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Abstract

Documenting the patterns of biological diversity on Earth has always been a central
challenge in macroecology and biogeography. However, we are only beginning to generate an
understanding of the global patterns and determinants of macrophyte diversity. Here, we studied
large-scale variation and community-environment relationships of lake macrophytes along climatic
and geographical gradients using regional data from six continents. We applied statistical routines
typically used in the context of metacommunity studies to provide novel insights into macrophyte
community compositional patterns within regions worldwide. We found that lake macrophyte
metacommunities followed clumped species replacement structures, suggesting that two or more
species groups were responding similarly to the environment within regions. Underlying such
general convergence, our results also provided evidence that community-environment relationships
were largely context-dependent, stressing that no single mechanism is enough to account for the
complex nature of compositional variation. Surprisingly, we found no general relationships between
functional or phylogenetic composition and main metacommunity types, suggesting that linking
multi-trait and evolutionary information to the elements of metacommunity structure is not
straightforward. Our findings highlight that global conservation initiatives and biodiversity
protection need to capture environmental variation at the metacommunity level, and acknowledge
the highly context-dependent patterns in the community-environment relationships of lake
macrophytes. Overall, we emphasise the need to embrace the potential complexity of ecological

inferences in metacommunity organisation across the globe.
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Introduction

Regional biotas develop under influences of environmental, climatic and geographical
factors (Willig et al. 2003). However, much uncertainty remains in our understanding of their role in
affecting local biotic assemblages over large spatial extents, due in part to the lack of comparable
and well-curated data over large areas (Wiest et al. 2020). Consequently, examining the relative
importance of these factors on geographical patterns of community compositional variation is still
central to macroecology and biogeography (Heino 2011) and a prerequisite for understanding the
distribution of biodiversity on Earth (Kreft and Jetz 2007). Recently, considerable progress has been
made towards documenting large-scale patterns in the biodiversity of terrestrial ecosystems,
including woody plants, insect, birds and mammals (e.g. Swenson et al. 2012; Cooke et al. 2019).
By contrast, organisms inhabiting inland waterbodies have been far less studied from the
macroecological perspective (see Heino 2011 and Hortal et al. 2014 for comprehensive reviews).
Given that freshwater ecosystems are typically more isolated and fragmented than most terrestrial
and marine systems, the underlying factors controlling the ecogeographical patterns of freshwater
biodiversity should differ from those found in the other two realms of life (Kinlock et al. 2018). In
this regard, generalisations about ecogeographical rules evidenced using terrestrial plants can rarely
be used to explain distributional patterns and their underlying mechanisms in freshwater
macrophytes (Alahuhta et al. 2020). These inconsistencies originate from differences in accessibility
to water and atmospheric gases between terrestrial and aquatic plants, the latter of which also
experience less extreme temperatures in inland waters (lversen et al. 2019). However, we are only
beginning to generate an understanding of the global patterns and determinants of freshwater
macrophyte diversity (Grimaldo et al. 2016; Alahuhta et al. 2017; Alahuhta et al. 2018a; Murphy et
al. 2019). Such a research program should not only be of interest to macroecologists and
biogeographers, but also to environmental managers and conservation practitioners seeking to

delineate biogeographical regions for environmental assessment and conservation (Bailey 2010).
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Given the strong associations between the theoretical foundations of metacommunity
ecology (Leibold et al. 2004) and modern biogeography (Jocque et al. 2010), understanding the
mechanistic basis of large-scale biogeographical patterns also necessitates use of hypotheses and
analytical approaches that have been more typically applied in the analysis of metacommunities at
the landscape level (Heino et al. 2015a). Metacommunities (i.e. a set of interacting communities
linked by dispersal; Leibold et al. 2004) show multiple patterns and models in space and time,
ranging from those assuming strong species interactions to those suggesting idiosyncratic responses
to the environment (Heino et al. 2015a). Indeed, these ideas intrigued plant ecologists in the first
half of the 20" century, when Clements (1916) and Gleason (1926) debated the discrete versus
continuous nature of community boundaries along underlying environmental gradients. More
recently, Leibold and Mikkelson (2002) devised a stepwise routine based on the three “elements of
metacommunity structure” (hereafter, EMS) - coherence, species range turnover and range boundary
clumping - to examine such community patterns. In this approach, random distributions of species
are contrasted with four main idealised models: nested subsets (Patterson and Atmar 1986), evenly
spaced gradients (Tilman 1982), Clementsian gradients (Clements 1916) and Gleasonian gradients
(Gleason 1926). These main metacommunity types are broad idealisations of nature and, hence,
multiple subtypes (i.e. quasi-structures) can also be distinguished (Presley et al. 2010, see Table 1
for a glossary).

Although the EMS approach was originally aimed at testing for multiple patterns across a set
of local communities (Leibold and Mikkelson 2002), the same analytical routine can be adopted to
examine distributional patterns across regions at large biogeographical scales (Heino and Alahuhta
2015; Schlemmer-Brasil et al. 2017). Nonetheless, this approach is not without its problems, as
outlined recently by Ulrich and Gotelli (2013) and Schmera et al. (2018). Their criticism mainly
concentrated on the likely unreliable mathematical mechanisms that give rise to some idealised

structures (Schmera et al. 2018). While we agree that the EMS framework may be burdened by
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anomalies in detecting some empirical patterns (e.g. checkerboard distributions, Presley et al. 2019),
we argue that its careful non-mechanistic interpretation and subsequent combination with alternative
analytical approaches should lead to a better understanding of main macroecological patterns and
community-environment relationships (Meynard et al. 2013; Heino and Alahuhta 2015). For
example, a simultaneous comparison of multiple study regions may help to elucidate whether
compositional variation is moulded predictably by a set of ecological settings or if that
compositional variation is context-dependent (Tonkin et al. 2016). Those settings could be revealed
using ecological correlates of metacommunity structure similar to functional traits and phylogenetic
distances of species in other contexts (Heino et al. 2015b; Garcia-Giron et al. 2019a). Surprisingly,
to our knowledge, no single study has assessed both the best fit patterns of community variation and
the ecological features of regional metacommunities simultaneously at global scale.

