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ABSTRACT

Aim: We investigate the distribution of dispersal modes—endozoochory (via animal ingestion), synzoochory (via animal seed 

accumulation) and anemochory (via wind)—and seed mass of woody plants across Brazilian ecosystems, testing whether their 

relative abundance in local plant communities could be predicted by climate, edaphic factors and dispersal agents (e.g., the main 

vectors moving seeds). We expected climate to be the main predictor of dispersal strategy abundance.

Location: Brazilian ecosystems (Amazon, Atlantic Forest, Cerrado and Caatinga).

Time Period: 2004–2020.

Major Taxa Studied: Woody angiosperms, trees and shrubs.

Methods: We assigned seed mass to 1984 species and dispersal mode to 2203 species within 300 old- growth and non- flooded 

plots. We employed Random Forest regressions to assess the influence of water availability, temperature seasonality, soil fertility, 

wind and frugivorous primates on the community- weighted means of seed mass and dispersal modes. We mapped predictions 

and estimated the area of applicability to identify regions where predictions were reliable.

Results: Climate was the main factor predicting tree dispersal strategies, followed by dispersal agents or soil properties. 

Endozoochory was prevalent in wetter regions with high water availability and greater diurnal temperature range. Anemochory 

was more common in drier regions with low water availability, stronger winds and greater diurnal temperature range, whereas 

synzoochory was more abundant in areas with low temperature seasonality. Heavier seeds were more prevalent in regions with 

less seasonal temperatures, smaller diurnal temperature ranges and weaker winds.

Main Conclusions: Climate is a key predictor of the distribution and prevalence of plants with contrasting dispersal modes and 

seed masses. We thus expect functional responses to environmental change associated with shifts in the relative abundance of 

dispersal strategies, with implications for ecosystem services. Our results also highlight the critical role of plot- based datasets 

in improving our understanding of how environmental factors influence seed dispersal strategies across tropical ecosystems.

1   |   Introduction

Identifying the biotic and abiotic factors that drive species as-
sembly in ecological communities, and the mediating func-
tional traits, is a critical goal in functional biogeography (Violle 
et al. 2014). Morphological seed traits, such as size, are essential 
to characterize two key dimensions of the regeneration niche 
underpinning dispersal and establishment functions (Saatkamp 
et al. 2018). For example, seed mass influences several aspects of 
plant life history, including seed production (Moles 2018), dor-
mancy (Rubio de Casas et al. 2017) and seedling survival and 
competition (Westoby et al. 1996; Walters and Reich 2000; Moles 
et al. 2007). Furthermore, dispersal mode can indicate affinity to 
abiotic and biotic dispersal vectors, influencing how seeds reach 
sites for germination, seedling establishment and survival (van 
der Pijl 1982; Pinho et al. 2025). Despite increasing knowledge 
on the functional significance of seed mass and dispersal modes, 
the distribution of dispersal strategies across tropical ecosys-
tems and their ecological predictors remains poorly understood. 
Assessing the predictors underlying plant dispersal modes and 
seed mass across broad- scale ecological gradients can help clar-
ify the current patterns and anticipate potential shifts in plant 
communities under environmental change.

Seed mass and the proportion of zoochory—animal- dispersed 
seeds—increase from temperate to tropical regions, and from 
dry to humid forests (Westoby et al. 2002; Moles et al. 2007; Chen 
et al. 2017). These empirical patterns have supported the develop-
ment of three non- mutually exclusive hypotheses that try to ex-
plain the mechanisms underpinning patterns in dispersal mode 
and seed mass. The resource- availability hypothesis proposes that 
high metabolic costs are involved in constructing and maintaining 
fleshy fruits and large seeds—typically zoochorous species—com-
pared to non- fleshy fruits and small seeds (Moles et al. 2007; Chen 

et al. 2017). Thus, the proportion of zoochorous plants is expected 
to increase in areas with high resource availability, characterized 
by high and constant air temperature and water availability from 
rainfall, and fertile soils (Tabarelli et al. 2003; Butler et al. 2007; 
Correa et al. 2015, 2022). However, this hypothesis has received 
limited support at community- level scales in neotropical forests, 
indicating inconsistent relationships between air temperature, 
climate seasonality, soil fertility and the dominance of dispersal 
modes (Correa et al. 2015, 2022).

A second hypothesis, the disperser- availability hypothesis, pre-
dicts that the distribution of dispersal modes is associated with 
the availability of dispersal agents (Griffiths and Lawes  2006; 
Umaña et  al.  2018; Galetti et  al.  2013). This hypothesis has 
received more support for wind and water- dispersed plants 
(Umaña et al. 2018; Correa et al. 2015, 2022) while results have 
been mixed for animal- dispersed plants when related to the 
availability of frugivorous primates (Correa et al. 2015, 2022).

Last, the recruitment hypothesis predicts that large seeds have 
a greater competitive advantage than small seeds by promot-
ing higher seedling performance in shaded conditions associ-
ated with closed- canopy forests (Westoby et al. 1996; Eriksson 
et al. 2000; Walters and Reich 2000). This hypothesis has been 
supported when associated with physical factors typically found 
in deeply shaded conditions such as warmer, wetter and less 
seasonal climates (ter Steege et al. 2006; Malhado et al. 2015). 
While higher seedling survival from large seeds is expected, 
their dispersal potential without biotic or water vectors tends 
to be low (Thomson et  al.  2011). Thus, dispersal by animals 
and water plays a crucial role for heavy- seeded species, allow-
ing transport far from the parental plant and avoiding negative 
density- dependent effects (Janzen  1970; Connell  1971; Comita 
et al. 2014).
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Despite advances in our understanding of the distribution pat-
terns of seed mass and dispersal modes and their ecological cor-
relates, the varied empirical patterns and lack of clear support 
for existing hypotheses indicate there are many gaps that require 
further investigation. Some of these relate to the nature and scale 
of the data typically used. Large- scale patterns in seed mass 
and dispersal modes are often derived from species occurrence 
data aggregated across spatial grid cells or latitudinal bands 
(Moles et al. 2007; Malhado et al. 2015), which typically fail to 
capture the ecological processes operating at community- level 
scales. Furthermore, most studies have focused on the distribu-
tion of dispersal modes within specific regions (Almeida- Neto 
et al. 2008; Correa et al. 2015, 2022), leaving the ecological gra-
dients related to plant dispersal strategies at broader scales rel-
atively unexplored. For instance, Brazil, which spans over half 
of South America, encompasses a remarkable diversity of geo-
logical formations, climates, soils, fauna and vegetation types, 
delivering ecosystem services across major tropical biomes rec-
ognized globally, including rainforests, dry forests and savan-
nas (Ab'Saber  2003; IBGE (Instituto Brasileiro de Geografia e 
Estatística) 2012; MMA (Ministério do Meio Ambiente) 2024). 
Examining these issues across the major Brazilian ecosystems, 
which span a wide range of humid to arid conditions, and in-
corporating plot- based data could provide more robust insights 
into the mechanisms underlying the dispersal strategies of plant 
assemblages in tropical ecosystems.

To advance our understanding of variation in dispersal strate-
gies at continental scales, we assessed the local abundance of 
seed mass and dispersal modes of 1984 species in 300 old- growth 
vegetation plots across major Brazilian ecosystems, including 
Amazon, Atlantic Forest, Cerrado and Caatinga. We investi-
gated the distribution of the most common dispersal modes—
endozoochory, anemochory and synzoochory—and seed mass, 
expressed as community- weighted means, to examine whether 
and how climate, soil properties and dispersal agents (e.g., 
the main vectors moving seeds) influence their abundance in 
local plant communities. For vertebrate dispersers, we focus 
exclusively on primates, as they are a key taxonomic group 
for seed dispersal in the Neotropics and encompass functional 
groups relevant to both endozoochory and synzoochory (van 
Roosmalen 2013; Fuzessy et al. 2016).

We examine how seed mass and dispersal modes vary among 
regions, and which explanatory variables are most important in 
predicting these dispersal strategies. Our overarching expecta-
tion is that climate influences the relative abundance of disper-
sal modes and seed mass, reflecting the key role of temperature 
and precipitation in driving dissimilarities in vegetation com-
position across tropical ecosystems (Dexter et  al.  2018; Feeley 
et al. 2020). Specifically, we expect a higher prevalence of zoo-
chorous and heavy- seeded plants in regions with lower tempera-
ture seasonality and wetter climates because (i) lower seasonality 
in temperature would create conditions favouring large- seeded 
plants, whose seeds require longer growing seasons to develop 
and are less likely to exhibit dormancy under variable climates 
(Rubio de Casas et al. 2017); and (ii) higher water availability is 
critical for the development and maintenance of fleshy fruits, 
whereas non- fleshy fruits are less dependent on water availabil-
ity (Tabarelli et al. 2003). Conversely, more seasonal and drier 
environments should favor anemochory and light- seeded plants.

In addition, we expected differences within the animal dis-
persed plants. Although zoochorous plants require high water 
availability for fruit development (Tabarelli et al. 2003; Almeida- 
Neto et al. 2008; Correa et al. 2015), this dispersal strategy en-
compasses a wide variation in seed size (Souza  2023), which 
may be influenced by contrasting temperature ranges (Correa 
et al. 2022). We predict that endozoochory would be more prev-
alent in regions with greater temperature seasonality, while 
synzoochory, characterized by the largest seed sizes among dis-
persal modes (Correa et al. 2022; Souza 2023), would be more 
strongly associated with regions that experience lower tem-
perature seasonality. We discuss our results in terms of the role 
each variable group plays in predicting seed mass and dispersal 
modes, and how informative they are for understanding both 
current patterns and potential responses of tropical tree floras to 
climate change and anthropogenic disturbances.

2   |   Methods

2.1   |   Study Area and Vegetation Plot Data

We used 300 plots (0.1 ha–1.6 ha; ~32–126 m per side; totalling 
247.24 ha) distributed across seven Brazilian ecosystems, includ-
ing four Amazonian biogeographical regions: Central (n = 62), 
Eastern (n = 45), Southern (n = 54) and Western (n = 45), as well 
as the Atlantic Forest (n = 29), Cerrado (n = 36) and Caatinga 
(n = 29) (Figure 1). These regions encompass their major vege-
tation types: the Amazon and Atlantic Forest regions are domi-
nated by moist forests, the Cerrado by Brazilian savanna and the 
Caatinga by dry forest. For analytical purposes, the Amazon was 
divided into four regions to reduce sampling imbalance associ-
ated with its large spatial extent and the resulting disproportion-
ate availability of plots. All plots were located on non- flooded 
soils and in old- growth vegetation. These inventories, carried 
out by multiple botanical investigators over the past two decades 
(2004–2020), were curated at Fores tPlots. net (Lopez- Gonzalez 
et al. 2011; ForestPlots.net et al. 2021). Although other floristic 
datasets are available, the use of forest- plot inventories allows 
the standardization of taxonomy and methodological criteria. 
Unlike floristic datasets, plot- level data provide community- 
level data including species abundances. These inventories en-
able us to establish consistent criteria for plant size inclusion 
(e.g., minimum diameter) and to consider the disturbance his-
tory of sites, allowing us to prioritize undisturbed or minimally 
disturbed forests. The area and total number of individuals and 
species sampled by region are summarized in Table S1.

