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Abstract In a time of rapid global change, the question of what determines patterns in 372	

species abundance distribution remains a priority for understanding the complex 373	

dynamics of ecosystems. The constrained maximization of information entropy 374	

provides a framework for the understanding of such complex systems dynamics by a 375	

quantitative analysis of important constraints via predictions using least biased 376	

probability distributions. We apply it to over two thousand hectares of Amazonian 377	

tree inventories across seven forest types and thirteen functional traits, representing 378	

major global axes of plant strategies. Results show that constraints formed by regional 379	

relative abundances of genera explain almost ten times more of local relative 380	

abundances then constraints based on either directional or stabilizing selection for 381	

specific functional traits, although the latter does show clear signals of environmental 382	

dependency. These results provide a quantitative insight by inference from large-scale 383	

data using cross-disciplinary methods, furthering our understanding of ecological 384	

dynamics.  385	

 386	

Key words: maximum entropy, information theory, biodiversity, Amazon rainforest. 387	
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Introduction 389	

Drivers of species distributions and their predictions have been a long-standing search 390	

in ecology, with approaches varying from deterministic  [1–6] to neutral  [7–11] and 391	

almost everything in between (e.g. near-neutral, continuum or emergent-392	

neutral:  [12,13]). Most models are based on prior assumptions of processes that drive 393	

community dynamics. The Maximum Entropy Formalism (hereafter called MEF), 394	

however, makes no such a-priori assumptions in generating predictions of 395	

distributions, including those of species abundances  [14,15,24,16–23]. It is a useful 396	

construct to infer processes driving community dynamics given the constraints 397	

imposed by prior knowledge (e.g. functional traits or summed regional abundances), 398	

as it does not include any bias introduced by potentially unjustified assumptions (29). 399	

Quantifying the relative importance of these distinct constraints can thus provide 400	

additional answers to understand the complexity of community dynamics (see 401	

Supporting Materials SM: boxes S1-S3). This is especially so because, although many 402	

different tests are available that link variation in taxon abundances to 1) trait variation, 403	

2) taxon turnover between habitats or environments and 3) the distance decay of 404	

similarities between samples, none quantify the importance of these relative to each 405	

other. The MEF as applied here, however, is capable of and designed to do exactly 406	

this by decomposing variation to separate information explained by each of these 407	

aspects in a four-step model (Box S2) (25). Its application to an unprecedented large 408	

tree inventory database on genus level taxonomy consisting of > 2,000 1-ha plots 409	

distributed over Amazonia  [25] and a genus trait database of 13 key functional traits 410	

representing global axes of plant strategies [26] allows us to advance the study of 411	

Amazonian tree community dynamics from a new cross-disciplinary perspective.  412	

 413	

414	
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Results 415	

Principles from information theory  [14,15,27] can be used in an ecological setting to 416	

predict the most likely abundance state for each taxon while simultaneously 417	

maximizing entropy based on constraints. Maximization of entropy allows 418	

quantifying the information yield for each constraint and therefor identifies which 419	

constraints reduce entropy the most. Here we specifically use Shipley’s mathematical 420	

model to quantify probabilities, similar to earlier studies  [28,29].  421	

 422	

Predictive power of the four-step model 423	

Using a uniform prior and both CWM and CWV as constraints accounted for 23% on 424	

average of total deviance between observed and predicted relative abundances 425	

(measured by R2
KL values, see Box S2 equation 5). Filtered by forest type this was 426	

36% for podzol forests, várzea 25%, igapó 23%, swamp forests 34%, 24% and 21% 427	

for Guyana Shield and Pebas terra firme respectively and 20% for Brazilian Shield 428	

terra firme forests (see Table S1 for detailed decomposition). Using observed 429	

metacommunity relative abundances as prior regardless of CWM or CWV values 430	

accounted on average 58% for the combined dataset with all forest types between 50 431	

and 60%, except for the Guyana Shield terra firme with 63%. Including both trait 432	

constraints and the metacommunity prior performed slightly better for the combined 433	

dataset (average 62%), with a minimum of 56% for igapó forests and a maximum of 434	

66% for the Guyana Shield terra firme forests. To compensate for spurious 435	

relationships between regional abundances and local trait constraints, regardless of 436	

selection, explanatory power was regarded relative to model bias yielding the pure 437	

trait and metacommunity effects (Box S3, Fig. 2 and Table S1). This lowered the 438	

proportion of information accounted for and yielded average pure metacommunity 439	
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effects of 43% for the overall dataset ranging between 30 and 48% for each forest 440	

type separately with pure trait effects explaining only 5% of information for the 441	

combined dataset on average with for each forest type between 3 and 8%. Although 442	

the latter was lowered substantially, the explanatory power did appear to be strongly 443	

dependent on forest type. Supplementary material provides additional results relating 444	

to the predictive power of each model as well as the spatial gradient between the pure 445	

trait and metacommunity effect ratios (Figs. S2-3).  446	

 447	

Direction and strength of selection of trait-based constraints  448	

Each trait showed significant differences in lambda when compared between forest 449	

types (Fig. S1). Scatterplots of CWM trait values versus lambda show that, in general, 450	

higher lambda values correspond with higher CWM trait values (Figure S7), although 451	

the relationships are complex. Greater trait dissimilarity also correlated positively 452	

with proportion of deviance attributable to pure trait effects (Pearson R of .23; Fig. 453	

