
structure, functional composition and spatial autocorrelation might
obscure the underlying effect of diversity on wood productivity, we
also controlled for variation in these variables by including them as
model covariates. Using linear models, we found that the best statistical model of productivity (based on Akaike information criterion (AIC) values) contained both evolutionary (standardized effect
size of MNTD (sesMNTD)) and taxonomic (Simpson index) measures of diversity (correlation coefficient R2 = 0.47; ΔAIC = −2.5, in
relation to the model excluding both taxonomic and evolutionary
diversity metrics; Fig. 3 and Table 1). This shows that these metrics reflect distinct aspects of diversity that are both important for
understanding patterns of productivity (Supplementary Fig. 10).
Partial correlation analysis produced similar results to the model
selection approach (Supplementary Table 4): sesMNTD (Kendall’s
τ = 0.15; P = 0.044) and the Simpson index (τ = 0.15; P = 0.046)
both showed significant partial correlations with productivity after
accounting for other variables (Supplementary Table 4). In contrast, genus richness had no effect on productivity after accounting for environmental and structural factors, using either the
model selection approach (P = 0.51) or partial correlation analysis
(P = 0.57) (Table 1; full coefficients from the models are shown in
Supplementary Appendix 4).
Climatological and soil variables were also associated with variation in productivity (Fig. 3, Supplementary Fig. 4 and Supplementary
Table 4). Mean annual temperature, climatic water deficit, and soil
total phosphorus, magnesium and potassium were all associated
with productivity25 (Fig. 3), with higher rates of wood growth typical
of areas in the western Amazon with low water deficit and greater
nutrient availability (that is, total phosphorus and magnesium).
Although the standardized effect sizes of some environmental variables, such as water deficit, were large, the effect sizes of biodiversity
Nature Ecology & Evolution | www.nature.com/natecolevol

variables in the best model were similar to some other individual
environmental variables commonly considered to control variation
in productivity in tropical forests, such as soil phosphorus concentrations (Fig. 3 and Supplementary Table 4).
Bivariate correlations indicated significant negative associations
between biomass and all diversity metrics (Supplementary Fig. 5 and
Supplementary Table 3). However, biodiversity and biomass were
almost completely unrelated after accounting for variation in climate, soil, forest structure and mean functional composition (Fig. 3
and Supplementary Table 5), in contrast with the positive, significant
biodiversity–productivity relationships (Supplementary Table 4).
Instead, biomass was largely determined by variation in wood
density (Fig. 3, Supplementary Fig. 7 and Supplementary Table 5).
The model selection approach also suggested that variation in temperature, stem density and magnesium concentration had a small,
significant effect on biomass (Fig. 3 and Supplementary Appendix 4),
but these results were not supported by the partial correlation
analysis (Supplementary Table 5).

Discussion

This study shows that there is a positive, small and significant effect
of both taxonomic (Simpson index) and evolutionary (sesMNTD)
measures of diversity on wood productivity, but not aboveground biomass, in tree communities across lowland, terra firme,
Amazonian forests, after accounting for the influence of environmental factors, stand structural variables and spatial autocorrelation (Figs. 2 and 3, Table 1 and Supplementary Table 4). Although
the effects of diversity on productivity were small, the strength of
these effects was similar to previous studies at small experimental
scales in grassland ecosystems2–4, and comparable to the effects
of some environmental variables within this analysis, such as soil
phosphorus (Fig. 3).
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Fig. 3 | Standardized effect sizes for the best-fit model for both wood productivity and aboveground biomass. Both models include diversity metrics,
structural attributes, climate and soil variables selected based on the lowest AIC values and largest proportion of variance explained. The best model for
AGWP includes neighbour lineage diversity and the Simpson index as biodiversity metrics, as well as mean annual temperature, climatic water deficit, total
phosphorus, magnesium and potassium. Greater productivity is found in plots with lower mean annual temperature and higher water availability, and on soils
with greater amounts of soil phosphorus and magnesium and lower amounts of potassium. The best model for aboveground biomass (AGB) included wood
density, number of stems, magnesium and mean annual temperature. The relationship between AGB and wood density is nonlinear. In all AGB analyses,
wood density was specified with linear and quadratic terms, but for clarity, in the graph, the effect size is shown only for the quadratic term. For each variable
in the model, dots represent the standardized effect size and lines represent 1 s.d. In some cases, error lines are unobserved due to very small standard
deviations. See Supplementary Figs. 4 and 7 for detailed bivariate correlations, and Supplementary Appendix 4 for all of the coefficients of the models.

Table 1 | Results for GLS models across 90 1-ha plots for AGWP and AGB.
Model

AGWP
R

2

AGB
AIC

ΔAIC

R2

AIC

ΔAIC

Climate–soil–structure model + sesMNTD + Simpson index

0.47

199.08

−2.51

–

–

–

Climate–soil–structure model + sesMNTD

0.45

205.04

3.45

0.74

973.99

1.99

Climate–soil–structure model + Simpson index

0.44

200.73

−0.86

0.74

973.78

1.78

Climate–soil–structure model + sesPD

0.46

201.13

−0.46

0.74

973.72

1.72

Climate–soil–structure model + sesMPD

0.44

203.57

4.48

0.74

973.97

1.97

Climate–soil–structure model + richness

0.44

203.12

1.53

0.74

971.03

−0.97

Climate–soil–structure model

0.44

201.59

0

0.74

972.00

0

Biomass and productivity were modelled as a function of diversity metrics, structural and compositional attributes, and climate and soil variables, and accounted for spatial autocorrelation using a Gaussian
correlations structure. The best model for AGWP is the climate–soil–structure model + sesMNTD + Simpson index. The best model for AGB is the climate–soil–structure model. Full coefficients are taken
from the models shown in Supplementary Appendix 4. The results are for the best-fit model, with lowest AIC values, incorporating environmental variables (climate and soil), functional attributes (mean
wood density, potential tree size and number of stems) and spatial autocorrelation. ΔAIC values refer to the comparison between each model that includes the diversity variables and the climate–soil–
structure model, which excludes diversity. For AGWP, the climate–soil–structure model includes mean annual temperature, climatic water deficit, and total phosphorus, magnesium and potassium. For AGB,
the climate–soil–structure model includes wood density, number of stems, magnesium and mean annual temperature.

