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6 Introduction

Introduction

‘extraordinaire diversité des formes du vivant passionne les écologues depuis la création de leur discipline
(Von Humboldt, 1877). Une des ambitions de Iécologie est d’identifier les mécanismes qui permettent
d’expliquer le maintien de cette diversité. Au sein de Iécologie, diftérentes sous-disciplines mobilisent et
analysent la diversité a différentes échelles spatio-temporelles et a différents niveaux biologiques (Relyea,
Ricklefs, & Lempériere, 2019). L¥écologie des communautés s’intéresse par exemple a expliquer la diversité
des especes qui coexistent au sein d’un environnement relativement homogene, les communautés écolo-
giques (Southwood, 1987). Au travers de diftérentes théories, I'écologie des communautés définit des prin-

cipes qui permettent de comprendre et prédire la composition des communautés écologiques.

Historiquement, les principes qui sont supposés régir les communautés écologiques ont été appelés « regles
d’assemblages » (Diamond, 1975). Les écologues des communautés conceptualisent ces régles comme si les
communautés observées étaient des puzzles dont il suffirait de suivre l'ensemble des regles pour identifier
les patrons, c’est-a-dire les états observés. Ces reégles, fondamentalement phénoménologiques qui décrivent
les processus écologiques qui expliquent la composition des communautés. L'objectif premier des études
en écologie des communautés était de déterminer si les communautés observées nétaient que des sous-
échantillons aléatoires de I'ensemble des especes présentes (Diamond, 1975 ; Connor & Simberloff, 1979
Gotelli & Graves, 1996). Si les communautés observées étaient différentes, en nombre d’especes notam-
ment, de celles obtenues par un tirage aléatoire, alors cela signifiait que la communauté était structurée par
une « regle » d’assemblage. Beaucoup de travaux ont été consacrés au raffinement des méthodes statistiques
pour générer des communautés aléatoires en conservant les propriétés des communautés observées comme
le nombre total d’especes, 'abondance totale par espéce ou 'abondance totale par site (Gotelli & Graves,
1996). Certaines especes occupent certains environnements de maniere préférentielle. Pour s’assurer que
cette observation n'est pas juste lié a la répartition des especes dans des communautés de manieres aléatoires,
on peut utiliser des communautés « nulles ». Pour ce faire, on permute les especes se trouvant dans les com-
munautés observées de maniere aléatoire, en conservant le nombre total d’especes par site et le nombre de
sites ol1 une espece est présente. Cela conserve la structure de « répartition » des especes mais perturbe, s’il
existe, le lien entre especes et environnement. Si 'on observe une différence entre ces communautés nulles
et les communautés observées, on en déduit que certaines especes occupent des niches écologiques parti-

culieres, clest-a-dire qu’elles se maintiennent et se reproduisent dans un ensemble restreint de conditions



7 1. Des regles d assemblages a la théorie des filtres

abiotiques et biotiques (Hutchinson, 1957). Comme deux especes ne peuvent pas coexister en occupant
strictement la méme niche selon le principe d'exclusion compétitive (Gause, 1934), cela contribue aussi a

structurer les communautés de maniére non-aléatoire.

1 DES REGLES D’ASSEMBLAGES A LA THEORIE DES FILTRES

Les regles d’assemblages se congoivent comme un ensemble de processus plus ou moins indépendants qui
peuvent étre d’intensité variable en fonction des contextes plutét que comme une série de régles rigides
qui expliquent les patrons observés (Kraft ez a/., 2015). On visualise le plus souvent cette théorie sous la
forme de processus successifs qui agissent sur I'ensemble des especes présentes, du niveau régional au niveau
local (logique top-down, voir Figure 1). Selon cette vision, les especes observées aujourd’hui sont issues de

ensemble des especes qui pourraient atteindre la communauté locale par dispersion (Lortie ez al., 2004).

Tout d’abord, pour qu'on observe des especes dans la communauté locale, elles doivent Iatteindre physique-
ment, y disperser. La diversité d’especes dans la communauté locale dépend donc de leur capacité a atteindre
un environnement donné dans l'espace, leur capacité de dispersion. La dispersion limitée (ou limite a la dis-
persion) décrit le processus selon lequel, du fait de différences de capacités de dispersion entre especes, tous
les habitats de celles-ci, méme favorables, ne seront pas également occupés (Levins (1969), Figure 1). Par
exemple, une plante dispersant  longue distance, pourra facilement atteindre tous ses habitats favorables,
la ot une plante dispersant 2 moins longue distance ne les atteindra pas forcément. Toutes choses étant
égales par ailleurs, on s’attend donc qu’une espece qui disperse a longue distance soit présente dans dans
davantage de communautés qu’une autre qui ne disperse qu’a courte distance. De maniere similaire on s’at-
tend 4 observer une plus grande diversité d’especes dans une communauté ot davantage d’especes peuvent

disperser qu’une communauté atteignable par moins d’especes (Hanski & Hanski, 1999).

L'environnement abiotique affecte 'implantation et la survie des espeéces 2 un endroit donné, en sélection-
nant celles qui peuvent se maintenir dans la communauté locale (Kraft ez 4/., 2015). Certaines espéces mal-
adaptées a 'environnement local ne peuvent pas s’y implanter malgré larrivée de propagules. Les interac-
tions avec les autres espéces peuvent aussi empécher le maintien de ces especes, en sélectionnant a leur tour
les autres especes qui peuvent se maintenir dans la communauté, il s’agit du filtre biotique. La communauté

observée résulte de I'influence combinée de ces différents filtres (Figure 1).

La série des filtres qui sappliquent pour passer du bassin d’especes régional 4 la communauté locale agit
a différentes échelles spatiales (Lortie ez al., 2004). Tout d’abord, la dispersion a lieu a une échelle spatiale
relativementlarge, comme on peut I'identifier a travers les barrieres biogéographiques ala dispersion comme
les chaines de montagne ou les océans. Puis, a une échelle un peu plus petite, le filtre environnemental
sélectionne les especes qui peuvent se maintenir a travers le climat moyen d’une région. Enfin, les especes
qui ont pu atteindre la communauté locale et survivre dans le climat moyen subissent la compétition les

unes des autres a I'échelle locale. La succession des filtres agit donc a priori lelong d’une succession déchelles
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Ensemble d'especes Type de filtre
Bassin régional . * ’ ‘ ’ ’
S —_— ¢  — — Filtre de dispersion
Espéces qui dispersent . ‘ ‘ ‘ ’
¢ Filtre abiotique
Especes qui s'établissent ’ ‘ ’ .
____-_---_-_¢ ------------ Filtre biotique

Communauté locale ‘ ’

FIGURE 1 — Représentation schématique de la théorie des filtres. Différents processus ont lieu successi-
vement et déterminent la composition de la communauté observée a I'échelle locale par rapport au bassin
régional. Les especes doivent d’abord disperser dans la communauté locale, cest-a-dire qu’elles passent le
filtre de dispersion. Puis le filtre environmental sélectionne les especes capables de se maintenir. Enfin les
interactions entre especes sélectionnent a leur tour les espeéces localement vz le filtre biotique. Adapté de
Lortie et collab. (2004).

spatiales emboitées.

Bien que les filtres soient souvent congus comme indépendants et agissant successivement de plus en plus
de travaux soulignent leurs interactions et rétro-actions & méme échelle spatiale ou méme entre échelles
spatiales (Lortie ez al. (2004); Mittelbach & Schemske (2015), voir Figure 2). Par exemple, un filtre envi-
ronnemental tres local peut étre modifié par la présence d’une espece « nurse » qui modifie les conditions
micro-climatiques et facilite la présence d’autres especes qui ne pourraient pas se maintenir autrement (Da-
net ez al., 2018). Il peut donc y avoir rétro-action entre filtre biotique et abiotique, car la plante « nurse »
modifie les conditions abiotiques pour les autres espéces. En outre, ces processus peuvent étre liés a diffé-
rentes échelles spatiales. Par exemple 4 large échelle on peut considérer que les déterminismes climatiques
dominent les communautés écologiques (Swenson e al., 2012), alors qua plus petite échelle on suppose
une importance plus grande des interactions biotiques (Kneitel & Chase, 2004), et qu’a une échelle en-
core plus fine, ce sont individus qui modifient les conditions micro-climatiques autour d’eux et il devient

difficile de séparer le filtre abiotique du filtre biotique (Blonder ez 4/., 2018).

La stochasticité démographique des especes, bien que longtemps négligée, est aujourd’hui montrée comme
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étant un processus structurant de nombreuses communautés écologiques. La stochasticité démographique
(ou dérive écologique ou processus neutres) correspond au fait que les processus démographiques (nais-
sance, mort, et reproduction) sont stochastiques par nature, ce qui influe sur la composition attendue des
communautés en fonction des tailles de celles-ci. Par exemple, dans une communauté composée d’individus
d’especes différentes mais partageant les mémes parametres démographiques, les processus neutres seront
les seuls déterminants de la composition de la communauté. On peut alors dériver le nombre d’especes
attendu a I’équilibre en fonction de 'abondance relative initiale de chacune des especes et des parametres
démographiques de la communauté (Hubbell, 2001). Ainsi, une communauté avec un faible nombre d’in-
dividus subira davantage 'influence des processus neutres qu'une communauté contenant des especes is-
sues de la méme source de migrants mais avec un plus grand nombre d’individus. Toutes choses étant égales
par ailleurs, on sattend a observer une plus grande diversité d’especes dans la communauté contenant da-
vantage d’individus que dans celle en contenant moins. Si les processus neutres ont longtemps été opposés
aux processus déterministes (comme le filtre environnemental), en partie du fait de I'histoire de I¢tude de
la stochasticité des communautés écologiques comme citée plus haut, la vision contemporaine de I’éco-
logie des communautés les integre pleinement (Leibold & McPeek, 2006). En eftet, les processus neutres
affectent toutes les communautés écologiques et c’est leur importance relative qui dépend des parametres

de celles-ci.

Cette vision synthétique de Iécologie des communautés via la théorie des filtres permet une vision large
et flexible applicable 4 de nombreux écosystemes. L'intensité des diftérents processus varie en fonction
du contexte et permet dexpliquer la diversité des communautés observées. Une grande part du travail de
Iécologue des communautés est alors d’identifier les processus dominants a I'ccuvre dans ses communau-
tés d’intérét. Une fois ces processus identifiés, il devient possible de faire des prédictions quantitatives de
certains parametres de la communauté comme par exemple le nombre total d’especes attendues ou bien
la distribution des abondances relatives. Seulement, ces prédictions sont souvent agrégées a I'échelle de la

communauté et ne permettent pas d’identifier les caractéristiques des espéces qui pourraient la composer.

2 [’APPROCHE FONCTIONNELLE DES COMMUNAUTES

Afin de mieux comprendre les causes des processus d’assemblages des communautés, lapproche fonction-
nelle de Iécologie des communautés privilégie I'étude des traits phénotypiques comme proxy de la perfor-
mance locale des especes (McGill ez 4., 2006). Ces traits peuvent étre des traits morphologiques, phénolo-
giques ou comportementaux mesurables a Iéchelle de I'individu (Violle ez 4l., 2007). Lidée est détudier les
traits et leurs distributions plutdt que I'identité des especes pour comprendre leftet des processus d’assem-
blages (McGill ez al., 2006). On choisit détudier les traits directement liés a la valeur sélective des especes
(f2tness) ou a ses composantes : survie, reproduction, et croissance. La performance locale des especes est

donc la capacité des especes a survivre, se reproduire et croitre dans un environnement donné.

De nombreux travaux ont souligné I'intérét de 'approche basée sur les traits pour caractériser les processus
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FIGURE 2 — Schéma synthétique de la vision contemporaine de I'écologie des communautés. Traduction
de Rapacciulo & Blois (2019).

qui structurent les communautés (Enquist ez 4/., 2015). Par exemple on peut exprimer le filtre environne-
mental directement comme fonction des traits phénotypiques. Le plus couramment, on suppose un filtre
environnemental une relation Gaussienne entre valeur du trait phénotypique d’une espéce et performance
de celle-ci dans cet environnement. Cette fonction suggere qu’il existe une valeur optimale d’un trait qui
permet une performance maximale dans cet environnement. De mani¢re similaire les processus de com-
pétition entre especes et la dispersion des especes peuvent sexprimer en fonction des traits qui leur sont
associés. Par exemple, les espéces de plantes les plus grandes ont tendance a disperser plus loin que les es-
peces petites (Thomson ez al., 2011); en outre, elles dispersent dautant plus loin que leur masse de graine

est petite.

En utilisant des traits bien choisis, il est possible de construire des paysages qui décrivent des valeurs de traits
optimales dans des environnements précis, et ainsi comprendre les causes de la performance locale des es-
peces (Laughlin & Messier, 2015). Les liens observés entre valeurs de traits fonctionnels et environnement
témoignent de I'adaptation des especes a leur environnement. Cependant, la performance des especes n'est
pas forcément liée a un seul trait mais peut-étre le fruit de la contribution de plusieurs traits (Piston Ca-
ballero ez al., 2019; Laughlin ez al., n.d.). En outre, la performance locale est souvent entendue a I'échelle

individuelle, mais le succes d’une espéce peut étre mesuré a d’autres échelles biologiques : individuelle, po-
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pulationnelle ou spécifique (Salguero-Gémez et al., 2018).

3 UNE SEULE VALEUR OPTIMALE DE TRAIT : LE PARADIGME DE L’OPTIMUM FONCTIONNEL

Lécologie fonctionnelle des communautés quantifie les processus d’assemblages des communautés a la lu-
miere des distributions de traits dans celles-ci (McGill ez 4/., 2006). De nombreuses études expérimentales
ont montré que les différences de traits fonctionnels expliquaient les mécanismes d'exclusion des especes
(examinés dans Weiher & Keddy, 1995). De ces études émerge le postulat suivant : il existe un optimum
de trait local qui maximise la performance locale dans un environnement donné (Shipley, Vile, & Garnier,
2006; Enquist ez al., 2015). Les especes ayant les valeurs de traits les plus proches de cette valeur optimale
seront donc plus abondantes que les especes plus éloignées de celle-ci (Figure 3). En considérant I'influence
du filtre environnemental qui induit une valeur optimale de trait, on peut prédire les abondances des es-
peces dans la communauté locale en fonction de leurs valeurs de trait (Lavorel & Garnier, 2002; Shipley,

Vile, & Garnier, 2006; Shipley, 2010).

La plus grande part des études en écologie fonctionnelle utilise ce postulat pour associer des valeurs de trait
optimales le long de gradients environnementaux. Etant donné le fait que les espéces les plus proches de
Poptimum seraient plus abondantes, la valeur de trait la plus abondante dans la communauté devrait re-
présenter fidélement la valeur optimale. Un estimateur de la valeur optimale de trait est donc la moyenne
des valeurs de traits pondérées par les abondances des especes de la communauté, c’est le Commmunity-
Weighted Mean (CWM, pointillés noirs sur la Figure 3) (Garnier ez /., 2004). Comme les traits ont été
choisis pour représenter la performance locale des especes, le CWM doit varier le long de gradients envi-
ronnementaux, car une valeur de trait n’est optimale que dans un environnement donné. On peut alors
associer les variations de CWM aux variations de I'environnement (Cornwell & Ackerly, 2009; Fournier ez
al., 2015). Ainsi les especes les plus abondantes devraient correspondre plus fortement au filtre environne-

mental que les especes plus rares.

Si I'on suit le postulat de I'optimalité, les especes les plus abondantes possedent donc les traits les plus
proches de la valeur de trait optimale. Mais du fait de la multi-dimensionnalité des traits fonctionnels il
est possible qu’il existe non pas une seule valeur de trait optimal, mais une combinaison de traits fonc-
tionnels qui maximise la performance locale le long du gradient environnemental. Lenvironnement étant
lui aussi multi-dimensionnel, avec des traits différents variants selon des gradients distincts, il peut donc
exister plusieurs combinaisons de traits qui permettent des performances locales équivalentes (Marks &
Lechowicz, 2006). Enfin, si certains traits peuvent répondre a 'environnement selon le filtre environne-
mental, d’autres, moins liés a la valeur sélective des especes, peuvent avoir une variance plus grande le long
de l'environnement. Ainsi, il n’existe pas forcément un seul optimum de trait, dans la mesure ot il est né-
cessaire de tenir compte de la contribution de traits différents aux différents processus d’assemblages des

communautés pour prédire correctement les traits des especes les plus abondantes.
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FIGURE 3 — Représentation du paradigme de I'optimalité fonctionnelle. (A) Relation entre trait et perfor-
mance des espéces, Filtre environnemental Gaussien en orange, distribution des abondances dans la com-
munauté locale en vert, le trait moyen pondéré (CWM) par les abondances est figuré en pointillé noir. (B)
Si toutes les communautés suivent loptimalité fonctionnelle le long d’un gradient environnementale on
obtient des distributions de traits légerement décalées. (C) En calculant le CWM de chaque communauté
le long d’un gradient environnemental, on obtient une relation linéaire.

Certains processus d’assemblages des communautés ne correspondent pas au postulat de l'optimalité. Les
processus neutres, par exemple, affectent toutes les especes quels que soient leur valeur de trait (Hubbell,
2001). Siau départ considéré comme provocatrice et biologiquement insensée, car considérant toutes les es-
peces comme équivalentes alors méme qu’il existe des variations évidentes entre especes (Diazez al., 2016), la
théorie neutre a fait des prédictions valides notamment dans les écosystemes les plus riches (foréts tropicales,
récifs coralliens). Aujourd’hui, les processus neutres sont pleinement intégrés dans le schéma théorique de
Iécologie des communautés en plus des processus de niches dont découle l'optimalité (Leibold & McPeck,
20063 Adler, HilleRisLambers, & Levine, 2007; Haegeman & Loreau, 2011). Ainsi, pour aller plus loin

que loptimalité fonctionnelle, il faut tenir compte de 'influence des multiples processus d’assemblages.

4 DES ESPECES QUI ECHAPPENT A L’OPTIMALITE FONCTIONNELLE : LES ESPECES RARES

Comme nous 'avons évoqué dans les parties précédentes, l'optimalité fonctionnelle s'applique moins aux
especes rares qu’aux especes abondantes. Les especes rares peuvent donc étre aussi la source d’une déviation
par rapport a l'optimalité attendue. Cette partie va donc ticher de mieux définir ce quest une espece rare

et d’expliquer les processus qui pourraient permettre le maintien des especes rares.

Avec les premicres extinctions observées dues aux humains est venue la conscience que les especes les plus
rares courraient un risque d’extinction plus grand que les especes communes (Diamond, 1989). L'Union
Internationale pour la Conservation de la Nature (UICN) utilise ainsi le critere de faible abondance locale
pour classer les especes dans la liste rouge des especes les plus menacées (Vié ez al., 2009; IUCN, 2017).
Seulement la rareté des especes est longtemps restée un concept vague et mal défini (Gaston, 1997). Le

cadre conceptuel proposé par Rabinowitz (1981) a permis de mieux définir ce qu’était la rareté d’une es-
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Table 1. Les sept formes de raretés telles que définies par Rabinowitz (1981).

Aire de .
répartition Large Petite
Gamme
d'habitats . .
(spécificité Large Fine Large Fine
d'habitat)
Abondance
Locale
Grande Espéce commune Espéce spécifique Espéce restreinte Espece res”?'?‘?‘“’ st
spécifique
. Espece peu . . Espéce restreinte,
Petite Espece peu abondante et Espece restreinte et spécifique, et peu
abondante peu abondante

spécifique abondante

pece selon trois composantes (Table 1). Premi¢rement, une espéce peut étre rare parce quelle est faiblement
abondante localement. Deuxiemement, une espéce peut étre rare parce qu’elle n’est présente que dans un
habitat spécifique (elle a une forte spécificité d’habitat). Enfin, une espece peut étre rare a une échelle plus
large parce que son aire de répartition est petite. En combinant ces différentes composantes, Rabinowitz
(1981) définit sept fagons détre rare et une fagon détre commune. Une espece pourra étre rare par sa faible
abondance locale, tout en n’ayant pas d’habitat spécifique et une aire de répartition assez large. Une espece
pourra aussi étre rare sur les trois composantes en méme temps, en ayant une faible taille de population,
une forte spécificité d’habitat et une aire de répartition restreinte. La rareté n’est ici pas définie comme une
seule dimension absolue, afin d’utiliser les catégories de rareté de la maniere la plus pertinente en fonction
du contexte. La grille proposée par Rabinowitz permet d’identifier les especes rares sur I'ensemble des axes
et qui seraient donc les plus menacées d’extinction. Cela permet de se focaliser sur les principaux détermi-
nants de la probabilité d’extinction des especes afin de mettre en place des politiques de conservation adé-
quates (Espeland & Emam, 2011). Etant donné que la majorité des espéces sont rares, les théories générales
de Iécologie pour étre largement applicables, doivent donc pouvoir prédire correctement les abondances
des especes rares. Létude des distributions des abondances sest par exemple intéressée tres tot a la distri-
bution des especes faiblement abondantes (Preston, 1948, 1962). Comme nous I'avons rappelé dans les
parties précédentes, la théorie neutre s'est particulicrement intéressée aux espéces rares afin de mieux pré-
dire la distribution de leurs abondances (Hubbell, 2001 ; Rosindell, Hubbell, & Etienne, 2011). Dans le
cadre de l'optimalité, les especes rares devraient avoir tendance a présenter des traits différents de l'optimum

théorique attendu.
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Table 2. Les douze formes de rareté fonctionnelle. Adapté de Violle et collab. (2017) a partir de Rabinowitz (1981).

Fréquence de l'espéce

Régionalement étroite

Régionalement étendue

Localement
rare

Localement
abondante

Localement
rare

Localement
abondante

Trait originaux

Traits originaux

Traits originaux

Traits originaux liesala liés a des S
Localement . . . liés a quelques
. originaux a toutes les présence especes espéces
Régional. 9 échelles d'espéces présentes P
uniques PUNPRT communes
spécialistes largement
Localement . . . .
Impossible Impossible Impossible Impossible
communs
Traits originaux  Traits originaux
. - . localement liés  localement lié a
Traits originaux Traits . . .
Traits NN PRI alaprésence laprésence de
lies ades  spécialisés liés , .
de Localement : ; d'especes ne nombreuses
¢ originaux ~ °SPeces rares ade co-occurrant especes
I'espece g qui ne co- nombreuses . P
. pas a large communes ne
occurrent pas especes . " .
o répartition mais co-occurrant
Régional. localement rare pas
communs ) .
Traits originaux
. - Traits  localement liés
Traits originaux e e p . ) .
N spécialisés lies ala présence Traits communs
Localement liés a de . L . .
ade d'espéces a a toutes les
communs nombreuses ) o .
R nombreuses large répartition échelles
espéeces rares . :
especes mais

localement rare

S UNE APPROCHE FONCTIONNELLE DE LA RARETE : LA RARETE FONCTIONNELLE

D’apres hypothese du mass-ratio, les espéces dominantes localement sont celles qui ont le plus fort effet
sur le fonctionnement des écosystemes (Grime, 1998). Pour comprendre les écosystemes il faut donc étu-
dier les especes abondantes. Seulement, les especes rares peuvent aussi présenter des contributions uniques
a ce fonctionnement (Mouillot ez 4/., 2013 ; Jain ez al., 2014; Leitao et al., 2016). Dans le postulat de 'op-
timalité fonctionnelle, I'écologie fonctionnelle des communautés s’intéresse a la prédiction de la valeur de
trait optimal de la communauté, négligeant souvent les variations des stratégies autour de l'optimum sup-
posé (Rolhauser & Pucheta, 2017). Or, ces espéces pourraient présenter des traits originaux, et donc des
contributions originales aux écosystemes. L'objectif de cette partie est de présenter le cadre détude de lori-
ginalité fonctionnelle. L'originalité fonctionnelle des especes est le fait que des espéces possedent des traits
peu communs, diftérents des autres especes considérées. Un cadre conceptuel pour loriginalité, proche du
cadre proposé pour la rareté par Rabinowitz (1981), a récemment été proposé par Violle et collab. (2017).
L’idée est de séparer la dimension de rareté liée a 'abondance et l'aire de répartition des especes a la dimen-
sion d’originalité fonctionnelle locale et régionale. On peut définir ces deux dimensions a I’échelle locale et

aléchelle régionale ce qui fait qu'on obtient un total de seize combinaisons possibles (Table 2), dont douze
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fagons d’étre rare car quatre dentre elles sont impossibles (une espéce ne peut pas étre localement com-
mune tout en étant régionalement unique). Par exemple, une espece peut étre localement originale, tout
en étant régionalement commune, en étant localement abondante, et avec une petite aire de répartition.