S9), supporting a trait-based selection. All traits except leaf nitrogen content also 454	

showed reduction of variance accompanied a strong difference in community 455	

weighted mean values associated with lambdas (either positive or negative), in line 456	

with expectations of trait-based selection (Fig. S10).   457	

 458	

Effect of regional metacommunity prior 459	

There was a remarkable similar mean 21% decrease of the information explained 460	

purely by the metacommunity prior for each forest type (Fig. 3). It should be noted 461	

there is an obvious risk that when sampling size is increased, this also includes more 462	

environmental heterogeneity as samples are coming from a variety of localities 463	

potentially leading to changing composition. If this were the case, however, the 464	
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regional prior (qi from Fig. S1 and Box S2) would also change, as taxa might be 465	

abundant in some places but rare or absent in others. As the metacommunity effect is 466	

the explained information that remains relative to any trait effects (i.e. information 467	

unique to the neutral prior) and the pure trait effects are the explained information 468	

remaining after correcting for pure metacommunity effects (Box S3) this effect should 469	

then be accompanied by an increase in pure trait effect for each sample. This was not 470	

observed, not even within the different forest types. Instead, the trait effect gradually 471	

went up and then remained constant (Fig. S4).  472	

 473	

Discussion 474	

The MEF emerges from a well-founded theoretical and empirical body of ecology and 475	

evolutionary biology, regarding natural selection, migration and population 476	

dynamics  [16,22,29,42,43]. From an ecological point of view it can be used to 477	

quantify the relative association between directional or stabilizing selection for 478	

functional traits versus the importance of relative regional abundance regardless of 479	

these traits by imposing these as constraints. Our results show that pure trait effects, 480	

on average, explained only 5% of the information when all forest types were taken 481	

together whereas the pure metacommunity effect, however, explained almost ten 482	

times more with an average value of 43%. Greater trait dissimilarity was positively 483	

associated with higher pure trait effects, indicating trait-based selection, although the 484	

assumed influence of dispersal regardless of these traits appeared to confer more 485	

information explaining tree genus composition of the Amazon rainforest. The strength 486	

and direction of selection indicated clear selective pressure for life history strategies 487	

of either growth or protection, depending on forest type (see appendix S-A for a 488	

detailed exploration of ecological interpretation).  489	

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted April 1, 2021. ; https://doi.org/10.1101/2021.03.31.437717doi: bioRxiv preprint 

https://doi.org/10.1101/2021.03.31.437717


	 14	

Despite showing clear patterns in environmental selection and dispersal effects, there 490	

was a large proportion of information left unexplained (44% on average). Potentially, 491	

local demographic stochasticity could weaken any link between functional traits 492	

measured and regional abundances of genera. This would, however, mean that almost 493	

half of the information contained in relative abundances are the result of random 494	

population dynamics and are not structurally governed. Alternatively, this could be 495	

due to functional traits reflective of processes not taken into account in this study, 496	

such as traits reflective of interactions between trophic levels. Another and at least 497	

equally likely hypothesis for (local) unexplained information is that when scaling up, 498	

the ratio of genus richness to total abundance decreases rather rapidly at first but 499	

levels out as at some point relatively non-overlapping habitats are included in the 500	

regional abundance distributions and more genera are included again due to the 501	

different habitats. This would result in a change of the regional abundance distribution 502	

(the prior) to which each local community is compared, resulting in higher local 503	

unexplained information. Further study into these aspects could provide additional 504	

insight, although as of yet the data necessary for these scales is lacking.  505	

Although the initial explanatory power of the metacommunity prior differed between 506	

forest types, the decay pattern was very similar. As the effects of either traits or the 507	

metacommunity are measured in the goodness-of-fit predictions on local relative 508	

abundances, this implies that at small spatial scales the surrounding regional 509	

abundances provide better estimators than functional traits, while at larger spatial 510	

scales this shifts to the traits. The ecological translation would be that on small spatial 511	

scales, local communities share similar environmental conditions leaving dispersal 512	

and drift acting in changing community composition, at least for genus level 513	

taxonomy. As the potential regional pool is increased, more and more environmental 514	
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heterogeneity and non-overlapping regions are likely to be introduced. The more 515	

gradual decline of terra firme forests can then arguably be attributed to these forests 516	

having the largest relative surface area of Amazonia (even for the separate 517	

subregions), potentially giving these forests an almost continuous metacommunity 518	

without gaps, resulting in a more gradual transition from metacommunity to trait 519	

relative importance. The fact the metacommunity effects do not change anymore after 520	

certain distances would indicate the effect of dispersal potentially occurs over very 521	

large distances. It should be noted that as these calculations are done at community 522	

and genus level, they do not measure single dispersal events but rather the effect of 523	

dispersal on community composition much deeper in time. In other words, this effect 524	

suggests more than a dispersal event every now and then. Instead, it argues for 525	

prolonged mixing of forests on large geographical and temporal scales, supported by 526	

recent findings demonstrating a lack of geographical phylogenetic structure of 527	

lineages for Amazonian tree genera [44].  528	

Using an unprecedented scale of data and applying the Maximum Entropy Formalism 529	

from information theory we show that constraints formed by regional relative 530	

abundances of genera explain almost ten times more of local relative abundances then 531	

constraints based on either directional or stabilizing selection for specific functional 532	

traits, although the latter does show clear signals of environmental dependency. There 533	

is, however, still much to be explored due to the large unexplained effects and 534	

analyses on finer taxonomic (i.e. species level) and environmental (e.g. microhabitat) 535	

scales could resolve these issues. The relatively large effects of the regional pool of 536	

genera over great distances does suggest an important role for long term dispersal and 537	

mixing of Amazonian trees, especially for the Amazonian interior. 538	

 539	
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Methods 540	

Empirical data 541	

The ATDN (ter Steege et al.) consists of over 2000 tree inventory plots distributed 542	

over the Amazon basin and the Guiana Shield, collectively referred to as Amazonia. 543	

Only those plots with trees ≥ 10 cm diameter at breast height were used, leaving 2011 544	

plots with a mean of 558 individuals per plot identified to at least genus level. Most 545	

plots used are 1 ha in size (1414) with 492 being smaller (minimum size of .1 ha) and 546	

105 larger (maximum size of 80 ha). Genera have been standardized to the W3 547	

Tropicos database (“Tropicos Missouri Botanical Garden” ) using the Taxonomic 548	

Name Resolution Service (TNRS [32]). After filtering based on above criteria and 549	

solving nomenclature issues, 1,121,935 individuals belonging to over 828 genera 550	

remained. Plots were distributed over seven abiotically different forest types: Podzol 551	

forests (PZ), Igapó (IG, black water flood forests), Várzea (VA white water flood 552	

forests), Swamp (SW) and Terra firme forests (TF) with subregions BS (Brazilian 553	

Shield), GS (Guyana Shield) and PB (Pebas). 554	

 555	

Functional traits and trait imputation 556	

Constraints were formed by community weighted means (CWM) and variance of 557	

functional traits (CWV), related to key ecological life history aspects on which natural 558	

selection potentially operates (Table 1). According to principles of natural selection, 559	