A range of mechanisms may underlie the significant relationships between neighbour lineage diversity (sesMNTD), Simpson
index and productivity (Fig. 2, Table 1 and Supplementary Table 4),
including both sampling effects (that is, the presence of particular
species with relevant functional traits within a community) and

functional complementarity. In general, the contribution of sesMNTD and Simpson index to explaining variation in productivity,
even after accounting for two major stand structural attributes
(wood density and tree size), suggests that among lineages, there are
additional functional characteristics that are related to phylogenetic
Nature Ecology & Evolution | www.nature.com/natecolevol

Articles

NATUre EcOlOgy & EvOlUTiOn
relationships among taxa that promote productivity within plots.
Since the evolutionary relationships among species tend to reflect
their similarity in functional traits10,31,32, and because evolutionary diversity explicitly incorporates species differences, the effect
of sesMNTD on productivity is likely to be a result of increased
functional complementarity among lineages1,2. Higher values of the
Simpson index, which indicate a more even distribution of abundances among genera33, may also increase niche complementarity. Alternatively, the weak positive effects of sesMNTD and the
Simpson index on productivity could be due to sampling effects, but
this is unlikely as tropical forests are sufficiently diverse at the 1-ha
plot scale such that sampling effects saturate; these diverse forests
comprise taxa from the entire phylogeny at this scale, and include
genera that have both fast and slow demographic traits26. Moreover,
lineages that contribute disproportionately to the diversity/productivity relationship8 are scattered across the phylogeny, and there is
no phylogenetic signal for the contribution of different lineages to
the effect of the Simpson index or sesMNTD on wood productivity
(see Supplementary Text and Supplementary Fig. 12). These results
suggest that greater phylogenetic diversity is not related to a higher
probability of sampling functionally dominant lineages that would
in turn disproportionally contribute to the relationship between
evolutionary and taxonomic diversity and productivity. Because
of this, complementarity appears to be the most likely mechanism to explain the positive biodiversity effects we observe (see
Supplementary Information for further analyses and discussion).
One potentially key unmeasured trait that may underlie an increase
in functional complementarity and productivity in more diverse
communities is variation in canopy structure. Canopy structure is a
key determinant of productivity in temperate forests34, and experiments with young trees35 show that mixtures of species with complementary crown morphologies and branching patterns have denser
canopies35–37, because species distribute their branches and leaves in
complementary height layers of the canopy. As a result, both light
interception and productivity are enhanced36. In Amazonian forests,
there is a wide range of canopy architecture among species, and complementarity in crown shape may enable trees to utilize canopy space
more efficiently. For example, for 2,457 trees in Madre de Dios in the
Peruvian Amazon38,39, crown architecture varies widely among families (Supplementary Fig. 8). Differences in crown architecture among
genera from different families may enhance canopy space filling and
resource uptake. There may also be variation among communities in
other unstudied, evolutionarily correlated traits such as belowground
resource allocation, tree height/diameter allometry, hydraulic traits
or functional groups (for example, nitrogen/non-nitrogen fixers) that
may affect productivity.
The effect of sesMNTD and the Simpson index on productivity
could also reflect pathogen dilution in more diverse communities.
Host ranges of most tree pests and pathogens show a clear phylogenetic signal, with co-occurring, closely related plant lineages being
more vulnerable to similar natural enemies than distant relatives40,41.
A community with greater sesMNTD (that is, comprising more distantly related lineages) is therefore expected to be less susceptible to
disease pressure41, and thus needs fewer resources invested in defence,
which in turn allows faster growth rates42. In tropical regions, where
strong conspecific negative density dependence is observed, individual trees tend to have lower performance (for example, growth
and survival) when growing near closely related neighbours43. At the
community level, a species may therefore perform better in forests
that contain fewer close relatives. Similar arguments may also apply
to communities with higher values of the Simpson index: a greater
proportion of rare species may reduce the probability of an individual
tree being attacked by species-specific pathogens and/or herbivores,
and increase community-level productivity.
The similar, but independent, effects of taxonomic and phylogenetic diversity for explaining variation in productivity are in contrast
Nature Ecology & Evolution | www.nature.com/natecolevol

with our initial prediction. Perhaps both variation in the relative
abundance distribution among communities (best captured by the
Simpson index) and the functional distinctiveness of taxa (best
captured by sesMNTD) are important for determining the strength
of functional complementarity within communities. In contrast,
a recent subtropical biodiversity experiment found that phylogenetic diversity did not explain additional variation in rates of carbon
accumulation, compared with measures of taxonomic diversity44.
However, both the metrics of phylogenetic diversity and the overall level of diversity of the communities in the experimental study
differed from our pan-Amazon study. Understanding the specific
functional differences among genera within a community that contribute to maximizing productivity in diverse tropical forests is an
important area for further research, to strengthen the links between
causative mechanisms and the correlations that we report here.
Both taxonomic and evolutionary diversity had no effect on
aboveground biomass in intact forests in Amazonia. These results
are supported by a previous pan-tropical study that used an overlapping dataset to investigate the role of taxonomic diversity on
biomass26, as well as a recent study that investigated the role of evolutionary diversity on biomass during forest succession and found
that, despite a positive effect of phylogenetic diversity on biomass
in early successional forests, there is no effect at later stages of forest succession45. Not surprisingly, but in contrast with the positive
effect of taxonomic and evolutionary diversity on productivity, biomass was strongly determined by functional characteristics (Fig. 3
and Supplementary Table 5), with variation in wood density being
the most important variable in controlling patterns of biomass in
these forests15,26,46. To a much lesser extent, and consistent with previous findings47, the number of stems had a marginal and positive
effect on biomass (Fig. 3). These results corroborate a recent metaanalysis in tropical forests, which found that stand structural (for
example, number of stems) and community mean functional trait
variables (for example, wood density) are more important than taxonomic diversity for predicting variation in biomass48. In general,
as variation in stem mortality rates is a better predictor of variation
in stand biomass among plots than productivity49, and tree death is
a highly stochastic process50, any positive effect of tree diversity on
biomass through increased productivity is probably obscured by the
impact of variation in stem mortality rates among plots.
Overall, our results suggest that multiple facets of diversity have
a small, positive effect on present-day functioning of the world’s
largest tropical forest. In particular, this study provides evidence
that evolutionary diversity is weakly, but significantly, related to
ecosystem functioning at large scales in natural ecosystems. While
evolutionary diversity has previously been suggested as a factor to
consider in the identification of priority areas for conservation,
because of its role in enhancing ecosystem function2–5, this study
provides quantitative evidence for this assertion in tropical forests.
Our results therefore indicate that there is a synergy between preserving diverse forests that encompass greater evolutionary heritage
and protecting ecosystem function.

