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ABSTRACT

Phylogenies are a crucial (but still overlooked) source of information in ecology. Accompanied with
trait data, phylogenetic information can be used to study the most important ecological questions
and processes that have implications for nature conservation and community ecology. This recent
scientific field is often called community phylogenetics. In this thesis, I summarise our current
knowledge about the concept of phylogenetic diversity, the relationship between phylogenetic and
functional diversity, and functional and phylogenetic patterns in herbaceous vegetation in response
to productivity. I primarily focus on analytical approaches and also provide an up-to-date critical
review of some of limitations and issues with popular methods, while I also highlight some
important considerations related to every ecological analysis with a phylogenetic and trait
framework. Finally, I encourage to routinely implement phylogenetic information (and phylogenetic

comparative methods) in ecology because it is needed due to both biological and statistical reasons.



ABSTRAKT

Fylogeneze jsou stéZejnim (ale pofad stale prehliZzenym) zdrojem informaci v ekologii. Spole¢né s
daty o funkénich znacich muze byt fylogenetickd informace pouzita pro studium téch
ekologii. Tento Cerstvy védecky obor se Casto oznacuje jako komunitni fylogenetika. V této praci
shrnuji naSe dosavadni znalosti ohledné¢ konceptu fylogenetick¢é diverzity, vztahu mezi
fylogenetickou a funk¢ni diverzitou, ¢i funkénimi a fylogenetickymi procesy ve vegataci s ohledem
na zmény v jeji produktivité. Primarné se zamétuji na analytické pfistupy a také predkladam
aktudlni kriticky souhrn limitaci a poblémd, které nékteré popularni metody maji, zatimco také
zdiraziuji nékteré okolnosti vyzadujici pozornost v piipadé vSech ekologickych analyz s
fylogenetickym a funkénim rdmcem. Na zavér povzbuzuji k tomu, aby se fylogeneticka informace
(a fylogenetické komparativni metody) rutinné pouzivala v ekologii, protoze je ji potieba z

biologickych a statistickych divoda.
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CHAPTER ONE

ANEW ERA OF PHYLOGENETICALLY-INFORMED ECOLOGY

Phylogenies have revolutionised research in plant ecology as they help to understand a mechanistic
basis of ecological processes at various spatio-temporal scales. Thanks to rapidly increasing
availability of synthesis-based phylogenies (i.e. published super-trees; sensu Li et al. 2019), DNA
sequences, computing power and bioinformatic tools, community phylogenetics has become one of
the leading fields in ecology despite its quite recent origin (the nineties and the beginning of this
millennium). The four seminal papers (Faith 1992, Webb et al. 2002, Cavender-Bares et al. 2004,
2009) set the ground for phylogenetically-informed community ecology and nature conservation
(Table 1.1). Faith (1992) introduced the concept of phylogenetic diversity (PD) as a natural
phylogeny-based measure of biodiversity. This paper is the most-cited research article ever in
Biological Conservation from more than 7000 papers in that journal spanning more than 40 years
(Faith 2018). Webb et al. (2002) wrote a thorough review on how phylogenetic information can
connect ecological and evolutionary studies. Cavender-Bares et al. (2004) in their original research
article popularised the concept of phylogenetic clustering (co-occurring species sharing the same
abiotic environment should be more closely related than expected) and phylogenetic overdispersion
(co-occurring species sharing the same abiotic environment should be more distantly related than

expected), and tested it on Floridian oak communities. Finally, Cavender-Bares et al. (2009) wrote



2
an influential review where they discuss how phylogenies might help to explain some ecological
patterns.

Phylogenetic ecology is closely linked to functional (trait-based) ecology, and both
approaches are considered to provide complementary information in several conceptual frameworks
(e.g. Cadotte et al. 2013; de Bello et al. 2017, Li et al. 2017, Ovaskainen et al. 2017). Species
interactions are based on their phenotypic differences and/or similarities, and that phenotypic
variation has an evolutionary basis (Webb et al. 2002, Cavender-Bares et al. 2009). Similarly, the
species responses to environmental factors and neutral processes are constrained by phylogenetic
relationships as they depend on their traits that might be phylogenetically structured. Thus, it is not
surprising that both phylogenetic and functional ecology have influenced each other and often use

analogous methods (Swenson 2014).

Table 1.1 Four seminal papers (that have shaped the development of community phylogenetics)

with a brief overview and the number of citations according to Web of Science (26.2.2020).

Study Overview Cited (WoS)
The author introduced the concept of phylogenetic
Faith 1992 diversity and proposed that it enables setting of 2054

conservation priorities.

The authors reviewed various approaches how to
Webb et al. 2002 incorporate phylogenetic information into community 2118
ecology.

The authors examined the links phylogenetic relatedness

Cavender-Bares et al. 2004 and co-occurrence of oak species in Florida.

476

The authors reviewed some areas of community ecology
Cavender-Bares et al. 2009 where phylogenetic information helps to resolve long- 1102
standing controversies.

Even though community phylogenetics is a relatively recent scientific field, it is impossible

to provide a thorough review of all aspects. Thus, I only attempt to summarise our knowledge about

N
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the processes I have studied during my Ph.D. years, namely the estimation of phylogenetic diversity
(Chapter Two), the relationship between phylogenetic and functional diversity (Chapter Three), and
functional and phylogenetic patterns in vegetation in response to productivity (Chapter Four). All
these three chapters have a similar structure. The section State of the Field provides an up-to-date
summary of the given aspect, the section Analytical Approaches describes commonly used
methodology, while the section Challenges provides an in-depth critical review of known analytical
issues and unresolved questions. I also briefly present my work that is related to the topics
discussed in this thesis. All my research articles can be found in the Supplementary Section
(Appendices A—D). In the fifth chapter, I synthesize and propose some outstanding questions I think

are worthy to study in the future.



CHAPTER TWO

PHYLOGENETIC DIVERSITY

2.1 State of the field

A simple conceptual example by Vellend et al. (2011) captures the need to consider phylogeny-
based measures in community ecology or nature conservation: there are two hypothetical islands,
each with only two species of vertebrate animals in equal abundance: two birds in one case and a
bird plus a mammal in the other. Both islands have species richness = 2 (for vertebrates) and the
same maximal value of species evenness. However, our intuition tells us that a bird plus a mammal
represents more biodiversity than does two birds. Probably the first attempt to capture this aspect of
biodiversity were the species/genus, species/family ratios (e.g. Elton 1946). A similar approach
based on taxonomic relatedness (derived from a hierarchical Linnaean classification with applied
taxonomic weights proportional to the level of the taxonomic rank two species hold in common, i.e.
genus, family or order) has proven to be useful to estimate biodiversity patterns in fish communities
(Warwick & Clarke 1995, Hall & Greenstreet 1998, Campbell et al. 2010). However, with the
recent rapid accumulation of DNA sequence data, more and more phylogenies are being constructed
based upon sequence comparisons. Therefore, the vast majority of up-to-date PD measures is based
on phylogenetic distances (the amount of time since the most common ancestor of a pair of
species), which are derived from phylogenetic trees. For the purposes of nature conservation or

community ecology, phylogenetic distances can be then used to set conservation priorities or to



inform our understanding of the assembly mechanisms that structure communities, respectively.

Evolutionary relationships between species have been proposed as one of the components of
biodiversity relevant for nature conservation (Vane-Wright et al. 1991, Faith 1992, Winter et al.
2013). The original motivation to consider PD in nature conservation is simple: species loss is
accompanied with the loss of evolutionary information. But why to protect PD per se? Intuitively,
phylogenetically diverse sampling units (communities, plots, sites, regions etc.) are considered to
have “higher biological value” as they contain more evolutionary history. Additionally, PD has been
proposed to be related to processes such as biotic invasion (Winter et al. 2009), ecosystem
functioning and services (Faith et al. 2010, Srivastava et al. 2012) or extinction (Purvis et al. 2000).
Winter et al. (2013) summarised four central justifications for the conservation of PD: 1) rare
species are often the first to become extinct, and phylogenetic distinctiveness is often correlated
with rarity (the rarity aspect; Purvis et al. 2000, Redding & Mooers 2006); 2) phylogenetic
approach reveals areas with evolutionarily very young or old clades, and phylogenetic measures can
reflect processes that are not captured by changes in species richness (the richness aspect; Warwick
& Clarke 1995, Forest et al. 2007, Knapp et al. 2008); 3) maximizing PD ensures that a wide variety
of forms and functions, described as functional diversity (FD), are present within a species set,
which helps to maintain ecological processes at an ecologically relevant timescale (PD as a proxy
for FD; Webb et al. 2002, Cavender-Bares et al. 2009, Cadotte et al. 2011); 4) an increase in PD of a
community increases the evolutionary potential, i.e. species capacities to evolve in response to
environmental changes, which might be an important feature of communities in the face of the
current environmental crisis (phylogenetic diversity as a proxy for evolutionary potential; Lavergne
et al. 2010, Lankau et al. 2011).

Phylogenies provide an important insight into community ecology as well because they

enable to infer mechanisms of community assembly. Species attributes (e.g. niche conservatism)
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and the strength of species interactions (e.g. competition or facilitation), which structure community
composition, can be inferred from phylogenetic distances (Webb et al. 2002, Cavender-Bares et al.
2009). The key assumption is that there is a positive relationship between phylogenetic distance and
ecological similarity. For example, the results from a field experiment (Burns & Strauss 2011)
suggest that more closely related plants are also more ecologically similar. Species with a recent
common evolutionary history will, therefore, likely share similar environmental constraints and
strategies for the use of resources, but will also inevitably compete more strongly for those same
resources (Kraft et al. 2015). On the other hand, facilitative interactions tend to be more common
between distantly related species (Valiente-Banuet & Verdd 2013). Most notable is the idea that
habitat filtering results in phylogenetic clustering, while competition results in phylogenetic
overdispersion (Cavender-Bares et al. 2004). Many studies use or mention this simplistic
framework for testing community assembly processes (743 papers found when I submitted the
query “phylogenetic clustering” AND “habitat filtering®, and 1230 papers found when I submitted
the query “phylogenetic overdispersion* AND competition in Google Scholar on March 9th 2020).

At this point, it is very important to note that all ideas regarding the role of PD in nature
conservation and community ecology described above are still controversial and may be based on
implicit assumptions whereby some of them are weakly supported (e.g. Mayfield & Levine 2010,
Gerhold et al. 2015, Mazel et al. 2018) or might be biased by methodological decisions (e.g. Park et
al. 2018, Jantzen et al. 2019, Li et al. 2019). Understanding of these biases is important for correct
and justified use of phylogenies in ecology. Discussion is provided in the Challenges sections (2.3,

3.3 and 4.3) of this and the next chapters.

2.2 Analytical approaches
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Various sets of PD metrics tend to correlate (Vellend et al. 2011, Swenson 2014), thus, there has
been some attempts to develop a unifying framework. Tucker et al. (2017) proposed that all
described PD measures reflect three dimensions of phylogenies: richness, divergence and regularity.
This classification comprises more than 70 existing metrics and each dimension can be proxied by a
leading measure, namely, Faith’s PD (Faith 1992) for the richness dimension, mean phylogenetic
distance (MPD, Webb et al. 2002) for the divergence dimension, and variation of pairwise distances
(VPD, Clarke & Warwick 2001) for the regularity dimension. Obviously, each dimension tries to
estimate a different aspect of phylogenetic distances of co-occurring species in a community (see
Table 1 in Appendix C). Richness estimates the total evolutionary history (sum), divergence
estimates phylogenetic relatedness (mean) and regularity estimates distribution of phylogenetic
relatedness (variation). The framework by Tucker et al. (2017) helped to navigate current jungle of
various approaches for estimation of alpha (i.e. within sites) and beta (i.e. among sites) PD, except
for beta regularity because in that time there was no measure of phylogenetic beta regularity. But
Scheiner et al. (2017) filled this gap shortly after. Finally, this framework is also related (to some
extent) to Hill numbers (diversity measures that aim to quantify diversity in units of equivalent
numbers of equally abundant species) including phylogenetic information (Hill 1973, Chao et al.
2010, 2014).

There is another classification of PD based on two qualitatively different approaches (type I
and type II; Vellend et al. 2011). Type I measures begin by calculating an evolutionary distinctness
score for all species in a regional phylogeny (species pool) and then calculating some function of
these scores (typically the sum) for particular focal subsets of species to yield an estimate of PD.
Type I measures are sometimes called EDGE-like (Isaac & Pearse 2018), where the EDGE stands
for Evolutionary Distinct Globally Endangered (Isaac et al. 2007), and have been widely

implemented in conservation decisioning. Type II metrics start with a local phylogeny (or possibly a
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regional phylogeny), and for a focal subset of species they depend only on properties of the subset
phylogeny (i.e. the pruned regional phylogeny). The type II category comprises all leading
measures mentioned above (Faith’s PD, MPD and VPD). In community ecology, the type II
approach is dominant, on the other hand, the type I approach is more frequent in conservation
studies.

For the purposes of study questions in community ecology, it is usually recommended to
perform a null model analysis in order to standardise a PD metric and account for its dependence on
species richness (Webb et al. 2002, Swenson 2014, Miller et al. 2017). The idea behind this
treatment is to get additional (or maybe even orthogonal) information on top of simple species
richness. For example, higher PD than expected in a 20-species quadrat should be considered as
more impressive than the same value in a 5-species quadrat. There are various ways how to do these
standardisations, e.g. by null model randomisations (Swenson 2014, Miller et al. 2017), direct
analytical expressions (Tsirogiannis & Sandel 2016) or rarefaction (Sandel 2018). The most popular
methods for PD estimation are implemented in several R packages, such as picante (Kembel et al.

2010) or PhyloMeasures (Tsirogiannis & Sandel 2016).

2.3 Challenges

The whole process of PD estimation is affected by important methodological decisions and biases.
As discussed in Li et. al (2019), researchers have to decide what markers (Which genes to select?)
and methods to use (Alignment method? Model of evolution? Maximum likelihood or Bayesian
inference framework? What fossil constraints for molecular dating?). Besides that, PD metrics
depend on the attributes of phylogenies (that might be an inherent feature of the studied species
pool, but also might be the result of errors or unsuitable methods used), such as the degree of tree

balance, diversification rate, resolution, taxon sampling or tree reconstruction methods (Swenson
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2009, Vellend et al. 2011, Park et al. 2018, Jantzen et al. 2019). Fortunately, some of these issues
can be avoided as there are synthesis-based super-trees available for vascular, angiosperm or
European plants (e.g. Durka & Michalski 2012, Zanne et al. 2014 or an updated version by Qian
and Jin 2016, Hinchliff et al. 2015, Smith & Brown 2018, Janssens et al. 2020). Super-trees save a
considerable amount of time and effort, on the other hand, they could have more polytomies (lower
resolution). However, as long as these polytomies are at more recent nodes, the impact on PD
estimation should be low (Swenson 2009), and Li et al. (2019) showed that published super-trees
can be used for commonly employed community phylogenetic analyses. Additionally, Cadotte
(2015) also demonstrated that changing branch lengths did not strongly affect relationships between
phylogenetic diversity and ecosystem function, suggesting that phylogenetic diversity measures are
not so sensitive to the branch lengths of the phylogeny as long as the topology is right.

This robustness led me to an idea to develop a method of PD estimation, which does not rely
on phylogenetic distances but is based on categorical taxonomic coding at the family level
(Bitomsky et al. 2020, Appendix C). These indices only include information about how families (or
any defined clade) are represented in a community (presence and relative abundance). A simple
simulation (Fig. 1 in Appendix C) indicated that phylogenetic richness (Faith’s PD) tends to
increase with increasing proportion of the most distantly related species in comparison with the rest
of the species in the community. Phylogenetic divergence (MPD) was relatively high when all
defined clades (i.e. monocots, Ranunculales, super-rosids and super-asterids) had equal proportions.
Finally, phylogenetic regularity was relatively high (i.e. VPD was low) when the defined clades had
proportions proportional to their relative species richness in the species pool. This information was
behind the equations of proposed measures (the clade indices) in our study (Table 2 in Appendix C).

It appears our method provides estimates that correlate with all leading metrics of PD (richness,
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divergence and regularity) quite well, except for phylogenetic divergence and regularity at very
large phylogenetic scales.

Our approach is a promising alternative for all projects with a phylogenetic framework,
which can trade-off a little precision for a significant speed-up and simplification. However, there is
still a plenty of recently localised issues (Table 2.1) affecting commonly applied approaches for PD
estimation (phylogeny-based and taxonomy-based measures). For the type II approach, the common
practice is to infer a full tree of the complete species list (i.e. all species occurring in all sampled
units, such as quadrats) and then prune it to small trees for each sampled unit. However, Park et al.
(2018) provided convincing evidence that inferring phylogenies with only taxa within the area of
interest can lead to spurious estimates of alpha and beta PD, because these inferred phylogenies are
biased in their taxon sampling (Table 2.1a). Undersampling taxa leads to the underestimation of
divergence times (Linder et al. 2005, Schulte 2013), and to general underestimation of PD and
incorrect ranking of PD among sites (when one is just interested in relative differences, Park et al.
2018). Broader taxon sampling also can increase statistical power as more taxa in a study increases
the likelihood of observing significantly non-random phylogenetic patterns (Jantzen et al. 2019).
These perspectives suggest that super-trees with broader taxon sampling should be preferred.

Null-model based standardisations (Swenson 2014, Miller et al. 2017) are commonly used to
remove the effect of species richness on PD estimates. However, Sandel (2018) recently showed
that this assumption is incorrect, especially in situations when the environmental filter favours a
moderate-sized clade strongly over others and when using the net relatedness index (NRI, a
standardised version of MPD). This suggests that samples with varying species richness are not
comparable, which might affect type I error rates (Table 2.1b). Sandel (2018) proposed rarefaction
to fix this issue, but at the expense of increased error. Some studies use exclusively rarefied versions

of PD measures (e.g. Sandel et al. 2020), but it appears so far that both approaches provide similar
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conclusions about some phylogenetic patterns, e.g. in tropical tree communities along the

precipitation gradient (Neves et al. 2020).

Table 2.1 Summary of the most important considerations and issues that affect the estimation of PD

and interpretation of phylogenetic patterns in communities.

Issue Description Source

Inferring regional phylogenies using only species from
a) Taxon sampling the species pool is biased in its taxon sampling, which Park et al. (2018)
leads to underestimation of PD.

Null models are not enough to treat for the species
richness dependence of PD measures under some Sandel (2018)
conditions.

b) Species richness
dependence

PD effects can be confounded by phylogenetic identity
c¢) Phylogenetic identity effects when assemblages with low or high PD tend to Hipp et al. (2018)
be dominated by a single clade.

When opposing patterns in two clades cancel out, it
might result in seemingly random or even opposite
phylogenetic processes compared to when considering
both clades together.

Ndiribe et al. (2013)
Elliott et al. (2016)
Graham et al. (2018)

d) Lineage specificity

Chronograms (dated phylogenetic trees with branch

lengths in units of evolutionary time) can provide Elliott et al. (2018)
different estimates of PD than phylograms (branch Jantzen et al. (2019)
lengths in units of substitutions per site).

e) Molecular dating

Taxon sampling is related to another issue: the confounding effect of phylogenetic identity.
When the species pool exhibits a phylogenetic bias, low or high PD could be disproportionately
associated with certain clades (Hipp et al. 2018). For example, without a sufficient sampling in
grasslands, low PD plots could be frequently dominated by a single clade (e.g. Poaceae or
Asteraceae), while high PD plots could be frequently dominated by phylogenetically distinct

species from clades that are underrepresented in the species pool. As a consequence, it would be
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difficult to tease apart the effects on a plot being dominated by Poaceae from the effects of having a
low PD species assemblage (Table 2.1c). Hipp et al. (2018) suggest a visualisation tool and a
taxonomically constrained experimental design to deal with the confounding effect of phylogenetic
identity. Some authors have also highlighted that various phylogenetic processes are lineage-
specific and dependent on phylogenetic scale (Table 2.1d; Ndiribe et al. 2013, Elliott et al. 2016,
Graham et al. 2018). The effect of environmental factors on the distribution of species from
different clades can differ (Duarte et al. 2012, Descombes et al. 2017, Graham et al. 2018), for
example, when opposing patterns in two clades cancel out, it might result in seemingly random or
even opposite phylogenetic processes when considering both clades together (Elliott et al. 2016,
Graham et al. 2018). To acknowledge this issue, approaches, which explore lineage-specific
patterns that allow for opposing mechanisms across the tree topology or specifically evaluate
lineage-specific co-occurrence patterns, might be a good idea (Ndiribe et al. 2013, Elliott et al.
2016).

Finally, researchers have to decide whether to use a chronogram (a dated phylogenetic tree
with branch lengths in units of evolutionary time) or a phylogram (branch lengths in units of
substitutions per site). Both approaches are quite common, some popular maximum likelihood
programs for phylogeny inference (such as RaxML; Stamatakis 2014) produce phylograms that can
be dated later using another software (e.g. PATHDS; Britton et al. 2007). On the other hand, BEAST
(Suchard et al. 2018) directly infers chronograms using the Bayesian framework. Molecular dating
could be influenced by time priors (external information about some node ages), clock or speciation
model, therefore, possible differences between phylograms and chronograms should be expected.
Jantzen et al. (2019) found that in some cases both approaches provide different results, and Elliott
et al. (2018) argue that the choice between phylogram and chronogram can have a dramatic effect

on biodiversity hotspot distributions, which could affect conservation decisioning (Table 2.1¢e).



CHAPTER 3

PHYLOGENY-TRAIT LINKS

3.1 State of the field

Some traits are used as proxies of performance (growth, survival or reproduction) under specific
environmental conditions, which indicates that traits should also provide information about species’
niches (McGill et al. 2006). Traits evolve steadily through time, thus, branching patterns of
phylogenetic trees, such as topology, branch lengths or tree balance, should also produce
comparable estimates of niche space to those obtained by traits. This logic advocates the use of
phylogenetic measures in the absence of relevant trait data when traits are sufficiently
phylogenetically conserved (Kraft et al. 2007, de Bello et al. 2015). Phylogenetic information is
easier to obtain as there is no need for time- and money-consuming measuring of various plant
traits, therefore, many studies discuss whether PD serves as a reliable proxy for FD. It is clear now
that methodological, evolutionary or ecological processes (e.g. the size of plot used, number of
species, number of traits measured or the mode and rate of trait evolution) can bias the inferred PD-
FD relationship (Pavoine et al. 2013, Gerhold et al. 2015, Cadotte et al. 2017, Burns et al. 2018,
Cadotte et al. 2018, Tucker et al. 2018). Nevertheless, good understanding of the PD-FD
relationship could have implications for ecosystem functioning, nature conservation or mitigating
the impact of biotic invasions (Srivastava et al. 2012, Cadotte et al. 2018, Burns et al. 2018, Mazel

etal. 2017, Zheng et al. 2018).

13
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3.2 Analytical approaches
Following Cadotte et al. (2019), I summarise two common types of questions regarding the
phylogeny-trait links asked in ecological studies, which are tested by different analytical
approaches. Question 1: Are there phylogenetic signals in the measured traits in communities?
Phylogenetic signal (PS) is the tendency of related species to resemble each other more than species
drawn at random from the same tree (Miinkemiiller et al. 2012). For continuous traits, measures,
such as Pagel’s lambda (A, Pagel 1999) or Blomberg’s K (Blomberg et al. 2003), are very common.
For categorical traits, there are also some alternatives, e.g. the alpha parameter of the phylogenetic
logistic regression (Ives & Garland 2010) and the D statistic (Fritz & Purvis 2010) for binary traits
(0/1), or the o statistic (Borges et al. 2018) for traits with more than two states. Measures of PS
depend on various statistical frameworks: permutations (Blomberg’s K and D), maximum
likelihood (Pagel’s A) or Bayesian (0), and their performance under various conditions has been
thoroughly examined (Miinkemiiller et al. 2012, Borges et al. 2018).

Generally, Pagel’s A is recommended because it performed well in simulations under the
Brownian motion (BM) model of trait evolution (Miinkemiiller et al. 2012) and seems strongly
robust to incompletely resolved phylogenies (Molina-Venegas & Rodriguez 2017). For categorical
traits, the o statistic is probably more robust than D because the D statistic cannot be used in studies
where categorical traits do not evolve according to the BM model (Felsenstein 2005, Borges et al.
2018). On the other hand, the § statistic is developed for gene trees, i.e. a phylogenetic approach
that is not common in community phylogenetics (it also restricts the use of published super-trees).
Any measure of PS can be easily estimated using several R packages, such as geiger (Pennell et al.
2014), phytools (Revell 2012) or phylosignal (Keck et al. 2016). About 76% of studies in the

ecological literature report phylogenetic signal in the measured traits (Cadotte et al. 2019).
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Question 2: Are PD and FD correlated across multiple sites, i.e. is there the PD-FD
relationship? Intuitively, multiple forms of diversity should covary spatially, which is especially the
case for the richness dimension where all indices mathematically depend on species richness
(Pavoine et al. 2013). Overall, the PD-FD relationship tends to be tight and positive (Cadotte et al.
2019), which is the expected and intuitive result. However, there is an increasing evidence that
interpretation based on parametric correlations can be misleading. Letten & Cornwell (2015)
showed that the assumption that trait dissimilarity increases linearly with divergence time is
incorrect (under BM trait evolution), and suggested a square root transformation of the phylogenetic
distance matrix to fix this non-linearity. Probably, the most important driver of the PD-FD
relationship is the character of trait evolution. Tucker et al. (2018) simulated traits according to the
BM (a random walk) and Ornstein-Uhlenbeck (OU; where trait is attracted to a selection optimum
with some degree of selection strength) models and found that the former suggests an exponential
growth model (FD ~ a e’ ~""”), while the latter suggests a logistic model (FD ~ a + b In PD) to fit
the PD-FD relationship. The degree of covariance between PD and FD tends to non-linearly
increase with increasing number of traits used to compute functional distances (there seems to be a
threshold around eight traits when the explained variance of functional distances is at its peak;
Tucker et al. 2018). To my knowledge, there are other calls for the need to test alternative models of
evolution to obtain better understanding of complex relationships between phylogenetic and
functional distance (see, for example, Burns et al. 2018, Cadotte et al. 2018).

We considered the above mentioned issues when studying the nature of the relationship
between MPD (phylogenetic divergence) and mean functional distance (MFD, functional
divergence) of mycorrhizal status in vegetation quadrats sampled in Czech semi-natural grasslands
and Scottish coastal habitats (Bitomsky et al. in review, Appendix D). Mycorrhizal status denotes

whether the roots of a plant species are consistently (obligatory mycorrhiza, OM), sometimes, but
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not always (facultative mycorrhiza, FM) or never (non-mycorrhiza, NM) colonised by mycorrhizal
fungi in nature (Smith & Read 2008, Hempel et al. 2013, Moora 2014). We followed the usual
numerical coding of mycorrhizal status: NM plants = 0, FM plants = 0.5 and OM plants = 1 (Moora
2014, Gerz et al. 2016, 2019). This ability to form mycorrhiza is usually phylogenetically conserved
(Brundrett 2009, Brundrett & Tedersoo 2019) and has been under stabilising selection that favours
mycorrhizal symbiosis over mutualism abandonment in seed plants (Maherali et al. 2016). We
found that a non-linear saturating curve explains the PD-FD relationship between MPD and MFD of
mycorrhizal status (Appendix D, Fig. 1b), which is expected for a trait under stabilising selection
(Tucker et al. 2018). Our results support the idea that simple correlations are not enough to infer the
nature of the PD-FD relationship, while the consideration of alternative evolutionary models and
non-linear statistical approaches is necessary.

