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1. Summary statistics of the ATDN data sets

Supplementary Table 1 — Summary statistics of the ATDN 2019 data set, compared to the previous versions of
the data base. The number and pooled area of plots and the number of trees species and individuals do not
include the plots for which only tree density is known (see main text).

2013 2013 updated 2019
Total Amazon lowland forest area (ha) 6.99 x 102 5.79 x 102 5.79 x 10%
Estimated total Nr of trees in Amazon 3.90 x 10" 3.06 x 10* 3.06 x 10*
Nr of plots 1170 1162 1946
Pooled plot area (ha) 1080 1072 2042
Nr of sampled trees 639,939 633000 1,101,368
Nr of sampled trees identified 553,949 541,155 979,614
Nr of sampled species 4962 4531 5027




2. Estimates of tree species richness in Amazon - methods

Parametric estimates from estimated population sizes

Logseries expansion (LSE): This method estimates total species richness from a line that joins the
25% and the 75% quantiles of the rank-abundance plot of the whole community 2. Assuming that at
least the last part of this rank-abundance plot is well approximated by a logseries, the extension of
this line down to the smallest possible abundance hits the x-axis at the value of the total species
richness 12, Therefore, the LSE estimator is simply the ratio between the intercept and the slope of
the line that cross the central quantiles of the rank-abundance plot of the community 23.

We thus derived this line from the rank-abundance plots of the estimated population sizes of all
Amazonian trees, as in refs 4, The intercept and slope of this line were estimated from a simple
linear regression fitted to the values within the central quantiles of abundances (25%-75%). As the
total abundances of trees are estimates (see ref 6 and methods in the main text), we used a
parametric bootstrap to apply the LSE method taking into account the estimation errors of species
abundances. We calculated the bootstrap confidence intervals of the populations of all species
based on 500 bootstraps of the plot data.

We then simulated new abundances for each species by drawing independent values from Gaussian
distributions. For each species, these Gaussian distributions had mean and standard deviation equal
to the estimated abundance of the species, and the standard deviation of the estimate abundances,
respectively. For each set of simulated abundances, we then estimated species richness by LSE. The
final point estimate of LSE species richness was the mean of the estimates obtained from the
bootstrap samples. The range estimate was the empirical bootstrap 95% confidence interval (that is,
the 2.5% and 97.5% quantiles of the bootstrap LSE estimates). We simulated 200 bootstrap samples
for each data set (2013, 2013 updated and 2019).

Approximate Bayesian Computation (ABC): we used ABC to find the combination of sampling and
regional species abundance distributions that best approximates the empirical distribution of
population sizes. As detailed in the section “Simulations that best approximate the distribution of
total population sizes”, this method provides point and range estimates of the regional species
richness.

Parametric estimates from species abundances in the plots

Logseries (LS): The logseries was among the first attempts to mathematically describe the
relationship between the number of species and number of individuals in random samples from
ecological communities 5. The logseries is a limit case of the distribution of abundances observed in a
Poisson sample (i.e. sampling process in an infinite population with random species distributions),
taken from a regional SAD (i.e. the entire Amazon here) with a large number of species. It is formally
described by:

Tooon (Eq. 1)



where: @, is the number of species with n individuals in the sample; a is Fisher’s o and x = N/(N + a)
with N being the number of individuals in the total sample. The logseries is essentially a geometric
summation, which builds up from the first term (®.), the singletons. The number of singletons is
thus predictable in a logseries (D1 = ax) and always is the largest class. As x approaches 1 for
reasonably large samples, ®; asymptotically approaches a in such samples. Hence, we expect a from
samples to quickly approach a of the total landscape (i.e. metacommunity), after which it will be
practically independent of sample size. The original numerical recipe to calculate Fisher’s a from the
known number of individuals (N) and species (S) is to solve iteratively :

s
¢~ Wm1+N/a) (Eq. 2]

which is equivalent to the maximum likelihood method to estimate a °. By rearranging equation 2
we have the original expression proposed by Fisher for the expected number of species in a log
series for a given N number of individuals:

S = cxln||1+£l|
\ a (Eq. 3)

Which we then used to estimate the total number of tree species in Amazon for each data set, from
the values of a estimated from the fit of logseries to the species abundances in the sample of plots
and the total number of trees estimated for Amazon (see ‘Tree density’ in the main text).