Les différentes dimensions ne sont a priori pas corrélées.

Ce cadre conceptuel propose d’examiner la rareté fonctionnelle selon diftérentes dimensions. Pour quanti-
fier ces dimensions, Violle et collab. (2017) ont proposé d’utiliser des grandeurs continues, afin d’éviter une
catégorisation binaire hitive entre especes rares et especes communes qui pourrait limiter la portée des ana-
lyses (Gaston, 1997). Toutefois, il peut étre intéressant de catégoriser la rareté fonctionnelle, notamment
dans le cadre de la biologie de la conservation. Par exemple, en fixant des seuils 4 partir desquels on définit
qu’une espece est originale par rapport aux autres, critéres que l'on peut cumuler sur différents traits et a
diftérentes échelles, a 'image des criteres utilisés par 'TUICN pour I'évaluation des especes sur la liste rouge

des especes menacées dextinction.

A partir de ce cadre, on peut se demander s’il existe des processus particuliers qui favorisent le maintien des
especes originales a large échelle. Il existe une variabilité des combinaisons de traits existantes entre espeéces
aléchelle globale (Dfaz ez al., 2016), avec des stratégies communes qui représenteraient des optimums glo-
baux de valeurs sélectives. Pourtant, si ces stratégies étaient globalement optimales, comment expliquer le
maintien des stratégies originales qui devraient étre contre-sélectionnées. Une hypothese est que ces especes
possedent des traits originaux comme réponse a des adaptations a des milieux particuliers. En effet les mi-
lieux extrémes engendrent un fort filtre environnemental qui réduit la diversité fonctionnelle locale en ne
sélectionnant que les especes tolérantes au stress (Cornwell & Ackerly, 2009; Lhotsky ez al., 2016; Zanne
et al., 2018). Les stratégies de tolérances ou d’évitement nécessaires en milieux extrémes sont en outre cot-
teuses métaboliquement (Parsons, 1990). Dans un environnement peu extréme, les especes utilisant ces
stratégies devraient donc étre moins compétitives que les especes qui ne survivent en milieu extréme. Il de-
vrait donc y avoir davantage d’especes tolérantes au stress (et donc originales globalement) en milieu extréme

qu’en milieu moins extréme.

6 ESPECES ORIGINALES ET CONSERVATION DE LA BIODIVERSITE

Les especes originales ont une contribution originale au fonctionnement des écosystemes, et méme parfois
plus importante que certaines especes communes (Mouillot ez al., 20135 Jain et al., 2014; Leitdo er al.,
2016). De ce fait, si les especes originales sont davantage menacées d’extinction que les especes communes,
alors le fonctionnement des écosystemes pourrait étre perturbé. Il faut donc évaluer les menaces qui portent
sur les especes originales. En outre, si les especes originales sont faiblement abondantes, elles peuvent étre
doublement menacées, 4 la fois du fait de leurs traits originaux et du fait de leur faible abondance (Gaston,
1998; Hughes ez al., 2014; Giam & Olden, 2017). Il est donc fondamental d¢tudier les relations entre

loriginalité et les différentes autres facettes de la rareté.
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En biologie de la conservation, une approche consiste a désigner les espéces qu’il faut prioritairement cibler
par des politiques de conservation (Arponen, 2012). Or, il n’existe pas de critére absolu pour prioriser les es-
peces, cest ce que l'on appelle '« agonie du choix » (Vane-Wright, Humpbhries, & Williams, 1991). Certains
criteres peuvent étre esthétiques, symboliques ou utilitaires, ces criteres integrent souvent des dimensions
socio-économiques (Arponen, 2012). Des criteres biologiques sont aussi utilisés, par exemple en priorisant
les especes les plus menacées d’extinction, ou les plus « importantes » pour maintenir une fonction biolo-
gique (Arponen, 2012). Il a par exemple été suggéré de prioriser les especes étant rares selon de multiples
facettes dans le cadre de la rareté de Rabinowitz (198 1). D’autres ont suggéré de prioriser les especes les plus
originales phylogénétiquement afin de préserver le « potentiel évolutif » des communautés (Vane-Wright,
Humphries, & Williams, 1991 ; Mace, Gittleman, & Purvis, 2003 ; Forest ez al., 2007 ; Winter, Devictor, &
Schweiger, 20135 Tucker et al., 2019). De maniere similaire, on pourrait suggérer de prioriser les espéces
originales, d’une part pour leur contribution non-remplagable au fonctionnement des écosystemes, d’autre

part pour préserver une diversité maximale de traits.

Les relations phylogénétiques entre especes refletent leur histoire évolutive. En particulier, pour des traits
évoluant lentement les distances phylogénétiques entre especes représentent directement les distances fonc-
tionnelles entre especes (Ackerly, 2009). Des especes séparées par une longue histoire évolutive devraient
voir leurs valeurs de traits diverger. Ainsi, les especes étant séparées d’une plus grande distance évolutive
des autres especes, c’est-a-dire les plus originales phylogénétiquement, devraient aussi avoir les traits les plus
éloignés des autres especes, et donc les plus originaux fonctionnellement. Si c’est le cas, alors les schémas de
priorisation qui proposent de prioriser les especes en utilisant originalité phylogénétique prennent impli-
citement en compte originalité fonctionnelle (evolutionary distinctiveness; voir Isaac et al., 2007 ; Redding,
DeWolff, & Mooers, 2010; Jetz et al., 2014; mais voir Tucker ez al., 2019). Si ¢a n’est pas le cas, alors il peut

devenir urgent d’intégrer l'originalité fonctionnelle dans les schémas de priorisation.

La conservation peut aussi passer par la protection d’habitats particuli¢rement riches ou uniques. Il existe
des écosystemes considérés comme des « points chauds » de biodiversité a Iéchelle mondiale car abritant
une part tres importante de la biodiversité compte tenu de leur aire géographique (Prendergast ez al., 1993
Myers et al., 2000; Marchese, 2015). Méme si ces points chauds ont d’abord été identifiés a partir du simple
nombre d'especes, d’autres études ont identifié des points chauds de diversité phylogénétique et de diversité
fonctionnelle, plus ou moins congruents avec les points chauds identifiés par la richesse spécifique seule
(Rodrigues & Gaston, 2002; Stuart-Smith ez al., 20135 Mazel et al., 2014). La description de ces points
chauds dela biodiversité permet d’identifier de grandes zones aux échelles biogéographiques qui nécessitent
notre attention afin de permettre leur conservation. Existe-t-il des points chauds d'originalité fonctionnelle
a large échelle? Dans quelles mesures sont-ils différents des autres points chauds identifiés avec d’autres

métriques de diversité?

La planification systématique de la conservation (systematic conservation planning) travaille au contraire a
plus petite échelle et de maniére plus opérationnelle, afin de proposer des habitats a conserver prioritaire-

ment (Margules & Pressey, 2000). On sélectionne les habitats qui sont les plus représentatifs d’une région
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ou qui maximise la diversité représentée par I'ensemble des habitats sélectionnés. Ainsi, on construit un
réseau de zones protégées (ou a protéger) qui atteint une certaine représentativité de la biodiversité. Les
algorithmes utilisés dans ces approches peuvent tenir compte de nombreuses contraintes afin d’atteindre
des objectifs de conservation a moindre cotit (McDonald, 2009). Il a d’ailleurs été récemment montré que
pour un colit minime, en ajoutant peu d’aires protégées par rapport a celles actuellement protégées, il était
possible d'obtenir des gains substantiels dans la diversité phylogénétique et fonctionnelle représentée par les
aires protégées mondiales (Pollock, Thuiller, & Jetz, 2017). En ajoutant de contraintes de représentativité
des especes originales fonctionnellement dans ces approches, il est probable qu'elles donnent des résultats

distincts de ceux obtenus en cherchant a maximiser la représentation des diftérentes diversités.

En complément des approches de priorisation, I'évaluation des menaces pesant sur les especes d’intérét per-
met d’envisager des actions de conservation a plus long terme. Une fois les menaces identifiées, il devient
possible de proposer des actions de conservation ciblées qui auraient le plus d’impact sur les especes d’inté-
réts. Les menaces peuvent étre associées a des traits particuliers. Il a par exemple été montré des interactions
entre traits fonctionnels des abeilles et sensibilités 4 des perturbations multiples (Williams ez 4/., 2010).
Les especes fonctionnellement originales, du fait de leur écologie particuliere, pourraient étre davantage

sensibles aux perturbations de toutes origines.

7 MODELISER LES COMMUNAUTES POUR MIEUX LES COMPRENDRE

Les études de terrain sont capitales dansla description des communautés observées, mais elles ne permettent
pas forcément de décomposer des gradients environnementaux multiples influengant les communautés.
Elles ne permettent pas non plus de tester de maniere exhaustive 'influence des diftérents processus indé-
pendamment les uns des autres. Enfin leur cotit élevé et 'important temps de travail qui leur est nécessaire
rend aussi 'étude a de multiples échelles spatiales difficiles. Les études expérimentales, menées par exemple
en serre pour les végétaux, permettent de répondre partiellement a ces contraintes en testant différentes
contraintes environnementales ou en associant différentes especes. Méme si les études expérimentales per-
mettent de mieux contrdler les processus, les contraintes pratiques empéchent de les utiliser pour mener

des expériences le long de grands gradients environnementaux multiples a large échelle spatiale.

La modélisation des communautés est complémentaire des approches de terrain et expérimentale car elle
permet de tenir compte de multiples processus de maniere indépendante. En effet, nous avons souligné dans
les parties précédentes la diversité des processus qui affectent a la fois la distribution des abondances locales
et la distribution des valeurs de traits fonctionnels ainsi que leurs liens. Nous avons aussi insisté sur le fait
que ces différents processus pouvaient se dérouler a différentes échelles spatiales, et qu’il est donc nécessaire
de prendre en compte ces diftérentes échelles pour mieux comprendre I'effet des processus d’assemblages. La
modélisation des communautés permet tester de maniere indépendante I'influence des différents processus

d’assemblages.
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Les modeles de simulation des communautés peuvent permettre détablir des ensembles de cas pour pou-
voir ensuite inférer les processus d’assemblages en comparant les simulations aux communautés observées.
Ces approches se développent largement en écologie des communautés (Minkemiiller & Gallien, 20155
van der Plas ez al., 2015 ; Botta-Dukdt & Czicz, 2015 ; Cabral, Valente, & Hartig, 2016). Pour autant, pour
pouvoir utiliser ces modeles pour I'inférence de processus, il peut étre nécessaire de simuler de nombreuses
communautés ce qui peut s’avérer cotiteux en temps de calcul et nécessite donc des algorithmes de simula-
tions et déchantillonnage efficaces (Gimenez ez al., 2014). Il est donc nécessaire de développer un modele
de simulation de communauté, couplant les processus neutres et non-neutres, qui soit efficace en temps de

calcul.

Afin de comprendre I'influence de traits multiples dans les différents processus, on peut formaliser ces dif-
férents processus en fonction de la valeur des traits des especes. Comme je I'ai expliqué plus haut, on peut
étendre la définition du filtre environnemental qui décrit la performance locale d’une espece en fonction de
la valeur d’un de ses traits a plusieurs traits, en utilisant par exemple une distribution Gaussienne multiva-
riée plutdt qu’une distribution Gaussienne unidimensionnelle. De maniere similaire, les filtres abiotiques
comme les processus de compétition entre espéces peuvent sécrire explicitement en fonction des valeurs
de traits des especes considérées. La limite 4 la similarité prédit que deux espéces aux niches trop similaires,
c’est-a-dire avec des traits proches, ne peuvent pas coexister car elles sont plus fortement en compétition que
des especes plus éloignées (Macarthur & Levins, 1967). On pourra donc écrire une fonction de compétition
liée 2 la limite a la similarité pour une espéce qui diminuera au fur et 2 mesure que le trait fonctionnel de l'es-
pece d’intérét sera différent des traits des autres especes présentes localement. La compétition hiérarchique
prédit que la valeur de certains traits est d’autant plus avantageuse qu'elle est forte (ou faible) (Goldberg,
1990). On peut exprimer cela en utilisant une fonction asymétrique : si l'espece possede un trait proche dela
valeur la plus élevée (ou la plus basse) dans la communauté alors elle subira peu la compétition hiérarchique.
Ainsi un modele explicitant la contribution de différents traits dans les différents processus d’assemblage
des communautés pourrait permettre de mieux comprendre les causes de la déviation des communautés

de l'optimalité attendue.
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8 SYNTHESE

En mobilisant des outils de I'écologie fonctionnelle, de Iécologie des communautés et de la biogéographie,
cette these est composée de deux grandes parties : une premiere partie centrée sur la déviation des commu-
nautés a 'optimalité attendue sous ’hypothese d’un filtre environnemental uni-modal, puis une deuxieme

partie a propos des especes qui dévient de cet optimum de trait, les especes originales.

Pour déterminer les processus qui peuvent favoriser une déviation de I'optimalité, 'apport de démarche de
modélisation des communautés est crucial afin d¢tudier 'influence relative des différents processus d’as-
semblages des communautés (Chapitre 1). A I'aide ces modeles il devient possible de mettre en évidence des
processus qui dévient de l'optimalité fonctionnelle, comme la non-saturation de ’habitat par certaines es-
peces, ou la variation neutre de certains traits en fonction de I'environnement (Chapitre 2). Puis, un cadre
quantitatif pour estimer l'originalité fonctionnelle, le pendant de 'optimalité fonctionnelle, est présenté
avant que ne soit testée ’hypothese selon laquelle 'originalité fonctionnelle globale est liée 2 une adaptation
a des environnements extrémes (Chapitre 3). Enfin, étant donné que les especes originales fonctionnelle-
ment devraient avoir une importance particuliere pour le fonctionnement des écosystemes, il est important
d’évaluer dans quelle mesure ces especes sont d’ores et déja prises en compte dans les schémas globaux de

conservation (Chapitre 4).
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Modéliser les communautés pour identifier les
processus qui pourraient expliquer une déviation 2

l’optimalité
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De multiples processus peuvent structurer les communautés. Pour mieux comprendre ces processus, nous
avons souligné en introduction I'intérét de la démarche de modélisation. Les modeles permettent en effet
de réaliser des expériences virtuelles en isolant les processus indépendamment. Il est aussi possible de les
combiner afin d¥¢tudier leur influence conjointe. L'objectif de ce chapitre est de présenter deux modeles
complémentaires dans leurs approches pour mieux identifier les processus qui pourrait expliquer que des

communautés dévient du paradigme de I'optimalité fonctionnelle.

Les processus neutres, cest-a-dire n’étant pas liés aux traits d'especes, peuvent contribuer a structurer les
communautés. Par exemple, la dispersion limitée peut empécher des especes les plus adaptées de sétablir
dans certaines communautés. De maniere similaire, les phénomenes source-puits peuvent maintenir des
especes dans des communautés o elles ne sont pas adaptées. Ce chapitre présente un modele, ecolottery,
qui permet de tenir compte des influences relatives de la neutralité et des processus de niche, a partir d’un
ensemble régional d’espéce. Ce modele peut en outre étre couplé 4 des méthodes d’inférences Bayésiennes
pour estimer 'importance relatives des processus neutres et non-neutres dans des communautés observées.
Cetarticle a fait 'objet d’une publication dans Methods in Ecology and Evolution, accompagné d’un paquet

R pour utiliser le modele.

Certains traits peuvent étre impliqués dans différents processus en méme temps. Par exemple, la hauteur
des plantes peut a la fois étre filtrée par I'environnement et contribuer a la compétition hiérarchique entre
especes (Le Bagousse-Pinguet et al., 2017). Malgré 'influence d’un filtre environnemental uni-modal sur
un trait pour une espece a 'optimum fonctionnel, si le trait est impliqué dans d’autres processus, ce trait
sera affecté et l'on n’observera pas forcément une optimalité fonctionnelle. La deuxieme partie de ce cha-
pitre présente un modele, fdcoexist, qui exprime explicitement les différents processus d’assemblages des
communautés en fonction des valeurs de traits especes et de leurs contributions aux différents processus.

Larticle associé est en préparation pour Journal of Ecology.
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of communities undergoing local neutral dynamics with environmentally filtered
immigration from a reference species pool (spatially implicit model). The package
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ble amount of time.
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lutionary processes playing at local and regional scales, and to estimate the param-

eters of these processes based on observed patterns.
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1 | INTRODUCTION & Westoby, 2006; Weiher & Keddy, 1995). Heuristic assembly rules
have been proposed to relate basic ecological drivers to typical fea-
tures (Weiher & Keddy, 1995), but the interplay of multiple drivers

at multiple scales requires more mechanistic and comprehensive un-

A major aim of community ecology is to identify the influence of eco-
logical processes on species dynamics and coexistence from descrip-

tive features of realized biodiversity patterns (McGill, Enquist, Weiher, derstanding of their combined influence (Denny & Benedetti-Cecchi,
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2012). Experiments are useful to address the influence of a given
driver while controlling for others. However, practical constraints
prevent devising experiments at the large spatial and temporal scales
at which ecological, biogeographical and evolutionary dynamics are
entangled. In this context, a simulation-based approach represents a
sound alternative to assess the extent to which a given pattern can be
related to a given process (Peck, 2004; Zurell et al., 2010).

Simulating ecological communities according to different scenarios
can help to establish a benchmark against which to infer the signatures
of assembly processes from resulting patterns of taxonomic, func-
tional or phylogenetic diversity (Botta-Dukat & Czlcz, 2016; Pearse
et al., 2015). In silico experiments are developing quickly in ecology
and allow researchers to address the possible outcome of (meta)com-
munity models (Gravel, Canham, Beaudet, & Messier, 2006; Kembel,
2009; May, Giladi, Ristow, Ziv, & Jeltsch, 2013). With increasing com-
putational power, it becomes possible to simulate many communi-
ties across broad ranges of parameter values. Approximate Bayesian
Computation (ABC; Csillery, Blum, Gaggiotti, & Francois, 2010) and
Monte Carlo Markov Chain (MCMC) methods allow exploring the out-
come of complex models given prior distributions of their parameters,
and then determining posterior distributions of the parameters consis-
tent with observed patterns (Hartig, Calabrese, Reineking, Wiegand, &
Huth, 2011).

Although simulation-based inference of parameter values from
observed patterns of biodiversity is a major opportunity for ecological
studies (Gimenez et al., 2014), complex algorithms for community sim-
ulation still require intensive and time-consuming computation. Here
we introduce a novel simulation toolkit for community and functional
ecologists who wish to investigate the signatures of ecological pro-
cesses in community composition. Each community is assembled by
combining immigration from outside the community with stochastic
variations in the abundance of the descendants of successful immi-
grants (ecological drift, Vellend, 2016). The immigrants are drawn
from a reference external pool that can represent either a large-scale
biogeographic or habitat context (Lessard, Belmaker, Myers, Chase, &
Rahbek, 2012), or dispersers available nearby the community (Lessard
et al.,, 2016). Environmental filtering during immigration determines
varying success of immigrants depending on the way their ecological
attributes allow establishment and survival in a local environmental
context (Jabot, Etienne & Chave, 2008; Keddy, 1992). This spatial-
ly-implicit framework follows a hierarchical conception of commu-
nity dynamics embedded in a regional context (Lortie et al., 2004;
Ricklefs, 2008), and provides a process-based alternative to random-
ization-based null models (Gotelli & Graves, 1996; Munoz & Huneman,
2016). It is intended to be quicker and more efficient than alternative
algorithms, and is thus suited to intensive simulation schemes. We
provide a complementary ABC tool to assess parameters of neutral
dynamics and environmental filtering from the composition of real
communities. The tool allows addressing whether we can unambigu-
ously relate a given pattern (either taxonomic, functional or phyloge-
netic) to some hypothesized drivers.

We propose a coalescent-based algorithm of community simula-
tion, which rebuilds the shared ancestry of coexisting individuals in

a community. Whether individuals share (or do not share) ancestors
backward in time depends on immigration and local stochastic drift
(Etienne & OIff, 2004). The genealogy of individuals is also called the
coalescent. While coalescent-based modelling is popular in popula-
tion genetics (Wakeley, 2004), it is seldom used in ecology (Etienne
& OIff, 2004; Munoz, Couteron, Ramesh, & Etienne, 2007; Munoz,
Couteron, & Ramesh, 2008; Munoz, Ramesh, & Couteron, 2014;
Rosindell, Wong, & Etienne, 2008). We expose here the logic and ad-
vantages of the approach to examine community assembly. It is suited
to simulation of neutral communities (Etienne & OIff, 2004; Hubbell,
2001; Munoz et al., 2007) but also allows deviations from neutrality
based on niche-dependent immigration biases (Jabot, 2010; Janzen,
Haegeman, & Etienne, 2015; Liu & Zhou, 2011; Munoz et al., 2014).
Therefore, it allows simulation of ecological communities over a con-
tinuum of relative importance of neutral dynamics and environmental
filtering.

This sampling scheme was previously implemented in ecology in
MartLas and Pari-GP softwares (Etienne & OIff, 2004; Munoz et al.,
2007, 2014), or in C language (Rosindell et al., 2008), and the lack
of easy-to-use tools may have limited the application for community
simulation. Thus we here introduce the method in R language with
the ecolottery package. The package also includes an alternative for-
ward-in-time option of community simulation, which generalizes the
algorithm of neutral dynamics formerly proposed in the untb pack-
age (Hankin, 2007) to the context of non-neutral dynamics. Although
slower than the coalescent-based algorithm, the forward-in-time op-
tion allows exploring more diverse options of niche-based dynamics,
such as limiting similarity related to competitive interactions (Abrams,
1983).