Many models of trait evolution have been developed so far to address various evolutionary
processes (Cooper et al. 2016, Harmon 2019). They can now account for stabilising selection
(Hansen and Martins 1996, Hansen 1997), multiple optima (Butler and King 2004), and differing
rates of evolution across taxa (O’Meara et al. 2006) or through time (Pagel 1999, Blomberg et al.
2003). For discrete traits, a general approach is to fit the Mk model (Lewis 2001, Harmon 2019). To
analyse macroevolutionary models and complex PD-FD relationships, packages, such as geiger

(Pennell et al. 2014), nlme (Pinheiro et al. 2019) or mgcv (Wood 2017), are useful.

3.3 Challenges

Cadotte et al. (2019) performed a literature survey and reported that the PD-FD relationship is
usually positive. Obviously, a publication bias plays a role as studies with significant results are
more likely to be published. However, other studies reporting no or even negative PD-FD

relationship cannot be simply ignored (e.g. Prinzing et al. 2008, Kelly et al. 2014, Mazel et al. 2017,
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2018). These inconsistencies question some of the most prominent arguments why to use PD in
nature conservation and community ecology (e.g. Gerhold et al 2015). For example, Mazel et al.
(2018) analysed more than 15 000 vertebrate species and concluded that maximising PD to help to
protect FD is a risky conservation strategy. But what is the reason of these inconsistencies?
Ubiquitous stochastic evolution of some traits? Statistical properties (e.g. error rates, inconsistent
parameter estimates) of widely used methods? Wrong assumptions regarding underlying
evolutionary processes? I find these challenges worth to study in detail in order to understand the

PD-FD relationship, thus, I briefly discuss them here (Table 3.1).

Table 3.1 Summary of the most important considerations and issues that affect the nature of the PD-

FD relationship and interpretation of patterns of trait evolution.

Issue Description Source

Some properties of the tree (e.g. taxon sampling,
size and shape) affect phylogenetic signal estimates.
Functional distances could correlated with
phylogeny only for a short distance along the tree.

a) The concept of the
phylogenetic signal
can be misleading

Boettiger et al. (2012)
Kelly et al. (2014)
Mazel et al.(2017)

The shape of the tree affects phylogenetic distances

among species. Trait and phylogenetic distances =~ Heard (1992)

might have different distributions, which affects Cadotte et al. (2017)
statistical properties.

b) Phylogeny balance

Some phylogenies can lack reasonable power to
detect relevant patterns of trait evolution.
Robustness should be tested.

¢) Phylogenies might
be uniformative

Boettiger et al. (2012)
Paterno et al. (2018)

d) Trees with only Fossil taxa and their traits might be necessary to

present-day taxa are  obtain correct estimates when fitting trait Ho & Ané (2013, 2014)
limiting evolutionary models.
e) Comparison based .
on information AIC or BIC might favour overly complex (or Ane (.2 008)

o L i . Boettiger et al. (2012)
criteria might be overly simplistic) evolutionary scenarios.

biased Ho & Ané (2014)
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Communities assembled from few lineages can have higher variation in trait-states than
communities assembled from many lineages, despite the phylogenetic signal present in the
measured traits (Prinzing et al. 2008). Mazel et al. (2017) concluded that measuring phylogenetic
signal in traits is uninformative for evaluating the effectiveness of using PD as a proxy of FD under
some models of trait evolution and tree shapes (Table 3.1a). Probably, the reason is that traits are
not informative for deeper splits in the tree (Kelly et al. 2014). In other words, functional distance
can be correlated with phylogenetic distance only for a short relative distance along the tree. That is
probably the reason why measures of phylogenetic signal heavily depend on whether or not all
sister species are present in the data (Boettiger et al. 2012). Adding sister species to the phylogeny
increases the likelihood of finding phylogenetic signal, which is one of several reasons why the
concept of phylogenetic signal could be misleading. This, again, stresses the effect of taxon
sampling, which seems to also affect the PD-FD relationship.

The size (number of tips) and shape of the phylogeny is key to understanding how much
information about evolutionary processes it is possible to extract from traits of species at the leaves
of the tree (Boettiger et al. 2012). Surrogacy of PD for FD appears to weaken as the species pool
richness increases (Mazel et al. 2018). The shape is described by the tree balance, i.e. the degree to
which branch points define subgroups of equal size (Heard 1992), that has direct effects on PD
estimation and inferences of trait evolution (Table 3.1b; Vellend et al. 2011, Mazel et al. 2017). The
tree shape, therefore, influences the statistical distribution of phylogenetic distances, which are
often left skewed, while traits are much more likely to be normally distributed (Cadotte et al. 2017,
2019). Of course there some exceptions, for example, herbaceous climbers in Central European
herbaceous habitats have extremely large seeds compared to co-occurring plants (Bitomsky et al.

2019, Appendix B), which resulted in the right skewed distribution of seed mass. Anyway, it is not
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clear how distributional differences between phylogenetic and traits distances will influence
comparisons across different numbers of species and communities (Cadotte et al. 2019).

So far, I have reviewed how considering evolutionary models can inform our understanding
of the PD-FD relationship; however, this set of phylogenetic comparative methods (PCM) also has
several known statistical limitations (Freckleton 2009, Ho & Ané 2014, Cooper et al. 2016a,b).
Phylogenies could be uninformative and some parameters cannot be inferred precisely, especially
under the OU model when the selection strength is small (Table 3.1c; Boettiger et al. 2012). For the
OU model, even using large phylogenies does not ensure that the selection optimum can be
consistently estimated (Ho & Ané 2013). To increase precision in the estimated selection optimum,
the presence of fossil taxa is crucial (Ho & Ané 2014), but the inclusion of fossil taxa in
phylogenies for PCM is a challenging task that is usually avoided (Table 3.1d). Finally, robustness
of PCM should be quantified in order to be confident about the conclusions (Paterno et al. 2018).

Other considerations include whether PCMs are influenced by polytomies that can inflate
rates of evolution and bias models of evolution (Cooper & Purvis 2010). Further, some authors
question the traditional methods for model selection, such as Akaike’s or Bayesian information
criterion (AIC and BIC, respectively; Table 3.1e). For example, standard BIC tends to select overly
simple models under BM evolution (Ané 2008), while both AIC and BIC favour overparametrised
models when applied to OU models (Boettiger et al. 2012, Cooper et al. 2016b). Limitations of
PCM are often inadequately assessed in empirical studies leading to misinterpreted results and poor
model fits, but some less technical guidelines can be found in the literature (Cooper et al. 2016b) to
minimalise the effect of wrongly used methods. In summary, research efficiency in community
phylogenetics would gain from routine correct using of PCM to understand how traits and

phylogenetic relationships are linked together.



CHAPTER FOUR

PHYLOGENY-TRAIT-PRODUCTIVITY LINKS

4.1 State of the field

In the face of the current environmental crisis, phylogenetic relatedness and relevant traits might be
very useful to predict changes in the vegetation threatened by eutrophication (nutrient enrichment).
Nutrient addition in ecosystems usually increases productivity, i.e. a gradient indicating light
limitation and the intensity of competition for light. There are several variables that are usually used
to proxy the productivity gradient: aboveground biomass (Cadotte et al. 2008, 2009; Roscher et al.
2012, Liu et al. 2015), soil resource availability (Adler et al. 2013), plant cover (Lhotsky et al.
2016), or combinations of these (Manning et al. 2009, Guerrero et al. 2014, Bergholz et al. 2015).
There are other possibilities, such as water availability (Harel et al. 2011, May et al. 2013) in arid
systems or Ellenberg indicator values for nutrients or light (Santini et al. 2017). Higher productivity
inevitably results in increased light limitation and the intensity of competition for light, which is one
of the most important drivers of plant biodiversity loss (Hautier et al. 2009, Borer et al. 2014; but
see Laliberté¢ et al. 2014 for an alternative hypothesis). It is likely that species loss will be
accompanied with the loss of phylogenetic and functional diversity. To evaluate this hypothesis, I
focus on some links between plant evolutionary history, traits and variables related to productivity

(aboveground biomass, plant cover or nutrient availability).
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Researchers have tried to understand how biomass correlates with a number of biodiversity
metrics and found that combinations of PD and FD measures predict changes of plant community
biomass very well (e.g. Cadotte et al. 2008, 2009; Roscher et al. 2012, Liu et al. 2015). Several
explanations why is PD a good indicator of productivity have been proposed. Most of them are
based on an assumption that phylogenetic distances reflect multidimensional trait and niche
differences (discussed in the section 3.3). For example, plant productivity increases when plant
species in symbiotic relationships with N-fixing bacteria (a strong phylogenetic signal to N-fixing
symbioses) co-occur with plant species without such relationships (Tilman et al. 1997, Cadotte et al.
2009). Other facilitative mechanisms are expected to be more likely between distantly related
species (Valiente-Banuet & Verdi 2013), e.g. nutrient mobilisation between Fe/Zn mobilising
graminoids and P-mobilising dicots (Li et al. 2014). These perspectives suggest why we often
observe a positive relationship between PD and aboveground biomass.

Functional differences among plants species occurring along the gradient of productivity can
be explained by several key axes of specialisation that include the leaf economy spectrum, plant
size and dispersal ability (Westoby 1998, Westoby et al. 2002, Wright et al. 2004). A very influential
approach to proxy these axes is the use of the leaf-height-seed (LHS) plant ecology strategy scheme
(Westoby 1998), which is based on three plant traits: specific leaf area (SLA), canopy height and
seed mass (see a trait measurement protocol for more details on these traits, Pérez-Harguindeguy et
al. 2016). The theory predicts that species favouring productive conditions are taller, have higher
SLA and large seeds. Canopy height is a trait representing shade avoidance and the ability to
compete for light, while both high SLA and large seeds are trait-states linked to shade tolerance as
they increase survival under shady conditions thanks to enhanced carbon gain and well-provisioned
seedlings (Westoby 1998, Evans & Poorter 2001, Valladares & Niinemets 2008, Manning et al.

2009, Muller-Landau 2010, Gommers et al. 2013, Bitomsky et al. 2018, 2019; DeMalach et al.
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2019). On the other hand, recent findings suggest that clonal and bud bank traits are ecologically
more relevant for herbs and herbaceous habitats (KlimeSova et al. 2016), which might have
implications for the assembly processes along the gradient of productivity. Indeed, clonal and bud
bank traits can explain species positions along the productivity gradient (Herben et al. 2018).
Apparently, many traits are involved in species responses to productivity, therefore, phylogenetic
information might be needed to proxy these multidimensional trait and ecological differences.
Nutrient addition is globally responsible for species loss (DeMalach et al. 2017) due to
increased competition for light (Hautier et al. 2009), but we still need to understand how FD and PD
are affected. Intuitively, FD and PD should decline with decreasing species richness. For example,
Zemunik et al. (2015) studied species richness (SR) and FD of resource-acquisition strategies along
a soil chronosequence (representing soil development and fertility) and found a decrease of both SR
and FD with increasing soil fertility. In addition, phosphorus-impoverished soils in Australia, South
Africa (fynbos vegetation) or Brazilian rupestrian grasslands (campos rupestres) are typically
hyperdiverse in terms of SR and FD (Lambers et al. 2008, Zemunik et al. 2015, 2018; Verboom et
al. 2017). On the other hand, Yang et al. (2018) observed an increase of PD after N addition in a
temperate semi-arid steppe as this treatment promoted the colonisation of species distantly related
to the residents. Many grassland experiments do not focus on PD measures but report changes in
phylogenetic structure (community clade composition). For example, graminoids, especially sedges,
benefit from N addition and are more frequent in N-rich sites (Bassin et al. 2012, Zhao et al. 2019),
legumes are more P- and K-demanding (Divito & Sadras 2014, Ren et al. 2017), while other super-
rosids and super-asterids prefer sites with higher plant-available Ca and Mg in the soil (personal

observation).

4.2 Analytical approaches
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Measures of functional diversity can be summarised via an analogous framework as in PD (Mason
et al. 2005), i.e. functional richness, divergence and regularity (evenness). Additionally, one of the
most popular approaches is the concept of community-weighted mean (CWM), i.e. community
mean of a trait weighted by species abundances, which is a measure of functional composition.
There is a plethora of univariate and multivariate methods testing the trait-environment
relationships (Lavorel et al. 2008, Kleyer et al. 2012). Values of CWM are then regressed (or
correlated) against an environmental gradient. A similar procedure is done with various PD metrics
(raw or null-model corrected; see Tucker et al. 2017 for a summary), which are also regressed
against a gradient to infer a relationship between PD and an environment variable. In general, the
PD-FD-productivity links are usually studied using quite conventional statistical methods, such as
linear models, multivariate methods, RLQ (Dolédec et al. 1996) or fourth-corner (Legendre et al.
1997). Much more rare are studies that directly integrate phylogenetic and functional diversity
metrics and/or partitioning variation in phylogenetic or functional diversity into the components that
can be explained by external factor (e.g. spatial and environmental gradients) and their covariation
(but see Liu et al. 2013, Swenson 2014).

Several R packages have been develop to analyse trait data and changes of FD and PD along
environmental gradients. The package FD (Lalibert¢ & Legendre 2010) has some basic tools for
functional ecology, ade4 (Dray & Dufour 2007) can be used to test trait-environment links, while
phyr (Ives et al. 2019) provides some advanced tools to fit phylogenetic generalised linear mixed

models or to estimate correlations among functional traits.

4.3 Challenges
Several recent studies have pointed out several critical issues with some routinely used methods to

test the trait-environment and phylogeny-environment relationships (Zeleny & Schaffers 2012,
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Hawkins et al. 2017, Peres-Neto et al. 2017, Duarte et al. 2018, Laughlin et al. 2018, Zeleny 2018).
Zeleny and Schaffers (2012) showed that analyses relating mean Ellenberg indicator values (EIV)
with other variables derived from the species composition produce highly biased results due to the
similarity issue (EIVs inherit information about compositional similarity as they are weighted by
species abundances). In my opinion, this is an expected issue as both community and environmental
features are inferred from vegetation data in the EIV approach; however, Hawkins et al. (2017)
showed that the whole “community-focus” approach suffers from a potentially severe structural
problem driven by repeated species co-occurrences. They argue any metric (e.g. functional or
phylogenetic), which is generated at the assemblage/community level by assigning values to species
and averaging them for the species present within a cell/plot, can have internal statistical
relationships of no biological significance across communities (Hawkins et al. 2017). Finally, Peres-
Neto et al. (2017) found that the CWM approach can produce inconsistent parameter estimation and
inflated Type I error rates (Table 4.1a). In other words, many studies might have provided too
optimistic statistical support for the relationship between FD, PD measures and environmental
gradients when, in fact, there is no relationship. This is a very disturbing fact given the commonness
of all criticised methods (e.g. 2420 studies in Google Scholar on 18th March when submitted
“community-weighted mean”).

For the trait-environment relationship, there are some solutions to control for the type I
error, such as the fourth-corner correlation (based on permutations, Peres-Neto et al. 2017), the
parametric max test (ter Braak et al. 2018) or a method to control for phylogenetic autocorrelation
(Duarte et al. 2018). Besides statistical reasons, the trait-environment relationship must be
interpreted with caution. For example, Laughlin et al. (2018) observed inconsistency between the
CWM approach and the analysis of species survival regarding the relationship between SLA and

soil fertility. While the CWM of SLA was not correlated with soil fertility, survival was highest for
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species with low SLA in infertile soil, suggesting that the CWM approach is unreliable and cannot
be taken as the evidence of the adaptive value of traits. Therefore, analyses of the trait-environment
relationship motivated by biological reasoning might be efficient (Table 4.1b). For example, we
applied this approach in our study of the CWM of seed mass along the gradient of light limitation
(crop cover) in arable fields (Bitomsky et al. 2018, Appendix A). Large seeds are expected to
endure stressful shading (see the section 4.1). We showed that the community seed mass was driven
by the light limitation gradient only in the case of annual plants (positive relationship). Perennials
often prioritise many other reproduction strategies (e.g., clonal propagation) or survive under
unsuitable conditions in structures other than seeds; thus, seed mass is likely to be ecologically
relevant only for annuals. Some future studies need to consider that the trait-environment
relationship can be different for different groups (e.g. functional groups or clades).

When studying changes of average trait values along environmental gradients, we ignore
within-site trait variability that could be potentially more relevant. Thus, even if there is a
significant relationship between a trait and an environmental gradient, in fact, it can only describe a
portion of the total trait variability as it ignores the within-site component (Table 4.1c). Trait
variation among species within community has gained much interest and has been shown to be
relatively higher in various traits than the among-site component (e.g. Gallagher & Leishman 2012,
Pescador et al. 2015, Peres-Neto et al. 2017). To acknowledge this, Ackerly & Cornwell (2007)
developed a simple trait partitioning framework of species’ trait values into alpha and beta
components: beta values refer to a species’ position along a gradient defined by community-level
mean trait values; alpha values are the difference between a species’ trait values and the mean of co-
occurring taxa. We used this approach to test the trait differences between herbaceous climbers and
co-occurring herbs (Bitomsky et al. 2019, Appendix B) and found that vines tended to have higher

canopy height, seed mass and SLA. In my opinion, it is better to compare trait syndromes between
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functional groups or clades in terms of co-occurring species because assessments across habitats

introduce another source of variation that may simply reflect among-habitat differences and bias

conclusions.

Table 4.1 Summary of the most important considerations and issues that affect the PD-FD-

productivity links.

Issue

a) Type I error rates

b) Biological reasoning

c¢) Ecological relevancy
of the within- and
among-site components

d) Conclusions based
on methods fitting the
centers of the
distributions of
response variables may
be limiting.

Description Source

Intrinsic sample attributes (derived from a species Hawkins et al. (2017)
composition matrix) or phylogenetic Peres-Neto et al. (2017)
autocorrelation affect type I error rates in some  Duarte et al. (2018)
popular approaches for testing the PD-FD ter Braak et al. (2018)
changes along environmental gradients. Zeleny (2018)

Ecological relevancy of a trait can differ among

functional groups or clades. The trait- Bitomsky et al. (2018)
environment relationship can provide unreliable Laughlin et al. (2018)
estimates of the adaptive value of a trait.

Ackerly & Cornwell
One should check whether the trait of interest has (2007)
higher within- or among-site variation in order to Pescador et al. (2015)

focus on ecologically more relevant trait Peres-Neto et al. (2017)
component. Bitomsky et al. (2019, in
review)

Assumptions of conventional correlation and

regression analyses fundamentally conflict with

the ecological concept of limiting factors. Cade et al. (1999)
Estimating a range of regression quantiles of FD Cade & Noon (2003)
and PD metrics provides a comprehensive

description of biological response patterns.

Various measures of functional divergence are used to assess the within-site component but

both FD and CWM approaches are not additive (but see Ackerly & Cornwell 2007). Thus, Peres-

Neto et al. (2017) developed a framework decomposing variation into the percentage within- and

among-site components.

We used this method in our study of variation of plant mycorrhizal status
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in herbaceous habitats (Bitomsky et al. in review, Appendix D). We found that within-site variation
in mycorrhizal status was always at least 2.2 times (but mostly nine times) larger than among-site
variation. This is a bit surprising result considering the commonly accepted ecological theory that
relates the ability to form mycorrhizal symbiosis to habitat and environmental factors (e.g. Gerz et
al. 2016, 2019; Brundrett & Tedersoo 2018). Intuitively, one should, therefore, expect larger
variation among sites differing in environmental conditions. This suggests that we should check
whether the trait variation of interest (either within- or among-site) is ecologically relevant.

Finally, I believe that the consideration of alternative statistical tools might improve the
research efficiency in phylogenetic and functional ecology. For example, quantile regression is a
promising, but a bit overlooked, tool in ecology (Cade et al. 1999, Cade & Noon 2003) that has
several advantages compared to classic linear models (and other derived methods) used to test the
PD-FD-environment links (Table 4.1d). Conventional linear models focus on changes through the
center of the distribution of the response variable. When there are other unmeasured variables that
potentially limit FD or PD regardless of productivity (e.g. climate or land use), than the estimates
based on linear models might be inaccurate (Cade et al. 1999). On the other hand, upper quantiles
are more consistent with the ecological theory of limiting factors (such as nutrient availability or
light limitation) than estimates through the center of data distributions (Cade et al. 1999).

In our study (Bitomsky et al., unpublished), we suggest a rigorous testing procedure of the
trait-environment relationship using an example with mycorrhizal status and nutrient availability (P
and N:P). We combined the max test (ter Braak et al. 2018) and quantile regression (Fig. 4.1). The
max test is a powerful parametric approach assessing the significances of two linear models, one
community-level test as in the CWM approach and one species-level test that fits the environmental
means of species, such as species niche centroids (SNC; Ackerly et al. 2002, Peres-Neto et al.

2017), against the trait (ter Braak et al. 2018). The conclusion about the trait-environment
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relationship is simply based on higher P-value, therefore, both tests must be significant in order to
safely conclude that mycorrhizal status is linked to nutrient availability. The max test approach is
then extended to quantile regression as the slope estimates of each quantile in both CWM and SNC
regressions are compared. Possibly, this approach can be even extended to account for spatial
correlation (for the CWM plot level) or phylogenetic correlation (for the SNC species level), but

statistical performance of this method still needs to be thoroughly assessed.
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1. Quantile regression on CWM (community level) and SNC (species level)

Q0.9
Q0.75
Q05
Q0.25
Q0.1

Community mycorrhization
SNC (P or N:P)

Soil P or N:P NM FM oM

Fig. 4.1 Combination of the parametric max test (ter Braak et al. 2018) and quantile regression to
rigorously test the trait-environment relationship (an example with mycorrhizal status and nutrient
availability). In our study (Bitomsky et al. unpublished) we tested the hypothesis that plants with
the ability to form mycorrhiza will be more frequent in nutrient-poor sites, while non-mycorrhizal
plants will be more frequent in nutrient-rich sites in various European herbaceous habitats. First
figure describes quantile regression at the community level, i.e. the CWM of mycorrhizal status
(community mycorrhization sensu Moora 2014) on soil P or N:P. Second figure refers to quantile
regression at the species level, i.e. SNC values fitted against the trait. This testing controls for the
type I error thanks to the max test approach as both regressions must be significant (ter Braak et al.
2018), while quantile regression enables an assessment of effects across suitable quantiles.
Especially, upper quantiles should be of interest (Cade et al. 1999). Mycorrhizal status is coded as 0
(non-mycorrhizal plants: NM), 0.5 (facultative mycorrhiza: FM) and 1 (obligatory mycorrhiza:

OM).



CHAPTER FIVE
TOWARDS THE ECOLOGICAL THEORY OF EVERYTHING VIA A

PHYLOGENETIC FRAMEWORK: A SYNTHESIS

5.1 Overview
Incorporating phylogenies into ecology is usually due to two reasons: either one wants to use it to
study phylogenetic patterns in communities, or one wants to filter its confounding effect. The
former is thoroughly discussed in this thesis. The latter, so-called “phylogenetic corrections”, is
more like a statistical problem that undermines the independence of the data (a crucial assumption
of most conventional statistical methods) because the degree of phylogenetic relatedness might
indicate the degree of correlation in species measurements (a trait, an environmental response etc.)
among species pairs. How to deal with this phylogenetic dependence has been intensively discussed
from many angles in the ecological and evolutionary literature (Felsenstein 1985, Westoby et al.
1995, de Bello et al. 2015, Li & Ives 2017). Thus, it is clear that an ecological unifying framework
will not work without phylogenetic information because it is needed due to both biological and
statistical reasons.

A good ecological unifying framework needs to be based on a strong methodology in order
to produce robust predictions and useful information for conservation decisioning and community
ecology. However, biased methods produce biased results. To deal with this issue, it is necessary to

understand how developed methods perform in different situations. Here, I primarily reviewed
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analytical approaches and discussed their performance using data and simulations from recent
methodological and case studies. First, PD estimates depend on tree properties (taxon sampling,
balance or branch lengths units) and phylogenetic patterns in vegetation can be lineage-specific
(Chapter Two). In the Chapter Three, I reviewed what is known about the relationship between
traits and phylogenetic relatedness, and advocated the use of phylogenetic comparative methods in
ecology (and their common pitfalls). Finally, I briefly described phylogenetic and functional
patterns in vegetation along the gradient of productivity, and highlighted analytical issues with some
widely used approaches in functional and phylogenetic ecology.

An ideal scheme of an analysis in phylogenetic and functional ecology could look like the
following. First of all, we need to rely on rigorous phylogenetic analyses (see Anisimova et al.
2013) to generate best phylogenies possible with correct phylogenetic distances among studied
species. Second, generated phylogenies need to be examined to check whether the PD-FD patterns
truly reflect evolutionary processes but not just some inherent properties of the tree (sections 2.3
and 3.3). Third, statistical and phylogenetic comparative methods can be used to infer the PD-FD
relationship or trait evolutionary trajectories (section 3.3). Finally, if one is interested in the role of
environmental gradients, I would suggest to use a method that has a better performance and controls
for the type I error because some popular approaches are a bit outdated and can produce too
optimistic results (section 4.3). This proposed scheme can be a powerful (but certainly time-
consuming) tool for predicting alterations in species composition, functional and phylogenetic
structure or ecosystem functioning in vegetation threatened by eutrophication and following

changes in productivity.

5.2 Major questions
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To avoid redundancy, I refer the reader to recent reviews proposing general questions and directions
for future research related to the topics discussed here, e.g. Winter et al (2013) regarding the
concept of PD in nature conservation and the PD-FD relationship, Srivastava et al. (2012) regarding
PD and functioning of ecosystems, Weber and Agrawal (2012) regarding the testing of links
between traits and phylogenies, Segar et al. (2020) regarding the role of evolution in shaping
ecological interactions among species or Estrada et al. (2016) regarding the usefulness of traits in
predicting the impact of environmental changes. In this respect, I think the research agenda should
also focus on the following questions:

(1) Is the concept of PD even useful in nature conservation and community ecology? Despite
so many studies stressing the usefulness of PD in nature conservation, Winter et al. (2013) claimed
that the current knowledge will not convince conservationists and policymakers to apply the
concept of phylogenetic diversity in nature conservation because it still depends on many
assumptions, uncertainties, and varying messages. Later studies suggest that the most prominent
hypothesis that maximising PD maximises FD is a risky conservation tool (Mazel et al. 2017,
2018). A lot of assumptions about phylogenetic patterns in communities has been questioned too
(Gerhold et al. 2015). In their reviews, Gerhold et al. (2015, 2018) argue that patterns in PD are not
the result of present assembly processes, but they rather reflect how the PD concept explains some
macroevolutionary patterns in species pools and local coexistence. This suggests that maybe we
have been just asking wrong questions so far.

(i1) Can the PD-FD relationship be summarised using just several types of lines/curves? Can
we describe all complex patterns of trait evolution using just few models? Various traits have
different evolutionary trajectories that can be fitted using macroevolutionary models. Since the
number of evolutionary models is finite, we should expect the finite number of lines and curves

fitting the PD-FD relationship. This would be a huge step forward because we would have a
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summarising and valid framework of the PD-FD links that would work across clades and functional
groups. Among other things, this set of predictions can be then used to address the first question.
For example, stabilising selection (OU model) suggests a logarithmic increase of FD with
increasing PD (Tucker et al. 2018). In this situation, maximising PD is useless because FD is
quickly saturated and an increase of FD is negligible after some threshold PD value. Such
mechanistic explanations are desperately needed to help us how to use the concept of PD
appropriately.