Zero-truncated Poisson lognormal (PLN): Like the logseries, the PLN was developed based on
sampling theory of SADs 72, It assumes the observed SAD can be described as a Poisson sample of a
regional SAD that follows a lognormal distribution, which is approximated by the ‘veil line’
truncation of the lognormal °. The Poisson-lognormal is the analytical solution for this sampling
model, as Fisher's logseries is an analytical limit case for a Poisson-gamma (or negative binomial)
distribution. The Poisson-lognormal has two parameters: o,, which corresponds to the parameter o
of the underlying lognormal (the standard deviation of the logarithm of species abundances), and p,,
which corresponds to the parameter u of the lognormal (the mean of the logarithm of species
abundances) plus the logarithm of sampling intensity:

My = u+log(p] (Eq. 4)

The PLN fitted to empirical SADs is truncated at zero, as species with no individuals recorded in the
sample are unknown. As any zero-truncated distribution, once fitted PLN allows the proportion of
species that have not been sampled to be calculated, thus allowing to estimate the total number of
species in the sampled community 012,

Zero-Truncated Negative binomial (TNB): The TNB is widely used as a phenomenological model to
fit count data with aggregation. It is the distribution that again results from a Poisson sample, yet
from a Gamma distribution &. The TNB can also be derived from first principles based on simple
birth-death-immigration stochastic dynamics 24, It has two free parameters, r and §,, and at the
limit r -> 0 the TNB converges to the LS >7#12, After fitting the TNB to data, we can use sampling
intensity p (the proportion of all individuals included in the sample or the proportion of total area



covered by the sample) to estimate the number of species in the entire Amazon (S) using the
following equation 12

g . g (1=(1-8))

T1-(1-&) (Eq. 5)
where
F- %o _

p+1-p)g, (Eq. 6)

Model fitting, model selection and estimating species richness: For each dataset we fitted LS, PLN
and TNB to the distribution of abundances of species in the pooled plots. To fit each model to these
empirical SADs we used computational maximization of likelihood functions using the R package
‘sads’ *3. We then used information-based model selection to identify the model best supported by
each data set, using Akaike’s Information Criterion (AIC, 1°).

For each of the three SADs models fitted, the estimated total number of species in the sampled
community is a monotonic function of the fitted parameters. Thus, the values of these functions at
the lower and upper limit of the likelihood intervals of the model parameters provides a likelihood
interval of the estimated species richness °. We adopted the log-likelihood ratio of 2 to estimate
these intervals.

Adding conspecific aggregation by simulation of plot samples

As detailed above, the estimators of species richness that we used assume a model for sampling, a
model for the species abundance distributions sampled, or both. All those methods, except ABC,
assume independent and constant probability of any individual be included in the sample, which is
more tractable analytically. For trees or any sessile organism this assumption implies in random
spatial distribution of all species at the scale of sampling units (plots in our case). Nevertheless,
tropical trees in general show spatial aggregation at a wide range of scales, while the degree of
clumping varies among species 7%, Therefore, sampling models that take into account species-
specific clumping patterns might be a more accurate description of the abundance and richness
patterns found in the ATDN data set. Conspecific aggregation is indeed well defined in the sampling
theory of SADs 7, and its outcomes can be easily assessed with parametric computer simulations (e.g.
®). We simulated samples of alternative abundance distributions with and without species-specific
clumping to (i) identify which combination of sampling and SAD best approximates the distribution
of population abundances in each data set; (ii) use this best-approximation model to estimate biases
in the estimations of species richness.

We generated random draws of 1-ha plots from logseries, lognormal and truncated negative
binomial distributions with varying number of species, but keeping all other parameters from the
empirical data. The total number of individuals in each sampled distribution was fixed to the total



number of trees estimated for Amazon, and the sample sizes were fixed at the number of plots, in
each data set. For the parameter o of the lognormal and parameters r and € of the truncated
negative binomial simulated distributions we used the values estimated by fitting these distributions
to the empirical data, as described in the previous section. The parameter pu of the lognormal was
calculated from the estimated parameter 1, of the Poisson-lognormal fit to the empirical data and
the total number of trees (equation 6). Fisher’s a of the logseries was calculated from the total
number of trees and the number of species in each simulation (equation 2).