Methods

Tree community data. To investigate the relationship between biodiversity
and ecosystem functioning, we estimated diversity, wood productivity and
aboveground biomass using data from 90 long-term forest inventory plots in
the Amazon and adjacent lowland forests from the RAINFOR (Amazon Forest
Inventory) network (Fig. 1 and Supplementary Appendix 1). Data were extracted
from the ForestPlots.net database, which curates tree-by-tree records from
RAINFOR and other networks51,52. Plots were all 1 ha in size (except for two plots
of 0.96 ha) and located in structurally intact and old-growth, closed-canopy forest.
Our analyses were restricted to continuous lowland, terra firme, moist Amazonian
forests (excluding plots in montane, swamp, seasonally dry and white-sand forests,
and savannas). The ecological characteristics that influence resource uptake
and thus underlie any potential relationship between ecosystem function and
phylogenetic diversity may differ widely among biomes with distinct evolutionary
histories53. For example, clades restricted to areas outside moist forests may have
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evolved very different unmeasured traits (for example, higher root-to-shoot
ratios to tolerate drought), which could lead to different relationships between
evolutionary diversity and ecosystem function in comparisons across biomes.
Restricting our analyses to a single biome, and therefore a relatively coherent
pool of genera, with similar evolutionary histories and proven ability to disperse
and mix across Amazonia over geological timescales54, allowed us to limit the
potentially confounding effect of large, cross-biome differences in phylogenetic
composition on the relationship between diversity and ecosystem function.
Plots were established between 1975 and 2010, and monitored for an average
of 16.1 years in total (range: 2.0–28.6 years), with regular recensuses. All trees
and palms with diameter at breast height greater than 10 cm were included in the
analyses. In the dataset, all recorded species and genus names were checked and
standardized using the Taxonomic Name Resolution Service55. Across all plots,
94.9% of stems were identified to genus level, with a minimum of 70% identified
to genus level per plot. We excluded all individuals not identified to genus level
(5.1%) from biodiversity metric calculations.
Phylogenetic tree. To calculate metrics of evolutionary diversity, we constructed
a large pan-Amazon phylogeny, including 526 genera based on two chloroplast
DNA gene regions (rbcL and matK), following protocols from Gonzalez et al.56.
Full details of the temporally calibrated, ultrametric phylogeny construction can be
found in the Supplementary Information. Our analyses included only those genera
for which we have phylogenetic data: 90.4% of the total number of genera in the
plots, which encompass 98.0% of all identified stems.
Biodiversity metrics. To represent the different aspects of biodiversity, we
calculated ten genus-level diversity metrics, including taxonomic diversity indices
and metrics that incorporate the evolutionary history within communities
(Supplementary Table 1). Because different metrics can reflect similar dimensions
of diversity17 (Supplementary Fig. 10) we present the results from five diversity
metrics: (1) taxonomic richness (a common and widely used diversity metric, here
evaluated as the sum of all identified genera in a given community); (2) the Simpson
index of diversity (a common diversity metric that incorporates genus abundance,
representing the probability that two stems randomly selected from a community
belong to different genera); (3) total lineage diversity (the standardized effect size of
phylogenetic diversity (sesPD), estimated as the sum of all branch lengths including
genera within a community16 while controlling for the effect of genus richness);
(4) neighbour lineage diversity (quantified as the sesMNTD while controlling for
the effect of genus richness, which is more sensitive to relatedness near to the tips
of the phylogeny11,12); and (5) basal lineage diversity (quantified by the standardized
effect size of the mean pairwise distance (sesMPD)11,12 while also controlling for the
effect of genus richness, and reflecting phylogenetic structure at the deepest nodes20)
(see Supplementary Information for results that include all metrics).
Because the null expectation for the evolutionary diversity metrics of
communities (that is, phylogenetic diversity, MNTD and MPD) necessarily
shows strong relationships with the total taxonomic richness of communities,
we quantified their standardized values: the degree to which communities show
greater (+) or less (−) phylogenetic diversity, MNTD or MPD than expected given
their genus richness. We calculated the standardized effect sizes, sesPD, sesMNTD
and sesMPD by first generating a null expectation via randomly shuffling genera
tip labels in the phylogeny 999 times. The effect size was then calculated as the
difference between the observed and expected values (the latter being the mean
across randomizations) divided by the standard deviation of values across the
randomizations. These standardized metrics represent the residuals from the
relationship between each evolutionary diversity metric and genus richness within
each plot, and allow us to identify areas with high or low evolutionary diversity
while accounting for the effect of richness.
Wood productivity and aboveground biomass. Aboveground wood productivity
was estimated as the rate of gain in biomass during each census interval. Because
longer census intervals increase the proportion of productivity that cannot be
directly detected due to trees growing and dying during the census interval57,
productivity was corrected for varying census interval lengths. Following the
methodology developed by Talbot et al.58, estimates of annualized productivity
per plot were computed as: (1) the sum of tree growth alive in the first and last
censuses; (2) the growth of trees that recruited during the census interval;
(3) estimates of unobserved growth of trees that died during the census interval;
and (4) estimates of unobserved trees that both recruited and died between census
periods. Census interval length is expected to affect the estimates of productivity,
while plots monitored over short total census lengths are more likely to be affected
by stochastic changes over time and measurement errors59. Productivity estimates
were weighted by the cubic root of the census interval length (see Supplementary
Information for details).
Aboveground biomass per stem was estimated using a pan-tropical, three0:976
from Chave et al.60, where
parameter equation AGB ¼ 0:0673 ´ ðWD D2 H Þ
WD is the stem woodI density (in g cm−3) from the Global Wood Density
database29,61, D is the tree diameter (in cm) at 1.3 m or above the buttress, and
H is the tree height (in m). Tree height was estimated based on regional diameter–
height Weibull equations62. Similar to productivity, to reduce the influence of
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potential stochastic changes, and due to variation in the census interval within
plots, we estimated biomass per plot using a weighted average across multiple
censuses (see Supplementary Information for details). We extracted wood density
data from the Global Wood Density database29,61.
Environmental variables. Because variation in both productivity and biomass in
Amazonian forests is expected to be mediated by soil and climate25, we included
environmental variables as covariates in our models. For climate data, to avoid
collinearity among explanatory variables, we selected the mean annual temperature
(°C; extracted from the WorldClim dataset at 30 s (~1 km2) resolution27) and
maximum climatic water deficit (a measure of water stress extracted from a global
gridded layer60). For soil data, we used average values for each plot, calculated
at 0–30 cm depth, for soil texture, total phosphorus (mg kg−1), and potassium,
magnesium, calcium and sodium concentrations (mmoleq kg−1), collated at
ForestPlots.net and based on intensive soil sampling from each RAINFOR plot
that used standardized field and analytical protocols25,28. Because silt, clay and
sand content (%) are strongly correlated, soil texture was expressed as the first two
axes of a principal component analysis. The first axis was negatively and strongly
correlated with sand content, whereas the second was negatively correlated with
clay (Supplementary Table 2).
Stand structure variables. We also included descriptors of stand structure as
covariates in our models, including mean wood density, mean potential tree size
and number of stems, all of which have been shown to shape productivity and
biomass in tropical tree communities15. We extracted wood density data from the
Global Wood Density database29,61, selecting data for Mexico, Central America
and South America. The data were matched to each stem in the plot data at the
species level. In cases where this information was unavailable, data were matched
to the average of species values for that genus. We then calculated the mean wood
density value across all stems in a plot. To estimate the potential tree size, we used
data from Coelho de Souza et al.10 spanning 577 single-census plots from across
Amazonia, for the potential size that each genus could achieve. These values were
assigned to each individual tree based on its identity. We then derived the mean
potential tree size for each plot, averaged across stems. The number of stems per
plot was calculated as the average number of individuals with a diameter at breast
height >10 cm across multiple censuses.
Statistical analyses. To investigate the strength of the relationship between each
measure of ecosystem functioning (that is, productivity and biomass) and the
set of diversity metrics in each plot, we conducted: (1) bivariate Kendall’s τ nonparametric correlation tests; (2) generalized least-squares (GLS) modelling; and
(3) Kendall’s τ pairwise partial correlation tests. For bivariate correlations, as
testing the relationships for the range of biodiversity metrics involved ten tests
for each dependent variable, P values were adjusted for multiple comparisons
using the false discovery rate63 (Supplementary Table 3).
Environmental variables also influence the diversity of an ecosystem20,64 and
its ability to process and store carbon25, and may therefore obscure relationships
between diversity and ecosystem functioning. To account for the effects of
multiple environmental variables, we constructed GLS models where ecosystem
functioning was modelled as a function of metrics related to diversity, climate,
edaphic conditions, functional composition and structural variables. To avoid
multicollinearity among variables in the model, we confirmed that variance inflation
factors were less than five65 for each explanatory variable. We account for spatial
autocorrelation in the GLS analyses by specifying a Gaussian spatial autocorrelation
structure, which is consistent with the shape of the semivariograms for biomass
and productivity across this network of plots49. We created separate models
for productivity, biomass and each diversity metric. For each response variable
(productivity and biomass), we generated a set of models including all of the
possible combinations of variables related to climate, soil, functional composition
and stand structure, and selected the best model (referred to as the climate–soil–
structure model) based on the AIC. To investigate the additional contribution
that diversity made to explaining variation in both productivity and biomass, each
single diversity metric was then added individually to the climate–soil–structure
model. We then compared the climate–soil–structure model with models also
including each single diversity metric: a difference in AIC > 2 compared with the
climate–soil–structure model indicated that a model had improved support. Finally,
we added pairs of diversity metrics, representing both taxonomic and evolutionary
diversity (Supplementary Fig. 10), into a single model to investigate whether a more
complex model provides better predictive ability over single diversity metric models.
Phosphorous and cation concentrations were log-transformed before analysis. To
allow comparisons of the strength of significance of the explanatory variables, they
were all standardized to a mean of zero and a standard deviation of one.
We also examined the effects of the diversity metrics on wood productivity and
aboveground biomass using partial correlation analyses including the variables
selected in the best-performing climate–soil–structure model. Partial correlation
analyses were used to determine the correlation between two variables while
eliminating the effect of potentially confounding variables66.
Analyses were performed with the R statistical software (version 3.1.1)67, using
the vegan68, picante69, BiomasaFP70, nlme71 and ppcor66 packages.
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Data availability

