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Abstract Species co-occurrences in local commu-

nities can arise independent or dependent on species’

niches. However, the role of niche-dependent pro-

cesses has not been thoroughly deciphered when

generalized to biogeographical scales, probably due to

combined shortcomings of data and methodology.

Here, we explored the influence of environmental

filtering and limiting similarity, as well as biogeo-

graphical processes that relate to the assembly of

species’ communities and co-occurrences. We

modelled jointly the occurrences and co-occurrences

of 1016 tropical tree species with abundance data from

inventories of 574 localities in eastern South America.

We estimated species co-occurrences as raw and

residual associations with models that excluded and

included the environmental effects on the species’ co-

occurrences, respectively. Raw associations indicate

co-occurrence of species, whereas residual associa-

tions indicate co-occurrence of species after account-

ing for shared responses to environment. Generally,

the influence of environmental filtering exceeded that

of limiting similarity in shaping species’ co-occur-

rences. The number of raw associations was generally

higher than that of the residual associations due to the

shared responses of tree species to the environmental
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covariates. Contrary to what was expected from

assuming limiting similarity, phylogenetic relatedness

or functional similarity did not limit tree co-occur-

rences. The proportions of positive and negative

residual associations varied greatly across the study

area, and we found a significant tendency of some

biogeographical regions having higher proportions of

negative associations between them, suggesting that

large-scale biogeographical processes limit the estab-

lishment of trees and consequently their co-

occurrences.

Keywords Assembly process � Environmental

filtering � Functional trait � Joint species distribution

model � Limiting similarity � Species-to-species

association

Introduction

The immense diversity of tropical tree communities

and its drivers have intrigued scientists for decades.

Research on the topic has focused on processes

allowing species to occur together despite the limited

resources available for growth and reproduction (e.g.,

Chesson 2000; Diamond 1975; Hardin 1960). Study-

ing tropical tree co-occurrences can reveal the scale-

dependent effects of the ecological and biogeograph-

ical processes underlying the observed patterns. In

general, community assembly processes govern how

species in a regional pool are distributed into local

communities, and thereby determine the co-occur-

rences of species within the local communities

(MacArthur and Levins 1967; van der Valk 1981).

Here, we consider two species to co-occur biologically

meaningfully and statistically significantly if they

occur in the same forest study plot more frequently or

in larger abundances than assumed by random

(Ovaskainen et al. 2017).

At large spatial scales, species’ co-occurrences are

a function of processes that can give rise to regional

and biogeographical differences in co-occurrence

patterns. Chance biogeographical events, such as

presence of dispersal vector, distance to new environ-

ments (Lortie et al. 2004), time since last glacial

period (Adams and Woodward 1989) or continental

drift-induced distributions of major taxonomic lin-

eages, can influence which species are capable of

reaching the focal environment. Indeed, increased

regional species richness can result only from disper-

sal of species into the region or from in situ speciation,

processes that are best identified using historical

biogeography (Wiens and Donoghue 2004). Further-

more, priority effects, i.e., randomly determined order

of species’ arrival to the local community, may affect

the final composition of the community (Fukami et al.

2005). The majority of studies on species co-occur-

rence patterns are conducted at the scale of single

forest patches and not generalized to larger spatial

extents (e.g., McFadden et al. 2019; Seidler and

Plotkin 2006; Wiegand et al. 2007, but see Kunstler

et al. 2012; Zambrano et al. 2017). Therefore, linking

local and regional community dynamics as well as

ecological and biogeographical processes in generat-

ing co-occurrences is essential to understand species’

co-occurrences in large spatial context.

At local spatial scales, the presence and abundance

of a species in a community are a function of the

properties of its niche. The niche-based processes can

promote either convergence (environmental filtering)

or divergence (limiting similarity) in traits

(MacArthur and Levins 1967; van der Valk 1981).

Environmental filtering is a niche-based process that

excludes species from the community if their niches

are not suited to the local environmental conditions

(van der Valk 1981; Keddy 1992). Many abiotic

factors may constrain species co-occurrences through

environmental filtering, including climatic and soil

properties (as reviewed by Kraft et al. 2015). Limiting

similarity is a niche-based process that prevents

species from co-occurring in a community if their

niches are too similar, due to competitive exclusion

(MacArthur and Levins 1967). Theoretically, species

with the same set of life-history traits are expected to

compete and not to co-occur in space and time (Kraft

et al. 2008; Wilson and Stubbs 2012). However,

competition may also sometimes prevent coexistence

of dissimilar taxa (Mayfield and Levine 2010). Indeed,

niche-based processes have gained criticism for being

difficult to differentiate because they may produce

similar co-occurrence patterns (Cadotte and Tucker

2017). Despite the clear limitations, niche-based

processes and observational data have distinct value

for inferring the role of the environment and species

characteristics in community structure at large spatial

scales as long as the results are interpreted with care.
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In this paper, we study the processes underlying

species’ co-occurrences at different spatial scales.