We drew values of abundances of each species in each plot from a Poisson distribution to simulate
samples with random dispersion of trees, and from a negative binomial distribution to simulate
samples with species-specific clumping. Both sampling distributions have a parameter that
corresponds to their mean, which in our case is the density of each species per hectare in the whole
area sampled. This parameter was then set to the species abundances in the simulated regional SAD
divided by the total area of Amazon adopted in each data set. The negative binomial has one
additional parameter that expresses the degree of dispersion. We assigned a value of this dispersion
parameter (k) from its relationship with species densities in the empirical data sets, as follows, for
each data set:

1 — Estimate the empirical values of k from the observed occupancy of each species (details below);

2 —Fit a linear regression of the empirical values of k as function of the species density, in log scale
(Supplementary Fig. 8);

3 — Use this linear regression to assign a value of the parameter k to each species in the simulated
regional SAD: take the density of each species from the regional SAD, calculate the expected value of
k from the regression and add a random Gaussian error with zero mean and standard deviation
equal to the residual standard error of the regression.

To estimate the empirical values of k for each species, we used computer optimization to find the
value of this parameter that minimizes the likelihood function:

Lk | u,N,f,) = foln(1—p)+(N—f,JInp (Eq.7)
where fy is the number of plots where the species was not recorded, N is the total of plots in the

data set and p is the occupancy probability (the probability of recording the species in each plot)
according to a negative binomial with parameters p and k:

f v
p=1- | ki |

RTH] (Eq. 8)
where  is the expected value, or the mean, of the negative binomial distribution. The likelihood
function L is conditioned on (i, N, fo ) because these parameters are taken from the empirical data,
including p, which was set as the density by 1-ha plots of each species. The likelihood function
assumes that the observed number of occupied plots by each species in each data set is a binomial
variable with a constant probability of success p. Therefore, we did not take into account spatial
autocorrelation of occupancies, but even such first-order approximation for the effect of species-



specific clumping proved to be a better model in comparison with the assumption of random
dispersion (results in the main text and below).

Simulations that best approximate the distribution of total population sizes

Approximate Bayesian Computation (ABC): ABC compares summary statistics calculated from the
data and from models to estimate (approximate) posterior probabilities of models and their
parameters, given the observed data. We used an approximate Bayesian computation (ABC, 2>?!) to
find which combination of regional SAD (logseries, truncated negative binomial or lognormal) and
sampling (with random or species-specific clumping) best approximated the total population sizes
estimated from each data set. ABC compares summary statistics output by competing models
(usually simulations) with those observed in a dataset to assign (approximate) posterior probabilities
to each model. The observed values of the statistics are targets to which the results of each
simulations are compared, by a standardized Euclidean distance. The proportion of simulations of
each model that are below a given distance threshold estimates the posterior probability of the
model given the data, and thus provides a Bayesian model-selection criterion based on
computational simulations.

We applied ABC to estimate the posterior distribution of the number of species, assuming that the
population sizes estimated from the data sets are an output of a sample of plots from a logseries
regional SAD, with species-specific spatial clumping. This simulation model had the highest posterior
probability among competing combinations of regional SADs and sampling models (see results in the
main text and the details about the simulations and ABC in the section ‘Adding conspecific
aggregation by simulation of plot samples’, above).

We used four target statistics from the distribution of estimated population sizes of trees in Amazon,
in each data set: number of species, inverse of Simpson's index (that is, Simpson's species
equivalents), and mean standard deviation of the log of abundances. The simulated estimated
population sizes took into account the empirical estimation errors as follows:

1 — From the estimated population sizes estimated in each data set fit a linear regression of the
standard deviations of the estimates (spop) as a function of the estimated values, in log scale
(Supplementary Fig. 9);

2 — Use this linear regression to assign a value of syo, to each species in the simulated regional SAD:
take the abundance of each species from the regional SAD, calculate the expected value of s,o, from
the regression and add a random Gaussian error with zero mean and standard deviation equal to the
residual standard error of the regression.

3 — Simulate the estimation of population sizes of each species as the abundance of the species in
the regional SADs plus a random Gaussian error with zero mean and standard deviation equal to Spop.