The permanently archived data package of the plot-level diversity, aboveground
biomass, wood productivity and genus-level phylogeny are available from https://
www.forestplots.net/en/publications#data.

Received: 3 September 2018; Accepted: 16 September 2019;
Published: xx xx xxxx

References

1. Maherali, H. & Klironomos, J. N. Influence of phylogeny on fungal
community assembly and ecosystem functioning. Science 316,
1746–1749 (2007).
2. Cadotte, M. W. Experimental evidence that evolutionarily diverse
assemblages result in higher productivity. Proc. Natl Acad. Sci. USA 110,
8996–9000 (2013).
3. Cadotte, M. W., Cavender-Bares, J., Tilman, D. & Oakley, T. H. Using
phylogenetic, functional and trait diversity to understand patterns of plant
community productivity. PLoS ONE 4, e5695 (2009).
4. Cadotte, M. W., Cardinale, B. J. & Oakley, T. H. Evolutionary history and the
effect of biodiversity on plant productivity. Proc. Natl Acad. Sci. USA 105,
17012–17017 (2008).
5. Srivastava, D. S., Cadotte, M. W., Macdonald, A. A. M., Marushia, R. G. &
Mirotchnick, N. Phylogenetic diversity and the functioning of ecosystems.
Ecol. Lett. 15, 637–648 (2012).
6. Cadotte, M. W. Phylogenetic diversity and productivity: gauging
interpretations from experiments that do not manipulate phylogenetic
diversity. Funct. Ecol. 29, 1603–1606 (2015).
7. Cadotte, M. W. Phylogenetic diversity–ecosystem function relationships are
insensitive to phylogenetic edge lengths. Funct. Ecol. 29, 718–723 (2015).
8. Davies, T. J., Urban, M. C., Rayfield, B., Cadotte, M. W. & Peres-Neto, P. R.
Deconstructing the relationships between phylogenetic diversity and ecology:
a case study on ecosystem functioning. Ecology 97, 2212–2222 (2016).
9. Venail, P. et al. Species richness, but not phylogenetic diversity, influences
community biomass production and temporal stability in a re-examination of
16 grassland biodiversity studies. Funct. Ecol. 29, 615–626 (2015).
10. Coelho de Souza, F. et al. Evolutionary heritage influences Amazon tree
ecology. Proc. R. Soc. B Biol. Sci. 283, 20161587 (2016).
11. Webb, C. O., Ackerly, D. D., Mcpeek, M. A. & Donoghue, M. J. Phylogenies
and community ecology. Annu. Rev. Ecol. Syst. 33, 475–505 (2002).
12. Webb, C. O. & Losos, A. E. J. B. Exploring the phylogenetic structure of
ecological communities: an example for rain forest trees. Am. Nat. 156,
145–155 (2000).
13. Chave, J. et al. Regional and phylogenetic variation of wood density across
2456 neotropical tree species. Ecol. Appl. 16, 2356–2367 (2006).
14. Baraloto, C. et al. Decoupled leaf and stem economics in rain forest trees.
Ecol. Lett. 13, 1338–1347 (2010).
15. Fauset, S. et al. Hyperdominance in Amazonian forest carbon cycling.
Nat. Commun. 6, 6857 (2015).
16. Faith, D. P. Conservation evaluation and phylogenetic diversity. Biol. Conserv.
61, 1–10 (1992).
17. Tucker, C. M. et al. A guide to phylogenetic metrics for conservation,
community ecology and macroecology. Biol. Rev. 92, 698–715 (2016).
18. Cadotte, M., Albert, C. H. & Walker, S. C. The ecology of differences:
assessing community assembly with trait and evolutionary distances.
Ecol. Lett. 16, 1234–1244 (2013).
19. Swenson, N. G. Phylogenetic resolution and quantifying the phylogenetic
diversity and dispersion of communities. PLoS ONE 4, e4390 (2009).
20. Honorio Coronado, E. N. et al. Phylogenetic diversity of Amazonian tree
communities. Divers. Distrib. 21, 1295–1307 (2015).
21. Ter Steege, H. et al. Hyperdominance in the Amazonian tree flora.
Science 342, 1243092 (2013).
22. Beer, C. et al. Terrestrial gross carbon dioxide uptake: global distribution and
covariation with climate. Science 329, 834–838 (2010).
23. Malhi, Y. et al. The regional variation of aboveground live biomass in
old-growth Amazonian forests. Glob. Change Biol. 12, 1107–1138 (2006).
24. Forest, F. et al. Preserving the evolutionary potential of floras in biodiversity
hotspots. Nature 445, 757–760 (2007).
25. Quesada, C. A. et al. Basin-wide variations in Amazon forest structure
and function are mediated by both soils and climate. Biogeosciences 9,
2203–2246 (2012).
26. Sullivan, M. J. P. et al. Diversity and carbon storage across the tropical forest
biome. Sci. Rep. 7, 39102 (2017).
27. Hijmans, R. J., Cameron, S. E., Parra, J. L., Jones, P. G. & Jarvis, A. Very high
resolution interpolated climate surfaces for global land areas. Int. J. Climatol.
25, 1965–1978 (2005).
Nature Ecology & Evolution | www.nature.com/natecolevol

Articles
28. Quesada, C. A. et al. Variations in chemical and physical properties
of Amazon forest soils in relation to their genesis. Biogeosciences 7,
1515–1541 (2010).
29. Chave, J. et al. Towards a worldwide wood economics spectrum. Ecol. Lett.
12, 351–366 (2009).
30. Voskamp, A., Baker, D. J., Stephens, P. A., Valdes, P. J. & Willis, S. G. Global