Using comprehensive data on tropical tree abundances

across a large spatial context, we investigate how

environmental filtering and limiting similarity may

affect the co-occurrence patterns in species-rich tree

communities of tropical and subtropical regions in

eastern South America. To understand the processes

behind co-occurrences, we ask three specific ques-

tions. (1) Does the abiotic environment constrain the

co-occurrences of tropical tree species? Following the

preceding literature on patterns within single forest

patches (e.g., Silva and Batalha 2009), we expected

abiotic environment (including climate, disturbance,

soil, and topography) to be important in constraining

species occurrences and co-occurrences at large

spatial scales. (2) Does phylogenetic relatedness or

functional similarity limit the co-occurrences of

tropical tree species? According to the limiting

similarity hypothesis, we hypothesized that function-

ally similar or closely related species occur together

less frequently and in lower abundances than expected

due to niche overlap. We also expected that the traits

of species with the strongest positive or negative co-

occurrences with other species differ from the traits of

species with weaker co-occurrences. (3) Do the co-

occurrences of tropical tree species vary spatially

across biogeographical regions? Since major biogeo-

graphical regions have substantial differences in their

vegetation structure and composition (Olson et al.

2001) and in their biogeographical history, such as

time since last glacial period (Adams and Woodward

1989; Segovia and Armesto 2015), we expected to find

more negative co-occurrences among regions than

within.

Methods

Data

The studied tree communities are located in various

tropical and subtropical regions in eastern South

America, including the Atlantic Forest, Caatinga,

Cerrado, Pampa, and Pantanal ecoregions (Fig. 1;

Olson et al. 2001). The biogeographical history of

South America produced areas of high speciation as

well as high extinction rates due to continental drift,

dispersal barriers, and new environmental conditions

by the Andean uplift (Segovia and Armesto 2015).

Eastern South America is characterized by a North–

South gradient in precipitation seasonality, mean

annual precipitation (mm), and minimum temperature

(�C). These climatic gradients coupled with the

variation in geomorphologic and edaphic conditions

result in a wide spectrum of woodland types, ranging

from tall rainforests to open canopy savannas. The

study region includes forests that grow in a wide range

of altitudes (0–2300 m.a.s.l.) and have varying pro-

portions of deciduous trees and different soil proper-

ties. The major land cover types include shrubland,

cropland, herbaceous vegetation, and forests (Buch-

horn et al. 2019). The intensity of human influence

increases towards the coast (Wildlife Conservation

Society and Center for International Earth Science

Information Network 2005), where the major urban

areas are located.

Species occurrences

We retrieved abundance data of 1016 tree species from

574 community surveys (totaling 961,184 individuals)

from the Neotropical Tree Community database

(TreeCo; http://labtrop.ib.usp.br/doku.php?id=

projetos:treeco:start) using the methods described in

Lima et al. (2015) and de Lima et al. (2020). For this

specific study, we selected the surveys including trees

from the dominant/adult stratum of the vegetation,

which were defined to include trees with diameter at

breast height (DBH) C 5 cm for closed canopy forests

and DBH C 3 cm or DGH (diameter at ground

height) C 5 cm for open canopy forests and savannas.

We included only those surveys that met the following

criteria: a minimum sampling effort of 0.4 ha, data

published after 2000 and with a minimum 90 percent

of trees identified to species level. We did not consider

planted or early secondary forests (\ 25 years since

land abandonment and forest regrowth). Furthermore,

we selected only those surveys for which the geo-

graphical coordinates stored in TreeCo were validated

at the forest fragment level, i.e., those for which the

coordinates fell within the focal forest fragment where

the survey was conducted. Within these surveys, we

further selected species for which functional trait data

were available, and which had a minimum of six

occurrence records. The latter selection was done

because our focus was on species’ co-occurrences that

cannot be estimated reliably for species with very few
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occurrences (Ovaskainen and Abrego 2020). Of the

initial 2932 species, 1616 had missing trait values and

1513 had fewer than six occurrence records, resulting

in 1016 species (* 35% of all species, * 80% of all

individuals) included in the final analyses. Therefore,

the species included in the analyses mainly cover well-

studied species and genera that have available infor-

mation of their traits. We defined trees as those plants

with free-standing stems that can grow at least 4 m

tall, including trees, treelets, palms, tree ferns, and

cacti (for the list of included species, see Appendix

S1). All species names were checked for typographical

errors, synonyms, and orthographical variants fol-

lowing the Brazilian Flora 2020 nomenclature (Ran-

zato Filardi et al. 2018).

