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Plant diversity increases with the
strength of negative density
dependence at the global scale

Theory predicts that higher biodiversity in the tropics is maintained by specialized
interactions among plants and their natural enemies that result in conspecific
negative density dependence (CNDD). By using more than 3000 species and nearly
2.4 million trees across 24 forest plots worldwide, we show that global patterns
in tree species diversity reflect not only stronger CNDD at tropical versus temperate
latitudes but also a latitudinal shift in the relationship between CNDD and species
abundance. CNDD was stronger for rare species at tropical versus temperate latitudes,
potentially causing the persistence of greater numbers of rare species in the tropics.
Our study reveals fundamental differences in the nature of local-scale biotic interactions
that contribute to the maintenance of species diversity across temperate and
tropical communities.

O

ne of the most prominent and ubiquitous
patterns of life on Earth is the systematic
increase in species diversity from temperate to tropical latitudes (1). For nearly
half a century, ecologists have hypothesized that higher species diversity in the tropics

is maintained by negative density–dependent
interactions among species and their specialized natural enemies (2–6). Conspecific negative density dependence (CNDD) is the process
by which population growth rates decline at high
densities as a result of natural enemies (e.g.,
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predators, pathogens, or herbivores) and/or competition for space and resources (2–4, 7). Numerous studies have documented the existence of
CNDD in one or several plant species (8–12), and
most of these studies explicitly or implicitly assume that stronger CNDD maintains higher species diversity in communities. However, only
a handful of studies have explicitly examined
the link between CNDD and species diversity
(4, 11, 13, 14), and no study has examined this
relationship across temperate and tropical latitudes. Despite decades of study, our understanding of how processes at local scales—such as
density-dependent biotic interactions—influence
global patterns of biodiversity remains in flux
(1, 15).
Both species-specific and more generalized
mechanisms can cause CNDD, but only CNDD
caused by species-specific mechanisms can maintain diversity (2, 3, 16, 17). Species-specific causes
of CNDD include intraspecific competition or pressure from host-specific natural enemies (6, 9, 10, 16).
These specialized interactions stabilize populations of individual species, causing population
growth rates to decrease when a species is locally
common and increase when a species is locally
rare (6, 9, 10, 17). Thus, CNDD caused by specialized interactions results in the maintenance
of diversity via negative frequency dependence at
local scales (17–19). However, negative density
dependence may also result from interactions
that are more generalized with respect to species
identity, such as interspecific competition or pressure from generalist natural enemies (6, 16, 20). In
this case, high densities of either conspecifics or
heterospecifics similarly reduce population growth
rates of a given species, and one or a few betterperforming species could exclude others (6, 16, 20).
Thus, negative effects of conspecific densities
on the recruitment or survival of a given species (i.e., CNDD) are expected to maintain diversity only when they are stronger relative to
any negative effects from heterospecific densities [hereafter, heterospecific negative density
dependence (HNDD)] (17). Increases in CNDD
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Fig. 1. Species richness increased with the strength of conspecific
negative density dependence (CNDD) across tropical and
temperate forests. (A) World map of stem-mapped forest plots
(n = 24 forest plots) examined, which are part of the Smithsonian
Center for Tropical Forest Science–Forest Global Earth Observatory
(CTFS-ForestGEO) network. The median strength of CNDD measured
at (B) 10-m–by–10-m and (C) 20-m–by–20-m scales declined
(lower values indicate stronger CNDD) with increasing distance from the
equator. Forest-wide rarefied species richness increased across latitudes
with the median strength of CNDD measured at (D) 10-m–by–10-m or
LaManna et al., Science 356, 1389–1392 (2017)
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(E) 20-m–by–20-m scales. Patterns were similar for observed (nonrarefied)
species richness and diversity (figs. S1 and S2). Density dependence was
estimated with the Ricker model, but qualitatively similar results were
obtained using another functional form (25) (figs. S5 and S6). Numbers
next to plots (at right) are observed and rarefied species richness,
respectively, of live trees. Plots are colored by increasing distance from the
equator. Lines are best fits from linear [(B) and (C)] or Poisson [(D) and
(E)] regression, and correlation coefficients (r) are from Spearman-rank
tests. BCI, Barro Colorado Island; SERC, Smithsonian Environmental
Research Center; SCBI, Smithsonian Conservation Biology Institute.

2 of 4

R ES E A RC H | R E PO R T

relative to HNDD indicate greater specificity of
the mechanisms underlying CNDD and are expected to maintain higher levels of species diversity (9, 10, 17–19).
The relative strength of CNDD can also vary
among common and rare species in a community (9, 10), with important implications for the
maintenance of diversity across latitudes. A notable feature of many tropical communities is that
they harbor extremely large numbers of rare species (1). Assuming that CNDD is stronger than
HNDD and limits local abundances of common
species, the maintenance of diversity may depend
on the degree to which populations of rare species are stabilized by CNDD. First, strong CNDD
caused by host-specific enemies or intraspecific
competition can reduce extinction risk by stabilizing the population dynamics of rare species
(10, 18, 21, 22), leading to the persistence of
greater numbers of rare species in a commuLaManna et al., Science 356, 1389–1392 (2017)

nity. For example, strong CNDD caused by soilborne pathogens may allow tropical tree species
to recover from low population density (23).
These types of specialized interactions may not
only explain why so many species are rare in
the tropics (9, 10) but also why large numbers
of rare species persist in tropical communities.
In contrast, weak (or nonexistent) CNDD for rare
species will not favor their recovery from very
low densities, making these species more prone
to local extinction from interspecific competition,
generalist natural enemies, or demographic stochasticity (16, 18, 20) and potentially resulting in
the erosion of diversity. Individual studies in either
temperate or tropical latitudes have found evidence for stronger CNDD in either common or rare
species (9, 10, 13, 14, 24). A global test of these
alternatives would advance our understanding
of the extent to and mechanisms by which CNDD
contributes to the latitudinal-diversity gradient.

30 June 2017

3 of 4

Downloaded from http://science.sciencemag.org/ on July 2, 2017

Fig. 2. Latitudinal shift in the strength of CNDD among common and rare species. Slopes
and best-fit linear regression lines (±95% confidence interval) between species abundance
[measured by basal area (square meters per hectare)] and CNDD measured at the
(A) 10-m–by–10-m and (B) 20-m–by–20-m scales across species within each forest plot
(n = 24 forest plots). Because lower values of CNDD reflect stronger CNDD, positive slopes
indicate stronger CNDD for rare as compared with common species, and negative slopes
indicate stronger CNDD for common versus rare species. (C) The median strength of CNDD
for rare species (species with basal area less than 0.1 m2/ha) was stronger at tropical than at
temperate latitudes. CNDD for rare species is shown at the 10-m–by–10-m scale, but results
were similar at the 20-m–by–20-m scale. For (A) to (C), plots are colored as in Fig. 1. (D) Best-fit
linear regression relationships between the strength of CNDD (measured at the 10-m–by–10-m
scale) and species abundance (square meters per hectare) within each forest plot (n = 24 forest
plots) (table S8). Colors in (D) represent the latitudinal band a forest plot occupies, from
tropical (red) to temperate (blue) latitudes. Species abundance is shown on a log scale.
Density dependence was estimated with the Ricker model, but qualitatively similar results
were found using another functional form (25) (fig. S7). Test statistics in (A) and (B) are Pearson
correlation coefficients (r) from linear regression models, and the statistic in (C) is from a
Spearman-rank test.

We tested the contribution of CNDD to changes
in tree species diversity across temperate and tropical latitudes by using 24 globally distributed
forest plots (Fig. 1A and tables S1 and S2) that are
part of the Smithsonian Center for Tropical Forest
Science–Forest Global Earth Observatory (CTFSForestGEO) network (25). In each large plot (mean
size ± SD = 27.5 ± 13.7 ha, range = 4 to 50 ha), all
stems ≥1 cm in diameter at breast height have
been mapped, measured, and identified using
standardized protocols (table S1) (25). For each
plot, we measured species richness and diversity
(Shannon diversity index), as well as rarefied species richness (species richness given a standardized
number of individuals) to account for differences
in plot size and total numbers of individuals (25).
We measured the effects of CNDD and HNDD on
sapling recruitment at both the 10-m–by–10-m
and 20-m–by–20-m scales because effects of adult
trees on younger trees decline with distance
(14, 25, 26). By including heterospecific adult
and sapling densities in our models, we explicitly
measured the influence of increasing heterospecific densities on local sapling recruitment. Then,
to quantify CNDD for each species in each plot,
we measured the degree to which increasing adult
conspecific densities suppress local recruitment of
saplings, independent from the effects of heterospecific densities (25). Thus, we isolated conspecific density effects (CNDD) relative to heterospecific
effects (HNDD) (14, 25). We compared the relative magnitude of CNDD to HNDD to evaluate
the extent to which CNDD is caused by speciesspecific mechanisms and the degree to which it
is expected to maintain diversity (17). In addition,
differences in tree densities, measurement error,
and dispersal rates across forest plots might bias
estimates of CNDD (27). Although simulation
tests indicated that our results are generally robust to these potential biases (25), we used nonparametric Spearman-rank correlation tests to
accommodate potential biases in our estimates
of CNDD across latitudes.
The strength of CNDD declined with increasing distance from the equator (Fig. 1, B and C).
Moreover, rarefied species richness (Figs. 1, D and
E, and tables S3 to S6), nonrarefied species richness (figs. S1 and S2), and Shannon diversity (figs.
S1 and S2) all increased with the strength of CNDD
across temperate and tropical forests. The relationship between rarefied species richness and
CNDD was equally strong whether CNDD was
measured at the 10-m–by–10-m (Fig. 1D) or 20-m–
by–20-m scale (Fig. 1E), indicating that CNDD
operating at the scale of local tree neighborhoods
can strongly contribute to large-scale diversity
gradients. In contrast, density dependence from
heterospecifics was relatively weak, nonexistent
(i.e., HNDD ≈ 0), or slightly positive (tables S3
and S4). Consequently, species richness and
diversity also increased with the relative strength
of CNDD to HNDD (table S7). Although differences in CNDD between eastern and western
hemispheres might influence our results (25), a
simple linear-regression model including both latitude and a binary variable for eastern and western hemispheres showed that the strength of
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ferences in the ways in which local biotic interactions maintain diversity in temperate and
tropical communities may contribute to the
persistence of greater numbers of species in
the tropics (1).
To confirm that these patterns were not influenced by differences in total numbers of individuals and/or species across forest plots, we
used a neutral model to simulate the expected
patterns of CNDD in the absence of density dependence. In this model, the observed total numbers of individuals and species were retained for
each plot, but spatial patterns determined by recruitment, mortality, and dispersal limitation were
all neutral with respect to species identity (25).
Relationships between measures of species diversity and CNDD, as well as between species
abundance and CNDD, across latitudes did not
qualitatively change with the use of standardized
effect sizes from this neutral model (table S9 and
fig. S3 and S4).
Several mechanisms could explain shifts in
CNDD across species and latitudes. First, stronger CNDD relative to HNDD at tropical versus
temperate latitudes suggests that species-specific
mechanisms, such as intraspecific competition for
limiting resources or pressure from specialized
enemies, might be stronger in the tropics (29, 30).
Second, strong dispersal limitation for both trees
and their specialized enemies can lead to more
intense host-enemy interactions or intraspecific
competition and might explain stronger CNDD
for rare species in the tropics (22, 31). Third,
stronger CNDD for rare as compared with common species at tropical latitudes may reflect
greater susceptibility of rare tropical species to
their specialized enemies (e.g., weaker defenses
or immune responses relative to common tropical
species) (32). Finally, differences in biogeographic
history, climate, and speciation across latitudes
likely have a direct influence on global patterns
of species diversity (1, 15), but these factors may
also influence diversity indirectly by altering the
composition of enemy communities, the ways in
which enemies interact with their hosts, and the
strength of intraspecific competition (1, 29, 30).
These examples illustrate that global patterns of
biodiversity cannot be understood without simultaneously considering local biotic interactions and regional processes (1, 15). Our results
suggest that regional processes interface with
local biotic interactions to determine the strength
of CNDD across species and the maintenance
of biodiversity across tropical and temperate
latitudes.
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effect (the negative effect of an increase in the number
of conspecific neighbors) that is species-specific and may
be due to life-history differences among species. This is
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common species experience lower recruitment or survival
on average because they encounter higher densities of
conspecific neighbors.
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CNDD still significantly decreased with latitude (at the 10-m–by–10-m scale: F1,22 = 16.16,
P < 0.001; at the 20-m–by–20-m scale: F1,22 =
25.28, P < 0.001) but did not differ between
eastern and western hemispheres (at the 10-m–
by–10-m scale: F1,22 = 0.013, P = 0.910; at the
20-m–by–20-m scale: F1,22 = 0.90, P = 0.354).
These results support the hypothesis that
stronger CNDD caused by species-specific
mechanisms—such as intraspecific competition or specialized host-enemy interactions—
contributes to higher diversity in the tropics
than at temperate latitudes (2, 3).
The strength of CNDD was also associated
with species abundance within forest communities, but the slope of this relationship changed
systematically across latitudes. As compared with
common species, rare species had stronger CNDD
in the tropics (Fig. 2, A and B, and table S8). At
temperate latitudes, in contrast, rare species had
similar—and in some cases weaker—CNDD relative to common species (Figs. 2, A and B, and
table S8). This latitudinal shift in the relationship between species abundance and CNDD was
largely driven by a strong increase in the mean
strength of CNDD for rare species (species with
basal area < 0.1 m2/ha) at tropical latitudes (Figs.
2, C and D). Because HNDD was relatively weak
compared with CNDD across latitudes and species (tables S3 and S4), the latitudinal shift in
the relationship between species abundance and
CNDD was qualitatively similar if the relative
strength of CNDD to HNDD was evaluated instead (at the 10-m–by–10-m scale: r = –0.560, P =
0.004; at the 20-m–by–20-m scale: r = –0.742, P <
0.001) (25).
Our global analysis is consistent with, and resolves apparent contradictions among, previous
studies conducted within temperate or tropical
latitudes documenting either stronger CNDD
for rare versus common species or vice versa
(9, 10, 14, 24). Common species exhibited CNDD
in both tropical and temperate forests (Fig. 2D),
satisfying a basic condition for CNDD to maintain
diversity (5, 28). However, our results from tropical forests suggest that even stronger densitydependent regulation of rare species may cause
their rarity and/or maintain diversity by stabilizing their population dynamics (9, 10, 18, 21, 22).
Two previous studies from one of the tropical
forest plots in our analysis (Barro Colorado Island,
Panama) have shown that species abundance
decreases with the strength of CNDD (9, 10).
Strong CNDD could also promote the persistence of rare species and reduce their risk of local
extinction from demographic stochasticity by allowing them to recover from low densities (e.g.,
by escaping their specialized enemies) (17, 18, 23).
Thus, stronger CNDD resulting from local biotic
interactions may prevent erosion of biodiversity
in tropical forests by limiting populations of common species and more strongly stabilizing populations of rare species. In contrast, our results
from temperate forests suggest that CNDD maintains diversity by limiting populations of common species, but not by strongly stabilizing
populations of rare species. These apparent dif-
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Maintaining tree diversity
Negative interaction among plant species is known as conspecific negative density dependence (CNDD). This
ecological pattern is thought to maintain higher species diversity in the tropics. LaManna et al. tested this hypothesis by
comparing how tree species diversity changes with the intensity of local biotic interactions in tropical and temperate
latitudes (see the Perspective by Comita). Stronger local specialized biotic interactions seem to prevent erosion of
biodiversity in tropical forests, not only by limiting populations of common species, but also by strongly stabilizing
populations of rare species, which tend to show higher CNDD in the tropics.
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Materials and methods:
Data
We used intensive survey data of woody-plant species from 24 large stem-mapped forest plots
that are part of the Smithsonian Center for Tropical Forest Science-Forest Global Earth
Observatory (CTFS-ForestGEO) network (33). These 24 forest plots spanned a latitudinal
gradient from 5.25° S to 48.66° N. Despite this large latitudinal range (53.9° of latitude), only
two forest plots were south of the equator and no forest plots were in the south-temperate zone
(below 23° S). Thus, our results and inferences may only apply to latitudinal-diversity gradients
among tropical and temperate latitudes in the northern hemisphere. All plots use identical
methodologies to map, tag, measure, and identify all woody-plant individuals ≥ 1 cm diameter at
breast height, or dbh (see Table S1 for summary statistics of plots; brief forest-type descriptions
are given in Table S2). CTFS-ForestGEO plots are censused at a large enough spatial extent to
accurately sample species richness (15). These censuses also survey and map smaller size
classes (1-10 cm dbh) whose recruitment is thought to be influenced by densities of neighboring
conspecific adults (12). We included data from live stems in the most recent complete census for
each plot. We classified stems as either adults or saplings for analyses. Saplings were defined as
trees smaller than 10 cm dbh. If this threshold resulted in fewer than 20% of individuals of a
given species being classified as adults, then the threshold was lowered to 5 cm dbh for those
species. Similarly, if a 5 cm dbh threshold for adults resulted in fewer than 20% of individuals
of a given species being classified as adults, then the threshold was lowered to 2 cm dbh for
those species. Such species represent small-stature understory species (e.g., shrubs & understory
trees) that never or rarely reach 10 cm dbh or 5 cm dbh respectively (34). Because stems smaller
than 1 cm dbh are not sampled under the standard CTFS-ForestGEO protocol, 2 cm dbh was the
lowest adult threshold size used. Adults were defined as individuals larger than the sapling size
class for each species. Lianas were removed for analyses of those plots that survey lianas.
Differences in average adult threshold size (2 cm, 5 cm, or 10 cm) were not associated with our
estimates of CNDD measured at the 10×10 m scale (Pearson correlation coefficient [hereafter rp]
= 0.095; p = 0.658) or the 20×20 m scale (rp = 0.123; p = 0.568) across forest plots.
Analyses
Species richness and diversity – For each plot, we calculated forest-wide species richness (the
total number of species in a forest plot), forest-wide rarefied species richness (rarefied to the
number of individuals in the forest plot with the lowest abundance, i.e. Yosemite with 7,083 live
individuals), forest-wide species diversity (Shannon diversity index), mean species richness per
20×20 m quadrat, mean rarefied species richness per 20×20 m quadrat (rarefied to 20 individuals
per quadrat because 95% of all quadrats across plots contained ≥20 individuals; observed species
richness was used for those quadrats with < 20 individuals), and mean local species diversity
(Shannon diversity index) per 20×20 m quadrat using the package ‘vegan’ in R (35, 36). These
data are shown for each plot in Table S1. We also calculated rarefied species richness per forest
plot based on area (instead of numbers of individuals; species richness was rarefied to a
standardized area of 4 ha). However, this area-based rarefied species richness was nearly
perfectly correlated with individual-based rarefied species richness (rp = 0.998; p < 0.001), so
only individual-based rarefied richness was used in analyses. Simple linear regression tests
showed that forest-wide species richness (r2 = 0.663, P < 0.001), rarefied richness (r2 = 0.680, P
< 0.001), and diversity (r2 = 0.631, P < 0.001) were all greatest in the tropics and decreased with
increasing distance from the equator.
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Conspecific and heterospecific density dependence with the Ricker model – We measured the
effects of CNDD and HNDD on sapling recruitment at two quadrat sizes: 10×10-m and 20×20m. We chose these quadrat sizes because effects of conspecific density can decay strongly
beyond distances of 10–20 m from a given adult tree in both tropical and temperate forests (26,
37). We measured CNDD and HNDD in 10×10 m and 20×20 m quadrats, rather than in 10 or 20
m radii around individual trees, because individuals occur in multiple overlapping circles around
trees, and such individual-based approaches involve pseudo-replication. In contrast, quadrats do
not overlap, and thus individuals were only included once in analyses at a given spatial scale
(10×10 m or 20×20 m). We estimated the effect of conspecific adult densities (i.e. CNDD) and
heterospecific adult and sapling densities (i.e. HNDD) on sapling recruitment for each tree
species with the Ricker model (38, 39). The Ricker model is a common function used to
measure density dependence (40) that allows for overcompensating density dependence (i.e.
recruitment that peaks at intermediate adult densities), a process thought to play an important
role in the maintenance of diversity (41). It also performs well at accurately and precisely
predicting known values of CNDD in simulation tests that incorporate multiple potential forms
of error (39). The Ricker model with negative binomial error takes the following form:
𝑆̂𝑖 = 𝐴𝑖 𝑒 (𝑟 + 𝐶𝑁𝐷𝐷 × 𝐴𝑖 + 𝐻𝑁𝐷𝐷𝑎𝑑𝑢𝑙𝑡 × 𝑎𝑖 +𝐻𝑁𝐷𝐷𝑠𝑎𝑝 × 𝑠𝑖 )
𝑆𝑖 ~ NegBin(𝑆̂𝑖 , 𝛾)