patterns in the divergence between phylogenetic diversity and species
richness in terrestrial birds. J. Biogeogr. 44, 709–721 (2017).
31. Dexter, K. & Chave, J. Evolutionary patterns of range size, abundance and
species richness in Amazonian angiosperm trees. PeerJ 4, e2402 (2016).
32. Baraloto, C. et al. Using functional traits and phylogenetic trees to examine
the assembly of tropical tree communities. J. Ecol. 100, 690–701 (2012).
33. Magurran, A. E. Measuring Biological Diversity (Blackwell Science, 2004).
34. Reich, P. B. Key canopy traits drive forest productivity. Proc. R. Soc. B Biol.
Sci. 279, 2128–2134 (2012).
35. Williams, L. J., Paquette, A., Cavender-Bares, J., Messier, C. & Reich, P. B.
Spatial complementarity in tree crowns explains overyielding in species
mixtures. Nat. Ecol. Evol. 1, 0063 (2017).
36. Jucker, T., Bouriaud, O. & Coomes, D. A. Crown plasticity enables
trees to optimize canopy packing in mixed-species forests. Funct. Ecol. 29,
1078–1086 (2015).
37. Pretzsch, H. Canopy space filling and tree crown morphology in mixedspecies stands compared with monocultures. For. Ecol. Manage. 327,
251–264 (2014).
38. Goodman, R. C., Phillips, O. L. & Baker, T. R. The importance of crown
dimensions to improve tropical tree biomass estimates. Ecol. Appl. 24,
680–698 (2014).
39. Goodman, R. C., Phillips, O. L. & Baker, T. R. Dryad Data from: The
importance of crown dimensions to improve tropical tree biomass estimates.
Dryad Digital Repository https://doi.org/10.5061/dryad.p281g (2013).
40. Parker, I. M. et al. Phylogenetic structure and host abundance drive disease
pressure in communities. Nature 520, 542–544 (2015).
41. Gilbert, G. S. & Parker, I. M. The evolutionary ecology of plant disease:
a phylogenetic perspective. Annu. Rev. Phytopathol. 54, 549–578 (2016).
42. Fine, P. V., Mesones, I. & Coley, P. D. Herbivores promote
habitat specialization by trees in Amazonian forests. Science 305,
663–665 (2004).
43. Forrister, D. L., Endara, M.-J., Younkin, G. C., Coley, P. D. & Kursar, T. A.
Herbivores as drivers of negative density dependence in tropical forest
saplings. Science 363, 1213–1216 (2019).
44. Eichenberg, D. et al. Impacts of species richness on productivity in
a large-scale subtropical forest experiment. Science 362, 80–83 (2018).
45. Satdichanh, M. et al. Phylogenetic diversity correlated with above-ground
biomass production during forest succession: evidence from tropical forests
in Southeast Asia. J. Ecol. 107, 1419–1432 (2018).
46. Cavanaugh, K. C. et al. Carbon storage in tropical forests correlates
with taxonomic diversity and functional dominance on a global scale.
Glob. Ecol. Biogeogr. 23, 563–573 (2014).
47. Poorter, L. et al. Diversity enhances carbon storage in tropical forests.
Glob. Ecol. Biogeogr. 24, 1314–1328 (2015).
48. Sande, M. T. et al. Biodiversity in species, traits, and structure determines
carbon stocks and uptake in tropical forests. Biotropica 49, 593–603 (2017).
49. Johnson, M. O. et al. Variation in stem mortality rates determines patterns of
above-ground biomass in Amazonian forests: implications for dynamic global
vegetation models. Glob. Change Biol. 22, 3996–4013 (2016).
50. Chao, K. J. et al. Growth and wood density predict tree mortality in Amazon
forests. J. Ecol. 96, 281–292 (2008).
51. Lopez-Gonzalez, G., Lewis, S. L., Burkitt, M. & Phillips, O. L. ForestPlots.net:
a web application and research tool to manage and analyse tropical forest plot
data. J. Veg. Sci. 22, 610–613 (2011).
52. Lopez-Gonzalez G., Simon L. L., Mark B., Baker P. J. & Oliver L. P.
ForestPlots.net (2009); www.forestplots.net
53. Forrestel, E. J. et al. Different clades and traits yield similar grassland
functional responses. Proc. Natl Acad. Sci. USA 114, 705–710 (2017).
54. Dexter, K. G. et al. Dispersal assembly of rain forest tree communities across
the Amazon basin. Proc. Natl Acad. Sci. USA 114, 2645–2650 (2017).
55. Boyle, B. et al. The taxonomic name resolution service: an online tool for
automated standardization of plant names. BMC Bioinformatics 14, 16 (2013).
56. Gonzalez, M. A. et al. Identification of Amazonian trees with DNA barcodes.
PLoS ONE 4, e7483 (2009).
57. Lewis, S. L. et al. Tropical forest tree mortality, recruitment and turnover
rates: calculation, interpretation and comparison when census intervals vary.
J. Ecol. 92, 929–944 (2004).
58. Talbot, J. et al. Methods to estimate aboveground wood productivity from
long-term forest inventory plots. For. Ecol. Manage. 320, 30–38 (2014).
59. Lewis, S. L. et al. Increasing carbon storage in intact African tropical forests.
Nature 457, 1003–1006 (2009).
60. Chave, J. et al. Improved allometric models to estimate the aboveground
biomass of tropical trees. Glob. Change Biol. 20, 3177–3190 (2014).