Using selected simulations to estimate bias of the species estimators

We ran 10,000 simulations of samples of logseries regional SADs with the number of individuals
fixed at the estimated total number of trees in Amazon for each data set. The number of species



varied among simulations, and was drawn from a uniform distribution ranging from 10,000 to
20,000. We calculated four summary statistics of the distribution of estimated population sizes
output by these simulations (number of recorded species, Simpson’s species-equivalent, mean and
standard deviation of the logarithm of population sizes). The posterior distributions of species
richness were estimated by the local linear ABC algorithm %2, which had the smallest estimation
errors among the options available in the ‘abc’ R package 2. We also checked the estimation errors
of three tolerance thresholds (0.05, 0.025 and 0.01) and choose the highest threshold with the
lowest estimation error up to 2 decimal points. The errors were estimated by 100 leave-one-out
cross-validation tests %°, and were up to 0.003. The posterior sample sizes were 500 for the 2013 and
2019 data sets, and 100 for the 2013 updated data set.

The simulations described above return species abundances in the samples and also estimates of
total populations of species, for samples of SADs with 10,000 to 20,000 species. Such output allows
to calculate all estimators of species richness we used (section ‘Estimates of tree species richness in
Amazon’) and to compare these estimates with the true species richness used in each simulation.
We used this approach to estimate and correct biases of the estimates of species richness, assuming
that ATDN data is best approximated by a sampling with conspecific clumping of a regional logseries,
as was shown by ABC.

3. Estimates of tree species richness in Amazon - results

Supplementary Fig. 2 shows the point and range estimates of species richness by LSE for and the
other methods described above. The LSE bootstrap point estimate for the 2013 data set was 15,196
species, which is below the value previously reported of 16,000 *. Therefore, the estimation error of
total species abundances caused an overestimation of species richness by LSE, which is corrected by
our new bootstrap approach. Moreover, the LSE bootstrap estimates described in this section were
corrected for biases caused by conspecific clumping at the sampling scale, as detailed in the next
section. These bias-corrected estimates are the figures reported in the main text, and are compared
to the uncorrected estimates in Supplementary Table 1 and Supplementary Fig. 4.

Model fitting, model selection and estimating species richness:

Supplementary Table 2 shows the estimates of the parameters of LS, TNB and PLN fitted to each
data set. For all data sets TNB was the best supported model, but LS had equal support from the
2013 data set according to AIC (Table 1 in the main text) or even the best support according to BIC
(Table S6). PLN had virtually no support, and overestimated the abundance of common species and
underestimated the number of rare species in the samples of all three data sets (Fig. 1 of the main
text and Supplementary Fig. 1). TNB and LS showed the opposite trend, that is, overestimation of the
number of rare species and underestimation of the abundances of most common species (Fig. 1 of
the main text and Supplementary Fig. 1). The point and range estimates species richness by LS and
TNB for each dataset are in Supplementary Fig. 2. Supplementary Fig. 4 and Supplementary Table 2
compare these estimates with their bias-corrected values (details below). We did not calculate the
species richness estimates by PLN as this model had no support from the data.
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We simulated each combination of sampling and regional SAD as defined above 10,000 times for
values of regional species richness drawn from a uniform distribution ranging from 10,000 to 20,000.
In ABC this is the prior distribution of the unknown parameter, which we define as an uninformative
distribution between a value slightly below the know number of species in Amazon and twice it,
(which is also larger than any of our estimates, Supplementary Fig. 3). We used a rejection threshold
of 0.01, which means that only the 1% of the simulations that resulted in the smallest Euclidean
distances to the empirical values of the summary statistics were kept to build posterior distributions.

Cross-validation tests show that ABC has a higher probability to distinguish among simulations of
different regional SADs than among simulations of clumped or random sampling of the same
theoretical regional SAD (Tables S4-S6). Nevertheless, there is a good distinction of the sampling
models when the simulated regional SAD is the logseries (match probabilities above 80%,
Supplementary Tables 3-5). The simulations that sampled a logseries regional SAD with species-
specific clumping had posterior probabilities of at least 0.71, followed by the simulations of random
sampling of the logseries (Table 2 of the main text). The remaining simulations had posterior
distributions lower than 0.01 (less than 1 / posterior sample size). The 2019 data set provided the
best support for the hypothesis that the distribution of total abundances is best approximated by
sampling with conspecific clumping of a logseries (posterior probability = 0.91, Table 2 of the main
text).

