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ARTICLE INFO ABSTRACT
Keywords: An effective way to reduce complexity in ecological modelling is by grouping species that share similar char-
Functional ecology acteristics into functional groups or types. Often, the creation of plant functional groups (PFGs) is carried out for

Ecological niche
Hybrid dynamic models
Plant functional types

each case study in an ad-hoc way using a small set of traits. This limits the transferability of these PFGs to other
geographical areas or study systems. We propose a novel generic framework to generate PFGs that considers the
most important ecological dimensions, is applicable to case studies globally, and that emerges from patterns of
functional redundancy across species. Based on most relevant and measured plant characteristics, we designed a
multi-step process that includes: i) data harmonisation and missing values imputation; ii) species clustering based
on multiple characteristics encompassing the main ecological dimensions featured in plant community ecological
models (i.e., dispersal, competition, and demography) and iii) the combination of ecological dimension-specific
groups into comprehensive PFGs. We demonstrate this framework by applying it to a global dataset of plant
characteristics including a functional traits dataset and a plant-soil co-occurrence dataset for 19,102 species.
Lastly, to test the ability of generated PFGs to summarise species’ functional variation within plant communities,
we correlate taxonomical and functional diversity indices calculated at the species and at the PFGs level across a
global dataset of plant communities (sPlotOpen). Our framework generated 465 global, robust data-driven PFGs
with non-overlapping combinations of traits for each ecological dimension divided by growth form. The vali-
dation returned positive correlation values between PFGs and species-level diversity metrics, supporting the
ability of the obtained PFGs to capture functional and taxonomic diversity patterns across a variety of plant
communities worldwide. The framework allows for the easy integration of newly available species characteristics
data. The obtained global PFGs, covering all main known ecological processes and environmental conditions at
small resolution, can increase the predictive power and accuracy of process-based models and help furthering
varying-scale ecological studies.
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1. Introduction

Generating reliable predictions of ecological community dynamics
under varying biotic and abiotic constraints and environmental changes
is a central research topic in predictive ecology (Mouquet et al., 2015).
In plant ecology, this topic has been explored through the development
of predictive phenomenological, process-based or hybrid dynamic
vegetation models (hybrid-DVMs; Boulangeat et al., 2012; Sitch et al.,
2008). Performance and upscaling of vegetation models are hampered
by the co-occurrence of ecological processes and the sheer number of
species in natural systems (Schulze et al., 2019). The inherent ecological
model complexity brings about three main trade-offs that the different
modelling approaches must deal with simultaneously, which are the
spatial scale, the specificity of the modelled entity, and the modelled
processes. Typically, different modelling approaches rely on different
spatial scales measured by extent and resolution (Boulangeat et al.,
2012). Vegetation modelling approaches are either very broad and
coarse (i.e., large geographical scale/low resolution) or highly context-
specific (i.e., limited to specific geographical areas or habitats). In the
case of modelling approaches with the same degree of complexity, there
is still a trade-off between the extent and resolution: the larger the
extent, the coarser the resolution. The extent is directly linked to the
specificity of the modelled entity: the larger the extent, the more uni-
versal, or less study-specific the modelled entity is required to be. The
spatial scale is also connected to the choice of the modelled entity
through the differences in ecological processes taking place at the
different spatial scales.

An ecological modelling entity is defined as the basic unit at which
behaviour is modelled (Grimm et al., 2010). The specificity or univer-
sality of the modelled entity is driven by the spatial extent of the study
and by the complexity of the modelled processes. Modelled entities are
usually groups of individuals with similar characteristics. Ordered from
the most specific to universal, and from higher to lower ecological res-
olution, these groups consist of individuals belonging to species, plant
functional groups (PFGs) or plant functional types (PFTs). PFGs and
PFTs are both created by grouping species by functional attributes or
traits, and thus underlying convergent ecological strategies (Lavorel
et al., 2007). Grouping species into PFGs (instead of simply using higher
taxonomic ranks) has the advantage of keeping the focus on how species
function rather than from which evolutionary history they originate, and
reduces complexity. Generally, PFGs are based on a larger number of
traits than PFTs that are usually broad groups of species with similar
growth form, climate preferences and photosynthetic pathways
(Wullschleger et al., 2014). PFTs are defined by grouping species having
similar responses to abiotic constraints and similar effects on the main
ecosystem processes (Walker 1992; Noble and Gitay, 1996) and are
normally employed in dynamic global vegetation models (DGVMs) due
to their universality. The choice of the characteristics of the PFGs or
PFTs depends on the processes modelled at the scale of interest. The
more numerous and complex the modelled processes, the more traits or
associated parameters the modelling entity needs to encompass, and
hence the higher the modelling entity specificity. Species resolution is
the highest in specificity, being highly detailed but difficult to param-
etrize when a large number of species is considered simultaneously.

Existing PFTs/PFGs classifications have been driven by the
assumption that plants are constrained in their performance by different
resource availabilities (Lavorel et al., 2007), such as light, water and
nutrients, competition and disturbance regimes (Grime, 1974; Smith
etal., 1993, Tilman, 1988). Several bottom-up PFTs/PFGs classifications
already exist but are in their majority tailored to a specific study region,
or conversely, they are unable to capture fine scale processes because of
the extent-resolution trade-off. These classifications are mostly based on
sets of functional traits (Hodgson et al., 1999; Weiher et al., 1999) that
relate to environmental factors and species coexistence mechanisms that
can be found implemented in models. The main classifications employed
in ecological studies and ecological modelling are listed in Table 1.
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While each of these approaches has brought substantial innovation and
advancement to ecological modelling, it has been difficult to apply them
across varying spatial scales and ecosystems. One major reason is overall
trait data availability and species coverage, which has so far acted as a
key limiting factor on the level of detail and number of groups to be
developed.

