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Abstract

1.

In the recent years a variety of indices have been proposed with the aim of quantifying
functional dissimilarity between communities. These indices follow different
approaches to account for between-species similaritiesin the cal culation of
community dissimilarity, yet they all have been proposed as straightforward tools.

In this paper we reviewed the trait-based dissimilarity indices available in the
literature, contrasted the approaches they follow, and evaluated their performance in
terms of correlation with an underlying environmental gradient using individual-based
community simulations with different gradient lengths. We tested how strongly
dissimilarities calculated by different indices correlate with environmental distances.
Using random forest models we tested the importance of gradient length, the choice of
data type (abundance vs. presence/absence), the transformation of between-species
similarities (linear vs. exponential), and the dissimilarity index in the predicting
correlation value.

We found that many indices behave very similarly and reach high correlation with
environmental distances. There were only afew indices (e.g. Rao's Dg, and
representatives of the nearest neighbour approach) which performed regularly poorer
than the others. By far the strongest determinant of correlation with environmental
distance was the gradient length, followed by the datatype. The dissimilarity index
and the transformation method seemed not crucial decisions when correlation with an
underlying gradient is to be maximized.

Synthesis: We provide a framework of functional dissimilarity indices and discuss the
approaches they follow. Although, these indices are formulated in different ways and

follow different approaches, most of them perform similarly well. At the same time,
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sample properties (e.g. gradient length) determine the correlation between trait-based

dissimilarity and environmental distance more fundamentally.

Keywords

beta diversity, dissimilarity index, distance metric, community ecology, functional traits

Abbreviations

CDF = cumulative distribution function, CWM = community-weighted mean, FDissim =

functional dissimilarity, VIS = variable importance score

I ntroduction

Understanding and explaining the variation of living communities along dimensions of space
and time have been in the focus of ecological research ever since. The widely applied scheme
by Whittaker (1960, 1972) to tackle questions of different aspects of community variation
divides community diversity into alpha (within-community), beta (between-community) and
gamma (across-community) components. It is no exaggeration to say that among these three,
beta diversity sparked the most controversy due to the multitude of ways how it can be
formulated (Tuomisto 2010a,b, Anderson et a. 2011, Podani & Schmera 2011, Baselga &
Leprieur 2015). One of the most popular approaches to beta diversity builds upon
quantification of variation between pairs of communities using dissimilarity indices
(Anderson et a. 2006, Legendre & De Céceres 2013, Ricotta 2017). A broad spectrum of
such dissimilarity indices are available for many specific purposes providing elementary tools
for different fields of ecology and beyond (see reviews by Legendre & Legendre 1998, Podani
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2000). Nevertheless, choosing from such many options requires a more or less subjective
decision from the researcher which may affect the final result of the analysis. Comparative
reviews of dissimilarity indices (Faith et al. 1987, Koleff et al. 2003) and evaluations of
effects of methodological decisions (Lengyel & Podani 2015) are inevitably helpful in making

these decisions.

The most popular, yet not exclusive, interpretations of diversity for long time considered
species as variables which are unrelated with each other. In the last two decades, however, the
functional approach to ecological questions gained unprecedented attention (Diaz & Cabido
2001, McGill et al. 2006). This approach relies on the fact that species are not all maximally
different from each other, rather they can be considered related with respect to similaritiesin
their traits thought to represent their roles in ecosystems (Violle et al. 2007). The need for
explicitly accounting for between-species relatedness generated a wave of methodol ogical
improvements that introduced new methods in the calculation of diversity. Next to alively
scientific discussion on how functiona alpha diversity can be appropriately quantified (Mason
et al. 2005, Petchey & Gaston 2006, Villéger et a. 2008, Mouchet et al. 2010), suggestions
were made also for the expression of functional beta diversity (Swenson 2011, Botta-Dukéat
2018, Chao et al. 2019). Among them, alarge variety of indices for calculating dissimilarity
between pairs of communities on the basis of the traits of their species have been proposed
(e.0. Ricotta & Burrascano 2008, Cardoso et a. 2014, Ricotta & Pavoine 2015). Although
these indices have been introduced as strai ghtforward measures for revealing between-
community dissimilarity on the basis of traits, they have very different concepts behind, and

we still lack a comparative review of them.

In this paper we aim to provide an overview and a conceptual framework for the pairwise
functional dissmilarity (hereafter called FDissim) measures available in the literature to our

best knowledge. We start with a (1) short overview of the concept and indices of ecological
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(dis-)similarity without accounting for relatedness of species, then (2) we review and classify
FDissim indices according to their conceptual basis, and (3) we test the performance of

FDissim indices.

Short overview of taxon-based (dis-)similarity methods

Most FDissim measures are generalizations of simple indices which were originally designed
for expressing dissimilarity based on species composition (that is, omitting similarities
between species). We start the review of trait-based (dis-)similarity measures with a brief
summary of these species-based indices. Then, we present aframework of approaches

including several families of trait-based dissimilarity indices.

Species-based indices

M ost indices can be written in either similarity (s) or dissimilarity (d=1-s) form but when we
do not see necessary to specify the form, we call them ‘resemblances’. In the case of
presence/absence data, these indices are based on the well-known 2x2 contingency table
whose cells represent the number of species shared (denoted by a), as well as the number of
species occurring only in one of the communities (b and c). The fourth cell of the contingency
table quantifying the number of shared absences is disregarded by these indices and rarely
used in ecological analyses (but see Tamas et al. 2001). All these indices agree that they
express similarity as the proportion of shared diversity to total diversity. Hence, all of them
range between 0 and 1. In the case of presence/absence data the number of shared species, a,
in the numerator stands for shared diversity for all indices, while the denominators are
different. In the Sgrensen index (ss) the denominator is the arithmetic mean of the species
numbers of the two communities, in Ochiai index (So) it istheir geometric mean, in

Kulczynski (s«) it istheir harmonic mean, whilein Simpson index (sg) it isthe richness of the


https://doi.org/10.1101/2021.01.06.425560

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.06.425560; this version posted January 8, 2021. The copyright holder for this preprint

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

species poorer community. If the two communities are equally species-rich, then these indices
are equal, otherwise ss< so< s« < Sg. In the Jaccard index (s;), the denominator is the total
number of speciesin the two communities, while in Sokal & Sneath index (Sss) species
occurring in asingle community are taken into account with double weight. Thereis a direct
and monotonic relationship between Jaccard, Sgrensen, and Sokal & Sneath indices (see

Appendix S1). Table 1 summarizes the similarity and dissimilarity forms of the above indices.

