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 Understanding patterns and mechanisms of variation in the compositional structure of communities across spatial scales 
is one of the fundamental challenges in ecology and biogeography. In this study, we evaluated the eff ects of spatial extent 
(i.e. size of study region) on: 1) whether community composition can be better explained by environmental (i.e. niche-
based) or spatial (e.g. dispersal-based) processes ; and 2) how climate and soils contribute to the infl uence of environment 
on plant community composition. We surveyed community composition across a network of 398 forest plots spanning a 
 ∼ 4000 m elevational gradient in the Madidi region in northwestern Bolivia. Using redundancy analyses and hierarchical 
variation partitioning, we disentangled the eff ects of environmental and spatial predictors on species composition, further 
decomposing the environmental eff ect between its climatic and soil components. We repeated analyses for 200 sub-regions 
ranging in spatial extent from  ∼ 250 to  ∼ 17 500 km 2 . Our analyses show a high degree of idiosyncrasy in results that come 
from diff erent sub-regions. Despite this variability, we were able to identify various important patterns in the structure 
of tropical plant communities in our study system. First, even though sub-regions varied in size by nearly two orders of 
magnitude, the total amount of explained variation in community composition was scale independent; at all spatial scales, 
environment and space accounted for about 25% of the diff erences in community composition among plots. Second, the 
measured environmental eff ect was higher than the spatial eff ect on average and in the vast majority of sub-regions. Th is 
was true regardless of the spatial extent of analysis. Finally, we found that both climatic and soil variables accounted for 
signifi cant fractions of variation, but climate was always more important than soils.   

 Understanding patterns and mechanisms of variation in the 
compositional structure of communities across spatial scales 
is one of the fundamental challenges in ecology and bioge-
ography (Sandel 2015, Tello et   al. 2015). Most explanations 
for the structure of biological communities depend on either 
niche-based processes, dispersal-based processes or a combi-
nation of the two (Chave 2009, Tuomisto et   al. 2012). Niche 
assembly theory proposes that the presence and abundance 
of species are determined by their deterministic interactions 
with the abiotic and biotic environment (Chase and Leibold 
2003). As a consequence, species are sorted along environ-
mental gradients based on their requirements, and environ-
mental heterogeneity places a fundamental role in structuring 
communities. In contrast, dispersal assembly theory argues 
that niche preferences of species are not required to explain 
species distributions and community-level patterns (Hubbell 
2001). Variation in community composition through space 
and time is proposed to be the result of dispersal limita-

tion, demographic stochasticity (i.e. random drift of species 
abundances), and random speciation (Hubbell 2001). 
Although these two views of community assembly seem 
confl icting, research in the last decade has led to the con-
clusion that most plant communities are distributed along 
a continuum from purely deterministic to entirely neutral, 
and both types of processes are believed to contribute simul-
taneously to the structure of biological communities (Gravel 
et   al. 2006, Adler et   al. 2007). Th e factors that determine 
the position of a community along this  ‘ niche to dispersal 
assembly ’  gradient, however, remain poorly understood. 

 Spatial scale can have very important eff ects on patterns 
and mechanisms of assembly in biological communities 
(Levin 1992, M ü nkem ü ller et   al. 2014, Sandel 2015, Tello 
et   al. 2015). Th ere are multiple aspects that defi ne the spatial 
scale at which biological communities can be studied (Levin 
1992, Sandel 2015), but one of its most important elements 
is extent, which encompasses the distribution of all local 
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communities or sampling units and defi nes the total size of 
the region under study (Dungan et   al. 2002). Changes in 
spatial extent can have signifi cant eff ects on how important 
diff erent assembly processes might become at structuring 
biological communities (Tello et   al. 2015). For example, an 
increase in spatial extent is typically associated with increases 
in environmental heterogeneity, which in turn could lead 
to stronger species sorting. Th is could lead to variation in 
community structure at large spatial extents to be mostly 
driven by niche-based processes, where community com-
position is highly predictable and strongly associated with 
environmental gradients (Normand et   al. 2006, Kristiansen 
et   al. 2012, Pansonato et   al. 2013). In contrast, small spatial 
extents can be associated with less environmental heteroge-
neity compared with larger extents in the same landscape, 
and it is at these scales where dispersal-based assembly pro-
cesses might become most important (Chave 2009). Indeed, 
some of the few studies that have been conducted at diff er-
ent spatial extents in tropical forests suggest that there might 
be an increase in the importance of environment relative 
to spatial variables as a predictor of community composi-
tion as the size of regions increases (Kristiansen et   al. 2012, 
L ó pez-Mart í nez et   al. 2013, but see Normand et   al. 2006 for 
a counterexample). 