(ii1) Can we get robust predictions of shifts of phylogenetic structure (or diversity) in
vegetation due to eutrophication? Are phylogenetically distinct groups more threatened (possibly
due to some phylogenetically conserved nutrient-acquisition strategies)? Can we expect
omnipresent phylogenetic homogenisation due to eutrophication? To the best of my knowledge,
there are still no global predictions regarding the loss of evolutionary history (in comparison with

species and functional losses) due to nutrient enrichment.
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ARTICLE INFO ABSTRACT

Keywords: How seed mass determines plant performance is dependent on the type of herbaceous community. Here, we
Arable vegetation hypothesized that life span is a decisive driver of the seed mass response to an environmental gradient. We
Crop cover examined whether separating community data into annuals and perennials sheds new light on seed mass im-
L?fe span portance in herbaceous weed vegetation of arable fields. We studied the seed mass response to a gradient of light
Il;lri}ézzgl‘zli;tmon limitation and tested the prediction that seed mass will increase with light limitation but that the trend will differ

in annuals compared to perennials. In summary, only the seed mass of annuals reacted to the light limitation
gradient. The seed mass community-weighted mean (CWM), controlled for crop type and seasonality, was po-
sitively linked with crop coverage, i.e., a proxy for light limitation. The seed mass CWM of perennials exhibited a
random distribution. In annuals which are strongly dependent on seeds, large seeds are advantageous under
dense crop canopies. We showed that considering the relevance of a trait for a particular strategy can improve
our understanding of community assembly. This approach can help to explain some differences among published

studies regarding the effect of an environmental gradient on the community seed mass.

1. Introduction

Studying the patterns of trait changes along environmental gra-
dients is one of the major topics of trait-based ecology. In particular,
regeneration traits such as seed mass are very often considered (Lhotsky
et al., 2016; Metz et al., 2010; Santini et al., 2017). Seed mass is one of
the three components of the LHS (leaf-height-seed) plant ecology
strategy scheme (Westoby, 1998), a key trait in the dynamics of com-
munity structure (Leishman, 2001) and a part of the leading dimension
of variation between species (Diaz et al., 2016; Westoby et al., 2002). In
herbaceous vegetation, the role of seed mass in structuring commu-
nities has been thoroughly studied but the evidence is mixed (Coomes
and Grubb, 2003; Fenner, 1985; KlimeSova et al., 2016; Levine and
Rees, 2002). The relevance of seed mass varies according to the type of
vegetation and type of plants (summarized in Coomes and Grubb,
2003). This uncertainty of the importance of seed mass in herbs can be
obscured by the significant proportion of perennial herbs relying on
clonal propagation instead of seed production (Klimesova et al., 2016).
In annuals, however, seed mass is a trait involved in all important as-
pects of plant ecology, such as dispersal, colonization, recruitment,
tolerance of environmental hazards and competition.

Large-seeded plants are thought to have an advantage over small-

* Corresponding author.

seeded plants beyond seedling establishment (Metz et al., 2010);
however, this advantage is dependent on site conditions (e.g., the level
of shade, soil nutrients or disturbance). Light limitation (sensu Borer
et al., 2014) is a key factor in plant communities (Hautier et al., 2009),
and it is closely associated with site productivity. In line with the tol-
erance-fecundity trade-off (Muller-Landau, 2010), it has been hy-
pothesized that seedlings from large-seeded plants better endure
stressful shading (Bergholz et al., 2015; Leishman et al., 2000; Manning
et al., 2009) because of at least two mechanisms. First, higher resource
reserves provide a competitive advantage as plants can spend addi-
tional resources on shoot biomass. Large-seeded species, therefore,
should be better competitors for light (Tilman, 1988). Second, seed
reserves boost survival below denser canopies, i.e., plants with larger
seeds tolerate lower levels of light in closed vegetation (Manning et al.,
2009) or under litter (Lonnberg and Eriksson, 2013; Thompson, 1987).
Nevertheless, Bergholz et al. (2015) recently suggested that the hy-
pothesized positive relationship between community seed mass and
plant canopy density is not linear but rather U shaped. If soil nutrients
are considered (positively correlated with canopy density), these shifts
appear to be the consequence of site productivity (competition for light)
and the varying stress tolerance of seeds. On the one hand, large seeds
can be advantageous under oligotrophic conditions (Adler et al., 2013;
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Dainese and Sitzia, 2013), because these better provisioned seeds have
a higher chance of reaching maturity. On the other hand, productive
sites also select for large-seeded species because non-limiting nutrients
enhance light competition and stressful shading, which are necessary
for seedlings to overcome (Bergholz et al., 2015; Hautier et al., 2009).

Arable weed communities are an excellent example of annual-
dominated and frequently disturbed communities (Lososova et al.,
2006) where seed mass is a vital trait (Manning et al., 2009). Weeds
grow in the crop understorey and shade impacts them during their
whole life cycle. Recently, trait-based studies that dealt with seed mass
as an essential part of the LHS scheme (Westoby, 1998) questioned its
relevance in herbs (KlimeSova et al., 2016) or arable communities
(Perronne et al., 2015). Currently, the relationship between community
seed mass and light limitation gradients is under debate. While some
studies found a positive linear relationship (Leishman et al., 2000;
Manning et al., 2009; May et al., 2013), others reported non-linear
trends (Bergholz et al., 2015; Guerrero et al., 2014) or found weak or no
evidence (Lhotsky et al., 2016; Lonnberg and Eriksson, 2013; Santini
et al., 2017). Moreover, it should be noted that the majority of studies
reporting an increase in seed mass along plant density or productivity
gradients were conducted on annuals (Harel et al., 2011; Manning
et al., 2009; Santini et al., 2017) or annual-dominated communities
(Guerrero et al., 2014; May et al., 2013), but see Bergholz et al. (2015).
This finding suggests that life span might play an important role in the
association between seed mass and environmental conditions.

In this study, we investigated whether inconsistent and contra-
dicting evidence in the literature stems from the disparity of plant
strategies: annual and perennial life span. As far as we know, no study
has challenged the established theory of seed mass changes in response
to environmental variation from the separated perspective of annuals
and perennials. It is, therefore, essential to provide a study that could
reveal clear patterns in seed mass changes in annuals and perennials
due to variation in one of the most often studied ecological filters (light
limitation). Hence, we tested the following hypothesis: average seed
mass (community-weighted mean CWM) increases along a crop cov-
erage gradient (proxy of light limitation or productivity), i.e., species
with a higher seed mass are favoured under high crop coverage because
these species exhibit better light limitation (stressful shading) toler-
ance. We specifically tested whether the changes in the seed mass CWM
along a crop coverage gradient are consistent or differ according to life
span strategy (Fig. 1).

2. Material and methods
2.1. Study sites and sampling

The study area (Fig. 2) covers 11,000 km? in northern and central
Moravia, which is located in the northeastern part of the Czech Re-
public (49° 08’-50° 27" N, 16° 43’-18° 52’ E). The mean annual tem-
perature is 4.5-8.5 °C, and the annual precipitation ranges from 575 to
1 300 mm. The altitude of the study sites spans from 195 to 815 m a. s.
1. We recorded vegetation data on arable land for the period
2001-2003. We used a stratified sampling scheme for obtaining a
stratified dataset, which produced land categories (polygons) with un-
ique combinations of soil, climate and potential natural vegetation. For
more details about the stratifying procedure see Cimalova and Lososova
(2009). We sampled in both cereal (autumn seeding: wheat and rye;
spring seeding: oat and barley) and root crops (sugar beet, potatoes).
Plots of a standard size of 20 m? were randomly situated along edges
where the effects of herbicide use are relatively low in conventionally
managed fields. The total number of sampled plots was 233.

2.2. Traits and variables

We retrieved average seed mass data from the databases BiolFlor
(Klotz et al., 2002) and LEDA (Kleyer et al., 2008). A total of 208
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Fig. 1. The hypothesis tested in this study. The strength of the relationship between
community seed mass and increasing light limitation is dependent on seed mass re-
levance. Here, we hypothesized that this relevance differs in annual and perennial weeds.
When plant performance is largely dependent on seed mass (annuals), a response is de-
tectable. On the other hand, one can observe no response in cases where recruitment is
weakly dependent on seed mass (perennials with clonal reproduction). Note that the slope
and intercept of the regression line change according to relevance.

species were recorded (103 annuals and 105 perennials; listed in Ap-
pendix A). For the species Armoracia rusticana we found no data; hence,
its seed mass was estimated from the regression model of the inter-trait
relationship between seed mass and plant height (data from LEDA da-
tabase). To assess the impact on weed community seed mass, we used
three variables: (1) crop coverage (estimated cover of the planted crop),
(2) crop type (cereals: barley, oat, rye and wheat; root crops: beet and
potato) and (3) sampling period (part of the season coded as a number
of days since the start of the year). We used crop coverage as a suitable
proxy for the light availability gradient. Weeds grow in the understorey;
hence, the density of the crop canopy has to be strongly correlated with
the light availability. We determined the crop coverage gradient by
visual estimation of percentage cover on the van der Maarel scale (van
der Maarel, 1979).

Weed communities are specifically shaped by cultivated plants and
their associated management, and exhibit significant seasonal variation
(Cimalova and Lososova, 2009; Gross et al., 2015; Nowak et al., 2015).
Crop type is often used as an approximate measure of the differences in
agricultural practices (like disturbance, sowing date, herbicide use or
inherent traits of the crop; Lososova et al., 2004; Nowak et al., 2015;
Silc et al., 2009) that have been shown to be influential drivers of the
seed mass response (Gaba et al., 2014; Gunton et al., 2011). We treated
the crop type (an indicator of management practices) and season (an
indicator of phenological changes in weed vegetation) as confounding
variables. Crop coverage was the variable of direct interest.

2.3. Data processing and software

Prior to analysis we excluded crops, juvenile trees and non-seeded
plants from the dataset. Prior to CWM calculation, we divided recorded
plants into two groups based on the life span (annuals or perennials)
and log-transformed their seed mass values. The seed mass CWM
(weighted by percentage cover of each species) was calculated sepa-
rately for each group in each plot. To explore the effect of light lim-
itation on the seed mass CWM, we first tested the significance of the
interaction term: life span x crop coverage. To do so, we combined
annual and perennial datasets and fitted a linear model using the Im
function in R (version 3.3.1; R Core Team, 2016) with all other pre-
dictors. Life span was treated as a binary variable. Given the non-con-
stant proportions of annuals or perennials in sampled plots, we also
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Fig. 2. Study area. We sampled in the northeastern
part of the Czech Republic. Plots are distinguished
according to crop type (circles = cereals, trian-
gles = root crops). a) Soil map and b) Climate map.

[ Area
Crop type
e CEREAL
A ROOT CROP
Soil type
B PHAEOZEM, CHERNOZEM, GREYZEM
[ FLUVISOL
[ CAMBISOL
RENDZINA, PARARENDZINA
[ LuvisoL
] pODZOL
[] DYSTRIC PLANOSOL, STAGNIC CAMBISOL

[ Area
Crop type

[ ]coLb

Bl WARM

25 0 25 50 75

tested the interaction term with weighted CWM values (based on the
number of species in a plot used for calculation).

Then, we performed separate models for only annual or perennials
plants. We used generalized least-squares models using the nlme library
(Pinheiro et al., 2016). We employed this method in order to account
for potential spatial autocorrelation (nearby plots could have similar
species composition and therefore similar CWM) in the response vari-
able. We evaluated all correlation structures available in nlme library
and chose the most suitable according to Akaike's information criterion
(AIC). We included three explanatory variables (see the Traits and
variables section) in the model comparison process. The seed mass
CWM variation in response to seasonality or crop type was not of direct
interest hence we used them as confounding covariates. We performed
forward selection as a model building approach. In particular, we
compared three models related to our hypotheses (Table 1). Model 1
was a null model, model 2 had season and crop type variables and
model 3 contained all variables (season, crop type and crop coverage).
This approach allowed us to test the effect of light availability against a
null model and a model that already accounted for seasonal and man-
agement bias. Model comparison was based on AIC and Akaike's
weights (Burnham and Anderson, 2002) with the maximum likelihood
(ML) estimation method. We then refitted the best model with the

e CEREAL
A ROOT CROP
Climatic region

"] MODERATELY WARM

Table 1

The comparison of several generalized least squares (GLS) models testing the effect of
light limitation on the seed mass community-weighted mean (CWM) of a) annual and b)
perennial weeds. Model comparison is based on AIC (lower value suggests better fit) and
Akaike's weights (the probability that a particular model is the best from the set of given
models). Model 1 was without predictors, model 2 contained only confounding variables
(crop type and season), and model 3 included confounding variables and crop coverage
(an indicator of light limitation). Spatial correlation was accounted for, and seed mass
values were log-transformed. c) Coefficients (standard error and P-value) of the crop
coverage for both life span groups.

Model Predictors AIC Aw

a) Annuals

1 none 35.34 < 0.01
2 season + crop type 26.92 0.18

3 season + crop type + crop coverage 23.93 0.82

b) Perennials

1 none 132.98 < 0.01
2 season + crop type 119.42 0.72

3 season + crop type + crop coverage 121.27 0.18

c) Life span Crop coverage coefficient SE P-value
Annuals 0.02 0.008 0.025
Perennials —0.004 0.01 n.s.
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Table 2
Summary information about the relative proportions of annuals and perennials in sam-
pled plots.

Life span Annuals (%) Perennials (%)
Average 65.2 34.8

sd 18.4 18.4

min 2.2 4.7

max 95.3 97.8

n 103 species 105 species

restricted maximum likelihood (REML) method to obtain more precise
and unbiased parameters' estimates. We graphically evaluated the as-
sumptions of residual normal distribution and uncorrelatedness. All
data are accessible in Mendeley Data repository (Bitomsky et al., 2017).

3. Results

The seed mass of the considered weed species ranged between 0.01
and 39.4 mg. Both life span groups had similar seed mass distribution
(annuals average = SD = 2.6 * 5.48 mg; perennials average = SD

= 2.7 * 5.33mg). On average, annuals were more frequent in the
sampled plots (Table 2).

A linear model using the combined data of annuals and perennials
revealed a significant interaction between crop coverage and life span
(F = 6.52,P = 0.01). A weighted linear model (weights represented by
the number of species) provided the same result (F = 7.02, P = 0.008).
Separate models supported the prediction that the seed mass CWM of
annuals is more sensitive to the light limitation gradient than that of
perennials. Based on AIC (the lowest value indicates a better fit to the
data) and Akaike's weights (the relative likelihood of the model, i.e., the
probability that a particular model has the best fit from a set of given
models), adding crop coverage improved the model fit in only annuals
(Table 1). The seed mass CWM of annuals was positively dependent on
crop coverage ( = 0.02, SE = 0.008, P = 0.025), while perennials
showed no relationship ( = —0.004, SE = 0.01, P = 0.7; Fig. 3). The
quadratic term was not significant (F = 0.01, P = 0.91). In both
models, incorporating exponential spatial correlation (corExp function
in R, Pinheiro et al., 2016) slightly improved the model fit.

25

no
o
T

A

Seed mass CWM (mg)
(8,1

1.0 ¢~
/ e Annuals
05 F Perennials
1 1 1 1
2 4 6 8

Crop coverage (ord. scale)

Fig. 3. Trends in seed mass community-weighted mean (CWM) along the light limitation
gradient separated for annual (black) and perennial (grey) plants. Average seed mass
CWM +/— SE of weeds in response to crop coverage. Estimated crop coverage is on the
ordinal van der Maarel scale (van der Maarel, 1979); values from 1 to 9 account for 1, 2,
3, 5, 8, 13, 18, 38, 63 and 88% coverage, respectively. Raw untransformed data are
shown.
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4. Discussion

The community-weighted mean (CWM) of the seed mass of annuals
tended to be higher under dense crop canopies (Fig. 3). This finding
represents quite robust evidence since it notes a clear response of seed
mass after accounting for the noise of season and crop type. Light
availability, therefore, seems to be an important driver of the seed mass
response of annuals in arable weed communities. This finding is in
concordance with the idea that annual plants with large seeds are better
able to cope with light shortage than annuals with small seeds. This
result can be explained via two complementary hypotheses. Either
large-seeded annual weeds have higher survival in shady crop under-
storey (Manning et al., 2009), or they can more effectively compete for
light with crops (DeMalach et al., 2016; Tilman, 1988). More reserves
in larger seeds could mitigate the impact of light limitation (stressful
shading) during seedling development. Seedling survival is dependent
on seed mass, and seedlings from larger seeds perform better under
shaded conditions (Leishman et al., 2000), especially during early
stages of seedling growth (Walters and Reich, 2000). Small-seeded
species do not occur in shady conditions not only because of smaller
reserves but also because of higher light requirements for germination
(Jensen and Gutekunst, 2003). It should also be noted that the im-
portance of seed mass in mediating the effects of shade is largely de-
pendent on ontogeny (Moles and Westoby, 2004; Niinemets, 2006).
Although weeds can grow to the same (or higher) height as crops,
during germination and seedling establishment in the crop understorey
(early ontogenetic phase), they face strong or weak light limitation
depending on crop canopy density. During this phase, seed mass is re-
latively more vital in comparison with other traits related to shade
tolerance.

Our findings provide new insight into the mixed evidence for seed
mass response to light limitation or closely associated productivity
gradients. Positive response, non-linear response or no association can
be found in the ecological literature. As we found a positive, linear
relationship between the seed mass CWM of annuals and crop cover,
our results differ from the findings of Guerrero et al. (2014) and Santini
et al. (2017). Guerrero et al. (2014) showed an increase in the seed
mass of arable weeds along an intensification gradient (proxied by
yield, sowing density and nitrogen fertilizer), but this relationship was
non-linear. In contrast, Santini et al. (2017) did not find any significant
relationship between the seed mass and shade (Ellenberg indicator
values for light) using a large dataset of annuals from the United
Kingdom. Some mixed evidence could stem from the selection of the
variable that represents a productivity gradient (indicating light lim-
itation and the intensity of competition for light). Soil resource avail-
ability (Adler et al., 2013), plant cover (this study, Lhotsky et al., 2016)
or both (Bergholz et al., 2015; Guerrero et al., 2014; Manning et al.,
2009) are often used. There are other possibilities, such as water
availability (Harel et al., 2011; May et al., 2013) in arid systems or
Ellenberg indicator values for nutrients or light (Santini et al., 2017).
Another possible reason for the inconsistency may be due to combining
data across habitats. The nature of the relationship between seed mass
and light limitation is likely habitat-dependent. For example, a greater
seed mass of herbs in a forest understorey provides a negligible ad-
vantage, as it is not possible for herbs to reach the canopy or overgrow
trees. Mixing annuals occurring in herbaceous habitats with annuals
occurring in forests in one analysis might remove the detectable asso-
ciation between seed mass and shade in the study by Santini et al.
(2017). Conditions in a forest understorey, compared to herbaceous
systems, might select for different strategies (not dependent on seed
mass) for how to cope with low light during the whole life cycle.

Another question is how important is light as a driver of community
seed mass (effect size). For instance, Lonnberg and Eriksson
(2012,2013) argued that shade is a weak filter of seed size. To under-
stand often contradicting results, it is necessary to take into account
that shade under canopies is correlated with other environmental
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conditions (Valladares et al., 2016). Shade moderates temperature
fluctuations in the understorey or retains humidity. Plants in unshaded
plots may even experience harsher conditions (drought or extreme
temperatures) than plants under dense canopies. This complexity of
shade effects could create some noise in our data. Still, our model
suggests that light limitation is a stronger seed mass filter than other
counteracting environmental factors related to shade. Finally, noise in
the data could be caused by weeds that avoided competition for light,
such as weeds that emerged immediately at the start of the growing
season and grew faster than the planted crop. These relatively small-
seeded, early species (e.g., Capsella bursa-pastoris, Stellaria media, Ver-
onica persica and Viola arvensis) were not affected by crop canopy in the
fields of spring cereals and root crops.

In observational studies focusing on the CWM, it is crucial to discuss
the limitations and other possible causal links. First, identified patterns
may be the result of the correlation with another trait, such as plant
height. Taller plants are dominant when competing for light and typi-
cally occur in productive habitats (Moles et al., 2009). However, this
correlation is not necessarily a problem but rather a feature. Plant
height is a function of seed mass, and both are part of the same strategy
(Diaz et al., 2016). A seedling from a large seed performs better in the
shady understorey, and a taller adult plant is a better competitor for
light. Second, some issues with CWM calculation have to be considered
(for the criticism of the CWM approach, see Peres-Neto et al., 2017).
Given the non-constant proportions of annuals or perennials in sampled
plots, there is a risk that CWM estimate will be unreliable when only a
few species occur in a plot. To overcome this issue, we also performed
the same analyses using weights (based on the number of species used
for CWM calculation) with the same outcome, i.e., the life span x crop
coverage interaction was significant (see results). Finally, the potential
effect of phylogeny should be considered. We found 208 species be-
longing to 31 families (Appendix A). Our data seemed to show no
systematic bias in phylogenetic information because annual and per-
ennial species belonged to the same families and because most of the
common families were equally distributed according to life span (e.g.,
Asteraceae, Fabaceae and Polygonaceae) except Brassicaceae (almost
all species were annuals).

5. Conclusions

We showed that the community seed mass was driven by the light
limitation gradient only in the case of annual plants. One, therefore,
needs to consider if seed mass is a relevant trait in studied species, not
only in a given system. We want to emphasize that studies with seed
mass in perennial herbs should be conducted with caution, as per-
ennials often prioritize many other reproduction strategies (e.g., clonal
propagation) or survive under unsuitable conditions in structures other
than seeds. This phenomenon could result in stochastic or even false
relationships among seed mass and the studied ecological filters. The
strength of the relationship between an ecological filter and seed mass
is determined by the degree to which seed mass is a vital trait for the
considered species. Given low importance, plants should exhibit sto-
chastic average seed mass along the light limitation gradient. If seed
mass is a crucial trait, its response to light should be strong, i.e., a
steeper slope (as predicted in Fig. 1). Here, we showed that seed mass
importance is determined by life span, i.e., deterministic patterns occur
in assemblages of annuals (Bergholz et al., 2017; Leishman, 2001;
Manning et al., 2009). The same applies for other non-clonal plants
such as trees where the vital role of seed mass has been thoroughly
documented (e.g., Walters and Reich, 2000). In contrast, in habitats
where plants rely on clonal propagation (e.g., many perennial herbs),
random patterns of community seed mass may appear. For example,
when studying trait-based community assembly patterns, bud bank or
clonal traits could be better predictors of distribution in perennials
(Klimesova et al., 2016). Here, we suggest that considering life span
regarding seed mass changes along an environmental gradient could
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effectively improve the interpretation of results, as whole community
data can be quite noisy in some systems.
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Abstract

Questions: Climbers do not invest in self-supporting architecture, allowing them to
grow quickly and search for light and nutrients in canopy gaps. The climbing strat-
egy requires both disturbance and external support; however, in herbaceous sys-
tems, disturbances often homogeneously remove external support. As a result, there
should be a negative relationship between light availability and the presence of ex-
ternal support. Here, we asked if the distribution of herbaceous climbers is positively
or negatively associated with disturbance, light availability and plant-available nutri-
ents. Further, we tested if climbers differ in traits compared to co-occurring herbs.
Location: Czech Republic.

Methods: We used observations from a phytosociological database, species-rich
grasslands and arable fields. First, we examined the presence of climbers in response
to disturbance variables (frequency, severity and regime) and canopy cover (external
support and light availability). Second, we examined the distribution of climbers along
gradients of plant-available nutrients in species-rich grasslands. Finally, we compared
seven functional traits between 31 climbers and 1,138 co-occurring herbs growing in
18 Central European herbaceous habitats.

Results: We found no relationship between any disturbance variables and the oc-
currence of climbers; indeed, climbers tended to occur more frequently in sites with
denser canopies. In species-rich grasslands, the presence of climbers was positively
related to plant-available magnesium. Climbers tended to be taller, with greater seed
mass and specific leaf area (SLA) than co-occurring species.

Conclusions: Herbaceous climbers grow in plots with low light availability but plenty
of external support and require magnesium for the formation of flexible stems.
Compared to co-occurring herbs, climbers allocate resources saved from their lack
of self-support to both shade-avoidance (canopy height) and shade-tolerance traits
(seed mass, SLA). Compared to lianas, the distribution of herbaceous climbers is not
affected by disturbance but is dependent on the availability of external support and

magnesium.

KEYWORDS
canopy height, disturbance, light limitation, magnesium, seed mass, soil nutrients, specific leaf

area, vines
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1 | INTRODUCTION

Climbers use the architecture of other plants to ascend to the can-
opy, and are typically classified according to growth form, either
woody (often called lianas) or herbaceous (often called herbaceous
climbers or vines). Most studies have focused on woody climbers,
while studies on vines are limited. However, the available evidence
suggests that the ecological strategy of vines is based on differ-
ent mechanisms than those of woody climbers. Pierce et al. (2017)
examined the ecological strategies of all climber growth habits
applying the competitor, stress-tolerator, ruderal theory (Grime,
1977), and found that woody climbers tend to follow a CS/CSR
strategy, while vines a CR/CSR strategy. This suggests that the
strategy of vines is slightly more ruderal (a tendency to invest a
large proportion of resources in propagules) in comparison with
woody climbers. Furthermore, Hu, Li, and Li (2010) found different
responses of vines and lianas to geographical and environmental
gradients (rainfall and temperature), suggesting different strat-
egies for coping with various environmental stresses. To under-
stand the general principles of structural parasitism in all plant
communities, it is therefore essential to examine the ecological
strategy of vines in herbaceous systems.

Lianas are more frequent in canopy gaps (Dalling et al., 2012;
Ledo & Schnitzer, 2014; Schnitzer, 2015), as they are fast-growing
plants that exploit the high resource availability (light and nutrients)
in disturbed sites (Kazda, 2015; Schnitzer & Bongers, 2002; Wyka,
Oleksyn, Karolewski, & Schnitzer, 2013). However, typical distur-
bances in herbaceous systems are quite different from spatially
heterogeneous gap dynamics in forests. For instance, mowing and
tilling remove the above-ground biomass uniformly. Grazing may
be spatially heterogeneous but still removes a substantial propor-
tion of the biomass. In addition to changing light conditions after a
disturbance, vines also have to cope with the removal of external
support. Given the absence of gap disturbance dynamics in her-
baceous systems, vines may either be more frequent in disturbed
sites (without external support) with high light conditions or may be
more frequent in undisturbed (but shady) sites with external support
present. Assessments across herbaceous habitats testing these two
competing hypotheses could provide new insights into the ongoing
discussion of whether climbers are light-demanding plants or not and
how climbers respond to disturbances in general (e.g., Carrasco-Urra
& Gianoli, 2009; Schnitzer & Bongers, 2002; Valladares, Gianoli, &
Saldana, 2011).

In tropical ecosystems, climbers are fast-growing and nutri-
tion-demanding, and their abundance is positively associated with
soil N and P (Addo-Fordjour, Rahmad, & Shahrul, 2014; Homeier,
Englert, Leuschner, Weigelt, & Unger, 2010; Kazda, 2015). In addi-
tion, climbers have higher mass-based concentrations of nutrients,
such as N, P, K, Ca or Mg, in their tissues (Asner & Martin, 2012;
Kazda, 2015; Wyka et al., 2013). These macronutrients are vital
for the physiological processes of most plant species, but some
are also directly involved in plant stem elongation and extensibil-

ity, important features for vines. For instance, Mg is responsible

for cell wall extensibility (Nakajima, Morikawa, lgarashi, & Senda,
1981), and vines might require higher Mg concentrations in order
to ascend to the canopy. However, there is a lack of general con-
sensus on the distribution of climbers along gradients of soil
nutrients because the availability of host plants and their char-
acteristics may be more important than the direct effects of soil
variables (Macia, Ruokolainen, Tuomisto, Quisbert, & Cala, 2007;
van der Heijden & Phillips, 2008).