Articles
61. Zanne, A. E. et al. Dryad Data from: Towards a worldwide wood economics
spectrum. Dryad Digital Repository https://doi.org/10.5061/dryad.234 (2009).
62. Feldpausch, T. R. et al. Height–diameter allometry of tropical forest trees.
Biogeosciences 8, 1081–1106 (2011).
63. Benjamini, Y. & Hochberg, Y. Controlling the false discovery rate:
a practical and powerful approach to multiple testing. J. R. Stat. Soc. Ser. B
57, 289–300 (1995).
64. Ter Steege, H. et al. Continental-scale patterns of canopy tree composition
and function across Amazonia. Nature 443, 444–447 (2006).
65. Kutner, M., Nachtsheim, C., Neter, J. & Li, W. Applied Linear Statistical
Models (McGraw-Hill/Irwin, 2004).
66. Kim, S. ppcor: An R package for a fast calculation to semi-partial correlation
coefficients. Commun. Stat. Appl. Methods 22, 665–674 (2015).
67. R. Development Core Team R: A Language and Environment for Statistical
Computing (R Foundation for Statistical Computing, 2014).
68. Dixon, P. VEGAN, a package of R functions for community ecology.
J. Veg. Sci. 14, 927–930 (2009).
69. Kembel, S. W. et al. Picante: R tools for integrating phylogenies and ecology.
Bioinformatics 26, 1463–1464 (2010).
70. Lopez-Gonzalez, G., Sullivan, M. & Baker, T. BiomasaFP: tools for analysing
data downloaded from ForestPlots.net. R package version 1.1 https://rdrr.io/
github/ForestPlots/BiomasaFP/ (2015).
71. Pinheiro, J. et al. nlme: linear and nonlinear mixed effects models.
R package version 3.1-128 https://cran.r-project.org/web/packages/nlme/
index.html (2016).
72. Eva, H. D. et al. The land cover map for South America in the year 2000.
GLC2000 Database (European Commission, Joint Research Centre, 2003);
https://forobs.jrc.ec.europa.eu/products/glc2000/glc2000.php

Acknowledgements

This paper is a product of the project ‘Niche Evolution of South American Trees’ (funded
by NERC; NE/I028122/1), RAINFOR (the Amazon Forest Inventory Network) and
ForestPlots.net (www.ForestPlots.net). Phylogenetic data were generated by the Niche
Evolution of South American Trees project; forest inventory data were generated by
the RAINFOR network and curated by ForestPlots.net. RAINFOR and ForestPlots.
net have been supported by the Gordon and Betty Moore Foundation, the European
Union’s Seventh Framework Programme projects 283080 (GEOCARBON) and
282664 (AMAZALERT), ERC grant ‘Tropical Forests in the Changing Earth System’,
Natural Environment Research Council Urgency, Consortium and Standard grants

NATUre EcOlOgy & EvOlUTiOn
‘AMAZONICA’ (NE/F005806/1), ‘TROBIT’ (NE/D005590/1) and ‘Niche Evolution
of South American Trees’ (NE/I028122/1), and ‘BIO-RED’ (NE/N012542/1). F.C.d.S.
was supported by a PhD scholarship from the Coordination for the Improvement of
Higher Education Personnel (Brazil; 117913-6). K.G.D. was supported by a Leverhulme
International Academic Fellowship. O.L.P. was supported by an ERC Advanced Grant
and is a Royal Society Wolfson Research Merit Award holder. R.T.B. acknowledges
support from a Leverhulme Trust Research Fellowship (RF-2015-653). This paper is 772
in the Technical Series of the Biological Dynamics of Forest Fragments Project (BDFFPINPA/STRI). We thank J. Lloyd and C. A. Quesada for comments on the manuscript.
J. Lloyd helped conceived the RAINFOR forest census plot network. We also
acknowledge A. Clark for laboratory work to generate new DNA sequences.