 Spatial extent has also been proposed to have an impor-
tant infl uence on the identity of the environmental factors 
that are important to the structure of communities. For 
plant communities, Siefert et   al. (2012) proposed that soil 
properties are the most important determinants of commu-
nity composition at small extents ( �    2000 km 2 ), but that 
climate becomes the overriding environmental factor as 
spatial scale increases. Several independent studies seem to 
support this idea in tropical forests, showing that climatic 
predictors become more important at larger (regional to 
continental) than at smaller (local) extents (Bjorholm 
et   al. 2008, Slik et   al. 2009, Blach-Overgaard et   al. 2010). 
Conversely, other authors have suggested that soils are the 
most important factors determining community composition 
at any spatial scale in these ecosystems (Vormisto et   al. 2004, 
John et   al. 2007, Jones et   al. 2008a, Gu è ze et   al. 2013). 

 Previous studies on how spatial extent infl uences patterns 
and mechanisms of community assembly have been few in 
tropical forests, and have been conducted using small sample 
sizes or covering a small range of spatial extents (Normand 
et   al. 2006, Kristiansen et   al. 2012). Th is has prevented a 
clear and rigorous evaluation of the eff ects of spatial extent 
on the relative importance of various community assembly 
mechanisms. In this study, we use data from an extensive 
network of forest plots along a  ∼ 4000 m tropical elevational 
gradient to understand the eff ects of spatial extent on 1) 
the relative importance of environmental (i.e. niche-based) 
and spatial (e.g. dispersal-based) processes on the structure 
of tropical plant communities, and 2) the relative contri-
butions of climate and soils to the variation in community 
composition along environmental gradients. We do this by 
repeating analyses for multiple sub-regions of varying size, 
and comparing empirical patterns of community structure 
to null model expectations. Quantitative results diff ered 
considerably across sub-regions, but our analyses allowed us 
to identify several important community structural patterns 
that rise above this variability.  

 Methods  

 Study region and fl oristic data 

 For our study, we used a network of 398 0.1-ha (20    �    
50 m) plots across the Madidi region on the eastern slopes 
of the Bolivian Andes (Fig. 1). Th e plot network included 
multiple types of mature tropical forests along a steep ele-
vational gradient from Amazonia to high-elevation forests 
at around 4000 m in elevation (Fuentes 2005). Plots were 
located at least 250 m apart, avoiding large gaps or recent 
human disturbances. In each plot, we inventoried all woody 
plant individuals with a diameter at breast height (i.e. 130 
cm from rooting point) equal to or greater than 2.5 cm. All 
individuals were identifi ed to species or morphospecies, and 
15 879 voucher specimens were collected to document each 
species at each site. Taxonomic identifi cations were standard-
ized across the plot network. Individuals that could not be 
identifi ed (1.69%) were excluded from analyses. Th e dataset 
contains information on the distribution of 118 895 indi-
viduals belonging to 2507 species. Th ese data belong to 
the Madidi Project ( �  www.mobot.org/madidi  � ) and are 
available for consultation in Tropicos ( <    http://tropicos.org/
PlotSearch.aspx?projectid   =   20  > ), which functions as a per-
manent data repository maintained by the Missouri Botani-
cal Garden. Data availability and terms of use are described 
in the Data Sharing and Publication Policy document of the 
Madidi Project. Individuals interested in having access to the 
data need to submit a written request to the Project director 
(Peter M. J ø rgensen, peter.jorgensen@mobot.org).   

 Environmental data: climate and soils 

 To explain the variation in species composition among plots, 
we used multiple environmental predictors that refl ect both 
climatic and soil properties of each site. We estimated climatic 
conditions at each plot using the 19 bioclimatic variables in 
the WorldClim database (rasters of 30 arc-second resolution; 
Hijmans et   al. 2005). Th ese variables represent mean annual 
trends, annual temporal changes, as well as extreme or lim-
iting conditions in temperature and precipitation derived 
from monthly data collected by weather stations. 

 Additionally, we measured soil properties at each plot 
using 10 variables representing edaphic conditions and 
resources. We collected superfi cial soil samples at each plot 
(0 – 30 cm below the litter layer), which were air-dried and 
sieved through a 2-mm sieve. Percentages of sand, silt and 
clay were measured with the hydrometer method (Reeu-
wijk 2002). Soil pH was measured in a 1:2.5 soil:H 2 O 
suspension. Organic carbon (C) was determined with the 
Walkley and Black method and total nitrogen (N) with the 
semi-micro Kjeldahl method. Th e C:N ratio was included 
as an additional soil variable. We also measured calcium 
(Ca), magnesium (Mg) and potassium (K) using two 
extractive methods for diff erent sets of samples: 1) the 1M 
ammonium acetate solution method and 2) the Melhich-3 
extraction method. Th ese two methods are often linearly 
correlated in many types of soils and we used this fact to 
standardize all soil measurements into comparable values 
(details in Supplementary material Appendix 1 Methods 
A1 Fig. A1).   
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  Figure 1.     Distribution of 398 0.1-ha plots across the Madidi region in Bolivia. (A) Study region is in north-western Bolivia. (B) Forest plots 
are distributed along the eastern slopes of the Andes between latitudes  – 12.43 °  and  – 15.72 ° , and longitudes  – 69.48 °  and  – 66.66 ° , (C) 
ranging in elevation approximately from 250 to 4000 m.  