CWM values will be biased towards favourable trait values for that particular 560	

environment in the case of directional selection, as taxa with these traits will be more 561	

abundant due to environmental selection while stabilizing selection would decrease 562	

CWV values  [33]. For many traits it has been shown earlier that the interspecific 563	

variability was larger than the intraspecific variability, allowing the use of data from 564	
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different sources to at least calculate a mean species trait value  [34]. Genus trait 565	

values were computed as genus-level means of species values if known within the 566	

genus and considered constant for each genus. Genus level of taxonomy was used as 567	

the available trait database had the most information on this taxonomic level. 568	

Unknown values for traits were estimated by Multiple Imputation with Chained 569	

Equations (MICE) by delta adjustment, subtracting a fixed amount (delta), with 570	

sensitivity of this adjustment to the imputations of the observed versus imputed data 571	

analysed using density plots (Fig. S8) and a linear regression model  [35]. Procedure 572	

was done using the mice package available on the R repository  [36] under predictive 573	

mean matching (pmm setting, 50 iterations). Results showed imputations were stable 574	

and showed near identical patterns with each imputation scenario (see Figs S5-6 and 575	

Table S2). After imputation, all trait values were transformed to Community 576	

Weighted Means (CWM) of each trait (J) for each plot (K) (𝑇"!") as 𝑇"!" =577	

	∑ 𝑡#$𝑟𝑎#%&
#'(  with ra the relative abundance of the ith genus in the kth plot, following 578	

earlier uses  [37].  579	

580	
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MEF procedure predictions and ecological inference  581	

Figure 1 provides a schematic procedure overview, box S1 provides an overview of 582	

important terms and Boxes S2-3 mathematical details. Initially, a maximally 583	

uninformative prior is specified, where qi (Box S1 equation 1) equals 1/S and trait 584	

constraints are randomly permuted multiple times among genera to test whether 585	

inclusion of specified constraints significantly changes derived probability 586	

distributions (see also Roxburgh & Mokany, 2010). Subsequently, the same prior is 587	

used but now observed trait CWM or CWV belonging to specific genera are used as 588	

constraints. Third, observed regional abundances are used as prior with permutated 589	

trait constraints and finally both observed regional abundances and observed trait 590	

CWM/CWV are used as prior and constraints. Maxent2  [28,29], an updated version 591	

of the maxent function currently in the FD library of R  [39] provided the 592	

computational platform. Proportions of uncertainty explained by each model are given 593	

by the Kullback-Leibler divergence R2
KL, a generalization of the classic R2 goodness 594	

of fit  [29]. Pure trait, pure metacommunity, joint metacommunity-trait and 595	

unexplained effects are calculated as proportions of total biologically relevant 596	

information (Box S1 and Box S2). Data was rarefied to smallest sample size (swamp 597	

forests; 28) and calculations bootstrapped 25 times. Results indicated no significant 598	

change compared to using all data, hence the total dataset was used for all analyses.  599	

 600	

Strength and direction of selection 601	

Predictions of genus relative abundances are computed as a function of traits reflected 602	

in the CWM or CWV values and a series of constants (λjk: the Lagrange Multipliers). 603	

Each multiplier quantifies the association between a unit of change for a particular 604	

trait j and a proportional change in predicted relative abundance pik (the ith genus in 605	

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted April 1, 2021. ; https://doi.org/10.1101/2021.03.31.437717doi: bioRxiv preprint 

https://doi.org/10.1101/2021.03.31.437717


	 19	

the kth community) considering all other traits are constant, formally described as: 606	

	𝜕𝑝#% 𝜕𝑡#$+ = 𝜆$%𝑝#% 	(1 − 𝑝#%) (see appendix 1 from Sonnier, Navas, Fayolle, & 607	

Shipley, 2012). Positive values indicate larger trait values associated with higher 608	

abundances (positive selection), negative values indicate the opposite (negative 609	

selection) with changes proportional to lambda. Values approximating zero indicate 610	

no association between specific traits and relative abundances of species. 611	

Decomposing λjk and comparing by means of a One-Way Analysis of Variance for 612	

each trait separately between forest types allows studying both the strength and 613	

direction of selection in different habitats. Note that this is done for the same 614	

constraint between forest types, as lambda values for each constraint do not scale 615	

linearly between different constraints.  616	

 617	

Estimation of metacommunity size 618	

Iteratively increasing the regional species pool taken into account as prior in 619	

concentric circles of a fixed radius of 50 km allows estimating the spatial effect of 620	

metacommunity size. The relationship between pure metacommunity effect and radius 621	

of metacommunity size was fitted using a smoothing loess regression (function loess 622	

and predict; R-package stats  [41] with span set at 0.1). Fits subsequently were used 623	

to predict values of metacommunity effect based on geographical distance to visualize 624	

general patterns for each forest type. Exponential decay of pure metacommunity 625	

effect was described using a self-start asymptotic regression function (SSasymp) of 626	

the form y(t)∼yf+(y0−yf)e−exp(log(α))t (nls from stats, R Core Team, 2016).  627	

 628	

 629	

 630	

631	
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TABLE 1 

 

 

Table 1. Overview of used functional traits. Mean and standard deviation (SD) are 

calculated after predictive mean matching (percentage of estimated values is given by 

Est (%)). Associated challenge indicates different aspects of life history and selective 

environment related to specific functional traits, sources are given in the footnote. For 

specific methodology of measurement protocols and calculation for each trait we refer 

to the original sources of the data: Chris Baraloto (TRY), Adalardo de Oliveira 

(unpublished data), L. Poorter (unpublished data), J. Lloyd (TRY), Van der Sande and 

Mazzei (unpublished data), Van der Sande and Poorter (unpublished data),  [54–62] 

 

 

Functional trait Units Mean SD 
Est 

% 

 

Associated challenge 

 

Wood density (WD) g/cm3 0.63 0.17 30 Longevity [45] 

Seed Mass Class (SMC) categorical (1-8) 4.3 1.4 31 Dispersal, Fecundity, Establishment [45] 

Specific Leaf Area (SLA) mm2/mg 15 5.9 41 Establishment, Plasticity, Disturbance [45] 

Leaf nitrogen content (N) mg/g  22.3 7.30 41 Photosynthetic capacity [45] 

Leaf phosphorus content (P) mg/g 1 0.77 50 Limited available P for metabolism [46] 