Here, we present an analysis of geographical variation, context dependency and community-
environment relationships of macrophytes using data from 16 regions worldwide (Fig. 1a). We
specifically examined the following questions: (i) Which idealised metacommunity model best fits
the empirical data of lake macrophyte metacommunities within study regions? (ii) Are community-
environment relationships consistent or variable among different regions? (iii) What ecological
correlates describing metacommunity characteristics (i.e. elevation range, spatial extent, latitude,
longitude, age of the oldest lake within each region, matrix fill, species richness, functional
composition and phylogenetic composition) best determine variation in coherence, species range
turnover and range boundary clumping? Based on evidence from previous studies (Henrique-Silva et
al. 2013; Heino et al. 2015b), we expected to find clear geographical variation in metacommunity
structuring, with a change from Gleasonian to Clementsian gradients from the equator to the poles
(H1). This is because we expected that two or more groups of species would respond similarly to the
typically harsher environmental conditions in boreal regions, leading to clumped range boundaries

in their geographical distributions (Heino et al. 2015b). We also hypothesised (H2) that a strong
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context dependency would be observed in the community-environment relationships, not least
because the structuring of lake metacommunities can be highly variable among different regions
(Heino and Tolonen 2017; Alahuhta et al. 2017, 2018a). In addition, we predicted (H3) that
variables describing the ecological features of metacommunities would be good predictors of the
three elements of metacommunity structure, because multi-trait and evolutionary information should
be related to the predictability of the underlying distributional patterns (Meynard et al. 2013; Garcia-

Girdn et al. 2019a).

Methods
Macrophyte data sets and regional characteristics

We analysed a data set of 16 different study regions covering six continents across the Earth
(Fig. 1a, Supporting Information Appendix S1 and Fig. S1). The study regions and field methods
have been described previously (Alahuhta et al. 2018a) and are here outlined briefly to aid
understanding of the ecological context of individual regions. We had strict quality control for
selecting each data set: (i) each study region had to include ca. 30 lakes with similar geographical
distribution from the pool of candidate lakes; (ii) all lakes had to be mostly natural lentic systems
(i.e. reservoirs were excluded); and (iii) all macrophyte communities within each data set had to
have been empirically surveyed using similar methods to maintain data comparability. The selected
lakes ranged from glacial-origin and relatively stable lakes situated in temperate and boreal zones
(e.g. Finland, Sweden, Norway, Estonia, Denmark, Poland, New Zealand and US states of
Minnesota and Wisconsin) to semi-arid shallow Mediterranean lakes (e.g. Morocco and Spain).
Most of the study lakes suffered from various anthropogenic pressures such as water extraction,
invasive species, nutrient enrichment, and decreased connectivity, which cannot be avoided in an
increasingly human-dominated world.

Our data set consisted of presence-absence observations of aquatic macrophyte species (i.e.

species that are strongly bound to aquatic environments; see Kosten et al. 2009). These species
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included submerged (elodeids and isoetids), floating-leaved, free-floating (ceratophyllids and
lemnids) and emergent forms (Cook 1999). The species list from each region was carefully checked
to guarantee that inconsistencies were minimal. To do this, non-aquatic helophytes, shore species,
aquatic bryophytes and charophytes were removed from the final data sets. Similarly, we excluded
hybrids, subspecies, and genus level identifications when species from the same genus were

recorded from the data.

Elements of metacommunity structure (EMS) analysis using site-by-species incidence matrices

Following the metacommunity framework originally proposed by Leibold and Mikkelson
(2002), and thereafter expanded by Presley et al. (2010) and Henriques-Silva et al. (2013), we
analysed which metacommunity structure best fitted lake macrophyte data in each study region
across the globe. To do this, we adopted the “range perspective” in our analyses (Presley et al.
2010). The metacommunity types were assessed by analysing aspects of coherence, species range
turnover and range boundary clumping of site-by-species presence-absence matrices. Incidence
matrices were first ordinated via reciprocal averaging (CA). This procedure allowed us to obtain a
latent gradient in which sites were ordered according to species composition and species were
ordered according to site occurrences. After rearranging the data matrix, we tested the different
metacommunity elements in a hierarchical way, that is, (i) coherence, (ii) species range turnover,
and (iii) range boundary clumping (Fig. 1b; Table 1).

Coherence is based on calculating the number of embedded absences (i.e. gap in a species
range) in the ordinated empirical incidence matrix and then comparing the observed value to a null
distribution of embedded absences from 1,000 simulated matrices. A metacommunity is considered
to be coherent when the number of observed embedded absences is lower than expected by chance.
Significantly positive coherence thus suggests that species distributions are responding similarly to a
common environmental gradient represented by the ordinated site-by-species presence-absence

matrix. Non-significant coherence means that species are distributed at random, suggesting that
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species are not responding to a common environmental gradient (Leibold and Mikkelson 2002). For
metacommunities with positive and significant coherence, the range turnover component was tested
(Fig. 1b). Species range turnover was measured as the number of empirical replacements for each
possible pair of species and for each possible pair of sites in the ordinated matrix. Then, the number
of observed replacements was compared to a null distribution that randomly shifts the entire ranges
of species (Leibold and Mikkelson 2002). Significantly negative turnover (i.e. the observed
replacement is lower than expected by chance) is consistent with a nested structure (i.e.
hyperdispersed species loss, random species loss and clumped species loss), whereas significantly
positive turnover (i.e. the number of observed replacements are higher than expected by chance)
indicates evenly spaced, Gleasonian or Clementsian metacommunity types. The cases of significant
positive coherence and non-significant turnover can be interpreted as quasi-structures (Presley et al.
2010). We further analysed range boundary clumping using Morisita’s index of dispersion and a
subsequent 2 test that compares the empirical distribution of range boundaries to an expected
uniform distribution. Index values significantly larger than "1” indicate clumped range boundaries
(i.e. Clementsian and clumped species loss structures) and values significantly less than "1” suggest
hyperdispersed range boundaries (i.e. evenly spaced distribution and hyperdispersed species loss
structures). Species distributions that occur independently and idiosyncratically with respect to each
other (i.e. Gleasonian and random species loss structures) are indicated by a non-significant y? test.
Correspondingly, quasi-evenly spaced, quasi-Gleasonian, quasi-Clementsian structures, quasi-
hyperdispersed species loss, quasi-random species loss and quasi-clumped species loss can be
separated by boundary clumping (Presley et al. 2010; see Fig. 1b).