If the estimates are unbiased, their values should lay along the equivalence (1:1) line in a plot of the
simulated number of species as function of the estimated number of species. This is the case for LS
estimates under random sampling of a regional logseries (blue points in the plots of the upper row
of Supplementary Fig. 3a-c, upper right panels). This is not surprising, as these simulations fill all the
assumptions of the LS estimator of species richness. However, with conspecific clumping the LS
estimated richness underestimates the simulated number of species (red points in the same plots).
Still the relationship between true and estimated species richness kept linear and the bias was
constant in all simulations. We thus estimated bias-corrected values for LS with a linear regression of
the species richness in the simulations as function of the richness estimated by LS. We fit this
regression to the subset of simulations that had LS estimates within the empirical richness range
estimate of each dataset. The lines of these regressions are depicted in red, in Supplementary Fig.
3a-c. The bias-corrected estimates were then the species richness predicted by this linear regression
for the empirical point and range estimates. The same method was used to estimate the bias-
corrected estimates of species richness for LSE (upper left and lower right panels in Supplementary
Fig. 5a-c).

Only for TNB there was not a clear relationship between species richness and estimations (lower left
panels in Supplementary Fig. 3a-c). Moreover, simulated samples from richness ranging from 8,000
to 20,000 provided TNB estimates within the empirical range estimates (grey areas in the plots),
suggesting a low precision of the estimates obtained from the data sets. This result held for samples
with and without conspecific clumping (red and blue dots in the in Supplementary Fig. 5a-c). We
thus conservatively used all simulations that returned TNB estimates within the empirical TNB range
estimates (that is, all points that fell within the grey area in the plot of Supplementary Fig. 5a-c) to
estimate biases of TNB. We calculate the bias-corrected TNB point and range estimates as the mean
and 2.5%-97.5% quantiles of the richness in these selected simulations. The wide range estimate of
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bias-corrected TNB thus express its low precision in estimating species richness from samples of a
logseries SAD.

Conspecific clumping caused negative bias in all estimates but at different degrees (Supplementary
Fig. 4). Correction of these biases reduced the discrepancy among estimates (Fig. 2 in the main text,
Supplementary Fig. 4, Supplementary Table 2).

We also used the simulations to evaluate biases in model selection of TNB and LS, the two best
supported models for the abundance distributions in the samples. We fit both models to the
simulated samples from regional logseries and truncated negative binomial SADs, and then
performed a model selection with AIC and BIC, as we did for the empirical data (see ‘Model fitting,
model selection and estimating species richness’, above). For random (Poisson) sampling, LS fit had a
high (ca 0.8 for AIC and ca. 1.0 for BIC) and constant probability of being the best supported model
by simulated samples of a logseries regional SAD (Supplementary Fig. 5, left panels, black dots).
Nevertheless, this probability (or evidence weight) was virtually null for the simulated samples of a
logseries with conspecific clumping (Supplementary Fig. 5, left panels, red dots). The TNB model had
an even high evidence weight when fit to simulated samples of a TNB regional SADs with more than
10,000 species, with or without conspecific clumping (Supplementary Fig. 5, right panels, black and
red dots). Therefore, conspecific aggregation causes a strong selection bias towards the TNB model
against LS in simulations that are compatible with our data sets. This result provides an explanation
for the best support of TNB over LS by the empirical sampled abundances, while ABC picked samples
with clumping of LS as the best approximation model for the distribution of total population sizes.

The mean and 2.5% - 97.5% quantiles of the posterior distributions returned by the ABC algorithm
were used as the point estimate of species richness, and the limits of the range estimate of species
richness, respectively. Fig. 2 in the main text and Supplementary Table 2 report these ABC estimates
of species richness, for each data set. The bias correction for conspecific clumping was not necessary
for this estimator, because it is based in a simulation that takes into account such clumping.
Actually, the simulation used to correct this bias in the other estimators was the same used in the
ABC richness estimates (see the section on simulated plot samples, below).
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4. Supplementary Fig. 1-9
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Supplementary Fig. 1. Quantile of the abundances in the samples in each of the data sets as a function
of their values as predicted by the Logseries (LS), Truncated negative binomial (TNB) and Poisson