Leaf carbon content (C) mg/g 468 38.1 54 Herbivore resistance (C:N) [47] 

Latex 1=no, 2 =yes 1.2 0.43 46 Herbivore resistance [48] 

Resin 1=no, 2 =yes 1.1 0.35 58 Herbivore resistance [48] 

Root Nodules (Nodules) 1=no, 2 =yes 1.1 0.28 0 Nitrogen fixation [49] 

Ectomycorrhiza (EctoMyco) 1=no, 2 =yes 1.01 0.11 0 Organic N fixation  [50], heavy metal pollution [51] 

Aluminum accumulation (AlAcc) 1=no, 2 =yes 1.1 0.21 3 Heavy metal pollution [52] 

Fleshy Fruits (Fleshy) 1=no, 2 =yes 1.6 0.50 7 Dispersal (specificity) [53] 

Winged seeds (Wings) 1=no, 2 =yes 1.2 0.42 39 Dispersal (limitation) [53] 
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A B C

D E F

G H I

NEUTRAL

A B C

D E F

G H I

DETERMINISTICGenus	1 Genus	2 Genus	3 …… Genus	i

Site	A 17 17 14 … 2

Site	B 12 13 13 … 3

Site	C 15 14 12 … 1

Site	D 12 18 13 … 2

Site	E 5 4 6 … 19

Site	F 14 12 16 … 3

Site	G 16 19 12 … 4

Site	H 17 0 13 … 3

Site	I 17 0 12 … 2

Regional 125 97 111 … 39

Genus	1 Genus	2 Genus	3 …… Genus	i

Trait	1 T1,1 T1,2 …. ….

Trait	2 T1,2 …. …. …. ….

Trait	3 …. …. …. …. ….

…….. …. …. …. …. ….

Trait	j …. …. …. …. Tij

	

If there is trait based filtering, the abundance of the i
th

 genus is pushed away from 
the neutral expectation due to environmental filtering. The direction depends on 
the distribution of trait values and the selective environment. It is approximated by 

the community-aggregated traits (CWM) values (!!! =  ∑ !!!!"
!

!!!
). Importance of 

each trait is found by solving the Lagrange multipliers from equation (4) 

Assuming limited migration and still selective filtering on trait J in sample E with 
equal values as above, the abundance distribution will now also be influenced by 
ecological drift, as influx of species from other samples will be low. Depending on 
the relative amount of ecological drift in concert with trait selection will determine 
pure trait and pure metacommunity effect as measured by values from the specific 
model of (5) with the resulting local abundance distribution becoming more steep.  

Assuming no migration limitation and selective filtering on trait J in sample E with 
genus i having the highest value of trait J, species i-1 the second highest etc. the 
local abundance distribution might be reversed in comparison with the regional 
distribution and CWM values of trait J will have strong relations with abundance of 
each species. Lambda values of trait J will be high with pure trait effects depending 

on the other lambda values relative to the metacommunity effect and model bias. 

If community dynamics are neutral, i.e. there is no deterministic 
selection, the expected abundance of the i

th
 genus in the absence 

of such trait based environmental filtering is on average the 
metacommunity abundance combined (i.e. pi = qi) where qi is the 

prior based on the summed regional abundance of each genus.  

Assuming no selective filtering and no migration limitation, there is 
no relation between traits and abundances. Locally, the expected 
abundance of the i

th
 genus (pi) is then given by the neutral prior (qi) 

as ∑ λ!!
!

!!!
!"

 becomes 0, e
0
 = 1 and (4) reduces to qi. There will be 

little divergence between expected (pi) and observed (oi) local 
relative abundances, only that due to demographic stochasticity. 

With limited migration and no selection, there is still no relation 
between functional traits and abundances. However, the expected 
abundance of the i

th
 genus (pi) deviates from the neutral prior (qi) 

due to ecological drift and divergence between expected and 
observed abundances increases, measured by (5). Pure 

metacommunity effect will depend on the amount of migration.  
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The MEF predicts relative abundances of each of the species 
for each local community using only a species abundance 
(above) and trait matrix (below). This is achieved by finding the 
unique vector of relative abundances maximizing entropy, i.e. 
minimizing the deviation in probability distribution from the prior 
(1) subject to known constraints (2). The solution is a 
generalized exponential distribution (3) where λ measures the 
importance of each trait when all other traits are constant.  
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The model fits between predicted and observed relative 
abundances are given by the R

2
KL values for each specific step 

of de model (see Supporting Information box S2), given by the 
generalized form for the i

th
 species in the k

th
 community : 
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Box 1 and box S1 provide more detail on the terms of MEF 
and the decomposition of the different R

2
KL models.  

 

Regional	abundance		

Local	abundance	

Observed	

FIGURE 1  

 

 

  

  

 

 

 

 

 

 

 

 

 

 

Fig. 1. Schematic depiction of the MEF procedure. Left panel shows a genus 

abundances per site and a functional trait matrix per genus, bottom half outlines 

calculations. Middle and right panel show different scenarios of neutral and 

deterministic dynamics under infinite or limited migration. Dashed and solid lines 

indicate local and regional abundance distributions respectively.  
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Fig. 2. Visual representation of pure trait, pure metacommunity, hybrid model 

and the remaining unexplained information for each separate forest type. 

Abbreviations indicate different types: igapó (IG), podzol (PZ), swamp (SW), 

Brazilian shield terra firme (TFBS), Guiana Shield terra firme (TFGS), Pebas terra 

firme (TFPB) and várzea (VA). Boxplots show median value of pure effects over all 

samples, with lower and upper hinges corresponding to 25th and 75th percentiles. 

Whiskers extends from hinge to largest or smallest value no further than 1.5 * IQR 

from hinge. Points beyond this range are plotted individually. 
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FIGURE 3 

Fig. 3. Distance decay of pure metacommunity effect. X-axis represents radius of 

metacommunity prior. Dashed line indicates mean number of plots for that distance 

included as metacommunity prior. Y-axis represents information unique to 

metacommunity prior taken relative to model bias. Solid lines indicate predictions 

from loess regression based on all points with different colours indicating forest types 

with abbreviations as in main text. Blue shading reflects minimum and maximum 

loess regression predicted values. 
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BOX S1 

Box S1. Different ingredients necessary for analyses using MEF. Definitions of the most important 

terms used in the MEF analyses and throughout the main text to provide the necessary framework of 

understanding. 