For abundance data, the resemblance of two communitiesis derived from the summation of
species-wise differences, with the simplest interpretation being the Euclidean and the

M anhattan distances, respectively:

Si 2
Eq. 1. deyctidean = lei};(xl] - xik)

Sik
Eq. 2. dmanhattan = Ziillxi}' - xikl

where x; and xix are the abundance of speciesi in communitiesj and k, Sk is the total number
of speciesin j and k. For both indices, the minimum is O but the maximum of Euclidean
distance is the square-root of the sum of squared abundances, while for Manhattan distance
the maximum is the sum of abundances. Obviously, their dependence on total abundance
makes these index values difficult to compare across samples; therefore, indicesincluding a
standardization have become more popular in ecological studies. The standardization is
possible in several ways. The first option is to standardize raw species contributions to
between-community dissimilarity (x-Xi), and then to sum them. Therefore, each species-level
difference in abundance should be divided by a scaling factor in away that maximal species-
level differenceis 1 and thisdifferenceis maximal if species present only one of the
compared communities. Summing x;; and Xik in the denominator satisfies this requirement and

gives awell-known distance measure, the Canberraindex:
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-?jk |xij—x1kl
=1 (xy+xik)

130 Eq.3. dcanverra = X

131 However, Canberraindex still ranges between 0 and Sx. According to Ricotta & Podani
132 (2017), the normalized Canberraindex can be derived by unweighted averaging of species

133 contributions:

Sje |xij—xkl

1
134 Eq. 4 Ancanverra = a i=1 (g +xk)

135  Alternatively, species-level differences can be divided by max(x;j, Xix). It aso results unity, if
136  species occur only either of the plots. Ricotta & Podani (2017) called this modified Canberra

137  index, whose normalized version follows:

1 Sjk |xij_xik|

138 Eq. 5. dymcanberra = a i=1max (xijx)

139  Calculating from binary data, both normalized Canberra and normalized modified Canberra

140  result in Jaccard dissimilarity.

141 A different way of standardization is possible if raw species-level differences are summed and
142  divided by the sum of their theoretical maxima. In this case, the denominator can follow the
143 logic of Canberraindex, thus leading to the Bray-Curtis index:

S
Ziili|xij—xik|

Sik
DEMEEE

144  Eq. 6. dpc =

145  Analogously with the normalized modified Canberraindex, instead of the sum, the
146  denominator may contain the maximum of abundance, resulting in the formula known as

147  Marczewski-Steinhaus index:

S.
T xij—xal

148 EQ.7. dys =

Sjk
Zi:l max (xij,xik)
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Worth to note that Bray-Curtis and Marczewski-Steinhaus indices calculated on
presence/absence data return the values of Sgrensen index and Jaccard index in dissimilarity
form, respectively. Moreover, several abundance-based indices can be expressed if we
generalize a, b, and ¢ quantities used during the definition of indices for presence/absence

data (Tamés et a. 2001).

Eqg. 8. a' = leikl min  (x;;, Xi)
Eq. 9. b' = Zisikl(max (xij, xix) — xi5)
Eq 10. c' = Zfikl(max (.X'i]', xik) — xik)

Substituting a, b and c with a’, b’ and ¢’ into the formula of Sgrensen index gives Bray-
Curtis, and doing so with Jaccard index results in the Marczewski-Steinhaus. Abundance

versions of all other presence/absence indices can be created in the same manner.

A classification of FDissimindices

FDissim indices incorporate trait information into the calculation of dissimilarity in different
ways. The simplest solution is when summary statistics or distributions are calculated for the
two communities and a measure of distance or segregation is calculated between them. We
call this the summary-based class, and in our review, we include two approaches within this,
the typical value approach and the distribution-based approach. In the second class we
include indices which utilize a symmetrical species by species (dis-)similarity matrix and link
it directly through matrix operations with the compositional matrix. We call thisthe
dissimilarity-based class which includes the probabilistic, the ordinariness-based, the
diversity partitioning, and the nearest neighbour approaches. The third class includes

methods which make use of between-species (dis-)similarities for classification of species,
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therefore, we call it the classification-based class. The classification either transforms the
original structure of the dissimilarity matrix into discrete groups of species which can be used
as functional types, or expresses dissimilaritiesin aform of a tree-graph where between-
species dissimilarities are organized in an inclusive hierarchy. This is awidespread approach
for accounting for phylogenetic relatedness, since phylogenies are commonly summarized in
the form of cladograms. Such methods heavily rely on the algorithm chosen for the
classification, including the decisions about the number of clusters and the method for
breaking tied values. Examples are provided by Hérault & Honnay (2007), Nipperess et al.
(2010), and Cardoso et al. (2014), while areview is available by Pavoine (2016). Asthereis
no general recommendation for the classification method, we omit this class from the
framework detailed below and the comparative test. The classification of trait-based

dissimilarity indices and their main properties are summarized on Table 2.

Typical value approach

Indices following this approach represent each community with atypical trait value, and
calculate a distance metric between them. The most commonly applied typical trait valueis
the community weighted mean (CWM; Garnier et al. 2004). The rationale behind the CWM
can be linked with the mass ratio hypothesis (Grime 1998) stating that the effect of specieson
ecosystem functioning is proportional to their relative abundances. Although, several issues
emerged regarding its limited applicability in statistical inference (Hawkins et al. 2017, Peres-
Neto et al. 2017, Zeleny 2018) and its negligence of within-community variation (Muscarella
& Uriarte 2016), differencein CWM is still considered areliable indicator of robust changes
in trait composition induced by selective forces like environmental matching or succession
(De Bello et a. 2007, 2013, Kleyer et a. 2012). Ricotta et a. (2015) investigated the
relatedness of the distance between CWMs with the probabilistic approach (see therein) and

showed its applicability on phylogenetic data. Due to its tolerable requirements for
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computational capacity, Lengyel et al. (2020) used the Euclidean distance between trait
CWNMs of phytosociological relevés for the trait-based numerical classification of grasslands
of Poland with asample size of 6985 sites and 885 species. Another advantage of this method
is its Euclidean property. Besides the community-weighted mean, other typical values, e.g. the
median or the mode, might be considered depending on the scaling of thetrait variable and on

specific research aims.

Distribution-based approach

Instead of typical values, the distribution of trait valuesis considered amore reliable
representative of the trait compasition and variability of a community. Continuous
distributions can be defined by a density function, while discrete distributions by the
probabilities of the possible values, while both types can be characterized by a cumulative
distribution function (CDF). A useful analogue of the distance between typical values might

be distance between discrete distributions, density functions or CDFs.

If datais available on intraspecific trait variation, trait values forms a continuous distribution.
First, separate density functions have to be fitted within each species. Then, density function
of this community-level distribution can be calculated as weighted sum of species level
density functions (Carmona, de Bello, Mason, & Leps, 2016). If such datais not available, we
can use relative abundances as estimates of probabilities of the corresponding trait values.

Pairs of trait values and their probability form a discrete distribution.

Similarity of density functions can be measured by their overlap (see Appendix S2 for
overview of overlap measures). Overlap functions between within-species trait distributions
has aready been proved useful in the quantification of between-species niche segregation

(MacArthur & Levins 1967, Mouillot et al. 2005) or trait-based dissimilarity of species (LepS

10
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et al. 2006, De Bello et al. 2013). Nevertheless, they are perfectly applicable to the

community level as well.

Gregorius et al. (2003) proposed an index called delta for the quantification differences
between discrete trait distributions. Deltais the minimal sum of frequencies shifted from one
trait state to another trait state, weighted by the differences between the respective states.
Minimizing the sum of shifted frequenciesis known in linear programming as the
transportation problem (Hitchcock 1941). Dueto its relatively high computational demand, it
is unfeasible for large compositional and trait data matrices typically used in ecological

research, therefore, we exclude this index from our comparison.

Difference between two CDFs can be calculated at each possibletrait values (i.e. not only the
observed ones), then the sum of them can be used as a trait-based dissimilarity measure. In

Appendix S3 we introduce the distance between CDFs in more detail.