Environmental covariates and spatial structure

To study the possible abiotic effects on species co-

occurrences patterns, we obtained climate,

Alto Paraná Atlantic Forests

Araucaria Forests

Bahia Coastal Forests
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Fig. 1 Map of the hierarchically structured sampling design in

eastern South America. Included levels are ecoregion (N = 10

(color); simplified based on Olson et al. 2001) and sampling site

(N = 574; black circle). Distribution of sampling sites among

ecoregions is indicated next to the legend
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topography, soil and landscape covariates for each

survey based on the spatial coordinates of the survey

(for detailed definitions, spatial resolutions, and vari-

ation among study sites, see Appendix S2: Table S1,

de Lima et al. 2020). Following preliminary analyses,

we selected a set of uncorrelated variables to avoid

collinearity in the model fitting and excluded those

variables that were highly correlated (Pear-

son’r[|0.5|) with other variables (e.g., altitude).

Climate covariates consisted of mean annual precip-

itation (mm) (Alvares et al. 2015; Fick and Hijmans

2017), mean annual temperature (�C) (Alvares et al.

2013; Fick and Hijmans 2017), and bioclimatic stress

measured as a function of temperature seasonality,

precipitation seasonality, and climatic water deficit

(the ‘E’ parameter in Chave et al. 2014). As topog-

raphy covariates, we included slope declivity (0�–90�)
and aspect (northness and eastness, calculated, respec-

tively, as cosine and sine of aspect), built based on

2000 NASA Shuttle Radar Topography Mission using

GDAL-QGIS software (version 3.4.4). As a soil

property measure, we used the soil quality information

from the Harmonized World Soil database (version

1.2) to obtain soil quality index calculated semi-

quantitatively as the sum of nutrient availability,

nutrient retention capacity, rooting conditions, oxygen

availability to roots, and excess salts (Fischer et al.

2008). Soil information that are adequate for studying

crop plants (soil workability and toxicity) were not

considered for calculating the soil quality index. Since

each of the five included variables varied from 1 (no or

slight limitations) to 4 (very severe limitations), the

soil quality index varied from 4 to 16.

To account for the effects of forest patch size and

human-induced disturbances, we obtained the area of

the forest fragment surveyed (ha) and the human

influence index (Sanderson et al. 2002), which varied

from 0 (low human influence: wild areas) to 65 (high

human influence: urban areas). Area of the fragment

was obtained from the information in the original

publication and cross-checked using the SOS Mata

Atlântica/INPE Atlantic Forest fragments mapping

(Fundação SOS Mata Atlântica 2014). We did not

include landscape forest cover due to its strong

correlation with forest fragment size that better

corresponds to the local patch quality. Finally, we

included the sampling effort (ha) and the sampling

method (point-centered quadrant, plot) as reported in

the original publication to account for potential

sampling effects. We note that the spatial and temporal

resolution of the included covariates varies, and thus

they may be coarse in some cases, which may dilute

their modelled effects on species’ occurrences and co-

occurrences. However, these variations in the spatial

and temporal resolutions are likely to contribute to

increased uncertainty, rather than bias, in the model

estimates.

We compiled species occurrence data hierarchi-

cally at ecoregion and sampling site scales (Fig. 1). At

the larger scale, we included ecoregions without

spatial coordinates. Ecoregions were obtained and

simplified from the Nature Conservancy (TNC) def-

initions (ecoregion scale, N = 10; Olson et al. 2001).

Although the ecoregions, such as Cerrado and

Caatinga, are distinguished from each other by biotic

and abiotic differences, the borders between them are

not discrete, and transitional zones of varying extents

generally exist between the regions. At the smaller

scale, we included the local hierarchical level of the

sampling site with its spatial coordinates (site scale,

N = 574).

Species characteristics

To study the effect of shared evolutionary history on

species co-occurrence patterns, we built the phyloge-

netic tree based on the stored megatree R20120829

from Phylomatic (version 3; http://phylodiversity.net/

phylomatic). The tree was calibrated using ‘bladj’

algorithm in Phylocom software (Webb et al. 2008),

which is based on node ages suggested by Bell et al.

(2010) and Magallón et al. (2015). We eliminated

polytomies by generating random dichotomies with

length 0.001 between sister species. To solve poly-

tomies we used the ‘ape’ package in R software

(version 3.5.0; Paradis et al. 2004). Finally, we con-

structed a matrix of evolutionary distances in million

years across all species pairs. We note that the phy-

logeny was compiled based on fossil records due to the

limited availability of phylogenies built from DNA

data. Nonetheless, the phylogeny suffices for detecting

patterns of phylogenetically structured co-occurrences

among a large number of species pairs across

ecoregions.