 Defi ning sub-regions and measuring spatial extent 

 To study the eff ects of spatial extent on the relative con-
tribution of diff erent predictors to plant community com-
position, analyses were repeated for multiple sub-regions 
that varied broadly in size. A sub-region was defi ned by 
a unique subset of 60 plots from the pool of 398 plots in 
the dataset. Spatial extent was then measured as the area of 
the minimum convex polygon containing all 60 plots in a 
sub-region. Among the many possible sub-regions 
( �    1.1    �    10 72  potential combinations of 60 plots), we chose 
200 so that: 1) spatial extent varied by nearly two orders of 
magnitude from local (256 km 2 ) to regional (17 649 km 2 ) 
scales, 2) all extents were represented in similar proportions, 
3) spatial extent and average elevation were not correlated, 
thus guaranteeing that elevation was not a confounding vari-
able, and 4) each of the selected sub-regions shared less than 
70% of its plots with any other sub-region (Supplementary 
material Appendix 1 Methods A1 Fig. A2). Further details 
on how sub-regions were constructed and their character-
istics (e.g. species richness, environmental heterogeneity) 
are presented in the Supplementary Material Appendix 1 
Methods A2 and A3 Fig. A2 and A3. All subsequent analyses 
were repeated independently for each of the 200 sub-regions.   

 Response and predictor matrices 

 For each sub-region, we decomposed the variation in com-
munity composition among multiple spatial and environ-
mental predictor matrices. For these analyses, the response 

matrix of species composition was created by performing a 
principal coordinate analysis (PCoA; Legendre and Legendre 
1998) on a pair-wise matrix of compositional distances 
among plots within a sub-region. As a measure of compo-
sitional distance, we used Chao ’ s dissimilarity index, which 
has been recommended for datasets with great compositional 
heterogeneity (Chao et   al. 2005). All axes of the PCoA were 
retained after applying Cailliez ’ s correction to avoid negative 
eigenvalues (Legendre and Legendre 1998). Chao ’ s dissimi-
larities and the PCoA were calculated with functions vegdist 
and cmdscale in the package  ‘ vegan ’  (Oksanen et   al. 2013) of 
the R statistical software (ver. 3.1.2). 

 Th e full matrix of candidate environmental predictors 
was composed of 19 climatic predictors and 10 soil predic-
tors (pH, C, N, sand, silt, clay, Ca, Mg, K and C:N). Th e 
full matrix of candidate spatial predictors was composed 
of longitude, latitude, and the principal coordinates of a 
neighborhood matrix (PCNMs). PCNMs represent a spec-
tral decomposition of the spatial relationships among plots 
within a sub-region, and can account for complex spatial 
structures (Borcard et   al. 2004). Only PCNMs with positive 
eigenvalues were used. PCNMs were calculated with func-
tion pcnm in the R package  ‘ vegan ’  (Oksanen et   al. 2013). 

 For analyses in each sub-region, we needed to reduce 
the number of predictors in each predictor matrix so that a 
full model (including spatial, climatic and soil predictors) 
could be fi tted to the data. To do this, we fi rst ran three inde-
pendent principal component analyses (PCAs) for climatic, 
soil, and spatial predictors. Th en, we used the approach 
described by Blanchet et   al. (2008) to conduct variable 
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Jones et   al. 2011, Chain-Guadarrama et   al. 2012), but it 
is diffi  cult to interpret. On the one hand, it can represent 
the eff ect of niche-based processes mediated by environ-
mental variables that are spatially structured; while, on 
the other hand, it can represent dispersal-based spatial 
processes that are confounded with measured but irrel-
evant or unimportant environmental gradients. 

 At the second level of the variation partitioning 
analysis, we decomposed the variation explained only by 
environment ( E  |  Sp ) into the contributions of climatic and 
soil predictors. Note that at this second level, the eff ects 
of space have already been removed (Fig. 2). Th is leads to 
another three fractions of variation: 

  d. Explained exclusively by climate : C | (So  ∪  Sp) Th is is the 
variation that can be predicted by climatic variables, even 
after any eff ects of soils and space have been factored out. 
Th is fraction of variation can be considered a minimum 
measure of the eff ects of climatically mediated niche-
based processes on community structure. 
  e. Explained exclusively by soils : So | (C  ∪  Sp). Th is represents 
the variation that can be predicted by soil variables, even 
after any eff ects of climate and space have been factored 
out. Th is fraction of variation can represent a minimum 
measure of the eff ects of niche-based processes mediated 
by soil properties. 
  f. Explained simultaneously by climate and soils : (C  ∩  So) | Sp. 
Th is fraction represents the amount of variation in 
community composition predicted simultaneously by 
either climatic or soil variables, after removing the eff ects 
of spatial predictors. Like for c, this fraction of variation 
can be diffi  cult to interpret as it can correspond to either 
climate or soils mediated niche-based processes. 