The difference in sampling methods (e.g., plot size) should not 
affect our results as we focus on the relative abundance of dis-
persal strategies within local plant communities and the re-
sulting variation across the Brazilian ecosystems. To further 
address this concern, we tested whether any systematic patterns 
or effects not captured by the model were associated with vari-
ation in plot size. No significant correlation was found between 
model residuals and plot area, indicating that any unexplained 
effects are unlikely to be associated with variation in plot size 
(Figure S1). In addition, to ensure standardized species, genus 
and family nomenclature, we verified taxon names against the 
Flora e Funga do Brasil database (BFG (Brazil Flora Group) 
et al., 2022; https:// flora dobra sil. jbrj. gov. br/ consu lta/ ).
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2.2   |   Vegetation Data

We used data from 172,185 individuals representing 541 gen-
era and 2203 species (Table  S1). To include woody stems, we 
established the following criteria. First, within each plot, spe-
cies were ranked by stem abundance in descending order, and 
only those contributing to 80% of the cumulative number of 
individuals were included. Second, we focused on stems from 
tree (including palms) and shrub species, excluding herbaceous 
species, lianas and bamboos. Next, we applied distinct diameter 
thresholds for woody stems in each ecosystem: DBH ≥ 10 cm for 
the Amazon regions, ≥ 5 cm for the Atlantic Forest and Cerrado, 
and ≥ 3 cm for the Caatinga. These thresholds were based on the 
minimum diameter commonly reported in forest plot invento-
ries for different ecosystems. For instance, drier systems typi-
cally use lower diameter thresholds due to the smaller average 

plant size (Moonlight et al. 2021). The effect of employing dif-
ferent thresholds for the two moist forest regions (Amazon and 
Atlantic Forest) was negligible in practice, as only 0.02% of indi-
viduals included from the Atlantic Forest were ≤ 10 cm diameter 
after applying the initial criteria. By employing all these steps, 
we sought to ensure that the most representative woody species 
from each region were represented in our datasets while avoid-
ing potential biases that would arise by including non- woody 
plants.

2.3   |   Dispersal Modes and Seed Mass

We gathered information on the dispersal modes from a mix of 
sources, including scientific literature, such as books, papers and 
theses, as well as online databases (e.g., Seed Information Database 

FIGURE 1    |    Location of forest inventory plots where tree dispersal strategies were quantified (a). Variation in community- weighted means (CWM) 

of endozoochory (b), synzoochory (c), anemochory (c) and seed mass across Brazilian ecosystems. Colours in (a) correspond to regions in (b–e). 

Different letters represent statistical differences between regions. Jittered points are the actual values, boxplot (centre line; median), 25%–75% quar-

tiles (box edges), < 1.5 times the interquartile range (whiskers) and extreme values (dots). N = 300 plots (Central Amazon = 62, Eastern Amazon = 45, 

Southern Amazon = 54, Western Amazon = 45, Atlantic Forest = 29, Cerrado = 36, Caatinga = 29).
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[SID]; Royal Botanic Gardens, Kew  2020). Our classification di-
vided species and morphospecies into two categories: zoochorous 
and non- zoochorous. The former included endozoochorous and 
non- endozoochorous (synzoochory and myrmecochory) dispersal 
modes, while non- zoochorous species were classified according to 
anemochory, barochory, autochory and hydrochory (see Table 1).

Due to the lack of information denoting primary dispersal modes, 
we also applied the classification scheme proposed by Hawes 
et  al.  (2020), separating modes into sensu stricto and sensu lato 
subcategories. Sensu stricto referred to species or morphospecies 
with definitive dispersal modes, while sensu lato referred to those 
with two or more possible dispersal modes (see Table S2). For the 
main analyses, we focused exclusively on the sensu stricto category 
because it is less ambiguous, including only cases in which species 
have a single, well- defined dispersal mode. Results incorporating 
both sensu stricto and sensu lato classifications are presented in the 
Supporting Information (Table S9; Figures S13–S18).

Dispersal modes were predominantly imputed at the genus 
level, accounting for ~93% of all individuals and 85% of species. 
Species for which dispersal modes could not be assigned (i.e., 
completely unknown) were negligible, representing only 0.58% 
of individuals and 2.77% of species (Table S3).

We collected and compiled seed- mass data from scientific litera-
ture, global databases such as TRY Plant Trait Database (Kattge 
et  al.  2020), BIEN Botanical Information and Ecology Network 
(Enquist et al. 2026), and SID Seed Information Database (Royal 

Botanic Gardens, Kew 2020) and personal communications. We 
prioritized the data compilation from dry mass. However, in cases 
where dry materials were unavailable (28% of individuals), we con-
verted fresh mass to dry mass using the following correction fac-
tor: dry measurements = [0.92 × fresh mass]0.94 (Moles et al. 2005).

We focused on collecting seed- mass data from endozoochorous, 
anemochorous and synzoochorous species (sensu stricto and 
sensu lato), which together span a wide range of seed masses 
and represent 88.8% of the total number of individuals in our 
database (n = 152,966) (Table  S3). For each species and genus, 
a single value for seed mass was calculated as the median of all 
available records, ensuring a consistent representation across 
sources. Within these records, 647 species had complete seed- 
mass measurements at the species level (approximately 32.6% 
of the total). Since seed size traits tend to be conserved along 
the phylogenetic tree (Fuzessy et al. 2022), for species lacking 
species- level data, we assigned median genus- level values (58% 
of species). For the remaining 9.4% of species without genus- 
level information, missing seed- mass values were estimated 
via multivariate imputation with chained equations, with each 
value imputed five times using predictive mean matching in the 
mice package (van Buuren and Groothuis- Oudshoorn  2011). 
To further improve the accuracy of imputed seed- mass values, 
we incorporated seed width and length, which are moderately 
to strongly correlated with seed mass (Souza 2023). Seed width 
was available for 33% of species (n = 663) and seed length for 38% 
of species (n = 767). When species- level measurements were un-
available, genus- level values were used, covering 49% of species 
for width (n = 986) and 44% of species for length (n = 882).

The imputed seed mass data accounted for only 4.41% of all in-
dividuals across species and plots (n = 152,966) and largely over-
lapped with the distribution of observed values (Figure  S2). To 
assess the reliability of the imputation procedure, we artificially 
introduced gaps in species with complete seed- mass data by ran-
domly removing 10% of observed values, approximately matching 
the proportion of missing data, and imputed them using the same 
framework (five multiple imputations). Imputation accuracy was 
quantified using the root mean square error (RMSE), which aver-
aged 13,780 ± 7,537 mg (~13.7 ± 7.5 g). Finally, to evaluate whether 
imputation influenced model outcomes, we fitted models using 
only complete species- level data and compared their performance 
with models including both complete and imputed values.

2.4   |   Response Variables

Seed- mass data were scaled- up from the species level to the plot 
level by calculating the Community- Weighted Mean (CWM). 
For each plot p, CWM was calculated as CWMtp =

∑

 s
i- 1 ABip 

× ti, where ABip is the relative abundance of species i in plot p, 
calculated as the number of stems of species i divided by the 
total number of stems in the plot, and ti is the median seed mass 
value of species i. Median values were used as a single represen-
tative species- level trait value in the CWM calculation, based on 
all available trait records, to provide a robust estimate that is 
less sensitive to outliers. Trait values were then log- transformed 
[

log(seed mass + 1)
]

 to reduce skewness in trait distributions. 
CWM values for seed mass were calculated using the FD pack-
age (Laliberté and Legendre 2010). This approach captures the 

TABLE 1    |    Definition of dispersal modes, following van 

Roosmalen (2013), Kuhlmann and Ribeiro (2016), Hawes et al. (2020) 

and Correa et al. (2022).

Dispersal mode Description

Endozoochory Fleshy diaspores with small 
to large seeds dispersed 

through the gut of animals

Synzoochory Fleshy or dry diaspores with 
large seeds carried externally 

through the body of bats, monkeys 
(primary dispersal) or scatter 

hoarders (secondary dispersal)

Myrmecochory Dry diaspores with small seeds 
associated with a lipid- rich food 
body (elaiosome) carried by ants

Anemochory Diaspores without fleshy 
structures carried by the wind

Barochory Diaspores carried by gravity

Autochory Dry diaspores carried by ‘itself’ 
through explosive opening 
or elastic dehiscence (active 

autochory), or without any evident 
adaptation to specific dispersal 

agents (passive autochory)

Hydrochory Diaspores without fleshy structures 
and floating abilities carried by water
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dominance of trait values within the community and provides 
a meaningful summary of community functional composition 
(Muscarella et al. 2017).

For dispersal modes, CWM represents the relative abundance 
of species belonging to each dispersal mode category (endozoo-
chory, synzoochory and anemochory) within each plot.

2.5   |   Explanatory Variables

For each plot, we extracted long- term mean values (1970–2000) 
of eight WorldClim v2.0 bioclimatic variables (1- km resolution), 
capturing climatic seasonality and intra- annual variability in 
temperature and rainfall- driven water availability (Table  S5) 
(Fick and Hijmans 2017). Additionally, we used potential evapo-
transpiration (PET), calculated from a set of WorldClim variables 
which involve minimum, maximum and average temperature, 
solar radiation, wind speed and water vapour pressure, as a 
proxy for water availability (Trabucco and Zomer 2018). PET re-
flects the amount of water expected to be removed from the land 
surface through evapotranspiration processes annually and pro-
vides a more ecologically meaningful estimate of plant- available 
water compared with precipitation, as it integrates both atmo-
spheric demand and energy balance (Moles et  al.  2014; Mod 
et al. 2016).

We also extracted mean values of five soil physical and chemical 
properties that are known to influence nutrient availability and, 
therefore, soil fertility (Table S5). These variables were obtained 
from SoilGrids version 2.0 (250- m resolution) and represent 
average conditions over the 0–200 cm soil depth layer (Poggio 
et al. 2021).

To assess the role of biotic dispersal agents on the CWM val-
ues of seed mass and zoochorous dispersal modes, we used 
the body- size breadth of frugivorous primates as a functional 
index. Primates are among the most important arboreal ver-
tebrates, constituting 25%–40% of the frugivorous biomass in 
South American tropical forests (Haugaasen and Peres 2005). A 
greater variation in body mass across frugivorous primate as-
semblages may indicate complementary roles in plant- frugivore 
interactions, increasing the chances that a fruit- consuming ver-
tebrate acts as an effective seed disperser (Fuzessy et al. 2022). 
Seeds dispersed by primates often show higher germination 
rates and faster germination compared to non- dispersed seeds, 
reflecting enhanced dispersal quality (Fuzessy et  al.  2016). 
Moreover, primates play a key role as arboreal dispersers of 
large- seeded tree species, either through endozoochory or 
synzoochory, a role that is poorly represented in avian assem-
blages (van Roosmalen  2013; Fuzessy et  al.  2018). Their rich-
ness is also strongly congruent with other taxa, including plants 
(Stevenson 2001), and their biogeography and association with 
areas of endemism align with birds (da Silva et al. 2005). While 
birds are also important seed dispersers, we did not include 
them in the analyses because deriving a bird functional metric 
directly comparable to our primate- based index would require 
substantial additional data processing across multiple species 
and guilds to integrate these components into a spatially explicit 
functional index at a continental scale, which was not trivial 
within the scope of this study.