The significance of the index values for coherence and range turnover was tested using the
fixed-proportional null model (Gotelli 2000), where the species richness of each site is maintained
(i.e. row sums are fixed) but species ranges (i.e. columns) are filled based on their marginal

probabilities. Random matrices for the fixed-proportional null model were produced by the “r1
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method as implemented in the vegan package (Oksanen et al. 2016). Although the fixed-
proportional null model makes sense ecologically and is not highly sensitive to type I or type Il
errors (Presley et al. 2009), this modelling approach does not involve shifting of ranges and
therefore our findings need to be treated with caution. We also used a strict and conservative fixed-
fixed null model based on the "quasi-swap” method in the R package vegan to find out if the null
model used affected the results. In the fixed-fixed null model, both species richness of each site and
species frequencies are maintained. We used 1,000 simulations to provide random matrices for
testing coherence and species range turnover. Elements of metacommunity structure were evaluated
for each study region along the first reciprocal averaging (i.e. correspondence analysis) axis because
we were interested in the most important species compositional gradient. Analyses of coherence,
species range turnover and range boundary clumping were performed using the metacom package
(Dallas 2013) in the R environment (R Core Team 2018).

We also used a Z-score or standardized effect size (SES) for the indices of coherence and

species range turnover for each individual metacommunity:

obs — rnd.mean

SES =
rnd.sd

where obs is the observed index value, rnd.mean the mean index value of the null distribution,
and rnd.sd the standard deviation of simulated index values (see Gotelli and McCabe 2002).

Z-scores allow comparisons among data sets and can thus subsequently be used in
comparative analyses (see Heino et al. 2015b). Basically, Z-scores between -1.96 and 1.96 are non-
significant at o = 0.05 and, thus, Z-scores of coherence and species range turnover can also be used
to infer metacommunity structures. We also applied the traditional approach to delineate
metacommunity types based on statistical significance from the randomisation tests of coherence

and species range turnover (see above).

Community-environment relationships

10



262 Community-environment relationships within the study regions were compared based on a set
263  of a priori determined lake-level variables. Physico-chemical variables consisted of lake area (km?),
264  Secchi depth (m) and water total phosphorus concentration (mg I"%). These three physico-chemical
265  variables were chosen because they often account for significant variation in community structure of
266  lake macrophytes (see Alahuhta et al. 2018b), and correlate with other hydromorphological and

267  water chemistry variables that were not available for all study regions (e.g. Kosten et al. 2009).

268  Physico-chemical variables were surveyed and determined following similar procedures within each
269  study region (Supporting Information Appendix S1). Climate variables included atmospheric annual
270  mean temperature (°C), annual temperature range (°C), and annual precipitation (mm) defined for
271 each study lake based on 30 years average values (1 km resolution data) obtained from the

272 WorldClim (Hijmans et al. 2005). Climate variables were not only a surrogate for thermal energy
273 availability (Alahuhta et al. 2017) and water-level fluctuation (Carpenter et al. 2011), but also for
274  nutrient and material loading from the catchment (Sahoo et al. 2015).

275 Our main statistical method to explore community-environment relationships within regions
276  was canonical correspondence analysis (CCA), which is a constrained extension of reciprocal

277  averaging (Legendre and Legendre 2012), thus providing a link to the EMS analysis. We used the
278 intraset correlations between environmental variables and site scores along the first two ordination
279  axes to infer which factors were best related to variation in community composition and compare
280  whether the same environmental drivers were important in each study region (see Heino et al.

281  2015b). Note, however, that we cannot associate a given metacommunity type specifically to

282  environmental drivers, not least because there is no evidence that a particular mechanism can map

283  onto a particular structure. CCAs were run with the “cca” function using the R package vegan.

284  Comparative analyses
285 We used simple linear regression to analyse variation in the Z-scores of coherence, the Z-

286  scores of species range turnover or the index of range boundary clumping with a set of ecological
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correlates (i.e. predictor variables) describing metacommunity characteristics (see below).
Standardised effect sizes of each metacommunity element (Y;) were log-transformed
[min (Y0 + a = 1) = log (Y; + a)] before analyses to improve normality and reduce skewness.
We first summarised regional environmental information within convex hulls encompassing
the minimum area containing all surveyed lakes within each region. For each study region, we
defined elevation range within the convex hull (m), area of the convex hull (km?), latitude of the
convex hull (from centroid), longitude of the convex hull (from centroid), and estimated the
maximum lake age within a particular region (see Supporting Information Appendix 1 and Table S1
for variable information). These variables can indirectly affect lake macrophytes by indicating
variation in habitat suitability (Alahuhta et al. 2017), dispersal limitation (Garcia-Girén et al.
2019b), environmental heterogeneity (Downing and Rath 1988), and temporal availability for
colonisation sources (Alahuhta et al. 2018a). Second, we used matrix fill (i.e. the proportion of "1s
in the site-by-species incidence matrix) and species richness because data set characteristics may
have strong effects in comparative analyses of metacommunities (Heino et al. 2015b). Third, we
considered several key functional traits (Supporting Information Appendix S2, Table S2 and Fig.
S2) to provide information on multiple ecological aspects of each metacommunity (Heino et al.
2015b) and to give a broad characterisation of the realised niche of the species. We then used the
mixed-variables coefficient of distance (i.e. a generalization of Gower’s distance; Borcard et al.
2011) to extract a functional distance matrix across the 16 data sets using the “daisy” function in the
R library cluster (Maechler et al. 2014). The phylogenetic composition of each study region was
addressed using the phylogenetic fuzzy-weighting method implemented in the PCPS package
(Debastiani 2018). To do this, we used a molecular-based phylogeny for aquatic macrophytes
recently developed by Garcia-Giron et al. (2020) (for details on phylogenetic reconstruction, see
Supporting Information Appendix S3 and Fig. S3). Thereafter, the pairwise output values for the