Disturbance, light and nutrient availability all affect species
composition through their vegetative propagation, dispersal capac-
ity, competitive ability, growth rate, and life strategy (Grime, 1977,
Herben, Klime3ova, & Chytry, 2018). Several traits are critical to
these plant functions, such as bud bank size and depth (the number
of dormant meristems and their vertical distribution), specific leaf
area (SLA), canopy height, seed mass (leaf-height-seed; LHS traits
sensu Westoby, 1998), leaf dry matter content (LDMC) and the be-
ginning of flowering. In the face of repeated disturbances, herbs typ-
ically invest in more buds stored at greater depths, and are shorter,
with smaller seeds and a higher SLA (Grime, 1977; KlimeSova &
Klimes, 2007; Pierce et al., 2017; Westoby, 1998). In nutrient-rich,
less disturbed and shady environments, herbs produce fewer buds,
and have higher LHS traits (Herben et al., 2018; Westoby, 1998).
However, climbers can be environmentally filtered into a particular
habitat based on different combinations of traits than those of other
growth forms. For example, lianas possess smaller seeds, a higher
SLA and higher leaf N than co-occurring trees as they tend to have
wind-dispersed seeds, and higher leaf turnover and photosynthetic
rates (Gallagher & Leishman, 2012). Moreover, it is becoming in-
creasingly apparent that trait variability is relatively most important
within sites as demonstrated in lianas, trees and herbs (Gallagher &
Leishman, 2012; Pescador, de Bello, Valladares, & Escudero, 2015).
Therefore, to properly compare trait ranges of vines and herbs, the
focus should be on the within-site level (alpha trait component,
sensu Ackerly & Cornwell, 2007).

Here, using three comprehensive datasets we examined the
response of vines to important ecological gradients and tested po-
tential differences in trait-based environmental filtering to the same
habitat between vines and co-occurring herbs. We addressed three
questions: (a) Is the distribution of vines positively or negatively
associated with disturbance frequency, severity and light availabil-
ity (which is altered by disturbance)? We examined whether vines
tend to occur in undisturbed sites with developed vegetation and
dense canopies or in disturbed sites with higher light levels. (b) Is the
distribution of vines associated with plant-available nutrients? We
expected the distribution to be positively associated with soil N, P
and Mg. (c) Do vines differ from co-occurring herbs in any of seven
functional traits? We compared trait values of vines with co-occur-
ring herbs that are subject to the same environmental filters. Vines
were expected to produce more buds, and have smaller seeds and
higher SLA than co-occurring herbs (Table 1), assuming they follow
a ruderal strategy (Pierce et al., 2017). Vines may also be taller than
neighbouring plants, and have lower LDMC because climbers are
characterised by low leaf construction costs and rapid leaf turnover
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TABLE 1 Summary of hypothesized
trait differences between vines and co-
occurring herbs. Predicted trait values
are based on an assumption that vines are
ruderal and fast-growing plants filtered to
the environment on the basis of different
combinations of traits than other growth
forms

Trait
Bud bank depth
Bud bank size

Beginning of
flowering

Canopy height

Leaf dry matter
content

Seed mass

Specific leaf area

(Gallagher & Leishman, 2012; Wyka et al., 2013). Finally, climbers
display different flowering phenology compared to trees, shrubs or
herbs (Cortés-Flores, Hernandez-Esquivel, Gonzalez-Rodriguez, &
Ibarra-Manriquez, 2017; Putz & Windsor, 1987), and we hypothe-
sized that vines would exhibit delayed flowering because they have

to wait for external support plants to grow.

2 | METHODS

2.1 | Data collection and preparation

For the purposes of this study, we utilised three data sets (Table 2):
vegetation plots from the Czech National Phytosociological Database

. 3
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Expected value Possible explanation

Higher Higher number of buds stored in a high depth

Higher enhance vegetative propagation

Later Vines have to wait for external support to grow.
Vines may delay flowering due to this waiting
strategy

Higher To grow taller than neighbouring plants, vines
should be taller

Lower Fast-growing plants in resource-rich sites tend to
have lower LDMC

Smaller Small-seeded plants are often more frequent in
disturbed and resource-rich sites

Higher Fast-growing plants in resource-rich sites tend to

have higher SLA

(Dataset 1; Chytry & Rafajova, 2003; Chytry, Pysek, Tichy, Knollova,
& Danihelka, 2005); experimental plots in two landscape-protected
areas situated in the borderland between the Czech Republic and
Slovakia (Beskydy and White Carpathian Mountains, Dataset 2); and
vegetation plots sampled in arable fields in the northeastern part of
the Czech Republic (Dataset 3). From Dataset 1, we only used plots
where at least one vine occurred (number of plots = 15,224; Appendix
S1). Vines (31 in total; Appendix S2) belonged to the following fami-
lies: Cucurbitaceae (1), Convolvulaceae (2), Caryophyllaceae (1),
Cuscutaceae (2), Polygonaceae (2), Rubiaceae (3) and Fabaceae (20).
Dataset 2 included 240 plots from 12 long-term experimental sites
in species-rich grasslands. Experimental sites were monitored after

nine years (or seven in Beskydy) of management manipulation including

TABLE 2 Summary of all datasets used in this study. The species pool in Dataset 1 refers to the number of all herbs occurring in plots

occupied by at least one vine

Dataset 1 Dataset 2 Dataset 3

Description 18 herbaceous habitats Species-rich grasslands Arable fields

Location Czech Republic Borderland between the Czech Republic and Northeastern part of
Slovakia: Beskydy and White Carpathian the Czech Republic
Mountains

Species pool 1,169 179 208

Number of climbers 31 9 12

Number of plots 15,224 240 231

Number of plots occupied 6,254 134 197

at least by one climber

(1) herbaceous climbers
(presence/absence)

Variables

Study questions

(2) three disturbance
parameters

(3) herb canopy cover
(4) seven functional traits

Climbers ~ disturbance + can-
opy cover (Question 1)

Trait differences climbers versus
co-occurring herbs (Question
3)

(2) four disturbance regimes

(3) herb canopy cover
(4) soil nutrients (C, Ca, C:N, K, Mg, N, P)

Climbers ~ disturbance regimes + canopy cover
(Question 1)

Climbers ~ soil nutrients (Question 2)

(2) crop canopy cover

Climbers ~ crop canopy
cover (Question 1)
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four different disturbance regimes (summer mowing, grazing, graz-
ing + spring burning of litter once every three years, left undisturbed).
A detailed description of the sites and experimental sampling design
is given in Appendix S3 and in Mladkova et al. (2015), respectively.
Dataset 3 contained 231 vegetation plots sampled in arable fields. The
study area covers 11,000 km? in northern and central Moravia, which
is located in the northeastern part of the Czech Republic (49°08'-
50°27' N, 16°43'-18°52' E). Detailed information about data sampling
is provided in Cimalova and Lososova (2009). Briefly, 10 m x 2 m belts
were randomly situated along edges where the effects of herbicide use
are relatively low in conventionally managed fields.

2.1.1 | The effect of disturbances and light
availability on vine occurrence

To address this question, we focused on variables indicating distur-
bance frequency, severity and regime (Datasets 1 & 2), and used
canopy cover as a surrogate of light availability. For Dataset 1, we
assigned three disturbance parameters (Appendix S1) based on ex-
pert judgement (Herben, Chytry, & Klimesova, 2016): (a) herb layer
disturbance frequency (an estimate of the mean number of years
between two consecutive disturbances common in that vegetation
type); (b) disturbance severity (the proportion of aboveground herb
biomass removed in a single disturbance event); and (c) degree of soil
disturbance (the proportional change in bare ground cover after a
single disturbance event). We used the proportion of plots with vine
occurrence (plots with vine/all plots) in every habitat as a dependent
variable for the three disturbance measures and performed general-
ized linear models (GLM) assuming a binomial error structure. Before
fitting the models, we accounted for sampling effort and rarefied
observed percentages of plots with a vine in order to ensure com-
parability among habitats with different numbers of plots sampled,
using the rarefy function from the vegan package (R Core Team, R
Foundation for Statistical Computing, Vienna, Austria). For Dataset
2, we used vegetation records in permanent plots, each 1 m x 1 m
in size, in June 2013. Plots were subject to different disturbance
regimes, including summer mowing, grazing, grazing + spring burn-
ing of litter once every three years and no disturbance. For detailed
information about the statistical analysis, see the next section. All
analyses were conducted in R software (R Core Team, R Foundation
for Statistical Computing, Vienna, Austria).

We tested the effect of canopy cover on vine presence/absence
in all datasets. Percent canopy cover was estimated visually. For
Dataset 3 (arable fields), we used crop cover measured on the van
der Maarel scale (van der Maarel, 1979). We treated vine occur-
rence as a binary variable (presence or absence), assumed a bino-
mial error structure and used a logit link function in all analyses. For
Datasets 1 and 3, we used all plots with known herb canopy cover
and geographical coordinates (n = 12,956 and n = 231, respectively)
and performed a GLM. We also checked for spatial autocorrelation
by estimating Moran's | using the correlog function (pgirmess pack-
age; R Core Team, R Foundation for Statistical Computing, Vienna,
Austria) on model residuals. In both datasets, residuals showed no

spatial correlation. Moran's | was very close to zero (max = 0.084,
min = -0.080) in all distance classes (data not shown); hence, we did
not account for spatial autocorrelation in these models. For Dataset
2, we performed a generalized linear mixed-effect model (GLMM)
using the restricted maximume-likelihood method with Laplace ap-
proximation (glmer function) in the Ime4 package (Bates, Maechler,
Bolker, & Walker, 2015) considering experimental site as a random

term (random intercept).

2.1.2 | The effect of soil nutrients on
vine occurrence

We tested for the effects of soil nutrients and disturbance regimes
on the distribution of vines in long-term experiments in species-rich
grasslands (Dataset 2). Three soil samples collected by a 5-cm-diam-
eter probe from the 0-20 cm layer in each plot were pooled for labo-
ratory analysis. After removing plant residues, the soil samples were
air-dried, ground in a mortar and sieved to 2 mm. We determined pH
(in 0.01 M CaCl,), plant-available P, Ca, K and Mg with the Mehlich
3 reagent (Mehlich, 1984), the percent content of organic carbon (C)
with oxidation with potassium dichromate (Walkley-Black method;
Black, 1965), and the percent content of total nitrogen (N) with the
Kjeldahl method (AOAC, 1984).

We computed the relative importance of soil nutrients and dis-
turbance regimes in explaining vine occurrence across experimental
sites using hierarchical partitioning (Chevan & Sutherland, 1991).
This method expresses the relative importance of each variable as
an independent effect indicated by the explanatory power not in-
fluenced by joint actions with other considered variables. We com-
puted independent effects using the hier.part function in the hier.
part package (R Core Team, R Foundation for Statistical Computing,
Vienna, Austria) with the root-mean-square prediction error as a
goodness of fit measure. Further, we fitted a GLMM and selected
the model with the best fit on the basis of AIC with a forward se-
lection approach. Due to correlations among soil nutrients, we also
checked for multicollinearity using variance inflation factors when
adding new terms to a model. We treated experimental site as a vari-

able with random effect (random intercept model).

2.1.3 | Trait differences between climbers and non-
climbers

To create a trait database of vines and co-occurring herbs, we ex-
tracted plots occupied by vines from Dataset 1. All woody plants
(several trees, shrubs and lianas) and non-native vines were re-
moved. We excluded woody plants due to the focus on herbaceous
communities and due to the sparse occurrence of seedlings of trees
and shrubs in the studied systems. In addition, woody plants would
have biased the trait analysis (e.g., due to their higher canopy height
or seed mass). Non-native vines (Echinocystis lobata and Tropaeolum
majus) were removed because of their different biogeographic
origins that may reflect different processes. Echinocystis lobata is
originally a forest species and Tropaeolum majus is usually grown in
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gardens as a decorative plant. In addition, both plants tend to be
invasive in some regions and their invasive potential might be based
on traits that are not directly linked to structural parasitism. For
analyses, we selected seven traits: SLA, canopy height, seed mass,
LDMC, beginning of flowering, bud bank size (BBsum) and bud bank
depth (BBdepth). Canopy height, LDMC, SLA and seed mass were
retrieved from the LEDA database (Kleyer et al., 2008) using the TR8
package (Bocci, 2015), and the beginning of flowering was obtained
from BiolFlor (Klotz, Kithn, Durka, & Briemle, 2002). Finally, the bud
bank size and bud bank depth were obtained from the CLO-PLA da-
tabase (Klimesova, Danihelka, Chrtek, de Bello, & Herben, 2017).

After retrieving trait values from all sources, the trait dataset still
contained some missing values. If a species had no trait information
available we deleted it (61 species out of 1231). For species with
incomplete trait data, we input the missing values using a regular-
ized iterative principal components analysis (Josse & Husson, 2012)
implemented in the missMDA package (Josse & Husson, 2016). This
is a useful method for handling missing values because it takes into
account overall trait similarity between species and links between
traits. We used two dimensions to predict missing values as sug-
gested by the estim_ncpPCA function (Josse & Husson, 2016). Using
this approach, we inputted 169 missing values in bud bank depth,
131 in bud bank size, 75 in flowering, 183 in canopy height, 358 in
LDMC, 260 in seed mass and 307 in SLA.

To examine trait differences between vines and co-occurring
herbs, we used the approach of Ackerly and Cornwell (2007) for de-
composing trait variation into alpha (within-site) and beta (among-
site) components. An alpha trait component describes how the traits
of species vary in relation to the species with which they co-occur
(a positive number indicates that a species has a higher trait value
than co-occurring species, while a negative value means a lower
trait value compared to co-occurring species). We calculated alpha

trait values for each vine and tested whether vines differ from

(a) Phytosociological database (Dataset 1)
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co-occurring plants for each trait separately. We conducted a series
of univariate tests on alpha trait values of vines if they significantly
differed from zero (which indicates a scaled average trait value of
co-occurring herbs) and either used a two-tailed t test or a non-para-
metric test (when the trait distribution visually deviated from the
normal distribution). Canopy height, seed mass and SLA were log-

transformed prior to the computation of alpha values.

3 | RESULTS
3.1 | The effect of disturbances and light availability
on vine occurrence

Disturbance parameters (frequency, severity and degree of soil dis-
turbance) in herbaceous habitats had no effect on vine presence/
absence (GLM; frequency: deviance = 0.038, p = 0.975; sever-
ity: deviance = 0.003, p = 0.953; degree of soil disturbance: devi-
ance = 0.002, p = 0.968; n = 18 in all cases). This was also true in
species-rich grasslands, where we analysed four different distur-
bance regimes. The model (GLMM) including disturbance regimes
had a higher AIC (three units) than the null model (no predictors with
experimental site as a random term) and both models explained vine
occurrence equally (4 = 3.15, df = 3, p = 0.369). Therefore, the dis-
turbance regimes (summer mowing, grazing, grazing + spring burn-
ing of litter and non-disturbed plots) did not affect vine presence.
However, vines showed a positive association with canopy cover in
all three datasets (Figure 1), suggesting that the probability of vine
occurrence increased with a denser canopy. Canopy cover positively
affected vine occurrence but explained only a small proportion of the
variance in all datasets (Dataset 1: b = 0.02, SE = 0.001, p < 0.001,
R? = 3%; Dataset 2: b = 0.03, SE = 0.012, p = 0.010, R? = 4%; Dataset
3:b=0.29,SE=0.082,p <0.001, R? = 6%: all coefficients on the logit

scale, i.e., the logarithm of the odds).

Arable fields (Dataset 3)

i I

b =0.03** b = 0.29***
R% =49, R? = 6%
n =240 n=231

0 p--m-- LT - ) T T -

0O 20 40 60 80 100 20 40
Total herb coverage (%)

Total herb coverage (%)

60 80 100 2 4 6 8
Crop coverage (ordinal scale)

FIGURE 1 Relationships between the probability of the presence of a vine and the canopy cover (indicator of light availability) in all three
datasets: (a) phytosociological database, (b) species-rich grasslands and (c) arable fields (see Table 2 and Methods for description). Estimated
crop cover in (c) is on the ordinal van der Maarel scale (van der Maarel, 1979); values from 1 to 9 account for 1, 2, 3, 5, 8, 13, 18, 38, 63 and
88% cover, respectively. The coefficients are on a logit scale. The distribution of data points is presented using boxplots
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3.2 | The effect of soil nutrients on vine occurrence

In species-rich grasslands, hierarchical partitioning revealed that Mg
had the highest explanatory power (independent effect = 40.7%)
and outperformed the other variables (Figure 2) in explaining vine
occurrence. The model (GLMM) including Mg, K and their interac-
tion best fit vine presence/absence (Table 3), thus demonstrating
the importance of these two macronutrients at the experimental site
level. The best model also suggested a positive effect of K; however,
this nutrient showed low explanatory power (Figure 2) and was not
significant when testing each nutrient separately. The probability of
vine occurrence was highest in plots with high Mg but with relatively
low K concentrations (Figure 3). However, modelling vine presence/
absence did not account for species information, which might have
led to biased results. To acknowledge this issue, we also performed
multivariate analyses at the species level, which generally revealed
similar patterns (Appendix S4). Except for Galium aparine and
Lathyrus pratensis, all vines had a positive response to plant-available
Mg (Appendix S5). Since the majority of vines belonged to the fam-
ily Fabaceae, we also tested whether the response to Mg and K was
a phylogenetic confounding effect. Analysing these relationships
within Fabaceae showed that vines had a significantly higher proba-
bility of occurrence in plots with higher plant-available Mg compared
to other Fabaceae plants (Appendix Sé). In other words, the prob-
ability that a Fabaceae plant in a particular plot was a vine positively
scaled with plant-available Mg. Finally, the vine-Mg relationship was
also apparent within experimental sites (Appendix S7). In nine out
of 12 sites, mean Mg concentration was higher in plots occupied at

least by one vine compared to plots without vines.

40 ]

30

20

Independent effect (%)

Dm0k

C Ca CN K Mg N P Dist

FIGURE 2 Independent effects (relative explanatory power of
each variable without the cross-correlation with other predictors)
of measured plant-available nutrients and management treatments
indicating disturbance (Dist.). Independent effects indicate which
variables are likely to be most influential in controlling variation in
the presence/absence of vines in species-rich grasslands (Dataset 2,
see Table 2 and Methods for description)

3.3 | Trait differences between climbers and co-
occurring non-climbers

Canopy height, seed mass and SLA alpha values were significantly
greater than zero (Table 4), indicating that vines had higher trait val-
ues than co-occurring herbs. On average, vines were 0.26 m taller,
possessed a 2.2 mg greater seed mass and had a 1 cm?/g higher SLA
compared to co-occurring herbs. After standardization, the largest
effect size was for seed mass (Figure 4). We did not observe any
detectable differences in the LDMC, beginning of flowering, bud
bank size or depth, suggesting that vines do not display unique strat-
egies in these four traits compared to co-occurring non-climbers in
the same habitat. We also checked for the necessity of incorporat-
ing phylogeny, but phylogenetic linear models did not improve the
model fit (based on AIC; Appendix S8).

4 | DISCUSSION

Vines were not associated with any disturbance variable (frequency,
severity, or regime), but their probability of occurrence increased
with increasing canopy cover (Figure 1). This is in contrast with
studies from tropical forests highlighting a higher abundance of
woody climbers in disturbed canopy gaps (e.g., Dalling et al., 2012;
Kazda, 2015; Ledo & Schnitzer, 2014; Schnitzer, 2015). This dispar-
ity is likely due to disturbance differences between herbaceous and
forest habitats, as mowing or grazing is more homogeneous distur-
bance than gap dynamics in forests, suggesting that heterogeneous
disturbances increase the incidence of climbers because they ensure
patches of host plants providing external support. This is also sup-
ported by our finding of the positive effect of canopy cover on vine
occurrence in all datasets.

Our results also suggest that vines are more common at sites with
dense vegetation, based on their higher SLA, larger seeds and taller
canopies compared with co-occurring herbs (Figure 4). A potential
explanation for this shift towards higher LHS traits is that vines re-
quire traits connected to shade tolerance because their strategy is
dependent (and therefore more sensitive in comparison with other
herbs) on dense vegetation with plenty of external support. Shade
tolerance is based on many traits, including larger seeds and a higher
SLA (reviewed in Gommers, Visser, St Onge, Voesenek, & Pierik,
2013; Valladares & Niinemets, 2008). First, large seeds are partic-
ularly important for shade tolerance in the understorey (Manning,
Houston, & Evans, 2009), mainly for annual herbs (Bitomsky, Mladek,
& Cimalova, 2018). During their period in the understorey, vines op-
timize light capture and utilization with a higher SLA. Second, vines
were taller on average (Figure 4). Canopy height is a trait represent-
ing shade avoidance and the ability to compete for light, which en-
ables vines to escape from the deep shade of the understorey. These
results on the shade tolerance of vines thus provide new insight into
the debate regarding whether climbers are light-demanding spe-
cies or not (e.g., Carrasco-Urra & Gianoli, 2009; Dalling et al., 2012;
Schnitzer & Bongers, 2002; Valladares et al., 2011).
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TABLE 3 Summary of the generalized mixed-effect model with the best fit describing vine presence/absence in species-rich grasslands
(Dataset 2, see Table 2 and Methods for description). The fit was compared with the null model (the model without fixed effect terms
including only experimental site as a random term). Standardized coefficients (Coef.), standard errors (SE) and variance inflation factors (VIF)
are shown. The estimates are on a logit scale (binomial error structure). Coefficients of determination (marginal and conditional R?) were

computed according to Nakagawa and Schielzeth (2013)

Model fit Fixed effects Coef. SE p-Value VIF
AIC =245.6 Mg 0.85 0.485 0.08 1.6
AAIC = =13 (vs. null model) K 0.52 0.287 0.07 1.4
Marginal R? = 31.3% Mg x K -0.87 0.325 0.008 1.3
Conditional R? = 59.3% Random effect
Experimental site Var =2.26 SD=1.51
> 600 1.0 2014; Macia et al., 2007), but it has never before been shown to be
= more influential than more commonly measured nutrients such as N
g 500 0.8 and P. In fact, Homeier et al. (2010) found no effect of Mg on climber
; density. Magnesium is important for photosynthesis, nucleotide
% 400 0.6 metabolism, and plant growth (Gransee & Fihrs, 2013; Verbruggen
(_-% 300 & Hermans, 2013), and has been documented to have higher mass-
'§ 0.4 based concentrations in woody lianas in the tropics (Asner & Martin,
f 200 2012). Agricultural research on climbing crops such as peas (Pisum
(_% 0.2 sativum) and beans (Phaseolus vulgaris) suggests that Mg shortage
o 100 limits plant growth observable by reduced stem or (mainly) root
:60 . ! . ! . ! 0.0 biomass (Cakmak, Hengeler, & Marschner, 1994; Gransee & Fiihrs,

150 200 250 300 350 40
Plant available K (mg/kg)

FIGURE 3 Occurrence of vines along plant-available potassium
(K) and magnesium (Mg) gradients in soil in species-rich grasslands
(Dataset 2, see Table 2 and Methods for description). Darker grey
indicates a higher probability of a climber's presence

TABLE 4 Summary of testing whether alpha trait values of vines
differ from zero on average (Dataset 1, see Table 2 and Methods2
for description). Significant results indicate differences in a
particular trait compared to co-occurring plants. Canopy height,
seed mass and specific leaf area were higher (Figure 4). For skewed
distributions, we used a non-parametric test (Wilcox). Otherwise,
we performed two-tailed t tests. Canopy height, seed mass and
specific leaf area were log-transformed

Test (alpha Test statistic

Trait values # 0) (df = 30) p-Value
Bud bank depth t test t=-1.03 n.s.
Bud bank size t test t=-1.06 n.s.
Flowering t test t=-1.15 n.s.
Canopy height Wilcox V=386 0.006
Leaf dry matter t test t=-0.37 n.s.

content
Seed mass Wilcox V=461 <0.001
Specific leaf area  t test t=2.27 0.03

In species-rich grasslands, we showed that plant-available Mg
is the most important driver of vine occurrence (Table 3, Figure 2).
Several studies have described the role of Mg (Addo-Fordjour et al.

2013; Verbruggen & Hermans, 2013). Moreover, Nakajima et al.
(1981) demonstrated that Mg is responsible for cell wall extensibil-
ity in Pisum sativum. An extensible stem is crucial to the climbing
strategy, especially in the case of vines that must cope with the oc-
casional collapse of their non-woody architectural support in open
habitats. It is worth noting that K reduced the positive effect of Mg
(Table 3, Figure 3) on vine occurrence, probably through antagonistic
cation competition (Gransee & Fiihrs, 2013). When K concentrations
are high, Mg uptake by plants is reduced. In summary, we hypothe-
size that vines require higher concentrations of Mg in order to en-
sure a fast growth rate and the elongation of stems to successfully
reach the top of the canopy.

Large-scale observational studies such as this are often ac-
companied by limitations, including the possible effects of other
non-measured variables and the lack of direct comparisons with
other growth forms. Given the high water transport capacity of
tropical climbers and their peak of relative abundance in sea-
sonally dry tropical forests (reviewed in Santiago, Pasquini, & De
Guzman, 2015) it is possible that our results were confounded by
the effect of water availability. Unfortunately, we did not mea-
sure any variable related to soil water content and therefore we
were not able to address this potentially important feature. We
also did not perform comparisons with other growth forms (see
Macia et al., 2007) because we were limited by the sampling de-
sign (presence/absence data). Some common herbaceous life
forms (such as hemicryptophytes, therophytes, or geophytes) are
almost ubiquitous in all herbaceous habitats, and we would have
needed abundance data for comparisons. In summary, a specif-

ically designed experiment with on-site trait measurements (to
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FIGURE 4 Mean alpha trait values (the difference between
species’ trait values and the mean of co- occurring taxa) of vines.
Vertical lines indicate the 95% confidence intervals, which were
computed assuming a normal distribution. For skewed distributions
(canopy height and seed mass) we used a non-parametric test for
significance testing (Table 4). A positive mean with a confidence
interval not overlapping zero indicates that vines have a higher
trait value than co-occurring species. Traits were standardized.
Traits and abbreviations: bud bank depth (BBdepth), bud bank
size (BBsum), beginning of flowering (flowering), canopy height
(height), leaf dry matter content (LDMC), seed mass, and specific
leaf area (SLA). The analysis was based on traits of 31 vines and
1138 co-occurring herbs (Dataset 1, see Table 2 and Methods for
description)

acknowledge intraspecific variability) and manipulated environ-
mental conditions could further address the question of whether
vines are more or less sensitive to various environmental gradients
than other functional groups or life-forms.

5 | CONCLUSIONS

The higher canopy height, seed mass, and SLA of vines along with
their more frequent occurrence under denser canopies all suggest
that the herbaceous climbing plant strategy is suited for low light
conditions. Vines appear to invest more in canopy height (shade
avoidance) and seed mass (shade tolerance), and they tend to have
a slightly higher SLA (and shade tolerance) in comparison with co-
occurring plants. We did not find any direct role of disturbance in
the occurrence of vines. In species-rich grasslands, we discovered
that plant-available Mg played a prominent role in the prediction
of vine occurrence. This higher demand for Mg in vines might be
explained by its role in supporting growth rate and stem extensi-
bility. Moreover, this finding suggests that testing the effects of
nutrients other than nitrogen and phosphorus (most often used in
the ecological literature) can provide novel information about the
distribution of growth forms along soil fertility gradients. We be-
lieve this study is an important step in understanding how climbers
respond to ecological gradients and whether climbers display a dif-
ferent trait-based strategy compared to other growth forms in the

same habitat.

ACKNOWLEDGEMENTS

We are grateful to Martin Koci, Erika Losakova and David Opalka
for help with field measurements in species-rich grasslands, to Milan
Chytry for providing data from the Czech phytosociological data-
base, and to David Hardekopf for English editing. The clarity of the
manuscript was substantially improved thanks to the suggestions of

the editor Jodi Price and two anonymous reviewers.

AUTHOR CONTRIBUTIONS

M.B. and J.M. conceived the ideas. J.M., P.M. and S.C. designed the
methodology and collected data. M.B. analysed data with contribu-
tions from P.M. M.B. wrote the manuscript with contributions from
all authors. All authors contributed critically to the drafts and gave

final approval for publication.