To calculate body- size breadth within each assemblage, we 
first obtained primate species lists for each georeferenced lo-
cation using species distribution polygons available from 
the International Union for Conservation of Nature (IUCN 
(International Union for Conservation of Nature)  2023). We 
then extracted diet information from the EltonTraits database, 
classifying species according to their level of frugivory (Wilman 
et al. 2014). We also compiled the body mass of each frugivorous 
primate species and calculated the interquartile range (IQR) of 
this trait per plot (Table S6). The IQR, representing the middle 
50% of the data distribution (Q3–Q1), is robust to outliers and 
skewed distributions, making it a reliable measure of functional 
breadth of frugivorous primates in each plot.

To assess the role of abiotic dispersal agent on CWM values 
of anemochory, we obtained annual mean wind speeds (at 
10 m–200 m above the ground) for each plot from the Global 
Wind Atlas maps at 250- m resolution (Davis et al. 2023).

These three sets of explanatory variables (climate, soil and dis-
persal agents) are known to influence large- scale plant trait 
distributions in tropical regions (Moles 2018), including seed 
size and dormancy, the prevalence of fleshy fruits and the oc-
currence of major dispersal modes (Rubio de Casas et al. 2017; 
Huang et  al.  2021; Correa et  al.  2022). Since climate and soil 
variables were strongly correlated (|r| > 0.7) (Figure S3), we per-
formed a variance inflation factor (VIF) analysis to avoid mul-
ticollinearity in the models for each response variable. Only 
variables with VIF < 4 were retained for model construction.

The final models included four climate variables: PET, precipita-
tion of the wettest quarter, mean diurnal temperature range and 
temperature seasonality; three soil variables (clay content, cat-
ion exchange capacity and organic carbon stock) and one vari-
able associated with dispersal agents, which depended on the 
dispersal mode (e.g., the IQR of primate body mass for zoochory 
and wind speed for anemochory). For seed mass, both dispersal- 
related variables were included.

2.6   |   Data Analyses

To assess variation in the community- weighted mean (CWM) 
of seed mass and dispersal modes across regions, we used gen-
eralized linear models (GLMs) implemented in the glmmTMB 
package (Brooks et  al.  2017) with beta- binomial distribution 
for proportional data and Gaussian distribution for continuous 
data. Post hoc tests were conducted using the emmeans pack-
age (Lenth  2023) to assess differences in CWM values across 
Brazilian ecosystems.

We trained Random Forest (RF) models to investigate the in-
fluence of climate, soil and dispersal agents in predicting CWM 
values of seed mass and dispersal modes (endozoochory, anemo-
chory and synzoochory). RF is a robust machine- learning algo-
rithm that captures complex, non- linear relationships between 
response and explanatory variables by combining multiple de-
cision trees. For each tree, the algorithm applies bootstrap ag-
gregating (bagging), first selecting a random sample from the 
original dataset to create a bootstrap dataset and then choos-
ing a random subset of variables for each tree. Predictions are 
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obtained by averaging the outcomes of all individual trees, 
which helps avoid overfitting—a common issue in a single deci-
sion tree (Breiman 2001).

To optimize the performance of our models and minimize 
overfitting, we used a hyperparameter tuning process with 
five- fold cross validation using the caret package (Kuhn 2008). 
To find the best hyperparameters, we explored a set combi-
nation of hyperparameters, including number of trees (ntree: 
50 to 300 by 20), number of variables as candidates at each 
split (mtry: 3 to 9, by 1) and size of terminal nodes (nodesize: 
5 to 20 by 2). For each combination of hyperparameters, we 
trained RF models using four folds as the training set, while 
the remaining one was allocated as the test set. This iterative 
process was repeated until each fold had served as a test set. 
The combination of hyperparameters that yielded the lowest 
root mean square error (RMSE) was selected as optimal. The 
final RF model, with the best hyperparameters, was trained 
on the full dataset using the caret package (Kuhn 2008) and 
the ranger method (Wright and Ziegler 2017) to generate pre-
dictions and assess the influence of each predictor. Variable 
importance was quantified for each RF model using the mod-
el's internal importance scores. To express predictor contribu-
tions, we normalized each variable's importance by the sum of 
all importance values and multiplied it by the cross- validated 
R2 (obtained from the 5- fold CV described below). The sum 
of the contributions of all variables within a predictor group 
represents their relative contribution to the predictive power 
of the model.

To assess the influence of each predictor on model outcomes, 
we generated partial dependence plots (PDPs) for all explana-
tory variables retained in each RF model. PDPs show the mean 
marginal influence of each predictor on the predicted response, 
while keeping all other predictors constant at their sample mean 
(Friedman 2001).

We assessed spatial autocorrelation in model residuals using 
Moran's index (Moran I) using the spdep package (Bivand 
et  al.  2015). To select the optimal number of nearest neigh-
bours (k), we tested values from one to 50 and identified the 
smallest k that produced a fully connected network while 
monitoring Moran's I for each k. Using this optimal k, Moran's 
I was calculated for residuals with asymptotic, randomization 
and Monte Carlo tests (999 permutations) to evaluate the pres-
ence and significance of spatial autocorrelation. Spatial pat-
terns were visualized with Moran correlograms using the ncf 
package (Bjørnstad 2022) for both the observed response and 
models' residuals to examine the scale of spatial dependence. 
Moran's I values for all model residuals were close to zero 
(ranging from −0.047 to −0.019) and non- significant across all 
methods (p > 0.05; Table S8), indicating no evidence of spatial 
autocorrelation.

Although low Moran's I values indicate that the models suc-
cessfully captured the spatial structure in the training data, 
they do not necessarily imply that the inferred relationships 
are transferable beyond the sampled locations. Therefore, we 
evaluated model performance using both non- spatial and spa-
tial cross- validation. Non- spatial cross- validation assessed pre-
dictive performance under random data partitioning, whereas 

spatial cross- validation provided a more stringent assessment of 
transferability across spatially independent locations(Roberts 
et al. 2017).

For non- spatial cross- validation, we applied two complementary 
approaches. First, we divided the data into five equally sized 
folds, with each fold iteratively left out of model training and 
used as independent test data. Folds were stratified by region 
to ensure proportional representation of each region across the 
folds. This procedure was applied to the full (unbalanced) data-
set. In the second approach, a balanced stratified procedure was 
implemented. Specifically, for each of 100 iterations, 29 plots per 
region (matching the smallest region) were randomly sampled 
without replacement within each iteration, allowing plots to 
be reused across iterations. The same five- fold stratified cross- 
validation was then applied to each subset, resulting in a total of 
500 model evaluations.

For spatial cross- validation, we performed a spatial blocking 
procedure in which sampling locations were grouped into 
spatial blocks defined at three spatial scales (300, 500 and 
800 km). The spatial blocks were assigned to five folds. For 
each spatial scale, folds were iteratively left out of model train-
ing and used as independent test data. These spatial scales 
represent increasing levels of spatial separation between 
training and validation data, allowing us to evaluate model 
generalizability under progressively more challenging spatial 
extrapolation scenarios.

Model performance was quantified in all cross- validation proce-
dures using three metrics, averaged across folds and repetitions: 
the root mean square error (RMSE) between predicted and ob-
served values, the correlation coefficient between predicted and 
observed values, and the coefficient of determination (R2 = 1−re-
sidual sum of squares/total sum of squares).

2.7   |   Mapping Seed Dispersal Strategies

RF was used to predict seed mass and dispersal modes based on 
climate, soil and dispersal agents across Brazilian ecosystems. 
To create prediction maps for each response variable, we con-
structed a raster stack of all model variables at a grid resolution 
of 0.0417° × 0.0417° (~5- km2 grid- cell) using the terra and raster 
packages (R. Hijmans 2025a, 2025b). We obtained raster layers 
for soil, climate variables and wind speed from their respective 
spatial sources. For attributes of primate communities, we con-
verted species- distribution polygons into a raster and calculated 
the interquartile range (IQR) of primate body mass values for 
each grid cell. Model predictions were masked to areas classified 
as natural vegetation using land- cover data from MapBiomas 
collection 10 (Souza et al. 2020; MapBiomas Project 2025).

We evaluated the spatial applicability of model predictions 
using the method proposed by Meyer and Pebesma (2021) im-
plemented in the cast package (Meyer et al. 2025). The area of 
applicability (AOA) represents the region where the model's 
relationships, based on training data, are valid and where the 
model's cross- validation performance can be reliably applied. To 
define the AOA, we first calculated the dissimilarity index (DI), 
which quantifies the minimum Euclidean distance between 
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a new prediction point and the nearest training data point in 
the space of explanatory variables, with predictors weighted by 
their respective importance in the model. Values greater than 
one indicate that a point is more dissimilar to its nearest training 
data point than the average dissimilarity among training data 
points. Therefore, the AOA is defined by applying a binary DI 
threshold, where values above the 75th percentile plus 1.5 times 
the interquartile range of the DI distribution are removed, and 
the maximum remaining DI is used as the threshold. Prediction 
points with DI values below this threshold are considered within 
the AOA, whereas those exceeding it are considered outside the 
AOA. All spatial and modelling analyses were conducted in R 
version 4.3.1 (R Core Team 2023).

3   |   Results

3.1   |   Variation in Tree Dispersal Strategies

Endozoochory was the most prevalent dispersal mode across 
all studied plots, followed by anemochory and synzoochory, 
with all three showing significant differences among regions 
(Tables  S3, S4). CWM values of endozoochory were highest in 
the Southern Amazon and Atlantic Forest compared to other re-
gions (Figure 1b), while anemochory peaked in the Cerrado and 
Caatinga (Figure 1d). Synzoochory had the highest CWM values in 
the Eastern, Central and Western Amazon compared to Southern 
Amazon, Atlantic Forest, Caatinga and Cerrado (Figure 1c). CWM 
of seed mass was significantly higher in the Eastern and Central 
Amazon than in the five other regions (Figure 1e; Table S7).