Author contributions

F.C.d.S., R.T.B. and K.G.D. conceived the study. F.C.d.S., R.T.B., O.L.P. and K.G.D.
designed the study. F.C.d.S., K.G.D. and R.T.B. produced the phylogeny. F.C.d.S. analysed
the data and wrote the paper. All co-authors collected field data or managed data. O.L.P.
and Y.M. conceived the RAINFOR forest census plot network. K.G.D., O.L.P., R.T.P.,
D.N., M.J.P.S., E.Á.-D., A.Alves, I.A., A.Andrade, L.E.O.C.A., A.A.-M., E.J.M.M.A.,
L.A., G.A.A.C., O.B., C.B., J.G.B., R.G.A.B., R.J.W.B., F.B., J.L.C.C., W.C., J.C., A.C.,
J.A.C., F.C.-V., A.L.d.C., P.B.d.C., A.D.F., T.R.F., D.R.G., E.G., R.C.G., M.G., R.H., N.H.,
E.N.H.C., E.J.-R., T.J.K., S.L., W.F.L., G.L.-G., T.E.L., Y.M., B.S.M., B.H.M.-J., C.M.,
A.M.-M., D.A.N., P.N.V., M.C.P.M., G.C.P., J.J.P., N.C.A.P., L.P., A.P., F.R., A.Roopsind,
A.Rudas, R.P.S., N.S., M.S., J.Singh, J.Stropp, H.t.S., J.T., R.T.-C., R.K.U., R.V.V., I.C.-V.,
S.A.V., V.A.V., R.J.Z. and R.T.B. commented and/or approved the manuscript.

Competing interests

The authors declare no competing interests.

Additional information

Supplementary information is available for this paper at https://doi.org/10.1038/
s41559-019-1007-y.
Correspondence and requests for materials should be addressed to F.C.
Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
© The Author(s), under exclusive licence to Springer Nature Limited 2019

School of Geography, University of Leeds, Leeds, UK. 2School of Geosciences, University of Edinburgh, Edinburgh, UK. 3Royal Botanic Garden Edinburgh,
Edinburgh, UK. 4Geography Department, College of Life and Environmental Sciences, University of Exeter, Exeter, UK. 5Department of Botany, Federal
University of Minas Gerais, Belo Horizonte, Brazil. 6Escuela de Ciencias Agropecuarias y Ambientales, Universidad Nacional Abierta y a Distancia,
Sede José Celestino Mutis, Bogotá, Colombia. 7Projeto TEAM—Manaus, Instituto Nacional de Pesquisas da Amazônia, Manaus, Brazil. 8Biological Dynamics
of Forest Fragment Project, INPA and STRI, Manaus, Brazil. 9National Institute for Space Research, São José dos Campos, Brazil. 10Museo de Historia Natural
Noel Kempff Mercado, Universidad Autonoma Gabriel Rene Moreno, Santa Cruz, Bolivia. 11Wageningen Environmental Research, Wageningen University
and Research, Wageningen, the Netherlands. 12UNELLEZ-Guanare, Programa del Agro y del Mar, Herbario Universitario PORT, Mesa de Cavacas,
Venezuela. 13Naturalis Biodiversity Center, Leiden, the Netherlands. 14International Center for Tropical Botany, Department of Biological Sciences, Florida
International University, Miami, FL, USA. 15Universidade Federal do Acre, Rio Branco, Brazil. 16Tropenbos International, Wageningen, the Netherlands.
17
Woods Hole Research Center, Boston, MA, USA. 18Programa de Pós-Graduação em Ecologia e Manejo de Recursos Naturais, Universidade Federal
do Acre, Rio Branco, Brazil. 19Laboratoire Evolution et Diversité Biologique, Université Toulouse III Paul Sabatier, Toulouse, France. 20Jardín Botánico
de Medellín Joaquín Antonio Uribe, Medellin, Colombia. 21National Park Service, Fredericksburg, VA, USA. 22Smithsonian Institution, Washington DC,
USA. 23Proyecto Castaña, Madre de Dios, Peru. 24Centro de Geociencias, Universidade Federal do Para, Belem, Brazil. 25Centro de Energia Nuclear na
Agricultura, Universidade de São Paulo, São Paulo, Brazil. 26Department of Anthropology, University of Texas at Austin, Austin, TX, USA. 27Department of
Forest Ecology and Management, Swedish University of Agricultural Sciences, Umeå, Sweden. 28Centro de Ecología, IVIC, Caracas, Venezuela. 29Institut
für Geographie und Regionalforschung, Univerity of Vienna, Vienna, Austria. 30Instituto Nacional de Pesquisas da Amazônia, Manaus, Brasil. 31Instituto
de Investigaciones de la Amazonia Peruana, Iquitos, Peru. 32Universidad Nacional de Colombia, Bogotá, Colombia. 33GTECA—Amazonica, Santa Cruz,
Bolivia. 34Centre for Tropical Environmental and Sustainability Science and College of Science and Engineering, James Cook University, Cairns, Queensland,
Australia. 35Environmental Science and Policy Department, George Mason University, Washington DC, USA. 36Environmental Change Institute, School of
Geography and the Environment, University of Oxford, Oxford, UK. 37Universidade do Estado de Mato Grosso, Nova Xavantina, Brazil. 38Unidad Académica
del Trópico, Escuela de Ciencias Forestales, Universidad Mayor de San Simón, Sacta, Bolivia. 39Jardín Botánico de Missouri, Pasco, Peru. 40Facultad de
Ingeniería Ambiental, Universidad Estatal Amazónica, Puyo, Ecuador. 41Universidad Nacional San Antonio Abad del Cusco, Cusco, Peru. 42Universidad
Regional Amazónica Ikiam, Tena, Ecuador. 43Broward County Parks and Recreation Division, Davie, FL, USA. 44Center for Tropical Conservation, Duke
University, Durham, NC, USA. 45Forest Ecology and Forest Management Group, Wageningen University and Research, Wageningen, the Netherlands.
46
Instituto de Ciencias Naturales, Universidad Nacional de Colombia, Bogota, Colombia. 47Universidad Nacional de la Amazonía Peruana, Iquitos, Peru.
48
Department of Biological Sciences, Boise State University, Boise, ID, USA. 49Museu Paraense Emilio Goeldi, Belém, Brazil. 50Universidade Federal Rural da
Amazônia, Belém, Brasil. 51Museu Universitário, Centro de Ciências Biológicas e da Natureza, Universidade Federal do Acre, Rio Branco, Brazil. 52Guyana
Forestry Commission, Georgetown, Guyana. 53Institute of Biological and Health Sciences, Federal University of Alagoas Maceio, Maceio, Brazil. 54Systems
Ecology, Vrije Universiteit, Amsterdam, the Netherlands. 55Department of Biology and Florida Museum of Natural History, University of Florida, Gainesville,
FL, USA. 56School of Science and Engineering, James Cook University, Cairns, Queensland, Australia. 57Iwokrama International Centre for Rainforest
Conservation and Development, Georgetown, Guyana. 58Núcleo de Estudos e Pesquisas Ambientais, Universidade Estadual de Campinas, Campinas,
Brazil. 59Centro de Investigación y Promoción del Campesinado—Regional Norte Amazónico, Riberalta, Bolivia. 60Universidad Autónoma del Beni,
Riberalta, Bolivia. *e-mail: fecoelhos@gmail.com
1