Maximally distinct communities

Species-based dissimilarities, except Euclidean, Manhattan and (non-normalized) Canberra
distances, equal unity, which is their maximum, when the two compared communities do not

share any species. In this context, we could call such communities maximally distinct.

However, when traits are considered, two communities can be similar, even if they do not
share any species. For example, if all species of community A is replaced by a similar species
in community B, the two communities have no shared species, but from functional point of
view, they are similar. In this context, two communities are maximally distinct, when
similarity of any species from the first community is zero to any species in the other
community. It is adesirable property for afunctional similarity index to take the value O if

and only if the two compared communities are maximally distinct.

11
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Probabilistic approach

This approach can be traced back to the diversity framework proposed by Rao (1982), and
recently extended by Pavoine & Ricotta (2014). Rao’s within community diversity is defined
as the expected dissimilarity between two randomly drawn individuals from asingle

community:
Eq. 11. Q) = X Xjpip;si

where p; is the relative abundance of the ith speciesin the community and J;; is the
dissimilarity between speciesi and j. This has become awidely used index of functional alpha
diversity (Botta-Dukét 2005). Likewise, a between-community component of diversity,
Q(p.q), can be defined as the dissimilarity between two random individuals, each selected

from different communities;
Eq. 12. Qp, @ = X X;piq;5;;

Between community diversity can be expressed using within community diversity of the two

original communities (Q(p) and Q(q)) and the community with mean relative abundances,
p+q
o (%)

+ i+qiPitq; 1
Eq. 13. 20 (%) =23, 3,202 s = 23,3 [pip; + quq; +

Q(p)+e(q)
2p;q;] 8 = %‘F Q(p,q)

Subtracting mean within community diversity from the between community diversity leads to

Rao’ s dissimilarity (also called DISC):

12
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+2i2j4i9j8ij
2

Q(p)+Q(q) _
2

Xi2jpipjbij
265 Eq 14. DQ = ZLijlq]&j = ZlZ/plq}5lj -

266 20(%%) - o) - 0(a)

2
267  wherep; and q; are the relative abundances of speciesi in the two communities. Champely
268  and Chessel (2002) proved that if & has squared Euclidean property, Rao quadratic entropy is
269  concave function, i.e. Q (?) is higher than or equal to mean of Q(p) and Q(q). Thus under
270  thiscondition, D, = 0. 1f 0 < §;; <1, %, X p;q;6;j, which is the weighted average of
271 between-species distances, also has to be within this range. Therefore, 0 < D, < 1. However,
272 Dg may be much lessthan 1, even if the two communities are completely distinct, when Q (p)
273 and Q(q) arehigh. Therefore, Pavoine & Ricotta (2014) suggested dividing Dq by its
274  theoretical maximum (see equations 3 and 4 in Pavoine & Ricotta 2014). They recognized
275  that the resulting indices are representatives of a broader family of indices, hereafter called
276 dsimcom, which are actually the implementations of Rao’s between-community and within-
277 community components of diversity into the similarity formulae designed for
278  presence/absence data. For thisindex, it is necessary to introduce the similarity between
279  species, g;=1- djj. The expected similarity between individuals of different communities,
280 A=3%, P4;E; is taken analogous with the shared diversity, a, according to the parameters
281  of thesimilarity indices for presence/absence data disregarding species properties, while the
282  expected similarities within communities (A + B = Ziszipjé'i}- andA+C =32 qiqjsi}-) are
283  analogous with the species numbers (a+b, a+c). In this way, Pavoine & Ricotta (2014)
284  presented formulae following the Sokal & Sneath, Jaccard, Sagrensen, and Ochial indices.
285  Additionally, aformula analogous with Whittaker’ s effective species turnover (f=y/a-1,
286  Whittaker 1972, Tuomisto 20104) is suggested for two communities, which in similarity form
287  isshown to beidentical with the overlap index of Chiu et a. (2014). In thisformulation
288  y=A+B+C and a=(2A+B+ C)/2. Pavoine & Ricotta (2014) showed that members of the

13
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289  dsimcom family provide meaningful values also if absolute abundances, percentage values or

290  binary occurrences are used instead of relative abundances.

291 When g; contains taxonomical similarities, its off-diagonal elements are 0, and A=a, B=Db, and

292  C=c.

293 Worth to note the inherent link between Dq and CWMdis on the basis of the geometric

294  interpretation by Pavoine (2012) and Ricotta et al. (2015). Pavoine (2012) showed that if

295  between-species dissimilarities are in the form §=(d;?)/2 and d;; is Euclidean embeddable, Dq
296 ishalf the squared Euclidean distance between the centroids of two communities — a function
297  monotonically related with CWMdis, the simple Euclidean distance between centroids of

298  communities. AsRicottaet al. (2015) argue, if species relatedness is only described by a

299  dissimilarity matrix, which is the common case in phylogenetic analyses, species can be

300 mapped into a principal coordinate analysis ordination using d;j. Given the Euclidean

301  embeddable property of dj, this ordination should produce S-1 or fewer ordination axes, all
302  with positive eigenvalues. Ordination scores for species can be used astraits, and therefore,
303  centroids of communities, and (squared) Euclidean distances between communities can be
304 calculated. In the special case when between-species dissimilarities are Euclidean distances,
305 Dgq must be equal with the Euclidean distance between the weighted averages of traits, that is,

306 CWMdis.

307 Itisaso notable that Swenson et a. (2011) and Swenson (2011) use the quantity Q(p, q) asa
308  standaloneindex of pairwise betadiversity and call it Dy, or “Rao’s D”. The latter nameis
309 misleading since Rao (1982) himself noted with Dj; the DISC (or Do) index. Q(p, q) measures
310 dissimilarity between two communities but the dissimilarity of acommunity from itself is not
311 zero. Swenson (2011) also presents a standardized version of Q(p, q) under the name Rao’s

312  H. With this formulathe dissimilarity of acommunity to itself is scaled to 1, however, its

14
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transformation to a meaningful scale where each community has dissimilarity value zero
towards itself is not elaborated. Due to this drawback, we do not consider these indices in our

review of functional dissimilarity measures.

Schmidt et al. (2017) proposed probabilistic indices with weighted and unweighted versions
for expressing community similarity on the basis of taxainteraction networks (called TINA,
taxa interaction-adjusted) and phylogenetic relatedness (PINA, phylogenetic interaction-
adjusted). TINA and PINA differ only in what type of data the interaction matrix contains.
Notably, the functional formula of weighted TINA isidentical with the Ochial version of
dsimcom. However, the unweighted TINA, abbreviated TU, is not a special case of TINA,

which we consider an inconsistency. Therefore, we did not include TU as a separate index.

Ordinariness-based approach

With respect to functional alpha diversity, Leinster & Cobbold (2012) introduced the concept
of species ordinariness defined as the weighted sum of relative abundances of species similar
to afocal species within the same community, or in other words, the expected similarity of an

individual of the focal species and an individual chosen randomly from the same community.