2 | GENEALOGY OF A LOCAL
COMMUNITY: THE FRAMEWORK

The coalescent-based simulation rebuilds the genealogy of individu-
als in a community by sampling their immigrant ancestors from a
reference pool of species while conditioning establishment and sur-
vival of their descendants to environmental filtering and neutral drift
dynamics (Figure 1). In an initial neutral version of the model akin
to Wright-Fisher/Moran models of population genetics, Etienne and
OIff (2004) investigated the influence of a single immigration param-
eter, I. This parameter represents the role of successful dispersal,
establishment of immigrants, and survival of descendants in deter-
mining the composition of the simulated community. Subsequent
use of “immigration” will encompass all these components. Etienne
and OIff (2004) further considered neutral evolutionary dynamics
determining the species abundance distribution in a regional refer-
ence pool (or metacommunity) (Munoz et al., 2007, 2008). This ap-
proach was later generalized for any user-defined reference pool
(Munoz et al., 2008).

In a version with environment filtering, the probability of
successful immigration and subsequent survival of descendants
also depends on the correspondence between species niche
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FIGURE 1 Analyzing assembly dynamics through the genealogy
of individuals in a local community. The reference pool (top) includes
individuals with varying ecological niche requirements (different
symbols) and varying regional abundances (numbers of each symbol
type). The individuals found in a local community (bottom) are

the descendants of ancestors that immigrated and established in
the past. The coalescent tree represents the genealogy of local
individuals back to these migrant ancestors. A pool of ancestors
(dashed ellipses) is drawn from the reference pool either randomly
(neutral case), or depending on their ability to disperse, establish and
survive in the local environment (niche-based filtering)

preferences (or some related functional trait values) and local en-
vironmental conditions (Figure 1) (Jabot et al., 2008; Munoz et al.,
2014). The probability of drawing an ancestor immigrant of the ge-
nealogy from the pool is then weighted according to how well its
functional trait values allow successful establishment (symbols in
Figure 1). The relative species weights capture fitness differences

due to variation in functional traits among immigrants (Munoz
et al., 2014).

The framework thereby integrates basic dispersal and environmen-
tal filtering of immigrants from a reference pool to a local community
(Lortie et al., 2004), and stochastic drift dynamics of the descendants.
As such, it represents a synthetic approach to jointly investigate en-
vironmental filtering and neutral dynamics in community assembly
(Gravel et al., 2006; Leibold & McPeek, 2006; Vellend, 2016). An im-
portant aspect of the approach is that ecological and evolutionary
dynamics can be decoupled in the community and in a regional pool
of immigrants, respectively (Munoz et al., 2014). Community dynam-
ics are assumed to be fast enough to neglect speciation events and
trait evolution at the local scale; conversely, evolutionary and biogeo-
graphical dynamics (e.g. extinction and speciation events) can occur
and determine biodiversity patterns at the larger spatial and tempo-
ral scales represented by a reference pool. The immigration process
is here analogous to a mainland-island model in island biogeography
(Hubbell, 2001; MacArthur & Wilson, 1967), where the regional pool
undergoes biogeographical and evolutionary dynamics, while the com-
munity islands follow migration-drift dynamics with possible environ-
mental filtering.

The reference pool can thus represent a biogeographic context at
large spatial scale, but it can also be restricted to species occupying
a specific habitat (Kraft, Valencia, & Ackerly, 2008), or to a spatially
delimited neighbourhood surrounding the community (Lessard et al.,
2016). In the latter case, the coalescent-based framework represents
combined influence of species dispersal from a neighbourhood, envi-
ronmental filtering and drift dynamics in the community. Alternative
definitions of the pool can thus be used to address specific hypotheses
on the respective roles of biogeography, environmental filtering, and

neutral dynamics.

3 | SIMULATION ALGORITHM IN COALESC

coalesc is the core function in ecolottery performing coalescent-based
simulation of ecological communities. Let us consider a given pool of
species s with relative abundances f, and a community of size J. The
migration rate is denoted as m. When an individual dies in the commu-
nity, it can be replaced by the offspring of one of the J - 1 remaining
individuals with probability 1 — m, or by a migrant with probability m.
The immigration parameter | = m(J - 1)/(1 - m) represents the num-
ber of immigrants competing with local offspring to replace a dead
individual in the community at each mortality event (Etienne & OIff,
2004).

The simulation algorithm determines which individuals in the
sample share the same immigrant ancestor. The simulation begins
by drawing a first individual from the reference pool (Figure 2): it
is the ancestor of the first individual of the community. The taxo-
nomic identity of this first individual is the identity of its ancestor.
The second individual drawn from the community can be (i) either
a descendant of the same ancestor as the first individual (in which
case the second and the first individuals are conspecific), or (ii) a
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FIGURE 2 Coalescent-based sampling of a simulated community. Individuals with different trait values have different symbols. The top
large ellipse represents the reference pool; the smaller bottom ellipses represent successive stages of coalescent-based sampling to generate a
simulated community. In (a), the first individual sampled in the community is the descendant of an immigrant ancestor drawn from the reference
pool. In (b), the second sampled individual is either the descendant of the same ancestor, or of another ancestor also drawn from the reference

pool. Subsequent draws of individuals are performed with the same two choices of sharing an ancestor with previously sampled individuals,
or being the descendant of a new immigrant ancestor, until sampling of J individuals in (c). Sampling of immigrants from the reference pool
can depend on niche-based filtering, i.e., the probability of immigration success is weighted by the fit of species niche requirements to local

environment

descendant of another immigrant ancestor. The probabilities of (i)
and (ii) depend on the immigration parameter, I. If the descendants
of immigrant ancestors have the same probability of survival until
present, the probability of (i) is 1/(/ + 1) and the probability of (ii) is
I/(I + 1). A binomial lottery is used to calculate whether the second
individual descends from a new immigrant ancestor. If the ancestor
is a new immigrant, it can be drawn from the reference pool and the
identity of the second individual can be assigned accordingly. Note
that the new immigrant can be, but need not to be, from a different
taxon from the first immigrant. The third individual drawn from the
community can be the descendant of one of the ancestors of the
two first individuals, with probability 2/(/ + 2), or the descendant of
a new immigrant ancestor, with probability I/(I + 2). In the former
case, we randomly select one of the two first individuals as being
conspecific of the third individual. Otherwise, we select a new immi-
grant ancestor of the pool as before. This process is repeated until
reaching the desired number of individuals, J. Thus, individual i can
be the descendant of one of the ancestors of the (i — 1) first individu-
als, with probability (i — 1)/(I + i - 1), or of a new immigrant ancestor,
with probability I/(1 +i - 1).

With environmental filtering, the probabilities of sampling im-
migrant ancestors are affected by the match of their niche prefer-
ences with local environmental conditions. Let us consider that an
immigrant bears a trait value t, which influences immigration success
in the community depending on a filtering function filt(t). The same
sampling procedure as above is applicable, except that the immi-
grants are drawn from the pool with relative probability filt(t). The
higher this probability, the better adapted the immigrant to the local
environment, and the greater chance it has to successfully establish
in the community (Jabot, 2010; Munoz et al., 2014). Figure 3 illus-
trates different kinds of environmental filtering depending on the
definition of filt(t).

The function coalesc implements this basic simulation scheme. In
the example below, a community of size J = 400 is simulated. m =1
means that any dead individual in the community is replaced by an
immigrant from the pool, while m < 1 means that both immigrants and
local offspring can replace a dead individual. The user must also pro-
vide information on the composition of the reference pool, by setting
either a 0 value, to simulate a pool of size Jpoo, with log-series abun-

dance distribution, or explicit species abundances in the pool for pool.
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FIGURE 3 Several types of environmental filtering. The probability that an individual immigrates and establishes in a community can
depend on its trait value(s) when environmental filtering occurs. Different kinds of filtering are illustrated: (a) a stabilizing environmental filtering
around an optimal trait value called toot (b) a disruptive environmental filtering generating two modes around toptt and topt2s (c) a directional
environmental filtering with increasing probability of success along a gradient of trait values. Other types of niche-based filtering can be defined

using the argument filt
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FIGURE 4 Comparison of computation time of alternative coalescent-based (red) and forward-in-time (blue) algorithms in ecolottery
package. The simulation time in seconds is log-transformed. It is given for a single simulated community related to a given reference pool with
log-series distribution of abundances and uniform distribution of trait values between 0 and 1 across species. In forward-in-time simulation,
one individual dies at each time step and is replaced by either local offspring or by an immigrant. The migration rate is fixed to m = 0.5 and the
immigrants undergo Gaussian environmental filtering around topt = 0.5, with standard deviation ¢ = 0.1. We simulated varying community size
(abscissa). Simulation time quickly increased with community size in forward-in-time simulation, while it remained very low in coalescent-based

simulation. See Appendix S2 for more details and the complete code

The pool object contains at least three columns; an individual index,
a species index and the values of one or multiple traits. If trait values
are not provided in pool, the user can provide them separately, using
the traits object. In this case, it is assumed that traits includes species
trait values, without intraspecific variation. If no trait information is
provided, species trait values are drawn from a uniform distribution

between 0 and 1.

res <- coalesc(J = 400, m = 0.5, theta = 50,
filt = NULL, pool = NULL, traits = NULL)

summary (res)
## Length Class Mode
## com 3 data.frame list

## pool 3 data.frame list

The resulting object res has two components: community com-
position in com and reference pool composition in pool. A tutorial in
Appendix S1 shows how to simulate neutral dynamics and environ-
mental filtering in diverse situations with coalesc, and how to char-
acterize the taxonomic, functional and phylogenetic compositions of
simulated communities.

We also provide in ecolottery a sister function forward to simu-
late communities using a classical forward-in-time approach. From
a given initial community composition, forward simulates at each
time step a number of mortality events and replacement through
local reproduction and immigration from an external pool. The for-
ward function thus simulates communities with neutral dynamics
and environmental filtering following the spatially-implicit frame-
work of Figure 1. It can also condition the mortality events to trait
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differences among the individuals present at each time step, and
thus simulate limiting similarity (Abrams, 1983). It extends the scope
of the untb function of Hankin (2007) to the context of non-neutral
dynamics.

In Appendix S2, we compare the computation times of forward and
coalesc for comparable parameterization of immigration and environ-
mental filtering, and for varying community sizes.

Figure 4 shows a comparison of computation times between the
two approaches. While calculation time of coalesc remains low and
increases slowly with community size, calculation time of forward in-
creases dramatically and is almost 3,000 times greater than coalesc for
a community with 2,000 individuals. In addition, checking the conver-
gence to stationarity of forward can be challenging, while there is no
such issue with coalesc, since it simulates community composition at

equilibrium (see Appendix S2).

4 | INFERENCE OF PARAMETERS
USING APPROXIMATE
BAYESIAN COMPUTATION

A long-standing objective of community ecology is to infer the
ecological processes yielding observed patterns in community
composition. A challenging issue is to disentangle the respective
influences of neutral and non-neutral dynamics from their com-
bined signatures in local communities. Because it is quick and
efficient, coalesc can be used to simulate a large number of com-
munities over a broad range of parameters of environmental fil-
tering and neutral dynamics. By performing Approximate Bayesian
Computation (ABC, Csillery et al., 2010), we can then compare the
structure of an observed community to the simulated communi-
ties and determine the plausible parameter values corresponding
to the observed community structure. We provide the coalesc_abc
function in ecolottery to perform such ABC inference in a flexible
way. Parallel computing is proposed to improve calculation speed
in multi-core computers.

In the following example, a reference community is generated with
known parameter values of immigration and environmental filtering.
Stabilizing environmental filtering along a Gaussian distribution pro-
vides an establishment advantage to immigrants displaying trait values

close to an optimum t__; this advantage decreases from this optimum

opt?’
value according to thep standard deviation, &, of the Gaussian curve
(see Figure 3).

The ABC analysis is based on simulating a large number of commu-
nities using coalesc, for varying values of migration rate m, of filtering
parameters t_ and o, and for a user-defined reference pool. Summary
statistics (calculated by the function f.sumstats) are used to charac-
terize resulting patterns of taxonomic and functional composition in
communities. Posterior distributions of parameter values for a given
community are then derived according to a comparison of the sum-
mary statistics from this community with the summary statistics from

simulated communities.

# Trait-dependent filtering function

filt_gaussian <- function(t, params)

exp (- (t-params[1]) "2/ (2*params[2]~2))

# Definition of parameters of environmental filtering

and their range
params <- data.frame(rbind(c(0, 1), c(0.05, 1)))
row.names (params) <- c("topt", "sigmaopt")
# Number of values to sample in prior distributions
nb.samp <- 1000000 # Should be large

# Basic summary statistics

f.sumstats <- function(com) array(dimnames=

list(c("cwm", "cwv", "cws", "cwk", "S", "Es")),
c(mean(com[,3]), var(com[,3]),

e1071: :skewness(com[,3]),

e1071: :kurtosis(com[,3]),

vegan: : specnumber (table(com[,2])),

vegan: :diversity(table(com[,2]))))

# A reference community is here simulated
(known parameters)
comm <- coalesc(J = 400, m = 0.5, theta = 50,

filt = function(x) filt_gaussian(x, c(0.2, 0.1)))

# ABC estimation of the parameters based on summary

statistics of the observed community

# The function makes wvary the migration rate, m,

and the parameters of environmental
# filtering defined in params
res <- coalesc_abc(comm$com, comm$pool,
f.sumstats = f.sumstats,
filt.abc = filt_gaussian,

params = params, nb.samp = nb.samp,

parallel = T, tol =1,
pkg = c("el071","vegan"),
method = "neuralnet")

plot (res$abce,param=res$par)

The posterior distributions of the parameters can be compared to
the expected values used to simulate the reference community. In ad-
dition, cross-validation can be performed to evaluate the accuracy of
estimation for a broad range of parameter values, e.g. using the cv4abc

function of package abc.

pos.na <- which(rowSums(is.na(res$ss))!=0)

res$cv <- cvdabc(param = res$par[-pos.na,],
sumstat = res$ss[-pos.na,], nval = 1000,

tols = ¢(0.01, 0.1, 1), method = "neuralnet")
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FIGURE 5 Cross-validation analysis of simulated communities with limited migration and stabilizing environmental filtering, using the
function plot.cv4abc function of package abc. Neutral (migration rate m in a) and non-neutral (Gaussian stabilizing filtering with mean topt in

b and standard deviation ¢ in c) parameters are estimated using coalesc_abc, based on the four first moments of the local trait composition,
species richness and Shannon taxonomic diversity. 1,000 validation simulations are considered, expected parameter values are on abscissa and
estimated values are on ordinates. Cross-validation is performed for three tolerance levels with increasing value from red to yellow (0.01, 0.1

and 1)

Figure 5 shows the result of cross-validation analysis. All the pa-
rameters are estimated reasonably accurately. m and topt Are well es-
timated over the whole range of values between 0 and 1. o is less
well estimated when it becomes large, i.e. in this case a wide environ-
mental filter selects all trait values almost equivalently and may not be
discernible from pure neutral dynamics.

In Appendix S3, we also provide an example of ABC analysis to
estimate neutral parameters in the Barro Colorado Island rainforest of

Panama, with step-by-step explanation of the calculations.

5 | DISCUSSION

We propose a coalescent-based framework for quick and efficient
simulation of ecological communities assembled through migration
and environmental filtering from a regional species pool, and neutral
stochastic drift (Vellend, 2016). The coalesc_abc function combines
the simplicity and speed of coalescent-based simulation with powerful
estimation of parameters using Approximate Bayesian Computation
(ABC, Csillery et al., 2010). In this regard, it should be useful for a
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broad audience of ecologists interested in exploring the linkage of
ecological processes to biodiversity patterns and the role of processes
in producing observed community composition.

Compared to other available simulation tools, a coalescent-based
approach does not simulate the dynamics forward in time, but deter-
mines the shared ancestry of individuals sampled in a community at
equilibrium. This offers several appealing properties for community
simulation: first, we do not need to simulate the dynamics of all in-
dividuals that were present through time, but only to determine the
lineages that have provided descendants in the observed community.
Therefore, the coalescent-based approach is expected to be quicker
by several orders of magnitude compared to a forward-in-time ap-
proach, as illustrated in Figure 4. Second, the sampling algorithm
directly produces a community at a stationary state, so that there is
no difficulty related to the choice of the number of generations to
simulate or checks for convergence (see Appendix S2). Despite the
significant gain of computation time, ABC analysis can still be com-
putationally intensive when increasing the number of parameters and
thus the number of simulations required. Therefore, reasonable com-
plexity must be considered in these models.

The approach is in line with the current conceptual synthesis com-
bining neutral and niche-based processes in the study of community
dynamics (Munoz & Huneman, 2016; Vellend, 2016). The reference
pool considered in simulations can result from neutral speciation-ex-
tinction dynamics (default case, Hubbell, 2001), be defined following
specific scenarios of trait evolution (e.g. Appendix S1.6), or be based
on some predefined flora or fauna information. We can then address
how ecological processes driving local community assembly, and bio-
geographical and evolutionary processes underlying the composition
of the reference pool, jointly influence patterns of taxonomic, func-
tional and phylogenetic diversity. We can simulate one or several
communities related to the same reference pool, and address patterns
of beta diversity among communities depending on environmental
filtering and neutral dynamics (Munoz et al., 2008, e.g. Appendix S3).

The spatial structure of communities can influence metacom-
munity dynamics, and this influence cannot be addressed based on
a spatially implicit framework (Economo & Keitt, 2007). Recent ad-
vances in the modelling of spatially explicit coalescent should allow
extending coalesc to model community assembly in spatially explicit
networks (Kelleher, Etheridge, & Barton, 2014). Comparing the out-
come of dynamics through the spatially implicit scheme of ecolottery
to alternative spatially-explicit schemes will help better understand
the emergent properties of spatial biodiversity dynamics. Currently it
is not clear how reliably a spatially implicit approach can represent the
outcome of spatially explicit dynamics and so how local to regional
biodiversity dynamics can scale (Morozov & Poggiale, 2012; Munoz,
Beeravolu, Pélissier, & Couteron, 2013).

Although adopting a spatially implicit approach, some recent works
have proposed defining “process-based species pools” restricted to
potential immigrants of a given habitat (Kraft et al., 2008), or to im-
migrants available from the neighbourhood of communities (Lessard
et al.,, 2016). These alternative pools are considered in randomization
schemes to define more or less restrictive null models (Gotelli & Graves,

1996), in order to address the influence of specific processes on sim-
ulated patterns. coalesc can also be used with alternate species pools
and alternate parameterizations of environmental filtering and neutral
dynamics, to address and test the relative influence of hypothesized
drivers. It differs from randomization approaches that shuffle species
trait values, site environmental characteristics, or community composi-
tion, but do not consider actual parameters of the ecological processes.

Addressing the influence of environmental filtering on species
abundances and coexistence is a basic objective of community and
functional ecologists (Cornwell & Ackerly, 2009; McGill et al., 2006;
Shipley, Vile, & Garnier, 2006). The functions coalesc and forward
allow custom definition of environmental filtering, through the input
function filt. The filtering function can be designed to represent, for
instance, stabilizing, directional, or disruptive filtering (Figure 3 and
Appendix $1.4), in analogy with the basic types of selective pressures
in evolutionary biology (Shipley, 2013). The filtering process represents
a weighted lottery drawing immigrants from the reference pool (Lortie
et al., 2004), where assigned weights depend on the properties of
species (here based on functional traits defined in the pool or traits
input arguments) and local environment (in the example of stabilizing
filtering used in ABC estimation above, through the definition of topt
and o) and so can be visualized as the fit of each species’ niche to local
environmental conditions. The parameters m and filt of the weighted
lottery then represent the respective roles of neutral dispersal limita-
tion and trait-dependent environmental filtering during immigration
and establishment.

The definition of environmental filtering is flexible and can inte-
grate the influence of many biological traits (Cadotte & Tucker, 2017;
Kraft et al., 2015). Therefore, we must not consider our definition of
“trait” in the examples as a specific attribute, but as a more integrative
measure of species fitness. Likewise, relating this species’ “trait” to a
local environment optimum topt in the example of environmental fil-
tering represents a synthetic response of species to a set of possibly
numerous environmental factors. The user can decompose the basic
functional dimensions representing different components of fitness
by addressing, for instance, the influence of dispersal traits versus the
influence of traits related to local reproduction and competition. In
the multi-trait example of Appendix S1.5, we show how to integrate
the combined influence of filtering on several traits. The user may con-
sider contrasted filtering operating on different traits, the outcome of
this filtering on phylogenetic composition when niche conservatism
differs among traits, etc.

Another major objective in community ecology is to address the
extent to which limiting similarity and niche differentiation determine
species coexistence (Abrams, 1983). It is possible to use coalesc to
model disruptive filtering, i.e. only groups of species with contrasted
traits can coexist in the community (see Appendix S1.4, in which we
define such a filtering function). This would represent differentiation
among ecological guilds, which may reflect, for instance, a vertical
stratification of plants in vegetation, and where each guild represents
a group of functionally similar species (Vergnon, Dulvy, & Freckleton,
2009). Another specific case of competitive interactions concerns
the priority effect (Fukami, 2015). In this case, the order of species
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arrival determines community composition, as first arrived species
have a competitive advantage and prevent subsequent establishment
of other species. Because the logic of priority effect is basically for-
ward-in-time, it represents a case where coalescent-based approach
cannot be applied. For this reason, we provide the sister function
forward to simulate communities forward in time: with input argu-
ment limit.sim = T, community assembly is conditioned to the trait
dissimilarity of coexisting species at each time step (Appendix 51.7).
A forward-in-time simulation approach is also preferable to address
the influence of density dependence, i.e. when species fitness varies
over time depending on species abundance variations. Nevertheless,
coalescent-based approaches can be designed to address the influ-
ence of fitness differences in local community dynamics as, e.g. by
applying a rejection algorithm on the output of the coalescent process
(Donnelly, Nordborg, & Joyce, 2001).

The user can analyse a number of metrics of taxonomic, functional
and phylogenetic diversity in simulated communities (Munoz et al.,
2007, 2008, 2014) to test the influence of entangled environmental fil-
tering and neutral dynamics. In the examples of Appendix S1.4, we cal-
culate average trait values (classically known as Community Weighted
Mean, CWM, Garnier et al., 2004) in local communities undergoing en-
vironmental filtering along an environmental gradient. We also illustrate
in Appendix S1.6 how niche conservatism and environmental filtering
can produce phylogenetic clustering in the community (Mouquet et al.,
2012). However, these approaches often consider ad hoc hypotheses
about the influence of niche-based processes on these metrics, as, e.g.
environmental filtering should decrease the range and variance of local
trait variation, while shift of CWM should occur along environmental
gradients (Cornwell & Ackerly, 2009). With the interplay of multiple
processes driving local composition, how trait-based metrics reflect un-
derlying drivers is expected to be less straightforward. Specifically, we
can disentangle the influence of these drivers by performing cross-val-
idation of parameter estimation in ABC estimation with coalesc_abc. As
shown in the basic example of ABC estimation with neutral dynam-
ics and Gaussian environmental filtering (Figure 5), cross-validation
indicates that we can disentangle the influence of these drivers from
summary statistics representing functional composition (the four first
moments, CWM, CWV, CWS, CWK; Enquist et al., 2015) and taxo-
nomic composition (here richness and Shannon diversity).

