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Abstract

The probability of occurrence of a given species in a target locality and
assemblage is conditioned not only by environmental/climatic variables but
also by the presence of other species (i.e., species co-occurrence). This frame-
work, already complex in nature, becomes even more complicated if one con-
siders the functional traits of species that, in turn, might influence the
structure of metacommunities in various ways. Depending on the ecological
and environmental setting, functional similarity (i.e., convergence in morpho-
logical and ecological traits) between species might either reduce their
co-occurrence due to high niche overlap driving negative interactions or pro-
mote it if the similar traits are associated with local habitat suitability.
Similarly, functional divergence might either promote species co-occurrence
by limiting negative interactions through niche separation or reduce it through
trait mediated environmental filtering. Therefore, discriminating between
these alternative scenarios—predicting whether two species will tend to
co-occur or not based on their traits—is extremely challenging. Here, we
develop a novel protocol to tackle the challenge, and we demonstrate its effec-
tiveness by showing that ecological species traits can predict species
co-occurrence in a large dataset of North American Odonata. To this end, we
first used the Hierarchical Modeling of Species Communities framework to
quantify the pairwise species co-occurrence after controlling for environmental
and climatic factors. Then, we used machine learning to generate models
which proved capable of predict accurately the observed co-occurrence pat-
terns from species functional traits. Our approach offers a generalizable analyt-
ical framework with the potential to clarify long-standing ecological questions.
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INTRODUCTION

In community ecology, the distribution of the species
in assemblages (i.e., metacommunities) is generally
explained by three major ecological processes and
their interactions: dispersal constrains, environmental
(or habitat) filtering, and biotic interactions (Cadotte &
Tucker, 2017; Hardy et al., 2012). While investigating
the potential role of the latter in structuring bird commu-
nities in Melanesia, Diamond (1975) suggested that a
high frequency of checkerboards (i.e., avoidance patterns
in species X sites 1/0 matrices) would emerge from inter-
specific competition due high similarity in the ecological
niche of the species (e.g., similar resource use). This
idea—and the statistical approaches which led Diamond
to conclude that the observed frequency of checkerboards
diverged substantially from a null expectation—
promoted a famous controversy which is yet to be settled
(Connor & Simberloff, 1979; Connor et al., 2013;
Diamond et al., 2015; Strona et al., 2018).

The issue has received renewed interest in the context
of ecological network research, where the question of
whether checkerboard patterns indicate competition has
been translated into whether interaction links can be
inferred from species co-occurrence (Blanchet et al.,
2020; Freilich et al., 2018; Morales-Castilla et al., 2015;
Morueta-Holme et al., 2016), and with the development
of joint species distribution models (jSDMs). In jSDMs,
the probability of occurrence of a given species in a target
locality is assessed not only based on environmental/
climatic variables (as in standard SDMs), but also condi-
tionally on the presence of other species (Ovaskainen
et al., 2017; Tikhonov et al., 2020). One of the outputs of
jSDMs is the residual co-occurrence of species after con-
trolling for the contribution of abiotic variables and other
confounding covariates, thus potentially accounting for
the role of environmental filtering in the distribution
patterns. It has been proposed that such residual
co-occurrence could reflect ecological associations
(Burner et al., 2021; Ovaskainen & Abrego, 2020;
Ovaskainen et al., 2017) but, as for Diamond’s work on
assembly rules, the idea has received various criticisms
(Clark et al., 2014; Dormann et al., 2018).

The main caveat is that even when accounting for
many environmental variables, it is virtually impossible
to fully control for the effect of environmental filtering
that acts also at the microhabitat scale. Hence, one can-
not rule out the possibility that the observed degree of
co-occurrence between species is more driven by overlap
(or segregation) in some dimensions of their ecological
niches not included in the model rather than by direct
ecological interactions (Barner et al., 2018; Blanchet
et al., 2020). When we take into consideration species’

functional traits, we bring new potential information, but
additional complications in the framework. Species traits
play simultaneously fundamental roles in how a species
interact with its habitat (environmental filtering) and
with other species (biotic interactions; McGill et al.,
2006). In fact, interspecific trait similarity can promote
either species positive co-occurrence through consistent
environmental filtering or negative co-occurrence in case
the traits overlap promote species’ competition for
resources (Kohli et al., 2018). Likewise, trait dissimilarity
might promote not only positive co-occurrence by reduc-
ing niche overlap and enhancing species’ coexistence, but
also negative co-occurrence through habitat filtering
(i.e., species are best suited for living in separate
locations).