To assess the effect of functional similarity on

species’ co-occurrences, we obtained from TreeCo

database those plant traits that reflect the major axes of

variation in ecological strategies and are thus relevant
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for assessing niche-based processes (Dı́az et al. 2015;

Lopez et al. 2016; Martins et al. 2018). These included

seed length (cm), wood density (g/cm3), maximum

growth height (m), leaf area (cm2), leaf type (com-

pound, simple), dispersal syndrome (autochoric,

anemochoric, barochoric, hydrochoric, zoochoric),

and successional group (pioneer, initial/late sec-

ondary, climax). In addition, we included the geo-

graphic distribution (local/regional endemic,

central/southern/northern/western South America,

Neotropical, Pantropical, exotic). The details on

obtaining species’ characteristics can be found in de

Lima et al. (2020). Based on the assumption that

closely related species tend to have similar trait values,

we completed the trait matrix with genus level

averages in cases of species missing values of seed

length, wood density, and dispersal syndrome. We

calculated a pairwise trait distance matrix using

Gower distances in ’FD’ package (Laliberté and

Legendre 2010) in R software (version 3.5.0; R Core

Team 2019), thus allowing inclusion of categorical

traits.

Statistical analyses

Joint species distribution modelling

We synthesized data on species occurrences and

abundances, and environmental and spatial variables

using the Hierarchical Modelling of Species Commu-

nities framework (HMSC; Ovaskainen et al. 2017;

Ovaskainen and Abrego 2020). HMSC is a class of

joint species distribution models (Warton et al. 2015),

which allows simultaneous modelling of the occur-

rences/abundances of all species as a function of their

responses to the environmental covariates. Of partic-

ular relevance for addressing the main objective of the

present study, HMSC employs a latent variable

approach that allows estimating pairwise residual

species’ associations (i.e., statistically supported

species-to-species associations that remain after

accounting for the effects of the environmental

covariates from species-rich community data) (Ovas-

kainen et al. 2016b).

To account for the zero-inflated nature of the data,

the models were fitted by following a hurdle modelling

approach in which we modelled separately the pres-

ence–absences and the abundances conditional on

presence (Cragg 1971; Ovaskainen and Abrego 2020).

This approach allows disentangling the ecological

processes that explain the variation in species’ pres-

ence–absences from those explaining their abun-

dances. We applied probit regression for the

presence–absence data and log-normal regression for

the abundance data conditional on presence. We fitted

in total four HMSC models, corresponding to two

alternative sets of the hurdle-type models. In the first

set of hurdle models, we accounted for the spatial

structure of the data through (latent variable) random

effects at the sampling site and ecoregion levels, but

we did not include environmental covariates. The

second set of hurdle models was otherwise identical to

the first set, but included the environmental covariates

explained in the previous section (describing the

climate, topography, soil, landscape, and sampling

design). These two sets of models allowed us to

estimate the raw and residual species-to-species

associations, respectively. The raw associations rep-

resent the overall pairwise associations among the

species disregarding which factors drive the co-

occurrences. For the residual associations, the species’

shared responses to the environmental covariates

included in the models are accounted for. As explained

below in more detail, for all four models we estimated

the species-to-species associations at the scales of

sampling sites and ecoregions. The models were fitted

within the Bayesian inference framework using the

MATLAB implementation of HMSC and the default

prior distributions (the MATLAB HMSC software and

manual are found at https://www.helsinki.fi/en/

researchgroups/statistical-ecology/hmsc). We calcu-

lated the proportions of positive and negative associ-

ations among all species pairs with at least 95 percent

posterior probability across the posterior samples for

each of the four models.

Modelling species-rich communities is generally

challenging as computation times increase exponen-

tially with an increasing number of species. HMSC

allows circumventing this problem with a latent

variable approach that can be viewed as a model-

based ordination (Warton et al. 2015; Ovaskainen

et al. 2016a, 2017). The tree species were modelled

with a set of shared latent factors that have species-

specific loadings (Ovaskainen et al. 2016a, b). In

HMSC, the number of latent factors is adapted in the

model fitting procedure so that a sufficient number of

latent factors are ensured to capture the ecologically

relevant variation and to avoid modelling noise rather
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than actual signal (Ovaskainen et al. 2016a, b). We

included latent factors at the ecoregion (including

ecoregion identity as a random effect) and sampling

site (including sampling site coordinates as a spatially

structured random effect) levels to account for the

spatial autocorrelation in the species occurrence/

abundance data. Thus, the ecoregion and sampling

site level latent factor structure correspond to the

random effects part of the models. With the latent

variable approach, the species-to-species variance–

covariance matrix (hereafter referred to as the asso-

ciation matrix) can be represented through latent

factors and their loadings (Ovaskainen et al. 2017).

The factor loadings indicate patterns where a pair of

species co-occur less or more frequently or in higher or

lower abundances than expected given the other

parameters in the fitted models. That is, with loadings

of the same sign, the pair increase similarly in

occurrence probability or abundance, whereas with

loadings of opposite signs, one species declines and

the other increases (Ovaskainen et al. 2017). However,

we note that this is a correlative approach and the

results strongly depend on whether the relevant

covariates have been included in the models. Thus, a

proper interpretation of the results requires high-

quality data of the relevant environmental covariates.