Another crucial issue in community and functional ecology is how
intraspecific variation of ecological properties influences community
dynamics (Bolnick et al., 2011; Violle et al., 2012). The niche breadth
and overlap of coexisting species are basic components of competi-
tion theory (MacArthur & Levins, 1967). Coalescent-based simulation
of community assembly in ecolottery represents individual dynamics
based on individual properties, and is therefore suited to address the
role of intraspecific trait variation among immigrants, when assuming
perfect heritability and no mutation during community dynamics. In
Appendix S1.3, an example of community simulation with intraspe-
cific variation is provided. Changes in inter- and intra-specific trait
variations are expected between regional and local scales depending
on community assembly processes and their comparison allows in-

ferring the influence of these processes (Violle et al., 2012). As the

descendants of immigrants display the same trait values than their
ancestor in this approach, we can assess the diversity of phenotypes
related to distinct genotypes, which is also appropriate to address the
relationship between genetic and specific diversity in communities
(Laroche, Jarne, David, Lamy, & Massol, 2015; Vellend & Geber, 2005).
Further refinements should also allow addressing the influence of phe-
notypic plasticity.

6 | CONCLUSION

Even though the coalescent-based simulation scheme is a simplified
approach to community assembly, it allows straightforward and quick
simulation of community composition in diverse situations involving
environmental filtering and neutral dynamics. It is suited for intensive
simulation schemes, and thus allows ABC estimation of the param-
eters of assembly dynamics based on observed community composi-
tion. Thanks to great flexibility in parameterization of simulations and
in the choice of summary statistics for ABC analyses, ecolottery will
allow in-depth investigation of how the nature and quality of func-
tional and phylogenetic information (e.g. types of phylogenetic and
functional distances, structural versus ultrametric type of tree, res-
olution of the tree, continuous and categorical traits), and how the
scale and the composition of reference pools (nature and uncertainty
of regional abundance data, inclusion or not of rare species) can af-
fect correct inference of underlying ecological processes. Therefore,
ecolottery offers options to test theoretical hypotheses on the role
of entangled processes, as well as a benchmark for estimating un-
certainty in hypothesis testing depending on methodological choices
(Perronne, Munoz, Borgy, Reboud, & Gaba, 2017).
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Abstract

Functional ecology stresses that the local performance of species depend on their functional trait
values. Environmental filtering assumes that abiotic conditions determine an optimal trait value,
such as species with trait value closer to the optimum should perform better. Trait-environment
relationships should enable ecologists to detect this process. However, competitive interactions
between species also influence local trait distributions and can lead to mismatches between the
abiotic and the observed optima. Limiting similarity should be influential by entailing more even,
still symmetric trait distributions, while hierarchical competition can favor an optimal strategy in
terms of competitive ability.

A synthetic view on how these entangled processes can ultimately affect trait-environment
relationships and the inferences from them is still lacking. It is also not clear whether using the
abundances of species or their relative growth rates allows better inference of optimal trait values
due to environmental filtering. Finally, whether a functional trait contribute to environmental
filtering or to a competition process can entail different trait-environment relationships.

We devised a model integrating population dynamics, trait-based performance, environmental
filtering, limiting similarity and hierarchical competition within a metacommunity. With this
model, we analyzed mismatches between theoretical abiotic optima of species and the observed
sites where species performed the best. We evaluated i) the impacts of competitive processes on
species performance; ii) how the accuracy of inference of trait-environment relationships depends
on performance metrics and biotic processes; and iii) the impact of multiple traits on inference of
trait-environment relationships.

We found that hierarchical competition can entail strong mismatches between the environmental

optimal sites of species and the one in which they perform best. While being strong at the species
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level, these mismatches were averaged at the community-level, leading to trait-environment
relationships close to the theoretical expectation. Due to its intrinsic symmetry, limiting similarity
led to smaller mismatches. Both abundances and growth rates of species led to a similar accuracy
of the trait-environment relationships. Higher trait contribution to the environmental filtering led
to steeper trait-environment relationship.

Our model bridging population biology and trait-based ecology highlights the importance of
accounting for assembly mechanisms when investigating trait-environment relationships. It
questions the use of these relationships in functional biogeography as a predictive tool to track
community response to environmental changes. Rather, we suggest that trait-environment
relationships can be used as a diagnostic tool to reveal the role of the trait under scrutiny in the

regulation of abiotic and biotic filtering.
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Introduction

It has long been recognized that the diversity and composition of ecological communities change
in response to underlying environmental gradients. Some phenotypic traits capture physiological
tolerances or life history strategies (Violle et al., 2007). Measuring such trait values have therefore
proven a useful tool for understanding the impacts of abiotic environment on the identity and
abundances of species in a site (Mcgill, Enquist, Weiher, & Westoby, 2006; Bill Shipley, 2010).
Furthermore, measuring trait values should be sufficient to predict performance (growth, survival,
fecundity) in a given environment (Laughlin, Joshi, van Bodegom, Bastow, & Fulé, 2012; Lavorel
& Garnier, 2002; Shipley, Vile, & Garnier, 2006; Weiher, Clarke, & Keddy, 1998). Multiple
studies have reported strong relationships between specific trait values and performance under
different environments (‘trait-environment relationships’) for a variety of organisms (Amatangelo,
Johnson, Rogers, & Waller, 2014; Borgy et al., 2017; Pease, Gonzalez-Diaz, Rodiles-Herndndez,
& Winemiller, 2012; Reich et al., 1999; Wright et al., 2005).

Knowledge of trait-environment relationships allows predicting the spatiotemporal
distribution of species from data on relevant traits and site environmental conditions (Carboni et
al., 2018; Verheijen et al., 2015; C. Violle, Reich, Pacala, Enquist, & Kattge, 2014; Wiiest,
Miinkemiiller, Lavergne, Pollock, & Thuiller, 2018). Specifically, in case of environmental
filtering (Kraft et al., 2015), the abundance of a particular trait value is expected to reflect the
performance of species bearing this value in a specific environment (Cingolani, Cabido, Gurvich,
Renison, & Diaz, 2007; Garnier et al., 2004; Garnier, Navas, & Grigulis, 2016). Such relationship
between performance and trait value is typically assumed unimodal, implying that a single optimal
trait 7,y exists. The mean trait value in a community, weighted by the frequency of trait values, is

commonly considered a proxy of the optimal trait value (community-weighted mean, CWM,;
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Borgy et al., 2017; Cornwell & Ackerly, 2009) (Fig. 1a). In addition to the mean trait value,
environmental filtering is also expected to influence other trait moments. For a same #,;, the
environmental filtering strength can vary. As a response, the variance in trait values should decline
as environmental filtering becomes stronger, since the cost of bearing trait values away from the
optimum increase (Enquist et al., 2015) (Fig. 1a).

Despite the popularity of using the CWM to infer optimal trait values at a site (Enquist et
al., 2015; Shipley, 2010; Warton, Shipley, & Hastie, 2015), there is still uncertainty regarding how
well trait-environment relationships inferred from observation data reflect the true (eco-
physiological) relationships (Blonder et al., 2017; Denelle, Violle, & Munoz, 2019; Forrestel et
al., 2017; Garnier et al., 2016; Muscarella & Uriarte, 2016; Reich & Oleksyn, 2004; Bill Shipley
etal., 2016; Yang, Cao, & Swenson, 2018). In principle, if environmental filtering is the dominant
mechanism determining community composition, there should be a perfect linkage between a
species’ performance and their trait value, relative to the local optimum (Bohner & Diez, 2020;
Kraft et al., 2015). It is still not straightforward to demonstrate this assumption, given the difficulty
in obtaining experimental data over large environmental gradients or for long-lived species, and
the likely presence of dispersal limitation and multiple biotic processes, including competition,
predation, and mutualisms, in observational data (Cadotte & Tucker, 2017). These biotic processes
can impact the distribution of traits in the community (Givnish, 1982; Grime, 2006; Mayfield &
Levine, 2010; Swenson & Enquist, 2009), but their influence on trait-environment relationships is
poorly understood, particularly when traits contribute to both biotic and abiotic processes.

Traits can contribute to competition in several ways, most commonly described in terms of
‘limiting similarity” (MacArthur & Levins, 1967) or ‘hierarchical competition’(Calcagno,

Mouquet, Jarne, & David, 2006). Limiting similarity is usually thought as a force promoting the
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coexistence of species by minimizing functional overlap and competition (MacArthur & Levins,
1967) (Fig. 1b). If a trait contributes to both environmental fitting and limiting similarity,
environmental filtering should result in a final trait distribution in a community having a lower
peak since similar competitors will reduce growth rates and allow species that are less affected by
competition and slightly less adapted to the environment to survive. Hierarchical competition
between species can act as a directional filtering towards trait values giving a direct competitive
advantage (Fig. 1c) (Givnish, 1982; Herben & Goldberg, 2014; Keddy & Shipley, 1989; Loranger,
Munoz, Shipley, & Violle, 2018). If a trait related to the environmental filtering is also associated
with the outcome of hierarchical competition, the trait distribution in a site may be skewed towards
the most competitive phenotypes, away from the true 7.y, Scenarios in which traits contribute to
multiple processes, or in which processes are affected by several traits, entail even greater
complexity in the linkage of trait values and actual performance. Deriving trait ~ environment
relationship from competition-related traits should therefore lead to different patterns than with
traits only related to the environmental filtering. Usually interpreted from the observation of local
functional patterns (Spasojevic & Suding, 2012), we here evaluate how the contribution of one or
more trait(s) to each of the three coexistence mechanisms affect the resulting trait ~ environment
relationships.

Competition can produce mismatches between the sites where species perform best and the sites
in which they should perform best according their trait value and the environmental filtering
(Bohner & Diez, 2020). To estimate species’ performance, studies of traits and environmental
gradients most often rely on species abundances. However, observed abundances measured at a
single given time may, because of temporal fluctuations or dispersal, not relate to the actual abiotic

optimal trait 7,,,. Weighting the local trait distribution by species’ abundances may therefore lead
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to incorrect inference of the actual 7,,,. Demographic rates may better capture a species’
performance in a site, for example, if instantaneous growth rate captures early success after
colonization when competition processes are low (Aikens & Roach, 2014; Laughlin, Strahan,
Adler, & Moore, 2018; Salguero-Goémez, Violle, Gimenez, & Childs, 2018). However, while
acknowledging for the overall performance of species (Salguero-Gémez et al., 2018), growth rates
also cover a multiplicity of processes, and can therefore be imperfect proxies (Aikens & Roach,
2014), or only provide short-term estimates of performance, especially in long-lived species.
Identifying the circumstances in which different performance measures accurately depict trait-

environment relationships remain to be determined.

Little information, regarding appropriate model or data, is available to guide expectations about
how biotic interactions or choice of performance measure might affect inference on trait-
environment interactions. One approach is to explore this issue by generating community data in
which known abiotic conditions and biotic processes are manipulated and then measuring the
resulting trait-environment relationships. Virtual ecology is, in that sense, extremely useful as it
provides an approach that is carefully controlled, suitable for complex treatments and extensive
replications (Zurell et al., 2010). Using a model integrating population dynamics, trait-based
performance, and species interactions within a metacommunity, we evaluated a) impacts of
competition processes on species mismatches between observed and theoretical optimal
performance; b) how competition and the use of abundances or growth rates affect the accuracy
trait-environment relationships at the community level; and ¢) when multiple traits are involved,
the impact of trait contribution to environmental fitting on inference of trait-environment

relationships.
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Methods

Model Design. We developed a meta-community, discrete-tile model representing temporal
changes in traits, species abundances, and distributions across sites arranged along an
environmental gradient. Within sites, species dynamics are rules by a trait-based version of the
classic Beverton-Holt competition model (Beverton & Holt, 1957; Leslie & Gower, 1960). We
modelled and varied the strength of three ecological processes, specifically environmental
filtering, hierarchical competition, and limiting similarity.

The model represents the temporal dynamics of a population, based on its intrinsic growth rate and

the biotic interactions occurring in the site, as follows:

RixXNgix
1+AXa;+BXN¢j

Eqn (1) Neja,ix =
with N1, ; » the abundance of species i in site x at time 7+ /, R; x the growth rate of species i in site
X, A is a constant tuning the global intensity of interspecific competition and ¢; is the competition
coefficient for species i. We also quantify the strength of intraspecific competition with parameter
B. Intrinsic growth rates (R;x) are determined by how well a species is adapted to the local
environment, which is a function of both the environment and the trait(s) values. This function
takes the form of a Gaussian curve, where the growth rate depends on how close a species’ trait is

to the optimum trait for that environment (Munoz et al., 2018; Cyrille Violle et al., 2007):

ti—tyx 2
Eqn (2) Ry = k X exp(—555)

with #; the trait value of species i, ¢, the optimal trait value in the environment of site x and /x? the
strength of the environmental filter in site x (e.g. the standard deviation of the Gaussian curve).

This function defines the proximal, physiologically determined relationship between traits,
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environment and population growth. The environmental growth rate (R;) is scaled by a constant

k that sets the maximum possible rate.

Limiting similarity

Limiting similarity is incorporated in coefficients a, which are made dependent on functional
distances between species,

Eqn (3) a; = X5y, Ne jc[max(6;") — 6]

with ;" the square of Euclidean distance between the traits of species i and species j:

2
To dissociate intraspecific and interspecific competition, the focal species does not contribute to
calculation of ;. In this way, the denominator of equation (1) increases when focal species i and

its competitors j are functionally similar and as j are more abundant.

Hierarchical competition

In case of competitive hierarchy, the numerator of equation (1) is modified to include both the
environmentally determined intrinsic growth rate and a hierarchical competition component,

Eqn (5) Rix = Rix.env + Rixnierarcn

Ri x env 1s the growth term due to environmental filtering as defined in equation (2) and R;, x, hierarch
is the growth term related to hierarchical competition (Givnish, 1982; Grime, 2006). For instance,
it can occur when smaller species are outcompeted for light and other resources by taller species.

In this logic, the term related to hierarchical competition is written as,

Eqn (6) Ri,x,hierarch =—-H Zf':l,tjzti(tj - ti)Nt,j,x
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With H a scalar for hierarchical competition, NV; j, x the abundance of species j at time ¢ in site x, ¢
and #; the traits related to hierarchical competition for species j and i. Since we consider only
species taller than the focal species, the difference # minus # is always positive. Hierarchical

competition can then only lead to a decrease in growth rates as compared to the maximum possible.

Dispersal

Equation (1) represents local assembly dynamics in a single site. Individuals can also disperse and
establish in communities. In our set of simulations, we defined n = 25 communities. At the end of
each time step, and after the calculation of species growth rates, a proportion d of the individuals

in a given site is evenly redistributed among all other communities:

TheiNeik
Eqn (7) Dyjx = —dNp;x +d %

With only one trait involved in the three coexistence processes, the full equation is:

2
(ti-tx) S
kexexp(——+ 2 )_HZ]':U:-gt-Nt,j,x(tj_ti)
21y j=ri

Eqn (8) Niy1,ix = Neix + Dy

1+A Z}S‘:l;jii Nt,j'x[max(dij')—é‘ij']+B><Nt,i_x

Contributions of multiple traits
Traits can contribute to community dynamics through weighted contribution to one (or all) of

hierarchical competition, limiting similarity and environmental filtering (i.e., wp, wc, wg), €.2.:

2
(Z£=1 Wg ti,g_tx,g)

Eqn (9) R;, = k X exp(— 202 ),

T being the total number of traits, we the weight of the focal trait in growth such that #; 4 is the g

trait of species i and t,, ; the optimum value for the g trait in site x. Trait dissimilarity becomes:

, 2
Eqn (10) 8;;' = X1 we(tic — tic) s
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With T the number of traits, w. the weight of the considered trait in limiting similarity such that ¢#;
« is the ¢ trait of species i and #; . the ¢ trait of species j.

Hierarchical competition becomes:

Eqn (1 1) Ri,x,hierarch =—-H Zﬁzl Wh Z}szl,tjzti Nt,j,x (tj,h - ti,h)»

T being the number of traits, w,, the weight of the focal trait in hierarchical competition such that
tin is the h™ trait of species i and t; , is the A" trait of species j.

The equation of community dynamics incorporating the varying contributions of functional traits

1s then:

T
Lg=1Wgtig—txg
21,2

2
kxeXp( ( ) >_HZ£=1WhZ}S:1,tj2ti Nt jx(tjn—tin)
Eqn (12) Nt+1,i,x =

Nyiy+ Dy
S 7 7 t,i,x t,ix
1+Aijl;jiiNt_j‘x[max(&j )_6i]' ]+Bth,i,x

Carrying capacity

Since the early discovery of the logistic equation describing population dynamics (Lotka, 1926;
Verhulst, 1838; Volterra, 1927), a crucial parameter has been put forward to model the limitations
each species encounter. The carrying capacity K models the density-dependence affecting a
population of a given species and in a given site and implies a linear decline of per capita growth
rate. While density-dependence is already at play with inter and intraspecific competitions,
carrying capacity enables to have comparable number of individuals across range of parameters.

We added the parameter K to our global equation such as:

Rix+Rixhierarch (K_Ntix)
Eqn (13) Npgy i, = - —txhierarch jy 5 W2 4 D
qn (13) Neyq,ix T+AXQ+BXNy . BBX X t,i,x

Importantly, in our multi-species coexistence model, the parameter K allows controlling for the
overall number of individuals in a given site and make simulations with distinct sets of parameters

comparable with each other.
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Range of parameter values and initial conditions

We simulated 50 species across 25 sites; all species had initial populations of 50 individuals in all
sites. A species went extinct when its number of individuals in a given site became inferior to 2,
since we assume it cannot reproduce. Species were assigned continuous trait values drawn from a
random, uniform distribution between 1 and 25. The optimal trait value 7, across sites were
matched with site number, such that #,y; equals 1 for site 1, continuing linearly to 25 in site 25. Our
discrete-time simulations extended to 50 generations, which was sufficient to reach equilibrium
for all sets of parameter values. For a given set of trait values, the model is deterministic with a
single equilibrium.

We examined species coexistence across a broad range of parameter values (Table 1). We first
considered scenarios in which only a single trait contributes to the processes. In a second step, two

traits with varying contributions to the three coexistence processes were at play.

Simulations

1. Species and community mismatches. We generated three scenarios in which we included
environmental filtering, environmental filtering and moderate limiting similarity, or environmental
filtering and moderate hierarchical competition. To determine these moderate values of
competition, we first looked at a broad range of limiting similarity and hierarchical competition
parameter values. Then, we identified the parameter values for which species richness was high
enough and where some mismatches arose (Fig. S1). At the species level, equation (2) determines
the site (and associated environment) in which each species should reach its maximal performance:

the true optimal site for a given trait value. However, due to the influence of competitive processes,



45

2. Modéle fdcoexist

the sites where species reach their maximal performance could differ from those that are
theoretically most suitable. For each species, we measured the observed mismatch in proportion
to the environmental gradient. This proportional difference is calculated as the difference between
the observed site in which a species has the highest performance and the true optimal site, divided
by the true optimal site. We repeated this procedure for each of the performance measures obtained
from the simulated data — observed abundance, and instantaneous, average, and maximum
observed growth rates. Using the same data, we then generated the per-site community weighted
mean trait value: for each of the performance metrics, we calculated the community-weighted trait
values for each site. We calculated metrics growth rate using the temporal data generated by
simulations. The average growth rate was taken across all 50 generations; the maximum growth
rate was that maximum rate observed over all generations; and the instantaneous growth rate which
relies on an estimation of the increase of species abundances. Specifically, we fit a linear model
between log-transformed abundances and time, and then define the instantaneous growth rate as

the exponential of the slope coefficient.

2. Quantifying the contribution of competition to inaccuracies in inference of trait-environment
relationships. We performed 90 simulations across a wide range of H and A parameter
combinations (Table 1) and calculated the observed trait-environment relationships using each of
the four performance measures as described above. We fit linear regressions of the form (Observed
community-weighted mean trait value — top) ~ A + H.

We also modelled the overall variance in abundance relative to competition:
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3. Contribution to the environmental growth. We also designed simulations with two traits
involved, with varying contributions to the environmental growth component. Across the two
traits, the contribution to one coexistence process sums to 100%. The first trait contributed to each
process at either 0, 50 or 100%, while the second trait had either 100, 50 or 0% of contribution.
For a given set of parameters, we computed CWM and CWYV values for the first trait in each

community, and compared it depending on the way the trait contributed to population growth.

Results

Species-level impacts of competition on performance

We asked whether competition led to differences in performance among species, and specifically,
whether this led to mismatches between the sites in which a species had highest performance
compared to the expected optimal site (determined by Eqn 2). The deviation or mismatch between
the observed and expected sites varied in strength and direction (Fig. 2), as compared to the
expectation (where x=0). Further, we wanted to understand how the result depended on the
performance metric. Notably, when competition occurred via limiting similarity, most species had
small or no mismatch, although the species with extreme trait values (~ <10 or >40) tended to be
found in sites with slightly closer to the edge of the gradient than expected. All performance
metrics provided similar conclusions, with instantaneous growth rate providing the least accurate
estimates for species at the edge of the environmental gradient. Pairwise correlations among the
other metrics were above 50%, suggesting that all captured the same trait-performance relationship
(Fig. 2a-inset). When competition was driven by trait hierarchies and when the same trait played

on environmental filtering and hierarchical competition, we found that species mismatches were
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common and much larger (leading to mismatches which were up to ~20% of the length of the
environmental gradient (Fig. 2b)). These mismatches were asymmetrical — species with low trait
values were observed in sites with significantly higher #,, than expected, while species with
moderate and very high trait values were observed in sites with significantly lower f,,,. Apart from
few species with low traits and 7.y, all species had negative mismatches regardless of performance
measure. Compared to abundance, the growth-rate measures of performance performed worse and
lead to larger mismatches over at least part of the environmental gradient. For this form of
competition, the performance metrics were not closely correlated, and abundance and average
growth rate tends to be only weakly correlated with the maximum, or instantaneous rates of growth

(Fig. 2b-inset).

Community-level impacts of competition on trait-environment relationships

We further addressed how mismatches at the species level could alter inference of trait-
environment relationship among sites. Using the same data as in Fig 2, Fig 3 shows the relationship
between . values (grey line) and estimated values estimated using of the four potential measures
of performance, averaged at community-level, plotted for comparison. Even when simulated
communities experience only environmental filtering (Fig 3a), sites in extreme environments (edge
of the environmental gradient) tend to deviate from the expectation as a result of truncated trait
range and the limited numbers of species with positive growth rates in those sites. Limiting
similarity (Fig. 3b) shows similar results between different performance metrics, and has lowered
edge effects relative to Fig. 3c. When hierarchical competition is present, most measures of

performance overestimate #,,;, but maximum growth rate appears to most closely estimate the true

topt.
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Contribution of competition type and strength to site-level mismatches

We performed linear regressions of observed community-weighted mean trait values as a function
of competitive parameters (standardized A and H parameter values). A separate model was fit for
each of the four performance measures, and the coefficient and t-value for a variable reported. The
strength of the A parameter (limiting similarity) had similar impacts on the CWM trait value for
all performance measures, suggesting that no measure performs better or worse for inferring trait
environment-relationships when limiting similarity is present. The effect of the H parameter
(hierarchical competition) on the CWM was much stronger: hierarchical competition was
associated with positive coefficient values, that is, sites have higher average trait values than
expected under the sole influence of environmental filtering. We also measured an abundance-
weighted measure of trait variance for each site and modelled it as a function of the A and H
parameters. Both limiting similarity and hierarchical competition have strong negative impacts on

the trait variation in a site (See Fig 1).