In a simplified view, trait distance and co-occurrence
should display a negative relationship if the traits drive
primarily environmental filtering, and a positive one if
the traits drive patterns of competitive exclusion
(Figure 1). Clearly, in the real world (and considering
multiple traits), the two processes coexist, making it hard
to find a clear association. For instance, Elo et al. (2021)
found no relationship between functional species similar-
ity and negative co-occurrence on a large set of stream
macroinvertebrate communities. Similarly, Burner et al.
(2021) found that the difference in species traits was not
a consistent predictor of the spatial associations for forest
beetles. Nevertheless, it is important to consider that
competitive dynamics (and species interactions in gen-
eral) might be linked to functional traits in a more com-
plex fashion than that provided by trait similarity.
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FIGURE 1 Theoretical relationships between species distance
in functional traits and degree of co-occurrence. In a situation
where functional traits drive environmental filtering, we should
expect a negative relationship between distance and co-occurrence
(green line); in the opposite scenario, where functional traits drive
patterns of competitive exclusion, we should expect a positive
relationship between distance and co-occurrence (blue line).
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Nonlinear combinations of traits can either promote or
weaken co-occurrence, hence making it difficult to iden-
tify signs of biotic interactions or microhabitat filters just
by means of correlation with traits similarity. Here, by
using a large dataset of dragonflies and damselflies
(Odonata), we show that machine learning can harness
such complexity, making it possible to accurately predict
co-occurrence patterns from species functional traits (see
Figure 2 for an overview of the conceptual framework).

METHODS
Dataset

We focused on a large dataset of Odonata from the state
of Vermont in North America. Our choice was dictated
by two reasons. First, Odonata are among the most
well-known insects in terms of biology, ecology, and dis-
tribution, thanks to years of scientific research (Corbet,
1999) and amateur collections and observations that

Functional Traits Biotic Interactions
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contributed to build large datasets on species detailed
distribution (e.g., “OdonataCentral,” Abbott, 2006-2022).
Second, various studies have suggested that, in addition
to habitat preference, interspecific interactions play a
fundamental role in shaping Odonata communities and
metacommunities (Cerini et al., 2019, 2020; Renner et al.,
2019; Suutari et al., 2004). The data represent an updated
and georeferenced version of the dataset from Blust
and Pfeiffer (2015), a publication which summarized
more than 80 years of Odonata collection activities (both
scientific and amateur) in the state of Vermont. Each
local site in the dataset consists of a water body
(e.g., pond, brooks, lakes, and river beds) that was visited
once or multiple times over the years. We cleaned the
dataset by removing species with uncertain or missing
taxonomical information. Presence data represent sam-
pling of adults and/or larvae. The final dataset includes
4995 species occurrence records for 131 species across
917 sites and 86 years (1663 combinations of sites and
years). We excluded all sites hosting only 1 species
(i.e., not hosting an Odonata multispecies community),
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FIGURE 2 Diagram showing the logic behind our analytical framework. Species functional traits affect biotic interactions

(e.g., competition for resources) and species habitat suitability (thus occurrences). Biotic interactions, together with climatic and

environmental factors are major determinants of species distribution/occurrences. Co-occurrence patterns emerging from species

occurrences are therefore simultaneously affected by biotic interactions and environmental drivers of species distribution, both mediated by

functional traits. That is, species might tend to be found together (or not) because of overlap (or segregation) in their ecological niches

and/or positive or negative interactions. Joint species distribution models (jSDMs) have been proposed as a potential statistical tool to distil

the “residual” co-occurrence due to biotic interactions from that due to other (environmental) factors. Here we test if machine learning can

use functional traits to model accurately pairwise positive and negative co-occurrence devised by jSDMs.
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and then we excluded all species present in less than
10 sites to avoid considering very rare species sampled
just sporadically throughout the years, which can poten-
tially create artefactual negative co-occurrence pattern
with many other species just due to their rarity. This left
us with 520 sites, 764 combinations of sites/years, and
95 species (3712 occurrences).