According to Ricotta & Pavoine (2015) it is straightforward to replace abundances with
ordinariness values in the species-based (dis-)similarity indices. Following this concept,
Ricotta& Pavoine (2015) introduced a new family of trait-based similarity measures called
dissABC. dissABC applies the schemes of Jaccard, Sarensen, Ochiai, Kulczynski, Sokal &
Sneath, and Simpson indices. Either relative or absol ute abundances can be chosen as input
values. Species ordinariness values can be calculated either with respect to the pooled species

list of the two communities under comparison, or to the total species list of the data matrix.
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336  For species-based analyses, Ricotta & Podani (2017) suggested a general formula of distance
337  measuresin which community dissimilarity is calculated by the weighted averaging of

338  species-level differencesin abundance. From this formula, anormalized Canberra distance,
339  Bray-Curtis distance, Marczewski-Steinhaus index, and an evenness-based dissimilarity index
340 (Ricotta2018) can be derived. According to Pavoine & Ricotta (2019), replacing species

341  abundances with species ordinariness values, a meaningful dissimilarity index can be

342  designed, whichis called generalized_Tradidiss. Additionally, thisindex contains afactor

343  which weights the contribution of each species to the overall dissimilarity between the two
344  communities. This weight can be set to give even weight to all species or to weigh them

345  proportionally to their relative abundance in the pooled communities.
346
347  Diversity partitioning approach

348  Following the work of Hill (1973), acommunity with diversity of order g, D, is as diverse as
349  atheoretical community containing °D equally abundant species. The order of diversity, g,
350  expresses the weight given to differences in species abundance, q = O representing the

351  presence/absence case, q = «o considering only the relative abundance of the most abundant
352 speciesin the community. Without accounting for interspecific similarities, there is emerging
353  consensus that using effective numbers (also called number of equivalents) isa

354  straightforward way for partitioning diversity into within-community (alpha), between-

355  community (beta) and across-community (gamma) components (Jost 2007). Of these three,
356  the between-community component, beta diversity, can be interpreted as aform of

357  dissimilarity when applied for two communities (Ricotta 2017). Beta diversity can be derived
358 from alphaand gammadiversity in a multiplicative (beta = gamma/alpha) or an additive way
359  (beta= gamma- alpha). Jost (2007) and Chao et al. (2012) argued that multiplicative beta

360 diversity is auseful way for quantifying community differentiation; however, due to its
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scaling between 1 and N (N being the number of communities) it is not comparable across
samples containing different numbers of communities. To remove this dependence, they offer
three solutions with which the value of multiplicative beta can be normed. Although, for
pairwise comparisons, N is aways 2, it seems straightforward to follow these
recommendations, since the scaling between 0 and 1 has several advantages, and most other
indices also share this property. The rescaling formulae of Chao et a. (2012) embody
different concepts of community (dis-)similarity, which together we call the family of
multiplicative beta indices. The first formulais the relative turnover rate per community,

which isalinear transformation of beta to the normed scale.

Eg. 15. Beurnover{q) = (qB -1H/(N-1)

Here O means identical species composition, while 1 indicates totally distinct communities. In

the pairwise comparison (N = 2), Burnover (0) = 98 - 1.

The second index measures homogeneity, and is alinear transformation of the inverse of beta.
With respect to the fact that the complement term of homogeneity is heterogeneity, we cal its

dissimilarity form Bheterogenity:

1 1 1

Eq. 16. ,Bheterogeneity<CI) =1- (q_ﬁ - E)/(l B _)

When N = 2, Bra(0) = 2-2/ 9. With q = 0 (presence/absence case) theindex is identical with

Jaccard index, while with q = o« (abundance case) it is the Morisita & Horn index.

The third index measures overlap between communities, whose counterpart is segregation,

thus we call it feeg:

Eq. 17. Bregregation{@) = 1— [(q%)q_l - (%)q_l] / [1 - (%)q_l]

Withq =0, Bsegregation(CI) = Brurnover{(q), and both gives the Sarensen index.
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383  According to Leinster & Caobbold (2012), it is possible to implement species similaritiesin the
384  calculation of effective numbers. This way, the meaning of 9D?, is the diversity of a

385 theoretical community with 9D equally abundant and maximally different species. Hence,

386  both unevenness in the abundance structure and the between-species similarities decrease the
387  value of effective species number. Due to measuring diversity in effective numbers, it is

388  possibleto partition diversity into alpha, beta, and gamma fractions (Leinster & Cobbold

389  2012; Botta-Dukét 2018) in the multiplicative way. Then, this multiplicative beta can be

390 rescaled using the formulae proposed by Chao et al. (2012). These indices behave consistently

391  only if abundances are taken into account as relative abundances.
392
393  Nearest neighbour approach

394  The earliest representatives of this family were shown by Clarke & Warwick (1998) and 1zsék
395 & Prince (2001), then Ricotta & Burrascano (2008), and Ricotta & Bacaro (2010; see Dew
396 and Djp indices). Later Ricotta et al. (2016) introduced a new, general family called PADDis.
397  All these indices were primarily defined for presence-absence data type. The approachis

398  based on are-definition of the b and ¢ quantities of the 2x2 contingency table. Looking at

399  species as maximally different, and taking X and Y the two communities under comparison, b
400  can beviewed as the total uniqueness of community X. The uniqueness of a single speciesin
401 Xislifitisabsentin', otherwiseit is 0. Therefore, b is the sum of species uniqueness

402  values. However, from afunctional perspective, the uniqueness of a species present only in X
403  should be between O and 1 if itisabsent in Y but asimilar species present there. Therefore, it

404  ispossible to define the analogue of b which accounts for similarities between species:

405 Eq 18. B = ZiEX(l - manEy Eij) = Sx - ZiEX maney Eij
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The same logic applies for ¢, which is the uniqueness of community Y, where C expresses the

degree of uniqueness:

Eq. 19. C = Yiey(1— maxjex &;;) = Sy — Diey MaXjex &;
Ricottaet al. (2016) define the A quantify as follows:

Eq. 20. A=a+b-B)+(c—-0C)

Having A, B, and C defined as analogues of a, b, and ¢, it is now possible to design trait-based
similarity measures following the logics of Jaccard, Sarensen, Sokal & Sneath, Kulczynski,
Ochiai and Simpson indices. It is notable that Ricotta et al. (2016) define A as a quantity that
ensures the components B and C to add uptoa + b + ¢ but with no explicit biological
interpretation. Notably, D,p and Dcw are identical with the Sarensen and Kulczynski forms of
PADDis. The generalization of D,p and Dcw to relative abundances, Dcw(Q), was also derived
by Ricotta & Bacaro (2010). For these two versions, it is not necessary to explicitly define the
A component. Using the relationships between Jaccard, Sarensen, Kulczynski, Ochiai and
Sokal & Sneath indices, from Dcw(Q) it is theoretically possible to derive the extension of
PADDis to relative abundances; however, the biological interpretation of A remains dubious

in this framework.

M ethods

The performance of FDissim indices can be reliably tested on data sets with known
background processes driving community assembly which is hardly possible to satisfy with
real data. Therefore, we compared the performance of FDissim indices using simulated data
sets. The data sets were generated using the comm.simul function of the comsimitv R package

(Botta-Dukat & Czlcz 2016, Botta-Dukét 2020). This function follows an individual-based
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model for a meta-community comprising N communities and a regional pool of Sspecies.
Local communities include J individuals, and are distributed equidistantly along a continuous
environmental gradient (with gradient values between 0 and 1). Each individual possesses
threetraits: an ‘environmental’, a‘ competitive’ trait, and aneutral trait, al ranging on [0; 1].
Intraspecific variation in trait valuesis neglected in the simulation, that is, individuals
belonging to the same species are identical. The environmental trait defines the optimum of
the species aong the environmental gradient. The closer the position of a community along
the environmental gradient to the environmental trait value of a species, the more suitableitis

for that species:

(environment — environmental trait)?