selection separately on each predictor matrix containing all 
spatial, climatic or soil principal components (PCs)(R func-
tion ordiR2step in  ‘ vegan ’ ; Oksanen et   al. 2013). Th e mean 
numbers of selected PCs per predictor matrix were 11.5, 
6.25 and 12 for climate, soil and space, respectively. Th e 
selected climatic PCs represented on average 99.2% of the 
climatic variation across plots in a sub-region, the selected 
edaphic PCs represented about 88.9% of the soil variation, 
and the selected spatial PCs represented on average 46% of 
the variation in spatial variables. A matrix of environmental 
predictors (matrix  E ) was constructed as the combination 
of the selected climatic and soil variables (matrices  C  and 
 So  respectively), while a full matrix of all predictors was 
constructed combining the selected environmental ( E ) and 
spatial ( Sp ) variables. Th ese reduced matrices were then 
used in the redundancy and variation partitioning analyses 
described next.   

 Environmental effects, spatial effects and 
hierarchical variation partitioning 

 To understand how much variation in community composi-
tion can be explained in each sub-region, we conducted a 
distance-based redundancy analysis (dbRDA; Legendre and 
Anderson 1999) where the axes of the PCoA represented the 
response matrix (community composition) and the selected 
environmental and spatial PCs together were used as pre-
dictors. Th en, we repeated similar analyses separately for 
the environmental and spatial predictor matrices. Finally, 
we conducted a hierarchical variation partitioning analysis 
(Cushman and McGarigal 2002) to decompose the com-
positional variation among plots into fractions accounted 
for by multiple predictor matrices. In particular, we used 
variation partitioning to disentangle the eff ects on species 
composition of environmental versus spatial predictors, and 
of climatic versus soil predictors (Fig. 2). 

 At the fi rst level of the variation partitioning analysis, 
we decomposed variation in species composition between 
environmental and spatial predictors, leading to three 
fractions of explained variation: 

  a. Explained exclusively by environment :  E  |  Sp . Th is is the 
amount of compositional variation that is correlated with 
environment, but that is not spatially structured. Given 
that measuring all relevant environmental predictors is 
diffi  cult or impossible, this is potentially a minimum 
measure of the eff ect of environmentally mediated niche-
based processes on community structure. 
  b. Explained exclusively by space :  Sp  |  E . Th is represents the 
amount of variation that is spatially structured, but that 
does not correlate with environmental characteristics. 
Because it is likely that we have missed some important 
environmental determinants of species composition, this 
fraction of variation is best interpreted as a liberal over-
estimate of the importance of dispersal-based processes 
on community structure. 
  c. Explained simultaneously by environment and space : 
E  ∩  Sp. Th is is the amount of variation that correlates 
with environmental characteristics and that is also spa-
tially structured. Previous analyses show that this fraction 
of variation is frequently large (Ruokolainen et   al. 2007, 

  Figure 2.     Conceptual representation of the hierarchical variation 
partitioning approach employed in this study. At the fi rst level, 
variation is partitioned between environmental and spatial predic-
tors; at the second level, the variation explained exclusively by envi-
ronment (i.e., after removing the spatial eff ect) is further partitioned 
between climatic and soil predictors. E: environment; Sp: space; 
C: climate; So: soils. Fraction a: variation explained exclusively by 
environment (E|Sp); b: exclusively by space (Sp|E); c: simultane-
ously by environment and space (E  ∩  Sp); d: exclusively by climate 
(C|[So  ∪  Sp]); e: exclusively by soils (So|[C  ∪  Sp]); f: simultane-
ously by climate and soils ([C  ∩  So]|Sp).  
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 Finally, to know if a given amount of explained variation 
in a particular sub-region was signifi cant, we conducted a 
null model analysis (Tello and Stevens 2010). In this null 
model, we permuted the rows in the response matrix of com-
munity composition and repeated the dbRDA and variation 
partitioning analyses described above. Th is procedure pro-
vides estimates of the amount of explained variation that are 
expected when breaking any relationship between species 
composition and environmental/spatial predictors. Th e ran-
domization was repeated 5000 times, leading to a frequency 
distribution of null amounts of variation for each fraction 
in each sub-region. Th e empirical fractions of variation were 
considered statistically signifi cant if they were above the 95th 
percentile of the distribution of null values.   