For more details and examples on the latent variable

approach, see Chapter 7 in Ovaskainen and Abrego

(2020).

We evaluated the explanatory and predictive pow-

ers of the models by calculating Tjur’s R2 (Tjur 2009)

in the case of presence–absence data, and by calcu-

lating the correlation between the observed and

predicted abundances in the case of the abundance

conditional on presence data. To compute explanatory

power, we made model predictions based on models

fitted to all data. To compute predictive power, we

applied the following fourfold cross-validation

approach. We divided the study sites randomly into

four sets, fitted the model using three of the four sets as

training data, and predicted the validation data on the

remaining fourth set of sites. We repeated this analysis

four times, thus generating an independent prediction

for each site.

Estimating effects of environmental filtering

on species co-occurrences (Question 1)

To answer the first research question on abiotic effects

on co-occurrences, we evaluated the relative role of

environmental filtering by comparing the proportions

of positive and negative associations between the raw

and residual association matrices. For all models, we

partitioned the explained variance in species occur-

rences and co-occurrences among the included envi-

ronmental predictors and random effects.

Estimating effects of phylogenetic relatedness

and functional similarity on species co-occurrences

(Question 2)

To answer the second research question on the biotic

effects on co-occurrences, we calculated the correla-

tions between the pairwise raw and residual species-

to-species associations the pairwise phylogenetic and

trait distances. For this, we applied a Mantel test with

1000 permutations. As opposed to the phylogenetic

niche conservatism hypothesis (Harvey and Pagel

1991), there was a statistically significant but negli-

gible correlation between pairwise phylogenetic and

trait distances (Mantel r = 0.04, p = 0.003). When

testing the correlation for phylogenetic distances and

distances of each continuous trait separately, we did

not find significant correlations. Thus, we treated

phylogenetic relatedness as an independent factor in

the analyses, rather than as a proxy for species’

functional space. According to the limiting similarity

hypothesis, we expected to observe a negative corre-

lation between species’ co-occurrences and similarity.

However, we acknowledge that competitive interac-

tions may also involve competitive hierarchies

wherein certain traits are competitively advantageous,

leading to trait convergence (Mayfield and Levine

2010).

Finally, we compared the trait distributions of

species with the strongest positive (N = 20) and

negative (N = 20) residual associations to assess

whether they represented distinctive trait

combinations.
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Assessing spatial distribution of species co-

occurrences (Question 3)

To answer the third research question on spatial

variation in co-occurrences, we calculated for each of

the local tree communities the percentages of positive

and negative residual associations as sum of all

statistically supported associations of species pairs.

Based on the spatial distribution of the co-occurrences,

we estimated the potential presence of biogeograph-

ical processes. That is, we assumed that the variation

in co-occurrence patterns among ecoregions to reflect

biogeographical processes. However, we note that also

other processes, such as processes related to species’

interactions, may also lead to large-scale spatial

variation in co-occurrences.

We plotted the percentage of associations across

eastern South America and applied a parametric

analysis of variance test (ANOVA) to study differ-

ences in mean percentages among ecoregions. We

applied a non-parametric analysis of variance (Krus-

kal–Wallis) when the assumptions for the parametric

analysis of variance test were not met (Appendix S2,

Fig. S1). Furthermore, we assessed whether the

transitional zones between ecoregions exhibited dis-

tinct percentages of positive and negative associations.

We defined the transitional zones as those areas within

a close proximity to established limits of ecoregions,

where the communities are likely to exhibit charac-

teristics of both ecoregions (McDonald et al. 2005;

Smith et al. 2018). However, the transitional zones

likely vary in extent among the ecoregions and should

be considered as suggestive, rather than definitive.

Results

Model fit and estimated co-occurrences

The models fitted to the presence–absence data

without and with environmental covariates explained

18.9 percent and 25.1 percent of the variation at the

sampling site level, respectively. The predictive power

based on cross-validation was 12.3 percent for the

model without environmental covariates and 12.6

percent for the model with environmental covariates.

The models fitted to the abundance data without and

with environmental covariates explained 60.6 percent

and 72.0 percent of the variation in species’

abundances at the sampling site level, respectively.

The predictive power based on cross-validation was

16.3 percent for the model without environmental

covariates and 25.8 percent for the model with

environmental covariates. Note that different types

of R2 measures were used between the models fitted to

the presence–absence and abundance data, so that

these numbers are not comparable as such.