For each site/year combination, we identified and
obtained information on the most important abiotic fac-
tors known to shape Odonata communities (Bried &
Siepielski, 2018) and to play a fundamental role in the
phenology and the beginning of adult stage for Odonata
(Corbet, 1999; Flenner et al., 2010), namely, temperature,
precipitation, habitat type (lotic or lentic water body), ele-
vation, and land cover. For temperature and precipita-
tion, we matched the exact dates of the records (month/
year) with actual temperature and precipitation data
from the Global Historical Climatology Network monthly
(GHCNm, freely available at https://www.ncei.noaa.gov/
products/land-based-station/global-historical-climatology-
network-monthly) dataset, which provides monthly
climate summaries from meteorological stations. We
interpolated the temperature and precipitation values
using ordinary kriging between the closest stations for
which data were available for a target point. For this, we
started from the 10 closest stations to the target point,
and then we progressively increased the number of sta-
tions until we found at least three temperature and pre-
cipitation records. As for habitat type, we used
information from the original data sources to classify
sites into four broad categories, namely, lentic water, lotic
water, wetland, and land. Additionally, we used a
high-resolution dataset from the University of Vermont
Spatial Analysis Laboratory (freely available at https://
geodata.vermont.gov/pages/land-cover) to characterize
the land cover surrounding the target localities. The
dataset provides data for 2016 at a resolution of 0.5 m.
Instead of focusing on the exact land cover class at each
sampling point, we computed the fraction of area cov-
ered, respectively, by tree canopy, grassland/shrubland,
bare soil, water, or artificial structures within a square of
500 X 500 m centered on the target site. Such a measure
offered the most informative picture of the environmen-
tal setting available for the sampling localities, with the
assumption that the landcover surrounding the sites
stayed stable during the years.

As for the species traits, we selected nine
morphology-, behavior-, and habitat use-related Odonata
species traits (Appendix S1: Table S1) from the online
free available Odonate Phenotypic Database (http://
www.odonatephenotypicdatabase.org). These traits are
measured on the adult stage of the species. Among the
possible 33 traits available in the database, we excluded
macro-geographical and location related traits (e.g., all

Odonata species of the study share the same continent,
ecozone, and macroclimate), and we retained the nine
traits that had the higher coverage across the study spe-
cies. The information on the remaining traits for the
study species were mostly missing.

Statistical analyses

To assess pairwise species co-occurrence, we fit a
latent-variable jSDM using the Hierarchical Modeling of
Species Communities (HMSC) Bayesian framework. We
fitted the models with a probit link function under the
default prior distribution. We devised the following
model (Equation 1):

sp_occ = habitat + elevation + precipitation?
+ temperature? + tree canopy fraction
+ shrubland/grassland fraction
+ bare soil fraction + water fraction
+ artificial land fraction. (1)

We included sites and years as random effects term,
and we sampled the posterior distribution using four
Markov chain Monte Carlo (MCMC) chains including
1000 samples each, with a thinning of 100 (for a total of
100k iterations), hence a burn-in of 25,000 iterations. We
evaluated MCMC convergence by examining the distribu-
tions of the potential scale reduction factor over the
parameters related to the fixed effects and the random
effects (Gelman & Shalizi, 2013). We assessed model dis-
criminatory power via AUC (area under the receiver
operating characteristic curve, Pearce & Ferrier, 2000)
and Tjur’s R* (2009).

We first explored the potential relationship between
species  trait  dissimilarity @ and  co-occurrence
(i.e., theoretical framework in Figure 1). For each species
pair, we assessed trait dissimilarity as the Mahalanobis
distance (De Maesschalck et al., 2000) between their
functional traits (using one-hot encoding of categorical
variables with more levels), and we regressed such dis-
tances against the corresponding pairwise residual
co-occurrence values derived from the HMSC analysis.
We also explored the frequencies of correlations between
pairwise species co-occurrence and the corresponding
distances between individual traits (since most consid-
ered traits were categorical, such distances usually trans-
lated into 0/1 values, i.e., O if the target trait was shared
by the two species, and 1 otherwise).