 Tests of scale dependency: relationships between 
amount of explained variation and spatial extent 

 To know if the size of sub-regions had an eff ect on the rela-
tive importance of diff erent environmental or spatial eff ects, 
we fi tted linear ordinary least-squares regression models to 
the relationships between observed fractions of variation and 
spatial extent. To determine whether these relationships were 
statistically signifi cant, we compared the empirical regression 
coeffi  cients to coeffi  cients produced by fi tting similar regres-
sion models using expected fractions of variation obtained 
from the null model described above. For each fraction of 
variation, this resulted in 5000 regression models relating 
null amounts of explained variation with spatial extent. 
Th e coeffi  cients (intercept and slope) of these null regres-
sion models constitute expectations about the relationship 
between amounts of variation and spatial extent that should 
exists if environmental and spatial predictors have no eff ects 
on community composition at any spatial scale. We consid-
ered a regression coeffi  cient statistically signifi cant if it was 
below the 2.5th percentile or above the 97.5th percentile of 
the distribution of null coeffi  cients. Slopes (i.e. coeffi  cients 
of extent) signifi cantly larger or smaller than expected sug-
gest scale-dependency in how strongly community composi-
tion is associated with environmental or spatial predictors.    

 Results 

 On average, about one fourth of the variation in commu-
nity composition could be predicted by all environmental 
and spatial predictors combined (total explained variation 
 ∼ 26.1%; Fig. 3). Th is amount of explained variation was 
signifi cantly higher than expected in all of the sub-regions 
analyzed (Fig. 4A), but it varied markedly in magnitude 
from 13.9% to 43.6% (Fig. 3). Th ese marked diff erences 
among sub-regions, however, could not be accounted 
for by spatial extent (R 2  adj     �    0.001; Table 1, Fig. 4A). A 
similar pattern was found for the variation explained by 
the selected environmental predictors, which changed 
considerably among sub-regions, but had no relationship 
with spatial extent (Table 1, Fig. 4B). On the other hand, 
the variation explained by the selected spatial predic-
tors clearly decreased as spatial extent increased (Table 1, 
Fig. 4C). Importantly, however, environment explained 
more variation than space on average (Student ’ s t    �    12.87; 

  Figure 3.         Diff erences in the amount of variation explained by 
diff erent predictor matrices or diff erent fractions in the variation 
partitioning analysis (Fig. 2). Total: variation explained by all 
environmental and spatial predictors combined; E: explained by 
environment; Sp: explained by space. Fraction a: variation explained 
exclusively by environment; b: exclusively by space; c: simultane-
ously by environment and space; d: exclusively by climate; e: 
exclusively by soils; f: simultaneously by climate and soils.  

p  �  0.001; Fig. 3), and in almost all (94.5%) of the 
individual sub-regions analyzed. 

 At the fi rst level of the variation partitioning analysis, 
the variation explained exclusively by environment was on 
average  ∼ 11% (Fig. 3, 5A), and was signifi cantly higher 
than expected by the null model in all of the sub-regions. 
Th is fraction of variation increased signifi cantly but weakly 
with spatial extent from  ∼ 9% to  ∼ 13.5% (Table 1, Fig. 5A). 
Additionally, the variation explained exclusively by space 
was on average  ∼ 5.3% (Fig. 3, 5B). Th is fraction of varia-
tion was higher than null model expectations in 92.5% of 
sub-regions, but did not vary signifi cantly with spatial extent 
(Table 1, Fig. 5B). Th ese two fractions accounted for diff er-
ent amounts of explained variation: the variation explained 
exclusively by environment was higher than that explained 
exclusively by space on average (Student ’ s t    �    19.71; 
p    �    0.001; Fig. 3), and in 94.5% of the individual sub-
regions analyzed. Finally, the compositional variation simul-
taneously explained by environment and space was on average 
 ∼ 9.8% (Fig. 3), and was signifi cantly higher than expected 
by the null model in all of the sub-regions (Fig. 5C). Th is 
fraction decreased slightly as spatial extent increased, rang-
ing from  ∼ 12.5% at local extents to  ∼ 7% at large regional 
extents (Table 1, Fig. 5C). 