Based on the loadings obtained with the latent

factor approach, we estimated more positive than

negative statistically supported associations. How-

ever, the estimated proportions of positive and nega-

tive associations differed between the studied spatial

scales and between the models fitted to presence–

absence and abundance data, as well as between

models fitted without and with environmental covari-

ates (Table 1). The observed associations were largely

different at site and ecoregion scales, likely encom-

passing local assembly processes and biogeographical

processes, respectively. Overall, we estimated more

associations based on the models fitted to the

presence–absence than to the abundance data. Fur-

thermore, we estimated more associations at the

sampling site level than at the ecoregion level.

Effects of environmental filtering on species co-

occurrences

Both models fitted to the presence–absence and to the

abundance data explained species’ co-occurrences

better when the environmental factors were accounted

for. However, for the presence–absence data, the

cross-validated predictive powers did not differ

between models including and excluding environmen-

tal covariates. For the abundance data, the models

including environmental covariates estimated fewer

positive and negative associations than the models

without environmental covariates (Table 1).

In the presence-absence model, the included envi-

ronmental covariates explained 32 percent of the

explained variation in species’ occurrences, whereas

the site and ecoregion random effects explained 66

percent (Table 2). In the abundance conditional on

presence model, the included environmental covari-

ates explained 41 percent of the explained variation in

species’ abundances, while the site and ecoregion

random effects explained 42 percent (Table 2). In both

models, the included climatic factors (mean annual

precipitation, mean annual temperature, and
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bioclimatic stress) were the most important environ-

mental covariates explaining on average 25 percent of

the total explained variation (Table 2). The effect of

forest fragment area and human influence was larger

on tree abundances than presence–absences (Table 2).

Effects of phylogenetic relatedness and functional

similarity on species co-occurrences

Mantel tests showed no statistically significant corre-

lations between the raw association and phylogenetic

and trait distance matrices, except for the presence–

absence data and phylogenetic distances (test results

reported within Fig. 2). However, the correlative

relationship between phylogenetic distances and the

raw associations was rather weak. The correlations

between the residual association and phylogenetic and

trait distance matrices were similar to those computed

for the raw associations (Appendix S2, Table S2).

According to the model fitted to the abundance

data, the species with the strongest positive associa-

tions was Zanthoxylum rhoifolium, whereas the

species with the strongest negative associations was

Guettarda viburnoides (see Appendix S2, Table S4 for

the full lists of the species with the strongest associ-

ations). The trait spaces of the species with the

strongest positive (20 species) and negative associa-

tions (20 species) did not differ significantly from each

other (Appendix S2, Table S5).

Table 1 Percentages of estimated raw and residual positive and negative associations at sampling site and ecoregion scales

according to the models fitted to the presence–absence and abundance data

Data type Spatial scale Associations (%)

Positive Negative

Raw Residual Raw Residual

Presence–absence Site 43.0 51.9 17.1 6.6

Ecoregion 22.6 4.3 18.7 4.0

Abundance Site 17.2 10.1 1.0 0.4

Ecoregion 0.06 0.01 0.03 0.01

We calculated the percentages of positive and negative associations among all species pairs with at least 95 percent posterior

probability. The estimated associations are based on the factor loadings obtained with the latent factor approach

Table 2 Variance

partitioning

Percentage of variance in

species occurrences

explained (%) by each

included covariate and

spatial random effect in

models fitted to the

presence–absence and

abundance data

For description of the

covariates, see ‘‘Methods’’

section

Category Covariate Model

Presence–absence Abundance

Spatial random effect Site level 58.0 35.0

Ecoregion level 8.3 6.9

Sampling Effort (ha) 1.7 15.0

Sampling method 0.55 2.0

Topography Declivity 1.0 3.2

Aspect northness 0.41 2.1

Aspect eastness 0.43 2.1

Climate Mean annual precipitation 6.1 4.4

Mean annual temperature 12.0 9.7

Bioclimatic stress 8.7 8.1

Disturbance Fragment area (ha) 1.7 4.0

Human influence 0.74 3.3

Soil Soil quality 1.0 4.1
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Spatial configuration of species co-occurrences

According to the model fitted to the abundance data,

we found the highest proportions of residual positive

associations in Alto Parana and Uruguayan Savanna

ecoregions, and the differences among the ecoregions

in general were statistically significant (parametric

ANOVA: F = 54.6, df = 572, p\ 0.01; Fig. 3;

Appendix S2, Fig. S2). The proportions of residual

negative associations were highest in Cerrado ecore-

gion and its transitional zones with other ecoregions,

and the differences were statistically significant

among the ecoregions (non-parametric Kruskal–Wal-

lis: v2 = 249.44, df = 9, p\ 0.001; Fig. 3; Appendix

S2, Table S3).