(1)

Where 𝑆̂𝑖 is the expected number of saplings of the focal species in quadrat i, Ai is the observed
number of conspecific adults of the focal species in quadrat i, r is the per-capita recruitment rate
for the focal species at low conspecific adult densities, CNDD is the per-capita effect of
conspecific adult density on sapling recruitment of the focal species, HNDDadult is the percapita effect of heterospecific adult density on sapling recruitment of the focal species, ai is the
observed number of heterospecific adults in quadrat i, HNDDsap is the per-capita effect of
heterospecific sapling density on sapling recruitment of the focal species, si is the observed
number of heterospecific saplings in quadrat i, Si is the observed number of saplings of the focal
species in quadrat i, and γ is the negative binomial overdispersion parameter for the focal
species. Lower (i.e. more negative) values of CNDD and HNDD indicate stronger conspecific
negative density dependence and heterospecific negative density dependence, respectively (Fig.
S8). Ricker models were estimated using R (package ‘gnm’) (35, 42), and R code for
implementing this model is included in the R scripts section below (R script 1).
The Ricker model assumes that if there are no conspecific adults in a quadrat, then there
should also be no saplings. This assumption is met in most cases (e.g. 96% and 92% of quadrats
with no conspecific adults also had no conspecific saplings at the 10×10 m and 20×20 m scales,
respectively). However, several quadrats contain saplings but do not contain conspecific adults,
likely reflecting seeds that dispersed across quadrats. Thus, the per-capita influence of
conspecific adults on these quadrats is not truly zero, but somewhere between zero and one. This
data is useful to include when estimating conspecific density dependence, as these samples
reflect successful establishment and survival of saplings in the absence of the generally negative
influence of a neighboring conspecific adult (e.g. negative effects of specialized pathogens or
insect herbivores that thrive near a conspecific adult tree). To ensure that this data was not
excluded from our estimates of density dependence, we assumed that these plots did not have a
true zero value for per-capita influence of conspecific adults (at least one seed, and likely more,
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must have arrived from a conspecific parent tree in another area). Instead, we assigned quadrats
that contained conspecific saplings but no conspecific adults a minimal non-zero conspecific
adult abundance of 0.1 to reflect a greater than zero but less than one per-capita influence of
conspecific adults (i.e. seed dispersal) in that quadrat (see Simulation tests section below for
further discussion and evaluation of this offset value). Results were qualitatively similar if
saplings present in quadrats without conspecific adults were excluded, but we present results that
include these data.
We used numerical densities for adults and sapling densities as used in previous studies
(4, 14), but conspecific adult densities were nonetheless correlated with conspecific basal areas
in each forest plot (mean rp across 24 plots = 0.55, mean P across 24 plots < 0.00001). Likewise,
densities of heterospecific adults were correlated with their basal area in each forest plot (mean r
across 24 plots = 0.54, mean P across 24 plots < 0.00001).
We did not examine the influence of conspecific sapling density on conspecific sapling
recruitment because these are the same variable and perfectly correlated, violating basic
assumptions of regression models (40). Negative effects from conspecific adults were originally
hypothesized to cause CNDD (2, 3). However, conspecific adult densities in this analysis reflect
not only conspecific adult densities but also the associated densities of conspecific seeds,
seedlings, and saplings with which existing conspecific saplings interacted with while recruiting.
Indeed, a previous analysis of one of the forest plots in this study (Tyson Research Center,
Missouri, USA) found strong correlations between conspecific adult and seed densities (14).
Model residuals were visually checked to assure adequate model fit to the data. Model
residuals were not correlated with conspecific adult densities at the 10×10 m scale (mean rp
across species = -0.103) nor at the 20×20 m scale (mean rp across species = -0.082). Spatial
proximity of quadrats within a forest plot may have yielded spatial auto-correlation in our
models for CNDD. To assess this possibility, we calculated mean Mantel correlations between
model residuals for each species and geographic distance matrices for each plot using the
‘mantel.test’ function in R package ‘ade4’ (35, 43). These analyses indicated very low spatial
auto-correlation between model residuals and spatial distance (Table S10).
To assess the strength of density dependence in each forest plot, we calculated both
median and mean values of r, CNDD, HNDDadult, and HNDDsap across species in each forest
plot. Mean values for each forest plot were weighted by the inverse standard error of individual
species estimates (1/SE of the estimate). Median and mean values of all variables were highly
correlated (r > 0.80), and results using median and mean values of CNDD and HNDD were
qualitatively similar, so only results using median values are shown. Before calculating median
and mean CNDD for each plot, we first removed the rarest species (i.e. those with adults or
saplings occupying fewer than 10 quadrats). CNDD estimates (relationships between
conspecific adult and sapling densities) for species whose adults and saplings occupy fewer than
10 quadrats are unreliable due to small sample sizes and can unduly influence the median and
mean estimates of CNDD across species for each plot, especially in plots with relatively few
species. We also removed those species with substantial error in their estimates of CNDD,
which indicates the model was unable to estimate CNDD for these species. Specifically, we
removed species with an estimated standard error (SE) of CNDD greater than 100 (all remaining
species had an estimated CNDD SE below 6, with a mean SE = 0.18 and a median SE = 0.09).
However, the proportion of species removed from each plot due to low sample size or model
inability to estimate CNDD did not change with increasing distance from the equator at the
10×10 m scale (rp = -0.251, P = 0.237) or the 20×20 m scale (rp = 0.107, P = 0.618). In addition,
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results were qualitatively similar using data from all species in a hierarchical model (see
Conspecific and heterospecific density dependence with the offset-power model below). Median
values of r, or per-capita recruitment at low conspecific densities (rp = 0.617; P = 0.001), CNDD
(rp = 0.917, P < 0.001), HNDD from heterospecific adults (rp = 0.710, P < 0.001), and HNDD
from heterospecific saplings (rp = 0.818, P < 0.001) for each forest plot from the Ricker model
were all correlated across spatial scales (10×10 m scale and 20×20 m scale).
Conspecific and heterospecific density dependence with the offset-power model – To evaluate the
extent to which our results might be influenced by the functional form used to measure density
dependence and to allow comparability of our results with previous work, we repeated the
measurements of r, CNDD, and HNDD with a power model used in previous studies of density
dependence (4, 14). We used a log-transformed version of the power function to facilitate the
use of a linear-hierarchical model that can estimate mean density dependence across all species
in a forest plot. For each forest plot, we used the following hierarchical model to estimate the
mean strength of CNDD and heterospecific density dependence (HNDD):
log(𝑆𝑖𝑗 + 1) = 𝑟𝑗 + 𝐶𝑁𝐷𝐷𝑗 ×log(𝐴𝑖𝑗 + 1) + 𝐻𝑁𝐷𝐷𝑎𝑑𝑢𝑙𝑡𝑗 ×𝑎𝑖𝑗 + 𝐻𝑁𝐷𝐷𝑠𝑎𝑝𝑗 ×𝑠𝑖𝑗 + 𝜀𝑖𝑗
𝜀𝑖𝑗 ~ N(0, 𝜎 2 )
(2)
Where Sij is the observed number of saplings of a focal species j in quadrat i, rj is the per-capita
recruitment rate for species j at low conspecific adult densities, CNDDj is the per-capita effect of
conspecific adult density on sapling recruitment for species j, Aij is the observed number of
conspecific adults of species j in quadrat i, HNDDadultj is the per-capita effect of heterospecific
adult density on sapling recruitment for species j, aij is the observed number of heterospecific
adults (i.e. not species j) in quadrat i, HNDDsapj is the per-capita effect of heterospecific sapling
density on sapling recruitment of species j, sij is the observed number of heterospecific saplings
(i.e. not species j) in quadrat i, and εij is normally-distributed error. We began with a full random
effects structure (i.e. random species-specific effects for rj, CNDDj, HNDDadultj, and
HNDDsapj), and then removed random effects that were either correlated (r ≥ 0.7) with the
random effects of conceptual interest (rj, CNDDj) or whose standard deviation was estimated to
be at or near zero (SD ≤ 0.1). This approach avoids over-parameterization of models while
retaining the random terms of interest (44, 45). However, relationships between CNDD, species
richness, and diversity were qualitatively similar if all random effects were included in the
model. These models were run in R (package ‘lme4’), and R code for implementing this model
using ‘lme4’ is included in the R scripts section below (R script 2) (35, 46). For this
hierarchical model, conspecific adult and sapling densities were log-transformed to estimate the
proportional (and not additive) change in sapling densities with increasing conspecific adult
densities (4, 14). An offset of one was added to conspecific adult and sapling densities prior to
log-transformation because the logarithm of zero is undefined, and hereafter we refer to this
model as an offset-power model (4, 14). Values of CNDDj increasingly less than 1 (Tables S11,
S12) represent a proportional decline in sapling densities with increasing adult densities and,
thus, stronger CNDD (4, 14). Estimates of CNDD were correlated between the offset-power and
Ricker models (10×10-m scale: rp = 0.857, P < 0.001; 20×20-m scale: rp = 0.789, P < 0.001)
across forest plots, and all relationships between CNDD and species richness and diversity were
qualitatively similar using either the Ricker (Figs. S1, S2) or offset-power model (Figs. S5, S6).
Residuals from the offset-power models were not associated with conspecific adult densities at
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the 10×10 m scale (mean rp across species = -0.009) nor at the 20×20 m scale (mean rp across
species = -0.013) nor were they spatially-autocorrelated (Table S13).
Relationships between CNDD and measures of species diversity – We examined hypothesized
relationships between the strength of CNDD and measures of local and forest-wide species
richness and diversity across plots. Because relationships were non-linear and to account for
differences in potential biases in estimates of CNDD across forest plots (see Model evaluation
with dispersal effects and process and measurement error section below), we used nonparametric Spearman-rank correlations (rs). Before calculating median or mean CNDD for each
plot, we first removed the rarest species (i.e. those with adults or saplings occupying fewer than
10 quadrats). CNDD estimates for species whose adults and saplings occupy fewer than 10
quadrats are unreliable due to small sample sizes and can unduly influence the mean estimate of
CNDD across species for each plot, especially in plots with relatively few species. In addition,
the presence of many rare species, which have limited ranges of conspecific adult densities, in
tropical forests may bias our estimates of CNDD lower (i.e. stronger). Therefore, we also
estimated the strength of CNDD for each forest plot after removing any species with adults or
saplings occupying fewer than 30 or 50 quadrats at both spatial scales (10×10 m and 20×20 m
scales). The relationships between CNDD and diversity were qualitatively similar for all
analyses (Tables S5, S6, S14, S15). Qualitatively similar relationships were also found if we
removed species with adults and sapling occupying fewer than 1%, 2%, and 4% of quadrats in a
forest plot (these percentages removed approximately the same number of species from the
analysis as the thresholds in Tables S5, S6, S14, S15). We were able to include data from all
species in the hierarchical offset-power model because the hierarchical model uses data from all
species to help estimate parameters for those species with very small sample sizes (those with
adults or saplings occupying fewer than 10 quadrats). Relationships between CNDD and species
richness and diversity were qualitatively similar if all data were included (Tables S14, S15). In
addition, relationships between CNDD and species richness and diversity were qualitatively
similar across spatial scales (Figs. S1, S2, S5, S6).
Differences in CNDD between eastern and western hemispheres may have influenced our
results. While we attempted to access data from as many CTFS-ForestGEO plots as possible, the
distribution of CTFS-ForestGEO plots around the world heavily represents temperate North
America and the old-world tropics. Specifically, 78.6% of all tropical forest plots in the network
are in the old-world tropics (Asia, Africa, and Oceania), and 66.7% of temperate forest plots are
in North America. To assess the possibility that observed differences in CNDD across latitudes
are due to a difference between eastern and western hemispheres, we performed a simple
multiple-linear regression model with CNDD as the response, latitude as a continuous predictor
variable, and eastern-western hemisphere as a binary variable. The two Hawaiian plots were
included in the old world given the greater degree of historical contact (and potential for
dispersal and gene flow) between the Hawaiian Islands and Polynesia. This analysis showed that
the strength of CNDD measured with the Ricker model significantly decreased with latitude (at
the 10×10 m scale: F1,21 = 16.16, P < 0.001; at the 20×20 m scale: F1,21 = 25.28, P < 0.001) but
did not differ between eastern and western hemispheres (at the 10×10 m scale: F1,21 = 0.01, P =
0.910; at the 20×20 m scale: F1,21 = 0.90, P = 0.354). Likewise, the strength of CNDD measured
with the offset-power model significantly decreased with latitude (at the 10×10 m scale: F1,21 =
9.89, P = 0.004; at the 20×20 m scale: F1,21 = 6.64, P = 0.018) but did not differ between eastern
and western hemispheres (at the 10×10 m scale: F1,21 = 0.04, P = 0.838; at the 20×20 m scale:
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F1,21 = 0.41, P = 0.531). Thus, it does not appear that differences in CNDD between eastern and
western hemispheres influenced our results, but this remains an area for future research given
differences in biogeographic history between these two hemispheres.
Negative effects of conspecific densities on recruitment are expected to maintain
diversity when they are stronger relative to negative effects from heterospecific densities (i.e.
negative frequency dependence). The difference between estimates of CNDD and HNDD from
the Ricker function reflect the strength of negative frequency dependence (the mathematical
derivation of negative frequency dependence from CNDD and HNDD estimates of the Ricker
model are described in Appendix S2 of reference 17). Negative effects from heterospecifics
were relatively weak compared to CNDD across forest plots (Tables S3, S4). Nonetheless, we
assessed whether stronger negative frequency dependence was associated with higher species
richness and diversity by examining whether the difference between CNDD and HNDD changed
systematically with species richness or diversity across forest plots. Heterospecific density
dependence from saplings was generally positive (likely indicating that certain areas of each
forest plot were favorable to sapling recruitment regardless of species; Tables S3, S4).
Heterospecific adults did have negative effects on sapling recruitment in most plots, and was
estimated as the negative influence of each additional heterospecific adult on sapling recruitment
(i.e. analogous to how we estimated CNDD, which was the negative influence of each additional
conspecific adult on sapling recruitment). Using progressively restrictive datasets as described
for Tables S5, S6 above, species richness and diversity increased with the strength of negative
frequency dependence across tropical and temperate forest plots similar to relationships between
CNDD and species richness/diversity (this is because HNDD was relatively weak; Table S7).
Because CNDD and negative frequency dependence were so closely related, we present results
for CNDD in the manuscript. We also examined the relative strength of CNDD to HNDD by
examining the ratio of CNDD to HNDD estimates from the offset-power model. For some plots,
heterospecific density dependence from heterospecific adults was positive (i.e. no HNDD), and
these plots were assigned the mean value of heterospecific density dependence (20×20-m scale
mean = -0.003, 10×10-m scale mean = -0.001) so that no forest plots would have negative ratios
of CNDD to HNDD. We then examined relationships between the log-ratio of CNDD to HNDD
and all measures of species richness and diversity. In all cases, relationships between species
richness/diversity metrics and the CNDD:HNDD ratio were qualitatively similar to relationships
between species richness/diversity and CNDD alone (Table S16).
Neither the mean number of conspecific adults (rp = 0.354, P = 0.089) nor saplings (rp =
0.342, P = 0.102) per 10×10 m quadrat changed systematically with latitude. Likewise, neither
the mean number of conspecific adults (rp = 0.353, P = 0.091) nor saplings (rp = 0.324, P =
0.123) per 20×20-m quadrat changed systematically with latitude. Nonetheless, we estimated
CNDD over a standardized range of conspecific adult densities (0-10 conspecific adults per
quadrat) to verify that differences in the range of conspecific adult densities across forest plots
did not spuriously influence the observed relationships between CNDD and species richness and
diversity. We removed all species whose maximum number of conspecific adults per quadrat
was less than three and truncated the remaining species to a maximum conspecific adult density
of 10 adults per quadrat. Thus, all species had at least one quadrat with an abundance of three
conspecific adults and no quadrats with abundances greater than 10 conspecific adults. Using
this limited range of conspecific adult densities, we then estimated the median strength of CNDD
and negative frequency dependence for each forest plot (using the Ricker model) and regressed
these values with our measures of species richness and diversity. In all cases, species richness
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and diversity increased with the strength of CNDD calculated with this truncation analysis
(Tables S5 to S7). Thus, after estimating CNDD using a limited and standardized range of
conspecific adult densities across all forest plots, our results do not qualitatively change,
indicating that they are not spuriously driven by differences in the densities of species across
plots.
CNDD and species abundance – We assessed the relationship between species abundance and
the strength of CNDD across species within each forest plot with linear regression models. We
used size-weighted abundance (basal area, m2/ha) to measure species commonness/rarity instead
of numerical abundance due to differences in size-age distributions across species (9).
Nonetheless, numerical abundance and basal area were correlated across all species in all forest
plots (rp = 0.77, P < 0.00001). Basal areas of species were log-transformed prior to analyses due
to right-skewed distributions (9). We calculated the intercept and slope of the relationship
between species abundance and the strength of CNDD in each forest plot. We calculated these
by weighting the estimate of CNDD for each species by the inverse of the standard error of the
estimate (i.e. more weight to species with more accurate estimates of CNDD). We then used a
simple linear model to test for a change in the slope between CNDD and species abundance with
latitude across forest plots. Intercepts and slopes between species abundance and the strength of
CNDD for each forest plot are shown in Table S8 for the Ricker model and Table S17 for the
offset-power model. We also calculated the median strength of CNDD for rare species (species
with basal area < 0.1 m2/ha, or approximately 10 10-cm diameter trees per ha), and used a simple
linear model to test if CNDD of rare species changed with latitude across forest plots.
CNDD was stronger for rare than for common species in the tropics and either equivalent
for rare and common or stronger for common species in the temperate zone if CNDD was
measured with the Ricker model at the 10×10-m or 20×20-m scale (Fig. 2), or with the offsetpower model at the 10×10-m or 20×20-m scale (Fig. S7). Results were also qualitatively similar
if we analyzed all data with the hierarchical offset-power model (10×10-m scale: rp = -0.660, P <
0.001; 20×20-m scale: rp = -0.688, P < 0.001) or removed the rarest species from each plot
(occupying fewer than 10 quadrats) whose estimates of CNDD may be unreliable due to small
sample sizes (Figs. 2, S7). In addition, systematic changes in the species-abundance distribution
across latitudes may have influenced the observed shifts in the relationship between species
abundance and CNDD across latitudes. However, the observed relationship between species
abundance and CNDD across latitudes was qualitatively similar when we analyzed a
standardized range of conspecific adult densities (i.e. the truncation analysis described above;
10×10-m scale: rp = -0.438, P = 0.032; 20×20-m scale: rp = -0.487, P = 0.016), suggesting that
our results are robust to changes in species abundances across latitudes.
Differences in the relationship between species abundance and CNDD across eastern and
western hemispheres might have also influenced the observed relationship with latitude. We
evaluated this possibility by performing a simple multiple-linear regression model with the slope
between species abundance and CNDD for each forest plot as the response, latitude as a
continuous predictor variable, and eastern-western hemisphere as a binary predictor variable.
This analysis showed that the slope between species abundance and CNDD estimated with the
Ricker model significantly decreased with latitude (F1,21 = 9.77, P = 0.005) but did not differ
between eastern and western hemispheres (F1,21 = 1.15, P = 0.296) at the 20×20 m scale. The
slope between species abundance and CNDD estimated with the Ricker model did not
significantly decrease with latitude (F1,21 = 0.54, P = 0.471) after accounting for differences
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between eastern and western hemispheres (F1,21 = 8.23, P = 0.009) at the 10×10 m scale.
However, the median strength of CNDD for rare species (species with basal area less than 0.1
m2/ha; compare to Fig. 2C) estimated with the Ricker model decreased with latitude at both the
10×10 m scale (F1,21 = 11.15, P = 0.003) and the 20×20 m scale (F1,21 = 6.55, P = 0.018) and did
not differ between eastern and western hemispheres at either spatial scale (at the 10×10 m scale:
F1,21 = 0.94, P = 0.344; at the 20×20 m scale: F1,21 = 1.50, P = 0.235). Moreover, the slope
between species abundance and CNDD estimated with the offset-power model significantly
decreased with latitude at both spatial scales (at the 10×10 m scale: F1,21 = 9.45, P = 0.006; at the
20×20 m scale: F1,21 = 12.54, P = 0.018) after accounting for differences between eastern and
western hemispheres (at the 10×10 m scale: F1,21 = 14.89, P = 0.001; at the 20×20 m scale: F1,21
= 9.41, P = 0.006). Thus, most available evidence suggests that observed changes in CNDD for
rare and common species across latitudes were not influenced by differences in CNDD between
eastern and western hemispheres.
Simulation tests
We used simulations to evaluate the robustness of our CNDD estimates. First, to assess the
robustness of CNDD estimates to differences in total number of individuals and species across
forest plots, we used a neutral model to simulate communities that assemble in the absence of
density dependence. Second, we assessed the ability of our models to recover known values of
CNDD from simulated data that incorporate process and measurement error as well as dispersal.
Detailed descriptions of these simulation tests follow.
Neutral model – To evaluate if our measurements of CNDD were spuriously biased stronger in
tropical plots because of greater total number of individuals or species, we used a spatially- and
temporally-explicit neutral model to simulate the expected measurement of CNDD for each plot
in the absence of density dependence. In this neutral model, the observed total number of
individuals and species were retained for each plot, but spatial patterns were determined by
recruitment, mortality, and dispersal limitation that were all neutral with respect to species
identity. We carried out this analysis at the 20×20 m scale because estimates of density
dependence were highly correlated across spatial scales. For each plot, we began with a speciesabundance distribution expected under neutral processes (calculated using function ‘pvolkov’
from R package ‘sads’) that contained the observed total number of species and individuals from
each forest plot (35, 47). For all forest plots, this neutral species-abundance distribution closely
approximated the observed species-abundance distribution. At the beginning of each iteration of
this model, we classified all individuals as 1 cm dbh saplings, and distributed them randomly
among a given plot’s 20×20 m quadrats. Each iteration of the model was then run for 400 time
steps. Each time step, 6.0% of smaller saplings (1−5 cm dbh), 4.0% of larger saplings (5−10 cm
dbh), and 2.0% of adults (>10 cm dbh) were randomly selected for mortality. Older age classes
experienced lower mortality rates because mortality rates are known to decline with size and age
in woody-plant species (48), and these mortality rates were used across all plots so that they
would be neutral with respect to species identity across a wide range of forests. Of those
individuals that died, a random 90% were replaced by a 1 cm dbh individual of another species
in the same quadrat (i.e. a local recruit), and the remaining 10% were replaced by a 1 cm dbh
individual from the original neutral species-abundance distribution (i.e. an immigrant recruit
from the meta-community). All individuals that survived a time step grew 0.25 cm dbh. At the
end of 400 time steps, we used the same methods described above for the Ricker and offset9

