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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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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 (R2KL) 
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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