Eq. 21. suitability =

o

where ¢ (sigma) is adjustable so as to change the niche width of the species, and hence, the
length of the gradient (see later). The competitive trait represents the resource acquisition
strategy of the individual. The more similar the latter value between two individuals, the
higher the competition is between them, which means that intraspecific competition is the
strongest. The neutral trait has no effect on community assembly, thusit is not considered in
our study. The simulation starts with the random assignment of all individuals of all
communities to species. The second step is a‘disturbance’ event, when one individual ‘dies’
in each community. Thisindividua is to be replaced by an offspring of other individuals
within the same community or those of other communities. Each individual produces one
offspring or does not reproduce. Probability of reproduction depends on the strength of
competition. The offspring remains in the same community or randomly disperses into any of
the other communities. Finally, the dead individual is replaced by one new individual from
the seeds produced and dispersed. The probability that an individual of a certain species

replaces the dead individual is defined by the number of seeds of that species and the
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suitability of the habitat. Steps between the disturbance event and the establishment of a new
individual constitute asingle ‘ generation’. Community composition is evaluated after lot of
generations. The strength of the environmental filtering can be adjusted by the sigma
parameter, respectively. When sigmaiis 0, all species are maximally specialist, which means
that they can occur only at the optimum point of the gradient (that is, at the exact value for the
environmental trait). If sigmaisinfinity, species are maximally generalist and all points along
the environmental gradient are equally suitable for them. Therefore, sgmais the parameter
which defines the suitability of each point of the gradient for each species based on its
distance from the respective optima. We generated data sets with sigmavalues 0.01, 0.1, 0.25,
0.5, 1 and 5 in order to simulate situations with different strength of environmental filtering.
The number of communities was 30, each community comprised 200 individuals, the number
of speciesin the species pool was 300, the simulation iterated for 100 generations, and we
allowed no intraspecific trait variation. For all the other parameters, we used the default

options.

However, it needed further explanation what real situations the six simulated levels of
environmental filtering represent. To provide areference and assist interpretation, we
calculated two species-based beta-diversity measures, the multiplicative beta (Whittaker
1960) and the gradient length of the first axis of a detrended correspondence analysis (DCA)
ordination (Hill & Gauch 1980; Appendix S5, Fig. S5.1). The former gives the number of
distinct communities present in the total species pool of the gradient, while the latter is
minimal number of average niche breadths (also called turnover units) necessary for covering
the total gradient length. Moreover, we plotted the abundance of species in the sample units
along the gradient as a visual tool for assessing gradient length (Appendix S5, Fig. S5.2). All
these methods indicated that with sigma = 0.01 the gradient is extremely long: there are more

than 10 distinct communities and near 20 turnover units along the gradient. Samples with such
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478  high betadiversity are very rare and special in real ecological research; therefore, findings
479  from simulations with sigma= 0.01 are mostly of theoretical importance. Beta diversity

480  valuesfromsigma=0.1tosigma= 1 are more similar to rea study situations, hence they
481  should be more relevant for practice. At sigma = 5, environmental filtering is practically not

482  operating, between-community variation is driven by interspecific relations and chance.

483  We calculated between-species dissimilarities as the Gower distance between their

484  environmental trait values which in this case equals the Euclidean distance scaled to [O; 1].
485  These distances had to be transformed to similarities according to the requirements of the
486  FDissmindices. Several formulae are available with which it is possible; however, they may
487  assume different functional relationships between similarity and distance. One of such

488  formulae we used is the linear transformation according to Smilarity = 1-Distance. Besides
489  this, we also used Similarity = **P'a"® \whjch supposes a curvilinear function between

490  similarity and distance (Leinster & Cobbold 2012). With this exponential formula, it is

491  possible to weight the importance of small Gower distances between species relative to large
492  distances. With changing the parameter u it is possible to adjust how steeply similarity

493  decreases with increasing distance. We set u = 10 which leads to arelatively steep decline.
494  Although, after this transformation the minimal value for similarity is higher than zero, we
495  considered it negligibly low (e°~0.000045) so we did not apply the transformation proposed
496 by Botta-Dukat (2018). For all FDissim indices where it was necessary we used the similarity
497  matrix or adissimilarity matrix calculated as Dissimilarity = 1-Smilarity as input. The

498  dissmilarity matrix isidentical with the Gower distance matrix if the similarities were

499 calculated in alinear way, but in the other case, it keeps the exponential relationship between

500 distance and (dis-)similarity.

501  Dissimilarity matrices were calculated for the four community data sets with different sigma
502  values, with the two functions transforming Gower distances, and across a broad range of
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available FDissim indices. For indices where absolute or relative abundances could have been
taken into account, we opted for relative abundance for the sake of better comparability. With
generalized_Tradidiss, we calculated the ‘even’ and the ‘uneven’ weighting versions. The
entire analysis was run with abundance and presence/absence data. Some FDissim indices are
only suitable for binary data, thus the number of indices applied for relative abundance and
binary data were 25 and 31, respectively. In cases of indices handling both data types, we
used exactly the same version of the index as with abundance data, hence communities with
different numbers of species were given equal weight due to division by community totals.
Additionally, dissimilarity matrices were also calculated using the Bray-Curtis index (for
binary data: Sgrensen index in dissimilarity form) to provide a contrast against the case

disregarding between-species dissimilarities.

Then for each dissimilarity matrices, we conducted two types of analyses. Firstly, we
compared how strongly the dissimilarity indices correlate with the environmental distance
using Kendall tau rank correlation. This gives an estimate of how well a dissimilarity index
reveal s the monotonic relationship between trait composition of local communities and the
environmental gradient. We visually assessed the shape of relationship between dissimilarity
and environmental distance in the case of lowest sigma (i.e., longest gradient) when the
distortion of linear relationship between the two is supposed to be the strongest. Then, to
disentangle the effects of different methodological decisions and the sigma parameter on the
correlation between FDissim indices and environmental distance we calculated a random
forest model. In this model the dependent variable was the Kendall tau correlation coefficient,
while the independent variables were the sigma, the data type (abundance vs.
presence/absence), the transformation method for Gower distances (linear vs. exponential),
and the FDissim method. Within approaches FDissim methods often strongly correlated that

resulted in very similar Kendall’ s tau values. Therefore, only the Sagrensen/Bray-Curtis
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versions of dsimcom, dissABC, PADDis/Dcw, generalized_Tradidiss with uneven weights, as
well as Bumover, CWMdis, and the CDFdis were included into this analysis. Variable
importance scores (V1S) in the random forest were estimated by the permutation approach
based on mean decrease in log-likelihood using the varimp function of the partykit package.

The effects of the model terms were aso illustrated by heat-maps.

All statistical analyses were done in R (R Core Team 2019) using the FD (Laliberté &
Legendre 2010, Laliberté et al. 2014), adiv (Pavoine 2020a,b), comsimitv (Botta-Dukat 2020,)
vegan (Oksanen et al. 2019), DescTools (Signorell et al. 2020), partykit (Hothorn et al. 2006,

Strobl et al. 2007, Strobl et a. 2008, Hothorn & Zeileis 2015) packages.