Nature Ecology & Evolution | www.nature.com/natecolevol

Last updated by author(s): 22/08/2019

Reporting Summary
Nature Research wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Research policies, see Authors & Referees and the Editorial Policy Checklist.

Statistics

nature research | reporting summary

Corresponding author(s): Fernanda Coelho de Souza

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
n/a Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons
A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)
For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated
Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code
Data collection
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Data analysis

- Multiple DNA sequence alignments, were conducted using MAFFT (v.6.8226) followed by manual adjustments in Mesquite;
- To generate a maximum likelihood tree, rbcL and matK sequences were combined using RAxML v.7.2.7 on the Cipres server (https://
www.phylo.org);
- Bayesian Markov Chain Monte Carlo (MCMC) was conducted using BEAST (v.1.8.2) on the CIPRES server;
- Branch-lengths and divergence times were assigned using TreeAnnotator;
- Taxonomic diversity metrics were calculated using vegan package (v. 2.0-1.0) in the R statistical software (v. 3.1.1);
- Phylogetneic diversity metrics were calculates using picante package (v. 1.6-2) in R;
- Aboveground biomass and wood productivity were calculated using BiomsaFP package (v. 1.1) in R;
- Generalised Least Square models were conducted using nlme package (v. 3.1-117) in R;
- Model selection was conducted using MuMIn package (v. 1.15.1) in R;
- Partial correlation analyses were conducted using ppcor (v. 1.0) in R.
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A list of figures that have associated raw data
- A description of any restrictions on data availability
Once the paper is accepted the permanently archived data package of the plot-level diversity, aboveground biomass, wood productivity and the genus-level
phylogeny will be available from https://www.forestplots.net/pt/produtos.
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Ecological, evolutionary & environmental sciences study design
All studies must disclose on these points even when the disclosure is negative.
Study description

We used a newly constructed pan-Amazon phylogeny including 526 genera based on two chloroplast DNA gene regions and 90 longterm monitoring plots across Amazonia to investigate the relationships between tree diversity and ecosystem function. This study
provides the first evidence that evolutionary diversity is related to wood productivity at large spatial scales in natural ecosystems,
suggesting that there is a synergy between preserving diverse forests that encompass greater evolutionary heritage and protecting
ecosystem function.

Research sample

Plots were all 1 ha in size (except for two plots of 0.96 ha) and located in structurally intact and old-growth closed-canopy forest.

Sampling strategy

We used all 90 inventory plots from lowland moist forests on well-drained soils across the Amazon Basin.

Data collection

Forest plots were established between 1975-2010 and were all monitored for at least two years, with regular recensuses and a mean
total monitoring period of 16.1 years. All trees and palms with diameter at breast height (dbh) greater than 10 cm were included in
the analyses, records of tree mortality and identifications of recruits were conducted using uniform and standardized protocols.
Data were extracted from the ForestPlots.net database, which curates tree-by-tree records.

Timing and spatial scale Plots were established between 1975-2010, monitored for at least 2 years and all 1 ha in size (except for two plots of 0.96).
Data exclusions

Our analyses were restricted to continuous lowland, terra firme, moist Amazonian forests and restricted to a single biome with
relatively coherent pool of genera with similar evolutionary stories and ability to disperse and mix across Amazonia over geological
timescales. We excluded plots in montane, swamp, seasonally dry, white-sand and savannas.

Reproducibility

All attempts to repeat the analyses were successful.

Randomization

We included environmental variables as covariates in our Generalized Least Square models.

Blinding

Blinding was not used in this study as it is not appropriate in a large-scale ecological study such as this.

Did the study involve field work?

Yes

No

Field work, collection and transport
This study was conducted in structurally intact and old-growth closed-canopy forest with mean annual temperature varying from
23.8 to 27.2 Celsius degrees and cumulative watter deficit from 0 to - 473.4.

Location

Forest plots were all located in Amazonia lowland old-growth forests, please see Appendix 1 for detailed information.

Access and import/export

Fieldwork in Amazonia has been conducted by, and in collaboration with, many South American institutions over many years to
generate the long-term inventory record, in compliance with appropriate national laws. Permits for fieldwork iclude: Peru, from
the Peruvian Protected Areas Authorithy (SERNANP), permits 001-2011, 008-2013, 021-2014; from the Peruvian Forest Service
(SERFOR) permits 0198-2011, 0148-2012, 383-2012, 077-2014; Bolivia, from Ministerio de Medio Ambiente y Agua (MMAyA)
permit (026/2009); and Brazil, from the Brazilian Research Council (CNPq) permit (00048/2013-5).

Disturbance

No disturbance were caused by the study.
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Materials & experimental systems

Methods

n/a Involved in the study

n/a Involved in the study

Antibodies

ChIP-seq

Eukaryotic cell lines

Flow cytometry

Palaeontology

MRI-based neuroimaging

Animals and other organisms
Human research participants
Clinical data
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