Then, we tested three different models aimed at
predicting co-occurrence patterns from species functional
traits: model I, a Random Forest regressor aimed at
modeling the expected sign and intensity of the
co-occurrence from the HMSC between any two species
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in the dataset; model II, a Random Forest classifier aimed
at predicting whether two species will have a positive
(>0.5) co-occurrence; model III, a Random Forest classi-
fier aimed at predicting whether two species will have a
negative (<0.5) co-occurrence.

For all Random Forest models (Breiman, 2001), we
first performed a hyper-parameter tuning to optimize
model settings. For the models II and III, we performed
100 replicates by resampling the complete dataset to bal-
ance presence and absences. We also replicated the
models using different thresholds for co-occurrence (0.4,
0.45, 0.50, 0.55, ..., 0.9) and then explored how the choice
of the threshold affected model accuracy.

The three models have the following form
(Equation 2):

cooC_ij~tl_i+tl_j+1t2_i+t2_j+..+tn_i+tn_j, (2)

where cooc_ij is the residual co-occurrence value derived
from the HMSC analysis, and each entry tx_i and tx_j
represents the xth trait of species i and j respectively
(Appendix S1: Table S1).

For model I, cooc_ij corresponded to the continuous
mean co-occurrence values from the HMSC analysis
(theoretically ranging from —1 to 1). For model II, we set
cooc_ij to 1 for the pairs exhibiting a strong positive
co-occurrence (i.e., mean co-occurrence >0.5), and to 0 to
the others. For model III, we set cooc_ij to 1 for the pairs
exhibiting a strong negative co-occurrence (i.e., mean
co-occurrence <—0.5), and to 0 to the others.

To evaluate the predictive power of the Random Forest
regressor (model I), we performed 100 replicates where we
trained a model on a random set including 80% of the
observations, testing it on the remaining 20%. We quanti-
fied the overall goodness of fit as the squared Pearson cor-
relation coefficient between all the observed and the
predicted co-occurrence values across the 100 simulations.
For the Random Forest classifiers (models II and III), we
assessed model quality by looking at type 1 and 2 classifica-
tion errors and the resulting model accuracy based on
internal out of bag validation (Janitza & Hornung, 2018;
Mi et al., 2017). We performed the Random Forest ana-
lyses using the randomForest R package (Liaw & Wiener,
2002). All the code and data needed to replicate the ana-
lyses are available from Zenodo: https://doi.org/10.5281/
zenodo.10069033 (Strona, 2023).

RESULTS

The resulting HMSC model converged properly, with
high effective sample sizes and potential scale reduction
factors close to one, and showed an acceptable

performance (comparable with recent studies focusing on
species’ response to environmental and climatic change,
such as Antio et al., 2022), with an average AUC of 0.92
and an average Tjur R? of 0.17 (Appendix S1: Figure S1).
On average, environmental and climatic variables
accounted for 48.3% of the total explained variance, while
the random year and site factors accounted, respectively,
for 5.2% and 46.5% of the total explained variance.
Among the environmental variables, land use (i.e., the
combined contribution of the different fractions of land
use categories surrounding a given site) resulted the most
important factor (accounting for 20% of the total
explained variance), followed by temperature (12.7%),
elevation (5.4%), habitat (5.3%), and precipitation (4.9%)
(Appendix S1: Figure S2). Among all possible species
pairs (n = 4465 for 95 species), 28.6% showed a positive
co-occurrence (>0.5), while 18.4% showed a negative
co-occurrence (<—0.5) (Appendix S1: Figure S3; we refer
here to co-occurrence with a statistical support >0.95, see
Methods).