power functions to measure the expected CNDD and heterospecific density effects from the
neutral model. We ran each iteration of the model for 400 time steps because the measurement
of CNDD tended to asymptote at or before this point (Fig. S9). Each 400-time-step simulation
was iterated 50 times for each plot, producing 50 expected estimates of CNDD and
heterospecific density effects given neutral dynamics and no density dependence. Because we
randomized the locations of the initial 1 cm saplings at the beginning of each of these 50
iterations, each iteration began with a different spatial distribution of species and individuals.
However, each of the 50 iterations for a given forest plot converged on similar expected CNDD
and heterospecific density effect estimates within 400 time steps (i.e. small SD of expected
values; Tables S9, S18, Fig. S9). Nearly all forest plots had low measured values of CNDD in
the absence of density dependence (Tables S9, S18), suggesting that differences in total
abundance and number of species across plots did not spuriously influence our measurements of
CNDD.
We used these neutral-model iterations to calculate standardized effect sizes for CNDD
and heterospecific density effects of adults and saplings using the following formulae:

𝐶𝑁𝐷𝐷𝑆𝐸𝑆 =
𝐻𝑁𝐷𝐷𝑆𝐸𝑆 =

(𝐶𝑁𝐷𝐷−𝜇𝐶𝑁𝐷𝐷𝑛𝑢𝑙𝑙 )
𝜎𝐶𝑁𝐷𝐷𝑛𝑢𝑙𝑙
(𝐻𝑁𝐷𝐷−𝜇𝐻𝑁𝐷𝐷𝑛𝑢𝑙𝑙 )
𝜎𝐻𝑁𝐷𝐷𝑛𝑢𝑙𝑙

(3)
(4)

Where CNDDSES and HNDDSES are the standardized CNDD and heterospecific density effect
sizes, respectively (note that separate standardized effect sizes were calculated for the effects of
heterospecific saplings and adults); CNDD and HNDD are the observed CNDD and
heterospecific density effects for a plot, respectively; μCNDDneutral and μHDDneutral are the mean
expected values for CNDD and heterospecific density effects for a plot, respectively; and
σCNDDneutral and σHDDneutral are the standard deviations of expected values for CNDD and
heterospecific density effects for a plot, respectively (Tables S9, S18, Figs. S3, S10). A positive
standardized effect size (> 2) for CNDD or a heterospecific density effect indicates that the
observed value was more positive than expected from a neutral model (positive density
dependence), and a negative standardized effect size (< -2) for CNDD or a heterospecific density
effect indicates that the observed value was more negative than expected from a neutral model
(negative density dependence). At the end of each 400-time-step model, we also calculated the
expected correlation between species abundance and the strength of CNDD across species as
described for observed data above. We used these expected correlations to calculate a
standardized effect size for the correlation between species abundance and CNDD for each plot
using an identical formula to equation 3 above (Tables S9, S18). A positive standardized effect
size (> 2) for the correlation between species abundance and CNDD indicates the observed value
was more positive than expected from a neutral model (CNDD stronger for rare species), and a
negative standardized effect size (< -2) for the correlation between species-relative abundance
and CNDD indicates the observed value was more negative than expected from a neutral model
(CNDD stronger for common species). These standardized effect sizes still decreased with
latitude (Fig. S4), and indicated that CNDD was stronger for rare species in tropical latitudes and
stronger for common species in temperate latitudes.
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Model evaluation with dispersal effects and process and measurement error – We used stemmapped censuses of forest plots, in which the number of adults and saplings in each quadrat have
been accurately assessed, to estimate CNDD. However, demographic stochasticity in sapling
recruitment is a likely source of process error influencing sapling density (27). In addition, while
conspecific adult densities in these forest plots can correlate with seed rain densities (14),
conspecific adult abundances in quadrats likely do not perfectly reflect the abundance of seeds
dispersing into those quadrats. This may introduce error in our measurement of the number of
conspecific adults that influence recruitment in each quadrat (27). Yet, the number of adults in a
quadrat does accurately measure the number of adults that seedlings establishing in a quadrat
will interact with as they recruit into saplings, and adults can have substantial negative effects on
conspecific seedlings growing in their neighborhoods (12). Nevertheless, we assessed the
robustness of the Ricker and offset-power models to the presence of both process error (error in
the number of saplings resulting from demographic stochasticity) and measurement error (error
in the number of adults resulting from seed dispersal across quadrats) (27). We also assessed the
robustness of these models to the possibility that some proportion of seeds (d) may disperse
outside the forest plot all together. Finally, we assessed the robustness of these models to the
values of offsets used in each.
We simulated conspecific adult tree abundances with a negative binomial distribution (a
typical distribution for count data), and used known values of CNDD and per-capita recruitment
at low conspecific densities (r) to calculate expected sapling abundances with both the Ricker
and power equations. We then removed a proportion (d) of expected saplings from each quadrat
to simulate dispersal of offspring outside the forest plot. We introduced process error (negativebinomially distributed) into sapling abundances and measurement error (poisson distributed) into
adult abundances. Finally, we measured the strength of CNDD with both the Ricker and offsetpower models and assessed the degree to which these models accurately estimated the known
value of CNDD (i.e. recovered the “truth”). We iterated this process 100 times for every unique
combination of: (1) 15 evenly-spaced values of CNDD (Ricker model: CNDD = -2.00 – 0.05;
offset-power model: CNDD = 0.1 – 1.15); (2) six evenly-spaced values of r (Ricker model: r = 1.20 – 1.40; offset-power model: r = -1.20 – 0.40); (3) six values of mean conspecific adult trees
per quadrat, based on the minimum, 1st quartile (or 25th percentile), median (or 50th percentile),
3rd quartile (or 75th percentile), and 90th percentile of mean conspecific adults per quadrat across
forest plots (reflecting a range of abundances from rare to common species); (4) five values of
error (the negative-binomial overdispersion parameter θ = 0.1, 0.5, 1.0, 1.5, and 2.0); (5) three
values of dispersal (d = 0.1, 0.2, and 0.3); and (6) three values of each model’s offset (see
below). These parameter values were chosen to evaluate model biases across a range of
biologically reasonable parameter values. The range of values chosen for known CNDD and r
produce estimates of CNDD similar to the range of values estimated in our analyses of actual
data above. Values chosen for mean conspecific adult densities match the distribution of mean
conspecific adult densities across forest plots in the data. Values chosen for θ result in simulated
data with a range of proportions of quadrats with saplings but no conspecific adults that is similar
to the range of these proportions in the data. Values chosen for dispersal (d) reflect moderate
(10%) to high (30%) dispersal of seeds outside of the forest plot, given that these are large (4 –
50 ha; mean = 27.5 ha) square or rectangular forest plots where most seeds likely fall within the
plot boundaries (49). For the Ricker model, offsets were minimal non-zero values of conspecific
adult densities assigned to quadrats with saplings but no conspecific adults (simulated values =
0.001, 0.01, and 0.1). For the offset-power model, offsets were added to values of conspecific
11