The main ecological dimensions of a data set of various functional
traits can be considered as the minimum number of latent variables
required to describe it (Lee and Verleyson, 2007; Laughlin, 2014), or as
essential groups of traits or characteristics (e.g. habitat, climatic or soil
preferences) that are reduced in number (Winemiller et al., 2015). The
PFT classification developed by Sitch et al. (2003) aims at representing
the main axes of variation at a global scale and considers only the first
two dimensions of the ‘global spectrum of plant form and function’ (Diaz
et al., 2016) (plant size, leaf economics). The resulting groups are very
broad and overlook e.g. dispersal or pollination mechanisms. In general,
the most commonly measured traits in global databases are related to
each main ecological dimension but are often used for separate PFTs/
PFGs classifications. To be employed in a wide array of vegetation
models and spatiotemporal contexts, while adequately summarising
functional redundancy along the main axis of ecological variation
including responses to biotic and abiotic factors, a successful PFT/PFG
classification should include more ecological dimensions (Laughlin,
2014), yet this has been hindered so far by data availability. Due to the
recent increase in data availability of plant traits (e.g. Kattge et al.,
2020) and progress in gap-filling techniques (Debastiani et al., 2021), it
has now become possible to include more traits and characteristics into
the analyses and thus address more ecological dimensions. Boulangeat
et al., (2012) for example, selected key functional traits related to six
main ecological dimensions: resistance to disturbance, dispersal, toler-
ance to abiotic conditions, response to competitions, competitive effect,
and demographic characteristics. While the approach of Boulangeat et al
(2012) is robust, capturing essential ecological processes and retrieving
a fair number of PFGs, it was designed for a regional scale and considers
only locally dominant species. Hence, it cannot be easily transferred to
another region. In our view, to find a solution around the extent-
resolution trade-off, and to support the development of predictive
modelling frameworks that can work seamlessly across habitat types and
ecosystems, existing classifications, and in particular the approaches of
Sitch et al. (2003) and Boulangeat et al (2012), require modifications (i.
e. the possibility of including more ecological dimensions and species) to
become widely applicable and to encompass all relevant trait variation
globally.

A global framework to derive PFGs classifications based on emerging
groups of species with similar characteristics (Lavorel et al., 1997)
should:

i) include a reduced number of entities considering the trade-offs
between the number of modelled entities and the level of de-
tails of the modelling outcome, while maximising species
neutrality within groups and niche differentiation among groups
(Hérault, 2007);

ii) be representative of all different biomes and continents, encom-
passing as much possible variation present across all plant species
for a selection of attributes that relate to universal key ecological
dimensions;

iii) maintain a conceptual link to usually employed modelling en-
tities (e.g., PFTs by Sitch et al., 2003) to allow for its imple-
mentation in existing global modelling frameworks and the
comparisons of modelling results.

The two most important challenges for universal PFGs classifications
are thus the choice and selection of plant characteristics, and reducing
the number of potential existing combinations of continuous values of
the selected characteristics. Selected characteristics must capture and
not just imply fundamental ecological processes (also known as the main
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Table 1
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Main existing PFGs/PFTs classifications frameworks employed in ecological studies and ecological modelling, their features, and main caveats for their imple-
mentation at varying spatial scales and across ecosystems. DVMs = dynamic vegetation models; DGVMs = dynamic global vegetation models; LPJ=Lund-Postdam-

Jena model.
Name of the approach Rationale Modelling use Scale Variant Advantages Caveats
(study-
specific) or
invariant
Life forms (Raunkiaer, Classification based on the DGVMs biome, invariant Some correlation to height, No clear relationships with
1934) location of dormant region leaf characteristics and specific traits. Trait values
meristems from where the phenology (Garnier et al., ranges might not be constant
plants start regrowing after 2001; Lavorel et al., 2007); within life forms (Foley et al.,
the cold winter. linked to overall responses of 1996; Steffen et al., 1996). Life
plants to disturbance ( forms can be used as trait
Mclntyre et al., 1999), since variation proxies only in
the different locations of buds  ecosystems including all life
might reflect different success  forms (Lavorel et al., 2007).
rate after perturbations.

Plant Functional Types PFTs based on combination LPJ model; biome, invariant Synthetic and effective at Characterised by very few
(PFTs) (Sitch et al., of growth forms, leaf type other DGVMs region global scale for modelling traits covering only two out of
2003) (broadleaved/needle leaved) biomes dynamics. Explicit three dimensions of the ‘global

and leaf phenology type habitat preference for biomes.  spectrum of plant form and
(evergreen/deciduous) that function’.

specify about 10 primary

PFTs of which some are then

further classified by climatic

regions (tropical/temperate/

boreal).

Competitive-stress- Multi-trait axes based on landscape, variant Innovative and Based on a small set of leaf
tolerant-ruderal (CSR) trade-offs between attributes region comprehensive enough to be traits; many ecological
scheme (Grime, 1974, for high resource acquisition relevant at the global scale, processes such as dispersal,
1977) in productive habitats and allowing for comparisons pollination and below-ground

those for retention of among species, communities, interactions are implicitly
resources in unproductive and floras, especially in its inferred through correlations
conditions; recurring plant late generalisation by Pierce that are not well-supported or
specialisation strategies are et al., (2013, 2017). valid worldwide (Tilman,
identified. The C-S axis 1988).

summarises the variation in

responses to chances of rapid

growth while the R axis

reflects coping with

disturbances.

Leaf-height-seed (LHS) Based on three traits: specific landscape, variant Permits any species LHS axes independence was
scheme (Westoby, leaf area (SLA) reflects the region worldwide to be readily not confirmed for some
1998). same type of variation as the positioned within the scheme;  geographical contexts

C-S axis in CSR; height and captures a high portion of (Mediterranean grazing
seed mass reflect separate variability that is highly systems in Golodets et al.,
aspects of coping with correlated to other relevant 2009); does not provide
disturbance (axis R in CSR). traits in specific geographical reliable information on
contexts (i.e., pine forests in dispersal distances that cannot
Laughlin et al., 2010). be directly related to seed
mass or other plant attributes (
Hughes et al., 1994).

Emergent Groups Groups emerging from sets of ~ hybrid DVMs landscape, variant Outputs a relatively small Highly context-specific, often

Approach (Lavorel representative soft traits, and vital region number of Plant Functional ad-hoc and based on small sets

et al., 1997; Pausas and
Lavorel, 2003; Pillar
and Sosinski, 2003;
Hérault and Honnay,
2005; Hérault 2007:
Boulangeat et al.,
2012).

allowing to identify sets of
species with similar
functional niches, thus
convergent ecological
strategies (Hérault and
Honnay 2005).

attribute-based
models

Groups (PFGs), fulfilling the
needs for functional
equivalence within and of
functional divergence
between groups.

of traits (Harrison et al., 2010;
Boulangeat et al., 2012);
usually lack simultaneous
representation of herbaceous,
parasitic, epiphytic, or aquatic
species (Boulangeat et al.,
2012), comparable sampling
coverage of different biomes
or continents (but see Pierce
et al., 2013), and evenly
distributed sampling in terms
of evolutionary lineages;
explicit habitat or soil
preferences are almost never
extended to PFGs.