Trait contribution and CWM ~ Environment relationship

With two functional traits involved in the model and a varying contribution to the environmental
growth, we observed that the higher the contribution of the first trait to growth, the closer the
CWM of this first trait from the theoretical expectation under the sole influence of the
environmental filtering (Fig. 4). The community-weighted variance (CWV) decreased along with
the contribution of the first functional trait to the environmental growth (Fig. 4). When the
contribution of one trait to the hierarchical competition increased, the CWM values of this trait

were higher through the whole environmental gradient (Figure S2). Increasing this contribution
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also decreased CWV. The contribution to limiting similarity had no effect on CWM and CWV ~

Environment relationships (Fig. S3).

Discussion

Many processes operate simultaneously and interact in complex ways in community assembly,
making the elementary mechanisms difficult to infer from observed patterns (Spasojevic & Suding,
2012). Mathematical simulations lend themselves to improving inference about such processes by
allowing carefully controlled, highly replicated manipulations to test relevant hypotheses. The use
of trait-environment relationships has become well-established in functional ecology, but the
extent to which mismatches between the most frequent trait values at a site and that site’s optimal
trait value arise is an open question (Muscarella & Uriarte, 2016). Using simulations, we found
that mismatches arise frequently, from a variety of causes. Importantly, we found that the
mismatches seen at the species-scale can be strongly affected by competition but the inference of
trait-environment relationships across sites can still be accurate.

Inaccuracies in estimating true trait-environment relationships were an expected outcome of the
simulation’s structure: the environmental gradient was linear and traits were constrained to values
between 1 and 25. As a result, even when only environmental filtering occurred, the limited subset
of traits for which positive growth was possible in those extreme environments creates
asymmetrical trait distributions, which has been coined as the Trait Gradient Boundary Effect
(Denelle et al., 2019). This asymmetry leads to higher mean trait values for communities in edge
sites with low 7., values and lower mean trait values than expected for high value ., sites. For
this reason, even under environmental filtering only, the observed trait-environment relationship

diverged from the true values at the edges (Fig. 3A). This effect is apparent for all scenarios. Where
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environmental gradients with extreme conditions at one or more end occur, similar asymmetric

effects on trait distributions may arise.

Limiting similarity was predicted to select species with suitable traits for environmental
conditions, but which are sufficiently functionally distant so as to minimize competition. In fact,
limiting similarity tended to result in only small mismatches in species’ observed distribution and
abundances relative to their expected optimal site (Fig. 2). Thus, trait-environment relationships
were relatively consistent in the presence of limiting similarity, regardless of the performance
metric used. In fact, the inference about the true trait-environment relationships with limiting
similarity was better as compared to when only environmental filtering was present (Fig. 3A vs.
3B). The set of species suitable for a given environment already have reduced trait variation and
so the relative functional distances and strength of limiting similarity in a site are fairly similar for
all species. The net effect is that for all species performance is reduced and population sizes remain
below carrying capacity, where low density, environmental-driven growth occurs. This
strengthens the relationship between traits and each measure of performance. Accordingly, the

strength of limiting similarity is only a moderate predictor of mismatches (Table 2).

Hierarchical competition had much stronger effects on how accurately observed data reflected true
trait-environment relationships, and also had strong effects on species-level mismatches. Highly
competitive species, provided their traits are within reasonable distance of the local 7.y, tended to
dominate sites when hierarchical competition is at play. One key difference compared to limiting
similarity is that hierarchical competition leads to asymmetry in species’ competitive abilities, and

if high values of a trait are most competitive, we expect the observed trait-environment
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relationships to be skewed towards these higher trait values (as in Fig 1, Fig 3B). Thus, estimates
of trait-environment relationships were typically higher than the true relationship when
hierarchical competition is occurring (Fig 3) making it difficult to correctly infer the true #,,
directly (Bohner & Diez, 2020). The site-level results are in accordance with the observed species-
level mismatches. Just as sites under these conditions tend to have higher trait values than
expected, species with highly competitive traits (large values) tend to be present in sites with lower
topr values and those with the least competitive trait values (small) tend to shift to sites with lower
top: values. These species with higher trait values than optimal with result in higher mean traits at
the site level. One exception to this pattern is at the very lowest trait values, in which species are
more successful in sites with higher trait values than their optimum. These species are reasonably
environmentally suited for neighboring sites and escape the strongest competitors, which are not
environmentally suited for distant edge sites. Interestingly, despite our predictions, both forms of
competition strongly decrease variation in the traits present in a site. As with environmental

filtering, increasing strength of any process leads to a reduction in the suitable traits.

Increasingly, authors have suggested that demographic rates may be more informative than
measuring abundances for these questions (Salguero-Gémez et al., 2018). For example, the
maximum species growth rate may be better estimation of the local environmental optimum. Our
model illustrated that each measure of performance varies in terms of when they provide the most
accurate estimates. As seen in the pairwise correlations reported in Fig 2, the type of competition,
the trait of a species, and its position along the environmental gradient all affect which measure

performs best. In fact, abundances performed similar to measures of growth rates, despite being
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common concerns that abundances can confound performance related to environmental conditions

with biotic processes and dispersal (Fox, 2012).

There are other important processes potentially affecting coexistence and local functional patterns
that we did not consider in our model. We did not study the explicit role of spatial dispersion, even
though a dispersal component linking every community to the other ones was included. Dispersal
limitation (Mouquet & Loreau, 2003) and mass-effects (Leibold et al., 2004; Pulliam, 2000) could
indeed prevent the best adapted species from being present in a site and therefore generate
mismatches affecting coexistence and the CWM values. Similarly, the model we used neglects
important sources of demographic stochasticity (Hubbell, 2001). No external species pool was
explicitly modeled and every species was present at the same initial abundance, preventing the
appearance of any priority effect known as potential factor acting on trait distributions (Fukami,

2015).

Conclusions

Studies establishing trait-environment relationship at the community level rely on the assumption
that we can use observational data to better characterize trait-environment relationships (e.g. Borgy
et al., 2017). We proposed an original model explicitly representing of how functional traits
contribute to environmental filtering, limiting similarity and hierarchical competition. Such
models are needed in ecology (Herben & Goldberg, 2014) and can give insights about the
generalization of trait-environment relationships (Forrestel et al., 2017). Our results highlight that
even in the absence of competition, non-linearities can arise in the relationship between observed

trait values and environmental conditions; where competition occurs, it appears that the type of



53

2. Modéle fdcoexist

competition strongly affects the reliability of such inference (Table 2). Surprisingly, the choice of
performance metric was relatively unimportant for the accuracy of a trait-environment
relationship, and different performance metrics were accurate under different conditions. These
results suggest that further work is needed to estimate the impacts of competition on trait
distributions in field systems, and to validate field-measured estimates of trait-environment
relationships with experimental and greenhouse data. Questions about how well observational data
allows us to describe trait-environment relationships are difficult to address, but important if we

are to be confident about their usage for predictive models.
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Figure 1. Predicted impacts of environmental filtering, hierarchical competition, and limiting similarity on
the distribution of traits present in a particular environment. The true (i.e. eco-physiological) relationship
between traits and a given environment is represented as a Gaussian function, with a local optimal trait
value 7, , providing the highest performance. A) Under environmental filtering, the community-weighted
mean trait value (CWM) is expected to be equal to £, The variation in traits present is predicted to decline
as the strength of environmental filtering increases. B) The impacts of competition may depend on the form
of competitive interactions: hierarchical competition favours species with specific trait values (e.g. those
species with greater biomasses) and so may skew the observed CWM by allowing highly competitive but
less environmentally suited species to survive in a site. Limiting similarity — in which functionally similar
species compete most — may reduce the performance of similar, locally adapted species and allow greater
local coexistence.
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Figure 2. Mismatches between the site in which species’ observed performance is highest and the true
optimal site for their trait, expressed as a percentage of the gradient length. The true relationship between
performance and a trait is determined by Eqn. 2 (leading to the expectation that trait 1 has the highest
performance in site 1, etc.) and so if species are successful in the environment they are best suited to there
will be a mismatch of 0 (grey line). However, species may have the highest performance in environmental
conditions that differ from the one to which they are theoretically best suited. Mismatches show species
with highest performance in environments with value below (negative values) or above (positive values)
their optimum. Panels show simulated scenarios with competition occurring via limiting similarity or via
hierarchical competition. Symbols represent four different measures of species performance — the
observed abundance, and the instantaneous, maximum observed, and average growth rates. Insets show
the Spearman pairwise correlations between each performance measure.
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Figure 3. Deviation between the observed CMW trait values along the gradient and the true optimal trait
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value (t,) as determined by the theoretical function (zero line, grey) used to generate the simulated
communities. CWM values were generated using four potential measures of performance — abundance
(red), instantaneous growth rate (orange), maximum growth rate (blue), and average growth rate (purple).
Communities experienced either no competition, competition resulting from limiting similarity, or
hierarchical competition. Note that simulated communities at the extremes of environmental conditions
show the effect of truncation, and divergences are expected.
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Figure 4. Community-Weighted Mean (CWM) and Variance (CWYV) for a scenario in which two
independent traits contribute to environmental growth, but a single trait used to measure CWM values.
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by the color gradient.
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Table 1. Parameter values used in the simulations. Values in square brackets represent those
used in Scenario 2 simulations.

Parameter Description Range/value
k Growth rate scalar 2
A Limiting similarity scalar le-3, [1e-8; 0.01]
B Intra-specific competition scalar le-7
H Hierarchical competition scalar le-3, [1e-5; 0.05]
d Dispersal 0.05
K Carrying capacity 100
| Standard deviation of the 5
Gaussian environmental
function
Replicates 100
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Table 2. A) Regression analysis of the community weighted trait value in a site as a function of the
strength of limiting similarity (A) and hierarchical competition (H). Each performance measure was
used to measure the community-weighted value and modelled as the response variable. (columns). B)
The total variation in trait abundance modelled as a function of A and H. Columns show the
standardized coefficients and the t value.

A)
Abundance Maximum GR Instantaneous GR Average GR
Coef t value | Coef t value Coef | tvalue Coef | tvalue
Intercept | -1.90 1.6 1.46 1.2 -1.5 1.1 -1.2 0.96
A -6.90 2.2 2.9 0.889 -5.8 1.6 -5.1 1.43
H 0.87 18.2 0.96 20.74 0.93 1.726 0.94 18.38
B)
Community weighted variation (Abundance)
-50.0
Intercept 23.9
A -146.8 -25.89
H -337.5 -22.7
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Figure S1. Landscapes of species richness and average mismatch between species optimum

and their maximal abundances.

In both landscapes, the intensity of the limiting similarity A is increasing along the x-axis and the
intensity of the hierarchical competition H is increasing along the y-axis. Each tile corresponds to a
simulation ran with the corresponding values of both competitive processes. In the left panel, the color
gradient corresponds to the species richness in the site 15 when the equilibrium is reached. Grey cells
correspond to situations with no species. In the right panel, the color gradient corresponds to the average
mismatch for all the species between the site where they have the highest theoretical environmental
growth rate and the site where they reach their maximal abundances.
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Figure S2. Community-Weighted Mean (CWM) and Variance (CWV) for varying
contributions to the hierarchical competition term.

In these simulations, each species has two traits and both moments only integrate one of the two traits.
The contribution of this focal trait to the growth varies between 0% and 100%, as figured by the color
gradient. For each site and contribution, a Community-Weighted Mean, CWM, and Variance, CWV, is
calculated across the range of parameters of Table 1. The mean of the CWMs and CW Vs for a given
contribution to growth is represented.
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Figure S3. Community-Weighted Mean (CWM) and Variance (CWV) for varying
contributions to the limiting similarity term.

In these simulations, each species has two traits and both moments only integrate one of the two traits.
The contribution of this focal trait to the growth varies between 0% and 100%, as figured by the color
gradient. For each site and contribution, a Community-Weighted Mean, CWM, and Variance, CWV, is
calculated across the range of parameters of Table 1. The mean of the CWMs and CW Vs for a given
contribution to growth is represented.
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Déviation de l'optimalité

Des processus a [échelle de la communauté

peuvent faire dévier de l'optimalité
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Plusieurs mécanismes peuvent empécher I'optimalité fonctionnelle de s¥établir dans les communautés. En
effet, dans le chapitre précédent nous avons montré que les processus neutres pouvaient contribuer 2 modi-
fier les abondances des espéces sans tenir compte de leurs traits. Ce chapitre présente des processus distincts

du filtre environnemental, qui peuvent générer des attendus différents de composition des communautés.

Dans le chapitre précédent, nous avons évoqué les dynamiques source-puits qui peuvent permettre a des
especes d’étre présentes dans des environnements ot elles ne sont pas adaptées. De ce fait, ces especes sont
présentes dans des habitats non-favorables pour elles. D’autres phénomenes comme la dispersion limitée
peuvent empécher certaines especes d’atteindre des habitats favorables. On appelle saturation d’habitat le
fait pour une espece d’étre présente dans son habitat favorable. Certains processus peuvent donc conduire
une espece 4 “sur-saturer” son habitat, en étant présente a davantage d’endroits que sous ’hypothese d’une
strict correspondance a son environnement. D’autres processus, peuvent conduire une espece a ne pas sa-
turer son habitat, en étant absente de certains habitats favorables. Or, cette saturation d’habitat variable
peut avoir des effets sur les modeles de distribution d’espece qui supposent que les especes saturent leurs
habitats. Ces effets, sont en particulier visibles quand on cumulent les prédictions de plusieurs modeles in-
dividuels pour prédire la richesse spécifique. La premiere partie de ce chapitre, présente une étude utilisant
des especes virtuelles qui vise 4 évaluer I'influence de la saturation d’habitat sur les prédictions de richesse
spécifique qui utilisent des modeles de distribution despeces empilés. Cette partie a fait I'objet d’une pu-

blication dans Ecological Indicators.

Lorsque qu’une communauté ne subit que le filtre environnemental et que I'on considere un trait unique,
la valeur de ce trait pondérée par les abondances nous donne l'optimum fonctionnel de la communauté.
Seulement, il est possible de considérer davantage de traits, en particulier en 'absence d’information préa-
lable sur les traits les plus pertinents a utiliser le long de gradients environnementaux. Il est alors possible
de relier l'environnement a des valeurs de diversité fonctionnelle et d’observer si le long d’un gradient envi-
ronnemental, celle-ci varie selon I'attendu de 'optimalité fonctionnelle. Mais si les différents traits utilisés
pour calculer la diversité fonctionnelle ne sont pas filtrés par I'environnement, alors il est possible que I'on
ne détecte pas la tendance liée au filtre environnemental. La deuxieme partie présente un article qui vise a
évaluer le nombre de traits qu’il convient d’utiliser avant d*étre exposé a cette dilution de signal. Larticle est

en préparation pour Ecological Indicators.
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1 LES ESPECES NE SATURENT PAS FORCEMENT LEURS HABITATS CE QUI PEUT CAUSER UNE DEVIA-

TION A L’OPTIMALITE

Ecological Indicators 111 (2020) 105970

Contents lists available at ScienceDirect

Ecological Indicators

journal homepage: www.elsevier.com/locate/ecolind

Original Articles

L)

Check for
updates

Is prediction of species richness from stacked species distribution models
biased by habitat saturation?
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ARTICLE INFO ABSTRACT

Several studies have proposed to predict Species Richness (SR) by combining the predictions of independent
Species Distributions Models (SDMs) (the predict first-assemble later strategy). Alternative methods propose to
combine outputs from SDMs differently, by either summing predicted presence probabilities at each location, or
summing binary presence predictions after thresholding the probabilities. Species can occupy various propor-
tions of their suitable habitats (i.e, have various levels of habitat saturation), which can cause discrepancy when
predicting their presences through SDMs. Furthermore, these discrepancies can be increased when combining
the predictions of individual SDMs to predict SR. In this article, we performed simulations of species distribu-
tions with varying habitat saturation (i.e., the amount of suitable habitat occupied by a species), and we
compared observed richness with that predicted by the alternative approaches. We found that probability-based
richness is not biased by the level of habitat saturation, while threshold-based richness over-predicts richness at
low habitat saturation and under-predicts it as high habitat saturation. Probability-based richness should thus be
used in priority when predicting species richness locally. Nonetheless, threshold-based richness represents
species richness constrained by environmental filtering only and thus is a useful indicator of potential species
richness when species fully saturate their habitats. Thus the systematic comparison of probability-based and
threshold-based richness predictions can reveal the importance of habitat saturation and can thus help identify
community assembly mechanisms at play.

Keywords:

Habitat saturation

Species richness

Stacked species distribution models
Predicted presence probabilities
Threshold-based presence prediction

1. Introduction richness and then used to predict the variation with the environment,

these approaches are called ‘assemble first, predict later’ (Ferrier and

Species Richness is an Essential Biodiversity Variable (EBV) (Pereira
et al., 2013), which should be assessed, monitored and compared across
space, time, and ecological contexts. Different models have been pro-
posed for richness prediction in diverse ecological contexts and at large
spatial scale (Dodson, 1992; Graham and Hijmans, 2006; O’Brien,
1998), with the perspective of identifying biodiversity hotspots (Mazel
et al., 2014; Myers et al., 2000), targeting effective management
practices (Chown et al., 2003), quantifying biodiversity changes
(Newbold et al., 2015) and predicting ecosystem functioning (Cardinale
et al., 2012).

Several methods can be used to predict richness depending on
which ecological processes are at play. For example, Macro-Ecological
Models (MEMs) directly predict richness at any location as a function of
local environmental variables. These models consider the influence of
environmental filtering and energy limits on richness (Hurlbert and
Stegen, 2014). Because site-species data are first aggregated to estimate

* Corresponding author.

Guisan, 2006). Conversely, more and more global and local biodiversity
databases include species occurrences instead of local assemblage
composition (GBIF, 2019; Sullivan et al., 2009; Tedesco et al., 2017).
An alternative approach has been to first model occurrences, in-
dependently for each species, at any location using environmental
variables through species distribution models (SDMs) (Guisan and
Thuiller, 2005; Guisan and Zimmermann, 2000), then to deduce po-
tential local richness by combining (=stacking) the predictions of in-
dividual SDMs (Calabrese et al., 2014; D’Amen et al., 2015b; Gavish
et al., 2017; Scherrer et al., 2018; Schmitt et al., 2017), which is known
as the ‘predict first, assemble later’ approach (Ferrier and Guisan,
2006). When stacking SDMs, each SDM predicts occurrences for species
independently using environmental variables (Guisan and
Zimmermann, 2000). Then, predictions of SDMs for different species
are summed to predict richness at assemblage-level. Stacked-SDMs (S-
SDMs) predict observed richness as well as or better than macro-

E-mail addresses: matthias.grenie@ens-lyon.fr (M. Grenié), cyrille.violle@cefe.cnrs.fr (C. Violle), fmunoz@univ-grenoble-alpes.fr (F. Munoz).
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ecological models (Dubuis et al., 2011; Guisan and Rahbek, 2011), but
there is still no consensus on the stacking method to be used so as to
reliably predict richness with S-SDMs (Scherrer et al., 2018).

Two main methods exist to stack SDMs (Dubuis et al., 2011; Pineda
and Lobo, 2009; Scherrer et al., 2018). Some authors suggested using
thresholds to convert probabilities to binary predictions (presence and
absence) (Jim’enez-Valverde and Lobo, 2007; Liu et al., 2005). These
binary predictions are then summed to predict richness at local scale
(hereafter threshold-based richness). One of the main arguments for
conversion of probabilities provided by SDMs to binary predictions is
that most of practical applications need binary maps (Jim’enez-
Valverde and Lobo, 2007). A caveat of binary predictions is that they
translate continuous responses of species along environmental gra-
dients into binary responses, which imply more abrupt shifts from
presence to absence between suitable and unsuitable conditions
(Meynard and Kaplan, 2012). When predicted probabilities are under
the threshold, the model only predicts absences, while it only predicts
presences when predicted probabilities are above it. Close to the
threshold value, a small change in predicted presence probability can
change the binary prediction from absence to presence. Meynard and
Kaplan (2012) showed that presence predictions using thresholds fit
observed presences only when species has a threshold-like response,
while error increases when a species response is more gradual. The
more species considered that have a gradual response along the en-
vironment, the greater the error when predicting richness. SDMs also
directly provide continuous presence probabilities as outputs (Guisan
and Thuiller, 2005), and threshold conversion to binary predictions
adds a step compared to the direct sum of individual model predictions.
Summing the probabilities of individual species model provides the
mathematical expectation of the number of species locally present,
assuming that species occurrences are independent (Calabrese et al.,
2014; Violle et al., 2011), hereafter called probability-based richness.

A basic implicit assumption of SDMs is that only environmental
conditions determine species occurrence, depending on a species fun-
damental niche (Guisan and Zimmermann, 2000). Additional processes
should affect the realized occupancy patterns, such as dispersal lim-
itation, competitive exclusion, local extinction dynamics (Pulliam,
2000). SDM predictions and thus richness predictions are likely to be
biased by neglecting the contribution of processes shaping realized
species distributions beyond their fundamental niche requirements
(Vaclavik and Meentemeyer, 2012), thereby affecting SDM predictions
and thus richness predictions. For instance, due to source-sink dy-
namics, some species can occupy less suitable sites, and thus be dis-
tributed outside the suitable habitat delimited based on presence
probabilities predicted by SDMs. In addition, a species that is less often
present across its suitable habitat would have a lower predicted pre-
sence probability than a species that is present in all its suitable habi-
tats, even though the predicted binary distribution of an SDM would be
the same. We define habitat saturation of a species as a parameter that
affects species occurrence probability based on environmental suit-
ability. Here saturation is a species-level property and not an upper
bound for richness in assemblages as proposed by Mateo et al. (2017).
When species display low habitat saturation, their realized presence
probabilities decrease, so that the predicted summed probability gets
lower. On the contrary, the threshold-based presence prediction is not
affected, by habitat saturation. Indeed, even if the determined species
threshold changes with habitat saturation, the prediction will still be
binary (presence or absence) (Meynard and Kaplan, 2012), thus we
expect to observe increasing difference between threshold-based and
observed richness with lower (or higher) habitat saturation.

Predicted presence probabilities partly reflect the ability of species
to saturate their niche. Therefore, we expect probability-based richness
to best predict actual richness. While we expect threshold-based rich-
ness to over-predict actual richness. Threshold-based richness rather
represents a pool of species able to occur in given environmental con-
ditions. To test these expectations we simulated virtual species with

Saturation d’habitat
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varying saturation and niche requirements (Hirzel et al., 2001;
Meynard et al., 2019). We performed S-SDMs to predict richness given
environmental conditions using both threshold- and probability-based
richness and compared how the predictions were affected by habitat
saturation. Probability-based richness followed observed richness
whatever the habitat saturation, while threshold-based richness only
matched observed richness when habitat saturation was 100%.
Threshold-based richness only considered the environmental require-
ments of species, and could thus be used as the prediction of potential
richness based solely on local environmental conditions. Potential
richness could then be compared with other richness predictions that
incorporate other ecological processes.