Results

Kendall tau correlation coefficients decreased as the strength of environmental filtering
decreased (that is, with increasing sigma) in all examined cases. For FDissim indices which
handled both data types, presence/absence data resulted in lower correlations than abundance
data for all indices. For most indices, this difference was highest at intermediate values for
sigma. These trends were consistent between the linear and the exponential transformations.
Correlations for al indices at all sigma values with linear transformation are shown in Table 3

for abundances data and in Table 4 for presence/absence data.

In most simulation scenarios, the FDissim indices correlated more strongly with the
environmental gradient than the species-based Bray-Curtis index. However, in several
occasions, indices belonging to the nearest neighbour family performed poorer than the
species-based dissimilarity. Notably, at the highest sigma and with presence/absence data, all
indices showed correlation near to zero but among them the Bray-Curtis index had the highest

correlation with environmental distance.
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As expected, we found perfect rank correlations among Jaccard, Sarensen, Sokal-Sneath and
Whittaker’ s beta versions of dsimcom, among Jaccard, Sarensen and Sokal-Sneath forms of
dissABC, between D,p and Sarensen form of PADDis (only for presence-absence data),
between D¢y and Kulczynski form of PADDis (only for presence-absence data), and between

D\p and D¢ (for abundance data type).

Dissimilarity indices showed various shapes of relationship with environmental distance
(Appendix $4). At strongest environmental filtering, all FDissim indices had dissimilarity
values near zero at minimal environmental distance, only the species-based Bray-Curtis which
had dissimilarity was near 0.4 at the smallest environmental distances. In case of linear
transformation of Gower distances and presence/absence data, approximately linear
relationship was found for CWMdis, CDFdis, Dg, Sarensen and Ochiai forms of dsimcom,
Jaccard form of dissABC, Marczewski-Steinhaus form of generalized_Tradidiss with both
weighting versions, Bheerogeneity aNd Psegregation; athough, most other indices showed only a
small degree of distortion of linear function (Figure $4.1). Exponential relationship was found
for the evenness-based (PE) form of generalized_Tradidiss. Notably, the taxon-based Bray-
Curtisindex had the steepest asymptotic function among all. In case of exponential
transformation all other indices relying on between-species dissimilarities showed an

asymptotic curve (Figure $4.2).

In the random forest, niche width (that is, sigma) acquired by far the highest variable
importance score (V1S=0.114). The less important variables were the data type (V1S=0.0176),
the dissimilarity method (V1S=0.0037) and the transformation (V1S=-0.00001). The heat map
(Figure 1) also revealed a strong decrease in correlation along increasing sigma. It isaso
clearly shown that in most cases abundance data resulted in significantly higher correlation
than presence/absence. The difference between linear and exponential transformation methods

was not always visible. Regarding variation between dissimilarity indices, the most striking
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patterns were the relatively poor performance of the PADDis/Dcw indices. All but the latter
index combined with abundance data and linear transformation of dissimilarities lead to the

highest correlation with environmental distance.

Discussion

General patternsin the correlation with environmental distance

We ran different simulation scenarios with varying strength of environmental filtering. We
expected that the correlation between FDissim indices and environmental distance to be the
highest when the environmental filtering is the strongest, and the correlation to become
neutral when environmental filtering is not effective. When environmental filtering was
strongest (that is, minimal overlap of species niches along the environmental gradient), all
FDissim indices correlated highly with the environmental gradient. As expected, correlation
between trait dissimilarity and environmental distance decreased as filtering weakened,
moreover, differences between families of indices became more apparent. This result suggests

that all tested methods are able to reveal the strong environmental filtering processes.

As the contribution of competitive exclusion and stochastic processes approach or override
environmental filtering, the correlation between FDissim indices and the background gradient
becomes weaker. This decrease itself is not adrawback of the FDissim methods, rather it isa
conseguence of our study design, since we applied a series of scenarios where the effect of
niche filtering was decaying. However, we think that the degree of the decrease reflects the
sensitivity of the FDissim indices to the underlying trait-environmental relationship. Indices,
which showed high correlation with environmental distance, could be capable of revealing the
environmental signal even when it isweak. Actually, in our tests, most indices reached

similarly high correlation, and there were only afew combinations of simulation parameters
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which resulted in a decreased correlation with environmental distance for some dissimilarity

indices.

Deter minants of the corréeation based on the random forest model

The random forest model revealed that the effect of gradient length is the most important
determinant of the correlation between dissimilarity and environmental distance, while
methodological decisions had much lower variable importance. These observations suggest
that the absolute value of the correlation between dissimilarity and environmental distanceis
primarily dependent on the sample in hand, and can be influenced by methodological

decisions to alimited extent.

Correlations were stronger with abundance than with presence/absence data. Thisfinding is at
least partly attributable to our simulation design where community compasition was driven by
individual-based processes: hirth, fitness difference, reproduction, and death. As aresullt,
species relative abundances had to be proportional with their environmental suitability in the
local community. Transforming such data to binary scale loses meaningful information and
weakens the correlation between dissimilarity in trait composition and environmental
background. In cases when presences and absences of species respond more robustly to the
main environmental gradient, while relative abundances change stochastically, or abundance

estimations are inaccurate, the binary data type might be more straightforward.

Transforming between-species dissimilarities has a potential to conform distributional
requirements, to approximate expert intuitions about relatedness of species or to customize
sensitivity to functional difference with respect to specific research aims. For most indices
across the tested range of gradient length and data type, the exponential transformation
resulted a somewhat lower correlation than with linear transformation. Moreinsight is

provided by examining the shape of the relationships besides the pure correlation value. After
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linear transformation of Gower distances, most dissimilarity indices showed alinear or
slightly curved function along environmental distance; although the scatter of the evenness-
based generalized_Tradidiss differed considerably from the straight line towards an
exponentially increasing one. After exponential transformation of between-speciestrait
dissmilarities, al indices in the direct dissimilarity-based class showed arather steeply
increasing asymptotic function. This result suggests that with the exponential transformation
of between-species dissimilarities, it is possible to make FDissim indices more sensitive to
smaller differences in functional composition. Certainly, summary-based indices (CWMdis,
CDFdis) are not affected by this transformation, since they are not based on between-species
dissimilarities.

Comparison of taxon-based vs. trait-based dissimilarity

The basic assumption of functional ecology is that the traits of individuals should be in closer
relationship with ecological properties than their taxonomical status. Following this argument,
we expected that trait-based dissimilarity measures correlate more strongly with the
environmental background than species-based indices. In contrast, higher correlation of
species-based dissimilarity than trait-based dissimilarity indicates |oss of information with the
introduction of between-species similarity — which is non-sensual since our data was
simulated in away to possess a strong pattern in trait-environment relationship. We used the
Sarensen/Bray-Curtis index in adissimilarity form as areference method representing
species-based dissmilarity calculations disregarding traits. Our expectation was fulfilled by
all indices with the exception of the members of the nearest neighbour family (D,p, Dcw and
PADD:Is). We suspect two potential reasons behind the low performance of these latter groups
of indices. Thefirst oneis the improper scaling factor used for standardizing the ‘ operational
part’ of the indices (see the description in of the PADDis family and the discussion about it

under the paragraph “Within-family variation of indices”). Second, these indices rely on the
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guantities of minimally different species in the two communities under comparison. However,
the minimum is aless robust descriptor of any sample distribution because of its dependency
on sampling error; therefore, it might provide a poor representation of total community
dissimilarity.