DATA AVAILABILITY

All data supporting the results are archived in the Mendeley Data
depository (https://data.mendeley.com). https://doi.org/10.17632/
2mj8tmgdzv.2

ORCID

Martin Bitomsky https://orcid.org/0000-0002-0022-8473
Jan Mlddek https://orcid.org/0000-0002-8301-4824
REFERENCES

Ackerly, D. D., & Cornwell, W. K. (2007). A trait-based approach to com-
munity assembly: partitioning of species trait values into within- and
among-community components. Ecology Letters, 10, 135-145. https
://doi.org/10.1111/j.1461-0248.2006.01006.x

Addo-Fordjour, P.,Rahmad, Z. B., &Shahrul, A.M.S.(2014). Environmental
factors influencing liana community diversity, structure and habitat
associations in a tropical hill forest, Malaysia. Plant Ecology & Diversity,
7,485-496. https://doi.org/10.1080/17550874.2013.782369

AOAC (1984). Official methods of analysis (14th ed.). Arlington, VA: AOAC.

Asner, G. P, & Martin, R. E. (2012). Contrasting leaf chemical
traits in tropical lianas and trees: implications for future for-
est composition. Ecology Letters, 15, 1001-1007. https://doi.
org/10.1111/j.1461-0248.2012.01821.x

Bates, D., Michler, M., Bolker, B., & Walker, S. (2015). Fitting linear
mixed-effects models using Ime4. Journal of Statistical Software, 67,
1-48. https://doi.org/10.18637/jss.v067.i01

Bitomsky, M., Mladek, J., & Cimalova, $. (2018). Light limitation shapes
the community seed mass of annual but not of perennial weeds.
Perspectives in Plant Ecology, Evolution and Systematics, 31, 1-6. https
://doi.org/10.1016/j.ppees.2017.11.005

Black, C. A. (1965). Methods of soil analysis, part | and Il. Madison, WI:
American Society of Agronomy, Inc.

Bocci, G. (2015). TR8: An R package for easily retrieving plant species
traits. Methods in Ecology and Evolution, 6, 347-350. https://doi.
org/10.1111/2041-210x.12327

Cakmak, 1., Hengeler, C., & Marschner, H. (1994). Partitioning of shoot
and root dry matter and carbohydrates in bean plants suffering
from phosphorus, potassium and magnesium deficiency. Journal


https://data.mendeley.com
https://doi.org/10.17632/2mj8tmgdzv.2
https://doi.org/10.17632/2mj8tmgdzv.2
https://orcid.org/0000-0002-0022-8473
https://orcid.org/0000-0002-0022-8473
https://orcid.org/0000-0002-8301-4824
https://orcid.org/0000-0002-8301-4824
https://doi.org/10.1111/j.1461-0248.2006.01006.x
https://doi.org/10.1111/j.1461-0248.2006.01006.x
https://doi.org/10.1080/17550874.2013.782369
https://doi.org/10.1111/j.1461-0248.2012.01821.x
https://doi.org/10.1111/j.1461-0248.2012.01821.x
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1016/j.ppees.2017.11.005
https://doi.org/10.1016/j.ppees.2017.11.005
https://doi.org/10.1111/2041-210x.12327
https://doi.org/10.1111/2041-210x.12327

BITOMSKY ET AL.

of Experimental Botany, 45, 1245-1250. https://doi.org/10.1093/
jxb/45.9.1245

Carrasco-Urra, F., & Gianoli, E. (2009). Abundance of climbing plants in
a southern temperate rain forest: host tree characteristics or light
availability? Journal of Vegetation Science, 20, 1155-1162. https://doi.
org/10.1111/j.1654-1103.2009.01115.x

Chevan, A., & Sutherland, M. (1991). Hierarchical partitioning. The
American Statistician, 45, 90-96.

Chytry, M., Pysek, P, Tichy, L., Knollova, I., & Danihelka, J. (2005).
Invasions by alien plants in the Czech Republic: A quantitative as-
sessment across habitats. Preslia, 77, 339-354.

Chytry, M., & Rafajova, M. (2003). Czech National Phytosociological
Database: Basic statistics of the available vegetation-plot data.
Preslia, 75, 1-15.

Cimalova, S., & Lososova, Z. (2009). Arable weed vegetation of the
northeastern part of the Czech Republic: effects of environmental
factors on species composition. Plant Ecology, 203, 45-57. https://
doi.org/10.1007/s11258-008-9503-1

Cortés-Flores, J., Hernandez-Esquivel, K. B., Gonzalez-Rodriguez, A., &
Ibarra-Manriquez, G. (2017). Flowering phenology, growth forms,
and pollination syndromes in tropical dry forest species: Influence
of phylogeny and abiotic factors. American Journal of Botany, 104,
39-49. https://doi.org/10.3732/ajb.1600305

Dalling, J. W., Schnitzer, S. A., Baldeck, C., Harms, K. E., John, R., Mangan,
S. A., ... Hubbel, S. P. (2012). Resource-based habitat associations in
a neotropical liana community. Journal of Ecology, 100, 1174-1182.
https://doi.org/10.1111/j.1365-2745.2012.01989.x

Gallagher, R. V., & Leishman, M. R. (2012). Contrasting pat-
terns of trait-based community assembly in lianas and trees
from temperate Australia. Oikos, 121, 2026-2035. https://doi.
org/10.1111/j.1600-0706.2012.20025.x

Gommers, C. M. M, Visser, E. J. W,, St Onge, K. R., Voesenek, L. A. C.
J., & Pierik, R. (2013). Shade tolerance: When growing tall is not an
option. Trends in Plant Science, 18, 65-71. https://doi.org/10.1016/j.
tplants.2012.09.008

Gransee, A., & Fiihrs, H. (2013). Magnesium mobility in soils as a chal-
lenge for soil and plant analysis, magnesium fertilization and root
uptake under adverse growth conditions. Plant and Soil, 368, 5-21.
https://doi.org/10.1007/s11104-012-1567-y

Grime, J. P. (1977). Evidence for the existence of three primary strat-
egies in plants and its relevance to ecological and evolution-
ary theory. American Naturalist, 111, 1169-1194. https://doi.
org/10.1086/283244

Herben, T., Chytry, M., & Klimesova, J. (2016). A quest for species-level
indicator values for disturbance. Journal of Vegetation Science, 27,
628-636. https://doi.org/10.1111/jvs.12384

Herben, T., KlimeSova, J., & Chytry, M. (2018). Effects of disturbance
frequency and severity on plant traits: An assessment across a
temperate flora. Functional Ecology, 32, 799-808. https://doi.
org/10.1111/1365-2435.13011

Homeier, J., Englert, F., Leuschner, C., Weigelt, P., & Unger, M.
(2010). Factors controlling the abundance of lianas along an al-
titudinal transect of tropical forests in Ecuador. Forest Ecology
and Management, 259, 1399-1405. https://doi.org/10.1016/j.
foreco.2010.01.008

Hu, L., Li.,, M., & Li., Z. (2010). Geographical and environmental gradi-
ents of lianas and vines in China. Global Ecology and Biogeography, 19,
554-561. https://doi.org/10.1111/j.1466-8238.2010.00527.x

Josse, J., & Husson, F. (2012). Handling missing values in exploratory
multivariate data analysis methods. Journal de la Société Francaise de
Statistique, 153, 79-99.

Josse, J., & Husson, F. (2016). missMDA: A package for handling missing
values in multivariate data analysis. Journal of Statistical Software, 70,
1-31. https://doi.org/10.18637/jss.v070.i01

. 9
% Journal of Vegetation Science J—

Kazda, M. (2015). Liana-nutrient relations. In S. A. Schnitzer, F. Bongers,
R. J. Burnham, & F. E. Putz (Eds.), Ecology of lianas (pp. 309-322).
Oxford, UK: Wiley-Blackwell.

Kleyer, M., Bekker, R. M., Knevel, I. C., Bakker, J. P, Thompson, K.,
Sonnenschein, M, ... Peco, B. (2008). The LEDA Traitbase: A data-
base of life-history traits of the Northwest European flora. Journal
of Ecology, 96, 1266-1274. https://doi.org/10.1111/j.1365-2745.
2008.01430.x

Klime3ova, J., Danihelka, J., Chrtek, J., de Bello, F., & Herben, T. (2017).
CLO-PLA: A database of clonal and bud-bank traits of the Central
European flora. Ecology, 98, 1179. https://doi.org/10.1002/ecy.1745

Klimesova, J., & Klimes, L. (2007). Bud banks and their role in vege-
tative regeneration — A literature review and proposal for sim-
ple classification and assessment. Perspectives in Plant Ecology,
Evolution and Systematics, 8, 115-129. https://doi.org/10.1016/j.
ppees.2006.10.002

Klotz, S., Kihn, 1., Durka, W., &Briemle, G. (2002). BIOLFLOR - Eine
Datenbank mit biologisch-6kologischen Merkmalen zur Flora von
Deutschland. Schriftenreihe fiir Vegetationskunde, Vol. 38. Hiltrup,
Germany: Bundesamt fiir Naturschutz.

Ledo, A., & Schnitzer, S. A. (2014). Disturbance and clonal repro-
duction determine liana distribution and maintain liana diver-
sity in a tropical forest. Ecology, 95, 2169-2178. https://doi.
org/10.1890/13-1775.1

Macia, M. J,, Ruokolainen, K., Tuomisto, H., Quisbert, J., & Cala, V. (2007).
Congruence between floristic patterns of trees and lianas in a south-
west Amazonian rain forest. Ecography, 30, 561-577. https://doi.
org/10.1111/j.2007.0906-7590.05124.x

Manning, P., Houston, K., & Evans, T. (2009). Shifts in seed size across
experimental nitrogen enrichment and plant density gradients.
Basic and Applied Ecology, 10, 300-308. https://doi.org/10.1016/j.
baae.2008.08.004

Mehlich, A. (1984). Mehlich no 3 soil test extractant: A modification
of Mehlich no 2 extractant. Communication in Soil Science and Plant
Analysis, 15, 1409-1416. https://doi.org/10.1080/0010362840
9367568

Mladkova, P., Mladek, J., Hejduk, S., Hejcman, M., Cruz, P., Jouany, C., &
Pakeman, R. J. (2015). High-nature-value grasslands have the capac-
ity to cope with nutrient impoverishment induced by mowing and
livestock grazing. Journal of Applied Ecology, 52, 1073-1081. https://
doi.org/10.1111/1365-2664.12464

Nakagawa, S., & Schielzeth, H. (2013). A general and simple method
for obtaining R%? from generalized linear mixed-effects mod-
els. Methods in Ecology and Evolution, 4, 133-142. https://doi.
org/10.1111/j.2041-210x.2012.00261.x

Nakajima, N., Morikawa, H., Igarashi, S., & Senda, M. (1981). Differential
effect of calcium and magnesium on mechanical properties of pea
stem cell walls. Plant & Cell Physiology, 22, 1305-1315. https://doi.
org/10.1093/oxfordjournals.pcp.a076283

Pescador, D. S., de Bello, F., Valladares, F., & Escudero, A. (2015).
Plant trait variation along an altitudinal gradient in Mediterranean
high mountain grasslands: controlling the species turnover ef-
fect. PLoS One, 10, e0118876. https://doi.org/10.1371/journ
al.pone.0118876

Pierce, S., Negreiros, D., Cerabolini, B. E. L., Kattge, J., Diaz, S.,
Kleyer, M., ... Tampucci, D. (2017). A global method for cal-
culating plant CSR ecological strategies applied across bi-
omes world-wide. Functional Ecology, 31, 444-457. https://doi.
org/10.1111/1365-2435.12722

Putz, F. E.,, & Windsor, D. M. (1987). Liana phenology on Barro
Colorado Island, Panama. Biotropica, 19, 334-341. https://doi.
org/10.2307/2388631

Santiago, L. S., Pasquini, S. C., & De Guzman, M. E. (2015). Physiological
implications of the liana growth form. In S. A. Schnitzer, F. Bongers,


https://doi.org/10.1093/jxb/45.9.1245
https://doi.org/10.1093/jxb/45.9.1245
https://doi.org/10.1111/j.1654-1103.2009.01115.x
https://doi.org/10.1111/j.1654-1103.2009.01115.x
https://doi.org/10.1007/s11258-008-9503-1
https://doi.org/10.1007/s11258-008-9503-1
https://doi.org/10.3732/ajb.1600305
https://doi.org/10.1111/j.1365-2745.2012.01989.x
https://doi.org/10.1111/j.1600-0706.2012.20025.x
https://doi.org/10.1111/j.1600-0706.2012.20025.x
https://doi.org/10.1016/j.tplants.2012.09.008
https://doi.org/10.1016/j.tplants.2012.09.008
https://doi.org/10.1007/s11104-012-1567-y
https://doi.org/10.1086/283244
https://doi.org/10.1086/283244
https://doi.org/10.1111/jvs.12384
https://doi.org/10.1111/1365-2435.13011
https://doi.org/10.1111/1365-2435.13011
https://doi.org/10.1016/j.foreco.2010.01.008
https://doi.org/10.1016/j.foreco.2010.01.008
https://doi.org/10.1111/j.1466-8238.2010.00527.x
https://doi.org/10.18637/jss.v070.i01
https://doi.org/10.1111/j.1365-2745.2008.01430.x
https://doi.org/10.1111/j.1365-2745.2008.01430.x
https://doi.org/10.1002/ecy.1745
https://doi.org/10.1016/j.ppees.2006.10.002
https://doi.org/10.1016/j.ppees.2006.10.002
https://doi.org/10.1890/13-1775.1
https://doi.org/10.1890/13-1775.1
https://doi.org/10.1111/j.2007.0906-7590.05124.x
https://doi.org/10.1111/j.2007.0906-7590.05124.x
https://doi.org/10.1016/j.baae.2008.08.004
https://doi.org/10.1016/j.baae.2008.08.004
https://doi.org/10.1080/00103628409367568
https://doi.org/10.1080/00103628409367568
https://doi.org/10.1111/1365-2664.12464
https://doi.org/10.1111/1365-2664.12464
https://doi.org/10.1111/j.2041-210x.2012.00261.x
https://doi.org/10.1111/j.2041-210x.2012.00261.x
https://doi.org/10.1093/oxfordjournals.pcp.a076283
https://doi.org/10.1093/oxfordjournals.pcp.a076283
https://doi.org/10.1371/journal.pone.0118876
https://doi.org/10.1371/journal.pone.0118876
https://doi.org/10.1111/1365-2435.12722
https://doi.org/10.1111/1365-2435.12722
https://doi.org/10.2307/2388631
https://doi.org/10.2307/2388631

BITOMSKY ET AL.

10 )
—I— Journal of Vegetation Science %

R. J. Burnham, & F. E. Putz (Eds.), Ecology of lianas (pp. 288-298).
Oxford, UK: Wiley-Blackwell.

Schnitzer, S. A. (2015). Increasing liana abundance in neotropical for-
ests: Causes and consequences. In S. A. Schnitzer, F. Bongers, R. J.
Burnham, & F. E. Putz (Eds.), Ecology of lianas (pp. 451-464). Oxford,
UK: Wiley-Blackwell.

Schnitzer, S. A., & Bongers, F. (2002). The ecology of lianas and their role
in forests. Trends in Ecology and Evolution, 17, 223-230. https://doi.
org/10.1016/s0169-5347(02)02491-6

Valladares, F., Gianoli, E., & Saldafa, A. (2011). Climbing plants in a
temperate rainforest understorey: searching for high light or cop-
ing with deep shade? Annals of Botany, 108, 231-239. https://doi.
org/10.1093/aob/mcr132

Valladares, F., & Niinemets, U. (2008). Shade tolerance, a key plant fea-
ture of complex nature and consequences. Annual Review of Ecology,
Evolution, and Systematics, 39, 237-257. https://doi.org/10.1146/
annurev.ecolsys.39.110707.173506

Van Der Heijden, G. M. F., & Phillips, O. L. (2008). What controls liana
successinNeotropicalforests? Global EcologyandBiogeography, 17,
372-383. https://doi.org/10.1111/j.1466-8238.2007.00376.x

van der Maarel, E. (1979). Transformation of cover-abundance values in
phytosociology and its effects on community similarity. Vegetatio, 39,
97-114. https://doi.org/10.1007/bf00052021

Verbruggen, N., & Hermans, C. (2013). Physiological and molec-
ular responses to magnesium nutritional imbalance in plants.
Plant and Soil, 368, 87-99. https://doi.org/10.1007/s11104-013-
1589-0

Westoby, M. (1998). A leaf-height-seed (LHS) plant ecology
strategy scheme. Plant and Soil, 199, 213-227. https://doi.
org/10.1023/a:1004327224729

Wyka, T. P., Oleksyn, J., Karolewski, P., & Schnitzer, S. A. (2013).
Phenotypic correlates of the lianescent growth form: a review.
Annals of Botany, 112, 1667-1681. https://doi.org/10.1093/aob/
mct236

SUPPORTING INFORMATION

Additional supporting information may be found online in the

Supporting Information section at the end of the article.

Appendix S1. Summary of herbaceous habitats where at least one
vine occurred (Dataset 1).

Appendix S2. List of all vines native in the Czech Republic with an
indication of their presence in all datasets.

Appendix S3. Location and GPS coordinates of the experimental
sites in species-rich grasslands (Dataset 2).

Appendix S4. Vines' response to plant-available nutrients at the spe-
cies level (Dataset 2).

Appendix S5. Response of vines to plant-available Mg and K concen-
trations at species level in species-rich grasslands (Dataset 2).
Appendix S6. Results of the fourth-corner analyses within Fabaceae
(Dataset 2).

Appendix S7. Magnesium concentration gradients within the exper-
imental sites in species-rich grasslands (Dataset 2).

Appendix S8. Assessment of the model fit of linear versus phyloge-
netic linear models testing the trait differences of vines compared to

co-occurring herbs (Dataset 1).

How to cite this article: Bitomsky M, Mladkova P, Cimalova S,
Mladek J. Herbaceous climbers in herbaceous systems are

shade-tolerant and magnesium-demanding. J Veg Sci.
2019;00:1-10. https://doi.org/10.1111/jvs.12768



https://doi.org/10.1016/s0169-5347(02)02491-6
https://doi.org/10.1016/s0169-5347(02)02491-6
https://doi.org/10.1093/aob/mcr132
https://doi.org/10.1093/aob/mcr132
https://doi.org/10.1146/annurev.ecolsys.39.110707.173506
https://doi.org/10.1146/annurev.ecolsys.39.110707.173506
https://doi.org/10.1111/j.1466-8238.2007.00376.x
https://doi.org/10.1007/bf00052021
https://doi.org/10.1007/s11104-013-1589-0
https://doi.org/10.1007/s11104-013-1589-0
https://doi.org/10.1023/a:1004327224729
https://doi.org/10.1023/a:1004327224729
https://doi.org/10.1093/aob/mct236
https://doi.org/10.1093/aob/mct236
https://doi.org/10.1111/jvs.12768

Graphical Abstract

The contents of this page will be used as part of the graphical abstract of html only. It will not be published as part of main article.

Climbers in forests are more frequent in canopy gaps with high light and nutrient availability; however, in herbaceous systems, disturbances
are homogeneous. Vines were not associated with disturbance but were positively associated with the availability of external support and

magnesium. Vines cope with shade as they are taller, with greater seed mass and specific leaf area than co-occurring herbs.
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1 | INTRODUCTION

The concept of phylogenetic diversity has revolutionized research
in nature conservation and community ecology, as it enables the
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| Martin Duchoslav®

Abstract

Phylogenetic diversity quantification is based on indices computed from phylogenetic
distances among species, which are derived from phylogenetic trees. This approach
requires phylogenetic expertise and available molecular data, or a fully sampled
synthesis-based phylogeny. Here, we propose and evaluate a simpler alternative ap-
proach based on taxonomic coding. We developed metrics, the clade indices, based
on information about clade proportions in communities and species richness of a
community or a clade, which do not require phylogenies. Using vegetation records
from herbaceous plots from Central Europe and simulated vegetation plots based on
a megaphylogeny of vascular plants, we examined fit accuracy of our proposed indi-
ces for all dimensions of phylogenetic diversity (richness, divergence, and regularity).
For real vegetation data, the clade indices fitted phylogeny-based metrics very ac-
curately (explanatory power was usually higher than 80% for phylogenetic richness,
almost always higher than 90% for phylogenetic divergence, and often higher than
70% for phylogenetic regularity). For phylogenetic regularity, fit accuracy was habitat
and species richness dependent. For phylogenetic richness and divergence, the clade
indices performed consistently. In simulated datasets, fit accuracy of all clade indices
increased with increasing species richness, suggesting better precision in species-rich
habitats and at larger spatial scales. Fit accuracy for phylogenetic divergence and
regularity was unreliable at large phylogenetic scales, suggesting inadvisability of our
method in habitats including many distantly related lineages. The clade indices are
promising alternative measures for all projects with a phylogenetic framework, which
can trade-off a little precision for a significant speed-up and simplification, such as

macroecological analyses or where phylogenetic data is incomplete.

KEYWORDS
biodiversity, clade index, phylogenetic divergence, phylogenetic regularity, phylogenetic

richness

setting of conservation priorities or helps to identify which commu-
nity assembly processes may have structured a community (Faith,
1992; Webb, Ackerly, McPeek, & Donoghue, 2002). Phylogenetic
diversity estimation is based on phylogenetic distances (the

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.

© 2020 The Authors. Ecology and Evolution published by John Wiley & Sons Ltd.

Ecology and Evolution. 2020;00:1-11.

www.ecolevol.org 1


www.ecolevol.org
mailto:﻿
https://orcid.org/0000-0002-0022-8473
https://orcid.org/0000-0001-6248-4133
https://orcid.org/0000-0002-8553-8226
http://creativecommons.org/licenses/by/4.0/
mailto:bitomsky.martin@gmail.com

BITOMSKY ET AL.

ﬂ_wl LEy_Ecology and Evolution

Open Access,

amount of time since the most common ancestor of a pair of spe-
cies), which are derived from dated phylogenies. Researchers have
developed more than 70 metrics for quantifying alpha (within-site)
and beta (among sites) phylogenetic diversity, which are summa-
rized under several frameworks (Scheiner, Kosman, Presley, &
Willig, 2017; Tucker et al., 2017). It is worth noting that there is no
agreement on the best or the most suitable metric. Phylogenetic
diversity reflects diversification of lineages, geographic move-
ment of lineages, and deep-past and present assembly processes
(Gerhold, Carlucci, Proches, & Prinzing, 2018; Webb et al., 2002;
Yguel et al., 2016) that can be lineage specific (Elliott, Waterway,
& Davies, 2016; Ndiribe et al., 2013). Considering such complexity,
it is not possible to address phylogenetic patterns in communities
using only one number. Therefore, this plethora of metrics is in-
evitable because each metric was designed to capture a specific
aspect of phylogenetic diversity. Fortunately, various phyloge-
netic diversity metrics tend to correlate (Swenson, 2014; Vellend,
Cornwell, Magnuson-Ford, & Mooers, 2011) suggesting redun-
dancy of some of them, thus, there has been an attempt to select
a leading measure for each dimension of phylogenetic diversity
(richness, divergence, and regularity; sensu Tucker et al., 2017;
Table 1).

To construct dated phylogenies requires considerable effort,
and the whole process is affected by methodological biases and
subjective decisions (Jantzen et al., 2019; Li et al., 2019). Further,
calculated phylogenetic diversity metrics depend on the attributes
of phylogenies, such as the degree of balance, diversification
rate, resolution, taxon sampling, or tree reconstruction methods
(Jantzen et al., 2019; Park, Worthington, & Xi, 2018; Swenson,
2009; Vellend et al., 2011). Here, we propose and evaluate an ap-
proach based on the idea of considering species phylogeny as a
categorical variable (i.e., affiliation to a phylogenetic clade) rather
than continuous (i.e., phylogenetic distances among species). A
similar approach based on taxonomic relatedness (derived from
a hierarchical Linnaean classification with applied taxonomic
weights proportional to the level of the taxonomic rank two spe-
cies hold in common, i.e., genus, family, or order) has proven to
be useful to estimate biodiversity patterns in fish communities
(Campbell, Neat, Burns, & Kunzlik, 2010; Hall & Greenstreet, 1998;
Warwick & Clarke, 1995). There is also a clear parallel in functional
ecology, clades can be considered as analogous to plant functional
types (PFT) and their proportions can be utilized to indicate phy-
logenetic diversity of a community. Such a categorical approach to
phylogeny might be a tool for ecologists who are not specialists
in phylogenetics and might be useful in communities where some
taxa do not have available DNA sequences or in studies where
a little precision can be traded-off for significant speed-up and
simplification.

This framework certainly causes a loss of information as we
basically introduce a polytomy at a node of a defined clade, i.e.
the categorical approach still separates species according to their

clade affiliation, but it ignores phylogenetic information within

clades. On the other hand, there is some indirect support that this
loss of phylogenetic information within clades would have a mar-
ginal effect. Li et al. (2019) compared purpose-built phylogenies
(estimated from sequence data) with published synthesis-based
supertrees (which usually have more polytomies than the former)
and showed that phylogenetic diversity metrics computed from
both types of phylogenies were highly correlated. Cadotte (2015)
also demonstrated that changing branch lengths did not strongly
affect relationships between phylogenetic diversity and ecosys-
tem function, suggesting that phylogenetic diversity measures are
not so sensitive to the branch lengths of the phylogeny as long as
the topology is right. One important criterion for choosing among
metrics is their conceptual and mathematical simplicity (Vellend
et al., 2011). Therefore, if the categorical approach provides suf-
ficiently correlated values with other phylogeny-based measures,
than its use can be justified in order to simplify and speed-up phy-
logenetic diversity estimation.

The phylogenetic categorical approach cannot rely on phyloge-
netic distances, but we can include information about how clades
are represented in a community (presence and relative abundance)
to estimate its phylogenetic diversity. Consider a simple example
phylogeny of 10 species (Figure 1a), which covers all major clades
of the whole species pool of our first case study (Figure S1). We
simulated 1,000 communities where these 10 species occurred, but
we let their proportions in a community randomly vary. For each
community, we estimated phylogenetic richness, divergence, and
regularity (sensu Tucker et al., 2017) using a leading metric of each
dimension (see Methods for more information). Visual inspection
of phylogeny-based measures showed several interesting features.
Phylogenetic richness increased with increasing proportion of the
most distantly related species (Ranunculus repens in this case) in com-
parison with the rest of the species in the community (Figure 1b).
Phylogenetic divergence was relatively high when all defined clades
(i.e., monocots, Ranunculales, superrosids, and superasterids) had
equal proportions (Figure 1c). Finally, phylogenetic regularity was
relatively high (i.e., the variance of phylogenetic distances was low)
when the defined clades had proportions proportional to their rela-
tive species richness in the species pool (Figure 1d).