3.2   |   Explanatory Variables Influencing Tree 
Dispersal Strategies

To identify the main ecological factors influencing variation in 
seed mass and dispersal modes, we constructed RF models using 
three sets of explanatory variables: climate, soil and dispersal 
agents. For endozoochory, the most important explanatory vari-
ables were associated with water availability and seasonality 
and variability in climate (Figure  2). Endozoochory increased 
with precipitation in the wettest quarter and mean diurnal 
temperature range and declined with higher potential evapo-
transpiration (Figure S5). For synzoochory, the most important 
explanatory variable was related to seasonality in climate, with 
a negative relationship between synzoochory and temperature 
seasonality. The next most important variables were mean diur-
nal temperature range and precipitation in the wettest quarter, 
with the former showing a negative relationship with synzoo-
chory and the latter mostly constant along its gradient but show-
ing a sharp increase in synzoochory around 900 mm–1000 mm 
(Figure 2; Figure S6). Other climate variables (e.g., seasonality 
of temperature for endozoochory and potential evapotranspira-
tion for synzoochory), along with dispersal agents and soil fertil-
ity, had little influence on both dispersal modes (Figure S5,S6). 
For anemochory, the most important explanatory variables were 
mainly associated with water availability and dispersal agents. 
Anemochory was positively associated with potential evapo-
transpiration and wind speed. Soil variables, together with 
climatic seasonality and variability, had little influence on the 
dominance of anemochory (Figure 2; Figure S7).

For seed mass, variability and seasonality in climate and dispersal 
agents were the most influential explanatory variables (Figure 2; 
Figure S10). Seed mass decreased with increasing mean diurnal 
temperature, seasonality of temperature and wind speed. Variables 
related to soil, biotic dispersal agents and water availability had lit-
tle effect on CWM values of seed mass (Figure S8,S11).

3.3   |   Performance of Models

Using non- spatial cross- validation, we found positive cor-
relations between predicted and observed values across all 
dispersal modes and seed mass under both balanced and 
unbalanced approaches (r = 0.63–0.78; R2 = 0.36–0.55). Root 
mean squared prediction errors ranged from 0.05 to 0.17 for 
dispersal modes. For seed mass, RMSE values ranged from 
215.11 to 217.42 mg when using complete plus imputed data, 
and from 248.04 to 253.04 mg when only complete cases were 
considered (Table 2).

When model performance was evaluated using independent 
spatial blocks, correlations remained positive across all mod-
els and block sizes (r = 0.21–0.67). For dispersal modes, pre-
diction errors remained broadly comparable to those obtained 
under non- spatial validation (RMSE = 0.07–0.21; Table  2). 
For seed mass, RMSE ranged from 260.76 to 289.81 mg using 
the complete plus imputed data and from 303.20 to 323.57 mg 
using only complete cases. Coefficients of determination de-
creased relative to non- spatial cross- validation, remaining 
positive for the 300-  and 500- km block sizes (except for ane-
mochory) and becoming negative for the 800- km block size 
(except for seed mass) (Table S10).

3.4   |   Spatial Mapping

Spatial extrapolation of community- weighted mean seed mass 
(CWM) and dispersal modes (endozoochory, anemochory 
and synzoochory) showed a strong association with Brazilian 
ecosystems. For example, forested and moist regions were as-
sociated with high levels of endozoochory (Figure 3a), while 
open and drier regions were related to a high dominance of 
anemochory (Figure 3c). Within moist ecosystems, however, 
the highest CWM values of endozoochory were concentrated 
in specific regions, particularly in the Southern Amazon and 
Atlantic Forest (Figure 3a). Synzoochory was most prevalent 
across Amazonian regions, especially in the Eastern, Central 
and Western Amazon (Figure  3b), where the largest seed 
masses were also predicted (Figure  3d). Uncertainty in pre-
dictions varied among models, being higher for endozoochory 
(Figure  S9a) and synzoochory (Figure  S9b). These models 
were applicable only in limited regions, mainly correspond-
ing to sampled areas, and showed low applicability in the 
Caatinga, large parts of the Amazon and the coastal Atlantic 
Forest. Predictions for anemochory and seed mass were gen-
erally more consistent, except in the northwestern Amazon, 
large portions of the Caatinga, the northern Cerrado and the 
coastal Atlantic Forest (Figure  S9c,d). Predictions for seed 
mass based on complete data only were slightly more restric-
tive than those based on complete plus imputed data, although 
the AOA was very similar (Figure S12).
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4   |   Discussion

Our large- scale assessment shows considerable variation in 
the dominance of dispersal strategies across Brazilian regions, 

and the important role of climate in predicting these strategies. 
While seasonality and variability in temperature and water 
availability were the most influential predictors of dominance 
of seed mass and dispersal modes, specific dispersal agents had 

FIGURE 2    |    Proportional contribution of each predictor to the predictive performance of the models for endozoochory (a), anemochory (b), syn-

zoochory (c) and seed mass (d). Contributions were calculated from the models' internal importance scores and normalized so that their sum equals 

the cross- validated R2. Bar lengths represent the proportion of explained variance, and colours indicate predictor groups: Climate (black), dispersers 

(light grey) and soil (dark grey).

Anemochory

Synzoochory

Endozoochory

(d)

(b)(a)

Soil cation exchange capacity

Precipitation of wettest quarter

Soil organic carbon stock

Soil clay

IQR of primate body mass

Potential evapotranspiration

Wind speed

Seasonality of temperature

Mean diurnal temperature range

0.00 0.05 0.10 0.15
Predictive contribution (scaled by CV R²)

(CV R² = 0.55)

Climate: 0.36

Dispersers: 0.12

Soil: 0.08
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Soil organic carbon stock

Soil clay

IQR of primate body mass

Seasonality of temperature

Mean diurnal temperature range

Potential evapotranspiration

Precipitation of wettest quarter

0.00 0.02 0.04 0.06 0.08

Predictive contribution (scaled by CV R²)

(CV R² = 0.46)

Climate: 0.30

Soil: 0.10

Dispersers: 0.06
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Soil organic carbon stock

Soil clay

IQR of primate body mass

Potential evapotranspiration

Precipitation of wettest quarter

Mean diurnal temperature range

Seasonality of temperature

0.00 0.05 0.10 0.15

Predictive contribution (scaled by CV R²)

(CV R² = 0.51)

Climate: 0.42

Soil: 0.05

Dispersers: 0.05

Soil organic carbon stock

Seasonality of temperature

Soil cation exchange capacity

Precipitation of wettest quarter

Soil clay

Mean diurnal temperature range

Wind speed

Potential evapotranspiration

0.00 0.05 0.10

Predictive contribution (scaled by CV R²)

(CV R² = 0.44)

Climate: 0.25

Dispersers: 0.10

Soil: 0.09

Seed mass(c)

TABLE 2    |    Performance of models when applied to data not used for model fitting.

Model RF

Cross- validation

Balanced Unbalanced

RMSE (SD) Correlation (SD) R2 (SD) RMSE Correlation R2

Endozoochory 0.17 (0.02) 0.68 (0.09) 0.45 (0.14) 0.16 0.68 0.46

Anemochory 0.16 (0.02) 0.63 (0.09) 0.36 (0.14) 0.14 0.68 0.44

Synzoochory 0.05 (0.01) 0.74 (0.09) 0.52 (0.14) 0.06 0.73 0.51

Seed mass (complete + imputed 
data)

215.11 (45.35) 0.76 (0.07) 0.53 (0.12) 217.42 0.78 0.55

Seed mass (only complete data) 248.04 (46.21) 0.75 (0.07) 0.53 (0.12) 253.04 0.77 0.55

Note: Model performance for dispersal modes and seed mass was evaluated using stratified k- fold cross- validation under both balanced and unbalanced approaches 
(see methods). Performance metrics include: (1) Root mean square error (RMSE), indicating the average prediction error (proportion for dispersal modes and 
milligrammes for seed mass), (2) the correlation coefficient between observed and predicted values and (3) the coefficient of determination [1−(residual sum of 
squares/total sum of squares)]. SD = standard deviation.
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10 of 18 Global Ecology and Biogeography, 2026

important roles within their respective dispersal modes, such as 
wind contributing to anemochorous groups and seed mass and 
primates linking to endozoochorous groups.

4.1   |   The Role of Climate in Predicting Plant 
Dispersal Modes and Seed Mass

Climate was the main predictor of plant dispersal modes and 
seed mass across Brazilian ecosystems. Endozoochory and 
anemochory were dominant in regions with contrasting levels 
of evapotranspiration, with endozoochorous plants were more 

frequent in wetter environments (lower evapotranspiration), 
whereas anemochorous plants occurred more often in drier 
environments (higher evapotranspiration). These findings 
support the expectations that animal- dispersed fruits/seeds 
require high and consistently available water to develop and 
maintain their fleshy fruits, whereas wind- dispersed fruits/
seeds are adapted for efficient wind transport, with light and 
dry structures making them less dependent on water avail-
ability (Tabarelli et al. 2003; Almeida- Neto et al. 2008; Correa 
et  al.  2015). In contrast to previous studies in the Amazon 
(Correa et al. 2022), water availability showed a weaker over-
all influence on synzoochory, but its effects were spatially 

FIGURE 3    |    Prediction map of community- weighted means (CWM) of endozoochory (a), synzoochory (b), anemochory (c) and seed mass (com-

plete plus imputed data) (d) across Brazilian ecosystems. Dark purple and blue colours represent low CWM values, while ligth green and yellow 

colours represent high CWM values. Brazilian state boundaries are indicated by black lines in (a) and (d), and grey lines in (b) and (c). Non- natural 

vegetation areas are masked in white.
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structured and stronger in regions where synzoochory is more 
prevalent, particularly along precipitation gradients across 
Amazonian regions.

Wind- dispersed seeds have also been linked to environments 
with a high annual temperature range, whereas animal- 
dispersed seeds have been associated with both low and high 
annual temperature range (Correa et al. 2022). Extending these 
findings across a different temporal scale, our study shows that 
anemochory and endozoochory were dominant in environ-
ments with a high mean diurnal tempertaure range, whereas 
synzoochory was more frequent in areas with a lower mean 
diurnal temperature range. These trends are best explained 
from the perspective of seed size. Greater temperature varia-
tion could favor the dominance of small- seeded species (many 
of them anemochorous and endozoochorous), whose seeds 
are more likely to exhibit dormancy and survive adverse sea-
sonal conditions (Rubio de Casas et al. 2017; Pinho et al. 2021). 
Conversely, synzoochorous species have typically large seeds 
that are known for their greater recruitment success in shady 
environments under stable climates (Eriksson et  al.  2000), 
near the equator (Pinho et  al.  2021). This adaptive advan-
tage is due to the greater reserves that help seedlings tolerate 
low light conditions and establish successfully (Walters and 
Reich  2000). Indeed, heavy- seeded plants exhibited higher 
dominance under physical factors typically found in deeply 
shaded conditions, such as low temperature variation (seasonal 
and diurnal), which were most prevalent in the core regions of 
the Amazon.