Overall, we found no relationship between species
co-occurrence and trait dissimilarity (R2 = 0.007;
Figure 3), as we recorded cases of high and low
co-occurrence for both small and large functional dis-
tance (Figure 3). In most cases, however, functional
distance fell into an average range. The correlations
between individual trait distance and co-occurrence were
very weak, but negative slopes were more common than
positives (Figure 4).

Nevertheless, our machine learning approach
revealed a significant potential for functional traits to
predict co-occurrence patterns. Specifically, model I, that
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FIGURE 3 Density color-coded hexplot showing the
regression (R* = 0.003) between Hierarchical Modeling of Species
Communities residuals co-occurrence values and species trait
dissimilarity, calculated as the Mahalanobis distance, between all
pair of species in the dataset.
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FIGURE 4 Frequency histograms of the slopes of the
regressions between pairwise species co-occurrences and individual
traits distance.

is, the Random Forest regressor aiming at predicting con-
tinuous positive and negative co-occurrence values,
showed a R> of 0.66 between all observed versus
predicted co-occurrence values (n = 64,800) obtained
from 100 models trained on random sets including 80%
of observations in the dataset and tested on the
remaining 20% of observations (Figure 5).

The two models looking separately at positive
(model II) and negative (model III) co-occurrence
performed even better, with an average accuracy of 0.82
(0.008 SD) and 0.80 (0.009 SD, Figure 6). Error rates
remained low regardless of the selected co-occurrence
threshold (with type 2 errors always <0.2 and type 1
errors always less than 0.3) and were lowest for thresh-
olds around 0.5-0.6 (Figure 6). For a threshold of 0.5,
model I had type 1 errors on average of 0.183 (0.011 SD)
and 0.181 (0.009 SD), while model II had average type
1 and 2 errors of 0.240 (0.014 SD) and 0.154 (0.011 SD),
respectively.

Among the considered traits, the adult phase morpho-
logical parameters related to body size emerged consis-
tently as main predictors of co-occurrence (both positive
and negative) (Figure 7). Specifically, the body length
and hindwing length resulted by far as the major predic-
tors, followed by the body color pattern and the type of
aquatic habitat frequentation. Other traits related to
flight behaviors and body pigmentation did not show
strong effects (Figure 4; Appendix S1: Table S1).

DISCUSSION

Environmental features and interspecific interactions are
assumed to be the main drivers of species distribution
and abundance (Chesson, 2000), often interacting in a
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FIGURE 5 Observed residual co-occurrence from the
Hierarchical Modeling of Species Communities analysis for all
Odonata species pairs versus the predictions obtained from a
Random Forest regressor modeling species co-occurrence based on
species functional traits. The plot includes comparisons between
observations and predictions for 100 models, each trained on a
random sample including 80% of the available observations and
tested on the remaining 20% (thus, each point in the plot
correspond to test observations, not to training data). The red line is
the line of equity.

complex way in shaping communities composition
(Ousterhout et al., 2015). For years, the difficulties in dis-
cerning the abiotic and biotic drivers of species occur-
rence and abundance patterns have fueled the still
ongoing debate on the potential structuring role of
assembly rules (Blanchet et al., 2020; Connor et al., 2013;
Diamond et al., 2015; Gotelli & McCabe, 2002). Recently,
new methodological frameworks have brought promising
advances on the topic (Pollock et al., 2014; Tikhonov
et al., 2020; Warton et al., 2015). Among these, jSDMs
provide a valuable tool to disentangle the contribution
that landscape features and habitat filtering (Mazerolle &
Villard, 1999), rather than species interaction processes,
have in structuring species occupancy and richness
(D’Amen et al., 2018; Elo et al, 2021). Ideally,
nonrandom co-occurrence patterns identified by jSDMs
(such as the HMSC used here) are generated taking into
account the weight that environmental variables have in
explaining species presence-absence. Thus, in principle,
such models should be able to disregard the
co-occurrence patterns generated by habitat filtering
processes acting at macroscale (e.g., landcover, average
temperatures, and rainfall of the region) while
retaining those emerging from interspecific interactions
(Ovaskainen et al., 2017) or from uncontrolled microhab-
itat factors (e.g., water quality; Sun et al., 2021), if not
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included in the model. Such an ability, which has been
questioned in other works (Clark et al., 2014; Dormann
et al., 2018), finds support in our results, which demon-
strate how species functional traits can accurately predict
co-occurrence patterns identified by HMSC.