Based on the conclusions from the conceptual example de-
scribed above, we propose here three alternative measures, the
clade indices that do not require dated phylogenies for their compu-
tation, but instead they utilize information about clade proportions
in a community and species richness of a community or defined
clades (Table 2). We assessed their fit accuracy for leading phylog-
eny-based measures of the three dimensions of phylogenetic diver-
sity: richness, divergence, and regularity (sensu Tucker et al., 2017).
To do so, we examined the performance of the proposed clade in-
dices in two case studies, firstly with a dataset with a purpose-built
phylogeny (sensu Li et al., 2019) consisting of relatively small num-
ber of taxa in the species pool and second dataset with a synthe-
sis-based phylogeny (sensu Li et al., 2019) consisting of relatively

large number of taxa in the species pool. In this first case study,
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TABLE 1 Summary of three dimensions of phylogenetic diversity (defined by Tucker et al., 2017)

Dimension Richness Divergence Regularity

Leading metric Faith's phylogenetic diversity Mean pairwise distance (MPD) Variation of pairwise distances (VPD)
(Faith's PD)

Mathematical function Sum Mean distance Variation

Indicator of Total evolutionary history Similarity (phylogenetic relatedness) Distribution of phylogenetic similarity

Main use Conservation, predictor of future Proxy of trait similarity, test of Testing competitive interactions
evolutionary potential habitat filtering versus limiting

similarity
Example of a community Species-rich communities Clade-rich communities Communities with low asymmetric
with high value competition
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FIGURE 1 A conceptual example demonstrating how clade proportions (relative cover) affect values of leading metrics of all dimensions
of phylogenetic diversity (Faith's PD = richness, MPD = divergence, and VPD = regularity). (a) We randomly selected 10 species: two
monocots (Agrostis capillaris L. and Bromus erectus Huds.), one Ranunculales (Ranunculus repens L.), three superrosids (Fragaria viridis
Weston, Trifolium pratense L., and Vicia cracca L.), and four superasterids (Aegopodium podagraria L., Centaurea jacea L., Campanula patula

L., and Plantago major L.) in order to cover all major clades of the whole species pool (Figure S1). The number of species in each clade
approximately reflects relative species richness of clades of the species pool of the case study in species-rich grasslands. Then, we
simulated 1,000 communities using all the 10 species and let their proportions randomly vary. Phylogenetic richness, divergence, and
regularity were estimated for each simulated community. (b) Faith's PD particularly increased with increasing proportion of R. repens (i.e.,
the relatively most phylogenetically distant species compared to the rest). Distant branches contribute more to phylogenetic richness

as they are longer, suggesting that increase in their weight (reflecting species proportion in a community) also increases phylogenetic
richness of a community. (c) Histogram of simulated MPD values. MPD of a community when all four clades are equally abundant

(Prmonocots = Pranunculales = Psuperrosids = Psuperasterids) 1S indicated. (d) Histogram of simulated VPD values. VPD of a community when each species
has same proportion (i.e., proportion of each clade is equivalent to its relative species richness) is indicated

we also examined what clade resolution (at the super-order, order, of 31,389 vascular plants (Qian & Jin, 2016) to demonstrate how
and family level) for the clade index definition is the most suitable the clade indices perform at various phylogenetic scales (Graham,
in terms of fit accuracy for phylogeny-based measures. Secondly, Storch, & Machac, 2018), at different species pool sizes and along a

we used simulated community matrices based on a megaphylogeny species richness gradient.
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2 | MATERIALS AND METHODS

2.1 | Data collecting

The focus of the case studies was on herbaceous terrestrial sys-
tems. First, we used data from species-rich grasslands located in
two Protected Landscape Areas on the border between the Czech
Republic and Slovakia: Beskydy Mountains (N 49.45°, E 18.33°) and
White Carpathian Mountains (N 48.97°, E 17.82°). We collected veg-
etation records in 240 permanent plots (1 x 1 m in size) in 12 long-
term management experiments (hereafter exclosures) at six localities
(Table S1) in 2013. Community data included 171 plant species.
Second, we assembled vegetation plots from a stratified dataset (for
detailed information, see Chytry, Pysek, Tichy, Knollova, & Danihelka,
2005) extracted from the Czech National Phytosociological Database
(hereafter CNPD; Chytry & Rafajova, 2003). This dataset included
16,542 plots and 1,608 species and covered 26 Central European
herbaceous habitats (see Table S2 for a habitat classification). We
limited our analysis to herbaceous angiosperms that dominate all sys-
tems used in this study. In the grassland dataset, tree taxa were omit-
ted in theinitial phase of the vegetation recording, but this most likely
did not affect estimation of phylogenetic diversity as we found only a
few tree seedlings in a few plots. We deleted Pteridophyta from both
datasets, whereas gymnosperms did not occur in any dataset.

2.2 | Phylogenetic inference and molecular dating

Prior to the phylogenetic analysis, we checked species lists and
edited some species names in order to follow the NCBI nomencla-
ture. For the species-rich grasslands, we constructed a molecular-
based phylogeny for our 171 species using 20 orthologous loci
downloaded from GenBank (Benson et al., 2017) via an online tool
OneTwoTree (Drori et al., 2018). We used Piper nigrum L. from the

Magnoliids group (a sister clade to clades occurring in our dataset;

TABLE 2 Summary of the proposed clade indices

Index Equation Treatment

APG |V, 2016) as an out-group. Due to missing sequence data, we
replaced Potentilla heptaphylla L. with a relatively close congener
Potentilla crantzii (Crantz) Beck ex Fritsch (Dobes, Rossa, Paule, &
Hulber, 2013) that had available DNA data. Sequences were aligned
using a fast option (FFT-NS-2) in MAFFT (Katoh & Standley, 2013)
under default settings available at the OneTwoTree website (6mer
pairwise alignment method). The alignment was then cured using
the Gblocks online tool (under less stringent selection settings;
Castresana, 2000).

We constructed the dated tree using BEAST version 1.10.4
(Suchard et al., 2018) in the CIPRES portal (Miller, Pfeiffer, &
Schwartz, 2010). To do so, we manually set constraints accord-
ing to the APG IV angiosperm phylogeny (APG 1V, 2016) and set
the uncorrelated relaxed clock as a clock model, Yule process as a
speciation model and GTR+G+| (with four gamma categories) as a
nucleotide substitution model. To translate genetic distances into
absolute times, we exploited the TimeTree database (Kumar, Stecher,
Suleski, & Hedges, 2017) and set several time priors with normally
distributed errors (median and standard deviation computed from all
studies available in the TimeTree database reporting a given diver-
gence time estimate). We performed three independent runs (with
different starting seeds) for 100 million generations each. Finally, we
checked convergence in Tracer v1.7.1 (Rambaut, Drummond, Xie,
Baele, & Suchard, 2018) and combined all runs (10% generations as
a burn-in). The dated maximum clade credibility tree (Figure S1) was
sampled from 30,000 trees (10% trees as a burn-in).

For the species in the dataset from the CNPD, we extracted
species phylogeny from the dated supertree of the European flora
(Durka & Michalski, 2012) and followed their nomenclature.

2.3 | Phylogenetic diversity dimensions and metrics

We applied the framework of Tucker et al. (2017) and selected three

leading metrics describing three phylogenetic diversity dimensions:

Rationale

(a) Clade richness k

(b) Clade divergence

(c) Clade regularity

Iog(S)+3-Z

pi

CR;

Species-rich clades are penalized as they get
lower weight proportional to their clade
richness. Higher proportions of species-poor
clades increase the clade richness index
values

Larger deviations from optimal proportions
(i.e., 1/number of defined clades in the whole
species pool) decrease the value of the clade
divergence index. Scales from O to 1

Larger deviations from the optimal proportions
(i.e., clade species richness/total species pool
richness) decrease the value of the clade
regularity index. Scales from O to 1

Species from species-poor clades have higher
probability to be relatively phylogenetically
distant to the rest of a community and their
increasing proportion increases phylogenetic
richness of a community (Figure 1b)

Phylogenetic divergence tends to be close to its
peak when a community consists of all clades
of a species pool and their proportions are
equal (Figure 1c)

Phylogenetic regularity tends to be close to
its peak (the lowest VPD) when a community
consists of all clades of a species pool and their
proportions are proportional to their relative
clade richness given a species pool (Figure 1d)

Note: S = species richness of a plot; p; = proportion of the ith clade in a plot; CR; = species richness of the ith clade in the whole species pool (all
species in the dataset); CR¢,, = the number of all defined clades in the whole species pool; S¢;, = species richness of the whole species pool.
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richness, divergence, and regularity (Table 1). Faith's PD (Faith, 1992)
describes the amount of evolutionary history across species (sum of
branch lengths) and is a leading measure of phylogenetic richness.
Mean phylogenetic distance between each pair of species (MPD;
Webb et al., 2002) is a leading measure of phylogenetic divergence.
Variation of pairwise phylogenetic distances between each pair of
species (VPD; Clarke & Warwick, 2001) is a leading measure of phy-
logenetic regularity (lower variation indicates higher regularity). We
also identified species richness in each plot.

According to Vellend et al. (2011), one can distinguish two qual-
itatively different types of phylogenetic diversity indices. Faith's
PD, MPD, and VPD are type Il metrics which are calculated using
a subset phylogeny of a focal subset of species (e.g., a vegetation
plot). Type | indices are based on the whole species pool phylog-
eny; each species has its distinctness score calculated. These scores
are then used to calculate a phylogenetic diversity measure of a
plot (for example, summed evolutionary distinctiveness; Redding &
Mooers, 2006). However, type | indices are highly correlated with
Faith's PD (Vellend et al., 2011), suggesting they are closely related
to the phylogenetic richness dimension, and so we did not consider
them. We calculated indices using functions (pd and mpd) from the
picante package (Kembel et al., 2010). To compute VPD, we modi-
fied the mpd function to calculate the variation of pairwise phyloge-
netic distances (not the mean as in the original function). All metrics
were abundance weighted by percentage cover. To calculate abun-
dance-weighted Faith's PD (Barker, 2002), we used the R function of
Swenson (2014).

2.4 | Definition of the clade indices

Species affiliation to a clade was based on the recent APG IV clas-
sification (APG 1V, 2016). The proposed clade indices are summa-
rized in Table 2. They all need information about clade proportions
in a community (e.g., relative cover, biomass or abundances). The
key idea behind the clade richness index is to penalize proportions
of species-rich clades (by reverse clade species richness) because
species from species-rich clades are unlikely to be relatively dis-
tantly related to the rest of co-occurring species in a community.
By chance, more species from a species-rich clade can occur in a
community, which would decrease phylogenetic richness as these
species are relatively closely related. Species richness can be a
very good indicator of phylogenetic richness by its own (Swenson,
2014; Vellend et al., 2011); hence, it is useful to include it in the
equation (Table 2a). For phylogenetic divergence, when clades are
equally abundant in a community, phylogenetic divergence is close
to its peak (Figure 1c). Thus, any deviations from these equal pro-
portions should decrease phylogenetic divergence (Table 2b). For
instance, if all clades are present and have equal (i.e., optimal) pro-
portions, the clade divergence index equals one. Finally, the clade
regularity index has a similar computation to the clade divergence
index, but the optimal proportions are proportional to the relative

clade species richness (Table 2c). An R script for computation of
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the clade indices is stored in the supplemental dataset (https://
data.mendeley.com/datasets/gbv472pxsb/1).

2.5 | Performance of the clade indices: case studies

We did all statistical analyses and data simulations in R version
3.6.0. (R Core Team, 2019). Faith's PD was square-root trans-
formed, and VPD was log-transformed prior to the analysis. First,
we examined how the different phylogenetic resolutions affect
values of the clade indices and their correlations with phylog-
eny-based indices. To do so, we used the grassland dataset and
tested three clade resolutions: (a) super-order level (monocots,
Ranunculales, superrosids, and superasterids), (b) order (based on
affiliation to 20 orders), and (c) family (based on affiliation to 32
families). We calculated the clade indices and assessed their fit of
phylogeny-based indices using linear models (the Im function in R)
and estimated R? values. We also checked for the significance of
qguadratic terms. In the case of phylogenetic regularity, we used
generalized least squares models (the gls function, nime package;
Pinheiro, Bates, DebRoy, & Sarkar, 2019) to acknowledge hetero-
scedasticity (using the exponential variance class, varExp), which

we detected during the model diagnostics.

2.6 | Performance of the clade indices:
simulated datasets

Simulation workflow was specifically designed to cover several as-
pects that can affect phylogenetic diversity estimation, that is, taxon
sampling (Park et al., 2018), the number of taxa included in the re-
gional phylogeny (Jantzen et al., 2019) or species richness of a com-
munity (Sandel, 2018; Swenson, 2014). Thus, these factors could also
affect fit accuracy of the clade indices for all dimensions of phyloge-
netic diversity. The simulation workflow is summarized in Figure S2.
Simulation was based on a megaphylogeny of vascular plants (Zanne
et al.,, 2014, updated by Qian & Jin, 2016). We set three phylogenetic
scales: vascular plants, angiosperms, and superasterids. For each
phylogenetic scale, we set three species pool sizes: 2,000, 500, and
250 species. These species pools were created by randomly assign-
ing species from a given phylogeny (vascular plants, angiosperms, or
superasterids). For each combination of phylogenetic scale and spe-
cies pool size, we generated community matrices under several spe-
cies richness ranges: 10-160, 10-80, 10-40, 10-20, 5-10, and 2-5
species per community. For each species richness range, we gener-
ated 50 community matrices with 240 sites (same data size as in the
grassland case study). Species proportions in communities were ran-
dom but their sums were always one. In total, we generated 2,700
unique species pools with 2,700 unique corresponding community
matrices (900 for each phylogenetic scale).

For each community matrix, we computed both phylogeny-based
metrics (Faith's PD, MPD and VPD) and the clade indices. Then, we

performed linear models with phylogeny-based metrics as response
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variables and clade indices as explanatory variables and extracted
each models R? values. Faith's PD was always square-root trans-
formed; VPD was always log-transformed. To assess the importance
of all determinants potentially affecting the relationship between
phylogeny-based metrics and the clade indices, we calculated rel-
ative variances of R? values attributed to either phylogenetic scale,
species pool size or species richness range using the VarCorr func-
tion (nlme package, Pinheiro et al., 2019). The determinants were
hierarchically structured in the model random-effect formula (phy-

logenetic scale/species pool size/species richness range).

3 | RESULTS

For all phylogenetic diversity dimensions, fit accuracy of the clade
indices increased with fineness of phylogenetic resolution in spe-
cies-rich grasslands (Table S3); hence, we present here the clade
indices based on the resolution at the family level in all case studies
and simulated communities. For phylogenetic richness and diver-
gence, the fit was reasonably high and similar in both case studies
(Figure 2a-d), and in all herbaceous habitats (the CNPD dataset)
when fitted separately (Figures S3 and S4). For phylogenetic regu-
larity, fit accuracy increased with increasing values of the family
regularity index (Figure 2e,f) as the relationship was accompanied
with decreasing heteroscedasticity. Models are summarized in
Table S4.

Heteroscedasticity was mainly apparent in the CNPD dataset
(Figure 2f) at the left end of the clade regularity index gradient (a
range of values from 0.0 to 0.2, approximately). This was partly the
reason of habitat dependency because the clade regularity index
showed changeable fit accuracy across habitats (Table S5), and the
heteroscedasticity issues at the left end were mainly caused by sev-
eral habitats (Figure S5), such as C1 (surface standing waters) or C2
(surface running waters). Partly, the broader taxon sampling in the
CNPD phylogeny was the reason for a large range of VPD values
(approximately, three times higher than in species-rich grasslands).
The variance of VPD values was largest at the left end, where the
clade regularity index explained VPD less accurately (Figure 2f).
Nevertheless, R? rapidly increased (72.3%) when we only included
plots with the clade regularity index higher than 0.2 (93.8% of all
plots). For phylogenetic richness and divergence, fit accuracy across
habitats was usually similar (more than 70% for phylogenetic rich-
ness and more than 90% for phylogenetic divergence) with several
exceptions with lower R? values, such as H2 (screes) or E4 (alpine and
subalpine grasslands). Fit accuracy in all habitats is given in Table S5.

Simulated datasets revealed that species richness range was the
most important determinant of fit accuracy of the clade richness
index, while phylogenetic scale mainly affected fit accuracy of the
clade divergence and regularity indices, followed by species richness
(Table 3). Species pool size did not influence fit accuracy for any phy-
logenetic diversity dimension (Table 3). For phylogenetic richness
and regularity, R? values increased with increasing species richness
range (Figure 3a, Figure Séd,e). For phylogenetic divergence and

regularity, fit accuracy increased with decreasing phylogenetic scale,
R? was highest in community matrices sampled from the phylogeny
of superasterids (Figure 3b,c), while the clade indices for these two
dimensions were less reliable at the largest phylogenetic scale, that
is, vascular plants (Figure 3b,c). At smaller phylogenetic scales (angio-
sperms and superasterids), fit accuracy for phylogenetic regularity
also increased with increasing species richness range (Figure Séd,e),
but this was not the case when we sampled community matrices
using the whole phylogeny of vascular plants, that is, the largest phy-
logenetic scale considered (Figure Sé6f). Interestingly, the R? values
for phylogenetic divergence were generally lower compared with
the case studies where the family divergence index provided excep-
tional fit accuracy (95.8% and 94.4%), while the R? values very rarely
exceeded 80% in simulated communities and the average was only
39%. In general, fit accuracy tended to be lower in simulated com-
munities with low species richness, suggesting unreliability of the
clade indices as surrogates of phylogenetic diversity in species-poor

habitats or at very small spatial scales.

4 | DISCUSSION

We have shown that simple taxonomic coding at the family level
can be used to accurately indicate phylogenetic diversity in plant
communities. We propose three simple surrogates of phylogenetic
diversity, the clade indices, which only require information about
species affiliation to a clade and clade proportions in samples, while
phylogenetic distances among species are not necessary (Table 2).
Our indices provided an accurate fit to leading phylogenetic di-
versity metrics as shown for our two case studies: 1 x 1 m plots
from species-rich grasslands and phytosociological relevés of vari-
ous sizes from 26 Central European herbaceous habitats (Figure 2,
Figures S3-S5). Our simulations indicate that the clade indices are
highly correlated with phylogeny-based metrics in samples with 10
or more species (richness and regularity dimensions) and in species
pools sampled from relatively smaller phylogenetic scales, such as
angiosperms (estimated root age around 181 MYA, Kumar et al,,
2017) or hierarchically lower clades (divergence and regularity di-
mensions; Figure 3, Figure S6). Using phylogenetic trees definitely
provides the most detailed information about phylogenetic pat-
terns in communities, however, due to the lack of resources (time
or money) our proposed method can be used as a reliable proxy of
phylogeny-based measures.

Clade indices can be used to simplify some aspects of the whole
workflow behind phylogenetic diversity estimation. First, it enables
the speeding-up of vegetation recording for any project involving a
phylogenetic framework as species need to be correctly determined
only at the higher taxonomic level (but note that the clade richness
index requires species richness of a community for its computation).
This is a welcome simplification, especially when dealing with hard
to determine taxa. Second, phylogenetic diversity estimation using
the clade indices requires less effort, expertise, and cost, as there is

no need to obtain molecular data, performs a phylogenetic analysis
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and molecular dating (the latter is not necessary when phylograms
are used, i.e., branch lengths in units substitutions per site; but see
Jantzen et al., 2019 for discussion of how phylogenetic diversity mea-
sures can be affected by using either phylograms or dated phyloge-
nies). As discussed in Li et al. (2019), researchers have to decide what
markers (Which genes to select?) and methods to use (Alignment
method? Model of evolution? Maximum likelihood or Bayesian infer-
ence framework? What fossil constraints for molecular dating?). All
these difficult methodological decisions can be also avoided using
phylogenies pruned from supertrees, for example, Daphne (Durka
& Michalski, 2012) or the Open Tree of Life (Hinchliff et al., 2015),
which have been shown to provide estimates of phylogenetic diver-
sity well correlated to those derived from purpose-built phylogenies
(Li et al., 2019) and, additionally, have broader taxon sampling cov-
erage that is important to correctly estimate phylogenetic diversity
(Jantzen et al., 2019; Park et al., 2018). On the other hand, for many

2 L L L L L
0.8 00 02 04 06 08
Family regularity index

0.6

taxonomic groups, supertrees are poorly sampled and unavailable
(e.g., Daphne covers only a part of the European flora) or do not in-
clude branch lengths (Open Tree of Life) that need to be additionally
calculated (Li et al., 2019).

The larger CNPD phylogeny with a broader taxonomic sampling
created an almost three times larger range of VPD values in the CNPD
compared to the grassland dataset. Due to this issue, we particularly
encountered problems with heteroscedasticity. In species- and clade-
poor habitats, the fit was generally poor (Table S5, Figure S5). For
example, water habitats (C1 and C2) or carr and fen scrubs (F9.2) usu-
ally host specialized species from very few clades (e.g., Alismataceae
or Salicaceae, respectively). Phylogenetic regularity of communities
in these habitats will be highly dependent on the presence of other
arms from the angiosperm radiation, as more distantly related lineages
decrease phylogeny balance more than closely related ones, that is,

the degree to which branch points define subgroups of equal size
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(Heard, 1992). Vellend et al. (2011) provide relevant discussion of the
effect of tree imbalance on phylogenetic diversity assessment. Thus,
we suggest using the clade regularity index in relatively species-rich
communities where its values are higher than 0.2, and recommend the
estimation of phylogenetic regularity using phylogeny-based measures
in communities where the clade regularity index ranges from 0 to 0.2.
For phylogenetic richness and divergence, fit accuracy of the clade in-
dices was consistent across all the studied habitats (Table S5, Figures 2,
S3 and S4) and was, therefore, not affected by taxon sampling in the
case studies.

Simulated community matrices highlighted the effect of spe-
cies richness and phylogenetic scale on fit accuracy of the clade
indices (Table 3). Species richness affects the values of phyloge-
ny-based measures either directly or indirectly through shap-
ing their range of possible values (Swenson, 2014; Vellend et al.,
2011). In species-poor communities, the range of possible values

of phylogeny-based measures was relatively high (Figure S7), and

TABLE 3 Variance components of the hierarchically structured
factors used for generating artificial communities

Factor Richness Divergence Regularity

Phylogenetic scale <0.1 62.1 51.5

Species pool size <0.1 <0.1 <0.1

Species richness 86.8 20.2 33.7
range

Residual 13.2 17.6 14.8

Note: Values (%) depict relative variance of R? values (fit accuracy of

the proposed clade indices for all dimensions of phylogenetic diversity)
attributed to a factor. Phylogenetic scale reflects a clade used for
species pool generating (vascular plants, angiosperms, or superasterids).
A megaphylogeny of vascular plants was taken from Qian and Jin
(2016). Species pool size indicates the number of species in a regional
phylogeny (2,000, 500, or 250). Species richness range indicates a
range restricting the number of species in artificial communities (2-5,
5-10, 10-20, 10-40, 10-80, and 10-160). In total, 2,700 unique species
pools and corresponding community matrices were generated.

(a) Richness

(b) Divergence

the clade indices (richness and regularity) tracked this variance less
accurately (Figure 3a, Figure Séd,e). This suggests lower reliability
of our method at very small spatial scales where plots consist of few
species (<10). In contrast to species richness, increasing phyloge-
netic scale increases the possible range of phylogenetic distances
because more distantly related species can occur in a community.
As expected, fit accuracy for phylogenetic divergence and regular-
ity was better at smaller phylogenetic scales (superasterids and an-
giosperms). For phylogenetic divergence, we observed a disparity in
fit accuracy between case studies (substantial R? values) and simu-
lated community matrices (moderate R? values). This could be prob-
ably attributed to the simulation protocol. Simulated community
matrices were completely random in terms of species selection and
species proportions, which does not reflect nonrandom assembly
processes in nature. Sometimes, fit accuracy was greatly improved
by log-transforming MPD values, but this mainly depended on the
generated community matrix and we did not find consistent im-
provements after the log-transformation when comparing phyloge-
netic scales or species richness ranges. On the other hand, our case
studies indicate that the phylogenetic divergence index is a very
precise surrogate of MPD for real vegetation data (Figure 2c,d). In
summary, the results suggest we should expect tight correlations
between the clade indices and all dimensions of phylogenetic diver-
sity in angiosperm-dominated habitats where samples have more
than 10 species.

Community and phylogenetic data influence the computation,
behavior, or type | and Il errors of phylogenetic diversity estimates
(Cadotte et al., 2010; Miller, Farine, & Trisos, 2017; Tucker et al.,
2017; Vellend et al., 2011). Certain features need to be considered
when using clade proportions as an indicator of phylogenetic diver-
sity. First, an outcome is dependent on the type of community data
(presence/absence versus abundance weighted). Since the clade in-
dices proposed here require information about relative abundances,
they are not useful for presence/absence data. Second, phylogenetic

diversity is expected to provide additional information than species

(c) Regularity
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FIGURE 3 Major determinants of fit accuracy of the clade indices in simulated communities (species richness range for phylogenetic
richness and phylogenetic scale for divergence and regularity; Table 3). (a) Phylogenetic richness: Faith's PD against family richness index in
different species richness ranges, (b) phylogenetic divergence: MPD against family divergence index at different phylogenetic scales, and (c)
phylogenetic regularity: VPD against family regularity index at different phylogenetic scales
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richness and diversity. Usually, phylogenetic diversity metrics are
positively correlated with species richness (Faith's PD) or at least the
range of their possible values declines as the number of species in-
creases (MPD; Swenson, 2014). As expected, clade indices showed
the same decline of possible values with increasing species richness
(Figure S7). To account for possible bias due to species richness
variation, null models or rarefaction is recommended (Miller et al.,
2017; Sandel, 2018; Swenson, 2014). Both tools can be used to treat
species richness-dependence of clade indices. Finally, phylogenetic
resolution influences the performance of the clade-based approach.
As expected, our results indicate that increasing fineness of phy-
logenetic resolution increases the tightness of the relationship be-
tween phylogeny-based measures and clade indices (Table S3). This
agrees with case studies and simulated phylogenies that showed a
lower impact of the lack of resolution or poorly estimated branch
lengths at more recent nodes on phylogenetic diversity (Allen et al.,
2019; Swenson, 2009). Naturally, our method can be prone to tax-
onomic errors as it assumes proper species assignments to defined
taxonomic groups.

Our goal was to show the link between clade composition and
phylogenetic diversity. Our results suggest that the clade indices
proposed here, which are based on taxonomic resolution at the fam-
ily level, are a good indicator of all phylogenetic diversity dimensions
in angiosperm-dominated habitats with 10 and more species per
sampling unit (e.g., 1 m? or larger plots in grasslands). Even though
this study focused on vascular plants, our results should generalize
to any taxonomic group with a well-developed taxonomic classifica-
tion supported by molecular data. In general, if a taxonomic classifi-
cation of a group reflects current molecular phylogenies we should
expect close correlations between taxonomy-based metrics (e.g.,
this study, Warwick & Clarke, 1995) and molecular-based phyloge-
netic metrics. Our approach has a potential in studies working with
a lot of taxa when phylogenetic reconstruction might be very time-

and money-consuming.
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Abstract:

Plant community mycorrhization is a measure of the functional
composition of mycorrhizal status in vegetation. It is based on a
community weighted mean (CWM) approach which, however, is
controversial because it ignores within-site trait variation, might be
sensitive to phylogenetic autocorrelation and can have unacceptable
significance rates. Here, we propose a concept of community mycorrhizal
dispersion, i.e. a rate of within-site differences in mycorrhizal status, and
assess its ecological relevance. Using data from Central European
grasslands, Scottish coastal habitats and two approaches to assign plant
mycorrhizal status to species lists (empirical vs. taxonomic), we
decomposed the variation in mycorrhizal status (obligatory, facultative
and non-mycorrhizal plants) to within- and among-site components.
Additionally, we examined how community mycorrhization and
mycorrhizal dispersion are linked to phylogenetic diversity. Within-site
variation in mycorrhizal status was always at least 2.2 times (but mostly
nine times) larger than among site variation regardless of quadrat size or
mycorrhizal status assignment approach. Community mycorrhization and
mycorrhizal dispersion were usually tightly and non-linearly related to
phylogenetic diversity in both systems. The tightness of this relationship
could be explained by strong phylogenetic conservatism of mycorrhizal
status, while the non-linearity is probably the result of stabilising
selection that favours mycorrhizal symbiosis over mutualism
abandonment. However, mycorrhizal status assignment approaches
produced different results in some situations. We encourage future
studies to also focus on within-site variability in mycorrhizal status and
consider phylogenetic effects, because both aspects appear to be highly
relevant in herbaceous systems.
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ABSTRACT

Plant community mycorrhization is a measure of the functional composition of mycorrhizal
status in vegetation. It is based on a community weighted mean (CWM) approach which, however,
is controversial because it ignores within-site trait variation, might be sensitive to phylogenetic
autocorrelation and can have unacceptable significance rates. Here, we propose a concept of
community mycorrhizal dispersion, i.e. a rate of within-site differences in mycorrhizal status, and
assess its ecological relevance. Using data from Central European grasslands, Scottish coastal
habitats and two approaches to assign plant mycorrhizal status to species lists (empirical vs.
taxonomic), we decomposed the variation in mycorrhizal status (obligatory, facultative and non-
mycorrhizal plants) to within- and among-site components. Additionally, we examined how
community mycorrhization and mycorrhizal dispersion are linked to phylogenetic diversity. Within-
site variation in mycorrhizal status was always at least 2.2 times (but mostly nine times) larger than
among site variation regardless of quadrat size or mycorrhizal status assignment approach.
Community mycorrhization and mycorrhizal dispersion were usually tightly and non-linearly
related to phylogenetic diversity in both systems. The tightness of this relationship could be
explained by strong phylogenetic conservatism of mycorrhizal status, while the non-linearity is
probably the result of stabilising selection that favours mycorrhizal symbiosis over mutualism
abandonment. However, mycorrhizal status assignment approaches produced different results in
some situations. We encourage future studies to also focus on within-site variability in mycorrhizal
status and consider phylogenetic effects, because both aspects appear to be highly relevant in

herbaceous systems.