4.2   |   The Role of Dispersal Agents in Predicting 
Plant Dispersal Modes and Seed Mass

Beyond climate, our cross- regions assessment supports the as-
sociation between dispersal agents and seed mass and disper-
sal modes (c.f. Correa et  al.  2015, 2022). Anemochorous and 
light- seeded plants were more dominant in communities under 
high wind speed. Anemochorous and other light- seeded species 
were more dominant in communities under high wind speed, 
and primates were important for predicting the dominance of 
endozoochory; however, they were less important for predicting 
the dominance of synzoochory and heavy- seeded species. One 
potential reason explaining this last result may be due to defau-
nation processes that have affected the primates' populations. 
However, to test this hypothesis, would require local informa-
tion on the relative abundance of primates and other dispersers 
across communities, both currently and over the past decades 
or centuries during which present tree communities assembled. 
For instance, large- bodied frugivores, which are key dispers-
ers of large- seeded species, have been disproportionately lost 
across many tropical forest regions due to hunting and habitat 
loss (Dirzo et al. 2014). Furthermore, the legacy of Pleistocene 
megafaunal extinctions (e.g., in savannas) may have further 
contributed to the erosion of dispersal functions. Several large- 
seeded species in these systems still show morphological traits 
associated with dispersal by extinct megafauna, some of which 
may be partly explained by the influence of humans as disperser 
agents (van Zonneveld et al. 2018); such historical events suggest 
a long- term functional mismatch between plant traits and cur-
rent disperser assemblages (Janzen and Martin 1982; Guimarães 

et al. 2008). Therefore, the arrival of humans and selective and 
historical loss of large- bodied dispersers can therefore lead to 
a functional decoupling between heavy- seeded plants (many of 
which rely on synzoochory) and the dispersal agents that origi-
nally dispersed them (Fricke et al. 2025).

Another reason for the weak relationship between the domi-
nance of zoochory and seed mass, and the IQR of primate body 
mass is that, although primates are important dispersers, they are 
not the only ones. Birds and bats are key dispersers in open hab-
itats (Eriksson et al. 2000), and scatter- hoarders play an import-
ant role in dispersing large, heavy seeds (Mittelman et al. 2021). 
Finally, the directionality of the relationship between zoochory 
and the IQR of primate body mass remains unclear, as animal- 
dispersed plants may also be important predictors of the biomass 
of frugivorous primates (Stevenson  2015). These effects could 
introduce positive feedback, where changes in the availability of 
animal- dispersed plants would positively impact the biomass of 
primates, and the high biomass of primates would increase seed 
dispersal and lead to greater recruitment of zoochorous plants. 
Despite these challenges, unraveling the role that frugivorous 
animals play in determining tree species composition is import-
ant given that the loss of large- frugivore biomass could affect 
the recruitment of large- seeded trees, especially those dispersed 
by primates (Terborgh et  al.  2008), with potential impacts on 
other variables such as forest above- ground carbon stocks (Bello 
et al. 2015; Peres et al. 2016; Gardner et al. 2019).

4.3   |   The Role of Soil in Predicting Plant Dispersal 
Modes and Seed Mass

Although soil fertility is known to affect forest dynamics by 
influencing productivity and turnover rates in tropical ecosys-
tems (ter Steege et al. 2006), it showed only a weak influence 
on predicting dispersal modes and seed mass. There are some 
factors which may potentially influence this response. First, 
soil properties are expected to exert limited influence on size- 
related traits such as seed mass compared to plant economics 
traits (e.g., leaf area). Indeed, along the global spectrum of plant 
trait variation, seed mass is more closely associated with latitu-
dinal gradients driven by water and energy availability rather 
than by soil nutrient conditions (Joswig et  al.  2022). Second, 
it is important to point out that local- scale variation in soil 
properties is generally large. Thus, a coarse- scale soil database 
could not effectively capture the fine- grained variations in soil 
properties, such as nutrient supply, which is known to influ-
ence fruit resource construction at local scales (Carvalheiro 
et al. 2021).

4.4   |   Performance and Applicability of Model's 
Predictions

Although our dataset spans most Brazilian ecosystems, it still 
represents only a small fraction of each region. Consequently, 
spatial predictions should be interpreted with caution, as some 
environmental conditions may fall outside the range repre-
sented by the training data (Meyer and Pebesma 2021). Areas 
of lower applicability were particularly evident in parts of the 
Amazon and Caatinga. In the Amazon, these areas overlap with 
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regions of low ecological research probability, which have been 
historically neglected due to limited accessibility and research 
infrastructure (Carvalho et al. 2023). In the Caatinga, however, 
lower applicability may reflect the distinctive climatic condi-
tions, which occupy a relatively unique portion of the environ-
mental space represented in our analyses.

The extent of model applicability also differed substantially 
among dispersal strategies. The endozoochory and synzoo-
chory models showed substantially more restricted areas of 
applicability than other response variables, suggesting lower 
transferability beyond the environmental conditions repre-
sented in the training data. This pattern likely reflects the 
nature of the disperser predictors used in these models. For ex-
ample, primate distributions were derived from species range 
polygons (IUCN (International Union for Conservation of 
Nature) 2023), which provide relatively coarse representations 
of species occurrence and may not capture fine- scale spatial 
variation in plant–frugivore interactions that influence seed 
dispersal. Consequently, these predictors may be less effective 
at representing ecological variation across environmentally 
distinct regions. In contrast, the anemochory and seed mass 
models were more broadly applicable, likely because wind 
speed, a key predictor in these models, is available as a spa-
tially continuous, high- resolution variable (Davis et al. 2023), 
providing a more consistent representation of environmental 
gradients across the study region.

Model performance under spatial cross- validation further 
reflects these constraints. Although model residuals did not 
show evidence of spatial autocorrelation, model performance 
decreased under spatially structured evaluation, as expected 
under spatial cross- validation, with lower and occasionally 
negative R2 values. In contrast, prediction errors remained 
comparable to those obtained under non- spatial cross- 
validation. Importantly, the relative importance of climatic 
predictors remained consistent across validation schemes, 
suggesting that the main environmental drivers of the mod-
els are robust, even when predictive performance decreases 
under spatial assessment.

4.5   |   Data Shortfalls

While additional plot data would provide better knowledge of 
plant communities across different Brazilian regions, our under-
standing of the mechanisms underlying variation in seed mass 
and dispersal modes would also benefit from improved infor-
mation on key predictors. Most notably, local- scale variation 
in soil properties and faunal composition could be important 
determinants of tree assemblages at smaller scales. Moreover, 
given the potential influence of historical and ongoing defau-
nation on large- seeded trees (many of them synzoochorous), 
future studies could test these effects on seed mass using de-
faunation indices (Benítez- López et al. 2026) or proxies such as 
the human footprint (Sanderson et al. 2002). Finally, seed mass 
and dispersal modes could be viewed as part of broader plant 
economic spectra, and it would be interesting to relate them 
to other traits, including those recently mapped, such as wood 
density (Sullivan et al. 2025) and leaf traits mapped from space 
(Aguirre- Gutiérrez et al. 2025).

4.6   |   Insights From Plot- Based Data on 
Environmental–Plant Relationships

Although large- scale studies have reported a higher prevalence 
of zoochory and larger seeds in wetter and less seasonal envi-
ronments, our plot- based approach provides new insights into 
these relationships. Zoochory showed contrasting responses to 
climatic gradients when analysed separately: synzoochorous 
plants, which typically bear the heaviest seeds (Souza  2023), 
showed the opposite trend compared to endozoochorous plants. 
This result highlights the importance of accounting for seed 
mass along with dispersal modes when predicting or explaining 
dispersal mechanisms. Furthermore, although precipitation has 
been shown to strongly influence seed mass across broad lati-
tudinal gradients (Moles et al. 2014), this variable was a weaker 
driver at finer spatial scales. Such findings suggest that ecolog-
ical hypotheses derived from global patterns, such as resource 
availability, may not always hold at community- level scales. In 
this context, plot- based datasets play a critical role in refining 
existing ecological theory by improving our understanding of 
how environmental factors influence seed- dispersal strategies 
across tropical ecosystems.

Importantly, these plot- based relationships between dispersal 
strategies and environmental gradients can help inform and 
anticipate potential shifts in plant communities under future 
climatic or anthropogenic pressures (e.g., habitat loss and frag-
mentation). For instance, it is expected that global warming will 
increase climate instability through the increase of seasonality 
of precipitation and intensification of the annual hottest day tem-
perature and wettest day precipitation (IPCC (Intergovernmental 
Panel on Climate Change) 2023). As a result, we may expect (i) 
reduced recruitment success of larger- seeded species that are 
typical of deeply shaded rainforests due to increased tempera-
ture seasonality; (ii) increases in wind- dispersed and small- 
seeded species, such as those commonly found in dry forests, 
that may be better able to cope with increasing climatic instabil-
ity; and (iii) reductions of fleshy endozoochorous fruits (which 
strongly depend on water availability) under higher seasonal 
rainfall and drought predicted with global warming. However, 
all these predictions could be modified if climate change trig-
gers adaptive phenotypic plasticity in fruit and seed traits (van 
Kleunen and Fischer 2005; Matesanz et al. 2010).

5   |   Conclusions

We found that climate, particularly moisture and thermal vari-
ables, is the main driver of the distribution and dominance of 
dispersal modes and seed masses. Ongoing environmental 
changes, including climate change and anthropogenic distur-
bances, may disrupt these patterns, potentially affecting seed 
dispersal and recruitment processes, with consequences for 
ecosystem services including vegetation carbon storage (Bello 
et al. 2015). These disruptions could also affect faunal commu-
nities and people reliant on forest fruits and seeds, as illustrated 
by climate- driven yield losses in iconic species such as the Brazil 
nut tree Bertholletia excelsa, a large- seeded synzoochorous spe-
cies that is important for local livelihoods (Anjos et  al.  2024). 
Incorporating seed mass and dispersal modes, along with 
other seed traits related to the regeneration niche (Saatkamp 
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et  al.  2018; Oliveira et  al. 2026) into vegetation models could 
complement existing work on leaf and stem traits (e.g., Dwyer 
et al. 2014; Hernández- Calderón et al. 2014), helping to improve 
our understanding of the impacts of environmental change on 
tropical ecosystems.
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Supporting Information