Based on the theory of limiting similarity, species
occurring syntopically with similar trait values should
interact more strongly (i.e., resulting in lower fitness)
than dissimilar species, thus leading to possible local
exclusion (e.g., competitive checkerboards; Decaéns
et al., 2008) and to niche specialization within the assem-
blages (Macarthur & Levins, 1967; Schirmer et al., 2020).
Nevertheless, as observed in previous studies (Elo et al.,
2021), our first analysis exploring the direct relationship
between species traits dissimilarity and pairwise residual
co-occurrence derived from the HMSC did not find any
relevant pattern. In general, the correlations were very
weak, but mostly negative, supporting a slightly more
important role of environmental filtering over interac-
tions (Figures 1 and 4). On the one hand, this result could
be ascribed to a selection of habitat variables for the
HMSC not accurately representing the environmental
features acting as possible assembly filters (but see
Bried & Siepielski, 2018; Cerini et al., 2021); thus, the
co-occurrence patterns would still be an outcome pro-
duced by macro-environmental constraints not directly
reflected in the species traits. Nonetheless, it is worth
emphasizing that the environmental variables used in
our model made up for a good portion of the explained
variance, thus suggesting that the obtained residual
co-occurrence might indeed be a measure not dependent
on macroscale habitat filtering. On the other hand, the
idea that similarities in species traits might reflect species
competition for resources, and hence possibly the degree
of co-occurrence (e.g., Elo et al., 2021), in a linear fashion
is likely to be an oversimplified picture of the ecological
reality, especially at a macroecological scale. Species
traits affect the way species interact in complex and
nonlinear ways that might not be captured by a distance
measure. This is further complicated by the fact that
while some trait combinations might be involved in

FIGURE 6 Model quality assessment for the Random Forest
classifiers (models IT and IIT). (A) Model accuracy based on internal
out-of-bag validation. (B) Type 1 and 2 error rates for model II
(classifier modeling positive co-occurrence) versus different
co-occurrence threshold selected to define a significant
co-occurrence (e.g., a co-occurrence value >0.5, 0.6 etc., with a
statistical support of 0.95 is defined as a 1, i.e., a “positive
co-occurrence”). (C) Type 1 and 2 error rates for model IIT
(classifier modeling negative co-occurrence) versus different
co-occurrence threshold selected to define a significant
co-occurrence.
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FIGURE 7 Importance of the species functional traits in the three Random Forest models to predict co-occurrence. (A) Traits
importance calculated as the percentage increment of the mean square error (MSE) when permuting the out-of-bag data and extracting the

resulting error increase when one variable is left out. (B) Traits important based on the random forest tree node purity, calculated as the

reduction in sum of squared errors whenever a variable is chosen to split. Bars with whiskers show the mean scores + SEs of the different

values for the one-hot encoded traits (i.e., traits with different categorical values like “habitat preference = open versus closed”). Model I:

Random Forest and regressor modeling continuous positive and negative Hierarchical Modeling of Species Communities residual

co-occurrence versus Odonata functional traits. Model IT: Random Forest classifier modeling positive co-occurrence (i.e., co-occurrence >0.5
with a statistical support of 0.95) versus Odonata functional traits. Model III: Random Forest classifier modeling negative co-occurrence

(i.e., co-occurrence <—0.5 with a statistical support of 0.95) versus Odonata functional traits. Detailed description of the species traits can be

found in Appendix S1.

competitive dynamics and hence possibly promote nega-
tive co-occurrence, other trait combinations might be
related, for instance, to habitat adaptation or density
dependent processes (i.e., multispecies predation avoid-
ance; Tirok & Gaedke, 2010) and thus favor positive
co-occurrence, with this being especially true in freshwa-
ter ponds communities (Wellborn et al., 1996).