2. Material and methods
2.1. Species assemblage simulations

Individual species simulation. We simulated a linear environ-
mental gradient of 2000 values, from 1 to 2000. We then used the
virtual species package version 1.4-2 (Leroy et al., 2016) to define 100
species independently, with quadratic environmental response
six = a X Envi + b x Env,, with s;; the environmental suitability of
species i in assemblage k and Env, the environmental variable. a was
drawn from a uniform distribution between —20 and —0.01. b was
chosen as b = —m * 2 x a where m was drawn from a uniform dis-
tribution between 1 and 2000 and represents the environment of
maximum suitability. The suitability was then scaled between 0 and 1
by subtracting its minimum and dividing by the difference of its max-
imum and minimum. We used the function generateRandomSp() in
virtualspecies to get suitability probabilities for each species and each
environmental value (see Fig. 1 left column).

Habitat saturation and predicted assemblages. We simulated
species presences along the environmental gradient by performing bi-
nomial draws based on the presence probabilities. The presences
probabilities p;, = s;x X § depend on (i) the suitability probabilities
defined above, s;; for species i and assemblage k, reflecting funda-
mental niche requirements, and (ii) an additional habitat saturation
coefficient 8 representing the ability of species to occupy their suitable
habitat (realized niche). When saturation is below 100%, the species
tend to be less often present in suitable sites than species at 100% sa-
turation (e.g., due to dispersal limitation or extinction). Species can also
reach a saturation over 100% when they are present in less suitable
conditions than according to their fundamental niche (e.g., through
source-sink dynamics). We simulated 8 values of 3: 10%, 40%, 70%,
100%, 120%, 150% and 170%. If the weighted probability of presence
was greater than one, we reduced it to a maximum of one. We thus
simulated each species assemblage k for each value f3.

2.2. Individual and stacked species distribution models

We performed Species Distribution Models (SDM) based on simu-
lated species presences.

Modeling and Predicting Presences. We modeled the presence of
each species using two predictors: the environmental value and the
square of this value (see Fig. 1 middle column) in Generalized Linear
Models (GLM) of the binomial family:

logit(p, ) = B, Envy + B,Envy, '€))

with p;, the presence of species i in assemblage k and Env; its as-
sociated environmental variable. We thus estimated in each assemblage
the probability of finding each species. For each species we determined
the best threshold to get binary predictions by maximizing the True
Skill Statistic (TSS) (Allouche et al., 2006). The TSS balances the pro-
portion of presences correctly predicted and the proportion of absences
correctly predicted.



74

M. Grenié, et al.

(1) Simulate Species
M‘ 100 virtual species

(2) Fit SDMs
Observed Presences
S 1111 e ®

1. Saturation d’habitat

Ecological Indicators 111 (2020) 105970

(3) Stack Predictions

Predicted Threshold
Model Presences (SDM) Probabilities Prediction
sdm(presence ~ environment) CL L L L L ssEs
>
= Quadratic Stack
3 Response Species-level
= Predictions
@ Predicted Presence )
® Probabilities m n = 100 species
ol |11 ] ] |=N
O] [ [ [ (T[]
Environment + +
Presence Probabilities -.“:“ ase +
(11111 e ssmms SEREE
Threshold-based (TSS) H
i ion to
Probabilities Saturation gy o
Ly X B Presence/Absence
Modified Probabilities
CTTIT D PEEEEN ) seEEEED

\/

Predicted Presences

Observed Presences :
mE | | | [ee

Assemblage-level
Species Richness
Predictions

Fig. 1. Full Simulation routine. (1) We first simulated 100 virtual species with quadratic environmental suitability curves with randomly sampled coefficients. We
multiplied each predicted presence probability by the habitat saturation level then use these probabilities to draw realized presences (see Material and Methods for
details). Then, using the modified probabilities we drew presences in each assemblage following a binomial distribution. (2) We analyzed the realized presences with
a binomial Generalized Linear Model (GLM), independently for each species, which provided predicted presence probability of each species in each assemblage (A).
We defined a threshold based on True Skill Statistic (see Material and Methods for details, Allouche et al., 2006). This gave the second set of predictions: (B) binary
predictions. (3) Finally, we summed individual predictions in each assemblage for all the species to get two richness predictions.

Predicting Species Richness. We stacked SDM predictions in each
assemblage to get a prediction of richness, with two approaches. We
first summed the predicted presence probability for each species
(probability-based richness, prediction (A) in Fig. 1):

S
predrich,prob,k = Z D; (k),
i=1 )

with prediich prob,c the probability-based predicted richness in assem-
blage k, S the total number of species in the species pool, and p, (k) the
predicted presence probability of species i in assemblage k. Using these
probabilities we determine a species-specific threshold ¢; using the True
Skill Statistic (Allouche et al., 2006) that defines a binary function 1;(k)
to predict the presence of the species in each assemblage:

[t itR =
h(: _{o if p(k) < &/ 3)

with p, (k) the predicted presence probability of species i in assemblage
k and t; the species i threshold defined using TSS. We then compared the
sum of predicted presence probabilities prediichprob,x to the sum of
predicted presences with species-specific threshold (threshold-based
richness, prediction (B) in Fig. 1):

S
prEdrich,thresh,k = z 1; (k),
i=1 “@

with predich mresh,x the threshold-based predicted richness in assem-
blage k, S the total number of species in the species pool and 1;(k) the
indicator function defined as above.

We examined how predicted richness fitted observed richness across

the whole environmental gradient, for different levels of habitat sa-
turation. We quantified the deviation with Root Mean Square Error
(RMSE):

Ni

1
RMSE = | — Z (pmdrich,k - Obslrich,k)2 s
\/Nk k=1 5)

with pred;ic x the predicted richness of a given method in assemblage k,
obsyich k, the observed richness in this assemblage, and N; the total
number of assemblages. We defined Bias and Variance components:

1 &
Bias = — " (predricnk — 0bSrich )
Ne o) (6)

Nk
Variance = L Z (predrich,k - predricﬁ; )2
N, & @)

with pred,, the average predicted richness of a given method across all
assemblages.

All analyses and SDMs were performed using R version 3.5.2 (R
Core Team, 2019). A version of the code used in this article is archived
on Zenodo (https://doi.org/10.5281/zenodo.3552836).

3. Results

Binary predictions (solid segments above and below the plot)
showed few differences whatever habitat saturation (Fig. 2). There
were the same from environment 1-273, then between environment
467 and 1514, and for environments greater than 1720. In total binary
predictions were the same whatever habitat saturation for over 80% of
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the environmental values. However, binary predictions changed
abruptly from absences to presences and from presences to absences for
environment close to 500 and to 1500, respectively. On the contrary,
the predicted presence probabilities did vary with habitat saturation
(solid curves in the center). The greater the habitat saturation, the
greater the maximum predicted probability. For example at 100% ha-
bitat saturation, the maximum predicted probability was close to 0.95,
while at 70% saturation it was 0.7.

When comparing observed richness to probability-based richness
and threshold-based richness (respectively green and purple points and
curves on Fig. 3), we observed differences depending on habitat sa-
turation. Across all habitat saturation levels, probability-based richness
showed consistently lower RMSE and variance than threshold-based
richness (Fig. 4). For habitat saturation below 100%, threshold-based
richness was greater than observed richness, while probability-based

2000

richness followed observed richness. Observed richness against prob-
ability-based richness followed the identity line closely with a slope not
different from one (all p > 0.5, H, being that the slope is not different
from one) and an intercept not different from zero, related to zero bias
at all habitat saturation levels (Fig. 4 middle). The relationship between
observed richness and threshold-based richness was not linear and did
not follow the identity line whatever habitat saturation. Probability-
based richness showed similar RMSE at all habitat saturation levels,
while threshold-based richness reached its minimum RMSE when ha-
bitat saturation was 80%. When species under-saturated their habitats
(B < 100%), probability-based richness followed closely observed
richness while threshold-richness almost always over-predicted rich-
ness. Threshold-based richness lowest RMSE at 80% habitat saturation
can be explained by a balance between slight under-prediction when
richness was smaller than 75 and over-prediction when richness was
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Habitat Saturation = 10% Habitat Saturation = 30% Habitat Saturation = 60% Habitat Saturation = 80%
100 A ’ ’ ’ 7
7 e Y d
> 3 /7 4
75 A 7 d Vs i e ’ ’ 2
4 4 r'd
7] 4 7’ 7
g 50 A 5 4 2 4
E 7/ ’ 4 ’ 7/
© 254 ’ ’ ’
m d y 7 d z d
g 0 v 4 v
o
8_ Jabitat Saturation = 100% 4abitat Saturation = 120% dabitat Saturation = 150% dabitat Saturation = 170%
@ 100 7 - - _
o] e
0]
S 751
[0}
3
O 50 7 Vs & e 7 /
7 e d Y
25 a , ' , ' , ' , d
4 o 4 4
7 ? & P 4 4
0 - v v v

T
100 0 25 50 75

T T
100 0 25 50 75 100

T
100 0 25 50 75

Predicted Species Richness

Fig. 3. Observed vs. predicted richness between two prediction methods as a function of habitat saturation. Each facet shows different species habitat saturation (see
Material and Methods). The dashed line is the identity line (y = x), indicating perfect predictions. Green points are probability-based richness predictions; Purple
points are threshold-based richness predictions. The corresponding colored lines are cubic splines smoothers trend lines. Spearman correlation coefficients are shown

in the top left corner of each facet.
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Fig. 4. Prediction accuracy of probability-based and threshold-based richness predictions in function of habitat saturation. Green points and lines: probability-based
richness; purple points and lines: threshold-based richness. (left) Root Mean Square Error (RMSE) of predicted richness, the average error of richness prediction;
(middle) Bias, the average difference across all assemblages between predicted and observed richness; (right) Variance, the variance of richness predictions across

all assemblages.

greater than 75 (Fig. 3). When habitat saturation reached 100%, both
types of predictions were close to observed richness (Fig. 3). At this
habitat saturation, threshold-based richness showed slight over-pre-
diction in richer communities (predicted richness around 90 species for
sites containing 80 species) and slight under-prediction in poorer sites
(predicted richness of around 30 for sites containing 45 species), and an
average under-prediction (negative bias). At this habitat saturation, the
RMSE of both methods was close to the one at 80% habitat saturation,
but the variance in prediction increased for probability-based richness.
When species over-saturated their habitats (3 > 100%), threshold-
based richness strongly under-predicted richness in poorer communities
(negative bias) while probability-based richness showed no bias on
average (Fig. 4 middle). For example at 150% habitat saturation, for
sites with observed richness around 75, threshold-based richness was
around 30 while probability-based richness was 75.

4. Discussion

We designed a virtual experiment of species occurrences along an
environmental gradient and performed binomial GLM-based species
distribution modeling on these data. The binary threshold-based pre-
sence prediction represented the potential habitat of each species based
on its fundamental niche (Guisan and Zimmermann, 2000), whatever
its actual habitat saturation. On the contrary, the range and average
values of predicted presence probabilities depended on habitat satura-
tion, for a given fundamental niche. When summing the individual
species predictions, the summed presence probabilities well fitted ac-
tual richness, as expected, while habitat saturation strongly affected the
threshold-based richness. We thus recommend summing stacked-SDMs
probabilities to predict richness. Still, threshold-based richness can also
be a useful predictor of potential richness, as species threshold-based
binary predictions can be used as a reference species pool for hypothesis
testing and modeling of biodiversity dynamics.

In our simulations, probability-based richness on average followed
observed richness whatever habitat saturation. This is in line with the
fact that probability-based richness should provide the mathematical
expectation of richness at a given site (Calabrese et al., 2014). Our
results also showed that probability-based richness had a consistently
lower RMSE than threshold-based richness, mostly because of its ab-
sence of bias. However, both methods had higher variance with higher

habitat saturation, as a consequence of a mean-variance relationships.
Thus at high habitat saturation, both methods predict an unreliable
richness.

Much emphasis has been put in species distribution modeling on
providing binary occurrence prediction. Methods to define thresholds
for reliable occurrence prediction have been extensively debated and
alternative options have been proposed (Allouche et al., 2006; Freeman
and Moisen, 2008; Liu et al., 2005, 2013). However, such a prediction
does not grasp the inherently gradual response of species to environ-
mental gradients (Hutchinson, 1957; Meynard and Kaplan, 2012), and
tends to generate an artificial dichotomy. This “binarization” has two
major caveats. First, it does not acknowledge the gradual variation of
performance along the gradient, which increases under-prediction
below the threshold and over-prediction above the threshold. Further-
more, the closer to the threshold the higher the prediction bias: just
over/below the threshold, there is a greater chance to find a species
present/absent than further away from the threshold. Second, it pre-
dicts only presences above the threshold and only absences below the
threshold, which does not acknowledge the influence of habitat sa-
turation irrespective of habitat suitability. In other words, threshold-
based richness will always estimate richness as if species habitat sa-
turation was 100%. Because threshold-based richness over-predicts
richness for habitat saturation under 100% (or under-predicts when
habitat saturation is over 100%), its accuracy regarding the prediction
of species turnover may be low (D’Amen et al., 2015b; Dubuis et al.,
2011). At coarser and larger scales, because niche preferences dominate
the distribution of species (Pearson and Dawson, 2003), we expect a
more deterministic response to the environment in a threshold-like
fashion (Guisan and Thuiller, 2005). Species response to environmental
gradients is thus highly scale-dependent, specific at local and fine scales
and threshold-like at large and coarse scales (Meynard and Kaplan,
2013). The assumption that species distribution at large and coarse
scales is in a threshold fashion (Guisan and Thuiller, 2005) has been
difficult to prove (Boucher-Lalonde et al., 2014, 2012). Instead in birds,
mammals and North American trees, a Gaussian distribution best ex-
plained the occurrence-environment relationship for most species
(Boucher-Lalonde et al., 2014, 2012), while the threshold model was
selected only 5% of the time. Only a fraction of species responds to
broad environmental gradients in a binary way. Meynard and Kaplan
(2013) also argued that threshold response of species observed in many
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datasets could be the results of data aggregation over various spatial
and temporal scales.

We defined habitat saturation as a coefficient (3) that affects en-
vironmental suitability of species: it increases (8 > 1) or decreases
(B < 1) habitat suitability. It has been shown in diverse taxa that most
species do not saturate their habitat: they occupy less habitat than their
potential habitat (Boucher-Lalonde et al., 2012; Munguia et al., 2008;
Svenning and Skov, 2004). Several mechanisms can explain why a
species under-saturates its habitat. For example, dispersal limitation
due to slow recolonization of European trees from glacial refugia has
led to habitat under-saturation (Svenning and Skov, 2004). Biotic in-
teractions are often cited as an additional factor explaining habitat
under-saturation (Svenning and Skov, 2004), as species close in traits
can experience limiting similarity and competitively exclude one an-
other. On the contrary, positive biotic interactions as well as source-
sink dynamics can cause habitat over-saturation (Eriksson, 1996;
Pulliam, 2000; Pulliam and Danielson, 1991). Positive interactions such
as facilitation make facilitated species occupy less suitable habitat
thanks to the presence of other species (Bertness and Callaway, 1994;
Stachowicz, 2001). Source-sink theory explains how a species can be
present in unsuitable habitat (sink) by continuously immigrating from a
suitable habitat (source) (Pulliam and Danielson, 1991). Here we con-
sidered a single habitat saturation coefficient (8) used for all species
across all assemblages. This coefficient does not take into account the
variability of habitat saturation that may exist between species, where
some species saturate more their habitat then others. Furthermore, the
habitat saturation coefficient cannot take into account biotic interac-
tions as it is not conditional to the presence of other species; nor that we
expect source-sink dynamics to occur only close to the sources, which
should lead to a context-dependent habitat saturation. Habitat satura-
tion is also influenced by the extent to which it is measured. In very
small areas (e.g., a single quadrat), species tend to fully saturate their
suitable habitat, because they occupy the only micro-habitat available
for them. For larger areas (e.g., several plots), the occurrence of species
should be more stochastic due to dispersal limitation, limiting similarity
and biotic interactions as stated above. For even larger areas (e.g., re-
gional, continental or global), habitat saturation should increase again
with the dominance of deterministic processes that influence occur-
rence. As such, we could use a species habitat saturation profile at
different areas whose variation would show the change in main as-
sembly processes. Further research is needed regarding habitat (un-)
saturation to understand its causes and consequences.

A recent study mentions a different but related concept of saturation
(Mateo et al., 2017). Mateo et al. (2017) defined saturation as “en-
vironmental constraints [that] limit the number of species that can
coexist in a community”. Here, we defined habitat saturation as a
species-level pattern: it represents the proportion of suitable habitat
that a species occupies, it is a species-level property not a community-
level property. Community saturation, i.e. saturation sensu Mateo et al.
(2017), depends on habitat saturation of species. If species have a
limited habitat saturation, it imposes an upper bound to species rich-
ness. In our model, there are no strict limits on species richness, but on
each species’ capacity to saturate its habitat. The neutral theory im-
poses a limit on the number of individuals in any community (Hubbell,
2001), it is a subset of the invidividuals/species present in the species
pool that encompasses a larger area. Changes in number of individuals
per community, species regional abundances and/or immigration
probability m from the species pool can cause changes in species habitat
saturation. By choosing these three parameters, we can obtain a stable
richness that can be interpreted as an upper bound, as if saturation was
community-level process. However, in this case there is no direct bound
on species richness. Richness results from the dynamic extinction-co-
lonization equilibrium and fluctuates over time, it is not a property of
the community per se. Mateo et al. (2017) focused mostly on S-SDMs
that can be be constrained with an explicit constraint on richness. As
stated above, species richness is unlikely to be directly constrained and
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thus modeling explicitly a richness constraint may not underline the
true community assembly mechanisms that affect community compo-
sition.

Our model, while an interesting basis to test assumptions regarding
SDM stacking, represents an ecologically idealistic situation that uses
virtual species. We used a single linear environmental gradient, which
is an over-simplification of environmental gradients. Indeed, species
occurrences are jointly affected by multi-dimensional environmental
gradients, which can be non-linear and lead to observed trait syn-
dromes (Laughlin and Messier, 2015). In our simulations, all species
have a single trait with a single optimum, however with multi-dimen-
sional environmental gradients we could also expect multi-dimensional
optima (Oksanen and Minchin, 2002). Our simulations do not consider
biotic interactions, as we simulated the presence of species in-
dependently, while, as stated above, biotic interactions can strongly
influence species habitat saturation (Pulliam, 2000). We used a species
pool containing species with optima on the whole range of the en-
vironmental gradient. However, the distribution in species optima
among the species pool can be asymmetrically distributed, which in
turn can affect local community assembly dynamics (Patrick and
Brown, 2018). Furthermore, because of the way the species were si-
mulated, most species niche breadth covered around one third of the
range of the environment. While real communities contain a mix of
species with narrow and wide niches, with many of species having
narrow niches and a few having wide niches (Brown, 1984). Thus, we
could determine a ratio between species with wide and narrow en-
vironmental niches, based on observed communities, and simulate
virtual communities accordingly. We also assumed that species’ suit-
abilities had a quadratic response to the environment, while more
complex relationships exist (Oksanen and Minchin, 2002) and could be
used in our model. Our simulation setup can thus be made more com-
plex for more investigations on factors that may influence S-SDMs
richness predictions. Still, our simplified model can help gain insights
about S-SDMs.

Depending on the scales considered, we can expect different shapes
of species occurrence-environment relationships. At local scale, we
expect many stochastic processes (e.g., demographic stochasticity,
competitive exclusion, biotic interactions, microclimatic variations,
etc.) to be at play and drive community assembly (Chase and Myers,
2011). Dominance of stochastic processes leads to blurred response to
environmental variables, because species occurrence is then not only
determined by environmental variables. Predicted presence probability
can account for these processes, because they predict the parameter
that governs the stochastic process leading to species occurrence such
as a binomial trial (Pottier et al., 2013). Indeed, probability-based
richness have been shown to estimate the richness of local assemblages
well (Calabrese et al., 2014; D’Amen et al.,, 2015a,b; Guisan and
Rahbek, 2011; Pellissier et al., 2013).

Threshold-based richness can be thought as the potential richness
expected considering only abiotic deterministic processes. It can be a
useful baseline to compare to models that consider a broader set of
processes (Pouteau et al., 2019; Violle et al., 2011). Threshold-based
richness defines a reference pool against which null models or hier-
archical analyses can be performed. It can be considered as an addi-
tional method to define species pool (Carstensen et al., 2013; Lessard
et al., 2012). Indeed, threshold-based richness would represent a spe-
cies pool (Lessard et al., 2015) that considers only the response to en-
vironmental filtering for a large area. Without explicitly considering
functional traits, threshold-based richness can also represent a func-
tional species pool as species traits are filtered by the environment (de
Bello et al., 2012). Threshold-based richness is nested in a hierarchy of
models similar to the hierarchy of scales and processes that shape
community assembly (Keil et al., 2013; Mackey and Lindenmayer,
2001; Mertes and Jetz, 2018; Meyer, 2007; Pearson and Dawson, 2003).
Threshold-based predictions, because they consider environmental fil-
tering only, are representative of coarse and large scales in this
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hierarchy of models. In the SESAM framework (D’Amen et al., 2015a;
Guisan and Rahbek, 2011), threshold richness is a reference richness
before applying a cutoff in species presences to account for local var-
iations. The use of threshold-based predictions can thus be compared to
more mechanistic models, to know to what extent observed commu-
nities are mostly shaped by environmental filtering. Other models, to
which they can be compared, can incorporate other important com-
munity assembly factors such as dispersal limitation, limiting similarity
or biotic interactions (Chase and Myers, 2011; Munoz et al., 2017;
Pouteau et al., 2019; van der Plas et al., 2015). In summary, using both
threshold-based richness and probability-based richness in succession
—first threshold-based richness as a pure environmental prediction
then compare it to probability-based richness—can shed light on
community assembly processes. When both agree, environmental fil-
tering dominates community assembly. If not, habitat saturation can
strongly change threshold-based richness and/or other processes may
affect community assembly. Threshold-based richness and probability-
based can further be compared to other predictions using process-based
models that consider additional processes. Essential Biodiversity Vari-
ables can be measured using multiple methods (Pereira et al., 2017),
and there is no clear recommendation on which method should be
prioritized to predict EBVs. Probability-based species richness could be
used as a reliable method to predict taxonomic diversity in the EBV
framework, while threshold-based richness can be a useful tool to assess
community assembly processes (Pouteau et al., 2019).
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Introduction

Organismal phenotypes are multidimensional by nature (Hutchinson, 1957; Laughlin & Messier, 2015). This
is the reason why trait-based ecology has been interested in studying the nature and shape of species’
multidimensional functional space (Winemiller et al., 2015; Diaz et al., 2016). In this perspective, major
axes of trait varition have been identified for many taxa (Diaz et al., 2016; Madin et al., 2016; Pianka et
al., 2017; Céréghino et al., 2018; Pigot et al., 2020). However, whether and how theses axes are associated
to environmental gradients remains an unsolved question, partly due to the joint effects of myriad local and
global factors at play (Bruelheide et al., 2018). Despite this complexity, multi-trait distance-based indices
(functional diversity indices sensu lato) have been popularized for the last two decades (Mouchet et al., 2010;
Schleuter et al., 2010; Mason et al., 2013) for at least three reasons: (i) capturing the multidimensional nature
of organismal phenotypes using single synthetic metrics (Dalerum, 2013; Maire et al., 2015), (ii) capturing
multiple niche-based processes (e.g. competitive interactions) that simultaneously act on several facets of
organismal phenotypes (Mouillot et al., 2013), (iii) identifying and deciphering the effects of environmental
filters that shape the structure and dynamics of ecological communities (Mason et al., 2013; Floury et al.,
2017). This led to a growing number of studies that examined the changes in functional diversity along local
and regional gradients, without a prior hypothesis regarding the influence of particular environmental factors.
In the meantime, the huge efforts of trait measurement standardization and more recently of databasing
(Jones et al., 2009; Kattge et al., 2011; Madin et al., 2016; Oliveira et al., 2017; Chapman et al., 2019),
notably in plants, have catalyzed the computation of functional diversity indices with increasingly more trait
dimensions. These have favored a more complete characterization of phenotypes. An emblematic example is
a more systematic incorportation of root traits in plant trait-based ecology (Iversen et al., 2017). However,
incorporating more and more traits in functional diversity indices can in turn alter the detection of the effect

of environmental filters.