Discussion

Our study using a comprehensive dataset of tropical

trees shows that large-scale tree co-occurrence pat-

terns are determined by environmental filtering and
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Fig. 2 Relationships of pairwise raw association strengths and

phylogenetic and trait distances according to the models fitted to

the presence–absence data (a, b) and abundance data (c, d). a,

b Represent the relationships of raw association strength–

phylogenetic distance and raw association strength–trait dis-

tance according to the model fitted to the presence–absence data,

respectively. c, d Represent the relationships of raw association

strength–phylogenetic distance and raw association strength–

trait distance, respectively. Each colored hexagon represents the

number of points that fall within it, while each point represents

the value of an estimated pairwise association (the darker the

shade of grey, the higher the number of points within the

hexagon). Mantel test results (correlation coefficient (r) and

significance (p)-values) based on 1000 permutations are shown

for each matrix pair correlation
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biogeographical processes more than by limiting

similarity. Environmental filtering effects explained

more variation for species’ abundance than presence–

absence data, indicating that environmental variables

explained better whether tree species were abundant

than where they occurred. Moreover, including

covariates in the models generally improved their

explanatory powers, and the covariates explained

many of the tree co-occurrences. However, at large

scales, we found a large spatial variation in species’

co-occurrence patterns. Hence, our findings suggest

that the niche-based processes govern the local co-
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Fig. 3 Spatial distribution of proportions of (a) residual

negative and (b) residual positive associations over the species

pairs present across the sampling sites and the variation of

(c) residual negative and (d) residual positive association

proportions in each ecoregion, that are delimited with grey lines

in (a, b) (see Fig. 1 for the ecoregion names). The transitional

zones between the ecoregions are not indicated as they may vary

in extent across the study area. Results are based on the model

fitted to the abundance data. Note the different y-axis scales in

(c, d)
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occurrence patterns whereas biogeographic processes

govern the large-scale co-occurrence patterns.

Of all environmental covariates, the variation in

species occurrences was best explained by the climatic

variables, including mean temperature and precipita-

tion, as well as climate seasonality. In addition, we

found that the effect of anthropogenic disturbances

(here, forest fragment area and human influence) was

larger on tree abundances than presence–absences,

which may indicate declining population trends for

some species and increasing population trends for

others under intensifying anthropogenic pressures.

This suggests that climate change may alter tree

species’ spatial distributions (similarly to Miles et al.

2004), while anthropogenic disturbances may alter

species’ relative abundance distributions. However,

due to the varying spatial and temporal resolution of

the environmental data, the environmental variables,

such as soil quality, may not be able to capture the full

extent of the environmental effects on species occur-

rences. Moreover, by excluding the non-adult indi-

viduals and the rarest species from the analyses (i.e.,

including * 35% of the original number of observed

species and * 80% of the original number of

observed individuals), we may have overlooked some

of the environmental filtering and limiting similarity

effects on the rarer species. Therefore, it is possible

that environmental filtering is an even more important

driver of occurrence and co-occurrence patterns. In

addition to the environmental variables, the variation

in both species’ presence–absences and abundances

was largely explained by the spatially structured

random effects, suggesting that species’ occurrences

were spatially structured along gradients of unmea-

sured covariates, such as land use intensity or time

since last glacial period. Moreover, a significant

proportion of the variation in species’ abundances

was explained by the sampling effort, as the number of

observed individuals logically tends to increase with

increasing sampling effort. To disentangle the impor-

tance of actual environmental variables, it is important

to control for such sampling design-dependent effects.

According to the limiting similarity hypothesis, co-

occurrences among phylogenetically closely related

and functionally similar species should be predomi-

nantly negative. Contrary to previous research (Kraft

et al. 2008; Wilson and Stubbs 2012, but see Silva and

Batalha 2009), we did not observe any signs of

limiting similarity at the spatial extent of our study.

One explanation for this might be that limiting

similarity is only important at very fine spatial scales,

whereas at larger spatial scales other processes cancel

its effects. For instance, when considering species’

presence–absences, competitive exclusion can take an

extremely long time and the importance of limiting

similarity in that may be overridden by speciation

(Hubbell and Foster 1986), leading to random patterns

of species co-occurrences. At the spatial scale of our

study, outcomes of limiting similarity may be masked

because we considered species occurrences without

information of the spatial configuration of individual

trees within the sites. Therefore, the modelled asso-

ciations may not reflect the fine scale avoidance of

similar species as they may still co-occur within the

same sampling site. Future research could use our

approach to model residual co-occurrences with

individual-based data below plot scales, thus allowing

the assessment of limiting similarity effects at much

finer spatial scales.

Tree communities with the highest proportions of

negative associations were located in the transitional

zones between the major biogeographical regions

(e.g., savanna-seasonal forest-transition), suggesting a

dispersal and/or establishment barrier between

regions. Because we modelled species’ associations

based on abundance data conditional on presence,

species’ co-occurrence within sampling sites are

implicit. Thus, we expect negative associations from

the model fitted to the abundance data to reflect

establishment rather than dispersal barriers. Moreover,

75% of the studied species are animal-dispersed, a

dispersal syndrome known to be efficient (Myers et al.