Although, we did not include dissimilarity values at exactly zero distance, the y-intercept (also
called ‘nugget’) of the dissimilarity vs. environmental distance functions can be extrapolated
with negligible error (Fortin & Dale 2005). Brownstein et a. (2012) argued that the nugget of
the distance decay relationship is adirect estimate of the amount of chance in the variation
between local communities. In this respect worth noting is that the nugget with species-based
Bray-Curtisindex was near 0.4, while with al trait-based indices the nugget was near zero.
This suggests that without accounting for species similarities, environmental distance between

communities can be overestimated due to similar species replacing each other.

Within-family variation of indices

The perfect correlation between Jaccard, Serensen and Sokal-Sneath forms of dsimcom and
dissABC families was expected, since the original, taxon-based Jaccard, Sarensen and Sokal-
Sneath indices are algebraically related, too (Janson & Vegelius 1981). However, for PADDis
Jaccard, Sgrensen and Sokal-Sneath forms showed correlation below 1. At this family, the B
and C components of the 2x2 contingency table are defined as measurable quantities with
clear interpretation: the sum of species uniqueness values within each community. The total
diversity (A+B+C) is defined to be equal with the species richness of the pooled pair of
communities (a+ b+c), and the quantity A is derived by subtracting (B+C) from it. With this
definition, A remains avirtual quantity with no biological interpretation. In PADDis indices,
trait-based quantities B and C appear in the numerator (the ‘operational part’ sensu Ricotta et
al. 2016) of theindices, whilein the denominators (i.e., in the ‘scaling factor’) the taxon-

based quantities, a, b and ¢ are used. We argue that the inconsistent behaviour of PADDisis
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due to the application of taxon-based quantities for scaling factors of trait-based operational
parts. At the same time, we acknowledge that we either see no obvious solution to define total
diversity or shared diversity according to the uniqueness-based idea behind PADDis in amore
realistic way. In the generalized_Tradidiss family, the trait-based analogue of Bray-Curtis
index can be achieved by calculating generalized Canberra distance with uneven weighting of
species. We expected this to be perfectly correlated with Marczewski-Steinhaus form of
generalized_Tradidiss index with uneven weighting, since Bray-Curtis and Marczewski-
Steinhaus indices are the abundance forms of Sgrensen and Jaccard indices, respectively.
However, the correlation between them was lower. In the generalized_Tradidiss family,
between-community dissimilarity is calculated as weighted sum a standardized differencesin
species ordinariness values. Species ordinarinessis calculated on the basis of species
abundance and trait values; however, weights used for adjusting species-level contributions
are derived solely from abundances. Therefore, generalized Tradidiss also follows a ‘hybrid’
approach in accounting for taxon-based vs. trait-based information. We argue that thisisthe
reason why the algebraic relationships between the original Sgrensen and Jaccard indices does
not apply to its Serensen/Bray-Curtis-type and Jaccard/M arczewski-Steinhaus-type forms. To
sum up, we point to our observation that Jaccard, Serensen and Sokal-Sneath forms of certain
families of indices do not satisfy the algebraic relationships they supposed to, opening space
for potential confusion. These algebraic relations hold only if A, B and C quantities are

explicitly and consistently defined.

Families of FDissim indices combine abundance difference of species between plots and
interspecific trait differences in a unique way, while indices belonging to the same family
differ in how they relate this amount of ‘unshared’ variation (summarized astheb and ¢
portions of the contingency table) to the shared (a) variation. Some indices are able to handle

abundances either as absolute or relative abundance (e.g. dsimcom, generalized Tradidiss,
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dissABC), while others divide absolute abundances by their sum over the respective
community, thus they work only with relative abundances. When indices in the former group
are set to consider absolute abundances, they become sensitive to variation in the summed
abundances of the communities under comparison. To place our tests on a common ground,
we simulated communities with equal total number of individuals, and set al indices, where
relevant, to work with relative abundances. Hence, we removed the effect of differencesin
total abundance. The constant number of individuals might have increased the similarity
between FDissim indices belonging to the same family and the correlation with the
environmental gradient. The sum of abundances, let them be measured on any quantitative
scale, may vary considerably in real study situations due to aggregated distribution of
individuals or uneven sampling effort. Therefore, our findings are more likely valid for
settings when the sum of abundances are relatively stable, e.g. when sampling effort is
controlled and individuals are dispersed evenly, or when abundances are recorded on

percentage scale.

Limitations of our study

In our study, we simulated a research situation in asimplistic way. We applied only one
environmental gradient which operated as an environmental filter driving convergence on a
single trait. Besides this, we applied another trait which was constantly affected by alow level
of competitive exclusion. These two traits were uncorrelated. Nevertheless, there was some
effect of random drift on community compasition due to the probabilistic components of the
simulation algorithm. We varied the strength of environmental filtering thus it had different
relative contribution compared with competitive exclusion and stochasticity. In real research
situations local trait composition isinfluenced by a wide range of processes, including severa
abiotic and biotic filters acting simultaneously. Unless they are manipulated as parts of an

experimental system, the full set of such filters are usually unknown for the researchers. The
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multiplicity of filters may reduce the ability of FDissim indices in recovering trait-
environment relationships. Further research should clarify how increasing complexity of the

sample affects the behaviour of FDissim indices.

Conclusions

Considering the diversity of concepts they are built upon, FDissim indices showed
unexpectedly low variation in performance. CWMdis, dsimcom, generalized Tradidiss
acquired the highest correlation with environmental distance in all simulation scenarios,
therefore they seem to be equally suitable for quantifying pairwise beta diversity based on
traits. Nevertheless, the most important determinant of the matching between trait-based
dissmilarity and environmental distance is the length of the trait gradient. Besides this, the
data type (presence/absence vs. abundance) also affected the correlation more strongly than
the choice of FDissim method. Extending the comparative tests of FDissim measure to more

complex gradients and real data sets could offer further insight into their behaviour.

Data availability

Simulated data was generated using the comsimitv R package. Own functions for functional
dissimilarity indices are made available through the Zenodo public repository:

10.5281/zenodo.4323590.
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Tablesand Figures

Table 1. Similarity and dissimilarity forms of resemblance indices for presence-absence data

Name of Similarity version Dissimilarity version
the index
Sarensen _ 2a _ a _ b+c  b+c
ST 2atbtc (5+50/2 ST2a+b+c 5 +5
Ochiai _ a __a L b+
© \/(a+b)(a+6) \/S]Sk ° _1/S]Sk
Kulczynski A _1( a ,_ @ )_ a p _1( b c >_1 b ¢
“T2\a+b a+dd 2/(s+1/8) | K2 a+b atc) 2 Sj+5k
Simpson o = a _ a _ b+c
*a+min(b,c)  min(S;, ) S min(S;, Se)
Jaccard =% _* 4 - btc b+c
J a+b+c Sjk ]_a+b+c_ Sjk
Sokal & L S _ 20+9)
ST a+2(b+0) dss_a+2(b+c)
Sneath
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976

Table 2. Classification of trait-based dissimilarity indices. In columns of input data type X-es indicate, if abundance (A), relative abundance (R),

and presence-absence data can be used as inpui.