Multiple indices are needed to estimate the variability of multi-dimensional organismal phenotypes (Laughlin

& Messier, 2015). Functional diversity is indeed multi-faceted and different indices estimate different facets
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(Villéger et al., 2008; Mouchet et al., 2010; Mason et al., 2013). For example Functional Richness (FRic)
estimates the total amount of diversity of traits in a multi-dimensional space, while Functional Dispersion
(FDis) describes the abundance-weighted centroid of the functional space and tells us about the evenness
of abundance in the functional space (Villéger et al., 2008). Because the phenotype is multidimensional,
multiple traits should be used to describe the different facets of functional diversity. A given community
assembly process can play on a given trait without playing on other traits. We expect that, if a single
trait is affected by a given process, the use of additional unaffected traits to compute functional diversity
should dilute the expected change in functional diversity. Biologically, however, the dilution effect is not
as straightforward, because individuals are affected through their multidimensional phenotype (Laughlin &
Messier, 2015). Multiple traits should then covary or be affected by similar community assembly processes,

counteracting the dilution effect.

Community assembly processes affect which species occur in ecological communities (Keddy, 1992). Different
community assembly processes can affect the different functional diversity facets. For example, environmental
filtering tends to reduce functional richness (Keddy, 1992; Kraft et al., 2015a). A reduction of functional
richness along the environment compared to a null expectation is thus generally interpreted as environmental
filtering (Kraft et al., 2015a). Neutral processes, on the other hand —because they affect species irrespective
of traits— tend to increase variation in functional diversity (Schwilk & Ackerly, 2005). The dilution effect
of unaffected traits on functional diversity should be clear if environmental filtering only affect few traits.
Neutral processes should make the dilution effect less clear as they increase the stochasticity of functional

diversity. Community assembly processes should thus shape the expected dilution effect.

One factor that influences estimated functional diversity is the number of traits (Maire et al., 2015; Legras et
al., 2019). For example, depending on the indices used, increasing number of traits can increase functional
diversity for mathematical reasons (Legras et al., 2019). Functional diversity is traditionally computed
through species trait dissimilarity (Maire et al., 2015). The estimated dissimilarities between species can be
highly driven by the number of traits (or PCA axes) used to compute functional diversity indices (Maire
et al., 2015). Using more traits in functional diversity should thus better detect such processes and lead to
stronger diversity-environment relationships. However, because a process may affect traits non-linearly and
some traits may be affected by different processes, we expect a dilution effect when adding unnaffected traits.
More generally, the number of traits used in functional diversity is known to relate to estimated phylogenetic

diversity (Kraft et al., 2007; Tucker et al., 2018).

An absence of relationship between functional diversity and the environment using multi-dimensional func-

tional diversity indices does not preclude for an absence of environmental filtering (Spasojevic & Suding,
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2013). Onme possibility to obtain a constant multi-dimensional diversity is to have two traits opposingly
affected by environmental filtering along the environmental gradient (Bernard-Verdier et al., 2012). One
trait could converge while the other trait would diverge along the environmental gradient. In this case,
uni-dimensional functional diversity indices based on these two traits would show opposed trends. Two-
dimensional functional diversity indices using the two traits would on the contrary be constant along the
gradient, obscuring the processes affecting single traits. This example would go beyond the simplest scenario
where a single trait is filtered and would show to what extent the dilution of additional trait can be changed

if they are also affect by environmental filtering.

Linking functional diversity patterns to specific community assembly processes from observed data can
be quite difficult as a number of processes can obscure the expected patterns (Cornwell & Ackerly, 2009;
McPherson et al., 2018). Numerical simulations, as virtual experiments, can be used to measure the influence
of ecological processes (Peck, 2004; Zurell et al., 2010). Virtual ecology has indeed helped better calibrate
species distribution models (Hirzel et al., 2001; Meynard et al.), design sampling scheme to best represent
biodiversity (Thomas et al., 2018), and disentangle community assembly processes (Botta-Dukét & Cziicz,
2015; Miunkemiiller & Gallien, 2015; Munoz et al., 2017). Through simulation, we can manipulate the
strength of neutral processes and environmental filtering independently (Kraft et al., 2007). Simulations
also let us simulate species with independent traits, and generate environmental filtering affecting single or
multiple trait(s). With these simulations we can quantify the expected dilution effect due to additional traits

in the functional diversity-environment, while it would be impossible to do so with observed data.

This study aims to estimate the dilution effect when using additional traits that can fade away the functional
diversity-environment relationship. We used a simulation framework to test the effect of both environmental
filtering and neutral dynamics on the relationship between environment and functional diversity metrics.
We tested two scenarios: the first one, where a single trait was filtered along an environmental gradients,
additional traits were not affected by environmental filtering; the second one had two traits affected by
environmental filtering in opposed ways along the environmental gradient, the first trait converged while the

second one diverged, other simulated traits were not affected by environmental filtering.
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Material and Methods

Simulations
o0 Community Assembly

To test the dilution effect of traits on the functional diversity-environment relationship, we simulate commu-
nities using a community assembly model. In our framework, each individual immigrates from the species
pool in the local community. The immigration probability of each individual depends on the local envi-
ronment g and the trait value ¢ of the species. We used a Gaussian function with parameters ¢, and o,
s to characterize the environment. ¢, represents the optimal trait value in the local environment such that a
species with ¢ = ¢, has a probability of one of immigrating in the local environment. While o, represents
the width of environmental filtering, the smaller o, the narrower the environmental filtering, and the closer
the species have to be to ¢, to immigrate and maintain in the local community. In addition, the smaller o

the less functional diverse a community is (for this particular trait).

w  We simulated community assembly using ecolottery (Munoz et al., 2017) (function coalesc()), a fast
coalescent-based model which considers both neutral dynamics and environmental filtering. We generated
11 uncorrelated uniform traits between 0 and 1 for 200 species. The regional species pool hosted 500
individuals with identical trait values for each species. We used a Gaussian environmental filter that affected

species immigration probability from the pool in the community as follows:

2
Di. g = €XD l—ﬂ] (#eq : envfilter) (1)

g

s with p; , the probability of successful immigration by species ¢ in environment g, ¢, its associated trait, t, the
optimal trait values in environment g and 092 the variance of the environmental filter in this environment.
We created a gradient of 10 environments with corresponding optimal traits values ¢, ranging from 0.1 to
0.9. We wanted to test to what extent the number of traits used in functional diversity indices affected
the detection of a trend along the environmental gradient. Thus, we assigned decreasing o, along the 10
1o environments from 0.2 to 0.03. Because of the property of the Gaussian function, 95% of the distribution
is within ¢, £ 1.96 x o,. Thus at the beginning of the gradient, the filter is weak and we expect a high
functional diversity for the filtered trait (many species away from the optimum can maintain themselves),
while it is harsh at the end of the gradient (only species close to the optimum can maintain themselves).
Our environmental gradient consists of 10 environments with increasing optimal trait values ¢, from 0.1 to

us 0.9 and, at the same time, decreasing variance o, from 0.2 to 0.03. For each environment, we simulated
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independently 10 communities of 500 individuals using coalesc () with the migration parameter m set to 1. In
order to test to what extent neutral dynamics would affect the functional diversity-environment relationship,

we addtionally simulated communities withm = 0.1.

Because regional pool size has been shown to influence phylogenetic diversity patterns (Kraft et al., 2007),
we simulated similar communities as above with a migration rate of 1, but instead of using a pool that
contained 500 individuals of each species, i.e. 100 000 individuals total, we used a pool that contained only

20 individuals of each species, i.e. 4000 individuals total.

To test the effect of traits being affected in opposite directions we also simulated 10 communities with a
first environmental filter set up as above, and a second environmental filter taken into account a second
filtered trait with a variance linearly increasing in the opposite direction as the first environmental filter

(Supplementary Figure S 1). Both environmental filters had the same optimal trait value ¢ g

Functional Diversity Indices

For each n-uplets of traits we computed two indices of functional diversity: Functional Richness (FRic) and
Functional Dispersion (FDis). Functional Richness quantifies the proportion of the trait space occupied by
all the species in the assemblage. It is the volume of the minimum convex hull encompassing all the species
in the assemblage (Villéger et al., 2008). Because FRic is linked to the number of traits used to compute
it (Legras et al., 2019), we standardized FRic between 0 and 1, where 1 corresponds to the volume of all
the species in the species pool. Functional Dispersion quantifies the evenness of trait distribution along the
multiple dimension (Laliberté & Legendre, 2010): if all species are close together FDis will be low, while it

will be high if species are further apart. Using presence-absence data, FDis is computed as follows:

Sk
E a;Zip

FDis, = =L - fdi 2
1Sy, E;g:kl o (#eq f Zs) ()

where FDis,, is the Functional Dispersion of site k, S, the total number of species in site k, a; the abundance
of species ¢ in site k£ and z;;, the distance between species traits and the weighted centroid of traits of all
species present at this site in the trait space. The two indices were computed using the function £disp()
in the FD R package v1.0-12 (Laliberté et al., 2014) and using the function convhulln() in the geometry
package v0.4.5 (Habel et al., 2019).



86

145

150

155

160

165

2. Dimensionnalité de la diversité fonctionnelle

Statistical Analyses

All analyses were made using R (R Core Team, 2019).

Null models

To test to what extent the observed functional diversity patterns were due to the effect of environmental
filtering we used null models to compare observed communities to null communities (Gotelli & Graves, 1996).
We shuffled 100 times trait combinations among all species. We recomputed functional diversity indices using

shuffled traits.

We computed Standard Effect Size (SES) as follows:

FD,,. —FD,,

SES = ] (3)

UFD2

null

where FD,, . is the observed functional diversity of a site, Fﬁ;n the average of null functional diversity at
this site and oppy2 ) the standard deviation of null functional diversity at the same site. If the null functional
diversity distribution is approximately normal, we can use SES values of -1.96 and 1.96 as significance

thresholds (Gotelli & Graves, 1996).

Statistical power computation

When adding non-filtered traits to the trait used to compute functional diversity, the functional diveristy
environment relationship fades away. We however want to distinguish trends of functional diversity indices
along the environment when they are computed using combinations of traits that contain vs that do not
contain the filtered trait. To avoid accepting the null hypothesis when the combination contains the filtered
trait, we computed the statistical power when varying the SES thresholds. We computed statistical power
1 — 5 as follows: for a fixed SES threshold and a fixed number of traits, we counted the proportions of sites
along the gradient with an SES above the threshold (significantly different from null models) when the traits
used to compute functional diversity included the filtered trait. Statistical power is our ability to correctly
reject the null hypothesis (H, = functional diversity is not different than random). We computed power for
all functional diversity indices, all number of traits with various SES thresolds. We then use these power
estimates to adjust the SES threshold depending on the number of traits and the index used to get a fixed

power level.
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Results

As expected from the design of the simulations, FRic decreases along the environmental gradient when
using the filtered trait (see Figure 1). With additional traits, including the filtered trait, FRic still shows
a decrease along the environmental gradient, but the decrease is less pronounced as the number of traits
increases. When using a single non-filtered trait, FRic does not change along the environmental gradient.
However, when considering two or more non-filtered traits, FRic decreases with increasing environmental
filter, even though the filtered trait is not among the considered traits. This decrease in FRic is due to the
increase in dimensionality, because we standardized FRic to its maximum theoretical value if all traits varied
independently, and the higher dimensionality, the emptier the functional space. Still, the combinations of

non-filtered traits shows higher FRic at all environments than combinations that contained the filtered trait.

The Standard Effect Sizes (SES) from that quantify departures from the null expectations were within -1.96
and 1.96 significance limits for all trait combinations that did not contain the filtered trait, while they were
all under -1.96 for trait combinations containing the filtered trait whatever the number of traits considered.
This means that FRic was lower than expected by the null model when including the filtered trait. Even
if much lower than the significance threshold -1.96, the SES values for the combination of 11 traits were on
average -3.4. Thus adding more traits could make the SES not significant, even if the combination contains

the filtered trait.

FDis decreases along the environmental gradient when using the filtered trait (Figure 1)), while it shows no
trend when using non-filtered traits. When using combinations of two traits including the filtered trait there
is still a decrease in FDis, while there is no more when using combinations of 3 or more traits. The greater
the number of traits used, the closer the FDis values between combinations with and without the filtered
trait. The SES for FDis remains between -1.96 and 1.96 for all combinations of non-filtered traits, while it
stays well below -1.96 for almost all combinations containing the filtered trait; except at the extreme of the

gradient, environment 0.9 for five, six and seven traits.

Simulations with low migration rate show higher variability in both FRic and FDis observed values (Figure
2), with smaller differences between combinations of non-filtered traits and filtered trait than cases with
higher migration rate. For SESs, the effect of a decrease in migration rate was similar, lower migration rate
simulations show higher variability in SES and smaller differences between combinations containing only

non-filtered traits and with the filtered trait.

At fixed SES threshold, the statistical power decreased with increasing number of traits (Figure 3). However,

the power decreased more for FDis reaching about 80% for 7 traits at 1.96 SES, than for FRic where the
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power did not decreased when using the 1.96 SES threshold. FRic showed almost no change in power
whatever the SES threshold used and the number of traits, except with the six or seven traits with more

stringent threshold around 2.5.

As expected, both FRic and FDis showed no trend along the environment when considering a non-filtered
trait, while filtered trait 1 and trait 2 showed opposing trends along the environment (Figure 4 A and
B, respectively green and blue lines). For FRic, all combinations of two or more traits without filtered
traits showed a humped-shaped relationship with the environment. FRic being lower on the margins of the
environment and higher across all sites in the center. FRic decreased as the number of traits increased. All
combinations containing either trait 1 or trait 2 showed similar trend to the single trait case with decreasing
(respectively increasing) trend of FRic along the environment. Combinations of traits with both trait 1 and
trait 2 showed lower FRic than any other combination for all environments, with a humped shape of higher
FRic at the middle of the environmental gradient and lower FRic at the extremes. FRic SES showed similar
trends, with combinations containing either trait 1 or trait 2 showing opposing trend along the environment
well below -1.96, combinations without trait 1 nor trait 2 being between -1.96 and 1.96 and combinations

containing both trait 1 and trait 2 showing lower FRic SES than combinations with either ones below -1.96.

FDis showed trends similar to FRic. Combinations of non-filtered traits showed no trend along the environ-
ment. Combination with either trait 1 or trait 2 showed decreasing (respectively increasing). Combinations
with both trait 1 and trait 2 showed no trend in FDis, they however exhibit lower FDis than combinations
with neither or either one. FDis increased with increasing number of traits. FDis SESs were similar to FDis
trends along the environment. All combinations of non-filtered traits had SES values between -1.96 and
1.96, while combinations with either trait 1 or trait 2 showed gradients with SES values lower than -1.96.

Combinations with both traits showed lower SES than other combinations for all traits.

Discussion

Through a simulation approach we showed that increasing the number of traits not affected by the community
assembly process can blur the functional diversity-environment relationship. We tested various situations
with different migration rates and different traits with opposed filtering along the environmental variables.
We proposed a method to compute the statistical power of each functional diversity the SES threshold to
maximize the trend detection depending on the number of traits. This threshold adjustment should be
dependent on the functional diversity index used and the main community assembly process hypothesized.

Our results show that additional non-filtered traits weaken the functional diversity-environment relationship
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compared to the filtered trait.

Our simulations underline the importance of trait selection when computing functional diversity to avoid the
dilution effect seen when adding unnaffected traits. Among all the possible measured traits, the recommen-
dation is to focus on the trait that are the most linked to the studied process (Violle et al., 2007; Shipley et
al., 2016). At smaller-scale the knowledge of the main community assembly drivers help selecting the most
relevant traits to detect this effect (Shipley et al., 2016). At this scale, the link between trait and fitness
can be more straightforward. However, at biogeographical scales, when the knowledge of both traits and the
environment is coarser, trait-environment relationship are less tight, and the risk of dilution effect should be
greater (Swenson et al., 2012; Borgy et al., 2017). The context-dependency of traits as well as the fact that
we are missing measurements for relevant traits increase the risk for dilution. To account for the dilution
effect, we proposed to compute statistical power when testing trends in functional diversity-environment
relationships. It shows how when using seven or more traits the dilution effect was strong. This number of

trait echoes the dimensionality of trait space recently shown in plants (Laughlin, 2014).

The difference of sensitivity of FDis and FRic to the dilution effect of additional traits, underlines how
different functional diversity indices assess distinct aspects of Functional Diversity (Villéger et al., 2008;
Mouchet et al., 2010; Schleuter et al., 2010; Pavoine & Bonsall, 2011; Mason et al., 2013). Different
functional indices reflect distinct aspect of functional diversity (McPherson et al., 2018). For example
Functional Richness (FRic), being defined as the convex hull of species present in the functional space,
is particularly sensitive to the presence of outliers and represents the trait space occupied by all species
present (Villéger et al., 2008). Functional Dispersion (FDis), on the other hand, is the abundance-weighted
centroid in trait space. FDis reflects to what extent most abundant species are at the border or in the
center of trait space. It is used to detect limiting similarity (Villéger et al., 2008). The decrease in power
with additional traits was stronger in FDis than in FRic in our simulations. It suggests that adjusting the
SES threshold to get a fixed statistical power may be index-specific. Our method has to be adapted to
additional combination of functional diversity indices and community assembly processes, to determine the

power reduction associated with increasing number of traits.

Our simulation setup only considered environmental filtering and neutral dynamics while many other as-
sembly processes can affect functional diversity-environment relationships (Miinkemdiller et al., 2012; Mason
et al., 2013). For example limiting similarity also affects trait-environment distribution and thus functional
diversity-environment relationships, it increases the expected functional diversity and counteracts environ-
mental filtering. Limiting similarity is expected to spread and increase the evenness of species in the trait

space and thus to increase FRic and FDis along the environment (Cornwell & Ackerly, 2009). But it has
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been recently shown that competitive hierarchy could lead to similar patterns then environmental filtering
(Mayfield & Levine, 2010; Bernard-Verdier et al., 2012; HilleRisLambers et al., 2012; Perronne et al., 2017).
Furthermore, depending on the scale at which we consider functional diversity, distinct processes can af-
fect different functional diversity facets (de Bello et al., 2013). Indeed, de Bello et al. (2013) found that

environmental filtering at large scales mainly affect FRic while at finer-scale it affected FDis and FDiv.

Neutral processes increase functional diversity variability along the environment. We showed in our simu-
lation how lower migration rate made observed functional diversity more variable and lower—in absolute—
SESs. Indeed, low migration rate implies that less individuals and, in turn, less species can reach the observed
communities from the species pool, making functional diversity more variable (Miinkemiiller et al., 2012).
This can hinders our ability to correctly identify a functional diversity-environment relationship with more
than one trait. Dispersal limitation can also decrease observed functional diversity along the environment
because of low migration rate (Spasojevic et al., 2014). Thus our simulation approach could be completed by
the integration of additional community assembly processes that also affect functional diversity-environment

relationship, similarly to what has been done on phylogenetic diversity indices (Kraft et al., 2007).

When considering single trait functional diversity-environment relationships, our simulations distinguish
between the filtered trait and all the other traits, while the distinction gets more difficult with additional
traits. Indeed, single-trait approaches have been suggested to delve into the details of community assembly,
while multi-trait approaches aggregate many processes (Butterfield & Suding, 2013; Spasojevic & Suding,
2013; Lefcheck et al., 2015). From our simulations, we estimated the dilution effect due to the use of
unnaffected traits in functional diversity. If a trait is singled out by showing a distinct relationship than
the other traits with the environment, then it may be filtered. However, our simulation setup is a simplified
situation where a single trait respond to the environment while others are uncorrelated to it, while trait
correlations are widespread in real datasets (Westoby et al., 2002). Trait correlation can cause multiple
traits to have similar relationships with the environment while only one is affected by the process (Laughlin
& Messier, 2015; Dwyer & Laughlin, 2017). Different trait combinations can also exhibit similar fitness
along the environment if environmental filtering is not uni-modal without any trait correlations (Marks &
Lechowicz, 2006; Laughlin & Messier, 2015; Corréa Dias et al., 2019). Single traits can also be influenced
my multiple processes simultaneously and thus reach far from the optimum value when considering a single

process (Sack & Buckley, 2019).

Multi-traits functional diversity indices can however unravel patterns that cannot be found using single-trait
indices (Cornwell & Ackerly, 2009; Kraft et al., 2015b). For example, disturbances can have effect that

cannot be resumed looking at single trait indices (Mouillot et al., 2013), but revealed by multi-traits metrics
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(Villéger et al., 2011). Similarly, ecosystem multifunctionnality is better predicted when accounting for
multiple traits than using single traits (Mouillot et al., 2011). Multiple traits need to be taken to account
when explain multiple species stable coexistence (Kraft et al., 2015b). Indeed, only using single-trait index
can be informative as stated above, but multiple independent functional dimensions cannot be reduced by
uni-dimensional indices. Furthermore, in the absence of a priori knowledge of trait importance for community
assembly, multidimensional functional diversity indices can help understand broad patterns (Lefcheck et al.,

2015).