(continued on next page)
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Table 1 (continued)
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Name of the approach Rationale Modelling use Scale Variant Advantages Caveats
(study-
specific) or
invariant
Periodic Table of Niches ( Niche classification scheme biome, invariant Supported by convergent Species and traits evolve and
Winemilleretal., 2015).  based on functional region, evolution that justifies change in relation to
redundancy, built on a suite landscape periodicity in the niche space.  environmental contingencies.
of fundamental ecological
niche dimensions and from
related functional traits and
performance data.
Trait-flexible modelling ( Describes individual plants Next landscape, variant Overcomed the simplifying Data availability; may lead to
Van Bodegom et al., by a set of traits, emerging generation region classifications approaches of overly complex models
2012; Scheiter et al., from general correlationsand ~ DGVMs (e.g. PFGs/PFTs that are assumed difficult to parametrize and
2013; Pavlick et al., dependencies, such a s the DGVM2, to have constant attribute use high computational power
2013; Berzaghi et al., leaf and stem economics Scheiter et al., values across the globe; allows
2020). spectra (Wright et al., 2004; 2013). for intra-specific variability

Baraloto et al., 2010).

and adaptation to the
environment.

ecological dimensions sensu Hérault, 2007; Boulangeat et al., 2012),
important habitat filters and interspecific interactions (Lavorel et al.,
1997).

Here, we generalise the methodological approach by Boulangeat
et al. (2012) by implementing a broader set of traits and species and
merge this approach with the periodic table of niches by Winemiller
et al. (2015). This provides a data driven generic framework that can
classify worldwide trait data to derive PFGs that are suitable for
modelling plant biodiversity, vegetation dynamics and ecosystem
functioning potentially anywhere on Earth. One foundational step of the
proposed framework is the data driven clustering approach based on the
generation of a small number of discrete categories from both contin-
uous and categorical traits, thus facilitating the inclusion of new traits if
a new or different ecological dimension is required by the model and
moreover, new species trait data if new data becomes available. The
specific aims of this paper are: i) to describe the conceptual approach of
a novel PFG classification framework, its rationale and workflow; ii) to
apply the workflow to classify a global set of species based on currently
available trait data; and iii) to assess the generated classification in
terms of its capacity to adequately summarise functional variation in
plant communities globally.

2. Methods

2.1. The conceptual and methodological approach and its application to a
global example use-case

The following section provides the details on the conceptual work-
flow to retrieve PFGs that are not region-specific, based on Boulangeat
et al. (2012) and Winemiller et al. (2015) and on its application to a
global example use-case. The workflow can in principle be applied to
any study region (from a local to a global extent), ecological dimension
or species pool of interest. The workflow focuses on the selection of
relevant data; the requirements of the data to be subjected to the clus-
tering procedure; the clustering and the validation procedures. The
applied workflow is composed of seven main steps (Fig. 1).

2.2. Identification of relevant ecological dimensions and plant
characteristics

This generic framework is designed to develop objective PFGs clas-
sifications based on the ecological dimensions and the geographical
context of interest. The first conceptual step for building the classifica-
tion scheme is to identify the relevant ecological dimensions and related

characteristics (Garnier et al. 2017) for the case study. Ecological di-
mensions are axes of ecological variation that may comprise one or more
traits that are assumed to be ecological equivalents with respect to
community dynamics (Westoby et al., 2002; Hérault, 2007, Winemiller
et al., 2015). Most implemented ecological dimensions are derived from
a few important mechanisms that can be summarised into four cate-
gories: temporal dynamics (i.e., demography/life history/metabolism);
species interactions (i.e., trophic mechanisms, defense); relation to
abiotic conditions or habitats; and spatial dynamics (i.e., dispersal)
(Boulangeat et al., 2012, Winemiller et al., 2015).

Previous work highlighted an asymptote of increasing predicting
power at four to eight dimensions and suggested that the number of
dimensions should be maximised using traits from multiple organs
(Laughlin, 2014). The selection criteria for ecological dimensions has to
do with the processes of interest to the modelling effort. Depending on
the use-case this framework enables a specific selection and number of
relevant ecological dimensions and respective traits and/or character-
istics combinations, allowing in principle the usage of an unlimited
number of traits, characteristics and dimensions.

For the applied framework, we based the selection of main ecological
dimensions on Boulangeat et al. (2012), improving it with the inclusion
of soil preferences, which is rarely accounted for in PFGs classification
while being a key driver of plant communities assembly. The inclusion of
soil type preference data was motivated by the fact that often closely
related, and thus functionally similar species differ notably in soil
preferences (Wherry, 1927). In Boulangeat et al. (2012), the selection of
ecological dimensions aims at covering the main mechanisms of com-
munity assembly and biogeography, that could then be implemented in
dynamic vegetation models. Here, the eight selected ecological di-
mensions represent temporal dynamics through form, demography and
disturbance, spatial dynamics through dispersal, species interaction
with competition response and competition effects, and relation to
abiotic conditions with habitat and soil preferences. While Sitch et al.
(2003) indicates that incorporating climatic zonation to PFTs adds
substantial information, we did not include climatic preferences
directly, as we assume that plant functional traits alone (considered in
the habitat dimension) can adequately predict climatic niches of species
(Medeiros et al., 2023).

We then identified the most measured and widely available traits or
characteristics associated with these ecological dimensions by searching
the TRY Plant Trait Database and selecting the traits with the most
species and observations. TRY v.5 was initially queried for 62 widely
measured candidate traits that were related to the selected ecological
dimensions (TRY variable “TraitID”) (Supplementary Table 1). Overall,
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Identification of relevant ecological dimensions and plant
characteristics
Aim: identify modelled processes and associated available and
widely measured traits
Methods: search available database and literature
Data sources: TRY

Trait data harmonisation: categorisation of trait values
Aim: divide the functional continuum into discrete categories to
reduce potential trait space
Methods: ecological thresholds, quantiles or most comprehensive

categories
‘ -

Data sources: TRY
Missing data imputation
Aim: fill missing species x traits data
Methods: Random Forest imputation with the inclusion of
Phylogenetic Eigenvectors (PVRs)
Data sources: TRY

Soil preferences data inclusion
Aim: retrieve species soil type preferences
Methods: categorization of soil types, species soil-types co-
occurrences
Data sources: SoilGrid, BIEN, PREDICTS, GBIF, TRY

!