Keywords: arbuscular mycorrhiza, community mycorrhizal dispersion, community mycorrhization,

phylogenetic diversity, plant-fungal interactions, resource-acquisition strategies
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INTRODUCTION

Plant community mycorrhization is a relatively novel trait-based concept useful for
hypothesis testing related to the prevalence of mycorrhizal symbiosis in plant communities (Moora
2014). Plant species can be distinguished according to several mycorrhizal traits; but from a plant-
centric view, mycorrhizal status is often considered as the most important. Mycorrhizal status
denotes whether the roots of a plant species are consistently (obligatory mycorrhiza, OM),
sometimes, but not always (facultative mycorrhiza, FM) or never (non-mycorrhiza, NM) colonised
by mycorrhizal fungi in nature (Smith & Read 2008, Hempel et al. 2013, Moora 2014). So far,
changes of community mycorrhization or distributions of OM, FM and NM plants have been linked
to plant diversity (Gerz et al. 2016), soil conditions and age (Read 1991, Peat & Fitter 1993,
Lambers et al. 2008, Craine 2009, Hempel et al. 2013, Gerz et al. 2016), habitat type (Peat & Fitter
1993, Brundrett & Tedersoo 2018), land use (Gerz et al. 2019), climate (Menzel et al. 2016),
elevation or latitude (Bueno et al. 2017). Quantitative community studies addressing the prevalence
of mycorrhizal symbioses are rapidly emerging, however, there is no study, which examines
potential analytical shortcomings.

Community mycorrhization is an estimate of functional composition based on the CWM
approach (Lavorel et al. 2008), i.e. community means of mycorrhizal status weighted by plant
species abundances (Moora 2014). However, the CWM approach has been recently questioned as it
can produce inconsistent parameter estimation and inflated Type I error rates (Peres-Neto et al.
2017), but note that this also depends on underlying assumptions about the link of species or sample
attributes to species composition (i.e. the hypothesis in question; Zeleny 2018). In other words,
some studies might have provided too optimistic statistical support for the relationship between
community mycorrhization and environmental gradients when, in fact, there is no relationship.
More importantly, current research has so far focused solely on differences of community

mycorrhization among sites, but there is little evidence regarding the drivers of within-site variation
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of mycorrhizal traits. This component of trait variation could be very important as there are
systems, such as phosphorus-impoverished old soils in Australia (Lambers et al. 2008) where both
mycorrhizal and NM plants can coexist via facilitation of P acquisition by mycorrhizal plants by
neighbouring non-mycorrhizal, cluster-rooted plants (Lambers et al. 2018), or tundra assemblages
with coexisting OM plants (Betula and Vaccinium) and NM sedges (Craine 2009). In general,
within-site trait variability can be relatively higher than the trait variability among sites (Gallagher
& Leishman 2012, Pescador et al. 2015, Peres-Neto et al. 2017). With respect to nutrient-
acquisition strategies, Zemunik et al. (2015) found high functional diversity especially in nutrient-
poor soils. Thus, even if there is a significant relationship between mycorrhizal status and the
environment, in fact, it can only describe a portion of the total trait variability as it ignores the
within-site component.

Phylogenetic autocorrelation is an important aspect of community-level analyses that should
be considered prior to all trait-environment relationship testing (de Bello et al. 2017, Duarte et al.
2018). This is especially relevant for mycorrhizal traits, which are usually strongly phylogenetically
structured. For example, orchid and ericoid mycorrhizal types are unique for most species in the
Orchidaceae and Ericaceae, respectively (Brundrett & Tedersoo 2019). Mycorrhizal status tends to
be usually conserved at the family level, but there are some exceptions (see Brundrett & Tedersoo
2019, Bueno et al. 2019a,b). This phylogenetic dependency might inflate type I errors in the
mycorrhizal status-environment association when species distributions also show a phylogenetic
signal even though mycorrhizal status may not be ecologically related to the studied environmental
gradient (Duarte et al. 2018). Thus, analyses addressing patterns of community mycorrhization
should be phylogenetically informed because the factors of interest might actually drive changes of
phylogenetic structure and changes in community mycorrhization might be just a side effect. In
addition, decoupling trait and phylogenetic information can uncover some hidden signals

underlying species coexistence and turnover (de Bello et al. 2017). Nevertheless, the trait
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dependency on phylogeny is still challenging to interpret because it is dependent on spatial scale,
number of traits measured, mode and rate of trait evolution or variation in species richness and
evenness (Pavoine et al. 2013, Tucker et al. 2018), and the evidence on correlations between
functional (FD) and phylogenetic diversity (PD), i.e. the PD-FD relationship, is mixed (Cadotte et
al. 2019).

Given the described inherent limitations of the CWM approach when studying mycorrhiza at
the plant community level, we aim to draw attention to community mycorrhizal dispersion, i.e. a
concept that attempts to indicate a rate of within-site dissimilarity in mycorrhizal status (Table 1).
To demonstrate this approach, we used two geographically, environmentally and ecologically
different herbaceous systems: semi-natural grasslands (Central Europe) and coastal habitats (dunes
and machair, a type of calcareous coastal grassland, in Scotland). The overall mycorrhization in
grasslands is expected to be relatively high as these systems are usually dominated by OM plants
(Hartnett & Wilson 2002). Additionally, OM plants are more frequent in Central Europe (Bueno et
al. 2017). On the other hand, OM plants are less frequent in Scottish coastal habitats, possibly due
to higher latitude, disturbance and moistness (Peat & Fitter 1993, Hempel et al. 2013, Bueno et al.
2017).

First, we evaluated the ecological relevance of the within-site variability in mycorrhizal
status at various spatial scales in both systems. To do so, we computed within- and among-site
variability in mycorrhizal status using the partitioning framework proposed by Peres-Neto et al.
(2017). Second, we examined how community mycorrhization and mycorrhizal dispersion are
related to phylogenetic diversity in both systems. For community mycorrhizal dispersion, the nature
of the PD-FD relationship depends on the mode and rate of trait evolution (Tucker et al. 2018), thus,
we also estimated transition rates among OM, FM and NM states to examine potential evolutionary
persistence of mycorrhizal status and system-dependent differences in mycorrhizal status evolution

in both regional species pools. Natural selection is more likely to favour the ability to form
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108 mycorrhiza rather than mutualism abandonment because evolutionary shifts (measured as transition
109 rates) towards OM or FM are more frequent in seed plants (Maherali et al. 2016). Due to this
110  stabilising selection, we expected a non-linear saturating curve (similar to logarithmic increase) to
111 fit the PD-FD relationship (as in the case of the continuous trait divergence constrained by
112 stabilising selection, Tucker et al. 2018).

113

114 MATERIALS AND METHODS

115 Vegetation recording

116 For the semi-natural grasslands, we collected data during two vegetation surveys in 12
117  experimental sites (Beskydy Mountains, N 49.45°, E 18.33°; and White Carpathian Mountains,
118 N 48.97°, E 17.82°) in the Czech Republic. Sites are characterised as mesic meadows and pastures,
119 and broad-leaved semi-dry and submontane grasslands (alliances: Arrhenatherion elatioris,
120 Cynosurion cristati, Bromion erecti and Violion caninae). During the first survey (summer 2013),
121 we recorded 240 permanent quadrats. We specifically designed data collection to address spatial
122 scale effects. To do so, we used three quadrat sizes (a nested-plot design): 0.33 m x 0.33 m, 0.67 m
123 x 0.67 m and 1 m x 1m. Quadrats were under four management treatments (abandoned, spring
124  grazing, grazing + spring burning, mowing in mid-July). During the second survey (summer 2018),
125 we recorded 110 mown quadrats (1 m x 1 m) in 11 experimental sites. In both surveys, we visually
126  estimated species’ percentage cover. The second dataset consisted of vegetation records from a
127 2009-2011 resurvey of coastal systems around Scotland, UK. Data collection is fully explained in
128  Pakeman et al. (2015). The quadrat size was 5 m x 5 m, the number of plots was 1462 from these
129  habitat classes (following Pakeman et al. 2015; number of quadrats in parentheses): acid grassland
130 (64), cliff (35), fixed dune (619), heath (86), improved grassland (26), mobile dune (80), salt marsh
131 (43), scrub (26), semi-fixed dune (35), slack (117), strand (13), tall grass mire (45), unimproved

132 grassland (53), wet grassland (61), wet heath (23) and 136 quadrats were not assigned to this
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classification. In total, both datasets consisted of 457 species, 171 for semi-natural grasslands and

386 species for coastal habitats. Both datasets shared 100 species.

Phylogenetic analysis

To get DNA sequence data, we used an online tool OneTwoTree (Drori et al. 2018), which
yielded a set of 17 markers (data DOI). The sequences were aligned in MAFFT (Katoh & Standley
2013) and the alignment was cured to eliminate poorly aligned and divergent regions using GBlocks
(Castresana 2000). Then, we performed a maximum likelihood (ML) analysis using the RaxML-
HPC2 program (Stamatakis 2014) on the CIPRES portal (Miller et al. 2010). We selected a moss
Physcomitrella patens as an outgroup, set the GTRGAMMA model and provided a backbone tree
created at the www.timetree.org website (Kumar et al. 2017) prior to the analysis. The tree with the
best likelihood score was then selected as the optimal tree.

To obtain the dated phylogenetic tree, we translated genetic distances into absolute times in
BEAST v1.10.4 (Suchard et al. 2018) using the best ML tree as a starting tree. We set an
uncorrelated relaxed clock as the clock model, Yule process as a speciation model and GTR+G+I
(with 4 gamma categories) as a nucleotide substitution model. To translate genetic distances into
absolute times, we exploited the TimeTree database (Kumar et al. 2017) and set several time priors
with normally distributed errors (median and standard deviation computed from all studies available
in the TimeTree database reporting a given divergence time estimate). Then we performed three
independent runs (with different starting seeds) for 150 million generations each. Then we checked
convergence in Tracer v1.7.1 (Rambaut et al. 2018) and combined all runs (10% of generations
used as a burn-in). The dated maximum clade credibility tree was sampled from 30 000 trees (10%
trees as a burn-in). Originally, the above described phylogenetic analysis was for the purposes of a
different analysis that was based on 506 species, thus we pruned this larger phylogeny to get the

regional phylogeny of Scottish coastal habitats (386 species). We took advantage of this broader
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158 taxon sampling in order to mitigate the effect of under sampling that can lead to an underestimation
159  of divergence times and phylogenetic diversity (Park et al 2018). The phylogeny of 171 species
160  occurring in the grassland dataset was taken from Anonymous (2020), which followed very similar
161  phylogenetic analysis protocol but was based on 20 DNA markers, hence, we prioritised this tree.
162 Both phylogenies with depicted NM and FM families are shown in Figs. S1, S2.

163

164 Mycorrhizal status data

165 There is an ongoing discussion about certain concepts underlying mycorrhizal traits
166  (Brundrett & Tedersoo 2019; Bueno et al. 2019a,b). Brundrett & Tedersoo (2019) recently pointed
167 out that host species lists contain errors, such as reported mycorrhiza in families with well-
168 documented NM status (e.g. Brassicaceae, Caryophyllaceae or Juncaceae). Mycorrhizal status is
169  usually consistent at the family level (taxonomic approach, Table 1), but plants from NM families
170 can become colonised by mycorrhizal fungi under some conditions (e.g. in Brassicaceae, Cosme et
171 al. 2018). Some authors argue that these inconsistencies are the result of technical misdiagnosis and
172 empirical data should be checked against the standard reference based on family mycorrhizal status
173 (Brundrett & Tedersoo 2018, 2019). On the other hand, the taxonomic approach assumes strong
174  phylogenetic conservatism and may conflict with empirical data or neglect relevant evolutionary
175 and ecological processes at the species level (Cosme et al. 2018, Bueno et al. 2019a,b). These
176  conceptual differences can be summarised to two main methods: the approach based on empirical
177  information and the approach based on taxonomy (Bueno et al. 2019b). Both approaches (hereafter
178  referred to as the empirical or taxonomic approach, respectively) have some pros and cons and
179 assume that either all accumulated empirical data are correct or that mycorrhizal status is
180 completely conserved at the chosen taxonomic level (discussed in detail in Bueno et al. 2019b).
181  Unfortunately, both approaches can provide very different mycorrhizal status estimates, especially

182 in the case of FM (91% of species mismatched in a European dataset, Bueno et al. 2019b). Since
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there is clearly no agreement on what approach is likely more precise, we believe it is better to
evaluate results using both approaches to avoid biased conclusions.

We grouped plant species into the three categories: OM, FM and NM plants. This
classification has proved to be useful in various plant-centric ecological or biogeographical studies
of mycorrhiza (e.g. Hempel et al. 2013, Menzel et al. 2016, Bueno et al. 2017). In grasslands,
further classification according to mycorrhizal type is not particularly helpful, because arbuscular
mycorrhiza (AM) dominates here. Additionally, AM is considered as the only mycorrhizal type
where FM can appear, while all other mycorrhizal types, such as orchid and ericoid mycorrhiza, are
considered as OM plants (Moora 2014). The most dominant grasses are usually OM plants (Hartnett
& Wilson 2002). Both empirical and taxonomic mycorrhizal status assignments for all species were
taken from Bueno et al. (2019b). For several missing species we obtained the empirical mycorrhizal
statuses from the MycoFlor database (Hempel et al. 2013) using the 7R8 package (Bocci 2015),
while the taxonomic mycorrhizal statuses were taken from Brundrett and Tedersoo (2019). In total,
the empirical approach indicated 198 OM, 216 FM and 43 NM plants, while the taxonomic
approach indicated 336 OM, 41 FM and 80 NM plants in our species list (data DOI).

The mismatch rate between both assignments was 48%. As expected, almost all of the 220
mismatched species were linked to facultative mycorrhiza (FM-OM and FM-NM mismatches).
Because of the substantial presence of mismatched species, we tested whether the mismatches
(described as a binary variable: 0/1) are phylogenetically correlated, which would indicate the
presence of some problematic phylogenetic groups where both assignment approaches provide
different results. To do so, we estimated phylogenetic signal as the alpha parameter of the
phylogenetic logistic regression (Ives & Garland 2010) using the phylogim function (the phylolm
package, Ho & Ané 2014) in both regional species pools. In grasslands, the alpha estimate reached
its upper bound, suggesting negligence of phylogenetic correlation (Ives & Garland 2010) and,

therefore, random occurrence of mismatches across the tree. In coastal habitats, we detected low
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208 phylogenetic signal (alpha = 0.12). For example, the mismatch rates were over 70% in some more
209 abundant families, such as Brassicaceae, Campanulaceae, Chenopodiaceae, Juncaceae or
210  Polygonaceae (Table S1).

211

212 Data processing

213 We did all analyses in R version 3.6.0. (R Core Team 2019). We followed the usual
214 numerical coding of mycorrhizal status: NM plants = 0, FM plants = 0.5 and OM plants = 1 (Moora
215 2014, Gerz et al. 2016, 2019). To some extent, this numerical coding could be an oversimplification
216  as the trait distances between NM-FM and FM-OM plants are assumed to be equal (0.5), while the
217 real functional (and genetic) distance between FM and OM plants is probably smaller because both
218  strategies possess traits (and genes) required for a mutualistic association. Some studies focusing on
219 the species level response use categorical coding (e.g. Hempel et al. 2013). Nevertheless, the
220 numerical coding is convenient for the quantification of functional dispersion and for the
221 community-level focus of this study.

222 To examine the relevance of within- and among-sites variation in mycorrhizal status in all
223 studied systems, we used the TraitEnvCor function provided by Peres-Neto et al. (2017), which
224  enabled us to obtain percentage values of both components. We defined within-site variability as
225 the trait variability within the surveyed quadrats and computed percentage variances using
226 community and trait matrices for all quadrat sizes and occurring species and both mycorrhizal status
227 assignment approaches. We used both abundance (relative cover) and presence/absence community
228 matrices.

229 To examine how community mycorrhization and community mycorrhizal dispersion are
230 related to phylogenetic diversity, we calculated empirically based and taxonomically based
231 community mycorrhization index (CWM) for each plot, following Moora (2014). To estimate

232 community mycorrhizal dispersion (empirically and taxonomically based) and phylogenetic

10
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diversity, we computed abundance-weighted mean functional (MFD) and mean phylogenetic
(MPD) distances (Weiher et al. 1998, Webb et al. 2002, Swenson 2014) using the mpd function (the
picante package, Kembel et al. 2010). Both CWM and MFD scale from 0 to 1. As MFD and MPD
average across all species pairs, they both describe basal functional and phylogenetic components
that do not reflect distances among the closest relatives, i.e. the terminal diversity (Swenson 2014).
Nevertheless, the basal component is appropriate for our data because shifts in mycorrhizal status
tend to appear at least at the family level (Brundrett & Tedersoo 2019). For this analysis, we
combined data on 1 m x 1 m quadrats from both grassland surveys (350 plots in total) and 5 m x 5
m quadrats from the survey of coastal habitats (1462 plots in total).

Visual data inspection revealed non-linearities, thus, we fitted generalised additive models
(GAMs) using the mgev package (Wood 2017) with restricted maximum likelihood (REML) and
with applied weighting on each quadrat in order to account for uncertainty of the quantification of
community mycorrhization and mycorrhizal dispersion caused by mismatched species (empirical
vs. taxonomic approach). Weights were simply defined as 1 — proportion of mismatched species in
a quadrat. Models were checked visually and by the gam.check function, and were fitted separately
for each mycorrhizal assignment approach and dataset (four models in total). Additionally, we
compared community mycorrhization index and MFD values based on the empirical and taxonomic
approach using paired t-tests.

We also examined the evolutionary flexibility with which plants from the given regional
species pool can switch between different mycorrhizal statuses. Considering alternative models of
trait evolution can generate testable predictions and new insights into the interactions between
ecology and evolution, such as the nature of the PD-FD relationship (Cadotte et al. 2018, Tucker et
al. 2018). Mycorrhizal status is a discrete trait so we considered a macroevolutionary ARD (“all
rates different”) Mk model (Lewis 2001, Harmon 2019) as the transition rates among mycorrhizal

statuses tend to be highly asymmetric at various phylogenetic scales (Maherali et al. 2016). To

11
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258 reduce the number of parameters that need to be estimated, we a priori set the NM-OM transition
259 rate to zero because this transition is very rare and unlikely due to the loss of genes responsible for
260 the plant-mycorrhiza symbiosis in NM plants (Delaux et al. 2014, Maherali et al. 2016). Therefore,
261  we estimated five out of six transition rates (instantaneous rates of change among all possible states;
262 Pennell et al. 2014, Harmon 2019) possible: FM-OM, OM-FM, NM-FM, FM-NM and OM-NM.
263 The switches are in descending order according to their commonness in seed plants (Maherali et al.
264 2016). We also evaluated the adequacy of the Pagel’s transformations of branch lengths (lambda,
265 delta and kappa; Pagel 1999, Harmon 2019) by an AIC comparison. We used the fitDiscrete
266 function in geiger (Pennell et al. 2014) and set 500 iterations. For the lambda model, we set 1100
267 iterations because a half of the iterations tended to fail in several independent runs. The transition
268 rates were compared between the empirical and taxonomic approach and between both regional
269  species pools.

270

271  RESULTS

272 Within-site variation in mycorrhizal status was at least 2.2 times higher than among sites
273 (Table 2) and mostly at least nine times higher for the taxonomic approach (Table 2b). For the
274  empirical approach, within-site variation tended to increase with increasing quadrat size in
275  grasslands; while for the taxonomic approach, the highest within-site variation was in quadrats of
276  the size of 0.67 m x 0.67 m. When considering the presence/absence data, the within-site variability
277 was always higher than 94% regardless of quadrat size, dataset or mycorrhizal status assignment
278  approach (Table 2).

279 Community mycorrhization and mycorrhizal dispersion were related to phylogenetic
280 diversity non-linearly in both systems, except for the taxonomic approach in semi-natural
281 grasslands where we found a very weak linear relationship (Table S2). For community

282 mycorrhization (CWM) and MPD, we observed a unimodal-like relationship (Fig. 1a). At both ends

12
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of the CWM gradients, MPD tended to be lower, while quadrats with higher MPD tended to retain a
narrow range of CWM values (approximately 0.65-0.85). Phylogenetically diverse quadrats were
unlikely to have either extremely low or high community mycorrhization. For community
mycorrhizal dispersion (MFD), we found a positive non-linear relationship with MPD, similar to a
logarithmic increase (Fig. 1b). In particular, MPD rapidly increased when MFD was low
(approximately 0.0-0.2), while it tended to be relatively constant when MFD was high.

Importantly, the mycorrhizal indices were highly affected by the input mycorrhizal status
data. On average and across all quadrat sizes, the taxonomic approach produced 1.45 times (by 0.28
units) higher values of community mycorrhization than the empirical approach, while the empirical
approach produced 4.90 times (by 0.26 units) higher values of community mycorrhizal dispersion
than the taxonomic approach (Table S3). For grasslands, the taxonomic approach produced a very
narrow range of CWM and MFD values. This dataset was not suitable for modelling and the overall
explanatory power was very low (Table S2).

For the empirical approach, lambda transformed Mk models had the best fit in both
grasslands (A = 0.76) and coastal habitats (A = 0.88; Table S4). For the taxonomic approach, non-
transformed models with constant rate (equivalent to A = 1.00) performed best in both regional
species pools (Table S4). Both mycorrhizal status assignment approaches suggested very different
transition rates within regional species pools (Fig. 2a,c). However, the NM-FM, FM-OM and OM-
FM transition rates tended to be, on average, higher than the rest of mycorrhizal status changes,
consistently in both regional phylogenies and for both mycorrhizal status assignment approaches.
Even though the estimated transition rates among mycorrhizal statuses were generally lower in
coastal habitats (Fig. 2a,c), probably due to higher tree height, it did not affect the nature of the
relationships between CWM, MFD and MPD as those relationships exhibited similar non-linear
trends (Fig. 1). Both species pools had similar proportions of OM and FM plants, while NM plants

were approximately 1.85 times more frequent in coastal habitats (Fig. 2b,d).

13
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308

309 DISCUSSION

310 We have shown that the within-site variability in mycorrhizal status is ecologically more
311 relevant that the variability among sites in grassland and coastal habitats (and most likely in other
312 herbaceous systems), regardless of quadrat size or mycorrhizal assignment approach. The trait
313 variation decomposition (Peres-Neto et al. 2017) consistently indicated that the CWM approach,
314 which exclusively focuses on the among-sites trait variation, only describes at least a 2.2 times (but
315 mostly at least a nine times) smaller portion of the total variation in mycorrhizal status (Table 2),
316  while the majority of mycorrhizal status variation lay within sampled quadrats, i.e. sites (Table 2).
317 At first glance, this finding seems to be surprising, because the majority of studies has attributed
318 variability of mycorrhizal symbiosis to environmental factors that play a role at larger spatial scales.
319 For example, the ability to form mycorrhiza is considered as an adaptation to low nutrient supply
320 (Read 1991, Craine 2009) and is expected to be associated with habitat or nutritional specialization,
321 e.g. FM plants are disturbance opportunists, halophytes or aquatic plants, while NM plants are
322 epiphytes or parasites (Brundrett & Tedersoo 2018). However, there is a clear bias in the ecological
323 literature towards studying changes of community mycorrhization along various ecological
324 gradients (Lambers et al. 2008, Gerz et al. 2016, 2019) or distribution patterns of mycorrhizal status
325 categories (Hempel et al. 2013, Menzel et al. 2016, Bueno et al. 2017). These approaches only focus
326 on the among-sites component and ignore the within-site trait variation, which can be higher as has
327 been shown for various plant traits (e.g. Gallagher & Leishman 2012, Pescador et al. 2015, Peres-
328 Neto et al. 2017). This perspective opens new research possibilities, such as testing the importance
329  of environmental factors and biotic interactions (competition or facilitation) in shaping within-site

330 variability in mycorrhizal status, or resource-acquisition strategies in general (see Zemunik et al.

331 2015, Lambers et al. 2018).
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Based on these findings, we encourage the consideration of the concept of community
mycorrhizal dispersion in ecological studies. Community mycorrhizal dispersion indicates a within-
site rate of mycorrhiza-based resource-acquisition strategies and can be estimated via MFD (this
study) or other various functional dispersion measures (Zemunik et al. 2015). This concept also has
some analytical advantages (besides focusing on key trait variability component) that are rarely
used for the CWM approach. In our data, we mostly observed decreasing heteroscedasticity (the
scale parameter computed by the gamlss function, Rigby & Stasinopoulos 2005) of CWM and MFD
with increasing species richness (Table S5, Fig. S3). In species-rich quadrats, only a small range of
CWM or MFD values is possible, suggesting that null model corrected versions of CWM and MFD
might be more appropriate to treat for the species richness dependence (Swenson 2014). Further,
trait distances can be decoupled from phylogeny (de Bello et al. 2017). Decoupling can give more
importance to trait differentiation within a set of closely related species (de Bello et al. 2017), this
was the case in grasslands where standardised effect sizes (SES) of decoupled MFD tended to
produce higher values than SES of MFD (Fig. S4). For some analytical purposes, evolutionary
legacy in non-decoupled trait distances might be considered as a confounding factor and given that
community mycorrhization and mycorrhizal dispersion seem to be (non-linearly) linked to
phylogenetic diversity (Fig. 1), a decoupling framework might prove to be useful.

Both measures of within- and among-site variation of mycorrhizal status were non-linearly
linked to phylogenetic diversity. For community mycorrhization, we observed a plateau of maximal
MPD values within a narrow interval of CWM (Fig. 1a), while both ends of the CWM gradient
tended to have lower phylogenetic diversity. This suggests possible bias in phylogenetically diverse
habitats and at very large quadrat sizes, where the among-site variability of community
mycorrhization can be relatively low and narrowly distributed around some convergence value.
This could be the reason for lower among-site variability in our datasets. For community

mycorrhizal dispersion, we found a rapid non-linear increase of MPD when MFD values were
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357 relatively low (Fig. 1b), but the effect decreased (and sometimes fluctuated) when MFD was high.
358 In general, this result is in concordance with most studies testing the links between phylogenetic
359 and functional diversity, as positive relationships are more frequent in nature (Cadotte et al. 2019).
360 Tucker et al. (2018) examined how a rate of increase of functional richness per unit of phylogenetic
361 richness (measured as Faith’s PD; Faith 1992) is dependent on tempo and rate of trait evolution, and
362 showed that positive saturating curves fit the PD-FD relationship for simulated continuous traits
363 according to the Orstein-Uhlenbeck (OU) model. As expected, our models in both datasets (except
364 for the taxonomic approach in grasslands) suggest similar curves. Stabilising selection, which
365 favours mycorrhizal symbiosis over mutualism abandonment as suggested by estimated transition
366 rates in this study (Fig. 2a,c) and in Maherali et al. (2016), could be the reason of the observed non-
367 linear PD-FD relationship.