In the absence of a priori knowledge regarding the relationship between individual traits and environmental
gradients, single-trait indices may be impractical (Lefcheck et al., 2015). We suggested a method to reliably
identify functional diversity-environment relationship. We showed in our simulations that to obtain 90%
power with 7 traits, the SES threshold should be decreased to 1.5 instead of the commonly used 1.96. Our
simulation approach let us run statistical power analyses to avoid not detecting functional diversity trends.
The SES significance threshold needed to be adjusted to keep the same statistical power for FDis but not FRic
in our simulations. Thus the change in significance threshold we suggest should not be applied blindly but
properly estimated depending on the expected dominant community assembly processes and the functional

diversity indices used.
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Figures

Figure 1: Functional diversity vs. environmental filtering strength in the case of a single
filtered trait in function of the number of traits included to compute functional dissimilarities.
In each panel the top row is the observed value and the bottom row is the Standard Effect Size (SES) from
null models. All indices were computed based on presence-absence data only. A: Functional Richness. B:
Functional Dispersion. Each point represent the functional diversity computed for a single community. red
points shows combination which did not contained the filtered trait, blue points shows combination that
contained the filtered trait. Solid lines are significant linear regressions. The dashed lines represents the line

where the SES equals zero. Above it, it means that the observed functional diversity exceeds the functional
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diversity in null models. Under it, observed functional diversity is below functional diversity in null models.
Dotted lines shows lines of -1.96 and 1.96 SES representing quantiles 2.5% and 97.5% assuming a normal

distribution.

Figure 2: Functional Diversity vs. environment with varying immigration rate from the same
species pool. A: Functional Richness (FRic), B: Functional Dispersion (FDis). Each point represent the
functional diversity computed for a single community. red points shows combination which did not contained
the filtered trait, blue points shows combination that contained the filtered trait. Solid lines are significant
linear regressions. The dashed lines represents the line where the SES equals zero. Above it, it means
that the observed functional diversity exceeds the functional diversity in null models. Under it, observed
functional diversity is below functional diversity in null models. Dotted lines shows lines of -1.96 and 1.96
SES representing quantiles 2.5% and 97.5% assuming a normal distribution. The panels differentiate between
observed values of functional diversity and Standard Effect Sizes (SESs), with migration rate of 0.1 (m

=0.1)orof 1 (m =1).

Figure 3: Power analyses of functional diversity with varying SES thresholds. Evolution of
statistical power with varying SES threshold for (left) Functional Dispersion and (right) Functional Richness.
The colored lines showed the relationship for different trait numbers. The ticked line shows the “classical”

threshold of 1.96.

Figure 4: Functional diversity vs. environmental filtering strength in the case of a two filtered
traits, considering increasing number of traits. In each panel the top row is the observed value and the
bottom row is the Standard Effect Size (SES) from null models. All indices were computed based on presence-
absence data only. A: Functional Richness. B: Functional Dispersion. red points shows combination which
did not contained either of the filtered traits, green points combination which contained trait 1, blue points
combination which contained trait 2, purple points combination which contained both filtered traits. The
dashed lines represents the line where the SES equals zero. Above it, it means that the observed functional
diversity exceeds the functional diversity in null models. Under it, observed functional diversity is below
functional diversity in null models. Dotted lines shows lines of -1.96 and 1.96 SES representing quantiles

2.5% and 97.5% assuming a normal distribution.

Supporting Information

Supplementary Figure S1: Conceptual Figure showing the simulation process. (1) We first

define Gaussian environmental filter for a single trait along a gradient that increase in mean regularly and
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decrease in variance. The environmental filter only applies to a single trait. With these filters and a uniform
pool of species, we simulate communities along the environmental gradient using ecolottery (Munoz et al.,
2017). We then compute functional diversity indices for each community and all combinations of one to
seven traits. We expect functional diversity to decrease along the gradient when computed using the filtered
trait (green line) while it should be constant without (orange line); any combination of traits containing the
filtered trait should also exhibit decreasing functional diversity along the environment (blue line). (2) For
our second simulation setup we use same environmental filters, with one in similar direction on a first trait
while the other one is in the opposite direction on a second trait. We do similarly by simulating communities
then computing functional diversity indices with all possible combinations of traits. We expect opposing
functional diversity-environment relationships when considering each filtered trait (blue and red lines), while
they should be no trend in functional diversity when considering both traits at the same time (gray line).
However we expect a lower functional diversity when considering both traits (gray line) than a random

combinations of non-filtered traits (orange line).
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Supplementary Figure S 3: Functional Diversity Standard Effect Size (SES) distribution in func-
tion of the number of traits for trait combinations that contained and did not contained the
filtered trait. (left) SES of Functional dispersion (right) SES of Functional Richness. The SES distribution
corresponds to a standardized difference between null models and observed distribution. Vertical dashed
lines show SES of 0 (thin dashed line) and -1.96 & 1.96 SES values (thick dashed lines) which is a classically
used threshold value to define significant deviation from null models.
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Les especes fonctionnellement originales dévient

de l'optimum environnemental
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Dans le paradigme de l'optimalité fonctionnelle, on se concentre sur Iétude du trait moyen pondéré dans
la communauté. Ce trait ne décrit pourtant que le trait le plus abondant de la communauté. Au contraire
certaines especes possedent des traits particuliers et sont a la marge de la communauté en termes de traits,
elles sont originales fonctionnellement. L'objectif de ce chapitre est de présenter des outils permettant de

quantifier l'originalité fonctionnelle dans les communautés et d’en évaluer certains déterminants.

Pour évaluer loriginalité fonctionnelle, on peut utiliser des indices proposés par Violle et collab. (2017). La
premicre partie de ce chapitre présente un paquet R qui permet de calculer ces indices, a diftérentes échelles
(locale et régionale) et en considérant les différentes dimensions (originalité et fréquence). Cet article a fait

l'objet d’une publication dans Diversity and Distributions.

Sile cadre proposé pour étudier loriginalité fonctionnelle propose des catégories discretes. Les indices d’ori-
ginalité fonctionnelle en proposent une quantification continue, qui permet d’'ordonner les especes selon
leur originalité. De méme si le cadre conceptuel propose d’évaluer l'originalité fonctionnelle a deux échelles
spatiales (régionale et locale), il est possible de calculer I'originalité fonctionnelle a toutes les échelles spa-
tiales considérées. Cette partie précise le contexte d’utilisation de l'originalité fonctionnelle et les questions

qu’elle permet de traiter. Cet article a fait I'objet d’une publication dans Trends in Ecology and Evolution.

Certains facteurs environnementaux favorisent certaines stratégies. Il peut donc y avoir des environne-
ments qui favorisent les espeéces originales fonctionnellement a I’échelle régionale. Nous proposons dans
la troisieme partie de ce chapitre, dévaluer des déterminants probables de I'exces d’especes originales pour

les plantes des Amériques. Cet article est en cours de préparation pour Ecography.
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1 | ATOOLKIT FOR THE DEFINITION AND
QUANTIFICATION OF FUNCTIONAL RARITY

Biodiversity is multifaceted (Cardoso, Rigal, Borges, & Carvalho, 2014;
Safi et al., 2011), and many indices have been proposed to summarize
the taxonomic, phylogenetic and functional composition of ecological
assemblages (Jarzyna & Jetz, 2016; Mazel et al., 2014). Such indices
are used to investigate the influence of ecological, biogeographi-
cal and evolutionary processes at local and regional scales (McGill,
Enquist, Weiher, & Westoby, 2006; Violle, Reich, Pacala, Enquist, &
Kattge, 2014; Weiher et al., 2011). Many indices, such as community-
weighted moments, emphasize the contribution of abundant taxa
because they are expected to make significant contributions to com-
munity and ecosystem functioning (Grime, 1998; Enquist et al. 2015),
while the role of rare taxa is less addressed.

Rarity relates to biodiversity dynamics at multiple scales of geo-
graphical and niche space. Rabinowitz (1981) defined rarity based
on the geographical range, habitat specificity and local population

| Pierre Denelle! | Caroline M. Tucker? | Francois Munoz®* |

Emphasis has been put in recent ecological research on investigating phylogenetic,
functional and taxonomic facets of biological diversity. While a flourishing number of
indices have been proposed for assessing functional diversity, surprisingly few options
are available to characterize functional rarity. Functional rarity can play a key role in
community and ecosystem dynamics. We introduce here the funrar R package to
quantify functional rarity based on species trait differences and species frequencies at
local and regional scales. Because of the increasing availability of big datasets in mac-
roecology and biogeography, we optimized funrar to work with large datasets of thou-
sands of species and sites. We illustrate the use of the package to investigate the

functional rarity of North and Central American mammals.

biodiversity, biodiversity indices, functional biogeography, functional trait, R package, rarity

size of taxa, yielding seven forms of rarity. More recently, Violle et al.
(2017) extended the scope of Rabinowitz's (1981) classification to
further incorporate differences in functional traits among taxa, de-
fining a new component—functional rarity. In this perspective, a spe-
cies (or an individual) can be rare because of the uncommonness of
its trait values and/or because of its low abundance at the local scale
(Pavoine, Ollier, & Dufour, 2005). Indices of Functional Distinctiveness
and Taxon Scarcity were proposed to quantify those two aspects at
the local scale, respectively. A species can also be functionally rare
at the regional scale because its functional characteristics are unique
given the pool of species and/or because it is spatially restricted.
Functional Uniqueness and Taxon Restrictedness respectively assess
these two aspects at the regional scale. The four indices together
provide a framework for characterizing functional rarity (Figures 1
and 2). Because functional rarity is expected to play a major role in
ecosystem and biodiversity dynamics, the indices can be used to as-
sess the influences of rare trait values on local and regional dynamics
(Ricotta et al., 2016; Violle et al., 2017). We here introduce an R (R

Diversity and Distributions. 2017;23:1365-1371.

wileyonlinelibrary.com/journal/ddi

© 2017 John Wiley & Sons Ltd [ 1365
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1 | ATOOLKIT FOR THE DEFINITION AND
QUANTIFICATION OF FUNCTIONAL RARITY

Biodiversity is multifaceted (Cardoso, Rigal, Borges, & Carvalho, 2014;
Safi et al., 2011), and many indices have been proposed to summarize
the taxonomic, phylogenetic and functional composition of ecological
assemblages (Jarzyna & Jetz, 2016; Mazel et al., 2014). Such indices
are used to investigate the influence of ecological, biogeographi-
cal and evolutionary processes at local and regional scales (McGill,
Enquist, Weiher, & Westoby, 2006; Violle, Reich, Pacala, Enquist, &
Kattge, 2014; Weiher et al., 2011). Many indices, such as community-
weighted moments, emphasize the contribution of abundant taxa
because they are expected to make significant contributions to com-
munity and ecosystem functioning (Grime, 1998; Enquist et al. 2015),
while the role of rare taxa is less addressed.

Rarity relates to biodiversity dynamics at multiple scales of geo-
graphical and niche space. Rabinowitz (1981) defined rarity based
on the geographical range, habitat specificity and local population

| Pierre Denelle! | Caroline M. Tucker? | Francois Munoz®* |

Emphasis has been put in recent ecological research on investigating phylogenetic,
functional and taxonomic facets of biological diversity. While a flourishing number of
indices have been proposed for assessing functional diversity, surprisingly few options
are available to characterize functional rarity. Functional rarity can play a key role in
community and ecosystem dynamics. We introduce here the funrar R package to
quantify functional rarity based on species trait differences and species frequencies at
local and regional scales. Because of the increasing availability of big datasets in mac-
roecology and biogeography, we optimized funrar to work with large datasets of thou-
sands of species and sites. We illustrate the use of the package to investigate the

functional rarity of North and Central American mammals.

biodiversity, biodiversity indices, functional biogeography, functional trait, R package, rarity

size of taxa, yielding seven forms of rarity. More recently, Violle et al.
(2017) extended the scope of Rabinowitz's (1981) classification to
further incorporate differences in functional traits among taxa, de-
fining a new component—functional rarity. In this perspective, a spe-
cies (or an individual) can be rare because of the uncommonness of
its trait values and/or because of its low abundance at the local scale
(Pavoine, Ollier, & Dufour, 2005). Indices of Functional Distinctiveness
and Taxon Scarcity were proposed to quantify those two aspects at
the local scale, respectively. A species can also be functionally rare
at the regional scale because its functional characteristics are unique
given the pool of species and/or because it is spatially restricted.
Functional Uniqueness and Taxon Restrictedness respectively assess
these two aspects at the regional scale. The four indices together
provide a framework for characterizing functional rarity (Figures 1
and 2). Because functional rarity is expected to play a major role in
ecosystem and biodiversity dynamics, the indices can be used to as-
sess the influences of rare trait values on local and regional dynamics
(Ricotta et al., 2016; Violle et al., 2017). We here introduce an R (R

Diversity and Distributions. 2017;23:1365-1371.

wileyonlinelibrary.com/journal/ddi

© 2017 John Wiley & Sons Ltd | 1365
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FIGURE 1 Basic patterns of Functional Rarity. Four species A to D are illustrated. Functional indices are represented in top figures:
Functional Distinctiveness (left) is the average functional distance of a species to the other species in the community, species D is absent from
this community, thus, the Distinctiveness of species C D is simply the average of distance of species C to species A, d,, and to species B, d.g;
Functional Uniqueness (top right) is the functional distance of a species to its nearest neighbour in a regional species pool (see Equation 3);

here, A and D are nearest neighbours as well as B and C. Taxon Scarcity (bottom left), where S; denotes the Scarcity of species i, it is inversely
proportional to the abundance of species i (see Equation 4), because species D is absent from the community its scarcity cannot be computed;
Taxon Restrictedness (bottom right) is assessed from the occurrences of species across four sites (four tiles) and R; denotes the Restrictedness of
species i, it equals one minus the number of times a species across all sites over the total number of sites (see Equation 5), species A is present in
all four sites, thus its Restrictedness R, equals zero. [Colour figure can be viewed at wileyonlinelibrary.com]

Local Regional
Distinctiveness Uniqueness FIGURE 2 Functionsayailablein
. distinctiveness () uniqueness () funrar’ to comPute the c.llfferent facets
Fu nCtlona I distinctiveness_stack() uniqueness_stack() of functional rarity. Functions handle
distinctiveness'com() - two formats of site composition, the
- default one assumes that the input
dataset is a site-species matrix, while
the stack() versions use “tidy”
Sca rcity Restrictedness format; com () functions provided for
Taxon scarcity () restrictedness () chzunctlo'nal Dlstlnctlve.ness a?nd Scarcity
scarcity stack() restrictedness_stack() ake a single community as input. Note
scarcity com() that regional-level indices—Restrictedness
and Functional Uniqueness—are computed
using the complete dataset, giving a

m single index per species. The site-level

’ indices—Functional Distinctiveness and
All Indices Scarcity—are computed for each site-
funrar() species combination, giving one value per
funrar_stack() site-species combination
Core Team, 2016) package named funrar, to quantify functional rar- (CRAN), computes Functional Distinctiveness, Functional Uniqueness,
ity based on abundance or occurrence data and trait data. The funrar Taxon Scarcity and Taxon Restrictedness and is optimized to handle

package, available through the Comprehensive R Archive Network high-dimensional data (large number of sites and/or large number of
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species) using sparse matrix algebra. We illustrate the application of
this package for examining functional rarity using data on North and
Central American mammals (Lawing, Eronen, Blois, Graham, & Polly,
2016a) (the code to run the analyses is available on Github at https:/
github.com/Rekyt/mamm_funrar archived on Zenodo https:/doi.
org/10.5281/zenodo.375605).

2 | QUANTIFYING FUNCTIONAL RARITY
USING FUNRAR FUNCTIONS

Users must provide a site-by-species matrix of community composi-
tion across sites, with either the presence-absence or relative abun-
dances of species. funrar functions can handle site-by-species data
in any of three formats: site-species matrix (with sites as rows and
species as columns, see Figure 1 for available functions); “tidy” for-
mat (Wickham, 2014), with each row coding the observation of a
single species at a given site (the function has a _stack suffix); or
as a single community (the function has a _com suffix). Abundance
or occurrence information can be based on population or community
census and possibly account for imperfect detection (Dénes, Silveira,
& Beissinger, 2015; lknayan, Tingley, Furnas, & Beissinger, 2014;
Jarzyna & Jetz, 2016).

Functional distances or dissimilarities are used in the calculation of
functional rarity indices (Violle et al., 2017). In funrar, a functional dis-
tance matrix can be calculated from a table of one or several traits mea-
sured for each taxa with compute dist matrix (). Different kinds
of traits (continuous, categorical, ordinal) can be scaled or weighted
in various ways when combined (Pavoine, Vallet, Dufour, Gachet, &
Daniel, 2009). By default compute dist matrix() computes
the unweighted Gower’s (1971) distance because it covers classes of
trait data and makes them comparable, but the user can also specify
euclidean ormanhattan distances. It is possible to scale traits using
the center and scale arguments when traits are continuous.

Functional Distinctiveness and Functional Uniqueness are com-
puted from the functional distance and species composition matrices.
Functional Distinctiveness (D, distinctiveness ()) of a species,
that is the uncommonness of a species’ traits compared to other spe-
cies' traits in an assemblage (Figure 1 bottom left), weighted or not by

species’ relative abundances (Violle et al., 2017) is:

N dA,
Dj=2EWA T ;"*’ ey o)
s A

with d;j the functional dissimilarity between species i and species j, N
the total number of species in the given assemblage, Aj the relative
abundance of species j in the given assemblage. D; is scaled between
zero, if the focal species is identical to all the other species, and one
when the focal species is most dissimilar to the other species. If only
the presences-absences are provided, Aj = 1/N for all j and D; simpli-
fies as:

D= Z,'L#idij

[ : 2
N-1

Distributions

D; is the mean dissimilarity of a focal species as defined in Ricotta
et al. (2016), that is the mean pairwise functional dissimilarity from a
focal species to all the others. Functional Distinctiveness then relates
to functional redundancy in an assemblage: the larger the index value,
the more distant (less redundant) a species (or an individual) is to the
average functional position of the assemblage in the functional space,
that is the centroid.

Functional Uniqueness (U,., uniqueness ()) is the functional dis-
tance of a focal species i to its nearest neighbour in a set of assem-

blages (Figure 1 bottom right):

U; =min(d;), (3

with di} the functional dissimilarity between species i and species j, for
all pairs of species considered across the site-species matrix with j # i.
It quantifies how isolated a species is in the functional space without
considering abundances: the higher the index value, the more distant
a species is to its closest neighbour in the functional space.

As emphasized by Violle et al. (2017), a species can be functionally
distinct (high D;) in a given community but not functionally unique in an
entire region (small U’.). In this regard, Distinctiveness and Uniqueness
are used to uncover scale-dependent biodiversity dynamics: by de-
fault, funrar provides the former at local site level while the latter is
computed at regional scale (whole site-species matrix). At local scale,
community dynamics involve all coexisting species and their relative
abundance is expected to convey the signature of assembly processes.
Between-species dissimilarities and Functional Distinctiveness are
thus relevant to assess the role of functional originality in commu-
nity assembly. At regional scale, Functional Uniqueness can represent
how taxa depart from a regional pool due to specific biogeographical
and evolutionary legacies and should then be estimated based on the
whole site-species matrix. Nevertheless, each index can be computed
at both scales to grasp the different aspects of functional rarity (ex-
amples in the help of distinctiveness () and uniqueness ()).

Because Distinctiveness and Uniqueness are computed using mul-
tiple traits, it can be difficult to disentangle if a species exhibits high
values because of a single extreme trait value or because it has sev-
eral rare trait values. The uniqueness dimensions () and dis-
tinctiveness dimensions () functions respectively compute
Uniqueness and Distinctiveness values from the traits taken one by
one as well as altogether. The former outputs a table with the value
of Uniqueness for each trait and for all the traits considered together,
while the latter outputs a list of site-species matrices of computed
Distinctiveness values, one matrix per trait and one for all the traits
considered together.

The second set of functions deals with the taxon component
of functional rarity. Two indices estimate it: Taxon Scarcity (scar-
city ())in an assemblage and Taxon Restrictedness (restricted-
ness ()) in a set of assemblages. Taxon Scarcity (scarcity()) of a
species in a given assemblage gets close to one when the species has
low abundance in the site and gets close to zero when it dominates

the assemblage:

Si=exp(—NA;In2), (4)
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where N is the number of species and A, the relative abundance of species Taxon Restrictedness is an index between zero and one. It in-
i at the focal site. When species are equally abundant in the assemblage, creases when a species is present in less sites of the site-species ma-
with 1/N relative abundances, S; equals 0.5. Scarcity cannot be computed trix. Restrictedness nearly equals one when a species is present in a
with only the presence-absence data in the site-by-species matrix. single site (examples on Figure 1):
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Average Functional FIGURE 3 Maps of functional rarity

Rarity L indices averaged per site in North and
1.00 Central America using a subset of the
0.75 dataset of North and Central American
Mammals from Lawing et al. (2016a). All
050 indices have been scaled per site between
0.25 0 and 1. (a) Functional Uniqueness; (b)
0.00 Taxon Restrictedness; (c) Functional Rarity,

the average of Functional Uniqueness
and Taxon Restrictedness per site. The
geographical projection of maps is Albers
Equal Area (ESRI:102008). [Colour figure
can be viewed at wileyonlinelibrary.com]
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Diversity and

K.
Ri=1-—,
tot

(5)
K. the total

number of sites in the dataset. R; equals one when the species is com-

where K; is the number of sites where species i occurs and

pletely absent from the dataset. Restrictedness can also be computed
for predicted species distributions from ecological models (Guisan &
Thuiller, 2005). A threshold of the predicted probabilities of occurrence
(Jiménez-Valverde & Lobo, 2007; Liu, Berry, Dawson, & Pearson, 2005)
is then used to derive the matrix of species occurrences per pixel.

Because of the increasing availability of large-scale and intensive
datasets in ecology (Hampton et al., 2013), a site-species matrix can
contain thousands of sites and thousands of species. However, as
not all species are everywhere, site-species matrices are usually filled
with many zeroes. Sparse matrices allow storing only the position of
non-zero cells, saving memory. funrar performs sparse matrix calcu-
lations using the Matrix package for quicker and memory-efficient
computations (Bates & Maechler, 2016). For more details, see the
vignette included in the package.

3 | FUNCTIONAL RARITY OF NORTH AND
CENTRAL AMERICAN MAMMALS

We used funrar to analyse a subset of the dataset of North and

Central American Mammals from Lawing etal. (2016a), Lawing,

Distributions

Eronen, Blois, Graham, and Polly (2016b). We selected 265 species out
of 558 for which trait information was available. We used six traits rel-
evant to mammal ecology (body mass, litter size, diet breadth, trophic
level, habitat breadth and terrestriality, see Jones et al. (2009) for de-
tailed trait explanation). The dataset comprises the presence-absence
information for the 265 species across 9699 50 km x 50 km cells.
We asked whether there are “hotspots” of Functional Uniqueness in
North America and Central America for the six aforementioned traits;
whether species that are functionally unique are geographically re-
stricted; what the most functionally distinct and unique mammal spe-
cies in the dataset are; and whether there are more functionally rare
species in temperate, tropical or boreal areas.

For each species, we calculated Functional Uniqueness and
Taxon Restrictedness indices and averaged them across species
by grid cell. Because those two indices are regional-level indices,
each species had a unique value, and the variation in averaged in-
dices among grid cells thus reflects change in species composition.
We produced maps of the average values for indices in North and
Central America (Figure 3). We also computed functional rarity—the
average of Functional Uniqueness and Taxon Restrictedness—where
each is scaled between zero and one. The most functionally unique
cells were in Cuba (Figure 3a), meaning that they hosted, on aver-
age, species that are quite functionally unique compare