Generation of dimension-specific groups
Aim: group species within ecological dimensions and create new
species reattribution models
Methods: if realized combinations exceed threshold: modified
Gower’s distance>PCoA>CARTs with PCoA scores as output and trait
values as input; if not combinations are used
Data sources: TRY, SoilGrid

v

Merging of all dimension-specific groups to obtain the final
PFGs

Aim: obtain the final PFGs classification

Methods: Random Forest unsupervised classification + proximity

matrix and best number of cluster calculation; merge with life forms

Data sources: TRY, SoilGrid -

Y
Y buiziuow.py ~buiupna|d " piop A4l T :3d1ids

Y°buipjing~ssa204daids94d ‘z :3dLids

Validation
Aim: test the ability of obtained PFGs to capture functional
redundancy across plant communities
Methods: calculation of species and PFGs diversity measures
(Shannon’s diversity and traits CWMS); correlation
Data sources: sPlot Open, TRY, SoilGrid

Y
Y uonppIIbA “€ :3d1ds

Fig. 1. PFGs building applied workflow with main aims, methods and data
sources for each step. Corresponding supplementary R script are indicated.
TRY=Plant Trait Database (Kattge et al., 2020); SoilGrid = global gridded soil
information (Poggio et al., 2021); BIEN=Botanical Information and Ecology
Network (Enquist et al., 2016); PREDICTS: Projecting Responses of Ecological
Diversity In Changing Terrestrial Systems (Hudson et al., 2014); GBIF=and
Global Biodiversity Information Facility (Telenius, 2011); sPlotOpen = an
environmentally balanced, open-access, global dataset of vegetation plots
(Sabatini et al., 2021); PCoA=principal coordinate analysis; CARTs = classifi-
cation and regression trees; CWMs = community weighted means.

167,001 taxa had at least one observation for one of these traits, which
summed to 4,399,663 trait observations. Taxa by traits data was
requested through the TRY portal (https://www.try-db.org). First, we
performed a species nomenclature standardisation procedure using The
Plant List (TPL) taxonomic backbone (https://www.theplantlist.org),
now a part of the WFO Plant List (https://wfoplantlist.org/plant-list).
TPL is still a robust and reliable nomenclature system for plant species
with an associated phylogenetic mega tree (Jin and Qian, 2019; 2022).
We excluded Bryophytes, due to the lack of coverage in the TRY data-
base. We used the taxonlookup R package (Pennell et al. 2016), to match
the species names against the TPL names repository (downloaded from:
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https://github.com/nameMatch/Database) with the nameMatch func-
tion of the U.Taxonstand package (Zhang and Qian, 2023). Any species
names with ambiguous or fuzzy matches and hybrid taxa were excluded.

After merging the information from related traits when possible and
discarding traits that were not suitable for our purposes (i.e., TraitID:
3096. Species habitat characterization: vegetation type was removed
because it only contained data for Brazilian ecosystems) we obtained a
dataset with 135,736 species by 49 traits (Supplementary Table 6). To
further filter only the most measured traits we retained traits that had
more than 10,000 sampled taxa and completed missing traits that are
relevant for ecological modelling or for ecosystem services modelling (i.
e., leaf phenology, mycorrhizal status, leaf thickness). Our final set of
traits comprised 134,608 species and 19 traits: plant growth form,
maturity, longevity, species tolerance to shade, leaf area per leaf dry
mass (SLA), plant height vegetative, seed dry mass, pollination syn-
drome, dispersal syndrome, plant woodiness, plant resprouting capacity,
seedbank longevity, leaf nitrogen (N) content per leaf dry mass, species
tolerance to frost, rooting depth, N fixing capacity, leaf thickness, leaf
phenology and mycorrhizas presence.

2.3. Trait data harmonisation: categorisation of trait values

Available trait data to be used for the classification of species in
generic functional groups needs to be harmonised and categorised. In
order to reduce complexity of trait combinations, continuous traits are
divided into discrete ordinal categories (low, medium, high), based on
trait data distribution or ecological thresholds/hypotheses when avail-
able. All data analyses were performed in R software (R Core Team,
2022).

We carried out a different procedure depending on whether the trait
data was continuous, cateogorical, or mixed (Supplementary Table 1).
For continuous traits (i.e. leaf area per leaf dry mass (SLA), plant height
vegetative, seed dry mass, rooting depth, leaf nitrogen (N) content per
leaf dry mass, and leaf thickness) we kept only records with standardised
values (TRY variable “StdValue™), checked for outliers with Rosner’s test
using the function rosnerTest of the R package EnvStats (Millard et al.,
2018) and removed extreme species values only when these were single
observations and not repeated observations. Then we divided contin-
uous traits into categories based either on ecological hypotheses/
thresholds (e.g. for seed mass and height we based our categories on
their relationships to dispersal agents and growth forms Westoby et al.,
1990; Hughes et al., 1994) or based on trait values distribution into
homogenous quantiles (i.e. <0.2, 0.2-0.8, >0.8) corresponding to low,
medium, and high categories when no ecological threshold hypothesis
was available. As most of the traits are normally distributed, dividing
their values between the 20 % lowest values (i.e., extremely low values
group), 20 % largest values (i.e., extremely high values group), and the
60 % remaining values are the “intermediate” category allows a good
representation of extreme groups. For mixed traits that displayed both
numerical and categorical values (i.e., maturity, longevity, species
tolerance to shade, seedbank longevity, species tolerance to frost, leaf
phenology, and mycorrhizas presence) we had to group numerical
values into the most comprehensive categorization available across the
various database composing TRY. Lastly, categorical traits (i.e., plant
growth form, plant woodiness, pollination syndrome, dispersal syn-
drome, plant resprouting capacity, N fixing capacity) including many
different categorizations depending on the database of origin within
TRY were harmonised according to the most applicable categorization
present in the data. Then, we calculated each trait mean value for each
species for ordinal traits (rounding to the closest integer value) and the
mode for strictly categorical traits. Finally, to obtain coverage between
10-15 % for the main evolutionary lineages considered (spermatophytes
and ferns and allies) we removed all species with more than 15 missing
trait values for ferns and allies and more than 14 missing trait values for
spermatophytes, ensuring an equal sampling size of both phylogeneti-
cally distant lineages.
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For data inspection, cleaning and data manipulation, we used rtry R
package (Lam et al., 2022), data.table (Dowle et al., 2019) and tidyverse
(Wickham and Wickham, 2017). The complete process of trait cleaning
and homogenization can be found in the Supplementary R script “1.
Try_data_cleaning_harmonizing.R”.

2.4. Missing data imputation

Since trait data often contains missing data, we include a missing
data imputation protocol that is robust enough for large species-traits
datasets containing mixed variables (plant characteristics) that is per-
formed on already categorised trait data, instead of raw continuous
values, in order to minimise imputation errors. Our method follows
Debastiani et al., (2021) and is based on the Random Forest algorithm
(Breiman, 2001) including phylogenetic relatedness information in the
form of Phylogenetic Eigenvectors (PVR) (Diniz-Filho et al., 1998).