368 The largest source of variation of tested patterns in this study were clearly differences
369 between mycorrhizal status assignment approaches (Table S3). The empirical approach probably
370 overestimated the number of FM plants (Table S1). It seems to be unlikely that 47% of all plants
371 have FM status because such high proportion of FM is not usually reported in seed plants (Maherali
372 et al. 2016, Brundrett & Tedersoo 2018, 2019). The FM strategy is usually associated with habitat
373 specialisation (Brundrett & Tedersoo 2018) but our dataset consisted of mostly common herbaceous
374 plants. The taxonomic approach assigned OM status to 74% of all plants, which is close to the
375 recent estimate of global proportion of vascular plants forming the arbuscular mycorrhizal
376  symbiosis (72%, Brundrett & Tedersoo 2018). Unfortunately, there is no agreement on which host
377 species lists are more precise, and the whole topic is currently under hot debate (Brundrett &
378 Tedersoo 2018, 2019, Bueno et al. 2019a,b), needless to say that the mismatch rate between both
379 approaches is very disturbing (Table S1). In addition, both approaches suggest quite different
380 evolution of mycorrhizal status in our regional species pools in terms of transition rates and the

381 evolutionary model (Fig. 2, Table S4). Fortunately, both assignment approaches support the key
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400
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404

findings of this study that the within-site variation of mycorrhizal status matters more than the
among-sites component, as well as both approaches mostly suggest similar curves (except for the
taxonomic approach in grasslands) fitting the relationships between community mycorrhization,

mycorrhizal dispersion and phylogenetic diversity.
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Table 1 Overview of the terminology used in this study.

Term Explanation References

a) data related

Empirical mycorrhizal

status assignment approach Uses available empirical information on Bueno et al. (2017,
(referred here as the mycorrhizal status 2019b)

empirical approach)
Taxonomic mycorrhizal

status assignment approach Mycorrhizal status based on affiliation to a

(referred here as the
taxonomic approach)

b) analysis related

Brundrett & Tedersoo
(2019)

family Bueno et al. (2019b)

Community mean of mycorrhizal status weighted
by plant species relative abundances: a measure
of functional composition of a community.

Community mycorrhization Mycorrhizal status coded as 0 for non- Moora (2014)

Community mycorrhizal
dispersion

MFD, MPD

mycorrhizal (NM), 0.5 for facultative
mycorrhizal (FM) and 1 for obligatory
mycorrhizal (OM) plants.

Community dissimilarity (e.g. mean distance) of

mycorrhizal status: a measure of functional

dispersion of a community. Same coding as for

community mycorrhization. This concept reflects This study

the within-site variation in mycorrhizal status ~ Zemunik et al. (2015)
and can be used to test various hypotheses

related to co-occurrence or coexistence of

mycorrhiza-based resource acquisition strategies.

Mean functional distance and mean phylogenetic Weiher et al. (1998)
distances: measures of trait dispersion and Webb et al. (2002)
phylogenetic divergence, respectively. Swenson (2014)

24



Page 25 of 38 Oikos

542

543

544

545

546

547

Table 2 Relative importance (%) of the within- and among-sites components of the mycorrhizal
status variability, based either on a) the empirical or b) taxonomic approach, across quadrats of
different sizes (0.33 m x 0.33 m, 0.67 m x 0.67 m, | m x 1 m and 5 m x 5 m). We computed the
variance components using abundance and presence/absence community matrices from Czech semi-

natural grasslands and Scottish coastal habitats.

Scale Percentage cover Presence/absence

Within (%) Among (%) Within (%) Among (%)

a) Empirical mycorrhizal

status

0.33 m x 0.33 m (grasslands 20.15 19.85 96.07 3.93
1st survey)

0.67 m x 0.67 m (grasslands R4.07 15.93 97.58 2.42
1st survey)

I m x 1 m (grasslands 1st 36.50 13.50 98.35 1.65
survey)

I m x 1 m (grasslands, 2nd 3851 11.49 97.03 2.97
survey)

5 m x 5 m (coastal habitats) 69.20 30.80 96.00 4.00
b) Taxonomic mycorrhizal

status

0.33 m x 0.33 m (grasslands 90.83 917 04.81 5.19
Ist survey)

0.67mx 0.67m (grasslands 5 50 4 49 97.23 2.77
Ist survey)

I m x 1 m (grasslands 1st 93.58 6.42 98.14 1.86
survey)

I m x 1 m (grasslands, 2nd ’4.69 1531 96.46 3.54
survey)

5 m x 5 m (coastal habitats) 79.47 20.53 95.21 4.79
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Fig. 1 Generalised additive models fitting the relationships between phylogenetic diversity (MPD)
and a) plant community mycorrhization (CWM of mycorrhizal status) and b) community
mycorrhizal dispersion (MFD of mycorrhizal status). The CWM and MFD values were estimated
using both empirical and taxonomic approaches to mycorrhizal status assignment. The boxplots
indicate the distributions of the CWM and MFD values based either on the empirical (grey
boxplots) or taxonomic (white boxplots) approach. Models were fitted for each dataset (Czech

grasslands and Scottish coastal habitats) and each mycorrhizal status assignment approach.
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557 Fig. 2 Estimated transition rates between mycorrhizal statuses in a) grasslands and c) coastal
558 habitats. b, d) Proportions of OM, FM and NM plants in both regional species pools. Colour coding
559 follows Fig. 1 and indicates results based either on the empirical or taxonomic approach of

560 mycorrhizal status assignment.
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SUPPORTING INFORMATION

Table S1 Comparison of the empirical and taxonomic mycorrhizal status assignment approaches at
the family level.

Table S2 Summary of models fitting the relationships between a) phylogenetic diversity and
community mycorrhization, and b) phylogenetic diversity and community mycorrhizal dispersion at
all spatial scales.

Table S3 Results of paired t-tests comparing estimates of a) community mycorrhization (CWM)
and b) community mycorrhizal dispersion (MFD) based on different mycorrhizal status assignment
approaches at all quadrat sizes.

Table S4 Sample-size corrected AIC comparison of several macroevolutionary models fitted to
both regional phylogenies (grassland and coastal habitats).

Table S5 Summary of models testing the heteroscedasticity of CWM and MFD values along the
species richness gradient in both datasets (1 m x 1 m quadrats in semi-natural grasslands and 5 m x
5 m quadrats in coastal habitats).

Fig. S1 Phylogeny of the species pool of Czech semi-natural grasslands with depicted FM and NM
families.

Fig. S2 Phylogeny of the species pool of Scottish coastal habitats with depicted FM and NM
families.

Fig. S3 Community mycorrhization (CWM) and community mycorrhizal dispersion (MFD) plotted
against species richness in both datasets.

Fig. S4 Mean differences (+/- 95% CI) between SES values of MFD based on trait distances

decoupled from phylogeny (dcMFD) and raw trait distances (MFD).
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Table S1 Comparison of the empirical and taxonomic mycorrhizal assignment approach at the
family level. Family species richness and mycorrhizal statuses are indicated. Species from both

grasslands and coastal habitats were combined (457 unique species in total).

Family (APGIV) n Taxonomic Empirical ?;Itlsrgzt)c h
NM FM OM
Adoxaceae 1 OM 1 100
Alismataceae 2 FM 1 1 50
Amaryllidaceae 2 OM 1 1 50
Apiaceae 17 OM 1 7 9 47
Araceae 1 oM 1 100
Araliaceae 2 oM 1 1 50
Asteraceace 42 OM 14 28 33
Athyriaceae 1 oM 1 100
Balsaminaceae 1 OM 1 100
Betulaceae 4 OM 1 3 25
Blechnaceae 1 oM 1 100
Boraginaceae 6 OM 3 3 50
Brassicaceae 14 NM 4 10 71
Campanulaceae 7 OM 5 2 71
Caprifoliaceae 6 OM 1 5 17
Caryophyllaceae 22 NM 9 12 1 59
Celastraceae 1 oM 1 100
Chenopodiaceae 8 NM 2 4 2 75
Cistaceae 1 OM 1 0
Colchicaceae 1 oM 1 0
Convolvulaceae 1 NM 1 100
Crassulaceae 2 FM 2 0
Cupressaceae 1 OM 1 0
Cyperaceae 30 FM 13 15 2 53
Dennstaedtiaceae OM 1 100
Droseraceae NM 1 100
Dryopteridaceae OM 2 1 67
Elaeagnaceae OM 1 100
3

1
1
3
1
Equisetaceae 4 OM 1 100
Ericaceae 6 OM 6 0
4
3
2
3

Euphorbiaceae OM 75

~N W
—

Fabaceae
OM 2 0
OM 3 0

Fagaceae
Gentianaceae



Geraniaceae
Hyacinthaceae
Hydrophyllaceae
Hypericaceae
Iridaceae
Isoctaceae
Juncaceae
Lamiaceae
Lentibulariaceae
Linaceae
Lycopodiaceae
Menyanthaceae
Montiaceae
Myricaceae
Nartheciaceae
Oleaceae
Onagraceae
Ophioglossaceae
Orchidaceae
Orobanchaceae
Oxalidaceae
Papaveraceae
Pinaceae
Plantaginaceae
Plumbaginaceae
Poaceae
Polygalaceae
Polygonaceae
Polypodiaceae
Potamogetonaceae
Primulaceae
Ranunculaceae
Rosaceae
Rubiaceae
Salicaceae
Sapindaceae
Saxifragaceae
Selaginellaceae
Solanaceae
Urticaceae

Violaceae

A= = N O NN N == = = = = =

—_
W

OM
OM
FM
OM
OM
OM
NM
OM
NM
OM
OM
FM
OM
NM
OM
OM
OM
OM
OM
NM
OM
FM
OM
OM
FM
OM
OM
NM
OM
FM
OM
OM
OM
OM
OM
OM
FM
OM
OM
FM

OM
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20
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54
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Table S2 Summary of GAMs fitting the relationships between a) phylogenetic diversity (MPD) and
community mycorrhization (CWM), and b) MPD and community mycorrhizal dispersion (MFD) in
both datasets, including both the empirical and taxonomic approach (see Fig. 1). Approximate
significance of the smooth terms (effective degrees of freedom, F and P-values) and adjusted R?

values are given. For the MPD ~ CWMj,, relationship, the term was forced to be linear (edf = 1).

edf  F-value P-value R?(%)
a) Grasslands
MPD ~ CWM;p, 6.8 36.1 <0.001 44.5
MPD ~ CWM;, 1.0 -2.4 (t-value) 0.018 1.4
MPD ~ MFD 6.5 25.4 <0.001 35.5
MPD ~ MFDy, 1.6 44 0.014 22
b) Coastal habitats
MPD ~ CWM;p, 7.1 140.8 <0.001 44.1
MPD ~ CWM;, 10.7 345 <0.001 22.3
MPD ~ MFD gy, 4.6 90.8 <0.001 26.7

MPD ~ MFD,« 8.5 383 <0.001 20.6
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Table S3 Results of paired t-tests comparing estimates of a) community mycorrhization (CWM)

and b) community mycorrhizal dispersion (MFD) based on different mycorrhizal status assignment

approaches at all quadrat sizes. Estimates indicate the average difference (and 95% confidence

interval) of the taxonomic approach from the empirical approach.

Quadrat size Dataset Estimate t-value  df P-value
a) CWM

0.33mx0.33m Grasslands 0.30(0.282,0.312) 393 239  <0.001
0.67mx 0.67 m Grasslands 0.29 (0.274, 0.301) 42.7 239 <0.001
1.00 m x 1.00 m Grasslands (1st + 2nd survey) 0.26 (0.246, 0.269) 44 .4 349  <0.001
5.00mx 5.00m Coastal habitats 0.33 (0.326, 0.342) 81.3 1461 <0.001
b) MFD

0.33mx0.33 m Grasslands -0.33 (-0.347,-0.310) -34.9 239  <0.001
0.67mx 0.67m Grasslands -0.15 (-0.161, -0.142) -31.6 239  <0.001
1.00 m x 1.00 m Grasslands (1st + 2nd survey) -0.30 (-0.312, -0.279) -35.7 349  <0.001
5.00mx 5.00m Coastal habitats -0.12 (-0.129, -0.110) -25.4 1461 <0.001
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Table S4 Sample-size corrected AIC comparison of several macroevolutionary models fitted to
both regional phylogenies (grassland and coastal habitats). White is a non-phylogenetic model (a
star phylogeny); lambda, kappa and delta are Pagel-style transformation parameters that attempt to
estimate eventual rate differences across the tree (Pagel 1999, Pennell et al. 2014, Harmon 2019).

We also fitted a model of rate constancy through time. Models with the lowest AICc are in bold.

Branch length AlCc AlCc
transformation model (empirical)  (taxonomic)

a) Grasslands

White 298.9 212.2
Lambda 277.7 74.4
Kappa 291.6 74.4
Delta 289.6 73.1
None (rate constancy)  294.8 72.3
b) Coastal habitats

White 736.6 604.5
Lambda 663.8 160.0
Kappa 676.3 160.0
Delta 713.7 159.9

None (rate constancy)  715.7 157.9
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Table S5 Summary of models testing the heteroscedasticity of CWM and MFD values along the

species richness gradient in both datasets (1 m x 1 m quadrats in semi-natural grasslands and 5 m x

5 m quadrats in coastal habitats). Negative estimates indicate the negative relationship between log-

transformed sigma (the scale parameter, Rigby & Stasinopoulos 2005) and species richness, i.e.

decreasing overall heteroscedasticity with increasing species richness. We used the gamiss function

to estimate the slope of the scale paramater (Rigby & Stasinopoulos 2005).

Dataset/parameter Estimate SE

t-value P-value

a) Grasslands

CWDMempirical -0.03
CWMiaxonomic -
MFDempirical -0.02
MFDtaxonomic -
b) Coastal habitats

CWDMempirical -0.04
CWMaxonomic -0.02
MFDempiricat -0.01

MFDtaxonomic -0.01

0.005

0.005

0.002
0.002
0.002

0.002

-17.3
-9.7
-3.4

-6.1

<0.001
n.s.
<0.001
n.s.

<0.001
<0.001
<0.001

<0.001
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Fig. S1 Phylogeny of the species pool (171 species) of Czech semi-natural grasslands with depicted
FM and NM families (following Brundrett & Tedersoo 2019) and several angiosperm orders (to
allow orientation). We assigned FM status to Sedum sexangulare (Crassulaceae) as this mycorrhizal
status is supported by the empirical approach (Bueno et al. 2019b). Even though the taxonomic
approach suggests NM status, it is not clear whether species from this family behave uniformly

(Brundrett & Tedersoo 2019).
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Fig. S2 Phylogeny of the species pool (386 species) of Scottish coastal habitats with depicted FM
and NM families (following Brundrett & Tedersoo 2019) and several orders (to allow orientation).
We assigned FM status to Sedum sexangulare (Crassulaceae) as this mycorrhizal status is supported
by the empirical approach (Bueno et al. 2019b). Even though the taxonomic approach suggests NM
status, it is not clear whether species from this family behave uniformly (Brundrett & Tedersoo

2019).



Page 37 of 38 Oikos

= (@) Coastal habitats (b) Grasslands

g 10 B 10 r ZEN G

2,

_5 08 r

E 08 -

£ 06 |

9

> 04 -

E 06

b=

g 02 r emp.

2 tax. .

§ 00 _I | | | | | | 0'4 _I 1 | | | | 1
0 10 20 30 40 50 60 0 10 20 30 40 50 60

Species richness
(c) Coastal habitats (d) Grasslands

5 10 ¢ 08

L

=

-5 08 r 06 L

@

o 06 r

2 04 r

S04

]

N 02 L

E 02 | '

o

(6]

>

E 00 T 1 1 1 1 1 | 00 T |
0 10 20 30 40 50 60 0O 10 20 30 40 50 60

Species richness

Fig. S3 a-b) Community mycorrhization (CWM) and c-d) community mycorrhizal dispersion
(MFD) plotted against species richness in both datasets. Colour coding follows Fig. 1, and indicates
estimates based either on the empirical or taxonomic approach. Tests of the heteroscedasticity are

given in Table S5.
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Fig. S4 Mean differences (+/- 95% CI) between SES values of MFD based on trait distances
decoupled from phylogeny (dcMFD) and raw trait distances (MFD). SES value were computed
using the ses.mpd function (picante, Kembel et al. 2010) with the “taxa.labels” null model and 999
permutations. Results based on both mycorrhizal assignment aproaches are shown. Non-overlap to
zero indicates non-zero difference at the significance level < 0.05 based on paired t-tests. Quadrats
were weighted according to the proportion of mismatched species in a quadrat between the
empirical and taxonomic approach. Comparison is plotted for all quadrat sizes considered in the
grassland dataset (0.33 m x 0.33 m, 0.67 m x 0.67 m and 1.00 m x 1.00 m). The last pair of
estimated differences (1.00 m x 1.00 m) is based on the data from the second vegetation survey in

grasslands.
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ABSTRACT

Phylogenies are a crucial (but still overlooked) source of information in ecology. Accompanied with
trait data, phylogenetic information can be used to study the most important ecological questions
and processes that have implications for nature conservation and community ecology. This recent
scientific field is often called community phylogenetics. In this thesis, I summarise our current
knowledge about the concept of phylogenetic diversity, the relationship between phylogenetic and
functional diversity, and functional and phylogenetic patterns in herbaceous vegetation in response
to productivity. I primarily focus on analytical approaches and also provide an up-to-date critical
review of some of limitations and issues with popular methods, while I also highlight some
important considerations related to every ecological analysis with a phylogenetic and trait
framework. Finally, I encourage to routinely implement phylogenetic information (and phylogenetic

comparative methods) in ecology because it is needed due to both biological and statistical reasons.

ABSTRAKT

Fylogeneze jsou stézejnim (ale potad stale ptehlizenym) zdrojem informaci v ekologii. Spole¢né s
daty o funk¢nich znacich mize byt fylogenetickd informace pouZzita pro studium téch
ekologii. Tento Cerstvy védecky obor se Casto oznacuje jako komunitni fylogenetika. V této praci
shrnuji naSe dosavadni znalosti ohledn¢ konceptu fylogenetické diverzity, vztahu mezi
fylogenetickou a funk¢ni diverzitou, ¢i funkénimi a fylogenetickymi procesy ve vegataci s ohledem

na zmény v jeji produktivité. Primarné se zaméfuji na analytické pfistupy a také predkladam



aktualni kriticky souhrn limitaci a poblémt, které nékteré populdrni metody maji, zatimco také
zdiraziuji nékteré okolnosti vyzadujici pozornost v ptipadé¢ vsSech ekologickych analyz s
fylogenetickym a funkénim ramcem. Na zavér povzbuzuji k tomu, aby se fylogenetickd informace
(a fylogenetické komparativni metody) rutinné pouzivala v ekologii, protoze je ji potieba z

biologickych a statistickych diivodu.
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Introduction

Phylogenies have revolutionised research in plant ecology as they help to understand a mechanistic
basis of ecological processes at various spatio-temporal scales (Webb et al. 2002). Thanks to rapidly
increasing availability of synthesis-based phylogenies, DNA sequences, computing power and
bioinformatic tools, community phylogenetics has become one of the leading fields in ecology

despite its quite recent origin (the nineties and the beginning of this millennium).



Chapter One: Phylogenetic Diversity — Key Points

1) Estimation of phylogenetic diversity (PD) is based on phylogenetic distances (the amount of time
since the most common ancestor of a pair of species), which are derived from phylogenetic trees.
For the purposes of nature conservation or community ecology, phylogenetic distances can be then
used to set conservation priorities or to inform our understanding of the assembly mechanisms that
structure communities, respectively.

2) PD measures reflect three dimensions of phylogenies: richness, divergence and regularity. This
classification comprises more than 70 existing metrics and each dimension can be proxied by a
leading measure, namely, Faith’s PD (Faith 1992) for the richness dimension, mean phylogenetic
distance (MPD; Webb et al. 2002) for the divergence dimension, and variation of pairwise distances
(VPD; Clarke & Warwick 2001) for the regularity dimension (Tucker et al. 2017).

3) For the purposes of study questions in community ecology, it is usually recommended to perform
a null model analysis in order to standardise a PD metric and account for its dependence on species
richness.

4) We propose simple estimates of PD based on taxonomic information (Bitomsky et al. 2020).

5) The whole process of PD estimation is affected by important methodological decisions and
biases that need to be deeply consider.

6) Inferring regional phylogenies using only species from the species pool is biased in its taxon
sampling, which leads to underestimation of PD (Park et al. 2018). Phylogenies with broad taxon
sampling are recommended.

7) Null models are not enough to treat for the species richness dependence of PD measures under
some conditions. Rarefaction is recommended in some situations (Sandel 2018).

8) PD effects can be confounded by phylogenetic identity effects when assemblages with low or
high PD tend to be dominated by a single clade (Hipp et al. 2018). The confounding effect of
phylogenetic identity should be visually checked.

9) When opposing patterns in two clades cancel out, it might result in seemingly random or even
opposite phylogenetic processes compared to when considering both clades together. Approaches,
which explore lineage-specific patterns that allow for opposing mechanisms across the tree
topology or specifically evaluate lineage-specific co-occurrence patterns, might be a good idea
(Ndiribe et al. 2013, Elliott et al. 2016).

10) Chronograms (dated phylogenetic trees with branch lengths in units of evolutionary time) can
provide different estimates of PD than phylograms (branch lengths in units of substitutions per site)

(Elliott et al. 2018, Jantzen et al. 2019).



Chapter Two: Phylogeny-Trait Links — Key Points

1) Traits evolve steadily through time, thus, branching patterns of phylogenetic trees, such as
topology, branch lengths or tree balance, should also produce comparable estimates of niche space
to those obtained by traits. This logic advocates the use of phylogenetic measures in the absence of
relevant trait data when traits are sufficiently phylogenetically conserved. Phylogenetic information
is easier to obtain, therefore, many studies discuss whether PD serves as a reliable proxy for
functional diversity (FD).

2) I summarise two common types of questions regarding the phylogeny-trait links asked in
ecological studies, which are tested by different analytical approaches. Question 1: Are there
phylogenetic signals in the measured traits in communities? Phylogenetic signal (PS) is the
tendency of related species to resemble each other more than species drawn at random from the
same tree (Miinkemiiller et al. 2012).

3) There are various measures of PS that differ in their computation and properties. About 76% of
studies in the ecological literature report phylogenetic signal in the measured traits (Cadotte et al.
2019).

4) Question 2: Are PD and FD correlated across multiple sites, i.e. is there the PD-FD relationship?
Overall, the PD-FD relationship tends to be tight and positive, which is the expected and intuitive
result. However, there is an increasing evidence that interpretation based on parametric correlations
can be misleading.

5) Simple correlations are not enough to infer the nature of the PD-FD relationship, while the
consideration of alternative evolutionary models and non-linear statistical approaches is necessary
(Tucker et al. 2018). Many models of trait evolution have been developed so far to address various
evolutionary processes.

6) Inconsistencies in the PD-FD relattionship question some of the most prominent arguments why
to use PD in nature conservation and community ecology (Mazel et al. 2018).

7) Some properties of the tree (e.g. taxon sampling, size and shape) affect phylogenetic signal
estimates. Functional distances could correlated with phylogeny only for a short distance along the
tree (Kelly et al. 2014).

8) The shape of the tree affects phylogenetic distances among species. Trait and phylogenetic
distances might have different distributions, which affects statistical properties (Cadotte et al. 2019).
9) Some phylogenies can lack reasonable power to detect relevant patterns of trait evolution
(Boettiger et al. 2012). AIC or BIC might favour overly complex (or overly simplistic) evolutionary
scenarios (Boettiger et al. 2012). Robustness should be tested.



10) In summary, research efficiency in community phylogenetics would gain from routine correct
using of PCM to understand how traits and phylogenetic relationships are linked together. We

demonstrated this approach in our study (Bitomsky et al. in review).

Phylogeny-Trait-Productivity links — Key Points

1) In the face of the current environmental crisis, phylogenetic relatedness and relevant traits might
be very useful to predict changes in the vegetation threatened by eutrophication (nutrient
enrichment). Nutrient addition in ecosystems usually increases productivity, i.e. a gradient
indicating light limitation and the intensity of competition for light.

2) Higher productivity inevitably results in increased light limitation and the intensity of
competition for light, which is one of the most important drivers of plant biodiversity loss (Hautier
et al. 2009).

3) Functional differences among plants species occurring along the gradient of productivity can be
explained by several key axes of specialisation that include the leaf economy spectrum, plant size
and dispersal ability. A very influential approach to proxy these axes is the use of the leaf-height-
seed (LHS) plant ecology strategy scheme (Westoby 1998), which is based on three plant traits:
specific leaf area (SLA), canopy height and seed mass. Canopy height is a trait representing shade
avoidance and the ability to compete for light, while both high SLLA and large seeds are trait-states
linked to shade tolerance as they increase survival under shady conditions thanks to enhanced
carbon gain and well-provisioned seedlings (Bitomsky et al. 2018, 2019).

4) Measures of functional diversity can be summarised via an analogous framework as in PD, i.e.
functional richness, divergence and regularity (evenness). Additionally, one of the most popular
approaches is the concept of community-weighted mean (CWM), i.e. community mean of a trait
weighted by species abundances, which is a measure of functional composition.

5) Several recent studies have pointed out several critical issues with some routinely used methods
to test the trait-environment and phylogeny-environment relationships. Any metric (e.g. functional
or phylogenetic), which is generated at the assemblage/community level by assigning values to
species and averaging them for the species present within a cell/plot, can have internal statistical
relationships of no biological significance across communities (Hawkins et al. 2017). Many studies
might have provided too optimistic statistical support for the relationship between FD, PD measures
and environmental gradients when, in fact, there is no relationship. This is a very disturbing fact

given the commonness of all criticised methods.



6) For the trait-environment relationship, there are some solutions to control for the type I error,
such as the fourth-corner correlation (Peres-Neto et al. 2017), the parametric max test (ter Braak et
al 2018) or a method to control for phylogenetic autocorrelation (Duarte et al. 2018).

7) Ecological relevancy of a trait can differ among functional groups or clades. The trait-
environment relationship can provide unreliable estimates of the adaptive value of a trait (Bitomsky
et al. 2018, Laughlin et al. 2018).

8) One should check whether the trait of interest has higher within- or among-site variation in order
to focus on ecologically more relevant trait component (Peres-Neto et al. 2017, Bitomsky et al.
2019, in review).

9) Assumptions of conventional correlation and regression analyses fundamentally conflict with the
ecological concept of limiting factors. Estimating a range of regression quantiles of FD and PD

metrics provides a comprehensive description of biological response patterns (Cade et al. 1999).

Synthesis

1) Incorporating phylogenies into ecology is usually due to two reasons: either one wants to use it to
study phylogenetic patterns in communities, or one wants to filter its confounding effect. An
ecological unifying framework will not work without phylogenetic information because it is needed
due to both biological and statistical reasons.

2) First of all, we need to rely on rigorous phylogenetic analyses to generate best phylogenies
possible with correct phylogenetic distances among studied species. Second, generated phylogenies
need to be examined to check whether the PD-FD patterns truly reflect evolutionary processes but
not just some inherent properties of the tree. Third, statistical and phylogenetic comparative
methods can be used to infer the PD-FD relationship or trait evolutionary trajectories. Finally, if one
is interested in the role of environmental gradients, I would suggest to use a method that has a better
performance and controls for the type I error because some popular approaches are a bit outdated

and can produce too optimistic results.
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