functional distance matrix were synthesised into principal coordinate analysis (PCO) following
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Duarte et al. (2012). The scores of each single metacommunity along PCO1, PCO2, PCPS1, and
PCPS2 components were then used to indicate the combined functional (i.e. PCO) and phylogenetic

(i.e. PCPS) features of each metacommunity (Supporting Information Appendix S4 and Fig. S4).

Results

The Z-scores of coherence from fixed-proportional (i.e. 'r1") or fixed-fixed (i.e. "quasi-swap”)
null models were strongly correlated (rp = 0.93, p <0.001), and the same was true for the Z-scores
of species range turnover (rp, = 0.73, p < 0.01). Accordingly, we focused on the results based on the
fixed-proportional method because most previous studies have used it in the context of the EMS
analysis (Heino et al. 2015b; Gascon et al. 2016; Schlemmer-Brasil et al. 2017). There was wide
variation in the Z-scores of coherence, the Z-scores of species range turnover, and the index of range
boundary clumping among the metacommunities (Table 2). However, the EMS analysis showed
consistent patterns among study regions, resulting in three observed metacommunity types (Fig. 2
and Table 2). We found that Clementsian structure (n = 8) was the most common, followed by
quasi-Clementsian (n = 7) and clumped species loss (n = 1) metacommunity types. In other words,
most metacommunities were responding to latent environmental gradients, here represented by the
first CA axis; groups of species had coincident range boundaries in each metacommunity; and
species composition changed consistently in similar places of the underlying environmental
gradient.

Community-environment relationships varied among individual metacommunities and did not
allow us to single out a few environmental drivers among the set of available predictor variables
(Fig. 3), suggesting that specific details of community-environment relationships were largely
context dependent. For instance, Secchi depth had the highest effect on variation in community
composition in China (CCAL), whereas temperature range and precipitation were strongly related to

community composition in Wisconsin (CCA1) and New Zealand (CCA2), respectively. Similarly,
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total phosphorus, lake area and mean temperature were particularly important in Florida (CCAL),
Morocco (CCAL) and Finland (CCAZ2), respectively.

Simple linear regressions showed that no ecological feature of metacommunities was
significantly associated with variation in the Z-scores of coherence, the Z-scores of species range
turnover or the index of range boundary clumping (Table 3). This indicated that the single
components of the EMS analysis were not necessarily strongly related to ecological correlates
describing metacommunity characteristics.

Discussion

While a relatively large number of studies have examined geographical variation in species
richness across large spatial resolutions and extents (e.g. Raes et al. 2018; Murphy et al. 2019),
fewer studies have examined species compositional variation worldwide based on local resolution
(e.g. a lake) in the freshwater realm. In this regard, our study is unique in bringing together the three
elements of metacommunity structure (i.e. coherence, species range turnover and range boundary
clumping) and the varying ecological settings of multiple study regions to infer large-scale patterns
and community-environment relationships of lake macrophytes across the world. Such a
combination of techniques allowed us to better understand patterns in lake macrophyte
metacommunities and the factors governing these patterns worldwide. We found mostly
Clementsian (n = 8) and quasi-Clementsian (n = 7) metacommunity structures in the regions of our
empirical data set, a finding which did not support our hypothesis of geographical variation in
metacommunity types (H1). We also revealed highly context-dependent patterns in the community-
environment relationships between different study regions, confirming our second hypothesis (H2).
Unexpectedly (H3), our results also indicated that the three elements of metacommunity structure

were weakly related to the predictor variables describing ecological features of metacommunities.

Local communities show clumped range boundaries but respond differently to environmental

gradients
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Species may experience environmental gradients as gradual or more-or-less discrete
boundaries depending on species-specific characteristics (e.g. tolerance to abiotic factors and habitat
specialisation; Valanko et al. 2015). In our present study, Clementsian and quasi-Clementsian
gradients were the most commonly found metacommunity types within regions along the ~10,000
km latitudinal gradient. The idea of Clementsian gradients suggests that there are two or more
groups of species (i.e. species associations) showing similar responses to the environment (i.e.
species distributions are generally coherent), and that the responses differ among groups (Clements
1916). Consequently, the quasi-Clementsian structures observed here were probably the result of an
artefact because species niche breadth extended beyond the range in which species turnover is
significant (Presley et al. 2010), affecting the identification of boundaries in some study regions
(Gascon et al. 2016). The Clementsian (or sometimes the quasi-Clementsian) pattern is commonly
found in metacommunity studies conducted in aquatic systems, and both have already been reported
in comparative analyses of lake biotas (Heino et al. 2015a, 2015b), as well as for stream invertebrate
metacommunities in Central Germany (Tonkin et al. 2016), Amazonian stream damselflies
(Schlemmer-Brasil et al. 2017), soft-sediment benthic invertebrates from the Baltic Sea (Valanko et
al. 2015), Hungarian stream fishes (Erés et al. 2014), and Mediterranean wetland microcrustaceans
(Gascon et al. 2016). However, it is still particularly striking that environmental variation has such
an important role in structuring lake macrophyte metacommunities in different biogeographical
realms of the Earth (here, Palaearctic, Nearctic, Neotropical, Indomalayan and Australasian). This
finding may be related to the fact that lake systems and their drainage basin characteristics are
inherently highly heterogeneous (Downing et al. 2006) and, hence, responses of macrophyte species
groups to environmental variation are typically more complex than a simple gain or loss of species
along major biologically-important thresholds (sensu Heino et al. 2015a).