2004), making dispersal limitation the less plausible

mechanism. Rare long distance dispersal events may

be key to the colonization of new ecoregions (Clark

et al. 1999, 2005). Thus, tree occurrences are mainly

driven by establishment and growth, which are

affected by many ecological factors, such as seed

predation and light conditions (Janzen 1970; Rüger

et al. 2011). Transitional zones between ecoregions

are highly variable and may induce small-scale spatial

variation in species’ co-occurrences. For example, the

transitional zone between Cerrado and Caatinga is

likely to stem from their difference in the length of the

dry season, whereas the transitional zones between

Bahia, Serra do Mar, and Araucaria are likely founded

on temperature differences (Liebmann et al. 2007;

Alvares et al. 2013). Indeed, many species occur at
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their range limits in the transitional zones, leading to

co-occurrence patterns consistent with environmental

filtering (Sommer et al. 2014). An alternative expla-

nation for the spatial variation in residual associations

along transitional zones is that they represent ecolog-

ical interactions (Sommer et al. 2014). We note that

using co-occurrences as direct proxies for pairwise

interactions is problematic (Dormann et al. 2018;

Freilich et al. 2018). However, indirect species

interactions, such as apparent competition, are few in

the literature and research tends to focus on the

observed networks of direct interactions. As a result,

significant associations are often disregarded as false

positives or negatives in co-occurrence analyses (e.g.,

Freilich et al. 2018). Thus, the estimated residual

associations pose interesting hypotheses about direct

and indirect ecological interactions to be tested in the

future research. Finally, fitting separate models to

presence–absence and abundance data yielded addi-

tional evidence for the existence of biogeographical

scale mechanisms that lead to spatial variation in the

association patterns: there were more negative asso-

ciations for the presence–absence data than for the

abundance data. This suggests that it is more common

for species to affect each other’s occurrences than

abundances at the scale of our study.

Here, we studied the influence of environmental

filtering and limiting similarity on species’ co-occur-

rences at a site level. However, one cannot fully

separate different niche-based processes based solely

on co-occurrences patterns, because functional niche

differences are influenced by both environmental and

competitive factors (Kraft et al. 2015). Detection of

limiting similarity may be particularly challenging if

the traits that drive local coexistence are also the same

traits that drive competitive exclusion, or if only

certain combinations of traits are reflective of com-

petitive effects (Kraft et al. 2015). While the environ-

ment can filter functionally similar species into the

local species pool (Bazzaz 1991; Kraft et al. 2015),

competition may allow the local co-occurrence of

functionally similar species (Chesson 2000; Mayfield

and Levine 2010). For example, particular plant traits

are important for adaptation to the local environmental

conditions independent of the species (Dı́az et al.

2015). Thus, species in distant lineages may express

high functional similarity (Swenson and Enquist

2009). Variation in these niche-based processes may

lead to functional differences among the local

communities at larger spatial scale if the environment

is filtering groups of species that are functionally

similar (Hérault 2007). Thereby, environmental filter-

ing through climate and habitat characteristics may

select for a set of discrete common characteristics that

differ between biogeographical regions (Echeverrı́a-

Londoño et al. 2018; Li et al. 2018).

Understanding how the abiotic environment drives

tree species’ occurrences and co-occurrences has both

conservational and methodological applications.

Firstly, knowing which species tend to co-occur has

potential of informing holistic conservation and

restoration efforts so that tightly linked species can

be protected and/or reintroduced together using sim-

ilar environmental assumptions. Secondly, shifts in

tree occurrences due to environmental factors need to

be accounted for in conservation prioritization as

future distributions of species may not match the

current ones (Miles et al. 2004). Thirdly, presence–

absence data alone may not suffice for inferring the

effects of environmental change on species commu-

nities as the negative population trends may be masked

until (local) extinctions of species unless abundance

data are obtained. Finally, when assessing co-occur-

rence patterns at large spatial scales, including envi-

ronmental covariates in the model is essential.

Otherwise, estimated raw co-occurrences will largely

represent species’ shared responses to the abiotic

environment rather than ecologically meaningful co-

occurrences.

In this paper, we found that tree species’ co-

occurrences are mostly determined by environmental

and sampling factors, more than by species’ phyloge-

netic relatedness or functional similarity. The co-

occurrence patterns also greatly varied across the

study region, which indicates presence of underlying

spatially structured, biogeographical processes. These

results highlight the need for studies at large spatial

scales, as they can provide additional information on

the hierarchical processes that shape species’ co-

occurrences.
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SOS Mata Atlântica, Instituto Nacional de Pesquisas

Espaciais, São Paulo

Hardin G (1960) The competitive exclusion principle. Science

131:1292–1297. https://doi.org/10.1126/science.131.3409.

1292

Harvey PH, Pagel MD (1991) The comparative method in

evolutionary biology. Oxford University Press, New York
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