Entities:	

The	basic	unit	of	the	MEF	model	can	exist	in	

different	states.	If	the	system	under	study	is	a	

collection	 of	 genera	 existing	 at	 a	 site,	 then	
each	entity	is	a	single	genus.	

States:	

Classification	of	different	ways	any	entity	can	

exist.	In	the	same	collection	of	taxa,	states	of	

each	 entity	 (i.e.	 genus)	 are	 their	 specific	

abundance	 at	 that	 site.	 Microstates	 are	 the	
exact	arrangement	in	time	and	space	for	the	

states	 of	 the	 entities	 in	 the	 system.	

Macrostates	 are	 the	 description	 of	 entities	

among	the	possible	states	in	the	system	under	

study	 without	 regard	 to	 the	 spatial	 or	

temporal	 arrangement	 of	 these	 entities.	 I.e.	
observing	a	 relative	abundance	distribution,	

but	not	the	actual	dispersal	and	germination	

of	individuals.	

Traits,	attributes	or	properties:		

Each	entity	possesses	measurable	properties	

whose	 values	 will	 probably	 differ	 between	
states.	For	example,	genera	differ	in	average	

wood	density,	seed	mass,	height	etcetera.	

Maximally	uninformative	prior:	

All	 the	 information	 concerning	 states	

before	 constraints	 are	 introduced.	 Called	

maximally	uninformative	as	preferably	all	
empirical	 information	 is	 introduced	 in	the	

form	of	constraints	as	to	have	the	maximal	

gain	of	information	regarding	the	different	

traits.		

Prior	distribution:	

Prior	distribution	of	expected	states	for	the	
entities	 which	 can	 be	 incorporated	 as	 a	

constraint	 in	 addition	 to	 the	 traits,	 being	

either	 the	 observed	 relative	 abundance	 of	

each	entity	 in	the	summed	sample	(i.e.	 the	

metacommunity)	 or	 a	 maximally	

uninformed	 (uniform)	 distribution.	 The	
former	would	be	a	neutral	prior	(expected	

local	abundance	is	equal	to	the	abundance	

in	the	larger	metacommunity).		

Community-weighted	means:	

The	 average	 trait	 value	 (i.e.	 measurable	

property	 such	as	wood	density)	of	 entities	
(such	 as	 genera)	weighted	 by	 the	 relative	

abundance	of	each	entity	at	a	specific	site	
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The	Maximum	Entropy	Formalism	works	on	the	
basis	of	a	conceptual	model	called	the	CATS	

(Community	Assembly	by	Trait	Selection)	and	makes	

use	of	three	inputs:	

i) A	trait	matrix	containing	the	measured

functional	traits	of	each	of	the	S	total	genera	in	the

total	regional	pool,	these	can	be	of	either	discrete	or
continuous	form.

ii) A	vector	of	n	community	weighted	trait

values,	estimating	the	average	trait	value	over	all

individuals	in	the	local	community	for	each	of	the

traits	

iii) A	prior	probability	distribution	specifying	the

regional	abundance	distribution,	quantifying

potential	contributions	of	the	regional	pool	of

recruits	to	the	structure	of	local	communities.

Using	these	three	sources	of	information,	the	model	
predicts	relative	abundances	(pi)	in	the	form	of	

Bayesian	probabilities	for	each	genus	in	each	local	

community	without	assuming	any	a	priori	relations	

or	processes.	This	is	achieved	by	finding	the	vector	

of	relative	abundances	maximizing	entropy:	

1) 𝑅𝐸 = 	−	(𝑝! 	ln	(
𝑝!
𝑞!

"

!#$

)	

with	qi	the	regional	species	pool	abundance	of	

species	i		and	RE	(Relative	Entropy)	subject	to	the	
known	constraints	for	j	traits	and	i	species.:	

2)	𝑡%0 = 	(𝑜!𝑡!& 		and	3)		(𝑝! = 1
"

!#$

"

!#$

The	solution	is	a	generalized	exponential	

distribution	where	the	λ	values	measure	the	
importance	of	each	trait	when	all	other	traits	are	

constant:	

4) 𝑝! =
𝑞!𝑒∑ (!)

"
!#$ %!

∑ 𝑞!𝑒
∑ (!)
&
!#$ %!*

!#$

Note	that	when	all	λ	values	are	zero,	i.e.	there	is	no	

trait	based	selection,	pi	=	qi	

The	final	step	is	to	measure	the	proportion	of	total	
deviance	accounted	for	between	observed	and	

predicted	relative	abundances	for	each	of	the	four-

step	solution.	These	are	the	R2KL	values,	a	
generalization	of	the	classic	R2	index	of	maximum	

likelihood	estimation	using	the	Kullback-Leibler	

index		[16]:			

i)	𝐑02KL(u):	fit	of	model	bias,	the	model	null
hypotheses	given	a	uniform	prior	(i.e.	equal

distribution	in	the	regional	pool	of	recruits).

ii) R2KL(u,	t):	fit	using	again	a	uniform	prior	but
including	traits	as	constraints.

iii)	𝐑02KL(m):	fit	using	the	metacommunity	prior	but
excluding	traits	as	constraints

iv) R2KL(m,	t):	fit	using	the	metacommunity	prior

and	including	traits	as	constraints

The	general	form	of	the	R2KL	divergence	is	

calculated	by:	

5)	𝑅!
"#

= 	1 −
∑ ∑ 𝑂𝑖𝑘ln	(𝑆

𝑖=1

𝑂𝑖𝑘
𝑃𝑖𝑘)

𝑐
𝑘=1

∑ ∑ 𝑂𝑖𝑘ln	(𝑆
𝑖=1

𝑂𝑖𝑗
𝑄
𝑖,0

)𝑐
𝑗=𝑘

With	the	following	parameters:	

Oik	as	the	observed	relative	abundances	of	the	ith	

genus	in	the	kth	community,		

Pik	the	accompanying	predicted	values	for	the	

specific	model	of	the	four	solution	step	as	described	
in	the	main	text	and,	

Qi,0		the	predicted	relative	abundances	given	only	

the	maximum	uninformative	prior.		