In the applied framework, in order to calculate phylogenetic relat-
edness, we pruned a phylogenetic mega tree to our species pool. We
downloaded the extended TPL plant mega tree (GBOTB.extended.TPL.
tre) (Jin and Qian, 2022) and pruned the phylogeny to our species pool
with the phylo.maker function of the V.Phylomaker2 R package (Jin and
Qian, 2022), specifying ‘scenarios = S3’. To maximise niche conserva-
tisms (Harvey and Pagel, 1991) and ensure less variability between
species in terms of overall physiology and phenotype when imputing
data, we divided our species pool into eight major phylogenetic lineages
(ferns and allies, gymnosperms, basal angiosperms, magnoliids, mono-
cots, asterids, rosids and other eudicots) based on monophyletic clades
of the TPL taxonomic backbone phylogenetic tree and generated
phylogenetic trees by pruning the mega tree for each lineage. Secondly,
we performed separately for each major lineage a PVR decomposition
using the PVRdecomp function (PVR R package, Santos et al., 2018) and
kept all PVRs explaining more than the 0.05 % of variance. PVRs are the
eigenvectors of a Principal Coordinates Analysis (PCoA) fitted on species
phylogenetic distances across a phylogenetic tree (Diniz-Filho et al.,
1998). Then we added the obtained PVRs to our major lineages’ species
by traits matrix as if these were additional traits and imputed missing
data in traits using the function missForest of the missForest R package
(Stekhoven and Stekhoven, 2013) specifying default settings and
merged back lineages by traits data into one dataset that comprised
45,009 species and 19 traits.

2.5. Soil preferences data inclusion

We computed and added to the main species by traits dataset a
species soil preferences dataset, which assesses the relative abundance
of occurrences for each species on 42 soil types. These soil preference
profiles describe plant species generalism vs specialisation on certain
soils and are based on the intersection of geolocated soil data with plant
occurrence data. To obtain soil data, we simplified the soil database
soilgrids250m (Poggio et al., 2021), which predicts several key soil
properties worldwide at multiple depths with a resolution of 250 m. We
used only the 5-15 cm depth layer and extracted the median estimates
(Q0.5) of soil bulk density (BD), texture (grain size), pH and organic
carbon (OC) content as well as their associated uncertainty estimates. To
be able to discard soil estimates that we deemed too unreliable in any of
the five soil variables, we sampled 100,000 random soils from the
database and assessed the uncertainty distributions. Then, we used an
independent representative worldwide sample (n = 100,000) of the soil
data to classify soils. We discarded all data points that were above the
0.95 quantile in one of the five uncertainty distributions (23 % of all
data), as well as soils with a coarse material fraction >15 %, and then
determined the soil texture class according to the U.S. Department of
Agriculture definition (12 classes), using the clay, sand, and silt content
of the fine earth fraction. The relative proportion of texture classes
differed widely, ranging from <0.1 % to 31 %. We joined adjacent
classes: Silt was integrated in Silt Loam,; Silty Clay in Silty Clay Loam;
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Sand in Loamy Sand; Sandy Clay in Clay. After merging, eight texture
classes remained. Then, to retrieve reasonable texture-pH combinations
since there was considerable variation in pH values within each texture
class, with most textures showing clear bimodal patterns, we divided
most texture classes into two groups according to pH. The resulting 14
texture/pH classes signify differences in abiotic conditions. These clas-
ses were further subdivided into biological activity classes. To do so, we
split the classes along the 20th and 80th percentile of the organic carbon
content distribution of the soils. Splitting along an organic carbon
gradient is biologically meaningful, since soils with different organic
carbon stocks may harbour different microbial and microfaunal func-
tional groups. In total, we retrieved 42 soil classes. The classification
that we derived from the representative sample was then applied to the
full (simplified) database, thus obtaining a global dataset of all soil
classes. The categorised soil data was then intersected with plant species
occurrences obtained from the Botanical Information and Ecology
Network (BIEN, Enquist et al., 2016), the Projecting Responses of
Ecological Diversity In Changing Terrestrial Systems (PREDICTS, Hud-
son et al., 2014) and the Global Biodiversity Information Facility (GBIF,
Telenius, 2011) databases. We considered only species records collected
after the year 1980 to exclude potentially inaccurate historical records
and with less than 100 m of coordinate uncertainty. Species occurrences
were first screened for duplicates, nomenclatural or spatial errors and
then were uniformed to the TPL nomenclature before merging the soil
preference traits with the species by traits dataset. Since many species
did not have enough occurrences in the databases (more than 50 oc-
currences) to compute reliable co-occurrences, or soil data were not
available at the sampling locations, we obtained a species-soil co-
occurrence matrix with 33,010 species. Accordingly, by merging the
species by traits dataset we had to reduce our species pool, obtaining a
dataset of 19,102 species for 61 traits. Soil preference data was not
subjected to imputation. For accessing the BIEN data, we used the R
package BIEN (archived version 1.2.4, from CRAN), and for data
manipulation we used data.table, vroom, tidyverse, the developer
version of scrubr (retrieved on 21 dec 2021, version 0.4.0, ropensci/
scrubr), stringr and lubridate. We further used the packages terra, sf,
gdalUtils and rworldmap for spatial data manipulation, soiltexture for
retrieving soil textures, and MASS and pdfCluster for statistical analysis.

2.6. PFGs classification

Once a complete species by traits dataset is obtained, one can pro-
ceed with the ascendent clustering approach that leads to emergent
PFGs. The clustering is decomposed into two main tasks: 1) Generation
of ecological dimension-specific groups and attribution models; 2)
merging all the ecological dimension-specific groups to obtain the final
PFGs.

2.6.1. Generation of dimension-specific groups and attribution models

During the first task, for each ecological dimension if the number of
unique realised combinations of trait categories exceeds a user-defined
threshold, a reduction of each ecological dimension’s complexity is
carried out by performing a Principal Coordinate Analysis (PCoA) on the
distance matrices. This analysis retrieves species scores as relative po-
sitions in an ordination space of several traits and characteristics. Then,
the grouping of species by their relative position in the ordination space
is performed. This allows to obtain dimension-specific groups while
constructing a dimension-specific reattribution model. To this aim, a
Classification and Regression Trees (CARTs) analysis following Wine-
miller et al. (2015) is applied. CARTs are built specifying as outputs the
species scores on a reduced number of PCoA components (selected based
on eigenvalues explanatory power) and using original categorised trait
values as explanatory variables to build dendrograms. This, beside
identifying meaningful groups, allows the generation of a reattribution
model that can include more species when data becomes available.

In the applied framework, we first sorted obtained traits and
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characteristics into the eight main ecological dimensions according to
their relationships with these main axes of ecological variation
(Boulangeat et al., 2012) (Table 2).