adult and sapling densities before log-transformation (eq. 2; simulated values = 0.01, 0.1, and
1.0). The above parameters yielded 24,300 unique combinations for simulation, or 8,100 unique
combinations per offset value. R code for these simulations are included in the R scripts section
below (R script 3).
We examined correlations between known and estimated values of CNDD from each
model across all parameters separately for each offset value. Correlations between known values
of CNDD and values estimated by our methods (with the offset value used in the data analyses
described above, i.e., 0.1 for the Ricker model) demonstrate the ability of the Ricker model to
precisely measure trends in CNDD (rp = 0.887, P < 0.0001) across a wide range of values of percapita recruitment at low densities (rrecruit) as well as forest plots that differ in mean abundance,
the presence of considerable process and measurement error, and magnitudes of dispersal of
seeds outside the forest plot (Fig. S11A). The offset-power model (with the offset value used in
the data analyses described above, i.e., 1.0) was also able to recover known trends in CNDD
given the wide range of parameters over which CNDD was simulated (rp = 0.429, P < 0.0001;
Fig. S11). The Ricker model used in our analyses had some negative bias at stronger values of
known CNDD (i.e. estimated values were lower than known values as known CNDD became
stronger; Fig. S11A), whereas the offset-power model used in our analyses had some negative
bias at weaker values of known CNDD (i.e. estimated values were lower than known values as
known CNDD became weaker; Fig. S11B). Qualitatively similar results from two models with
opposite biases (Figs. 1, 2, S1, S2, S3, S4, S5) combined with the ability of both models to
recover known trends in CNDD (Fig. S11) suggest that our results are robust to potential biases
arising from differences in densities, measurement and process error and dispersal among forest
plots. Nonetheless, we used non-parametric Spearman-rank correlation tests to test for changes
in CNDD across latitudes in order to accommodate potential biases in our estimates of CNDD.
We also examined correlations between the mean number of conspecific trees per quadrat
(mean abundance) and CNDD bias (estimated CNDD values minus known CNDD values) to
assess whether systematic changes in CNDD bias with species abundance might influence our
results (i.e. Figs. 2, S7). However, the small amount of variation in CNDD bias associated with
abundance for both models (Ricker: r2 = 0.022; offset-power: r2 = 0.005) combined with
opposing directions of the relationship between bias and abundance across the two models (Fig.
S12) indicate that our result of stronger CNDD for rare species in the tropics (found with both
models; see Figs. 2, S7) appears robust to the potential for systematic changes in CNDD bias
with species abundance. We also found stronger CNDD for rare species in the tropics when
restricting our analysis to species within a standardized range of abundances (i.e. the truncation
analysis described in CNDD and species abundance above).
For both the Ricker and offset-power models, lowering the value of the offset term
reduced the ability of each model to precisely measure known trends in CNDD (i.e. reduced the
correlation between estimated CNDD values and known CNDD values in a linear regression;
Ricker model: rp for offset of 0.01 = 0.689, rp for offset of 0.001 = 0.552; offset-power model: rp
for offset of 0.1 = 0.318, rp for offset of 0.01 = 0.255). While the Ricker model with a 0.01
offset term was unable to estimate trends in CNDD as precisely as the Ricker model with a 0.1
offset term (i.e. estimated CNDD values were less correlated with known CNDD values due to
higher variance), it had nearly no bias at all values of known CNDD (i.e. mean estimates were
close to known values). Importantly, relationships between CNDD and species richness and
diversity metrics were qualitatively similar regardless of whether an offset term of 0.1, 0.01, or
0.001 was used for the Ricker model (Table S19). In general, our analyses and these simulations
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highlight the challenges in estimating CNDD from observational data. We recommend that
future studies estimating CNDD from observational data carefully consider the methods and
models used to estimate CNDD as well as use simulations to assess whether those methods can
precisely and accurately recover known values of CNDD.
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Fig. S1. Species richness and diversity increased with conspecific negative density
dependence (CNDD) measured with the Ricker model at the 10×10 m scale across tropical
and temperate forests. (A) Rarefied species richness, (B) observed (non-rarefied) species
richness, and (C) Shannon diversity indices measured at the forest-wide scale all increased with
the strength of CNDD (lower values indicate stronger CNDD). (D) Rarefied species richness, (E)
observed (non-rarefied) species richness, and (F) Shannon diversity indices measured at the
mean-local scale (averaged across 20×20 m quadrats) also increased with the strength of CNDD.
Plots are colored by increasing distance from the equator (as in Fig. 1). In all panels, each point
is a forest plot (N = 24 forest plots). Lines are best fits from poisson (A, B) or linear (C – F)
regression, and correlation coefficients (r) are from Spearman-rank tests.
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Fig. S2. Species richness and diversity increased with conspecific negative density
dependence (CNDD) measured with the Ricker model at the 20×20 m scale across tropical
and temperate forests. (A) Rarefied species richness, (B) observed (non-rarefied) species
richness, and (C) Shannon diversity indices measured at the forest-wide scale all increased with
the strength of CNDD (lower values indicate stronger CNDD). (D) Rarefied species richness, (E)
observed (non-rarefied) species richness, and (F) Shannon diversity indices measured at the
mean-local scale (averaged across 20×20 m quadrats) also increased with the strength of CNDD.
Plots are colored by increasing distance from the equator (as in Fig. 1). In all panels, each point
is a forest plot (N = 24 forest plots). Lines are best fits from poisson (A, B) or linear (C – F)
regression, and correlation coefficients (r) are from Spearman-rank tests.
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Fig. S3. Species richness and diversity increased with conspecific negative density
dependence (CNDD) measured with the Ricker model after controlling for potentially
spurious influences of changes in number of species and individuals across forest plots.
Standardized effect sizes of CNDD are the observed value of CNDD for each forest plot minus
the value expected given neutral assembly (i.e. no density dependence) of a community with the
same number of species and individuals. At the forest plot scale, (A) rarefied species richness,
(B) observed (non-rarefied) species richness, and (C) Shannon diversity indices all increased
with CNDD standardized effect sizes (lower values indicate stronger CNDD). At the mean-local
(20×20 m quadrats) scale, (D) rarefied species richness, (E) observed (non-rarefied) species
richness, and (F) Shannon diversity indices also increased with CNDD standardized effect sizes.
This analysis was conducted at the 20×20-m scale because estimates from the Ricker model were
correlated across spatial scales (see materials and methods). Plots are colored by increasing
distance from the equator (as in Fig. 1). In all panels, each point is a forest plot (N = 24 forest
plots). Lines are best fits from poisson (A, B) or linear (C – F) regression, and correlation
coefficients (r) are from Spearman-rank tests.
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Fig. S4. Latitudinal shift in the strength of conspecific negative density dependence
(CNDD) among common and rare species after controlling for potentially spurious
influences of changes in number of species and individuals across forest plots. After
controlling for potentially spurious influences of different numbers of species and individuals
across forests on measurements of the relationship between species abundance and CNDD across
forest plots (N = 24 forest plots), CNDD was still stronger for rare than for common species at
tropical latitudes and equally strong or stronger for common than for rare species at temperate
latitudes. CNDD was calculated using both (A) the Ricker model and (B) the offset-power
model. Because units are in SD, any values below -2 or above 2 (dashed lines) indicate that the
observed value was significantly outside the range of expected values. Results are shown at the
20×20 m scale because estimates of density dependence were highly correlated across spatial
scales. Test statistics are Pearson correlation coefficients (r) from linear regression models.
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Fig. S5. Species richness and diversity increased with conspecific negative density
dependence (CNDD) measured with the offset-power model at the 10×10 m scale across
tropical and temperate forests. (A) Rarefied species richness, (B) observed (non-rarefied)
species richness, and (C) Shannon diversity indices measured at the forest-wide scale all
increased with the strength of CNDD (lower values indicate stronger CNDD). (D) Rarefied
species richness, (E) observed (non-rarefied) species richness, and (F) Shannon diversity indices
measured at the mean-local scale (averaged across 20×20 m quadrats) also increased with the
strength of CNDD. Plots are colored by increasing distance from the equator (as in Fig. 1). In all
panels, each point is a forest plot (N = 24 forest plots). Lines are best fits from poisson (A, B) or
linear (C – F) regression, and correlation coefficients (r) are from Spearman-rank tests.
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Fig. S6. Species richness and diversity increased with conspecific negative density
dependence (CNDD) measured with the offset-power model at the 20×20 m scale across
tropical and temperate forests. (A) Rarefied species richness, (B) observed (non-rarefied)
species richness, and (C) Shannon diversity indices measured at the forest-wide scale all
increased with the strength of CNDD (lower values indicate stronger CNDD). (D) Rarefied
species richness, (E) observed (non-rarefied) species richness, and (F) Shannon diversity indices
measured at the mean-local scale (averaged across 20×20 m quadrats) also increased with the
strength of CNDD. Plots are colored by increasing distance from the equator (as in Fig. 1). In all
panels, each point is a forest plot (N = 24 forest plots). Lines are best fits from poisson (A, B) or
linear (C – F) regression, and correlation coefficients (r) are from Spearman-rank tests.
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Fig. S7. Latitudinal shifts in the strength of conspecific negative density dependence
(CNDD) measured with the offset-power model among common and rare species. Slopes
between species abundance (measured by basal area, m2/ha) and CNDD measured at the (A)
10×10 m scale and the (B) 20×20 m scale across species within each forest plot (N = 24 forest
plots). Absolute value of latitude reflects increasing distance from the equator. Because lower
values of CNDD reflect stronger CNDD, positive slopes indicate stronger CNDD for rare than
for common species and negative slopes indicate stronger CNDD for common than for rare
species. Plots are colored according to Fig. 1. Best-fit relationships between the strength of
CNDD and species abundance (m2/ha) within each forest plot with CNDD measured at the (C)
10×10 m scale and the (D) 20×20 m scale. Colors in (C) and (D) represent the latitudinal band a
forest plot occupies, from tropical (red) to temperate (blue) latitudes. The point at which
conspecific negative density dependence switches to conspecific positive negative density
dependence (i.e. the point at which increased densities of conspecifics do not proportionally
increase or decrease sapling densities) is shown as a dashed line. Species abundance is shown on
a log scale, with rare species on the left and common species on the right. Slopes and intercepts
in (C) and (D) are presented for each forest plot in Table S17. Qualitatively similar results were
found using another functional form (Ricker model) to measure CNDD (Fig. 2; see materials and
methods). Test statistics are Pearson correlation coefficients (r) from linear regression models.
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Fig. S8. Example calculations of conspecific negative density dependence (CNDD) with the
Ricker model. All panels show sapling densities (individuals per 20×20 m quadrat) against
conspecific adult densities (individuals per 20×20 m quadrat) across quadrats within six of the 24
forest plots analyzed. In each panel, the red curve is the best-fit recruitment curve from the
Ricker model reflecting per-capita recruitment at low densities (r) and the strength of CNDD (eq.
1). Each black dashed line has a slope equal to the estimated per-capita recruitment rate at low
density (r) for visualization. The strength of CNDD is reflected in the rate at which per-capita
recruitment (red curve) decreases (from a maximum rate at low density, or r) as a function of
increasing conspecific adult density. (A) Arytera littoralis at Huai Kha Khaeng (HKK; N = 1,250
quadrats) and (B) Tilia americana at Wabikon Lake (N = 625 quadrats) had relatively strong
CNDD; (C) Ixonanthes chinensis at Heishiding (N = 1,250 quadrats) and (D) Quercus kelloggii
at Yosemite (N = 262 quadrats) had intermediate CNDD; and (E) Cola cauliflora at Korup (N =
1,250 quadrats) and (F) Ulmus rubra at the Smithsonian Environmental Research Center (SERC;
N = 400 quadrats) had relatively weak CNDD.
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Fig. S9. Example iterations of a neutral model for the expected value of conspecific negative
density dependence (CNDD) given neutral dynamics and no density dependence. To
account for potential biases in our measurements of CNDD due to differences in total number of
species or individuals across forest plots, neutral models were run to produce spatial
relationships between conspecific adults and saplings that result from neutral dynamics and an
absence density dependence. All models began with a neutral species-abundance distribution of
1 cm saplings with the observed number of species and number of individuals in a given forest
plot. At time step 0, these 1 cm dbh saplings were randomly distributed among a plot’s 20×20
quadrats. Each time step, a random portion of the community died, and were replaced either by a
local recruit (i.e. 1 cm individual of a species in the same 20×20 quadrat) or immigrant from the
meta-community (i.e. 1 cm individual from the initial species-abundance distribution). Those
individuals that survived a time step grew 0.25 cm dbh. At the end of 400 time steps, CNDD was
calculated using identical methods to those used to calculate observed CNDD for each plot
(CNDD is measured with the offset-power model in this example), and the model was iterated 50
times (400 time steps each) for each plot. These example model iterations (run out to 1,000 time
steps) demonstrate that the measurement of CNDD asymptotes at or before 400 time steps, thus
400 time steps was chosen as the duration for each iteration.
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Fig. S10. Species richness and diversity increased with conspecific negative density
dependence (CNDD) measured with the offset-power model after controlling for potentially
spurious influences of changes in number of species and individuals across forest plots.
Standardized effect sizes of CNDD are the observed value of CNDD for each forest plot minus
the value expected given neutral assembly (i.e. no density dependence) of a community with the
same number of species and individuals. At the forest plot scale, (A) rarefied species richness,
(B) observed (non-rarefied) species richness, and (C) Shannon diversity indices all increased
with CNDD standardized effect sizes (lower values indicate stronger CNDD). At the mean-local
(20×20 m quadrats) scale, (D) rarefied species richness, (E) observed (non-rarefied) species
richness, and (F) Shannon diversity indices also increased with CNDD standardized effect sizes.
This analysis was conducted at the 20×20-m scale because estimates from the offset-power
model were correlated across spatial scales (see materials and methods). Plots are colored by
increasing distance from the equator (as in Fig. 1). In all panels, each point is a forest plot (N =
24 forest plots). Lines are best fits from poisson (A, B) or linear (C – F) regression, and
correlation coefficients (r) are from Spearman-rank tests.
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Fig. S11. Relationships between known values of conspecific negative density dependence
(CNDD) and values estimated by our models across an array of parameter values, error,
and dispersal rates. Data were simulated using different values of per-capita recruitment at low
densities (r), the negative-binomial overdispersion parameter (θ), mean trees per quadrat, and
dispersal (d) to test the robustness of our CNDD models to different ranges of error, tree
densities, and dispersal rates. Plots show correlations between known values of CNDD and
estimates from the (A) Ricker model and the (B) offset-power model across all parameters
considered (N = 8,100 parameter combinations; shown as boxplots for ease of visualization).
Pearson correlation coefficients and statistical tests are shown along with the identity line
(dashed line). Ricker model was simulated using an offset of 0.1 for quadrats with saplings but
no conspecific adults, and the offset-power model used an offset of 1 to add to sapling and adult
densities prior to log-transformation (see materials and methods for details).
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Fig. S12. Relationships between bias in conspecific negative density dependence (CNDD)
and mean abundance. Data were simulated using different values of per-capita recruitment at
low densities (r), the negative-binomial overdispersion parameter (θ), mean trees per quadrat,
and dispersal (d) to test the robustness of our CNDD models to different ranges of error, tree
densities, and dispersal rates. Plots show correlations between mean trees per quadrat (mean
abundance) and CNDD bias (estimated CNDD values minus known CNDD values) for the (A)
Ricker model and the (B) offset-power model across all parameters considered (N = 8,100
parameter combinations; shown as boxplots for ease of visualization). Pearson correlation
coefficients, slopes, and regression lines fit through all 8,100 parameter combinations (solid
lines) are shown. The small amount of variation in CNDD bias associated with abundance for
both models (Ricker: r2 = 0.022; offset-power: r2 = 0.005) combined with opposing directions of
the relationship between bias and abundance across the two models indicate that our result of
stronger CNDD for rare species in the tropics (found with both models; see Figs. 2, S7) appears
robust to the potential for systematic changes in CNDD bias with species abundance. We also
found stronger CNDD for rare species in the tropics after restricting our analysis to species
within a standardized range of abundances (i.e. the truncation analysis described in materials and
methods).
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Table S1. Summary statistics for the 24 Smithsonian Center for Tropical Forest Science-Forest Global Earth Observatory
(CTFS-ForestGEO) plots used in this analysis. Richness was rarefied to 7,083 individuals at the forest-plot scale and 20 individuals
at the local (20×20 m quadrat) scale. Shannon diversity indices are reported at each spatial scale. Values reflect live individuals.
Total
individuals
in plot

Plot
species
richness

Plot
rarefied
richness

Plot
Shannon
diversity

Meanlocal
richness

Meanlocal
rarefied
richness

Meanlocal
Shannon
diversity

Latitude

Longitude

Plot
size
(ha)

Rabi, Gabon

-2.22

9.92

25

173,556

345

253.1

4.48

67.1

13.9

3.47

Korup, Cameroon

5.07

8.85

50

314,388

481

310.3

4.49

66.5

14.1

3.49

Wanang, Papua New Guinea

-5.25

145.27

50

253,609

581

381

5.08

85.1

17.0

4.07

Sinharaja, Sri Lanka

6.4

80.4

25

181,238

234

177.1

3.89

48.2

12.0

3.00

Khao Chong, Thailand

7.54

99.8

24

96,473

632

423.4

5.11

69.7

15.7

3.75

Barro Colorado Island, Panama
(BCI)

9.15

-79.85

50

207,258

297

216.7

4.00

49.4

13.4

3.26

Mo Singto, Thailand

14.43

101.35

30.48

128,557

261

176.1

3.73

40.5

12.0

2.91

Huai Kha Khaeng, Thailand

15.63

99.22

50

104,982

270

184.3

3.41

25.3

11.2

2.55

Palanan, Phillipines

17.04

122.39

16

74,426

323

258.7

4.69

68.7

16.3

3.85

Palamanui, Hawaii, USA

19.74

-155.99

4

12,387

14

12.6

1.02

4.7

3.2

0.88

Laupahoehoe, Hawaii, USA

19.93

-155.29

4

12,887

20

19.6

1.89

9.6

6.2

1.73

Heishiding, China

23.27

111.53

50

213,235

213

170.7

4.23

45.7

13.4

3.21

Lienhuachih, Taiwan

23.91

120.88

25

153,268

145

110.4

3.57

35.3

11.5

2.82

Fushan, Taiwan

24.76

121.56

25

114,651

106

83.3

3.21

30.8

10.6

2.62

Utah Cedar Breaks, USA

37.66

-112.86

13.04

22,277

17

14.2

1.01

3.6

2.9

0.71

Yosemite National Park, USA

37.77

-119.82

25.6

7,083

12

12

1.09

2.5

2.4

0.65

Tyson Research Center, USA
Smithsonian Conservation
Biology Institute (SCBI), USA

38.52

-90.56

20.16

30,249

41

35.6

2.35

8.4

5.9

1.53

38.89

-78.15

20.88

21,770

61

52.3

2.75

9.7

7.7

1.77

Smithsonian Environmental
Research Center (SERC), USA

38.89

-76.56

16

24,065

67

53.9

2.19

8.2

5.3

1.33

Lilly Dickey Woods, USA

39.24

-86.22

25

26,443

33

29.7

1.95

6.2

4.9

1.23

Harvard Forest, USA

42.54

-72.18

35

77,006

50

40.8

2.55

9.1

5.8

1.49

Wabikon Lake, USA

45.55

-88.8

25.6

37,401

31

27.5

2.09

6.3

4.8

1.32

Wind River, USA

45.82

-121.96

25.6

26,056

23

19

1.64

5.4

4.6

1.25

Zofin, Czech Republic

48.66

14.71

25

58,491

11

7.6

0.13

1.6

1.3

0.09

Forest plot

26

Table S2. Brief description of vegetation type and climate zone for Smithsonian CTFS-ForestGEO forest plots. Dominant
vegetation type and Köppen climate zone provided (33). Forest plots are arranged in order of increasing distance from the equator
(absolute value of latitude).
Forest plot

Dominant vegetation type(s)

Köppen climate zone

Rabi, Gabon

Broadleaf evergreen

Tropical, wet and dry seasons

Korup, Cameroon

Broadleaf evergreen

Tropical, monsoon

Wanang, Papua New Guinea

Broadleaf evergreen

Tropical, with significant precipitation year-round

Sinharaja, Sri Lanka

Broadleaf evergreen

Tropical, with significant precipitation year-round

Khao Chong, Thailand

Broadleaf evergreen

Tropical, monsoon

Barro Colorado Island, Panama

Broadleaf drought deciduous, Broadleaf evergreen

Tropical, monsoon

Mo Singto, Thailand

Broadleaf evergreen, Broadleaf drought deciduous

Tropical, wet and dry seasons

Huai Kha Khaeng, Thailand

Broadleaf evergreen, Broadleaf drought deciduous

Tropical, wet and dry seasons

Palanan, Phillipines

Broadleaf evergreen

Tropical, with significant precipitation year-round

Palamanui, Hawaii, USA

Broadleaf evergreen

Oceanic, with significant precipitation year-round

Laupahoehoe, Hawaii, USA

Broadleaf evergreen

Oceanic, with significant precipitation year-round

Heishiding, China

Broadleaf evergreen

Humid subtropical/mid-latitude, with significant precipitation year-round

Lienhuachih, Taiwan

Broadleaf evergreen

Oceanic, with dry winters

Fushan, Taiwan

Broadleaf evergreen

Humid subtropical/mid-latitude, with significant precipitation year-round

Utah Cedar Breaks, USA

Needleleaf evergreen, Broadleaf cold deciduous

Dry-summer subtropical/mid-latitude, with dry summers

Yosemite National Park, USA

Needleleaf evergreen

Dry-summer subtropical/mid-latitude, with dry summers

Tyson Research Center, USA
Smithsonian Conservation
Biology Institute (SCBI), USA
Smithsonian Environmental
Research Center (SERC), USA

Broadleaf cold deciduous

Humid subtropical/mid-latitude, with significant precipitation year-round

Broadleaf cold deciduous

Humid subtropical/mid-latitude, with significant precipitation year-round

Broadleaf cold deciduous

Humid subtropical/mid-latitude, with significant precipitation year-round

Lilly Dickey Woods, USA

Broadleaf cold deciduous

Humid subtropical/mid-latitude, with significant precipitation year-round

Harvard Forest, USA

Broadleaf cold deciduous

Humid continental, with significant precipitation year-round

Wabikon Lake, USA

Broadleaf cold deciduous

Humid continental, with significant precipitation year-round

Wind River, USA

Needleleaf evergreen

Dry-summer subtropical/mid-latitude, with dry summers

Zofin, Czech Republic

Broadleaf cold deciduous, Needleleaf evergreen

Oceanic, with significant precipitation year-round
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Table S3. Median and weighted-mean estimates of conspecific negative density dependence (CNDD), density dependence from
heterospecific adults (adult HNDD) and heterospecific saplings (sapling HNDD), and per-capita recruitment at low densities
(r) measured at the 10×10 m scale (Ricker model). 95% confidence intervals (CI) are provided, and plots are ordered as in Table S1.
Median
CNDD

Mean
CNDD

Mean
CNDD CI

Median
adult
HNDD

Mean
adult
HNDD

Mean adult
HDD CI

Median
sapling
HNDD

Mean
sapling
HNDD

Mean sapling
HNDD CI

Median
r

Mean
r

Mean r
CI

Rabi

-3.64

-2.15

(-2.43,-1.86)

-0.003

-0.002

(-0.004,0.001)

0.002

0.002

(0.001,0.003)

2.7

2.6

(2.5,2.8)

Korup

-4.38

-2.92

(-3.21,-2.64)

-0.002

-0.003

(-0.005,-0.002)

0.002

0.002

(0.001,0.003)

2.8

2.8

(2.7,2.9)

Wanang

-4.33

-4.16

(-4.32,-4.00)

0.001

0.000

(-0.002,0.002)

0.003

0.003

(0.002,0.003)

2.7

2.8

(2.7,2.8)

Sinharaja

-3.56

-1.26

(-1.57,-0.95)

-0.001

0.000

(-0.001,0.001)

0.002

0.002

(0.001,0.003)

2.7

2.4

(2.3,2.6)

Khao Chong

-4.32

-3.91

(-4.10,-3.72)

-0.002

-0.003

(-0.005,-0.001)

0.003

0.003

(0.002,0.004)

2.8

2.8

(2.7,2.8)

BCI

-4.56

-3.70

(-4.01,-3.39)

-0.003

-0.002

(-0.004,0.000)

0.004

0.004

(0.003,0.005)

2.8

2.8

(2.7,2.9)

Mo Singto

-3.66

-2.15

(-2.56,-1.73)

-0.004

-0.004

(-0.007,-0.001)

0.005

0.005

(0.003,0.007)

2.7

2.6

(2.4,2.7)

Huai Kha Khaeng

-4.44

-3.09

(-3.56,-2.62)

-0.001

0.000

(-0.004,0.004)

0.005

0.006

(0.003,0.009)

2.8

2.7

(2.6,2.8)

Palanan

-3.98

-3.59

(-3.81,-3.38)

0.000

0.000

(-0.003,0.002)

0.004

0.004

(0.002,0.006)

2.7

2.7

(2.6,2.7)

Palamanui

-0.35

-0.14

(-0.40,0.11)

-0.003

-0.007

(-0.031,0.016)

0.008

0.006

(-0.010,0.021)

1.1

1.1

(0.4,1.9)