Further	details	on	the	calculation	of	all	separate	
R2KL	values	and	accompanying	pure	trait,	pure	

metacommunity,	joint	information	and	biologically	

unexplained	information	can	be	found	in	the	SOM	

(box	S2).	

BOX S2 

Box S2. Mathematical description of the Maximum Entropy Formalism for the four-step 

solution. Left panel shows the necessary ingredients and basic formulation of the Maximum Entropy 

Formalism. Right side panel shows decomposition of the proportion of total deviance accounted for 

between observed and predicted relative abundances for each of the four-step solution. 
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The	purpose	of	using	MEF	is	to	decompose	the	deviance	between	observed	and	predicted	relative	

abundances	using	the	four-step	solution	as	described	in	the	main	text.	The	values	generated	are	

described	below.	The	R2KL	value	is	a	generalization	of	the	classic	R2	index	of	maximum	likelihood	

estimation	using	the	Kullback-Leibler	index	for	a	non-linear	regression	including	a	multinomial	

error	structure		[16–18].	In	essence,	it	is	a	way	of	measuring	the	proportion	of	total	deviance	

accounted	for	by	that	specific	model	from	one	of	the	four	steps:	

𝐑'2KL(u):	fit	of	model	bias,	the	model	null	hypotheses	given	a	uniform	prior	and	permuted	traits	

R2KL(u,	t):	fit	using	a	uniform	prior	but	including	observed	traits	as	constraints		

𝐑'2KL(m):	fit	using	the	metacommunity	prior	but	excluding	observed	traits	as	constraints		

R2KL(m,	t):	fit	using	the	metacommunity	prior	and	including	observed	traits	as	constraints	

1) The	increase	in	the	explained	deviance	due	to	traits	can	be	calculated	either	by

ΛR2KL(t|φ)	=	R2KL(u,	t)	-	𝐑'2KL(u)		

Increase	in	explained	deviance	due	to	traits	beyond	that	due	solely	to	model	bias	

or	ΛR2KL(t|m)	=	R2KL(m,	t)	-	𝐑'2KL(m)		

Increase	in	explained	deviance	due	to	traits	beyond	contributions	made	by	the	meta-community	

2) The	increase	in	explained	deviance	due	dispersal	mass	effects	via	the	metacommunity	can	be

calculated	by	either:	

ΛR2KL(m|	φ)	=	𝐑'2KL(m)	-	𝐑'2KL(u)		

Increase	in	explained	deviance	(if	any)	due	to	the	metacommunity	beyond	that	due	to	model	

bias	

or	ΛR2KL(m|t)	=	R2KL(m,	t)	-	R2KL(u,	t)		

Increase	in	explained	deviance	due	to	the	meta-community	given	traits,	relative	to	the	explained	

deviance	due	only	to	the	traits:	i.e.	information	unique	to	neutral	prior	

3) And	finally	the	joint	information	and	the	biologically	unexplained	information:

ΛR2KL(m+t)	=	ΛR2KL(m|	φ)	-	ΛR2KL(m|t)	=	ΛR2KL(t|φ)	-	ΛR2KL(t|m)	

Joint	information	gain,	or	increase	in	explained	deviance	due	to	both	the	metacommunity	prior	

and	the	constraints	based	on	the	traits	

1- ΛR2KL(m,t)

Biologically	unexplained	variation

From	these	values	the	pure	trait,	pure	metacommunity,	joint	effect	and	biologically	unexplained	

variation	can	be	calculated	by	the	following	calculations:	

Pure	trait	effects:	ΛR2KL(t|m)	/	(1-𝐑'2KL(u))	

Pure	metacommunity	effects:	ΛR2KL(m|t)	/	(1-𝐑'2KL(u))	

Joint	metacommunity	and	trait	effects:	ΛR2KL(m+t)	/	(1-𝐑'2KL(u))	

Unexplained	effects:	1-ΛR2KL(m,t)	/	(1-𝐑'2KL(u))	

BOX S3 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Box S3. Detailed decomposition of the four-step solution from the MEF. Mathematical description 

of the decomposition based on the constraints and prior distributions (both uniform and neutral) for 

each of the steps from the four-step solution to measure the proportion of total deviance accounted for 

by each specific model from one of the four steps.  
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FIGURE S1 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. S1. Mean lambda values with standard error bars for each functional trait 

and compared between forest types. Forest types are igapó (IG), podzol (PZ), 
swamp (SW), Brazilian shield terra firme (TFBS), Guiana Shield terra firme (TFGS), 
Pebas terra firme (TFPB) and várzea (VA). Differences were tested with a one way 
analysis of variance with significance levels corresponding to: ns non-significant, * p 
< .05, ** p < .01 and *** p < .001. Traits used were wood density (WD), seed mass 
class (SMC), specific leaf area (SLA), nitrogen (N), phosphorus (P) and carbon (C) 
leaf content with the prefix of VAR for the variance of continuous traits. Latex, Resin, 
Nodules, Ectomycorrhiza (EctoMyco), the ability to accumulate aluminum (AlAcc), 
and the presence/absence of fleshy fruits (Fleshy) and winged seeds (Wings) were are 
all binary traits. 
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FIGURE S2	
	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	
 
Fig. S2. Observed relative abundances for each genus in all plots plotted against predicted 

relative abundance per plot (left) and summed (right) using only the traits as constraints in 

combination with a uniform prior (top) or the hybrid model using both traits and the 

metacommunity relative abundance as prior (bottom) on a log-log scale. Top figures show 
predictions using only a uniform prior, left separate for all plots and right for all genera summed over 

all plots. Bottom figures show predictions using the regional prior, again separate for all plots and 

genera (left) and summed over all plots for each genus (right). Red points indicate taxa with observed 

relative abundances over 1e-1. Lines show the x=y prediction and R2 values correspond to the 

Pearson’s correlation coefficient.	Reported R2 value is equal to the Pearson correlation coefficient (R) 

between the observed and predicted relative abundances defined as one minus the ratio of the error sum 

of squares to the total sum of squares. 
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FIGURE	S3 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. S3. Spatial gradient in pure trait relative to pure metacommunity effect.  