We had seven unique growth forms (“shrubs_trees”, ‘“herbs”,
“climber_lianas”, “small_shrubs”, “epiphytes”, “aquatic” and “para-
sitic”). The form dimension is kept out of the clustering procedure and
used as a top level grouping factor of actual PFGs as recommended by
several authors (Lavorel et al., 1997; Landsberg, 1999, McIntyre et al.,
1999), so that PFGs maintain a conceptual link with top-down PFTs
classifications, to make the comparison with other vegetation modelling
efforts possible and also be informative on three-dimensional plant
growth patterns (ground rooted non-climber vs epiphyte vs ground
rooted climber). Moreover, growth form alone is often highly correlated
to other functional traits (Box, 1981) and thus including it in the clus-
tering procedure could potentially lead to biassed results.

For each dimension except form, we calculated all the realised
combinations of categorised trait values and soil types relative abun-
dances for soil. When realised combinations were less than 50, we
assigned each of them to a group while when realised combinations
exceeded 50, we performed additional clustering and classifications
steps as follows. First, we calculated a modified version of Gower’s
distance among species, that can handle a mix of categorical and ordinal
data (Crossa and Franco, 2004), and exacerbates differences in adjacent
ordinal categories by adding a multiplying factor (custom R function,
kindly provided by Jonathan von Oppen). We set the multiplying factor
to 10 and assigned weights to each trait to maximise the impact in the
distance matrix of more important traits in current ecological modelling
frameworks. We then performed a Principal Coordinates Analysis
(PCoA) with the pcoa function of the ape R package (Paradis et al., 2019)
on the resulting distance matrices and inspected the eigenvalues bar plot
applying the broken stick criterion (Peres-Neto et al., 2005) to decide
how many components scores to retain for each dimension. Finally, we
fitted classification and regression trees (CARTs) with the mvpart
function of the mvpart R package (De’Ath, 2007) using PCoA scores as
outputs and traits values as inputs to cluster species based on their
proximity in the ordination space but also to generate a model that we
can use to reattribute new species to existing dimension-specific groups.

2.6.2. Merging all the ecological dimension-specific groups to obtain the
final PFGs

In the second task, dimension-specific groups, either unique combi-
nations of traits values or groups outputted by the CARTs, are then
merged to build the comprehensive PFGs classification with an unsu-
pervised Random Forest classification that is used to generate a prox-
imity matrix. The unsupervised Random Forest algorithm does not
impose any predefined hierarchical order while merging all dimension-
specific groups but instead assesses a posteriori the most important di-
mensions in creating the PFGs. To minimise the subjectivity of clus-
tering, the proximity matrix is used to calculate the optimal number of

Table 2
Selected ecological dimensions and associated traits. Extracted from the TRY
database.

Dimension Trait

FORM plant growth form

DEMOGRAPHY plant lifespan, plant maturity
COMPETITION plant nitrogen (N) fixation capacity, species tolerance to
RESPONSE shade
COMPETITION leaf area per leaf dry mass; plant height vegetative; seed
EFFECT dry mass
DISPERSAL pollination syndrome; dispersal syndrome
DISTURBANCE woodiness, plant resprouting capacity, seedbank longevity,
mycorrhiza status
HABITAT leaf phenology type, leaf thickness, leaf nitrogen (N)
content per leaf dry mass, species tolerance to frost, rooting
depth
SOIL soil types relative abundance of occurrences data
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clusters with a statistical test. Finally, obtained clusters are combined
with the growth forms dimension that was not included into the Random
Forest algorithm to retrieve the actual PFGs.

The species by dimension-specific groups dataset excluding growth
forms was used to perform the Random Forest unsupervised classifica-
tion. We used the randomForest function of the randomForest R package
(Liaw and Wiener, 2002), specifying proximity = TRUE and 10,000
trees. The proximity matrix was then used to calculate the optimal
number of clusters with the function Nbclust of the Nbclust R package
(Charrad et al., 2014) specifying a maximum of 200 clusters, “ward.D2”
as clustering method and “cindex* as preferred index. The concordance
index, or C-index (Hubert and Levin, 1976) is a commonly used metric
that evaluates the performance of a predictive statistical model in
discriminating between cases with different outcomes or clusters
(Blanche et al., 2019). The lower value of the C-index corresponds to the
best number of clusters. We then combined the obtained best partition
with the seven growth forms to obtain the final PFGs. Moreover, we
calculated variable importance in terms of mean decrease in Gini Index
(Gini, 1955) to assess the different contributions of the different di-
mensions. The mean decrease in Gini Index is a measure of how each
variable contributes to the homogeneity of the nodes and leaves in the
resulting random forest. The higher the value of mean decrease accuracy
or mean decrease Gini Index, the higher the importance of the variable
in the model (Martinez-Taboada and Redondo, 2020).

Lastly, we derived PFGs traits calculating the average values and the
standard deviation of numerical traits and the modes of categorical
traits. Since often TRY species observations for the trait longevity do not
indicate maximum lifespan but rather recorded individuals age, to
minimise possible errors in long-lived species groups, PFGs longevity
was calculated as the maximum observed longevity value for shrubs and
trees PFGs and as the average value for all other growth forms. The
complete processes of missing data imputation, the creation of each
ecological dimension-specific groups and attribution models and the
merging of all dimension-specific groups to obtain the final PFGs can be
found in the Supplementary R script “2.PFGs_preprocess_building.R”
(Supplementary Material).

2.7. Validation

The validation step of the generated PFGs follows the PFGs valida-
tion method proposed by Boulangeat et al. (2012). Boulangeat et al.
(2012) argue that since PFGs trait selection and grouping parameters are
a simplification of reality, it is important to assess how much informa-
tion is actually lost during the process. This validation method tests the
ability of PFGs to summarise plant diversity across plant communities by
comparing and correlating species-based and PFG-based taxonomic and
functional diversity metrics calculated from plant community data. If
PFG-level metrics are positively correlated with species-level metrics,
then the PFG classification is robust and can be effectively used for plant
communities modelling (Boulangeat et al., 2012).

To validate the PFGs outputted by our applied framework we
downloaded the open access sPlotOpen, the biggest public global
vegetation database, containing plant species co-occurrence data for
95,104 vegetation plots (Sabatini et al., 2021). First, we aligned the
sPlotOpen species nomenclature to the TPL nomenclature to ensure
compatibility, as performed for the TRY data. Second, we excluded all
plots where less than 70 % of occurring species were present in our PFGs
classification, retaining 64,224 plots. Next, we averaged the species
cover values within each PFG for each plot to obtain a separate plot by
PFGs abundance matrix. We calculated Shannon’s diversity index for
both matrices and Community Weighted Means (CWMs) metrics for all
PFGs functional traits, extracting species values from our cleaned and
categorised TRY PFGs building dataset. Prior to indices computation, all
species that were not present in the PFGs were excluded from plot data.