Additional supporting information can be found online in the Supporting 
Information section. Table  S1: Summary of sample sizes for each 
Brazilian regions studied. Table S2: Definitions of seed dispersal modes 
categories. Table  S3: Proportion of dispersal modes (sensu stricto and 
sensu lato) based on 2203 species and 172,185 individuals within 300 old- 
growth plots. Table  S4: Statistical results from Generalized Linear 
Models (GLMs) testing differences in community weighted- means 
(CWM) of dispersal modes and seed mass across Brazilian ecosystems. 
Test values (χ2), degrees of freedom (df) and p- values are shown for each 
model. All models indicate significant differences among ecosystems 
(p < 0.001). Table S5: Descriptions of the climate and soil predictor vari-
ables used in this study. Table S6: List of frugivorous primate species in-
cluding their body mass (g) and degree of frugivory (%) according to Elton 
traits database. Table S7: Proportion of dispersal modes (sensu stricto and 
sensu lato) (%) by Brazilian ecosystems, based on 2203 species and 172,185 
individuals from 300 old- growth plots. Dispersal modes analysed in this 
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study are highlighted in bold. Table S8: Moran's I tests for spatial auto-
correlation of residuals from dispersal mode and seed mass models. 
Results are reported for normality, randomization and Monte Carlo 
methods. Columns show Moran's I, expectation, variance, standardized 
deviate (Z) and p- value. Table S9: Model performance for dispersal mode 
models, including both sensu stricto and sensu lato classifications, as-
sessed using stratified k- fold cross- validation under balanced and unbal-
anced sampling schemes (see Methods). Performance metrics include: (1) 
root mean square error (RMSE), indicating the average prediction error 
(proportion for dispersal modes and milligrammes for seed mass), (2) the 
correlation coefficient between observed and predicted values and (3) the 
coefficient of determination [1 − (residual sum of squares/total sum of 
squares)]. Table  S10: Model performance assessed using spatial block 
cross- validation under different block sizes (300, 500 and 800 km). 
Performance metrics include: (1) root mean square error (RMSE), indi-
cating the average prediction error (proportion for dispersal modes and 
milligrammes for seed mass), (2) the correlation coefficient between ob-
served and predicted values, and (3) the coefficient of determination 
[1 − (residual sum of squares/total sum of squares)]. Table  S11: Cross- 
validated model performance across Brazilian ecosystems for the main 
models of seed mass and dispersal modes (endozoochory, anemochory 
and synzoochory). Model performance was assessed using stratified 5- 
fold cross- validation and predictive metrics were calculated separately for 
each biome. Performance metrics include: (1) root mean square error 
(RMSE), indicating the average prediction error (proportion for dispersal 
modes and milligrammes for seed mass), (2) the correlation coefficient 
(Cor) between observed and predicted values and (3) the coefficient of 
determination (1 – [residual sum of squares/total sum of squares]). 
Figure S1: Model residuals as a function of plot area for endozoochory 
(a), anemochory (b), synzoochory (c), seed mass with complete and im-
puted data (d) and seed mass using only complete data (e). Blue points 
represent individual plots, and the red line corresponds to zero residuals, 
separating positive residuals (above the line) from negative residuals 
(below the line). Figure S2: Plots show the density of seed- size distribu-
tion at species level for the original data (blue line) and five imputed data-
sets (red) on log scale. Trait imputation was performed through chained 
equations by predictive mean matching, using R package mice. Figure 
S3: Correlation structure among selected climatic, soil and dispersal vari-
ables. The correlograms illustrate the Pearson correlations between pre-
dictors used in the models by the colour and size of disk. Red colour 
indicates negative correlations, and blue colour indicates negative cor-
relations. Disk size indicates the strength of the correlations from weak 
(small) to strong (large). BDOD, Bulk density; CEC, Cation exchange ca-
pacity; CLAY, Proportion of clay particles; et0_yr, mean annual evapo-
transpiration; ISO, Isothermality; MAP, Annual Precipitation; 
MeanDiuRan, Mean Temperature Diurnal Range; OCS, Organic carbon 
stocks; PH, pH of water; PrecDriQuar, Precipitation of Driest Quarter; 
PrecWarQuar, Precipitation of Warmest Quarter; PrecWetQuar, 
Precipitation of Wettest Quarter; pri_bIQR, IQR of primate body mass; 
SP, Precipitation Seasonality; ST, Temperature Seasonality; 
TempAnnRan, Temperature Annual Range; WIND SPEED; Wind speed. 
Figure S4: Spatial correlograms across distance classes, based on raw 
data (left) and model residuals (right), for endozoochory (a, b), anemo-
chory (c, d), synzoochory (e, f), seed mass with complete and imputed 
data (g, h) and seed mass using only complete data (i, j). Filled symbols 
indicate statistically significant correlations, whereas open symbols indi-
cate non- significant correlations. The dashed horizontal line indicates 
zero correlation. Figure S5: Partial dependence of community weighted- 
mean (CWM) of endozoochory on each explanatory variable. We draw a 
partial dependence plot showing the mean marginal influence of climate, 
dispersal agents and soil variables based on the CWM values while keep-
ing all other variables constant at their sample mean. Figure S6: Partial 
dependence of community weighted- mean (CWM) of synzoochory on 
each explanatory variable. We draw a partial dependence plot showing 
the mean marginal influence of climate, dispersal agents and soil vari-
ables based on the CWM values while keeping all other predictors con-
stant at their sample mean. Figure S7: Partial dependence of community 
weighted- mean (CWM) of anemochory on each predictor variable. We 
draw a partial dependence plot showing the mean marginal influence of 
climate, dispersal agents and soil variables based on the CWM values 

while keeping all other predictors constant at their sample mean. Figure 
S8: Partial dependence of community weighted- mean (CWM) of log (seed 
mass + 1) on each predictor variable, using both complete and imputed 
seed mass data. We draw a partial dependence plot showing the mean 
marginal influence of climate, dispersal agents and soil variables based 
on the CWM values while keeping all other predictors constant at their 
sample mean. Figure S9: Area of Applicability (AOA) of the spatial pre-
diction model for endozoochory (a), synzoochory (b), anemochory (c) and 
seed mass (d) across Brazilian ecosystems. Areas shown in grey fall out-
side the AOA (AOA = 0) and were excluded from predictions. Colours rep-
resent the spatial predictions of the models based on community- weighted 
mean values, with dark purple and blue indicating lower values and light 
green and yellow indicating higher values. Figure S10: Proportional con-
tribution of each predictor to the predictive power of the seed mass model 
using only complete seed mass data (i.e., without imputation). 
Contributions were derived from the model's internal importance scores 
and normalized so that their sum equals the cross- validated R2. Bar 
lengths represent the proportion of explained variance, and colours indi-
cate predictor groups: climate (black), dispersers (light grey) and soil 
(dark grey). Figure S11: Partial dependence of community weighted- 
mean (CWM) of seed mass (log scale) on each predictor variable, using 
only complete seed mass data (i.e., without imputation). We draw a par-
tial dependence plot showing the mean marginal influence of climate, 
dispersal agents and soil variables based on the CWM values while keep-
ing all other predictors constant at their sample mean. Figure S12: Area 
of applicability (AOA) of the spatial prediction models (a, b) and predicted 
spatial variation in seed mass (c, d), using complete and imputed data (a, 
c) and only complete data (b, d). Areas shown in grey fall outside the AOA 
(AOA = 0) and were excluded from predictions in panels a and b. Colours 
represent spatial predictions based on community- weighted mean val-
ues, with dark purple and blue indicating lower values and light green 
and yellow indicating higher values. Figure S13: Proportional contribu-
tion of each predictor to the predictive power of the models for endozoo-
chory (a), anemochory (b), synzoochory (c) and seed mass (d), including 
both sensu stricto and lato classifications. Contributions were calculated 
from the models' internal importance scores and normalized so that their 
sum equals the cross- validated R2. Bar lengths represent the proportion 
of explained variance, and colours indicate predictor groups: climate 
(black), dispersers (light grey) and soil (dark grey). Figure S14: Partial 
dependence of community weighted- mean (CWM) of endozoochory, in-
cluding both sensu stricto and sensu lato classifications, on each explana-
tory variable. We draw a partial dependence plot showing the mean 
marginal influence of climate, dispersal agents and soil variables based 
on the CWM values while keeping all other variables constant at their 
sample mean. Figure S15: Partial dependence of community weighted- 
mean (CWM) of anemochory, including both sensu stricto and sensu lato 
classifications, on each explanatory variable. We draw a partial depen-
dence plot showing the mean marginal influence of climate, dispersal 
agents and soil variables based on the CWM values while keeping all 
other variables constant at their sample mean. Figure S16: Partial depen-
dence of community weighted- mean (CWM) of synzoochory, including 
both sensu stricto and sensu lato classifications, on each explanatory vari-
able. We draw a partial dependence plot showing the mean marginal in-
fluence of climate, dispersal agents and soil variables based on the CWM 
values while keeping all other variables constant at their sample mean. 
Figure S17: Prediction map of community- weighted means (CWM) of 
endozoochory (a), synzoochory (b) and anemochory (c), including both 
sensu stricto and sensu lato classifications, across Brazilian ecosystems. 
Dark purple and blue colours represent low CWM values, while light 
green and yellow colours represent high CWM values. Figure S18: Area 
of Applicability (AOA) of the spatial prediction model for endozoochory 
(a), synzoochory (b) and anemochory (c), including both sensu stricto and 
sensu lato classifications, across Brazilian ecosystems. Areas shown in 
grey fall outside the AOA (AOA = 0) and were excluded from predictions. 
Colours represent the spatial predictions of the models based on 
community- weighted mean (CWM) values, with dark purple and blue 
indicating lower values and light green and yellow indicating higher 
values. 
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 2 

Table S1: Summary of sample sizes for each Brazilian regions studied. 3 

Region N plots area (ha) N individuals N species 

     

Atlantic forest 29 27.26 39,349 431 

     

Amazon 206 169.35 71,500 2626 

Eastern 45 19.51 10,906 688 

Central 62 61.65 24,751 1,047 

Western 45 44.51 12,266 432 

Southern 54 43.68 23,577 459 

Caatinga (dry forest) 29 16.68 27,702 147 

          

Cerrado (Brazilian savanna) 36 33.42 33,634 280 

     

Brazilian ecosystems  300 246.71 172,185 2,203 

 4 



 

Table S2: Definitions of seed dispersal modes categories 5 

Dispersal categories Description 

1) Endozoochory sensu stricto 

 

 

endozoochorous; endozoochorous AND synzoochorous/ 

hydrochorous 

 

2) Endozoochory sensu lato 

 

 

endozoochorous OR (AND/OR) autochorous/synzoochorous 

/hydrochorous  

 

3) Synzoochory sensu stricto 

 

 

synzoochorous; synzoochorous AND autochorous/barochorous/ 

hydrochorous 

 

4) Synzoochory sensu lato 

 

 

synzoochorous OR autochorous/hydrochorous/barochorous 

AND/OR hydrochorous 

 

5) Mymercochory sensu stricto 

 

 

myrmecochorous; myrmecochorous and 

autochorous/barochorous 

 

6) Mymercochory sensu lato myrmecochorous AND/OR autochorous 

7) Anemochory sensu stricto anemochorous; anemochorous AND hydrochorous 

8) Anemochory sensu lato 

 

anemochorous OR autochorous/hydrochorous AND/OR 

hydrochorous 

9) Autochory sensu stricto autochorous 

10) Autochory sensu lato 

 

autochorous OR barochorous/hydrochorous AND/OR 

hydrochorous 

 6 



 

Table S3: Proportion of dispersal modes (sensu stricto and sensu lato) based on 2,203 species 7 

and 172,220 individuals within 300 old-growth plots. 8 

Dispersal mode N species % N individuals % 

Anemochory sensu lato 29 1.32 2,131 1.24 

Anemochory sensu stricto 301 13.66 37,110 21.55 

Autochory sensu lato 18 0.82 1,632 0.95 

Autochory sensu stricto 91 4.13 12,490 7.25 

Barochory 1 0.05 81 0.05 

Endozoochory sensu lato 151 6.85 9,047 5.25 

Endozoochory sensu stricto 1,308 59.37 90,641 52.64 

Hydrochory 18 0.82 383 0.22 

Mymercochory sensu lato 2 0.09 169 0.10 

Mymercochory sensu stricto 28 1.27 3,469 2.01 

Synzoochory sensu lato 57 2.59 4,912 2.85 

Synzoochory sensu stricto 138 6.26 9,125 5.30 

unknown 61 2.77 995 0.58 

 9 



 