 At the second level of the variation partitioning analysis, 
the compositional variation explained exclusively by climate 
averaged 7.1% (Fig. 3), and was signifi cantly higher than 
expected in 93% of sub-regions. Th is fraction of variation 
increased signifi cantly with spatial extent (Table 1, Fig. 5D). 
On the other hand, the variation explained exclusively by 
soils was on average 2.5% (Fig. 3), and was signifi cantly 
higher than expected in 57.5% of sub-regions. Th is fraction 
of variation showed a signifi cant but extremely weak increase 
with spatial extent (Table 1, Fig. 5E). Th e variation explained 
exclusively by climate was higher than that explained exclu-
sively by soils on average (Student ’ s t    �    23.18; p    �    0.001; 
Fig. 3), and in 94.5% of the sub-regions analyzed. Finally, 
the amount of variation simultaneously explained by 
climate and soils was on average only 1.4% (Fig. 3). It was 
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  Table 1. Effects of scale (spatial extent) on the amounts of variation in community composition explained by environmental and spatial 
predictors (Fig. 2). Observed coeffi cients of linear regression models are compared against 5000 expected values given a null model where 
relationships between community composition and predictors have been eliminated. The mean null coeffi cients were zero in all cases. 
Intercepts signifi cantly larger than expected by the null model suggest that at small scales community composition is signifi cantly associated 
with environmental or spatial predictors. Extent coeffi cients signifi cantly larger or smaller than expected (in bold) suggest scale-dependency 
on how strongly community composition is associated with environmental or spatial predictors. p-values represent the proportion of null 
coeffi cients that are  ‘ higher than or equal to ’  (observed  �  expected) or  ‘ lower than or equal to ’  (observed  �  expected) empirical estimates. 
 ∩ : intersection;  ∪ : union;  | :  ‘ after removing the effects of ’ .  

Fraction Coeffi cient R 2  
adj. Observed

Expected (95% 
confi dence interval)

Observed  � 
Expected (p)

Observed  � 
  Expected (p)

  Total explained variation Intercept
0.001

0.264 � 0.006 to 0.006  � 0.001 1.000
Extent  �  10 5 � 0.028 � 0.059 to 0.058 0.821 0.179

Environment Intercept
0.001

0.211 � 0.004 to 0.004  � 0.001 1.000
Extent  �  10 5 � 0.029 � 0.038 to 0.039 0.929 0.071

Space Intercept
 0.121 

0.178 � 0.003 to 0.003  � 0.001 1.000
Extent  �  10 5  � 0.304 � 0.030 to 0.028 1.000   � 0.001 

a Environment | Space Intercept
 0.166 

0.085 � 0.005 to 0.005  � 0.001 1.000
Extent  �  10 5 0.276 � 0.051 to 0.051  � 0.001 1.000

b Space | Environment Intercept
 � 0.001

0.053 � 0.005 to 0.005    �0.001 1.000
Extent  �  10 5 0.001 � 0.045 to 0.045 0.496 0.504

c Environment  ∩  Space Intercept
 0.175 

0.125 � 0.004 to 0.004  � 0.001 1.000
Extent  �  10 5  � 0.305 � 0.041 to 0.041 1.000   � 0.001 

d Climate | (Soils  ∪  Space) Intercept
 0.147 

0.054 � 0.005 to 0.005  � 0.001 1.000
Extent  �  10 5  0.191 � 0.044 to 0.044   � 0.001 1.000

e Soils | (Climate  ∪  Space) Intercept
 0.032 

0.021 � 0.004 to 0.004  � 0.001 1.000
Extent  �  10 5  0.042 � 0.038 to 0.037  0.014 0.986

f (Climate   ∩   Soils) | Space) Intercept  0.036 0.010 � 0.003 to 0.003  � 0.001 1.000

Extent  �  10 5  0.044 � 0.028 to 0.029  0.002 0.998

  Figure 4.     Changes across spatial extents in the total amount of variation in community composition that can be explained, and in the 
variation explained by all environmental or all spatial predictors. (A) Total variation explained, (B) all variation explained by environment, 
and (C) all variation explained by space. In each panel, orange circles represent sub-regions where the variation explained was signifi cantly 
higher than expected by the null model, while white circles represent sub-regions for which it was not (see Methods for details). Th e black 
line shows the fi t of a linear ordinary least-squares regression to the empirical relationship.  

signifi cantly higher than expected by the null model in 
44% of the sub-regions, and showed a slight but signifi cant 
increase with spatial extent (Table 1, Fig. 5F).   

 Discussion  

 The total amount of compositional variation that can 
be explained is highly variable but not scale 
dependent 

 In our study, size of sub-regions varied by nearly two orders 
of magnitude (roughly from 255 to 17 700km 2 ; Fig. A2). 

Nevertheless, the spatial extent of analysis does not have an 
eff ect on the total amount of compositional variation that 
can be explained by environmental and spatial processes 
(Fig. 4A). Although no previous study has directly evaluated 
the eff ects of spatial extent on the predictability of composi-
tion in tropical communities, our results seem to disagree 
with the scale dependency implied in some previous stud-
ies conducted at diff erent spatial extents in other study sys-
tems. For example, while Jones et   al. (2008a, 2011) found 
that between 30 – 40% of the variation could be explained at 
small extents ( ∼ 25 km 2 ), other researchers found that only 
between 20 – 25% could be explained at intermediate extents 
( ∼ 10 000 km 2 ; Svenning et   al. 2004, Chain-Guadarrama 
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  Figure 5.         Changes across spatial extent in the fractions of variation in community composition explained by environmental or spatial 
predictors (Fig. 2). (A) Variation explained exclusively by environment (fraction a), (B) variation explained exclusively by space (fraction 
b), (C) variation explained simultaneously by environment and space (fraction c), (D) Variation explained exclusively by climate (fraction 
d), (E) variation explained exclusively by soils (fraction e), and (F) variation explained simultaneously by climate and soils (fraction f ). 
Orange circles: signifi cantly higher than expected by the null model; white circles: not signifi cantly higher than the null model; black line: 
empirical relationship.  