CWNMs are calculated as the mean value of trait values weighted by
species/PFGs relative abundances within a sample (Roscher et al., 2012)
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and relate to the functional identity of plant communities by focusing on
the contribution of dominant species (McLaren and Turkington, 2010).
This measure has been shown to be tightly linked to ecosystem func-
tioning (Boulangeat et al., 2012 and references therein). Shannon’s di-
versity was calculated using the diversity function of the R package
vegan (Oksanen et al., 2007), while CWMs for ordinal traits were
computed calculating the weighted mean of traits by either percent
cover or average cover in the case of species and PFGs respectively.
CWNMs for categorical traits were computed by first converting each trait
category to a dummy variable and then computing the CWM for each
new dummy variable. Correlations between species and PFGs indices
were calculated as Pearson’s coefficients with the corr.test function of
the psych R package (Revelle and Revelle, 2015). The complete process
of validation can be found in the R script “3.Validation.R”
(Supplementary Material).

3. Results
3.1. Species coverage and inputed data coverage

The here employed pool of 19,102 species represented about 5.45 %
of the 350,699 accepted species names in the TPL database
(https://www.theplantlist.org), and included 4,493 genera, 380 families
and 83 orders out of the 17,020 accepted genera, 642 accepted families
and 85 listed orders in the TPL database. Species coverage varied greatly
among families, spanning from 100 % in some monospecific families (e.
g. Psilotaceae, Ginkgoaceae, and Welwitschiaceae) to values below 1 %
for some, mostly tropical herbaceous or epiphytic, species families (e.g.
Gesneriaceae, Cyclanthaceae, Begoniaceae, Orchidaceae). Species
coverage in species rich families such as Asteraceae, Fabaceae, Rubia-
ceae and Poaceae was overall lower than 10 %, with 4,98 %, 7.38 %,
3.41 % and 10 % respectively. By comparing the native distributions of
employed taxa found in the World Checklist of Vascular Plants (WCPV,
https://powo.science.kew.org/about-wevp) with all recorded native
distributions in the WCPV, coverage by continent was the highest for
North America and Europe and the lowest for tropical Asia, Antarctica
and the Pacific. Additional information on species coverage can be
found in Supplementary Fig. 1 and Supplementary Tables 2 and 3.

Out of the obtained 1,165,222 cells in the species by features matrix,
362,938 contained species TRY traits data, of which 214,145 contained
imputed data (59 %). Only 135 species did not contain any missing
entry. The highest proportion of missing data (>80 %) across all traits in
species rich families was recorded for several Fern and allies families (e.
g. Cyatheaceae, Pteridaceae and Selaginellaceae). Conversely, species
rich families with the lowest missing data proportion were Juglanda-
ceae, Pinaceae and Betulaceae. Additional details on relative pro-
portions of imputed data by lineages can be found in Supplementary
Table 4.

3.2. PFGs features

We obtained 12 unique realised combinations for the demography
dimension, 11 for the competition response dimension, 23 for the
dispersal dimension and 46 for the disturbance dimension. Other di-
mensions than the soil dimension had a number of realised unique
combinations higher than 50 such as competition effect: 85, and habitat:
132. After further grouping the large number of unique combinations we
obtained 5, 46 and 11 groups for the competition effect, habitat and soil
dimensions, respectively.

When merging dimension-specific groups to obtain the final PFGs
classification, the Nbclust function identified 182 groups as the best
partition for our data. We combined the obtained best partition scheme
with the seven growth forms retrieving an optimal number of 465 PFGs,
of which 27 were composed by aquatic species, 72 climbers_lianas, 26
epiphytes, 150 herbs, 8 parasitic, 125 shrubs_trees, and 57 were
composed by small_shrubs species. Overall, 221 PFGs contained more
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than 10 species with the three most numerous groups containing 2111, 1
938 and 1235 species respectively (Table 3, Supplementary Tables 5,6).
The ten most species rich PFGs (Table 3) comprised mostly herbs, shrubs
trees and only one climber and lianas group and belonged to mostly 2
clusters of characteristics values (cluster number 3 and number 5). All
10 most species rich PFGs displayed generalism in soil preferences,
occurring on all soil types. Ninety-four PFGs contained only one species
(Supplementary Tables 5, 6). The most important dimensions that
emerged in the Random Forest classification were dispersal, habitat,
disturbance and competition response. The least important were
demography, competition effect, and soil (Table 4).

The obtained PFGs in general represented non-overlapping combi-
nations of characteristics within each of the ecological dimensions
divided by growth forms (Fig. 2).

The most influential traits highlighted in Fig. 2, underline the two
main uncorrelated gradients in PFGs distribution in the traits space.
These are the one including SLA, leaf N leaf thickness and frost_tol-
erance, and the one including height, woodiness, and seed mass.
Regarding the most species rich PFGs, for shrubs_trees, small_shrubs,
climbers and herbs the most numerous PFGs belonged to the two same
clusters (number 5 and number 3). This means that most species rich
PFGs of these growth forms shared very similar combinations of traits.
Aquatic species-richest group belonged to one of these clusters. Epi-
phytes and parasites’ species-richest groups belonged to completely
different clusters (Fig. 3).

3.3. PFGs validation

Overall, the validation process highlighted strong correlations be-
tween species-level and PFGs-level diversity indices, which suggests that
our classification was robust and summarised adequately the main di-
versity trends (Table 5, Supplementary Fig. 2). Functional identity
(CWMs) was successfully captured after the reduction of plant species
into the 465 PFGs and there were significant positive correlations be-
tween species-level and PFG-level CWMs values for most of the traits
used for building our PFGs classification (Table 5), suggesting that the
number of obtained PFGs is sufficient to capture the main features of
plant communities worldwide. Lastly, our classification of 465 PFGs also
captured much of the variation of taxonomic diversity across plots
(Pearson’s correlation = 0.95, p < 0.001).

4. Discussion

Our research presents a theoretical and applied framework to create
a usable number of discrete and globally valid PFGs that are detailed
enough to capture the functional divergence between species and the
key ecological dimensions underpinning vegetation diversity, and hence
are suitable for use in large scale dynamic vegetation models. We
described the conceptual and applied approach of the framework, its
rationale and workflow. The approach relies on first, dividing the
functional continuum (Westoby et al., 2002) into discrete categories to
reduce the potential trait space and to accommodate many more species
(without increasing the number of PFGs) if their traits values fall into the
identified trait values ranges. We further grouped these trait combina-
tions by their functional proximity to retrieve the final PFGs. Lastly, we
validated the outcomes of the applied framework using an extensive
dataset of plant communities distributed globally, highlighting its po-
tential in capturing functional redundancy patterns worldwide.