Map showing the ratio between the pure metacommunity effect and the pure trait 
effects for each plot. Ratio was calculated per plot by dividing the pure 
metacommunity effect by (10*pure trait effects+1). Values for projection on the map 
using a loess regression were multiplied by 1000 to allow clearer differentiation. 
Squares show the predictions from loess regression (color depending on value). Map 
shows interior of the Amazon having weaker trait effects relative to metacommunity 
effects whereas on the edges of the Amazon this pattern is reversed. 
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FIGURE S4 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. S4. Distance decay of pure trait effect for each forest type separately and the 

overall dataset. X-axis represents the radius of the metacommunity prior; i.e. the first 
100 km consists of just a few plots and at 3800 km all plots are taken into account. Y-
axis represent the pure trait effect, i.e. the increase in explained deviance due to traits 
beyond contributions made by the meta-community and relative to the model bias (see 
also Box S2). Colors indicate the different forest types with abbreviations as in main 
text. Lines indicate the predictions following from the loess regression based on all 
points. Blue vertical lines indicate the 1000 and 2500 km boundary points. Blue 
shading reflects maximum values for that distance of the whole dataset. 
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FIGURE S5 
 	  
 
 
 
  
  

Fig. S5. Density plots for each functional 

trait showing density curves for observed 

(blue) versus imputed data (red; 15 

iterations) under the different delta 

adjustment scenarios. Only Nitrogen 
showed substantial deviation for the larger 
delta adjustment. 	
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 FIGURE S6 
	 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. S6. Scatterplot of observed vs. imputed leaf nitrogen and phosphorus 

content under different delta adjustment scenarios. As Leaf Nitrogen content 
showed substantial deviation in the larger delta adjustment scenario it was here 
plotted versus Leaf Phosphorus content, which showed hardly any deviation.  
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FIGURE S7 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. S7 Scatterplots of the CWM values against lambda values, colored 

according to forest type. Titles are abbreviations for functional traits as used in the 
main text. Plots show in some cases these are clearly correlated (e.g. wood density, 
seedmassclass and C) but for many others not (e.g. SLA, Latex or Nodules).  
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FIGURE S8 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. S8 Density plot of the per-plot-Pearson correlation coefficient between predicted relative 

abundances of each genus. Models either used a uniform prior and functional traits (blue) or the 

actual observed prior and functional traits (red), results show a large increase in accuracy for the latter.  
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TABLE S1 
 
Table S1. Decomposition of results from the various maximum entropy models, 

combined and separated by forest type (PZ podzol, IG igapó, VA várzea, SW 

Swamp, TF terra firme with subregions BS (Brazilian Shield), GS (Guyana 

Shield) and PB (Pebas formation).  Top rows indicate estimated proportions (R2
KL) 

of total information reflective of variation in local relative abundance explained for by 
the various models. Middle rows indicate the specific information gain from any one 
of the used models relative to the model bias. Bottom rows show the actual effects of 
traits, the metacommunity and the joint information relative to the model bias. 
 

 
 
 

  Forest types  

Explained proportions 
PZ VA IG SW 

TFB
S TFGS TFPB Combined 

R"
2
KL(u) 

model bias fit 
0.20 0.14 0.15 0.23 0.11 0.11 0.09 0.12 

R"
2
KL(m) 

pure neutral model fit 

0.54 0.53 0.54 0.57 0.56 0.63 0.56 0.58 

R2
KL(u,t) 

pure trait model fit 
0.36 0.25 0.23 0.34 0.20 0.24 0.21 0.23 

R2
KL(m,t) 

hybrid model fit 
0.60 0.59 0.56 0.60 0.60 0.66 0.60 0.62 

         

Increase in explained deviance         

ΛR2
KL(m|φ) 

metacommunity effect beyond model bias 
0.34 0.39 0.39 0.34 0.45 0.52 0.47 0.45 

ΛR2
 KL(t|φ) 

trait effect beyond model bias 
0.15 0.11 0.08 0.11 0.10 0.13 0.11 0.11 

ΛR2
 KL(t|m) 

trait effect beyond metacommunity effect 
0.06 0.06 0.02 0.03 0.04 0.03 0.05 0.04 

ΛR2
 KL(m|t) 

metacommunity effect relative to trait effects 
0.24 0.34 0.33 0.27 0.40 0.43 0.40 0.38 

ΛR2
 KL(m+t) 

joint effect of metacommunity and traits 
0.09 0.05 0.06 0.07 0.06 0.10 0.07 0.07 

1- ΛR2
 KL(m,t) 

unexplained effects 
0.40 0.41 0.44 0.40 0.40 0.34 0.40 0.38 

         

Biologically relevant information         

Pure trait effect 
Information from traits, relative to bias 

0.08 0.07 0.03 0.05 0.05 0.04 0.05 0.05 

Pure metacommunity effect 
Information from metacommunity, relative to bias 

0.30 0.39 0.38 0.33 0.45 0.48 0.44 0.43 

Joint effect 
Information from joint effect, relative to bias 

0.12 0.06 0.07 0.10 0.06 0.11 0.07 0.08 

Unexplained information 
Left over information not explained, relative to bias 

0.50 0.48 0.52 0.52 0.45 0.38 0.44 0.44 
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TABLE S2 
 
Table S2. Summary statistics overview for the linear models of the various 

scenarios under the delta adjustment technique as described in the main text. 

Rows indicate the different delta adjustments used with the columns representing the 
standard summary statistics of the linear model comparing the imputed versus 
observed trait values. Results showed similar patterns with each imputation scenario, 
indicating a robust imputation procedure.  
 