Here, we showed that machine learning permits to
identify such complex and nonlinear links between

species functional traits and co-occurrence patterns.
Although our main finding that species functional traits
predict both negative and positive co-occurrence is not
direct evidence (i.e., experimental) that interspecific
interactions rather than microscale habitat filtering deter-
mine species distribution patterns, it provides novel and
interesting baselines to deepen both hypothesized pro-
cesses. The main assumption behind our approach is that
functional traits are strong determinants of species
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interactions and habitat suitability. Once controlled for
the role of macroscale environmental variables in
the HMSC-derived occurrence patterns, functional traits
proved to predict the residual co-occurrences. This sug-
gests that such species distribution patterns might retain
at least some signature of species interactions. Focusing
on the traits identified as most important predictors of
negative co-occurrence by the model (Figure 7) supports
such theoretical framework, as these are known to play
important roles in interspecific competition and preda-
tion processes.

In both Anisoptera and Zygoptera, the body and
hindwings lengths are good representation of species ther-
moregulatory capacity and flight potential (i.e., proxies for
dispersal, competition, and predation capacities; Corbet,
1999; De Marco & Resende, 2002) and are easily linkable
to negative interspecific interactions. However, we cannot
abstract from our results the “sign” of the predictive effect
of the traits on the occurrence—we do not know whether
two species are predicted to segregate if their body length
is more or less similar—thus, we have to discuss the eco-
logical meaning of the two opposite cases. For example,
the overlap in body size can indicate for a species pair the
potential to use the habitat space in a similar way and
directly compete as both adults (Boucenna et al., 2018)
and larvae (e.g., same ecological guild, Suutari et al,
2004), in a way to generate local competitive exclusions
and thus segregation patterns (Cerini et al., 2019). Indeed,
Odonata revealed systematic morphological divergence
between pairs of co-occurring species, especially those
most demanding of environmental conditions
(i.e., zygopterans, Oliveira-Junior et al., 2021). Conversely,
a big difference in size could indicate the potential for the
smallest species to be predated by the biggest, thus gener-
ating avoidance patterns (Cerini et al., 2019); this being
especially true with Zygoptera-Anisoptera species pairs
(Priyadarshana, 2021). In both cases, the importance of
morphological traits in predicting the spatial pattern is a
good indicator of how those traits can mediate the interac-
tion processes potentially creating the negative
co-occurrence.

Body and hindwings length were found to be good
predictors also of positive co-occurrence (Figure 7). This
might underlie cases where the functional traits relation
with the species occurrence may not involve direct inter-
actions but rather niche differences at microscale: for
example, morphologically similar species living in the
same sites by being dietary generalist or morphologically
dissimilar species targeting preys with different size
(Dudgeon, 1989). Similar-sized species that co-occur in
the same sites might avoid the resource competition by
being temporally segregated (e.g., partitioning the emer-
gence timings; Boucenna et al., 2018), or by spatially

segregating within the local site (e.g., differential micro-
habitat use; Khelifa et al., 2013).

The Random Forest models predicted species
co-occurrence from functional traits despite the many dif-
ferent generating processes, thus revealing a high potential
of the proposed approach. Besides providing new hints for
the long-standing debate on the ecological relevance of
assembly rules (Diamond et al., 2015), this approach might
produce interesting insights into the role of specific traits
in determining species co-occurrence based on their pre-
dictive power in the different models. Generally speaking,
as the species traits libraries keep being enriched
(Jeliazkov et al., 2020), our framework could serve as an
exploratory tool to identify which traits are potentially
important determinants of co-occurrence, without requir-
ing a priori knowledge of the exact mechanisms by which
those functional traits affect interactions. The traits impor-
tance output might serve exactly as a basis to start formu-
lating ecological/biological hypotheses to be tested
thorough ad hoc experimental designs. The derived infor-
mation from these theoretical and experimental
approaches might shed light on the ecological meaning of
those traits, possibly fueling investigation of phylogenetic
signals of selection (Burns & Strauss, 2012). In conclusion,
using machine learning to predict both positive and nega-
tive species co-occurrence patterns based on species func-
tional traits appears as a promising tool with the potential
to advance our understanding of whether, to what extent,
and how species interactions and microscale environmen-
tal filters shape biodiversity patterns.
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