Laupahoehoe

-1.91

-1.01

(-1.86,-0.17)

0.007

0.007

(-0.006,0.020)

0.006

0.017

(0.005,0.029)

1.8

1.7

(0.5,2.8)

Heishiding

-3.25

-1.85

(-2.16,-1.53)

-0.003

-0.004

(-0.006,-0.002)

0.007

0.006

(0.005,0.007)

2.7

2.5

(2.4,2.6)

Lienhuachih

-3.10

-1.15

(-1.50,-0.81)

0.000

0.000

(-0.004,0.004)

0.005

0.005

(0.004,0.006)

2.5

2.2

(2.0,2.4)

Fushan

-3.28

-2.27

(-2.76,-1.78)

0.006

0.007

(0.000,0.014)

0.008

0.008

(0.006,0.010)

2.2

2.3

(2.1,2.6)

Utah

-0.89

-0.63

(-1.52,0.25)

-0.022

-0.020

(-0.058,0.018)

0.005

0.004

(-0.006,0.013)

1.6

2.2

(1.6,2.8)

Yosemite

-0.88

-0.72

(-1.22,-0.23)

-0.014

-0.027

(-0.169,0.115)

-0.100

-0.109

(-0.156,-0.061)

2.2

1.8

(0.9,2.6)

Tyson

-1.92

-0.53

(-1.04,-0.02)

-0.016

-0.018

(-0.029,-0.008)

-0.018

-0.008

(-0.024,0.007)

2.6

2.4

(2.0,2.8)

SCBI

-3.12

-0.87

(-1.47,-0.26)

-0.006

-0.011

(-0.026,0.003)

-0.005

-0.008

(-0.019,0.003)

2.8

2.6

(2.4,2.9)

SERC

-1.47

-0.92

(-1.52,-0.32)

-0.037

-0.044

(-0.068,-0.019)

0.007

0.015

(-0.001,0.031)

2.7

2.4

(1.9,2.8)

Lilly Dickey Woods

-2.75

-0.73

(-1.44,-0.01)

-0.004

-0.003

(-0.039,0.033)

0.008

0.021

(-0.002,0.044)

2.4

2.2

(1.6,2.8)

Harvard Forest

-1.48

-0.41

(-0.74,-0.08)

-0.023

-0.020

(-0.032,-0.009)

0.008

0.010

(0.004,0.016)

2.3

2.2

(1.8,2.5)

Wabikon Lake

-0.96

-0.48

(-0.95,-0.01)

0.020

0.021

(0.002,0.040)

-0.004

-0.001

(-0.012,0.009)

1.3

1.8

(1.2,2.5)

Wind River

-0.94

-0.76

(-1.70,0.18)

-0.012

-0.013

(-0.047,0.020)

0.007

0.001

(-0.026,0.027)

2.4

2.4

(1.9,3.0)

Zofin

-1.76

-0.21

(-0.99,0.57)

-0.044

-0.038

(-0.070,-0.006)

-0.031

-0.016

(-0.045,0.014)

3.1

2.2

(0.9,3.5)

Forest plot
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Table S4. Median and weighted-mean estimates of conspecific negative density dependence (CNDD), density dependence from
heterospecific adults (adult HNDD) and heterospecific saplings (sapling HNDD), and per-capita recruitment at low densities
(r) measured at the 20×20 m scale (Ricker model). 95% confidence intervals (CI) are provided, and plots are ordered as in Table S1.
Median
CNDD

Mean
CNDD

Mean
CNDD CI

Median
adult
HNDD

Mean
adult
HNDD

Mean adult
HDD CI

Median
sapling
HNDD

Mean
sapling
HNDD

Mean sapling
HNDD CI

Median
r

Mean
r

Mean r CI

Rabi

-1.78

-0.64

(-0.84,-0.44)

-0.001

-0.001

(-0.002,0.001)

0.002

0.002

(0.001,0.003)

2.1

2.0

(1.8,2.2)

Korup

-3.07

-0.94

(-1.17,-0.70)

-0.001

-0.002

(-0.003,-0.001)

0.002

0.001

(0.001,0.002)

2.6

2.5

(2.3,2.6)

Wanang

-2.85

-1.94

(-2.16,-1.72)

0.001

0.001

(-0.000,0.002)

0.002

0.002

(0.001,0.002)

2.4

2.2

(2.1,2.4)

Sinharaja

-1.29

-0.19

(-0.36,-0.03)

0.000

-0.001

(-0.002,0.000)

0.001

0.002

(0.001,0.003)

2.0

1.7

(1.5,2.0)

Khao Chong

-2.84

-1.80

(-2.07,-1.54)

-0.002

-0.002

(-0.003,-0.000)

0.003

0.003

(0.002,0.004)

2.4

2.3

(2.2,2.5)

BCI

-3.30

-1.36

(-1.69,-1.04)

-0.003

-0.003

(-0.005,-0.002)

0.004

0.003

(0.002,0.004)

2.4

2.4

(2.2,2.6)

Mo Singto

-1.98

-0.75

(-1.04,-0.45)

-0.002

-0.002

(-0.003,-0.001)

0.003

0.003

(0.002,0.004)

2.4

2.1

(1.9,2.4)

Huai Kha Khaeng

-3.21

-1.02

(-1.37,-0.66)

-0.004

-0.002

(-0.005,0.001)

0.004

0.004

(0.002,0.006)

2.6

2.3

(2.1,2.5)

Palanan

-2.44

-1.44

(-1.70,-1.18)

0.000

0.000

(-0.001,0.002)

0.003

0.003

(0.002,0.003)

2.2

2.1

(1.9,2.3)

Palamanui

-0.08

-0.03

(-0.11,0.06)

-0.003

-0.003

(-0.015,0.009)

0.001

0.000

(-0.005,0.006)

0.8

0.9

(0.3,1.6)

Laupahoehoe

-0.38

-0.19

(-0.64,0.27)

0.002

0.002

(-0.007,0.010)

0.005

0.007

(0.002,0.013)

0.7

0.9

(-0.7,2.5)

Heishiding

-1.66

-0.46

(-0.64,-0.28)

-0.004

-0.004

(-0.005,-0.002)

0.004

0.004

(0.003,0.005)

2.1

1.9

(1.7,2.1)

Lienhuachih

-0.91

-0.34

(-0.54,-0.13)

-0.001

0.000

(-0.002,0.002)

0.003

0.003

(0.002,0.003)

1.1

1.5

(1.1,1.8)

Fushan

-1.37

-0.48

(-0.77,-0.18)

0.003

0.005

(0.002,0.009)

0.004

0.004

(0.003,0.005)

1.1

1.0

(0.6,1.5)

Utah

-0.21

-0.13

(-0.43,0.16)

-0.009

-0.004

(-0.017,0.008)

0.001

0.002

(-0.002,0.006)

1.1

1.6

(0.7,2.4)

Yosemite

-0.36

-0.22

(-0.37,-0.07)

0.012

0.005

(-0.059,0.069)

0.046

0.035

(0.009,0.060)

-0.3

0.4

(-0.9,1.6)

Tyson

-0.25

-0.40

(-0.77,-0.02)

-0.004

-0.005

(-0.014,0.003)

-0.010

-0.004

(-0.013,0.005)

1.2

1.4

(0.9,2.0)

SCBI

-0.88

-0.30

(-0.62,0.02)

-0.011

-0.011

(-0.021,-0.002)

0.001

-0.001

(-0.008,0.005)

1.6

1.7

(1.2,2.2)

SERC

-0.37

-0.18

(-0.35,-0.00)

-0.032

-0.035

(-0.047,-0.024)

0.011

0.011

(0.005,0.018)

1.9

1.6

(0.9,2.2)

Lilly Dickey Woods

-0.76

-0.19

(-0.53,0.15)

-0.003

-0.007

(-0.025,0.010)

0.014

0.014

(0.005,0.022)

1.7

1.6

(0.8,2.4)

Harvard Forest

-0.33

-0.11

(-0.27,0.05)

-0.008

-0.008

(-0.013,-0.004)

0.005

0.006

(0.002,0.009)

1.3

1.5

(0.9,2.0)

Wabikon Lake

-0.37

-0.17

(-0.50,0.17)

0.005

0.003

(-0.002,0.009)

0.004

0.005

(-0.000,0.010)

1.5

1.3

(0.4,2.3)

Wind River

-0.32

-0.22

(-0.61,0.18)

-0.002

-0.003

(-0.013,0.008)

0.000

0.003

(-0.002,0.008)

1.9

1.8

(1.0,2.6)

Zofin

-0.10

-0.02

(-0.25,0.21)

-0.014

-0.015

(-0.038,0.009)

-0.012

-0.004

(-0.018,0.011)

1.8

1.3

(0.2,2.4)

Forest Plot
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Table S5. Relationships between the strength of conspecific negative density dependence (CNDD) and species richness and
diversity across forest plots. Relationships between the median value of CNDD in a forest plot (measured at the 10×10 m quadrat
scale with the Ricker model) and species richness may have been influenced by the inclusion of rare species (i.e. with small sample
sizes). To ensure this was not the case, the strength of CNDD was measured using progressively-restrictive datasets, each one
excluding a greater proportion of rare species than the prior one. These measurements were then regressed against forest-wide rarefied
richness (rarefied to 7,083 individuals), forest-wide Shannon diversity indices, mean-local (20×20 m quadrat) rarefied richness
(rarefied to 20 individuals), and mean-local Shannon diversity indices. Spearman-rank correlation coefficients (rs) for relationships of
species richness and diversity metrics with CNDD and associated P-values are presented for each test (N = 24 forest plots).
Relationships were highly significant in all cases. In this manuscript, we report results excluding species with adults or saplings in
fewer than 10 quadrats because relationships between conspecific adult and sapling densities across quadrats (i.e. measurements of
CNDD) are not reliable for species with such low sample sizes. Qualitatively similar relationships were found if we removed species
with adults and sapling occupying fewer than 1%, 2%, and 4% of quadrats in a forest plot (these percentages removed approximately
the same number of species from the analysis as noted for the quadrat thresholds in this table). We also show results from the
truncation analysis, where species with a maximum conspecific adult density lower than three adults per quadrat were removed, and
all remaining data was truncated at a conspecific adult density of 10 adults per quadrat.

Dataset (Ricker model
at the 10×10 m scale)

Total
number
of
species

CNDD & forest
rarefied richness

CNDD & forest
Shannon diversity

CNDD & meanlocal rarefied
richness

CNDD & meanlocal Shannon
diversity

rs

P

rs

P

rs

P

rs

P

Species with both adults and saplings
present in ≥ 10 quadrats each

1,919

-0.903

< 0.0001

-0.862

< 0.0001

-0.875

< 0.0001

-0.865

< 0.0001

Species with both adults and saplings
present in ≥ 30 quadrats each

1,549

-0.918

< 0.0001

-0.887

< 0.0001

-0.898

< 0.0001

-0.885

< 0.0001

Species with both adults and saplings
present in ≥ 50 quadrats each

1,276

-0.886

< 0.0001

-0.859

< 0.0001

-0.858

< 0.0001

-0.839

< 0.0001

Truncation analysis

1,084

-0.868

< 0.0001

-0.856

< 0.0001

-0.860

< 0.0001

-0.857

< 0.0001
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Table S6. Relationships between the strength of conspecific negative density dependence (CNDD) and species richness and
diversity across forest plots. Relationships between the median value of CNDD in a forest plot (measured at the 20×20 m quadrat
scale with the Ricker model) and species richness may have been influenced by the inclusion of rare species (i.e. with small sample
sizes). To ensure this was not the case, the strength of CNDD was measured using progressively-restrictive datasets, each one
excluding a greater proportion of rare species than the prior one. These measurements were then regressed against forest-wide rarefied
richness (rarefied to 7,083 individuals), forest-wide Shannon diversity indices, mean-local (20×20 m quadrat) rarefied richness
(rarefied to 20 individuals), and mean-local Shannon diversity indices. Spearman-rank correlation coefficients (rs) for relationships of
species richness and diversity metrics with CNDD and associated P-values are presented for each test (N = 24 forest plots).
Relationships were highly significant in all cases. In this manuscript, we report results excluding species with adults or saplings in
fewer than 10 quadrats because relationships between conspecific adult and sapling densities across quadrats (i.e. measurements of
CNDD) are not reliable for species with such low sample sizes. Qualitatively similar relationships were found if we removed species
with adults and sapling occupying fewer than 1%, 2%, and 4% of quadrats in a forest plot (these percentages removed approximately
the same number of species from the analysis as noted for the quadrat thresholds in this table). We also show results from the
truncation analysis, where species with a maximum conspecific adult density lower than three adults per quadrat were removed, and
all remaining data was truncated at a conspecific adult density of 10 adults per quadrat.

Dataset (Ricker model
at the 20×20 m scale)

Total
number
of
species

CNDD & forest
rarefied richness

CNDD & forest
Shannon diversity

CNDD & meanlocal rarefied
richness

CNDD & meanlocal Shannon
diversity

rs

P

rs

P

rs

P

rs

P

Species with both adults and saplings
present in ≥ 10 quadrats each

1,443

-0.904

< 0.0001

-0.871

< 0.0001

-0.873

< 0.0001

-0.866

< 0.0001

Species with both adults and saplings
present in ≥ 30 quadrats each

1,126

-0.892

< 0.0001

-0.856

< 0.0001

-0.859

< 0.0001

-0.836

< 0.0001

Species with both adults and saplings
present in ≥ 50 quadrats each

887

-0.855

< 0.0001

-0.827

< 0.0001

-0.804

< 0.0001

-0.778

< 0.0001

1,058

-0.929

< 0.0001

-0.917

< 0.0001

-0.910

< 0.0001

-0.903

< 0.0001

Truncation analysis
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Table S7. Relationships between the strength of negative frequency dependence (NFD) and species richness and diversity
across forest plots. Relationships between the median value of NFD in a forest plot (measured at the 10×10 m and the 20×20 m
quadrat scales with the Ricker model) and species richness and diversity. Spearman-rank correlation coefficients (rs) and associated Pvalues are shown for each test (N = 24 forest plots). Median NFD was calculated as the median value of CNDD minus the median
value of HNDD for heterospecific adults (see materials and methods). See Tables S5 and S6 for descriptions of species richness and
diversity metrics. We also show results from the truncation analysis, where species with a maximum conspecific adult density lower
than three adults per quadrat were removed, and all remaining data truncated at a conspecific adult density of 10 adults per quadrat.
Dataset (Ricker model
at the 10×10 m scale)

NFD & forest
Total number
rarefied richness
of species
rs
P

NFD & forest
Shannon
diversity
rs
P

NFD & meanlocal rarefied
richness
rs
P

NFD & meanlocal Shannon
diversity
rs
P

Species with both adults and saplings
present in ≥ 10 quadrats each

1,919

-0.900 < 0.0001

-0.858 < 0.0001

-0.876 < 0.0001

-0.866 < 0.0001

Species with both adults and saplings
present in ≥ 30 quadrats each

1,549

-0.920 < 0.0001

-0.888 < 0.0001

-0.899 < 0.0001

-0.887 < 0.0001

Species with both adults and saplings
present in ≥ 50 quadrats each

1,276

-0.881 < 0.0001

-0.851 < 0.0001

-0.853 < 0.0001

-0.834 < 0.0001

Truncation analysis

1,084

-0.869 < 0.0001

-0.857 < 0.0001

-0.861 < 0.0001

-0.859 < 0.0001

NFD & forest
Shannon
diversity
rs
P

NFD & meanlocal rarefied
richness
rs
P

NFD & meanlocal Shannon
diversity
rs
P

Dataset (Ricker model
at the 20×20 m scale)

NFD & forest
Total number rarefied richness
of species
rs
P

Species with both adults and saplings
present in ≥ 10 quadrats each

1,443

-0.896 < 0.0001

-0.867 < 0.0001

-0.868 < 0.0001

-0.861 < 0.0001

Species with both adults and saplings
present in ≥ 30 quadrats each

1,126

-0.889 < 0.0001

-0.854 < 0.0001

-0.851 < 0.0001

-0.828 < 0.0001

Species with both adults and saplings
present in ≥ 50 quadrats each

887

-0.853 < 0.0001

-0.830 < 0.0001

-0.808 < 0.0001

-0.783 < 0.0001

1,058

-0.931 < 0.0001

-0.923 < 0.0001

-0.917 < 0.0001

-0.911 < 0.0001

Truncation analysis
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Table S8. Relationships between species abundance and the strength of conspecific negative
density dependence (CNDD) across species within each forest plot. Results are shown for
estimates of density dependence using the Ricker model. Intercepts and slopes for species
abundance predicting the strength of CNDD are shown with 95% confidence intervals (CI). Plots
are ordered as in Table S1.
Relationship between species abundance in a forest plot and CNDD
Forest plot

CNDD measured at the 10×10 m scale

CNDD measured at the 20×20 m scale

Intercept

Int. CI

Slope

Slope CI

Intercept

Int. CI

Slope

Slope CI

Rabi

-1.02

(-1.51,-0.52)

0.38

(0.24,0.53)

0.24

(-0.15,0.63)

0.33

(0.20,0.46)

Korup

-1.29

(-1.83,-0.75)

0.47

(0.33,0.60)

0.21

(-0.20,0.62)

0.41

(0.28,0.54)

Wanang

-3.33

(-3.72,-2.93)

0.22

(0.12,0.31)

-0.67

(-1.12,-0.23)

0.38

(0.26,0.50)

Sinharaja

-0.37

(-0.68,-0.07)

0.59

(0.46,0.71)

-0.02

(-0.18,0.14)

0.23

(0.13,0.33)

Khao Chong

-3.48

(-3.92,-3.04)

0.13

(0.01,0.25)

-0.85

(-1.42,-0.29)

0.29

(0.14,0.45)

BCI

-2.91

(-3.50,-2.32)

0.26

(0.09,0.42)

-0.44

(-0.91,0.02)

0.41

(0.25,0.58)

Mo Singto

-0.79

(-1.44,-0.13)

0.49

(0.30,0.69)

0.10

(-0.48,0.68)

0.30

(0.12,0.48)

Huai Kha Khaeng

-1.84

(-2.55,-1.13)

0.46

(0.25,0.67)

-0.47

(-0.90,-0.04)

0.31

(0.15,0.46)

Palanan

-2.79

(-3.23,-2.34)

0.26

(0.13,0.39)

-0.55

(-0.95,-0.16)

0.36

(0.23,0.49)

Palamanui

-0.11

(-0.43,0.22)

0.06

(-0.20,0.31)

-0.02

(-0.13,0.10)

0.02

(-0.08,0.12)

Laupahoehoe

-1.33

(-1.80,-0.85)

0.39

(0.24,0.55)

-0.58

(-1.09,-0.06)

0.21

(0.02,0.40)

Heishiding

-0.76

(-1.29,-0.24)

0.35

(0.21,0.49)

-0.05

(-0.31,0.21)

0.18

(0.09,0.26)

Lienhuachih

-0.32

(-0.72,0.09)

0.48

(0.32,0.64)

-0.04

(-0.35,0.28)