Table S4: Statistical results from Generalized Linear Models (GLMs) testing differences in 10 

community weighted-means (CWM) of dispersal modes and seed mass across Brazilian 11 

ecosystems. Test values (χ²), degrees of freedom (df), and p-values are shown for each model. 12 

All models indicate significant differences among ecosystems (p < 0.001). 13 

Models χ² df p value 

Anemochory 324.19 6 < 0.001 

Endozoochory  85.41                                     6             <0.001 

Synzoochory  73.43 6 <0.001 

Seed mass 382.36 6 <0.001 

14 



 

Table S5: Descriptions of the climate and soil predictor variables used in this study. 15 

Code Description Unit Min-Max 

Climate    

MeanDiuRan Mean Temperature Diurnal Range (Mean of monthly (max temp - min temp)) º C 7.91-14.80 

ISO Isothermality (MeanDiuRan/TempAnnRan) *100 % 55.9-85.93 

ST Temperature Seasonality (standard deviation *100) º C 28.95-260.51 

TempAnnRan Temperature Annual Range (MaxTempWarMon-MinTempColMon) º C 9.80-21.29 

MAP Annual Precipitation mm 507-2569 

SP Precipitation Seasonality (Coefficient of Variation) mm 39.21-109.89 

PrecWetQuar Precipitation of Wettest Quarter mm 219-1200 

PrecDriQuar Precipitation of Driest Quarter mm 3-335 

PET Potential evapotranpiration mm 1,121-1,877 

Soil    

Chemical    

OCS Organic carbon stocks kg/m² 1.9-8.7 

CEC Cation exchange capacity cmol(c)/kg 5.48-21.16  



 

PH pH of water pH 4.13-6.83 

Physical    

BDOD Bulk density of the fine earth fraction kg/dm³ 1.08-1.44 

CLAY Proportion of clay particles (< 0.002 mm) in the fine earth fraction g/100g (%) 21.25-68.13  

 16 



 

Table S6: List of frugivorous primate species including their body mass (g) and degree of 17 

frugivory (%) according to Elton traits database. 18 

Primate species* Body mass (g) Degree of frugivory (%) 

Alouatta belzebul 6400 40 

Alouatta caraya 5862.5 40 

Alouatta discolor 6262.8 40 

Alouatta guariba 5589.2 40 

Alouatta juara 6573.34 40 

Alouatta macconnelli 7554.8 40 

Alouatta nigerrima 7662 40 

Alouatta puruensis 6573.34 40 

Alouatta ululata 6682.1 40 

Aotus azarae 963 20 

Aotus nigriceps 1060 20 

Aotus trivirgatus 900 20 

Ateles belzebuth 5000 60 

Ateles chamek 6000 60 

Ateles marginatus 6000 60 

Ateles paniscus 7900.1 60 

Brachyteles arachnoides 13499.9 20 

Brachyteles hypoxanthus 8865 20 

Callimico goeldii 480 50 

Cebus albifrons 2629 20 

Cebus kaapori 2600 70 

Cebus olivaceus 2614.5 20 

Cebus unicolor 2614.5 30 

Lagothrix lagotricha 846 70 



 

Leontocebus fuscicollis 387 30 

Leontocebus weddelli 598 30 

Leontopithecus rosalia 535.5 50 

Saguinus bicolor 465 30 

Saguinus imperator 400 30 

Saguinus labiatus 575 30 

Saguinus melanoleucus 491 30 

Saguinus midas 540 30 

Saguinus mystax 618 30 

Saguinus niger 591.2 30 

Saguinus ursulus 711 30 

Saimiri boliviensis 615 20 

Saimiri cassiquiarensis 759.8 20 

Saimiri collinsi 681 20 

Saimiri sciureus 743.2 20 

Saimiri ustus 1000 20 

Sapajus apella 2500 20 

Sapajus libidinosus 3200 40 

Sapajus nigritus 3200 40 

Sapajus robustus 3200 40 

Sapajus xanthosternos 3200 40 

* To avoid occasional frugivores (<20% of fruits in the diet), we considered only those 19 

species of primates with a primary (>50%) or secondary (20%<50%) frugivory degree. In 20 

addition, we excluded records of Pitheciid genera (Callicebus, Cheracebus, and Pithecia), 21 

which are medium-to-large primates that primarily act as seed predators rather than seed 22 

dispersers (Hawes and Peres, 2014; Fuzessy et al. 2021). 23 



 

Table S7: Proportion of dispersal modes (sensu stricto and sensu lato) (%) by Brazilian 24 

ecosystems, based on 2,203 species and 172,220 individuals from 300 old-growth plots. 25 

Dispersal modes analysed in this study are highlighted in bold. 26 

 27 

Dispersal mode 

 

Atlantic 

forest                       Amazon 

 

Caatinga 

 

Cerrado 

 

 

  Eastern Central Southern Western     

Anemochory sensu lato 0.81 0.31 0.19 0.25 0.31 3.40 0.28 

Anemochory sensu stricto 8.69 4.60 4.37 23.43 4.60 34.01 40.15 

Autochory sensu lato 0.02 0.81 0.00 0.40 0.81 3.40 0.88 

Autochory sensu stricto 7.52 10.10 2.89 0.74 10.10 12.93 8.80 

Endozoochory sensu lato 3.22 6.42 9.90 7.02 6.42 5.44 2.07 

Endozoochory sensu stricto 75.42 47.02 57.40 60.96 47.02 29.93 45.35 

Hydrochory 0.06 0.69 0.97 0.03 0.69 1.34 0.00 

Mymercochory sensu lato 0.00 0.00 0.00 0.00 0.00 0.61 0.00 

Mymercochory sensu str 2.69 1.22 0.09 0.47 1.22 0.48 0.57 

Synzoochory sensu lato 0.00 11.11 9.87 5.24 11.11 4.49 0.00 

Synzoochory sensu stricto 1.50 16.38 12.68 13.01 16.38 9.55 1.80 

unknown 0.08 0.60 1.63 0.76 0.60 3.06 0.11 



 

Table S8: Moran’s I tests for spatial autocorrelation of residuals from dispersal mode and 28 

seed mass models. Results are reported for normality, randomisation, and Monte Carlo 29 

methods. Columns show Moran’s I, expectation, variance, standardized deviate (Z), and 30 

p-value. 31 

Model 

Method Moran I Expectation Variance Z  

p-

value 

Endozoochory 

Normality -0.02 -0.00 0.00 -1.59 0.94 

Randomisation -0.02 -0.00 0.00 -1.60 0.94 

Monte-Carlo -0.02 — — — 0.97 

Anemochory 

Normality -0.01 -0.00 0.00 -0.95 0.83 

Randomisation -0.02 -0.00 0.00 -0.96 0.83 

Monte-Carlo -0.01 — — — 0.82 

Synzoochory 

Normality -0.02 -0.00 0.00 -1.24 0.89 

Randomisation -0.02 -0.00 0.00 -1.26 0.89 

Monte-Carlo -0.02 — — — 0.91 

Seed mass  

(complete and 

imputed data) 

Normality -0.04 -0.00 0.00 -2.72 0.99 

Randomisation -0.01 -0.00 0.00 -2.73 0.99 

Monte-Carlo -0.04 — — — 0.99 

Seed mass (only 

complete data) 

Normality -0.04 -0.00 0.00 -2.72 0.99 

Randomisation -0.04 -0.00 0.00 0.00 0.99 

Monte-Carlo -0.04 — — — 0.99 

 32 



 

Table S9: Model performance for dispersal mode models, including both sensu stricto and 33 

sensu lato classifications, assessed using stratified k-fold cross-validation under balanced and 34 

unbalanced sampling schemes (see Methods). Performance metrics include: (1) root mean 35 

square error (RMSE), indicating the average prediction error (proportion for dispersal modes 36 

and milligrams for seed mass), (2) the correlation coefficient between observed and predicted 37 

values, and (3) the coefficient of determination [1 − (residual sum of squares / total sum of 38 

squares)]. 39 

Model RF Cross-validation 

 

 Balanced Unbalanced 

RMSE (SD) Correlation (SD)   R2 (SD) RMSE Correlation R2 

Endozoochory 0.16 (0.02) 0.72 (0.09) 0.49 (0.14) 0.15 0.71 0.50 

Anemochory  0.16 (0.02) 0.69 (0.09) 0.44 (0.14) 0.14 0.71 0.47 

Synzoochory 0.08 (0.02) 0.77 (0.12) 0.59 (0.17) 0.08 0.79 0.61 

 40 



 

Table S10: Model performance assessed using spatial block cross-validation under different 41 

block sizes (300, 500, and 800 km). Performance metrics include: (1) root mean square error 42 

(RMSE), indicating the average prediction error (proportion for dispersal modes and 43 

milligrams for seed mass), (2) the correlation coefficient between observed and predicted 44 

values, and (3) the coefficient of determination [1 − (residual sum of squares / total sum of 45 

squares)]. 46 

Model RF Spatial cross-validation 

Endozoochory RMSE  Correlation R2  

300 km 0.19 0.46 0.17 

500 km 0.21 0.31 0.02 

800 km 0.20 0.21 -0.03 

Anemochory       

300 km 0.16 0.51 0.11 

500 km 0.18 0.45 -0.02 

800 km 0.17 0.36 -0.13 

Synzoochory       

300  km 0.07 0.50 0.11 

500 km 0.07 0.60 0.24 

800 km 0.07 0.39 0.00 

Seed mass (complete + imputed data)       

300 km 271.74 0.66 0.19 

500 km 289.81 0.58 0.14 

800 km 260.76 0.59 0.14 

Seed mass (only complete data)       



 

300km 313.13 0.67 0.19 

500km 323.58 0.62 0.18 

800km 303.21 0.55 0.09 

 47 

48 



 

Table S11. Cross-validated model performance across Brazilian ecosystems for the main 49 

models of seed mass and dispersal modes (endozoochory, anemochory, and synzoochory). 50 

Model performance was assessed using stratified 5-fold cross-validation, and predictive 51 

metrics were calculated separately for each biome. Performance metrics include: (1) root 52 

mean square error (RMSE), indicating the average prediction error (proportion for dispersal 53 

modes and milligrams for seed mass), (2) the correlation coefficient (Cor) between observed 54 

and predicted values, and (3) the coefficient of determination [1 − (residual sum of squares / 55 

total sum of squares)]. 56 

 57 

Model Region RMSE R2 Cor 

 Atlantic Forest 0.14 0.51 0.73 

 Caatinga 0.24 -0.00 0.21 

 Central Amazon 0.09 0.25 0.52 

Endozoochory Cerrado 0.21 -0.21 0.03 

 Eastern Amazon 0.12 0.33 0.58 

 Southern Amazon 0.18 0.14 0.4 

  Western Amazon 0.11 0.24 0.49 

Anemochory 

Atlantic Forest 0.1 -1.21 0.51 

Caatinga 0.25 0.07 0.28 

Central Amazon 0.06 -0.41 -0.09 

Cerrado  0.22 -0.40 -0.02 

Eastern Amazon 0.04 0.16 0.6 

Southern Amazon 0.14 0.28 0.53 

Western Amazon 0.09 0.4 0.66 



 