lognormal (PLN) models fitted to each data set.
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Supplementary Fig. 2. Original (uncorrected) estimates of species richness. Points are point-estimates
and horizontal bars are range estimates (see Table S1 for details).
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Supplementary Fig. 3a. Bias-correction of the estimations of total species richness for each method,
for the 2013 data set. Each panel shows the true number of species in simulated communities (X)
and the estimated species richness (Y) from simulated samples of the communities with the same
properties of the empirical samples in the data set. The grey areas delimit the range estimate of the
number of species estimated from empirical samples. The black line is the equivalence (1:1) line. Red
and blue dots depict samples with and without conspecific clumping. Red and blue lines are the
linear regression lines of richness in the community as a function of estimated richness, within the
values of the empirical range (that is, a regression fitted to the points that fell within the grey area).
The red and blue dots and lines at the left of each scatter plot shows the bias-corrected point and
range estimates of species richness, estimated by the regressions (see text for details). For TNB there
was not a linear relationship between true richness and the estimator, and then the bias-corrected
estimates were calculated by the quantiles of the points in the grey area (see text for details). The
estimation methods are: fitting of Logseries (LS) and Truncated Negative Binomial (TNB) to sample
abundances, and Linear extension of the rank-abundance plots of estimated populations sizes (LSE).
In all simulations the community has a Logseries SAD with the total number of individuals as the
estimated from empirical data sets.
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Supplementary Fig. 3b. Bias-correction of the estimations of total species richness for each method,
for the updated 2013 data set.
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abundance plot. Lower panel: octave or Preston plot (histogram of the frequency of species in
abundances classes in Log2 scale).
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log-log scale. This regression was used to draw values of k for each species in simulated samples,
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5. Supplementary tables

Supplementary Table 2 - Estimates and standard errors of the parameters of SADs models fitted to the

abundances in the sample of plots (TNB: Truncated negative binomial, LS: Logseries, PLN: Poisson lognormal).

2013 updated

2019

2013
Estimate Std. Error
TNB size 0.01824 0.00832
mu 12.545 5.356
LS alpha 751.32 29.77
PLN mu 2.2678 0.0555
sigma 2.4156 0.0400

Estimate

0.04951

32.869

677.92

2.5286

2.3271

Std. Error

0.00887

5.014

28.25

0.0513

0.0384

Estimate Std. Error

0.04448 0.00770

52.649

692.93

2.8092

2.4758

7.824

28.36

0.0504

0.0380

Supplementary Table 3 - Delta-BIC for each parametric model fitted to the empirical SAD constructed using

the 2013 version of the data (less plots, old taxonomy), the updated 2013 version (less plots, updated

taxonomy) and the 2019 version (more plots, updated taxonomy). For each dataset version, the better

supported model has 0 Delta-BIC. Models with Delta-BIC < 2 have equal support. DF= number of parameters in

the model.

Model DF 2013 2013 updated 2019
Negative 2 4.84 0.00 0.00
Binomial (TNB)

Logseries (LS) 1 0.00 23.61 24.99
Poisson- 2 65.27 47.87 42.09

lognormal (PLN)
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Supplementary Table 4 - Point and range estimates of total number of species for each combination of data
set , estimation method and bias-correction (random or clumped sampling of a LS, or none). Point estimates
are maximum likelihood estimations for LS, TNB and PLN, bootstrap means for LSE, posterior means for ABC.
“Lower” and “Upper” are the limits of the range estimates as follows: likelihood interval at ratio 2 for LS, TNB
and PLN; 95% bootstrap empirical confidence interval for LSE; Corrected quantile of posterior distributions for
ABC (see text of this supplementary material for details).

Data set Method Bias correction Point estimate Lower Upper
2013 ABC clump 16164 16145 16181
2013 LS clump 15816 14659 17027
2013 LS none 15077 13989 16215
2013 LS rnd 15086 14018 16203
2013 LSE clump 18056 17692 18439
2013 LSE none 15196 14923 15483
2013 LSE rnd 17687 17281 18113
2013 TNB clump 15437 10461 19637
2013 TNB none 13497 12448 14324
2013 TNB rnd 16099 11551 19646
2013 updated ABC clump 14941 14747 15132
2013 updated LS clump 14145 13095 15244
2013 updated LS none 13509 12486 14582
2013 updated LS rnd 13501 12455 14598
2013 updated LSE clump 15643 15121 16136
2013 updated LSE none 13570 13339 13788
2013 updated LSE rnd 15393 15094 15675
2013 updated TNB clump 11618 7588 14881
2013 updated TNB none 10271 9467 11233
2013 updated TNB rnd 11725 9013 14390
2019 ABC clump 15666 15557 15749
2019 LS clump 14996 13887 16156
2019 LS none 13793 12767 14869
2019 LS rnd 13789 12758 14869
2019 LSE clump 16741 16429 17020
2019 LSE none 14700 14474 14902
2019 LSE rnd 16527 16240 16784
2019 TNB clump 13730 8930 16177
2019 TNB none 10874 10159 11753
2019 TNB rnd 12292 8910 15611
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Supplementary Table 5 - Confusion matrix of the ABC model selection for the 2013 data set, for a
rejection threshold = 0.01. The elements of the matrix show the probability of each model in the