0.16

(0.03,0.29)

Fushan

-1.36

(-1.88,-0.84)

0.56

(0.36,0.76)

-0.21

(-0.48,0.07)

0.34

(0.19,0.50)

Utah

-0.92

(-1.72,-0.13)

0.31

(0.01,0.61)

-0.46

(-0.79,-0.14)

0.20

(0.05,0.34)

Yosemite

-0.77

(-1.33,-0.21)

0.06

(-0.14,0.27)

-0.29

(-0.44,-0.14)

0.05

(-0.01,0.10)

Tyson

-1.18

(-2.59,0.23)

-0.24

(-0.74,0.25)

-0.28

(-0.71,0.15)

0.10

(-0.08,0.29)

SCBI

-1.56

(-3.26,0.14)

-0.29

(-0.94,0.37)

-0.40

(-1.03,0.22)

-0.05

(-0.31,0.21)

SERC

-0.78

(-1.59,0.02)

0.08

(-0.22,0.38)

-0.20

(-0.39,-0.01)

-0.02

(-0.09,0.04)

Lilly Dickey Woods

-0.69

(-1.85,0.46)

0.01

(-0.39,0.42)

-0.20

(-0.68,0.27)

-0.01

(-0.21,0.19)

Harvard Forest

-0.18

(-0.82,0.47)

0.08

(-0.11,0.28)

-0.10

(-0.43,0.24)

0.00

(-0.11,0.12)

Wabikon Lake

-0.32

(-0.82,0.18)

0.17

(-0.05,0.38)

-0.16

(-0.48,0.17)

0.14

(-0.07,0.35)

Wind River

-1.17

(-2.62,0.28)

-0.13

(-0.46,0.21)

-0.24

(-0.78,0.31)

-0.01

(-0.14,0.12)

Zofin

-1.12

(-1.19,-1.04)

0.33

(0.31,0.36)

-0.77

(-1.05,-0.48)

0.24

(0.15,0.32)
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Table S9. Expected values for CNDD and HNDD (measured with Ricker model) given neutral dynamics and no density
dependence, and standardized effect sizes (SES). Means and SD of expected values for CNDD, adult HNDD, sapling HNDD, and
the slope between CNDD and species abundance within each forest plot from neutral models. See materials and methods for details.
Forest plot

Neutral
CNDD

Neutral
CNDD
SD

CNDD
SES

Neutral
Adult
HNDD

Neutral
Adult
HNDD
SD

Adult
HNDD
SES

Neutral
Sapling
HNDD

Neutral
Sapling
HNDD
SD

Sapling
HNDD
SES

Neutral
CNDDabund
slope

Neutral
CNDD-abund
slope SD

CNDDabund
slope SES

Rabi, Gabon

-0.146

0.010

-163.8

-0.007

0.00

4.2

-0.008

Korup, Cameroon

-0.152

0.006

-448.9

-0.009

0.00

8.5

-0.008

0.001

9.7

0.036

0.006

47.9

0.001

12.2

0.035

0.009

43.2

Wanang, Papua New Guinea

-0.169

0.008

-345.8

-0.010

0.00

10.7

-0.010

0.001

14.8

0.037

0.010

34.7

Sinharaja, Sri Lanka

-0.134

0.011

-104.1

-0.008

0.00

6.7

-0.007

0.001

9.2

0.038

0.010

19.9

Khao Chong, Thailand

-0.192

0.010

-252.6

-0.013

Barro Colorado Island, Panama

-0.166

0.012

-267.3

-0.012

0.00

5.5

-0.013

0.002

9.1

0.048

0.012

21.0

0.00

7.7

-0.012

0.001

13.7

0.034

0.009

40.1

Mo Singto, Thailand

-0.166

0.012

-155.2

-0.012

0.00

6.2

-0.012

0.001

11.7

0.040

0.010

26.7

Huai Kha Khaeng, Thailand

-0.217

0.011

-262.2

-0.024

0.00

8.0

-0.023

0.002

13.9

0.045

0.013

19.8

Palanan, Phillipines

-0.170

Palamanui, Hawaii, USA

-0.120

0.016

-143.4

-0.011

0.00

4.4

-0.011

0.002

7.5

0.045

0.014

22.8

0.035

1.2

-0.012

0.01

1.5

-0.015

0.004

3.6

0.050

0.022

-1.4

Laupahoehoe, Hawaii, USA

-0.118

0.036

-7.3

-0.014

0.01

2.5

-0.014

0.004

4.3

0.054

0.025

6.1

Heishiding, China

-0.157

0.008

-177.4

-0.012

0.00

5.0

-0.012

0.001

15.4

0.037

0.009

15.9

Lienhuachih, Taiwan

-0.134

0.014

-55.4

-0.009

0.00

5.3

-0.008

0.001

11.4

0.039

0.010

12.4

Fushan, Taiwan

-0.139

0.012

-102.2

-0.011

0.00

7.6

-0.011

0.001

11.0

0.040

0.011

27.3

Utah Cedar Breaks, USA

-0.172

0.027

-1.3

-0.024

0.01

3.0

-0.024

0.004

5.8

0.053

0.020

7.2

Yosemite National Park, USA

-0.590

0.060

3.9

-0.078

0.02

5.2

-0.093

0.015

9.0

0.085

0.055

-0.7

Tyson Research Center, USA
Smithsonian Conservation
Biology Institute (SCBI), USA
Smithsonian Environmental
Research Center (SERC), USA

-0.220

0.025

-1.3

-0.030

0.01

4.7

-0.029

0.004

5.0

0.055

0.022

2.2

-0.279

0.025

-24.4

-0.040

0.01

4.3

-0.040

0.005

7.6

0.055

0.027

-4.0

-0.224

0.019

-7.9

-0.030

0.01

-0.4

-0.030

0.006

6.9

0.054

0.026

-3.0

Lilly Dickey Woods, USA

-0.256

0.025

-19.9

-0.039

0.01

6.7

-0.038

0.005

10.7

0.054

0.026

-2.4

Harvard Forest, USA

-0.177

0.016

-9.5

-0.021

0.00

5.1

-0.020

0.002

12.4

0.044

0.019

-2.1

Wabikon Lake, USA

-0.205

0.021

-7.9

-0.030

0.00

8.3

-0.028

0.004

9.0

0.049

0.019

4.8

Wind River, USA

-0.254

0.021

-3.0

-0.039

0.01

6.1

-0.039

0.005

8.4

0.054

0.023

-2.7

Zofin, Czech Republic

-0.141

0.028

1.3

-0.017

0.00

0.8

-0.019

0.004

1.7

0.045

0.019

9.9
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Table S10. Mean Mantel correlation coefficients testing for spatial auto-correlation in
CNDD model residuals for each forest plot (Ricker model). Mantel tests assessed for
relationships between model residuals of each species and spatial distance within each forest
plot. Results are shown for models estimating CNDD at the 20×20-m scale, but correlations were
similar for models estimating CNDD at the 10×10-m scale. Mean Mantel correlation coefficients
(rm) across species are shown, along with the SD of these coefficients and their mean P-value for
each forest plot.
Forest plot
Rabi, Gabon
Korup, Cameroon
Wanang, Papua New Guinea
Sinharaja, Sri Lanka
Khao Chong, Thailand
Barro Colorado Island, Panama
Mo Singto, Thailand
Huai Kha Khaeng, Thailand
Palanan, Phillipines
Palamanui, Hawaii, USA
Laupahoehoe, Hawaii, USA
Heishiding, China
Lienhuachih, Taiwan
Fushan, Taiwan
Utah Cedar Breaks, USA
Yosemite National Park, USA
Tyson Research Center, USA
Smithsonian Conservation Biology
Institute (SCBI), USA
Smithsonian Environmental
Research Center (SERC), USA
Lilly Dickey Woods, USA
Harvard Forest, USA
Wabikon Lake, USA
Wind River, USA
Zofin, Czech Republic

Mean rm
0.003
0.001
0.005
0.009
0.013
0.009
0.014
-0.009
0.009
-0.014
0.033
0.008
0.011
-0.008
-0.015
0.032
0.016

SD rm
0.048
0.030
0.035
0.048
0.042
0.034
0.037
0.030
0.037
0.089
0.036
0.053
0.055
0.046
0.037
0.012
0.053

Mean P
0.474
0.501
0.470
0.478
0.400
0.412
0.364
0.636
0.414
0.533
0.275
0.470
0.481
0.553
0.700
0.110
0.394

-0.025

0.056

0.675

0.039

0.060

0.314

0.015
0.010
0.019
0.006
-0.030

0.057
0.053
0.050
0.043
0.005

0.392
0.362
0.440
0.416
0.965
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Table S11. Mean estimates of conspecific negative density dependence (CNDD), density dependence from heterospecific adults
(adult HNDD) and heterospecific saplings (sapling HNDD), and per-capita recruitment at low densities (r) measured at the
10×10 m scale (hierarchical offset-power model). 95% confidence intervals (CI) are provided, and plots are ordered as in Table S1.
CNDD

CNDD CI

Adult
HNDD

Adult HDD CI

Sapling
HNDD

Sapling HNDD CI

r

r CI

Rabi, Gabon

0.27

(0.24,0.31)

-0.0003

(-0.0007,-0.0001)

0.0045

(0.0041,0.0048)

0.027

(0.027,0.028)

Korup, Cameroon

0.18

(0.15,0.22)

0.0006

(0.0004,0.0008)

0.0035

(0.0033,0.0037)

0.020

(0.020,0.020)

Wanang, Papua New Guinea

0.14

(0.12,0.15)

0.0006

(0.0005,0.0008)

0.0047

(0.0046,0.0049)

0.019

(0.018,0.019)

Sinharaja, Sri Lanka

0.27

(0.22,0.31)

-0.0011

(-0.0016,-0.0006)

0.0056

(0.0051,0.0061)

0.025

(0.025,0.026)

Khao Chong, Thailand

0.15

(0.13,0.18)

0.0006

(0.0004,0.0009)

0.0051

(0.0049,0.0053)

0.017

(0.017,0.017)

Barro Colorado Island, Panama

0.13

(0.10,0.16)

-0.0010

(-0.0012,-0.0008)

0.0036

(0.0033,0.0038)

0.021

(0.021,0.021)

Mo Singto, Thailand

0.20

(0.16,0.25)

-0.0019

(-0.0023,-0.0016)

0.0058

(0.0054,0.0061)

0.026

(0.025,0.026)

Huai Kha Khaeng, Thailand

0.13

(0.10,0.17)

-0.0013

(-0.0015,-0.0010)

0.0038

(0.0035,0.0040)

0.015

(0.014,0.015)

Palanan, Phillipines

0.18

(0.15,0.21)

0.0011

(0.0006,0.0015)

0.0054

(0.0049,0.0058)

0.028

(0.027,0.028)

Palamanui, Hawaii, USA

0.50

(0.24,0.75)

-0.0095

(-0.0210,0.0020)

0.0157

(0.0043,0.0271)

0.162

(0.007,0.317)

Laupahoehoe, Hawaii, USA

0.22

(0.07,0.36)

0.0239

(0.0168,0.0310)

0.0319

(0.0252,0.0386)

0.139

(0.035,0.243)

Heishiding, China

0.26

(0.22,0.30)

-0.0011

(-0.0014,-0.0008)

0.0084

(0.0081,0.0087)

0.025

(0.025,0.026)

Lienhuachih, Taiwan

0.34

(0.28,0.39)

0.0015

(0.0006,0.0024)

0.0197

(0.0188,0.0205)

0.047

(0.034,0.060)

Fushan, Taiwan

0.19

(0.14,0.23)

0.0105

(0.0096,0.0114)

0.0254

(0.0245,0.0263)

0.067

(0.038,0.097)

Utah Cedar Breaks, USA
Yosemite National Park, USA

0.50
0.31

(0.18,0.82)
(0.02,0.60)

-0.0079
-0.0137

(-0.0132,-0.0026)
(-0.0211,-0.0063)

-0.0038
-0.0251

(-0.0090,0.0015)
(-0.0323,-0.0180)

0.051
0.058

(0.046,0.056)
(0.049,0.066)

Tyson Research Center, USA
Smithsonian Conservation
Biology Institute (SCBI), USA
Smithsonian Environmental
Research Center (SERC), USA
Lilly Dickey Woods, USA

0.38

(0.22,0.54)

-0.0040

(-0.0056,-0.0024)

-0.0058

(-0.0074,-0.0043)

0.028

(0.027,0.029)

0.25

(0.14,0.36)

-0.0017

(-0.0028,-0.0006)

-0.0039

(-0.0050,-0.0028)

0.020

(0.019,0.021)

0.32

(0.16,0.48)

-0.0117

(-0.0135,-0.0100)

0.0008

(-0.0009,0.0026)

0.030

(0.028,0.032)

0.30

(0.16,0.43)

-0.0070

(-0.0085,-0.0054)

0.0033

(0.0017,0.0048)

0.048

(0.003,0.092)

Harvard Forest, USA

0.52

(0.37,0.67)

-0.0065

(-0.0075,-0.0056)

0.0137

(0.0128,0.0147)

0.026

(0.025,0.027)

Wabikon Lake, USA

0.39

(0.22,0.56)

0.0135

(0.0115,0.0155)

-0.0057

(-0.0077,-0.0037)

0.056

(0.003,0.110)

Wind River, USA

0.36

(0.16,0.55)

-0.0077

(-0.0101,-0.0053)

0.0050

(0.0027,0.0074)

0.099

(0.025,0.174)

Zofin, Czech Republic

0.39

(0.29,0.49)

-0.0036

(-0.0092,0.0020)

-0.0075

(-0.0128,-0.0023)

0.122

(-0.064,0.307)

Forest plot
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Table S12. Mean estimates of conspecific negative density dependence (CNDD), density dependence from heterospecific adults
(adult HNDD) and heterospecific saplings (sapling HNDD), and per-capita recruitment at low densities (r) measured at the
20×20 m scale (hierarchical offset-power model). 95% confidence intervals (CI) are provided, and plots are ordered as in Table S1.
CNDD

CNDD CI

Adult
HNDD

Adult HDD CI

Sapling
HNDD

Sapling HNDD CI

r

r CI

Rabi, Gabon

0.49

(0.44,0.54)

-0.0018

(-0.0029,-0.0007)

0.0118

(0.0107,0.0129)

0.061

(0.060,0.062)

Korup, Cameroon

0.33

(0.28,0.38)

-0.0009

(-0.0017,-0.0001)

0.0097

(0.0089,0.0104)

0.046

(0.046,0.047)

Wanang, Papua New Guinea

0.28

(0.25,0.31)

-0.0010

(-0.0016,-0.0004)

0.0124

(0.0118,0.0130)

0.049

(0.048,0.049)

Sinharaja, Sri Lanka

0.45

(0.39,0.50)

-0.0064

(-0.0082,-0.0047)

0.0142

(0.0124,0.0160)

0.058

(0.057,0.060)

Khao Chong, Thailand

0.30

(0.26,0.33)

0.0009

(-0.0000,0.0018)

0.0135

(0.0126,0.0144)

0.049

(0.048,0.050)

Barro Colorado Island, Panama

0.24

(0.20,0.29)

-0.0025

(-0.0032,-0.0018)

0.0090

(0.0083,0.0097)

0.051

(0.050,0.051)

Mo Singto, Thailand

0.36

(0.29,0.43)

-0.0068

(-0.0080,-0.0056)

0.0116

(0.0104,0.0128)

0.061

(0.060,0.062)

Huai Kha Khaeng, Thailand

0.23

(0.17,0.28)

-0.0052

(-0.0062,-0.0043)

0.0113

(0.0104,0.0123)

0.037

(0.036,0.038)

Palanan, Phillipines

0.32

(0.27,0.36)

-0.0004

(-0.0019,0.0011)

0.0145

(0.0130,0.0161)

0.073

(0.071,0.074)

Palamanui, Hawaii, USA

0.67

(0.40,0.95)

-0.0128

(-0.0390,0.0134)

-0.0002

(-0.0264,0.0261)

0.194

(-0.045,0.432)

Laupahoehoe, Hawaii, USA

0.39

(0.15,0.62)

0.0363

(0.0174,0.0553)

0.0490

(0.0318,0.0663)

0.240

(0.052,0.428)

Heishiding, China

0.44

(0.39,0.49)

-0.0062

(-0.0072,-0.0052)

0.0196

(0.0186,0.0206)

0.062

(0.061,0.063)

Lienhuachih, Taiwan

0.53

(0.47,0.59)

-0.0089

(-0.0120,-0.0059)

0.0464

(0.0434,0.0494)

0.100

(0.076,0.124)

Fushan, Taiwan

0.34

(0.28,0.39)

0.0174

(0.0145,0.0202)

0.0520

(0.0492,0.0549)

0.145

(0.095,0.195)

Utah Cedar Breaks, USA
Yosemite National Park, USA

0.63
0.38

(0.32,0.93)
(0.01,0.75)

0.0062
-0.0066

(-0.0071,0.0195)
(-0.0185,0.0052)

0.0106
0.0108

(-0.0026,0.0239)
(-0.0000,0.0217)

0.065
0.051

(0.053,0.077)
(0.036,0.065)

Tyson Research Center, USA
Smithsonian Conservation
Biology Institute (SCBI), USA
Smithsonian Environmental
Research Center (SERC), USA
Lilly Dickey Woods, USA

0.56

(0.38,0.74)

-0.0061

(-0.0113,-0.0010)

-0.0068

(-0.0120,-0.0017)

0.041

(0.037,0.045)

0.38

(0.25,0.51)

-0.0042

(-0.0078,-0.0006)

-0.0057

(-0.0093,-0.0021)

0.040

(0.037,0.043)

0.44

(0.25,0.62)

-0.0258

(-0.0309,-0.0207)

0.0132

(0.0082,0.0182)

0.053

(0.047,0.058)

0.42

(0.26,0.59)

-0.0214

(-0.0261,-0.0167)

0.0202

(0.0156,0.0249)

0.085

(0.015,0.154)

Harvard Forest, USA

0.69

(0.53,0.86)

-0.0134

(-0.0162,-0.0107)

0.0316

(0.0289,0.0344)

0.041

(0.038,0.043)

Wabikon Lake, USA

0.55

(0.35,0.74)

0.0280

(0.0213,0.0346)

-0.0053

(-0.0119,0.0014)

0.109

(0.013,0.205)

Wind River, USA

0.47

(0.23,0.71)

-0.0121

(-0.0186,-0.0056)

0.0131

(0.0070,0.0193)

0.223

(0.064,0.382)

Zofin, Czech Republic

0.54

(0.40,0.68)

-0.0074

(-0.0204,0.0056)

-0.0102

(-0.0222,0.0018)

0.094

(-0.031,0.219)