et   al. 2012, Myers et   al. 2013). Our results challenge 
the idea that increases in environmental heterogeneity or 
isolation (associated with increases in extent; Fig. A3) would 
lead to community composition to be more strongly related 
to environmental and spatial gradients at large spatial scales 
(Kristiansen et   al. 2012). 

 Despite the lack of scale dependency, the total amount of 
explained variation fl uctuated substantially from about 14% 
to 44% (Fig. 3). Additional analyses (not shown) indicated 
that neither mean elevation nor elevational range nor envi-
ronmental heterogeneity of the sub-region account for sig-
nifi cant amounts of additional variation ( �    7% of additional 
variation explained). Together, these results suggest that 
idiosyncrasies of the study system or the sampling scheme 
can lead to signifi cant diff erences in how well community 
composition correlates with environmental and spatial 
predictors. Th ese idiosyncrasies can make it challenging to 
know whether results from a particular study are dependent 
on details of the analyses, and could help account for some 
of the diff erences in results observed across previous studies 
(Chave 2009). Our study, however, embraces this potential 
variability by repeating analyses for many subsets of the data 
at various spatial scales. Th is approach allows us to identify 
some consistent patterns that rise above the variability, and 
which we discuss next.   

 Environmental niche-based processes are more 
important than spatial processes from local to 
regional scales 

 Th e amount of variation explained exclusively by environ-
ment is more than double of that explained exclusively 
by space, and this is so regardless of the extent of analysis 
(Fig. 3, 4). Th is seems to be true for the average trend, as wells 
as for the majority of sub-regions. Our results are in agree-
ment with previous studies in tropical forests that have found 
similar patterns in regions spanning a broad range of spatial 
extents (Phillips et   al. 2003, Mac í a et   al. 2007, Ruokolainen 
et   al. 2007, Jones et   al. 2008b, Myers et   al. 2013). While 
the amount of compositional variation explained exclusively 
by environment increases with spatial extent in our study 
system, the variation explained solely by spatial predictors 
remains constant (Fig. 5). Th is contradicts previous sugges-
tions that the role of space is greater than that of environ-
ment at smaller scales (Normand et   al. 2006, Lalibert é  et   al. 
2009, Hu et   al. 2012). Instead, our results support the idea 
that niche-based processes are more important than spatial 
dispersal-based processes in structuring tropical plant com-
munities from local to regional scales. 

 Th is conclusion relies on the interpretation of fractions 
of variation in partitioning analyses, an approach that has 
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2009, Blach-Overgaard et   al. 2010) or elevational gradients 
(Sesnie et   al. 2009), which have shown that climate is often a 
strong predictor of community composition. Previous stud-
ies have also found that soils are important in structuring 
tropical plant communities at local (John et   al. 2007, Jones 
et   al. 2008a, b), intermediate (Costa et   al. 2005, Bohlman 
et   al. 2008, Andersen et   al. 2010, Damasco et   al. 2013), and 
regional spatial extents (Tuomisto et   al. 2003, Vormisto et   al. 
2004, Mac í a et   al. 2007, Gu è ze et   al. 2013). Th ese stud-
ies often report a greater importance of soils than what we 
found in our analyses, but they typically have not considered 
the variation that can also be explained by other alternative 
mechanisms, like climatic gradients or spatial dispersal-based 
processes. Our results robustly demonstrate that heterogene-
ity in both climate and soils are complementary mechanisms 
leading to community structure across a very broad range of 
spatial extents. 

 Additionally, our results also show that climate has an 
eff ect that is stronger than that of soils, a trend that remains 
unchanged by spatial extent (Fig. 3, 5). Th ese results indi-
cate that climatic conditions could be a strong determi-
nant of plant species distributions even at small local scales 
(Jones et   al. 2011). Th us, our results contradict Siefert et   al. 
(2012) suggestion that soils are the most important factor 
controlling the distribution of plant species and community 
structure at small extents, and that this pattern is reversed as 
extent increases. One possible explanation for this disagree-
ment in results is that our smallest sub-regions analyzed are 
around  ∼ 250 km 2 , while Siefert et   al. study included also 
much smaller extents. So although we do not fi nd evidence 
for a change in the relative importance of climatic and soil 
predictors at around 2000 km 2  as proposed by Siefert et   al., 
it is possible that this change occurs at smaller scales than 
those we considered. Indeed, soils have been found to be 
important determinants of community structure in other 
systems at scales of only a few squared kilometers or even 
meters (John et   al. 2007, Jones et   al. 2008a, b).   