Behind such general convergence, the disagreement among important community-

environment relationships also highlights that no single mechanism (i.e. a single constraining
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environmental factor) is enough to account for the complex nature of compositional variation and
metacommunity organisation. Instead, it appears that metacommunity (i.e. regional) structuring of
lake macrophytes is highly difficult to predict. This has been demonstrated in two recent global-
scale studies that showed variable patterns in the factors shaping species-based beta diversity
(Alahuhta et al. 2017) and community composition (Alahuhta et al. 2018a). Whatever the case, our
study results agree with previous works in which climate and water quality were found to be
primarily related to variation in macrophyte community composition at regional scales (Capers et al.
2010; Garcia-Girén et al. 2019a, 2019b, 2020). However, these findings should be interpreted with
caution due to differences in sample timing between macrophytes and lake-level environmental
variables in our study. Similarly, factors other than environmental filtering may also affect
metacommunity structure. For example, connectivity among lakes and associated dispersal events
may interfere with the environment in determining community composition by hindering species”
tracking of local and climatic conditions (see Garcia-Giron et al. 2019b). Nevertheless, associating
the effects of dispersal with the idealised metacommunity types may be difficult, even if they existed
(Meynard et al. 2013). Meanwhile, previous works using the same test data set showed that
environmental filtering overcame the effects of potential connectivity in explaining local
communities across the globe (Alahuhta et al. 2018a; Garcia-Giron et al. 2020). We thus suggest
that environmental differences between sites remain the main structuring force within lake
macrophyte metacommunities worldwide, although individual metacommunities may respond

differently to major limiting or constraining environmental gradients.

Metacommunity characteristics are poorly related to variation in coherence, species range
turnover and range boundary clumping

We found that the three elements of metacommunity structure were weakly correlated to the
ecological variables describing individual metacommunity characteristics. In a recent study, Heino

et al. (2015b) suggested that the ecological factors underlying variation in coherence, species range
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turnover and range boundary clumping should not be inferred too strongly in isolation, because it is
their combined influence which distinguishes different metacommunity structures. Previous studies
suggested that accounting for trait and phylogenetic composition may provide more accurate
predictions of metacommunity organisation by approximating species niches similarities and
evolution (Gianuca et al. 2018; Garcia-Giron et al. 2019a). This is because functional traits and
evolutionary legacy are key in determining diversity patterns within and among communities and
species replacement along environmental gradients (de Bello et al. 2017). Interestingly, however, we
found no general relationships between functional or phylogenetic composition and metacommunity
structures. A reason for this lack of relationship may be that two or more groups of species sharing a
common response to underlying environmental thresholds comprised either functionally dissimilar
or distantly related macrophyte taxa. This finding contradicts our initial expectations and suggests
that linking multi-trait and evolutionary information to the elements of metacommunity structure is
not necessarily straightforward (but see Meynard et al. 2013). Nonetheless, we cannot exclude the
possibility that future macrophyte studies decoupling trait and phylogenetic information at the
metacommunity level will uncover hidden signals underlying species coexistence and replacements

along major environmental gradients (see de Bello et al. 2017).

Conclusions

From a methodological perspective, our study shows that the simultaneous evaluation of the
elements of metacommunity structure (i.e. coherence, species range turnover and range boundary
clumping) and the ecological settings of metacommunities can enhance our ability to understand
large-scale patterns and community-environment relationships across the globe. More specifically,
we found that our empirical data set fitted best Clementsian and quasi-Clementsian metacommunity
types within regions, suggesting that lake macrophyte communities follow clumped species
replacement structures. This information is relevant to the current debate about conservation of

freshwater biodiversity, and we advance the notion that it needs to capture environmental variation
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at the metacommunity level (Socolar et al. 2016). Behind such general convergence of
metacommunity types, our results also provide evidence that community-environment relationships
are shaped by multiple environmental factors within regions. This finding suggests that individual
metacommunities may respond differently to major limiting or constraining environmental
thresholds, emphasising the need to embrace the potential complexity of ecological inferences in
metacommunity organisation worldwide. We propose that future studies should examine the effects
of climatic conditions, historical events and vicariance biogeography on species associations
consistently occurring and disappearing at similar locations along the latitudinal gradient. Such an
approach may not only provide insightful information about the evolutionary or physiological trade-
offs associated with important ecogeographical thresholds (see Heino and Alahuhta 2015), but also
offer a means of testing the very foundations of biogeographical regionalisation and inferring major

breakpoints in lake macrophyte community composition at global scale.

18



461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

References
Alahuhta, J., and others. 2017. Global variation in the beta diversity of lake macrophytes is driven by

environmental heterogeneity rather than latitude. J. Biogeogr. 44: 1758-1769. doi: 10.1111/jbi.12978

Alahuhta, J., and others. 2018a. Global patterns in the metacommunity structuring of lake macrophytes:

regional variations and driving factors. Oecologia 188: 1167-1182. doi: 10.1007/s00442-018-4294-0

Alahuhta, J., S. Hellsten, M. Kuoppala, and J. Riihimaki. 2018b. Regional and local determinants of
macrophyte community compositions in high-latitude lakes of Finland. Hydrobiologia 812, 99-114. doi:

10.1007/s10750-016-2843-2

Alahuhta, J., H. Antikainen, J. Hjort, A. Helm, and J. Heino. 2020. Current climate overrides historical effects
on species richness and range size of freshwater plants in Europe and North America. J. Ecol. doi:

10.1111/1365-2745.13356

Bailey, R. G. 2010. Ecosystem Geography. From Ecoregions to Sites. Springer.