Forest plot
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Table S13. Mean Mantel correlation coefficients testing for spatial auto-correlation in
CNDD model residuals for each forest plot (offset-power model). Mantel tests assessed for
relationships between model residuals of each species and spatial distance within each forest
plot. Results are shown for models estimating CNDD at the 20×20-m scale, but correlations were
similar for models estimating CNDD at the 10×10-m scale. Mean Mantel correlation coefficients
(rm) across species are shown, along with the SD of these coefficients and their mean P-value for
each forest plot.
Forest plot
Rabi, Gabon
Korup, Cameroon
Wanang, Papua New Guinea
Sinharaja, Sri Lanka
Khao Chong, Thailand
Barro Colorado Island, Panama
Mo Singto, Thailand
Huai Kha Khaeng, Thailand
Palanan, Phillipines
Palamanui, Hawaii, USA
Laupahoehoe, Hawaii, USA
Heishiding, China
Lienhuachih, Taiwan
Fushan, Taiwan
Utah Cedar Breaks, USA
Yosemite National Park, USA
Tyson Research Center, USA
Smithsonian Conservation Biology
Institute (SCBI), USA
Smithsonian Environmental
Research Center (SERC), USA
Lilly Dickey Woods, USA
Harvard Forest, USA
Wabikon Lake, USA
Wind River, USA
Zofin, Czech Republic

Mean rm
0.008
0.012
0.010
0.017
0.029
0.016
0.021
-0.010
0.011
0.005
0.028
0.016
0.023
-0.004
0.010
0.026
0.022

SD rm
0.049
0.046
0.040
0.049
0.049
0.037
0.039
0.037
0.039
0.072
0.040
0.057
0.053
0.049
0.046
0.017
0.060

Mean P
0.429
0.425
0.410
0.407
0.309
0.372
0.319
0.624
0.393
0.478
0.318
0.418
0.387
0.597
0.463
0.170
0.340

0.047

0.060

0.240

0.012

0.081

0.447

0.018
0.010
0.022
0.005
-0.015

0.058
0.056
0.068
0.034
0.014

0.382
0.407
0.443
0.382
0.728
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Table S14. Relationships between the strength of conspecific negative density dependence (CNDD) and species richness and
diversity across forest plots. Relationships between the mean value of CNDD in a forest plot (measured at the 10×10 m quadrat scale
with the offset-power model) and species richness may have been influenced by the inclusion of rare species (i.e. with small sample
sizes). To ensure this was not the case, the strength of CNDD was measured using progressively-restrictive datasets, each one
excluding a greater proportion of rare species than the prior one. Because a hierarchical model was used for these estimates, we could
also use all data to measure the strength of CNDD because species with small samples sizes would not greatly affect the mean for a
forest plot. These measurements were then regressed against forest-wide rarefied richness (rarefied to 7,083 individuals), forest-wide
Shannon diversity indices, mean-local (20×20 m quadrat) rarefied richness (rarefied to 20 individuals), and mean-local Shannon
diversity indices. Spearman-rank correlation coefficients (rs) for relationships of species richness and diversity metrics with CNDD
and associated P-values are presented for each test (N = 24 forest plots). Relationships were highly significant in all cases. In this
manuscript, we report results excluding species with adults or saplings in fewer than 10 quadrats because relationships between
conspecific adult and sapling densities across quadrats (i.e. measurements of CNDD) are not reliable for species with such low sample
sizes. Qualitatively similar relationships were found if we removed species with adults and sapling occupying fewer than 1%, 2%, and
4% of quadrats in a forest plot (these percentages removed approximately the same number of species from the analysis as noted for
the quadrat thresholds in this table).

Dataset (offset-power model
at the 10×10 m scale)

Total
number
of
species

CNDD & forest
rarefied richness

CNDD & forest
Shannon diversity

CNDD & meanlocal rarefied
richness

CNDD & meanlocal Shannon
diversity

rs

P

rs

P

rs

P

rs

P

All data

3,185

-0.710

0.0002

-0.643

0.0009

-0.694

0.0002

-0.678

0.0004

Species with both adults and saplings
present in ≥ 10 quadrats each

2,196

-0.768

< 0.0001

-0.727

< 0.0001

-0.767

< 0.0001

-0.762

< 0.0001

Species with both adults and saplings
present in ≥ 30 quadrats each

1,659

-0.800

< 0.0001

-0.761

< 0.0001

-0.795

< 0.0001

-0.798

< 0.0001

Species with both adults and saplings
present in ≥ 50 quadrats each

1,352

-0.636

0.0011

-0.614

0.0018

-0.634

0.0011

-0.631

0.0012
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Table S15. Relationships between the strength of conspecific negative density dependence (CNDD) and species richness and
diversity across forest plots. Relationships between the mean value of CNDD in a forest plot (measured at the 20×20 m quadrat scale
with the offset-power model) and species richness may have been influenced by the inclusion of rare species (i.e. with small sample
sizes). To ensure this was not the case, the strength of CNDD was measured using progressively-restrictive datasets, each one
excluding a greater proportion of rare species than the prior one. Because a hierarchical model was used for these estimates, we could
also use all data to measure the strength of CNDD because species with small samples sizes would not greatly affect the mean for a
forest plot. These measurements were then regressed against forest-wide rarefied richness (rarefied to 7,083 individuals), forest-wide
Shannon diversity indices, mean-local (20×20 m quadrat) rarefied richness (rarefied to 20 individuals), and mean-local Shannon
diversity indices. Spearman-rank correlation coefficients (rs) for relationships of species richness and diversity metrics with CNDD
and associated P-values are presented for each test (N = 24 forest plots). Relationships were highly significant in most cases. In this
manuscript, we report results excluding species with adults or saplings in fewer than 10 quadrats because relationships between
conspecific adult and sapling densities across quadrats (i.e. measurements of CNDD) are not reliable for species with such low sample
sizes. Qualitatively similar relationships were found if we removed species with adults and sapling occupying fewer than 1%, 2%, and
4% of quadrats in a forest plot (these percentages removed approximately the same number of species from the analysis as noted for
the quadrat thresholds in this table).

Dataset (offset-power model
at the 20×20 m scale)

Total
number
of
species

CNDD & forest
rarefied richness

CNDD & forest
Shannon diversity

CNDD & meanlocal rarefied
richness

CNDD & meanlocal Shannon
diversity

rs

P

rs

P

rs

P

rs

P

All data

3,185

-0.515

0.0110

-0.443

0.0315

-0.486

0.0171

-0.477

0.0197

Species with both adults and saplings
present in ≥ 10 quadrats each

2,173

-0.656

0.0007

-0.598

0.0024

-0.617

0.0017

-0.611

0.0019

Species with both adults and saplings
present in ≥ 30 quadrats each

1,611

-0.650

0.0008

-0.611

0.0019

-0.637

0.0011

-0.645

0.0009

Species with both adults and saplings
present in ≥ 50 quadrats each

1,276

-0.475

0.0202

-0.458

0.0255

-0.454

0.0270

-0.457

0.0258
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Table S16. Relationships between species richness or diversity and the ratio of conspecific negative density dependence
(CNDD) to heterospecific density dependence (HNDD) across forest plots. Relationships between the ratio of CNDD to HNDD in
a forest plot (measured at the 10×10 m and the 20×20 m quadrat scales with the offset-power model) and species richness and
diversity. Spearman-rank correlation coefficients (rs) and associated P-values are shown for each test (N = 24 forest plots). See Tables
S14 and S15 for descriptions of species richness and diversity metrics.
Species richness or
diversity metric

Offset-power model
10×10-m scale
20×20-m scale
rs

P

rs

P

Forest rarefied richness
Forest observed richness
Forest Shannon diversity

0.806
0.795
0.807

< 0.001
< 0.001
< 0.001

0.610
0.598
0.612

0.002
0.002
0.002

Local rarefied richness
Local observed richness
Local Shannon diversity

0.852
0.871
0.866

< 0.001
< 0.001
< 0.001

0.654
0.664
0.678

0.001
0.001
0.000
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Table S17. Relationships between species abundance and the strength of conspecific
negative density dependence (CNDD) across species within each forest plot. Results are
shown for estimates of density dependence using the offset-power model. Intercepts and slopes
for species abundance predicting the strength of CNDD are shown with 95% confidence
intervals (CI). Plots are ordered as in Table S1.
Relationship between species abundance in a forest plot and CNDD
Forest plot

CNDD measured at the 10×10 m scale

CNDD measured at the 20×20 m scale

Intercept

Int. CI

Slope

Slope CI

Intercept

Int. CI

Slope

Slope CI

Rabi

0.43

(0.36,0.51)

0.11

(0.06,0.15)

0.75

(0.66,0.85)

0.18

(0.12,0.24)

Korup

0.30

(0.22,0.37)

0.07

(0.03,0.11)

0.51

(0.40,0.61)

0.11

(0.05,0.16)

Wanang

0.24

(0.20,0.28)

0.07

(0.04,0.09)

0.53

(0.46,0.59)

0.16

(0.12,0.19)

Sinharaja

0.43

(0.36,0.50)

0.13

(0.08,0.18)

0.65

(0.56,0.74)

0.16

(0.10,0.23)

Khao Chong

0.22

(0.17,0.27)

0.04

(0.01,0.07)

0.45

(0.38,0.53)

0.10

(0.06,0.15)

BCI

0.18

(0.12,0.24)

0.04

(-0.00,0.08)

0.39

(0.30,0.49)

0.11

(0.05,0.17)

Mo Singto

0.36

(0.27,0.45)

0.11

(0.06,0.17)

0.61

(0.49,0.73)

0.18

(0.10,0.26)

Huai Kha Khaeng

0.13

(0.07,0.20)

0.00

(-0.04,0.04)

0.28

(0.19,0.38)

0.05

(-0.02,0.11)

Palanan

0.32

(0.26,0.38)

0.11

(0.07,0.15)

0.61

(0.53,0.69)

0.22

(0.17,0.28)

Palamanui

0.54

(0.14,0.94)

0.05

(-0.29,0.39)

0.72

(0.29,1.15)

0.06

(-0.30,0.42)

Laupahoehoe

0.22

(0.07,0.38)

0.01

(-0.10,0.12)

0.39

(0.14,0.65)

0.02

(-0.17,0.20)

Heishiding

0.31

(0.23,0.38)

0.03

(-0.01,0.08)

0.51

(0.41,0.61)

0.05

(-0.01,0.11)

Lienhuachih

0.37

(0.29,0.46)

0.03

(-0.03,0.09)

0.57

(0.48,0.66)

0.04

(-0.02,0.10)

Fushan

0.19

(0.13,0.26)

0.01

(-0.04,0.05)

0.35

(0.28,0.43)

0.02

(-0.04,0.07)

Utah

0.50

(0.14,0.85)

-0.09

(-0.40,0.21)

0.62

(0.30,0.95)

-0.08

(-0.36,0.20)

Yosemite

0.38

(0.06,0.70)

-0.19

(-0.50,0.11)

0.47

(0.09,0.86)

-0.27

(-0.63,0.10)

Tyson

0.23

(0.05,0.42)

-0.22

(-0.39,-0.04)

0.38

(0.18,0.57)

-0.28

(-0.46,-0.09)

SCBI

0.20

(0.05,0.36)

-0.07

(-0.22,0.08)

0.33

(0.15,0.50)

-0.08

(-0.25,0.10)

SERC

0.29

(0.10,0.48)

-0.06

(-0.23,0.11)

0.41

(0.19,0.62)

-0.07

(-0.26,0.12)

Lilly Dickey Woods

0.23

(0.06,0.40)

-0.08

(-0.20,0.04)

0.34

(0.13,0.55)

-0.09

(-0.24,0.06)

Harvard Forest

0.36

(0.15,0.57)

-0.13

(-0.26,-0.01)

0.51

(0.28,0.73)

-0.15

(-0.28,-0.02)

Wabikon Lake

0.31

(0.11,0.50)

-0.12

(-0.27,0.03)

0.42

(0.22,0.63)

-0.17

(-0.33,-0.02)

Wind River

0.26

(0.08,0.44)

-0.15

(-0.28,-0.02)

0.34

(0.13,0.55)

-0.2

(-0.35,-0.05)

Zofin

0.42

(0.32,0.52)

0.03

(-0.01,0.08)

0.58

(0.44,0.72)

0.05

(-0.02,0.12)
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Table S18. Expected values for CNDD and HNDD (measured with offset-power model) given neutral dynamics and no density
dependence, and standardized effect sizes (SES). Means and SD of expected values for CNDD, adult HNDD, sapling HNDD, and
the slope between CNDD and species abundance within each forest plot from neutral models. See materials and methods for details.
Neutral
CNDD

Neutral
CNDD
SD

CNDD
SES

Neutral
Adult
HNDD

Neutral
Adult
HNDD
SD

Adult
HNDD
SES

Neutral
Sapling
HNDD

Neutral
Sapling
HNDD
SD

Sapling
HNDD
SES

Neutral
CNDDabund
slope

Neutral
CNDDabund
slope SD

CNDDabund
slope
SES

Rabi, Gabon

1.027

0.005

-106.3

-0.006

Korup, Cameroon

1.031

0.003

-219.6

-0.004

0.001

4.4

-0.008

0.001

25.7

0.044

0.007

20.1

0.000

11.1

-0.005

0.000

51.5

0.036

0.006

11.9

Wanang, Papua New Guinea

1.033

0.004

-178.8

-0.003

0.000

8.5

-0.005

0.000

64.5

0.030

0.006

21.1

Sinharaja, Sri Lanka

1.025

0.006

-94.4

-0.007

0.001

0.8

-0.009

0.001

23.9

0.054

0.007

15.8

Khao Chong, Thailand

1.028

Barro Colorado Island, Panama

1.027

0.006

-124.2

-0.004

0.001

8.2

-0.006

0.000

42.6

0.028

0.010

6.0

0.005

-163.7

-0.005

0.000

7.4

-0.007

0.000

35.9

0.038

0.007

9.1

Mo Singto, Thailand

1.026

0.007

-100.7

-0.006

0.001

-1.3

-0.008

0.001

33.5

0.042

0.009

14.8

Huai Kha Khaeng, Thailand

1.025

0.005

-146.0

-0.005

0.000

-0.4

-0.007

0.000

47.7

0.029

0.009

1.8

Palanan, Phillipines

1.022

0.005

-138.5

-0.007

0.001

6.6

-0.009

0.001

25.0

0.042

0.007

24.6

Palamanui, Hawaii, USA

0.832

0.026

-6.1

-0.028

0.010

1.6

-0.052

0.012

4.3

-0.205

0.048

5.4

Laupahoehoe, Hawaii, USA

0.850

0.026

-17.7

-0.027

0.009

7.2

-0.043

0.011

8.5

-0.208

0.039

5.8

Heishiding, China

1.026

0.006

-98.8

-0.006

0.000

-0.1

-0.008

0.001

54.1

0.045

0.009

0.7

Lienhuachih, Taiwan

0.980

0.007

-69.0

-0.008

0.001

-0.5

-0.012

0.001

57.7

-0.080

0.007

18.4

Fushan, Taiwan

0.976

0.008

-83.0

-0.010

0.001

22.3

-0.013

0.001

64.2

-0.083

0.008

12.3

Utah Cedar Breaks, USA

0.980

0.020

-17.9

-0.025

0.004

7.9

-0.038

0.006

7.9

0.055

0.022

-6.2

Yosemite National Park, USA

0.873

0.028

-17.6

-0.026

0.003

6.7

-0.037

0.004

12.2

0.049

0.045

-7.1

Tyson Research Center, USA
Smithsonian Conservation
Biology Institute (SCBI), USA
Smithsonian Environmental
Research Center (SERC), USA

0.991

0.014

-30.9

-0.016

0.002

4.3

-0.023

0.002

6.8

0.063

0.018

-19.1

0.991

0.011

-54.8

-0.013

0.002

5.3

-0.018

0.002

6.9

0.047

0.016

-7.9

0.998

0.014

-40.2

-0.013

0.002

-7.6

-0.018

0.003

12.0

0.048

0.018

-6.3

Lilly Dickey Woods, USA

0.946

0.015

-35.2

-0.017

0.002

-2.1

-0.024

0.003

17.4

-0.094

0.015

0.2

Harvard Forest, USA

1.008

0.011

-29.0

-0.013

0.002

-0.2

-0.019

0.001

36.4

0.061

0.016

-13.7

Wabikon Lake, USA

0.939

0.011

-34.9

-0.017

0.002

27.6

-0.024

0.003

7.5

-0.113

0.016

-3.8

Wind River, USA

0.922

0.015

-29.4

-0.020

0.002

3.2

-0.028

0.002

20.0

-0.111

0.020

-4.4

Zofin, Czech Republic

0.818

0.018

-15.3

-0.030

0.005

4.8

-0.050

0.006

7.1

-0.199

0.040

6.2

Forest plot
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Table S19. Relationships between the strength of conspecific negative density dependence (CNDD) and species richness and
diversity across forest plots with different offset values for the Ricker model. Analyses are identical to those presented in Figs. S1
and S2 above, except 0.01 and 0.001 were used as offset values in the Ricker model. These values were used in place of zero when a
quadrat contained saplings of a focal species but no conspecific adults (see materials and methods for details). Spearman-rank
correlation coefficients (rs) and associated P-values are shown for each test (N = 24 forest plots). See Tables S5 and S6 for
descriptions of species richness and diversity metrics.