 Conclusions 

 Th is study represents a robust evaluation of scale dependency 
on the relative importance of environmental and spatial pro-
cesses structuring tropical plant communities. Despite the 
limitations of variation partitioning analyses, the best avail-
able evidence suggests that niche-based environmental pro-
cesses are more important than spatial processes (potentially 
dispersal-based), and that this is true from local ( ∼ 250 km 2 ) 
to regional ( ∼ 17 000 km 2 ) spatial scales. On the other hand, 
an important amount of variation in community composi-
tion is explained simultaneously by environmental and spatial 
predictors, and this fraction of variation decreases modestly 
as spatial extent increases. Experimental approaches in plant 
community ecology are noticeably challenging in species 
rich tropical regions, but they might be required to fully 
disentangle niche- from dispersal-based processes hidden 
behind this diffi  cult-to-interpret fraction of variation. We 
also found that both climatic and soil variables can account 
for signifi cant and complementary proportions of the varia-
tion in community composition. However, in contrast 
to the results of a recent meta-analysis (Siefert et   al. 2012), 
climate is a stronger predictor of community structure across 

been used broadly among previous studies. However, this 
approach has also been criticized (Smith and Lundholm 
2010, Vellend et   al. 2014), particularly regarding the appro-
priate mechanistic interpretation of spatial structure in com-
munity composition. Because all environmental gradients 
driving community structure are diffi  cult or impossible 
to measure, the environmental eff ect (fraction a) is likely 
underestimated, while the spatial eff ect (fraction b) is likely 
over-estimated. Th is can cause erroneous conclusions about 
whether niche-based or dispersal-based assembly is more 
important in a particular system. However, our results sug-
gest a pattern that is opposite to the inherent bias in the 
analyses, showing that environment is more important than 
space. Another important concern with variation parti-
tioning analysis is that, given the nature of ecological data, 
environmental and spatial predictors are likely to be 
correlated, making it diffi  cult to distinguish their eff ects. 
Indeed, analyses of empirical data show that the amount 
of compositional variation explained simultaneously by 
environmental and spatial predictors is typically large in 
tropical forests (Ruokolainen et   al. 2007, Jones et   al. 2011, 
Chain-Guadarrama et   al. 2012). In our analyses, this frac-
tion of variation was typically  ∼ 9.8%; larger than the varia-
tion explained exclusively by space, but typically smaller 
than that accounted for exclusively by environment (Fig. 3). 
On the one hand, this fraction of variation can represent 
niche-based processes mediated by environmental variables 
that are spatially structured; while, on the other hand, it can 
represent dispersal-based spatial processes confounded with 
spatially structured environmental predictors. It is our opin-
ion that the fi rst interpretation is the most likely, but the 
exact identity of the mechanisms behind this fraction of 
variation is unknown. Experimental approaches, although 
challenging in species-rich tropical regions, might be 
required to fully disentangle niche- from dispersal-based 
processes hidden behind this diffi  cult-to-interpret fraction 
of variation. 

 Finally, unlike the variation explained exclusively by 
environment or exclusively by space, the variation explained 
simultaneously by both predictor matrices decreases signifi -
cantly with spatial extent (Fig. 5). It seems that the observed 
lack of scale dependency in the total variation explained 
by environment (Fig. 4B) results from scale dependency in 
opposite directions of the variation explained exclusively by 
environment (Fig. 5A) and the variation confounded between 
environmental and spatial predictors (Fig. 5C). Th us, while 
the eff ects of the niche-based processes that we are able to 
disentangle seem to increase with increasing spatial scale, 
the processes hidden behind this fraction of variation clearly 
decrease in importance as the size of regions increases.   

 Climate is more important than soils, but both 
contribute to the structure of tropical plant 
communities 

 Our results show that both climatic and soil predictors 
contribute complementarily to the eff ect of environ-
ment on the structure of plant communities, and this pat-
tern seems to be true from local to regional spatial scales 
(Fig. 3, 5). Th ese results are in agreement with previous 
research across long climatic (Bjorholm et   al. 2008, Slik et   al. 
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all spatial extents analyzed. Finally, we found that the total 
amount of variation in community composition that can be 
accounted for by either environmental or spatial predictors 
diff ers considerably across sub-regions. However, these dif-
ferences in community predictability do not correspond to 
diff erences in spatial extent. Our analyses show a high degree 
of idiosyncrasy in the quantitative results that come from 
diff erent sub-regions. Despite this variability, however, our 
approach allows us to identify various important patterns in 
the structure of communities in this hyper-diverse region of 
the planet. 
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