Synzoochory 

Atlantic Forest 0.06 -0.15 0.03 

Caatinga 0.01 -0.73 0.59 

Central Amazon 0.05 0.32 0.57 

Cerrado  0.02 0.00 0.36 

Eastern Amazon 0.07 0.29 0.55 

Southern Amazon 0.07 0.01 0.23 

Western Amazon 0.05 0.37 0.62 

Seed mass 

Atlantic Forest 92.2 0.57 0.76 

Caatinga 198 -0.09 0.21 

Central Amazon 198 0.36 0.65 

Cerrado  95.7 -1.19 0.14 

Eastern Amazon 268 0.46 0.69 

Southern Amazon 193 0.00 0.29 

Western Amazon 341 0.16 0.46 

 58 



 

(a)                                                                 (b) 59 

 60 

(c)                                                                   (d) 61 

 62 

                                         (e) 63 

                                      64 

Figure S1: Model residuals as a function of plot area for endozoochory (a), anemochory (b), 65 

synzoochory (c), seed mass with complete and imputed data (d), and seed mass using only 66 

complete data (e). Blue points represent individual plots, and the red line corresponds to zero 67 



 

residuals, separating positive residuals (above the line) from negative residuals (below the 68 

line). 69 

 70 

Figure S2: Plots show the density of seed-size distribution at species level for the original 71 

data (blue line) and five imputed datasets (red) on log scale. Trait imputation was performed 72 

through chained equations by predictive mean matching, using R package mice. 73 



 

 74 

Figure S3: Correlation structure among selected climatic, soil, and dispersal variables. The 75 

correlograms illustrate the Pearson correlations between predictors used in the models by the 76 

colour and size of disk. Red colour indicates negative correlations, and blue colour indicates 77 

negative correlations. Disk size indicates the strength of the correlations from weak (small) to 78 

strong (large). MeanDiuRan: Mean Temperature Diurnal Range; ISO: Isothermality; ST: 79 

Temperature Seasonality; TempAnnRan: Temperature Annual Range; MAP: Annual 80 

Precipitation; SP: Precipitation Seasonality; PrecWetQuar: Precipitation of Wettest Quarter, 81 

PrecDriQuar: Precipitation of Driest Quarter, PrecWarQuar: Precipitation of Warmest 82 

Quarter; OCS: Organic carbon stocks, CEC: Cation exchange capacity, PH: pH of water; 83 

BDOD: Bulk density; CLAY: Proportion of clay particles; pri_bIQR: IQR of primate body 84 

mass; WIND SPEED: Wind speed; et0_yr: mean annual evapotranspiration. 85 



 

(a)                                               (b) 86 

 87 

   (c)                                                  (d) 88 

 89 

 (e)                                                (f)90 

 91 



 

(g)                                                 (h) 92 

 93 

(i)                               (j) 94 

 95 

Figure S4: Spatial correlograms across distance classes, based on raw data (left) and model 96 

residuals (right), for endozoochory (a, b), anemochory (c, d), synzoochory (e, f), seed mass 97 

with complete and imputed data (g, h), and seed mass using only complete data (i, j). Filled 98 

symbols indicate statistically significant correlations, whereas open symbols indicate non-99 

significant correlations. The dashed horizontal line indicates zero correlation. 100 



 

 101 

 Figure S5: Partial dependence of community weighted-mean (CWM) of endozoochory on 102 

each explanatory variable. We draw a partial dependence plot showing the mean marginal 103 

influence of climate, dispersal agents and soil variables based on the CWM values while 104 

keeping all other variables constant at their sample mean.  105 



 

 106 

Figure S6: Partial dependence of community weighted-mean (CWM) of synzoochory on each 107 

explanatory variable. We draw a partial dependence plot showing the mean marginal influence of 108 

climate, dispersal agents and soil variables based on the CWM values while keeping all other 109 

predictors constant at their sample mean. 110 



 

 111 

 112 

Figure S7: Partial dependence of community weighted-mean (CWM) of anemochory on each 113 

predictor variable. We draw a partial dependence plot showing the mean marginal influence 114 

of climate, dispersal agents and soil variables based on the CWM values while keeping all 115 

other predictors constant at their sample mean. 116 



 

 117 

Figure S8: Partial dependence of community weighted-mean (CWM) of log (seed mass+1) 118 

on each predictor variable, using both complete and imputed seed mass data. We draw a 119 

partial dependence plot showing the mean marginal influence of climate, dispersal agents and 120 

soil variables based on the CWM values while keeping all other predictors constant at their 121 

sample mean. 122 



 

 123 

Figure S9: Area of Applicability (AOA) of the spatial prediction model for endozoochory 124 

(a), synzoochory (b), anemochory (c), and seed mass (d) across Brazilian ecosystems. 125 

Areas shown in grey fall outside the AOA (AOA = 0) and were excluded from 126 

predictions. Colours represent the spatial predictions of the models based on community-127 

weighted mean values, with cooler tones (blue and green) indicating lower values and 128 

warmer tones (yellow and red) indicating higher values. 129 



 

 130 

Figure S10: Proportional contribution of each predictor to the predictive power of the seed 131 

mass model using only complete seed mass data (i.e., without imputation). Contributions were 132 

derived from the model’s internal importance scores and normalised so that their sum equals 133 

the cross-validated R². Bar lengths represent the proportion of explained variance, and colours 134 

indicate predictor groups: climate (black), dispersers (light grey), and soil (dark grey). 135 



 

 136 

 137 

Figure S11: Partial dependence of community weighted-mean (CWM) of seed mass (log 138 

scale) on each predictor variable, using only complete seed mass data (i.e., without 139 

imputation).We draw a partial dependence plot showing the mean marginal influence of 140 

climate, dispersal agents and soil variables based on the CWM values while keeping all other 141 

predictors constant at their sample mean. 142 



 

143 

Figure S12:  Area of applicability (AOA) of the spatial prediction models (a, b) and 144 

predicted spatial variation in seed mass (c, d), using complete and imputed data (a, c) and 145 

only complete data (b, d). Areas shown in grey fall outside the AOA (AOA = 0) and were 146 

excluded from predictions in panels a and b. Colours represent spatial predictions based 147 

on community-weighted mean values, with cooler tones (blue and green) indicating lower 148 

values and warmer tones (yellow and red) indicating higher values. 149 



 

Sensitivity analyses – Dispersal modes (sensu stricto and sensu lato) 150 

 151 

Figure S13: Proportional contribution of each predictor to the predictive power of the models 152 

for endozoochory (a), anemochory (b), synzoochory (c), and seed mass (d), including both 153 

sensu stricto and lato classifications. Contributions were calculated from the models’ internal 154 

importance scores and normalised so that their sum equals the cross-validated R². Bar lengths 155 

represent the proportion of explained variance, and colours indicate predictor groups: climate 156 

(black), dispersers (light grey), and soil (dark grey). 157 



 

 158 

Figure S14: Partial dependence of community weighted-mean (CWM) of endozoochory, 159 

including both sensu stricto and sensu lato classifications, on each explanatory variable. We 160 

draw a partial dependence plot showing the mean marginal influence of climate, dispersal 161 

agents and soil variables based on the CWM values while keeping all other variables constant 162 

at their sample mean. 163 



 

 164 

Figure S15: Partial dependence of community weighted-mean (CWM) of anemochory, 165 

including both sensu stricto and sensu lato classifications, on each explanatory variable. We 166 

draw a partial dependence plot showing the mean marginal influence of climate, dispersal 167 

agents and soil variables based on the CWM values while keeping all other variables constant 168 

at their sample mean. 169 



 

 170 

Figure S16: Partial dependence of community weighted-mean (CWM) of synzoochory, 171 

including both sensu stricto and sensu lato classifications, on each explanatory variable. We 172 

draw a partial dependence plot showing the mean marginal influence of climate, dispersal 173 

agents and soil variables based on the CWM values while keeping all other variables constant 174 

at their sample mean. 175 



 

 176 

Figure S17: Prediction map of community-weighted means (CWM) of endozoochory (a), 177 

synzoochory (b), and anemochory (c), including both sensu stricto and sensu lato 178 

classifications, across Brazilian ecosystems. Cool colours (blue and green) represent low 179 

CWM values, while warmer colours (yellow and red) represent high CWM values. 180 



 

 181 

Figure S18: Area of Applicability (AOA) of the spatial prediction model for endozoochory (a), 182 

synzoochory (b), and anemochory (c), including both sensu stricto and sensu lato classifications, 183 

across Brazilian ecosystems. Areas shown in grey fall outside the AOA (AOA = 0) and were 184 

excluded from predictions. Colours represent the spatial predictions of the models based on 185 

community-weighted mean (CWM) values, with cooler tones (blue and green) indicating lower 186 

values and warmer tones (yellow and red) indicating higher values.187 



 

Variance partitioning 188 

We performed a variation partitioning analysis based on Random Forest models to quantify the 189 

predictive contributions of climate (C), soil (S), and disperser-related (D) predictors. Models 190 

were fitted using each group separately (C, S, and D), as well as using all predictors combined 191 

(C + S + D). Predictive performance was assessed using a stratified 5-fold cross-validation 192 

scheme. In each fold, Random Forest models were trained using the final hyperparameters 193 

selected for the main analysis and evaluated on held-out data. Out-of-fold predictions were 194 

pooled across folds, and predictive R² was calculated as 1 − SSE/SST, where SSE is the sum of 195 

squared prediction errors and SST is the total sum of squares of the observed response variable. 196 

 197 

Predictor set Endozoochory Anemochory Synzoochory Seed mass  

C (Climate) 0.45 0.44 0.50 0.53 

S (Soil) 0.22 0.25 0.16 0.19 

D (Dispersers) 0.31 0.15 0.44 0.42 

C + S + D 0.46 0.46 0.53 0.55 

 198 

(a)                                                                     (b) 199 

     200 



 

(c)                                                              (d) 201 

 202 

203 



 

Relative contribution of each predictor under spatial block cross-validation 204 

Variable importance was quantified using permutation importance from Random Forest models 205 

evaluated using spatially independent 5-fold cross-validation across three spatial scales: 300 km 206 

(a), 500 km (b), and 800 km (c) blocks. Importance values represent the average decrease in 207 

model performance after permuting each predictor across spatial folds. Predictors are grouped 208 

into climate (black), soil (dark grey), and disperser-related variables (light grey). The ranking of 209 

predictors is shown independently for each spatial scale.                  210 

                            211 

I) ENDOZOOCHORY 212 

        213 

214 



 

ANEMOCHORY 215 

     216 

II) SYNZOOCHORY  217 

 218 

 219 



 

III) SEED MASS (complete +imputed data) 220 

 221 

IV) SEED MASS (only complete data) 222 

 223 
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