Class Approach Family References Input Data R function
tpye
A P/IA
Summary-based | Typical value CWM-based Ricottaet a. (2015) X X FD:::functcomp
Digribution- CDF-based Appendix S3 X X our new functions, see Data
based availability
Direct Probabilistic DISC/Dg Rao 1982, Pavoine & X X adiv::SQ
dissimilarity Ricotta (2014)
dsimcom Pavoine & Ricotta X X adiv:::dsimcom
(2014)
Ordinariness- dissABC Pavoine & Ricotta X X adiv:::dissABC
based (2015)
generalized_Tradidiss | Pavoine & Ricotta X adiv:::generalized_Tradidiss
(2019)
Diverdty multiplicative beta Chao et al. (2012) our new functions, see Data
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partitioning availability
Nearest Dcw, Dewm(Q) Clarke & Warwick our new functions, see Data
neighbour (1998), Ricotta & availability
Bacaro (2010)
Dip Izs&k & Prince (2001), our new functions, see Data
Ricotta& Bacaro availability
(2010)
PADDis Ricottaet a. (2016) adiv:::PADDis
Classfication- not discussed not discussed Hérault & Honnay
based (2007), Nipperess et al.

(2010), Cardoso et al.

(2014), Pavoine (2016)
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978 Table 3. Kendall tau correlations between environmental distance and the functional

979  dissimilarity measures at different values of sigmaand with abundance datatype

Sigma=0.01 Sigma=0.1 Sigma=0.25 Sigma=0.5 Sigma=1 Sigma=5

CWMdis 0.974 0.905 0.846 0.828 0.649 0.251
CDFdis 0.974 0.904 0.845 0.83 0.646 0.255
D(Q) 0.974 0.912 0.832 0.828 0.637 0.243
dsimcom.SS 0.974 0.911 0.832 0.829 0.638 0.243
dsimcom.Jac 0.974 0.911 0.832 0.829 0.638 0.243
dsimcom.Sor 0.974 0.911 0.832 0.829 0.638 0.243
dsimcom.Och 0.974 0.911 0.832 0.829 0.639 0.243
dsimcom.Beta 0.974 0.911 0.832 0.829 0.638 0.243
dissABC.Jac 0.967 0.899 0.82 0.813 0.617 0.243
dissABC.Sor 0.967 0.899 0.82 0.813 0.617 0.243
dissABC.SS 0.967 0.899 0.82 0.813 0.617 0.243
dissABC.Och 0.968 0.899 0.819 0.814 0.618 0.243
dissABC.Kul 0.968 0.898 0.819 0.814 0.619 0.243
dissABC.S 0.954 0.867 0.789 0.791 0.616 0.243
Tradidiss. GC.even 0.974 0.908 0.816 0.829 0.626 0.245
TradidissMSeven 0.974 0.908 0.814 0.828 0.623 0.243
Tradidiss.PE.even 0.974 0.907 0.828 0.831 0.639 0.25
Tradidiss. GC.uneven 0.967 0.901 0.827 0.815 0.622 0.244
Tradidiss.MSuneven 0.966 0.899 0.823 0.813 0.618 0.243
Tradidiss.PE.uneven 0.969 0.905 0.837 0.821 0.637 0.249
Brurnover 0.974 0.911 0.837 0.829 0.641 0.251
Breterogeneity 0.974 0.911 0.837 0.829 0.641 0.251
Beegregation 0.974 0.911 0.837 0.829 0.641 0.251
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Dip 0.923 0.778 0.68 0.565 0.338 0.034
Dcw 0.923 0.778 0.68 0.565 0.338 0.034
Bray-Curtis (species-based) 0.711 0.832 0.778 0.678 0.455 0.086
980
981
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982

983

Table 4. Kendall tau correlations between environmental distance and the functional

dissimilarity measures at different values of sigma and with presence/absence data type

CWMdis

CDFdis

D(Q)

dsimcom.SS
dsimcom.Jac
dsimcom.Sor
dsimcom.Och
dsimcom.Beta
dissABC.Jac
dissABC.Sor
dissABC.SS
dissABC.Och
dissABC.Kul
dissABC.9
Tradidiss.GC.even
Tradidiss.MS.even
Tradidiss.PE.even
Tradidiss.GC.uneven
Tradidiss.MS.uneven

Tradidiss.PE.uneven
ﬁturnover
ﬁheterogeneity

ﬁsegregation

0.944

0.943

0.941

0.944

0.944

0.944

0.944

0.944

0.946

0.946

0.946

0.946

0.946

0.939

0.945

0.945

0.947

0.946

0.946

0.947

0.943

0.943

0.943

0.818

0.820

0.818

0.821

0.821

0.821

0.822

0.821

0.819

0.819

0.819

0.819

0.819

0.835

0.820

0.819

0.821

0.819

0.819

0.820

0.817

0.817

0.817

0.691

0.700

0.701

0.705

0.705

0.705

0.707

0.705

0.704

0.704

0.704

0.704

0.704

0.701

0.707

0.707

0.704

0.702

0.703

0.698

0.699

0.699

0.699

0.568

0.594

0.59

0.593

0.593

0.593

0.592

0.593

0.592

0.592

0.592

0.591

0.591

0.556

0.593

0.592

0.595

0.592

0.592

0.593

0.585

0.585

0.585

Sigma=0.01 Sigma=0.1 Sigma=0.25 Sigma=0.5 Sigma=1

0.353

0.306

0.313

0.316

0.316

0.316

0.323

0.316

0.292

0.292

0.292

0.293

0.294

0.324

0.305

0.304

0.323

0.308

0.307

0.326

0.331

0.331

0.331

Sigma=5
0.014
-0.001
-0.003
-0.003
-0.003
-0.003
0.000
-0.003
-0.006
-0.006
-0.006
-0.006
-0.006
0.019
-0.005
-0.005
-0.002
-0.006
-0.006

-0.003
-0.003
-0.003

-0.003
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Dip 0.905 0.696 0.597 0.435 0.158 -0.017
Dew 0.904 0.694 0.593 0.431 0.160 -0.017
PADDis.Jac 0.904 0.679 0575 0.418 0.154 -0.025
PADDis.Sor 0.905 0.696 0.597 0.435 0.158 -0.017
PADDIsSS 0.902 0.662 0.546 0.39 0.144 -0.034
PADDisOch 0.904 0.697 0.596 0.436 0.159 -0.017
PADDis.Smp 0.881 0.620 0.474 0.343 0.158 0.030
PADDis.Kul 0.904 0.694 0.593 0.431 0.160 -0.017
Serensen (species-based) 0.698 0.724 0.606 0.415 0.127 0.048

984

985
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986 Figure 1. Heat maps showing the interactive effects of niche width (sigma), transformation of
987  between-species dissimilarities (lin = linear, exp = exponentia), datatype (ABUND =

988  abundance, P/A = presence/absence), and dissimilarity index (1 — CWMdis, 2 — CDFdis, 3 —
989  Dgq, 4 —dsimconm/Sgrensen, 5 — dissABC/Sgrensen, 6 — generalized_Tradidiss/generalized
990  Canberra, uneven weighting, 7 — Burmover, 8 — Dcw) 0N the correlation with environmental

991 distance

a) Sigma = 0.01 b) Sigma = 0.1 c) Sigma = 0.25
g g g
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