Borcard, D., F. Gillet, and P. Legendre. 2011. Numerical Ecology with R. Springer.

Capers, R. S., R. Selsky, and G. J. Bugbee. 2010. The relative importance of local conditions and regional
processes in structuring aquatic plant communities. Freshw. Biol. 55: 952-966. doi: 10.1111/j.1365-

2427.2009.02328.x

Carpenter, S. R., E. H. Stanley, and M. J. Vander Zanden. 2011. State of the world"s freshwater ecosystems:
physical, chemical, and biological changes. Annu. Rev. Environ. Resour. 36: 75-99. doi: 10.1146/annurev-

environ-021810-094524

Clements, F. E. 1916. Plant Succession. An Analysis of the Development of Vegetation. Carnegie Institution.

Cook, D. D. K. 1999. The number and kinds of embryo-bearing plants which have become aquatic: a survey.

Perspect. Plant. Ecol. 2: 79-102. doi: 10.1078/1433-8319-00066

Cooke, R. S. C., F. Eigenbrod, and A. E. Bates. 2019. Projected losses of global mammal and bird ecological

strategies. Nat. Commun. 10: 2279. doi: 10.1038/s41467-019-10284-z

19



485  Dallas, T. 2013. Metacom: Analysis of the “elements of metacommunity structure”. Available from

486  https://cran.r-project.org/web/packages/metacom/

487  de Bello, F., and others. 2017. Decoupling phylogenetic and functional diversity to reveal hidden signals in

488  community assembly. Methods Ecol. Evol. 8: 1200-1211. doi: 10.1111/2041-210X.12735

489  Debastiani, V. J. 2018. Package "PCPS’. Available from https://cran.r-

490  project.org/web/packages/PCPS/index.html

491  Downing, J. A, and L. C. Rath. 1988. Spatial patchiness in the lacustrine sedimentary environment. Limnol.

492  Oceanogr. 33: 447-458. doi: 10.4319/10.1988.33.3.0447

493 Downing, J. A., and others. 2006. The global abundance and size distribution of lakes, ponds and

494  impoundments. Limnol. Oceanogr. 51: 2388-2397. doi: 10.4319/10.2006.51.5.2388

495 Duarte, L. D. S., P. V. Prieto, and V. D. Pillar. 2012. Assessing spatial and environmental drivers of
496  phylogenetic structure in Brazilian Araucaria forests. Ecography 35: 952-960. doi: 10.1111/j.1600-

497  0587.2011.07193.x

498  Er6s, T., P. Saly, P. Takacs, C. L. Higgins, P. Biro, and D. Schmera. 2014. Quantifying temporal variability
499 in the metacommunity structure of stream fishes: the influence of non-native species and environmental

500  drivers. Hydrobiologia 722: 31-43. doi: 10.1007/s10750-013-1673-8

501  Garcia-Girdn, J., C. Fernandez-Alédez, M. Fernandez-Aléez, and J. Alahuhta. 2019a. Untangling the assembly
502  of macrophyte metacommunities by means of taxonomic, functional and phylogenetic beta diversity patterns.

503  Sci. Total Environ. 693: 133616. doi: 10.1016/j.scitotenv.2019.133616

504  Garcia-Giron, J., M. Wilkes, M. Fernandez-Aléez, and C. Ferndndez-Alaez. 2019b. Processes structuring
505  macrophyte metacommunities in Mediterranean ponds: Combining novel methods to disentangle the role of

506  dispersal limitation, species sorting and spatial scales. J. Biogeogr. 46: 646-656. doi: 10.1111/jbi.13516

507  Garcia-Gir6n, J., and others. 2020. Global patterns and determinants of lake macrophyte taxonomic,
508 functional and phylogenetic beta diversity. Sci. Total Environ. 723: 138021. doi:

509  10.1016/j.scitotenv.2020.138021

20



510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

Gascon, S., and others. 2016. Environmental filtering determines metacommunity structure in wetland

microcrustaceans. Oecologia 181: 193-305. doi: 10.1007/s00442-015-3540-y

Gleason, H. A. 1926. The individualistic concept of the plant association. Bull. Torrey Bot. Club. 53: 7-26.

Gianuca, A. T., and others. 2018. Taxonomic, functional and phylogenetic metacommunity ecology of

cladoceran zooplankton along urbanization gradients. Ecography 41: 183-194. doi: 10.1111/eco0g.02926

Gotelli, N. J. 2000. Null model analysis of species co-occurrence patterns. Ecology 81: 2606-2621. doi:

10.1890/0012-9658(2000)081[2606:NMAOSC]2.0.CO;2

Gotelli, N. J. and D. J. McCabe. 2002. Species co-occureence: a meta-analysis of J. M. Diamond’s assembly

rules model. Ecology 83: 2091-2096. doi: 10.1890/0012-9658(2002)083[2091:SCOAMA]2.0.CO;2

Grimaldo, J. T., and others. 2016. Spatial and environmental drivers of macrophyte diversity and community
composition in temperate and tropical calcareous rivers. Aquat. Bot. 132: 49-61. doi:

10.1016/j.aquabot.2016.04.006

Heino, J. 2011. A macroecological perspective of diversity patterns in the freshwater realm. Freshw. Biol. 56:

1703-1722. doi: 10.1111/j.1365-2427.2011.02610.x

Heino, J., and J. Alahuhta. 2015. Elements of regional beetle faunas: faunal variation and compositional
breakpoints along climate, land cover and geographical gradients. J. Anim. Ecol. 84: 427-441. doi:

10.1111/1365-2656.12287

Heino, J., A. S. Melo, T. Siqueira, J. Soininen, S. Valanko, and L. M. Bini. 2015a. Metacommunity
organisation, spatial extent and dispersal in aquatic systems: patterns, processes and prospects. Freshw. Biol.