 
 
 
 

 

 

 

 

 

 

 
 
 
 
	979	

	 	980	

981	

  Summary statistics linear model lm(imputed ~ observed) 

Scenario Intercept Std. error T value Pr. R2 Adj. R2 Sigma 

Delta 0 -.33 .07 -4.85 1.42e-06 .32 .33 .63 

Delta -2.5 -.34 .06 -5.93 4.31e-09 .37 .37 .58 

Delta -5 -.16 .04 -3.57 3.77e-04 .40 .40 .53 

Delta -7.5 .64 .09 -7.33 5.18e-13 .42 .42 .88 

Delta -10 0.09 .04 3.17 1.57e-03 .47 .47 .48 
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S-A	Ecological	interpretation	of	the	MEF	results	982	

	983	
A number of functional traits associated with low nutrient conditions (e.g. 984	

ectomycorrhiza) and life history strategies suited for protection against herbivores 985	
(e.g. latex and high leaf C content) were clearly positively associated with abundance 986	

in nutrient poor environments (podzols) in terms of community weighted mean 987	
values, indicated by the positive lambda values. In contrast, community weighted 988	

means for fleshy fruits and high leaf N and P content were negatively associated with 989	
abundance on these soils. Nodulation was also negatively associated with abundance 990	

on poor soils, supporting earlier results  [1]. The ability to accumulate aluminium was 991	
positively associated with abundance on soils commonly associated with higher 992	

aluminium content such as igapó (strong positive effects) and terra firme soils (a 993	
minor, yet positive effect). In contrast, it was strongly negatively associated with 994	

abundance for podzol, várzea and swamp forests. Traits such as SLA or winged fruits 995	
also showed strong patterns dependent on forest type. 996	

 997	
Signals of quantitative environmental selection were found to be highest for podzol 998	

forests, whereas its counterpart in the form of the dispersal mass effect from the 999	
regional pool of genera had the lowest value. Podzol forests, having extremely 1000	

nutrient poor soils could reflect a much stronger selective environment than any of the 1001	
other forest types. Terra firme forests, presumably reflective of a less strong selective 1002	

environment in terms of resource availability, showed the opposite, with less than half 1003	
of the pure trait effect in comparison with podzol forests (even when rarefied to 1004	

accommodate for different sample sizes). Traits associated with protection against 1005	
herbivores such as latex  [2] and high leaf carbon content showed higher values 1006	

associated with greater abundance and overall lower variance on podzol soils, 1007	
whereas traits indicative of investment in growth and photosynthetic ability such as 1008	

high foliar concentrations of P and N  [3] showed strong negative associations on 1009	
nutrient poor soils for both community weighted means and variance. The ability to 1010	

accumulate aluminium was also strongly positively associated with relative 1011	
abundance on the more nutrient but also often aluminium enriched soils of terra firme 1012	

and in some cases aluminium rich igapó forests. Lambda values also showed strong 1013	
negative lambda values for wood density in swamp and forests in both community 1014	

weighted means and variance, fitting high tree mortality and many individuals 1015	
belonging to pioneer species in especially the western Amazonian swamp forests. 1016	

Várzea and Pebas terra firme forests showed a similar response. As the Pebas consists 1017	
mainly of Andean sediments it has higher nutrient content, promoting lower wood 1018	

density, supported by our results whereas várzea forests are also often flooded. There 1019	
were also traits that showed no specific (strong) signal of selection on certain forest 1020	

types (either positive or negative), such as latex on igapó and ectomycorrhiza on 1021	
várzea (see Fig. 1 for all lambda values). Plotting lambda values for CWM and CWV 1022	

constraints of the continuous traits showed WD and C were both strongly positively 1023	
correlated indicating strong directional selection for lower trait values accompanied 1024	

by a reduction in trait variance. SMC, SLA and leaf P content, however, showed a 1025	
negative correlation with higher lambda values for CWM values associated with 1026	

lower trait variance (Figure S11). None of the traits showed a reduction in variance 1027	
without a change in the CWM, suggesting directional selection is more likely than 1028	

stabilizing selection, even though the overall information yield remains low. 1029	
Interestingly, terra firme forests in general showed the smallest lambda values overall 1030	

(positive or negative).  1031	
1032	
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This may be indicative of either more pronounced demographic stochasticity or 1033	
ecological drift eliminating the association between traits and relative abundance. 1034	

Lower effects of selection in general or more (random) variation due to the larger 1035	
species pool in comparison with other forest types, however, could also be the result 1036	

of mixing heterogeneous microenvironments into a single environmental class. 1037	
Support for such heterogeneity within terra firme forests having influence on 1038	

distribution of functional traits on valleys or plateaus has recently been found  [4]. In 1039	
addition, natural but also anthropogenic  [5] disturbance history affects biotic 1040	

community composition and can lead to changes in tree community through time, 1041	
blurring relationships between traits and relative abundances. It should further be 1042	

noted that, although for terra firme forests we were able to make a distinction by 1043	
subregion, true within forest type heterogeneity was not taken into account. This 1044	

might cause an underestimation of the deterministic effect but as of yet cannot be 1045	
corrected for on this scale and is worth to be investigated in future studies. In 1046	

addition, podzol forests have a smaller connected surface area and accompanying 1047	
smaller number of genera in comparison with terra firme forests, adding to the 1048	

calculated stronger trait effects  [6,7]. When more detailed understanding and 1049	
knowledge of these functional traits would be provided, this would most likely 1050	

increase the explanatory power of the MEF. The fact, however, that we do not have a 1051	
very specific knowledge of these interactions and specific traits is precisely the reason 1052	

why the MEF can provide additional insight. 1053	
 1054	

It should be noted that for species level analyses any micro environmental gradients 1055	
might prove to also show (stronger) selection at local scales  [8,9], as it has been 1056	

shown that most variation in community composition, due to selection in regard to 1057	
habitat filtering and niche conservatism, is found at lower taxonomic levels, such as 1058	

between species within genera  [10,11]. In contrast, theoretically it has been shown 1059	
and tested that immigration numbers are actually very robust across taxonomic 1060	

scales  [12], validating our results of the metacommunity importance using genus 1061	
level taxonomy. Spatial patterns of metacommunity effects, showing shallowest 1062	

declines in the centre, also support the suggestion that high diversity of the 1063	
Amazonian interior could be explained by influx of recruits due to large (overlapping) 1064	

ranges. This mid-domain effect  [13], however, would also predict lower species 1065	
richness for the edges due to lower range overlap, assuming a closed community. This 1066	

is not the case, as there is a strong species richness gradient from West (rich) to 1067	
Eastern Amazonian forests (poor) [14]. The lower metacommunity effect for the 1068	

edges then is most likely not due to less absolute influx of genera, but rather less 1069	
influx from the Amazonian tree community. Influx from the species-rich Andes could 1070	

account for the high diversity  [15], yet low Amazonian metacommunity effect for 1071	
Western Amazonian forests. In contrast, South Eastern parts of Amazonia receive 1072	

influx from tree species-poor biomes (i.e. the Cerrado) resulting in lower diversity but 1073	
also low metacommunity effect for Amazonian trees in this region. 1074	

1075	
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