columns be selected when the data are generated by the models in the lines. The models are

combinations of sampling with and without conspecific clumping (clump and rnd, respectively) of

lognormal (PLN), logseries (LS) or Truncated negative binomial (NB). Probabilities estimated by

leave-one-out cross-validation tests with 100 replicates, using the function ‘cv4postpr’ of the R

package "abc’.

LNclump LNrnd LSclump LSrnd NBclump NBrnd
LNclump 0.67 0.33 0 0 0 0
LNrnd 0.32 0.68 0 0 0 0
LSclump 0 0 0.81 0.18 0 0.01
LSrnd 0 0 0.19 0.81 0 0
NBclump 0 0 0.02 0 0.53 0.45
NBrnd 0 0 0.01 0 0.45 0.53

Supplementary Table 6 - Confusion matrix of the ABC model selection for the update 2013 data set,

for a rejection threshold = 0.01. See Table S3 for details.

LNclump LNrnd LSclump LSrnd NBclump NBrnd
LNclump 0.68 0.32 0 0 0 0
LNrnd 0.26 0.74 0 0 0 0
LSclump 0 0 0.9 0.1 0 0
LSrnd 0 0 0.12 0.88 0 0
NBclump 0 0 0 0 0.5 0.49
NBrnd 0 0 0.03 0 0.47 0.49
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Supplementary Table 7 - Confusion matrix of the ABC model selection for the update 2013 data set,

for a rejection threshold = 0.01. See Table S3 for details.

LNclump LNrnd LSclump LSrnd NBclump NBrnd
LNclump 0.92 0.08 0 0 0 0
LNrnd 0.11 0.89 0 0 0 0
LSclump 0 0 0.95 0.04 0 0.01
LSrnd 0 0 0.05 0.95 0 0
NBclump 0 0 0.02 0 0.52 0.46
NBrnd 0 0 0.03 0 0.45 0.52
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6. ATDN 2019 data set (Supplementary Fig. 10, 11)

Original Amazon lowland forest area

Supplementary Fig. 10. Map of lowland forest in the Amazon. The green area represents land area 22 minus
large water bodies 22, areas over 500 m elevation 23, and areas originally without forest 2#2° and is
approximately 5.79 million km2. Regions: CA, central Amazonia; EA, eastern Amazonia; GS, Guiana Shield; SA,
southern Amazonia; NWA, northwestern Amazonia; SWA, southwestern Amazonia. Map created with custom

R %6 script. Base map source (country.shp, rivers.shp): ESRI (http://www.esri.com/data/basemaps, © Esri,
DelLorme Publishing Company).
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Supplementary Fig. 11. A map of Amazonia showing the location of the 1,946 Amazon Tree Diversity
Network (ATDN) plots that contributed data to this paper. The white polygon marks our delimitation of the
study area. Orange circles indicate plots on terra firme; blue squares, plots on seasonally or permanently
flooded terrain (varzea, igapd, swamps); yellow triangles, plots on white-sand podzols; gray circles, plots only
used for tree density calculations. Plots outside the Amazon polygon were used to improve interpolation of
populations near the edges. Background is from Visible Earth. Regions: CA, central Amazonia; EA, eastern
Amazonia; GS, Guiana Shield; SA, southern Amazonia; NWA, northwestern Amazonia; SWA, southwestern
Amazonia. Map created with custom R?® script. Base map source (country.shp, rivers.shp): ESRI
(http://www.esri.com/data/basemaps, © Esri, DeLorme Publishing Company). Background: Visible Earth NASA
(https://visibleearth.nasa.gov/useterms.php © NASA).
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7. Tree densities (Supplementary Fig. 12)
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Supplementary Fig. 12. Histogram and boxplot of tree density per ha for the 2220 forest plots with known
tree density across the Amazon forest, for the 2019 data set. In the boxplot on the right panel, the cut-off
levels of 200 and 900 trees per ha are given as red lines, which are approximately equivalent to the outlier
lines of the boxplot. Fifty-nine and 105 plots had tree densities below and above the outlier levels respectively.
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