60: 845-869. doi: 10.1111/fwb.12533

Heino, J., J. Soininen, J. Alahuhta, J. Lappalainen, and R. Virtanen. 2015b. A comparative analysis of

metacommunity types in the freshwater realm. Ecol. Evol. 5: 1525-1537. doi: 10.1002/ece3.1460

Heino, J., and K. T. Tolonen. 2017. Ecological drivers of multiple facets of beta diversity in a lentic

macroinvertebrate metacommunity. Limnol. Oceanogr. 62: 2431-2444. doi: 10.1002/In0.10577

21



534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

Henriques-Silva, R., Z. Lindo, and P. R. Peres-Neto. 2013. A community of metacommunities: exploring
patterns of species distribution across large geographical scales. Ecology 94: 627-639. doi: 10.1890/12-

0683.1

Hijmans, R. J., S. E. Cameron, J. L. Parra, P. G. Jones, and A. Jarvis. 2005. Very high resolution interpolated

climate surfaces for global land areas. Int. J. Climatol. 25: 1965-1978. doi: 10.1002/joc.1276

Hortal, J., and others. 2014. Perspectives on the use of lakes and ponds as model systems for macroecological

research. J. Limnol. 73: 42-56. doi: 10.4081/jlimnol.2014.887

Iversen, L.L., and others. 2019. Catchment properties and the photosynthetic trait composition of freshwater

plant communities. Science 366: 878-881. doi: 10.1126/science.aay5945

Jocque, M., R. Field, L. Brendonck, and L. De Meester. 2010. Climatic control of dispersal-ecological
specialization trade-offs: a metacommunity process at the heart of the latitudinal diversity gradient? Global

Ecol. Biogeogr. 19: 244-252. doi: 10.1111/j.1466-8238.2009.00510.x

Kinlock, N. L., and others. 2018. Explaining global variation in the latitudinal diversity gradient: Meta-
analysis confirms known patterns and uncovers new ones. Global. Ecol. Biogeogr. 27: 125-141. doi:

10.1111/9eb.12665

Kosten S., V. L. M. Huszar, N. Mazzeo, M. Scheffer, L. D. S. L. Sternberg, and E. Jeppesen. 2009. Lake and
watershed characteristics rather than climate influence nutrient limitation in shallow lakes. Ecol. Appl. 19:
1791-1804. doi: 10.1890/08-0906.1

Kreft, H., and W. Jetz. 2007. Global patterns and determinants of vascular plant diversity. Proc. Natl. Acad.

Sci. U.S.A. 104: 5925-5930. doi: 10.1073/pnas.0608361104

Legendre, P., and L. Legendre. 2012. Numerical Ecology. Elsevier.

Leibold, M. A., and G. M. Mikkelson. 2002. Coherence, species range turnover, and boundary clumping:

elements of metacommunity structure. Oikos 97: 237-250. doi: 10.1034/j.1600-0706.2002.970210.x

Leibold, M. A., and others. 2004. The metacommunity concept: a framework for multi-scale community

ecology. Ecol. Lett. 7: 601-613. doi: 10.1111/j.1461-0248.2004.00608.x

22



559 Maechler, M., P. Rousseeuw, A. Struyf, M. Hubert, and K. Hornik. 2014. Cluster: Cluster Analysis Basics

560 and Extensions. Available from https://cran.r-project.org/web/packages/cluster/index.html

561  Meynard, C. N., S. Lavergen, I. Boulangeat, L. Garraud, J. Van Es, N. Mouquet, and W. Thuiller. 2013.
562  Disentangling the drivers of metacommunity structure across spatial scales. J. Biogeogr. 40: 1560-1571. doi:

563  10.1111/jbi.12116

564  Murphy, K., and others. 2019. World distribution, diversity and endemism of aquatic macrophytes. Aquat.

565  Bot. 158: 103127. doi: 10.1016/j.aquabot.2019.06.006

566  Oksanen, J. D., and others. 2016. Vegan: Community Ecology Package. Available from http://CRAN.R-

567  project.org/package=vegan

568 Patterson, B. D., and W. Atmar. 1986. Nested subsets and the structure of insular mammal faunas and

569  archipelagos. Bio. J. Linn. Soc. 28: 65-82. doi: 10.1111/j.1095-8312.1986.tb01749.x

570  Presley, S. J., C. L. Higgins, C. Lopez-Gonzélez, and R. D. Stevens. 2009. Elements of metacommunity
571  structure of Paraguayan bats: multiple gradients require analysis of multiple ordination axes. Oecologia 160:

572  781-793. doi: 10.1007/s00442-009-1341-x

573  Presley, S. J., C. L. Higgins, and M. R. Willig. 2010. A comprehensive framework for the evaluation for

574  metacommunity structure. Oikos 119: 908-917. doi: 10.1111/j.1600-0706.2010.18544.x

575  Presley, S.J., J. H. F. Mello, and M. R. Willig. 2019. Checkerboard metacommunity structure: an incoherent

576  concept. Oecologia 190: 323-331. doi: 10.1007/s00442-019-04420-1

577 R Core Team. 2018. R: A language and environment for statistical computing. R Foundation for Statistical

578  Computing. Available from https://www.R-project.org/

579  Raes, E. J., L. Bodrossy, J. van de Kamp, A. Bissett, and A. M. Waite. 2018. Marine bacterial richness
580 increases towards higher latitudes in the eastern Indian Ocean. Limnol. Oceanogr. Lett. 3: 10-19. doi:

581  10.1002/10l2.10058

23


http://cran.r-project.org/package=vegan
http://cran.r-project.org/package=vegan

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

Sahoo, G. B., A. L. Forrest, S. G. Schladow, J. E. Reuter, R. Coats, and M. Dettinger. 2015. Climate change
impacts on lake thermal dynamics and ecosystem vulnerability. Limnol. Oceanogr. 61: 496-507. doi:

10.1002/In0.10228

Schlemmer-Brasil, L., T. B. Vieira, J. M. B. de Oliveira-Junior, K. Dias-Silva, and L. Juen. 2017. Elements of
metacommunity structure in Amazonian Zygoptera among streams under different spatial scales and

environmental conditions. Ecol. Evol. 7: 3190-3200. doi: 10.1002/ece3.2849

Schmera, D., J. Podani, Z. Botta-Dukat, and T. Erés. 2018. On the reliability of the Elements of
Metacommunity Structure framework for separating idealized metacommunity patterns. Ecol. Indic. 85; 853-

860. doi: 10.1016/j.ecolind.2017.11.022

Socolar, J. B., J. J. Gilroy, W. E. Kunin, and D. P. Edwards. 2016. How should beta-diversity inform

biodiversity conservation? Trends Ecol. Evol. 31: 67-80. doi: 10.1016/j.tree.2015.11.005

Swenson, N. G., and others. 2012. The biogeography and filtering of woody plant functional diversity in

North and South America. Global Ecol. Biogeogr. 21: 798-808. doi: 10.1111/j.1466-8238.2011.00727.x

Tilman, D. 1982. Resource Competition and Community Structure. Princeton University Press.

Tonkin, J. D., S. Stoll, S. C. Jahnig, and P. Haase. 2016. Elements of metacommunity structure of river and
riparian assemblages: Communities, taxonomic groups and deconstructed trait groups. Ecol. Complex. 25:

35-43. doi: 10.1016/j.ecocom.2015.12.002

Ulrich, W., and N. J. Gotelli. 2013. Pattern detection in null model analysis. Oikos 122: 2-18. doi:

10.1111/5.1600-0706.2012.20325.x

Valanko, S., J. Heino, M. Westerbom, M. Viitasalo, and A. Norkko. 2015. Complex metacommunity
structure for benthic invertebrates in a low-diversity coastal system. Ecol. Evol. 5: 5203-5215. doi:

10.1002/ece3.1767

Willig, M. R., D. M. Kaufman, and R. D. Stevens. 2003. Latitudinal gradients of biodiversity: pattern,
process, scale, and synthesis. Annu Rev Ecol Syst 34: 273-309. doi:

10.1146/annurev.ecolsys.34.012103.144032

24



607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

Wiest, R. O., and others. 2020. Macroecology in the age of Big Data — Where to go from here? J. Biogeogr.

47:1-12. doi: 10.1111/jbi.13633

25



628

629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

Acknowledgements

JGG appreciates financial support from the Spanish Ministry of Economy and Industry (project
METAPONDS—grant CGL2017-84176R), the Junta of Castilla y Lebn—grant LE004G18 and
from the Fundacion Biodiversidad (Spanish Ministry for Ecological Transition and Demographic
Challenge). BAL was supported by National Research, Development and Innovation Office—grant
NKFIH, OTKA PD120775 and by the Bolyai Janos Research Scholarship of the Hungarian
Academy of Sciences. S.K. was supported by NWO Veni grant 86312012. Sampling of the coastal
Brazilian lakes was financed by NWO grant W84-549; The National Geographic Society grant
7864-5; and CNPq grants 480122, 490409, 311427. We thank the full SALGA team, especially
Gissell Lacerot, Nestor Mazzeo, Vera Huszar, David da Motta Marques, and Erik Jeppesen for
organizing and executing the SALGA field sampling campaign and Bruno Irgangt and Eduardo
Alonso Paz for helping with identification. We are especially grateful to Claudia P. Bove
(Universidade Federal do Rio de Janeiro), Patrick Grillas (Research Institute for the conservation of
Mediterranean wetlands) and Marit Mjelde (Norwegian Institute for Water Research) for
contributing with regional data. We thank Minnesota and Wisconsin Departments of Natural
Resources for collecting the macrophyte data. We are grateful to Carol Reschke for her work in
combining and performing quality control for the Minnesota macrophyte data used in the analysis,
and Lucinda B. Johnson for providing us with this data. Provision of New Zealand macrophyte data
was possible via NIWA SSIF funding. The Swedish Agency for Marine and Water Management
funded sampling of macrophytes in Sweden via the component program Trend lakes within the

national environmental monitoring.

Competing financial interests

The authors declare no competing financial interests.

26



652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

Figure Legends

Fig. 1. (a) Our study system comprised ca. 30 lakes surveyed in each of the 16 regions (coloured
triangles) across the world. (b) Schematic representation describing Leibold and Mikelson’s (2002)
elements of metacommunity structure (i.e. coherence, species range turnover and range boundary
clumping). The combination of coherence, species range turnover and range boundary clumping
results in seven main metacommunity types (i.e. random, random species loss, hyperdispersed
species loss, clumped species loss, evenly spaced, Clementsian and Gleasonian; bold font) and six
quasi-structures (i.e. quasi-evenly spaced, quasi-Clementsian, quasi-Gleasonian, quasi-
hyperdispersed species loss, quasi-random species loss and quasi-clumped species loss; italic font).
Species X sites distributions corresponding to the principal metacommunity types are represented as
follows: columns represent different species and rows represent sites. Figure modified from Presley

et al. (2010) and Henriques-Silva et al. (2013). MI, Morisita’s Index.

Fig. 2. Metacommunity structures (Clementsian, circle; quasi-Clementsian, square; clumped species
loss, triangle) of the 16 study regions plotted in the space of the Z-scores of coherence and species
range turnover. Bubble size denotes the index of range boundary clumping. Dashed lines indicate Z-

scores between -1.96 and 1.96. See Fig. 1a for colour scales corresponding to the study regions.

Fig. 3. Community-environment relationships along the first two CCA axes as evidenced by intraset
correlations between each variable predictor (a, Secchi depth; b, total phosphorus; c, lake area; d,
mean temperature; e, temperature range; f, precipitation) and the ordination axes (CCAL, orange;

CCAZ2, green). See Fig. 1a for abbreviations.
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