Using the most comprehensive and currently available global trait
database of plant functional traits (TRY, Kattge et al., 2020) and soil
preference data, we assigned 19,102 plant species to 465 distinct PFGs
based on a set of 19 functional traits with two to seven modalities each,
and on preference data for 42 soil types. This number is higher than that
obtained in other existing PFG/PFT classifications (i.e., in the order of
tens) that are coarser or constrained to a specific region (e.g., Sitch et al.,
2003, Boulangeat et al. 2012, Pierce et al., 2017). Also, the number of
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Table 3

10 most species rich plant functional groups (PFGs) and associated trait values ranges. Categories thresholds values can be found in the Supplementary Table 1. spp = number of species; dispers. = dispersal syndrome;

pollin. = pollination syndrome; leaf phen. = leaf phenology; leaf N

species rich groups occur on all soil types.

leaf nitrogen (N) content; SLA = specific leaf area; myco. = mycorrhizas presence; N fix. = N fixation. Soil preferences is not displayed as all 10 most

shade N  resprouting
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(m)
<1
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no
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no
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herbs_5

no
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herbs_3
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1-5
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no
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0.1-2
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herbs_54

woody
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<1
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0.17-0.31
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8.08-25.4 1-5
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no

2-100

animal evergreen 12.9-27.07 0-5

zoochory

356

shrubs

trees_49

herbs_28
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0.17-0.31 2-100 <1
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yes
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0.1-2

animal deciduous 12.9-27.07 0-5
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trees_22
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Table 4

Unsupervised random forest variable importance for each
ecological dimension. Importance is expressed as mean
decrease in Gini Index.

Dimension Importance
dispersal 2465.52
habitat 2448.23
disturbance 2375.26
competition response 1791.27
demography 1573.78
competition effect 933.86
soil 95.22

species is higher that what usually included in PFTs/PFGs classifications
(e.g. Boulangeat et al., 2012; Pierce et al., 2017), but lower than the
46,047 species examined in Diaz et al. (2016)’s global form and function
spectrum. Given that our PFGs classification framework is global, which
means that it can potentially represent all plant species and work
seamlessly across different ecosystems, we believe that 465 is a
reasonable maximum number of entities for varying scale plant
ecological modelling. This number represents a good, computationally
sound compromise between the species level (in the hundreds of thou-
sands) and the PFTs’ level (in the order of tens).

The here proposed framework allows in principle the inclusion of an
unlimited number of plant features and ecological dimensions. How-
ever, in the presented global example-use case, trait selection was car-
ried out to ensure adequate coverage of important ecological dimensions
(species interactions, habitat affinities, spatial and temporal dynamics),
that are involved in key processes determining species distribution in
space and species dynamics in time. Such processes are those found in
ecological models, ecological theories and therefore important for
ecological analyses. To limit our selection to an informative set of traits
and features, we gathered and retained only those with the most ob-
servations by taxa available in public global repositories. For example,
among selected traits, we did not include direct climate preferences, as
in Sitch et al. (2003), or drought tolerance as we assumed that these
would be correlated with the other functional traits used in the classi-
fication. A different selection of features is entirely possible within the
proposed framework and would probably lead to a partially different
PFGs classification.

The use of growth form as a highest level of our PFGs classification
was necessary to ensure that subsequent nested species groupings were
based on functional traits that ranged over a similar scale (e.g. plant
height is not comparable between tree and herbs). Having PFGs divided
by growth forms is also useful for the comparison with functional groups
or types derived via other means, in order to relate suites of traits to
specific plant behaviours (Lavorel et al., 1999, Symstad, 2002).
Furthermore, it would allow to include 3d growth patterns (e.g., in
landscapes planning, or projects aiming at combining urban ecology and
architecture such as ECOLOPES (Weisser et al., 2023), and to assimilate
our classification to the PFTs that are currently used in global scale
DGVMs (Sitch et al., 2003).

Our PFGs classification framework was validated by testing its ability
to capture essential functional and taxonomic variations among plant
communities without losing an excessive amount of information. The
high positive correlation between most of the CWMs of species traits vs
the CWMs of PFGs traits confirmed that the framework largely achieved
this aim. In particular, six quantitative traits and two dispersal modal-
ities showed correlation > 0.6 (Table 5). Among these, the dispersal
modalities correlation is reflected by the high importance in Random
Forest classification of the dispersal dimension. Also, many of the traits
with the highest correlation coefficients belonged to the disturbance
dimension, which also had a high importance value in the Random
Forest classification. Only the longevity CWM showed a low positive
correlation value. This may reflect the difficulty in retrieving realistic
long-lived PFGs longevity values and may be partially due to errors in



M. Calbi et al.

Ecological Indicators 166 (2024) 112370

A A\ frost_tolerance
A
A A | A \.
= * A
AT——at & 4T Ax /
A a A | L, | A A
As AA 'y A‘A 1A N SLA
0.05 As A AA 4
A
+ A &A “ £ L,
*+ o A o f XY AT ® *‘ +
A m/ u
o ¢ S 2 N SN
A <A ° { A A X
Lesolgm . X4 E leaf_N
A
o
A A’ 5"'l 4 axxm Qx B "u
A TN o X form
A, f - A
. A >. ‘ + aquatic
A *
&
o P w
0.00 . *® ‘ 39 XA ‘ .A o > ° >< climber_lianas
A ] x. = A @ X X
= 0 A 3 A . A >& L . A X ’ epiphytes
5] leaf_thickness L A A
3 s d U e A
° A
Xp X x (ATA P wiad - - % parasitic
a AX KA A A
u| % . shrubs_trees
w e XA XX ®
X ’ small_shrubs
s = ;. ¢ g, "
A - ° u A i\ u
-0.05 u - - .
0 ] ™ L - m K
XM gm E_ seed_mass
) X A oF .. o .'ll -
Enm .A. ° i
o
u] s T
height
m -
ol
-0.10 -
woodiness
-0.05 0.00 0.05
PCo2

Fig. 2. Principal Coordinates Analysis (PCoA) of plant functional groups (PFGs) in the plant characteristics space (including functional traits and soil preferences),
symbols are PFGs centroids. Arrows show the gradient of the seven fitted variables (traits) most correlated @@ > |0.2|) with the first two ordination axes: woodiness,
frost tolerance, height, seed_mass, SLA, leaf N, and leaf_thickness. Bigger symbols represent the two most species rich PFGs for each growth form. SLA=specific leaf

area; leaf N=leaf Nitrogen content.

the used trait data that were further propagated throught the missing
data imputation procedure