Species richness/diversity
metric

Relationship between CNDD and species richness/diversity
10×10 m scale
20×20 m scale
Offset = 0.010
Offset = 0.001
Offset = 0.010
Offset = 0.001
P
P
P
P
rs
rs
rs
rs

Forest rarefied species
richness

-0.883

< 0.001

-0.904

< 0.001

-0.922

< 0.001

-0.745

< 0.001

Forest observed species
richness

-0.878

< 0.001

-0.903

< 0.001

-0.925

< 0.001

-0.739

< 0.001

Forest Shannon species
diversity

-0.851

< 0.001

-0.877

< 0.001

-0.889

< 0.001

-0.703

< 0.001

Mean-local rarefied species
richness

-0.860

< 0.001

-0.886

< 0.001

-0.865

< 0.001

-0.704

< 0.001

Mean-local observed species
richness

-0.850

< 0.001

-0.879

< 0.001

-0.852

< 0.001

-0.698

< 0.001

Mean-local Shannon species
diversity

-0.851

< 0.001

-0.880

< 0.001

-0.854

< 0.001

-0.691

< 0.001
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Table S20. Plot-specific acknowledgments for the Smithsonian CTFS-ForestGEO plots.
Plot
Barro
Colorado
Island
Fushan

Harvard
Forest

Heishiding
Huai Kha
Khaeng and
Khao Chong
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(CENAREST) in Gabon, the Center for Conservation Education and Sustainability (CCES) of the
Smithsonian Conservation Biology Institute (SCBI) and the Center for Tropical Forest Science - Forest
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Smithsonian Environmental Research Center, Earthwatch Institute
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project of the University of Peradeniya, the Center for Tropical Forest Science of the Smithsonian
Tropical Research Institute and the Arnold Arboretum of Harvard University, USA, with
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R scripts
1) R script for non-linear Ricker model for each species
###
###
###
###
###

R script to run nonlinear density dependence model (Ricker model)
to calculate CNDD and HDD for each species in the CTFS-ForestGEO
analysis.
By: J. A. LaManna, updated 02-23-2017

# Load required packages
library(doBy)
library(gnm)
# 1. Load functions for analyses
Ricker <- function(x,Had,Hsap){
list(predictors =
list(r = 1, CNDD = 1, HNDDad = 1, HNDDsap = 1),
variables = list(substitute(x), substitute(Had), substitute(Hsap)),
term = function(predictors, variables) {
pred <- paste("(", variables[1],")*exp(", predictors[1],
")*exp(", predictors[2], "*", variables[1],
")*exp(", predictors[3], "*", variables[2],
")*exp(", predictors[4], "*", variables[3],")+0.0001",
sep = "")
})
}
class(Ricker ) <- "nonlin"
# fit model and plot fit line with nonlinear Ricker function
fit.ricker.cndd = function(data){
x=data$adult; y = data$sap; Hsap = data$Hsap; Had = data$Had
return(tryCatch(gnm(y~-1+Ricker(x,Had,Hsap),family = quasipoisson(link="identity")),
error=function(e) NULL))
}
#
#
#
#
#

2. Definition of variables
sap = number of saplings of a focal species in a quadrat or subquadrat
adult = number of conspecific adults of a focal species in a quadrat or subquadrat
hsap = number of heterospecific saplings in in a quadrat or subquadrat
hadult = number of heterospecific adults in in a quadrat or subquadrat

# 2. Code to prepare data (include non-zero sapling abundances in subquadrats or
#
quadrats with zero adults by adding 0.1, these data are otherwise ignored
#
by the Ricker model)
adult2=adult
adult2[which(adult==0 & sap>0)]=adult2[which(adult==0 & sap>0)]+0.1
data=data.frame("adult"=adult2, "sap"=sap, "Had"=hadult, "Hsap"=hsap)
# 3. Code to run the model for all species in a forest plot
fit=fit.ricker.cndd(data)
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2) R script to calculate CNDD and HDD with lme4
###
###
###
###
###

R script to run linear mixed-effects model (offset-power model)
to calculate CNDD and HDD for each forest plot in the CTFS-ForestGEO
analysis.
By: J. A. LaManna, updated 02-23-2017

# Load required packages
library(lme4)
#
#
#
#
#
#

1. Definition of variables
sap = number of saplings of a focal species in a quadrat or subquadrat
adult = number of conspecific adults of a focal species in a quadrat or subquadrat
hsap = number of heterospecific saplings in in a quadrat or subquadrat
hadult = number of heterospecific adults in in a quadrat or subquadrat
spp = unique identifier for each species

# 2. Code to prepare data
lgsap = log10(1 + sap)
lgadult = log10(1 + adult)
hsap = scale(hsap, center = T, scale = T)
hadult = scale(hsadult, center = T, scale = T)
# 3. Code to run model with full random-effects structure
model=lmer(lgsap~lgadult+hsap+hadult+(lgadult+hsap+hadult|spp),REML=F)
summary(model)
# 4. Code to run model with random-effects for intercept and CNDD only
model=lmer(lgsap~lgadult+hsap+hadult+(lgadult|spp),REML=F)
summary(model)
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3) R script for simulation of data with process and measurement error, functions to fit the data,
and automated simulation tests for model bias across parameter space
###
###
###
###
###
###

R script to simulate data with known value of CNDD, process
error (demographic stochasticity, measurement error
(seeds dispersing across quadrats), and dispersal of seeds outside
the forest plot for CTFS-ForestGEO analysis.
By: J. A. LaManna, updated 04-12-2017

# Load required packages
library(doBy)
library(reshape)
library(VGAM)
library(emdbook)
library(nlme)
library(ggplot2)
library(RColorBrewer)
library(mvtnorm)
library(doBy)
library(ggplot2)
library(pscl)
library(MASS)
library(boot)
######################################################################################
##########
# I. Functions
######################################################################################
##########
### Functions to simulate data with known CNDD
# n = number of quadrats in simulated forest plot
# meanTrees = number of mean adult trees per quadrat
# lambda = per capita recruitment rate (in absence of density dependence)
# trueCNDD = conspecific density dependence (value=1 means no CNDD)
# theta = negative binomial overdispersion parameter
# d = proportion of seeds dispersing outside of the simulated forest plot
# Simple Models
sim.data.simple.power = function(n, meanTrees, lambda, trueCNDD){
consppTrees = rpois(n, meanTrees)
recruits = (lambda)*(consppTrees^trueCNDD) # power law function
data=data.frame(consppTrees,recruits)}
sim.data.simple.ricker = function(n, meanTrees, lambda, trueCNDD){
consppTrees = rpois(n, meanTrees)
recruits = (lambda*consppTrees)*exp(-trueCNDD*consppTrees) # Ricker population model
data=data.frame(consppTrees,recruits)}
# Error Models
# Add measurement error on observed trees per quadrat
sim.data.error.power = function(n, meanTrees, lambda, trueCNDD, theta){
trueTrees = rnbinom(n,size = theta, mu=meanTrees)
truerecruits = (lambda)*(trueTrees^trueCNDD) # power law function
consppTrees = rpois(n,lambda=trueTrees)
recruits = rnbinom(n,size = theta, mu=truerecruits)
data=data.frame(trueTrees,truerecruits,consppTrees,recruits)}
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# same thing but add measurement error on observed trees per quadrat
sim.data.error.ricker = function(n, meanTrees, lambda, trueCNDD, theta){
trueTrees = rnbinom(n,size = theta, mu=meanTrees)
truerecruits = (lambda*trueTrees)*exp(-trueCNDD*trueTrees) # Ricker population model
consppTrees = rpois(n,lambda=trueTrees)
recruits = rnbinom(n,size = theta, mu=truerecruits)
data=data.frame(trueTrees,truerecruits,consppTrees,recruits)}
# Dispersal and error models
# same as error version but some fraction (d) of recruits globally dispersed
sim.data.dispersal.power = function(n, meanTrees, lambda, trueCNDD, theta, d){
trueTrees = rnbinom(n,size = theta, mu=meanTrees)
totRecruits = (lambda)*(trueTrees^trueCNDD) # power law function
localRecruits = totRecruits*(1-d)
recruits=localRecruits + sum(totRecruits)*d/n
recruits = rnbinom(n,size = theta, mu=recruits)
consppTrees = rpois(n,lambda=trueTrees)
data=data.frame(trueTrees,totRecruits,consppTrees,recruits)}
# same as error version but some fraction (d) of recruits globally dispersed
sim.data.dispersal.ricker = function(n, meanTrees, lambda, trueCNDD, theta, d){
trueTrees = rnbinom(n,size = theta, mu=meanTrees)
totRecruits = (lambda*trueTrees)*exp(-trueCNDD*trueTrees) # logistic growth function
localRecruits = totRecruits*(1-d)
recruits=localRecruits + sum(totRecruits)*d/n
recruits = rnbinom(n,size = theta, mu=recruits)
consppTrees = rpois(n,lambda=trueTrees)
data=data.frame(trueTrees,totRecruits,consppTrees,recruits)}
######################################################################################
##########
### Fit Functions
# fit model with log-transformed power function and plot fit line (on real scale)
fit.logpower.cndd = function(data, offset){
x = log(data$consppTrees + offset); y = log(data$recruits + offset)
x2 = data$consppTrees; y2 = data$recruits
plot(x2,jitter(y2),xlab="conspp
trees",ylab="recruits",xlim=c(min(x2),max(x2)),ylim=c(min(y2),max(y2)))
abline(0,1,lty="dashed")
fit = lm(y~x)
test=seq(min(x2),max(x2),length=300)
beta=coef(fit)[2]
int=coef(fit)[1]
sap.pred <- exp(int+(log(offset+test)*beta))-offset
lines(test,sap.pred,col="black")
title(paste0("True CNDD = ",trueCNDD,"; Fit CNDD = ",round(coef(fit)[2],2)))
return(summary(fit))}
# fit model and plot fit line with nonlinear Ricker function
fit.ricker.cndd = function(data, offset){
x=data$consppTrees; y = data$recruits
x[which(x==0 & y>0)]=x[which(x==0 & y>0)] + offset
#Incorporate non-zero values on
y-axis
plot(x,jitter(y),xlab="conspp
trees",ylab="recruits",xlim=c(min(x),max(x)),ylim=c(min(y),max(y)))
abline(0,1,lty="dashed")
fit.power3 <- function(p, X, Y){
CNDD <- (p[1])
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lambda
<- exp(p[2])
y.pred <- (lambda*X)*exp(-CNDD*X)
RSS
<- sum((Y-y.pred)*(Y-y.pred))/length(X)
return(RSS)}
p <- c(CNDD = 0.9, lambda = log(0.04))
tmp <- optim(p, fit.power3, method="Nelder-Mead", X=x, Y=y,
control=list(maxit=20000,trace=0));
best.pow.optim <- c(tmp$par[1],exp(tmp$par[2]))
CNDD=best.pow.optim[1]
lambda=best.pow.optim[2]
test=seq(min(x),max(x),length=300)
sap.pred <- (lambda*test)*exp(-CNDD*test)
lines(test,sap.pred,col="black")
title(paste0("True CNDD = ",trueCNDD,"; Fit CNDD = ",round(CNDD,2)))
return(best.pow.optim)}
######################################################################################
##########
# II. Simple: no observation or measurement error, no dispersal
######################################################################################
##########
# Simple Power Simulation
n = 1000
meanTrees = 2
trueCNDD = 0.1
# True conspecific negative density-dependence (1 = no CNDD; lower
values = stronger CNDD)
lambda = 0.9
data = sim.data.simple.power(n = n, meanTrees = meanTrees, lambda = lambda, trueCNDD =
trueCNDD)
fit.logpower.cndd(data,offset=1)
# Simple Ricker Simulation
n = 1000
meanTrees = 2
trueCNDD = 0.1
# True conspecific negative density-dependence (0 = no CNDD;
higher values = stronger CNDD)
lambda = 0.9
data = sim.data.simple.ricker(n,meanTrees,lambda=lambda,trueCNDD=trueCNDD)
fit.ricker.cndd(data,offset=0.1)
######################################################################################
##########
# III. Add observation and measurement error
######################################################################################
##########
# assume recruits observed with NO observation error but
# that number of trees in quadrat is not a perfect measure
# of either seeds landing in quadrat (due to dispersal across
# plot boundaries) or number of trees influencing seedling
# success (edge effects)
meanTrees = 2 # Mean number of adult trees per quadrat
n = 1000
# Number of quadrats
trueCNDD = 0.1
# True conspecific negative density-dependence (1 = no CNDD; lower
values = stronger CNDD)
lambda = 1.00 # Density-independent population growth rate
theta = 1
# Error
data = sim.data.error.power(n = n, meanTrees = meanTrees, lambda = lambda, trueCNDD =
trueCNDD, theta = theta)
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fit.logpower.cndd(data,offset=1)
meanTrees = 2
n = 1000
trueCNDD = 0.10
# True conspecific negative density-dependence (0 = no CNDD;
higher values = stronger CNDD)
lambda = 1.00
theta = 1
data = sim.data.error.ricker(n = n, meanTrees = meanTrees, lambda = lambda, trueCNDD =
trueCNDD, theta = theta)
fit.ricker.cndd(data,offset=0.1)
######################################################################################
##########
# IV. Add dispersal and observation and measurement error
######################################################################################
##########
# Measurement error, 90% of recruits stay put, 10% are globally dispersed
meanTrees = 2 # Mean number of adult trees per quadrat
n = 1000
# Number of quadrats
trueCNDD = 0.1
# True conspecific negative density-dependence (1 = no CNDD; lower
values = stronger CNDD)
lambda = 1.00 # Density-independent population growth rate
theta = 1
# Error
d = 0.10
# Dispersal Factor
data = sim.data.dispersal.power(n = n, meanTrees = meanTrees, lambda = lambda,
trueCNDD = trueCNDD, theta = theta, d = d)
fit.logpower.cndd(data,offset=1)
meanTrees = 2 # Mean number of adult trees per quadrat
n = 1000
# Number of quadrats
trueCNDD = 0.02
# True conspecific negative density-dependence (0 = no CNDD;
higher values = stronger CNDD, d = d)
lambda = 1.00
theta = 1
d = 0.10
data = sim.data.dispersal.ricker(n = n, meanTrees = meanTrees, lambda = lambda,
trueCNDD = trueCNDD, theta = theta, d = d)
fit.ricker.cndd(data,offset=0.1)
######################################################################################
##
######################################################################################
##
### Functional form simulations
# Simulate data for 100 iterations of each combination of CNDD
# and lambda. Compare across different values of theta, n, meanTrees, and d.
######################################################################################
##
### Simulate data with power model as underlying function
set.seed(1254)
n = 1000
its = 15
space
k = 100

# Number of quadrats
# number of breaks between extreme values of CNDD in parameter
# number of iterations for each parameter combination

54

# meanTrees = Mean number of trees per quadrat
# d = proportion of seeds dispersing out of plot
# theta = Error (negative binomial scale parameter)
testCNDD = seq(0.1,1.15,length=its)
testlambda = seq(0.3,1.5,length=6)
testmeanTrees = c(0.11, 0.31, 0.63, 1.13, 1.03, 3.30) # Based on values in data (min,
25th percentile, median, mean, 75th percentile, and 90th percentile of mean adult
densities across plots)
testd = c(0.1, 0.2, 0.3)
testTheta = c(0.1, 0.5, 1.0, 1.5, 2.0)
testOffset = c(0.01, 0.1, 1)
offsetmatrix =
data.frame(matrix(c(NA),nrow=its*length(testlambda)*length(testmeanTrees)*length(testd
)*length(testTheta)*length(testOffset),ncol=8))
names(offsetmatrix) = c("knownCNDD", "knownLambda", "meanTrees", "d", "theta",
"offset", "estCNDD", "estLambda")
offsetmatrix$knownCNDD = rep(testCNDD, each = dim(offsetmatrix)[1]/length(testCNDD))
offsetmatrix$knownLambda = rep(testlambda, each =
dim(offsetmatrix)[1]/length(testCNDD)/length(testlambda))
offsetmatrix$meanTrees = rep(testmeanTrees, each =
dim(offsetmatrix)[1]/length(testCNDD)/length(testlambda)/length(testmeanTrees))
offsetmatrix$d = rep(testd, each =
dim(offsetmatrix)[1]/length(testCNDD)/length(testlambda)/length(testmeanTrees)/length(
testd))
offsetmatrix$theta = rep(testTheta, each =
dim(offsetmatrix)[1]/length(testCNDD)/length(testlambda)/length(testmeanTrees)/length(
testd)/length(testTheta))
offsetmatrix$offset = rep(testOffset, each =
dim(offsetmatrix)[1]/length(testCNDD)/length(testlambda)/length(testmeanTrees)/length(
testd)/length(testTheta)/length(testOffset))
begin.time = Sys.time()
for(i in 1:dim(offsetmatrix)[1]) {
trueCNDD = offsetmatrix$knownCNDD[i]
offsetfitCNDDlist=c()
offsetfitlambdalist=c()
for(z in 1:k) {
data = sim.data.dispersal.power(n=n, meanTrees=offsetmatrix$meanTrees[i],
lambda=offsetmatrix$knownLambda[i],
trueCNDD=offsetmatrix$knownCNDD[i], theta=offsetmatrix$theta[i],
d=offsetmatrix$d[i])
offsetfit = fit.logpower.cndd(data,offset=offsetmatrix$offset[i])
offsetfitCNDDlist = append(offsetfitCNDDlist,offsetfit$coef[2,1])
offsetfitlambdalist = append(offsetfitlambdalist,exp(offsetfit$coef[1,1]))
}
offsetmatrix$estCNDD[i]=mean(offsetfitCNDDlist,na.rm=T)
offsetmatrix$estLambda[i]=mean(offsetfitlambdalist,na.rm=T)
}
end.time = Sys.time()
duration.offset = end.time - begin.time
##############################
### For Ricker model
set.seed(1254)
n = 1000
its = 15
space
k = 100

# Number of quadrats
# number of breaks between extreme values of CNDD in parameter
# number of iterations for each parameter combination
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# meanTrees = Mean number of trees per quadrat
# d = proportion of seeds dispersing out of plot
# theta = Error (negative binomial scale parameter)
testCNDD = seq(-0.05,2.0,length=its)
testlambda = seq(0.3,4.0,length=6)
testmeanTrees = c(0.11, 0.31, 0.63, 1.13, 1.03, 3.30) # Based on values in data (min,
25th percentile, median, mean, 75th percentile, and 90th percentile of mean adult
densities across plots)
testd = c(0.1, 0.2, 0.3)
testTheta = c(0.1, 0.5, 1.0, 1.5, 2.0)
testOffset = c(0.001, 0.01, 0.1)
rickermatrix =
data.frame(matrix(c(NA),nrow=its*length(testlambda)*length(testmeanTrees)*length(testd
)*length(testTheta)*length(testOffset),ncol=8))
names(rickermatrix) = c("knownCNDD", "knownLambda", "meanTrees", "d", "theta",
"offset", "estCNDD", "estLambda")
rickermatrix$knownCNDD = rep(testCNDD, each = dim(rickermatrix)[1]/length(testCNDD))
rickermatrix$knownLambda = rep(testlambda, each =
dim(rickermatrix)[1]/length(testCNDD)/length(testlambda))
rickermatrix$meanTrees = rep(testmeanTrees, each =
dim(rickermatrix)[1]/length(testCNDD)/length(testlambda)/length(testmeanTrees))
rickermatrix$d = rep(testd, each =
dim(rickermatrix)[1]/length(testCNDD)/length(testlambda)/length(testmeanTrees)/length(
testd))
rickermatrix$theta = rep(testTheta, each =
dim(rickermatrix)[1]/length(testCNDD)/length(testlambda)/length(testmeanTrees)/length(
testd)/length(testTheta))
rickermatrix$offset = rep(testOffset, each =
dim(rickermatrix)[1]/length(testCNDD)/length(testlambda)/length(testmeanTrees)/length(
testd)/length(testTheta)/length(testOffset))
begin.time = Sys.time()
for(i in 1:dim(rickermatrix)[1]) {
trueCNDD = rickermatrix$knownCNDD[i]
rickerfitCNDDlist = c()
rickerfitlambdalist = c()
for(z in 1:k) {
data = sim.data.dispersal.ricker(n=n, meanTrees=rickermatrix$meanTrees[i],
lambda=rickermatrix$knownLambda[i],
trueCNDD=rickermatrix$knownCNDD[i], theta=rickermatrix$theta[i],
d=rickermatrix$d[i])
rickerfit = fit.ricker.cndd(data,offset=rickermatrix$offset[i])
rickerfitCNDDlist = append(rickerfitCNDDlist, rickerfit[1])
rickerfitlambdalist = append(rickerfitlambdalist, rickerfit[2])
}
rickermatrix$estCNDD[i] = mean(rickerfitCNDDlist, na.rm = T)
rickermatrix$estLambda[i] = mean(rickerfitlambdalist, na.rm = T)
}
end.time = Sys.time()
duration.ricker = end.time - begin.time
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