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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,
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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
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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.




64

AN N B W

2. Modele fdcoexist

OO
501 ooo o
- o oo 800
2 < o 0008 @
o L T B
F " o Contribution
6 6 to growth
15 J 2 3 o0
o]
307 Q o o 02
£ 2 g N \
@ o 04
O O o 8 o s
N 1 - 06
| o o o o !
L 2070 £ 3 - 038
o I3 %
i ' 1 -] - 1

(=]
(S
=]
o
(2]
]
(o]
o
=
n 4
ik
=
n
(]
7]
[xe]

T

Sites Sites

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.
The relative contribute of the two traits ranges from 0% and 100%: the contribute of trait 1 is indicated
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-
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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.
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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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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).
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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 standardized
Uniqueness

1.00
0.75
0.50
0.25

0.00

(b)

Average standardized
Restrictedness

1.00
0.75
0.50
0.25

0.00

()

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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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 compared to the
species pool of North and Central America. This pattern may be
due to the tropical climate present in Cuba, which is less present

1.00 A o m.n’.. e ® °, % e® o °
: onw: :. :.o.... o’ ° ° ' « * : ¢
c. $ . ..l. ﬁ' . ‘ * ‘
. °° ec°® o °
. ® ° R °
; LN ] L]
0.75 . :‘ ° °
L] L]
L] ° . ° ‘
ﬁ .
L]

5 .o Te

8 050 KX

= °
FIGURE 4 Biplot of Functional é .
Uniqueness against Taxon Restrictedness .' .
per species across the whole dataset R .

L] L]
(N = 265 species). Note that both .
Functional Uniqueness and Taxon 0.251 .
Restrictedness have been scaled between .
zero and one for easier comparison . .
(Spearman’s rho = -.06, p = .323, C. canadensid
S = 3290600). The red dot indicates the °
position of Castor canadensis. Marginal 0.00 .
distributions are indicated on the sides of . . . , .
0.00 0.25 0.50 0.75 1.00

the graph. [Colour figure can be viewed at
wileyonlinelibrary.com]
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across the rest of the dataset. We also identified a latitudinal gradi-
ent in Taxon Restrictedness (Figure 3b): sites at low latitude hosted
more restricted species on average than sites in temperate and bo-
real regions, a pattern that complies with Rapoport’s rule (Gaston,
Blackburn, & Spicer, 1998; Rapoport, 1982). Altogether, combining
the two facets into a single index highlighted Cuba as a hotspot of
functional rarity (Figure 3c).

At the species level, Functional Uniqueness and Taxon
Restrictedness were not correlated (Spearman’s rho = -.06, p = .323)
(Figure 4). Most species were geographically restricted (with many
values around 1, meaning that they were present in a few grid cells
only) but functionally redundant, that is with low values of Functional
Uniqueness. Conversely, almost no species were both geographi-
cally widespread and functionally unique, apart from Castor canaden-
sis (red dot in the bottom right corner of Figure 4), which occupies
a very specific habitat (fossorial and ground dwelling) and is distrib-
uted continent-wide. Functional Distinctiveness and Functional
Uniqueness were correlated (Spearman’s rho = .37, p <.001), indicat-
ing that species that were locally functionally distinct tended to be
regionally functionally unique. Even though local functional rarity and
regional functional rarity were quite correlated, the weak correlation
implies that rarity should be estimated both at the local and regional
scale because it contrasts different types of rarity.

In summary, North and Central American mammals display a bio-
geographical gradient of functional rarity, such as species at low lat-
itude show higher Functional Uniqueness and Taxon Restrictedness
(Figure 3), even though most mammal species have low Functional
Uniqueness and high Taxon Restrictedness (top left corner in Figure 4).
The absence of correlation of Functional Uniqueness and Taxon
Restrictedness shows that these components of functional rarity pro-
vide complementary information. Therefore, both components should
be considered when mapping rarity and defining priority targets in

conservation programs.

4 | CONCLUSION

Conservation biology has historically focused on the protection
of rare species in terms of taxon occurrences and abundances
(Prendergast, Quinn, Lawton, Eversham, & Gibbons, 1993). Although
it can be decomposed in local, regional and habitat dimensions
(Rabinowitz, 1981), this approach has emphasized taxonomic rar-
ity and neglected the originality of functional attributes. Recently
though, assessing species originality in terms of phylogenetic rarity
(Cadotte & Jonathan Davies, 2010; Isaac, Turvey, Collen, Waterman,
& Baillie, 2007; Rosauer, Laffan, Crisp, Donnellan, & Cook, 2009)
and functional rarity (Mouillot etal.,, 2013; Umana, Zhang, Cao,
Lin, & Swenson, 2015; Violle et al., 2017) has gained momentum. It
underlines the need to characterize patterns of rarity through the
ecological and evolutionary attributes that influence biodiversity dy-
namics at multiple scales. Uncorrelated Functional Uniqueness and
Restrictedness in North and Central American Mammals suggest that
the functional component of rarity should be considered for a more

comprehensive assessment of biodiversity dynamics and a better de-
sign of conservation strategies. Such integrated view on rarity ech-
oes Winter, Devictor, and Schweiger (2013) suggestion to “[include]
other facets of diversity” for conservation. The funrar package con-
tributes to the growing toolbox available for researchers to study and
quantify the various dimensions of biodiversity and rarity. Adding the
functional rarity string would strengthen the bow of diversity and

rarity facets.
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authors defined functional unigueness as
an indicator of species functional redun-
dancy. However, their proposed index
(functional distance to the nearest neigh-
bor) depends only on a single species. In
this sense, indices of redundancy consid-
ering more species seem more adequate
alternatives [2,3]. Moreover, estimations
of distances between species should be
considered carefully, including the possi-
bility of combining functional and phylo-
genetic information [4]. For example,
estimating functional dissimilarities via
Gower distances or standardized Euclid-
ean distances can make
estimations of rarity not comparable
across species pools [5]. We suggest that
most of these limitations can be
overcome by applying the trait probability
density (TPD) approach to estimate
functional diversity ([2]; Figure 1). The
main three advantages of the TPD
approach are that species abundance is
explicitly considered in these functions;
that they can be expressed at any spatial
scale or organizational level; and that
results can be directly compared across
species pools [2,6]. This allows for seam-
less transitions and comparisons across
scales (species within habitats or regions
as in Violle et al. [1], but also habitats
within landscapes or regions, regions
within countries, biogeographical
domains within the world, or any
combination of these) using a single,
probabilistic, and  scale-independent
definition (Figure 1).

Finally, future developments will need to
establish clear connections between
extinction risk and functional rarity. It is
not straightforward to assume that rarity
always implies higher extinction risk.
While extinction is generally expected
not to be a random process, common,
instead of rare species, can be lost if their
traits make them more susceptible to
environmental changes [7]. Previous stud-
ies applying species loss simulations on
functional diversity/ecosystem functions

have assumed extinction orders according
to metacommunity nestedness patterns
and species response traits (e.g., body size
[8] or species palatability to livestock [9]),
and not necessarily on their rarity ina com-
munity or region [10]. Ecological conse-
quences of species loss are better
evaluated in a continuous fashion, using
estimations of vulnerability. Such estima-
tions combine functional traitinformation of
species (preferably based on multiple
traits, as a proxy for overall functioning) with
information on species extinction risk and
their expected response to environmental
changes [11,12].
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A Common Toolbox to
Understand, Monitor or
Manage Rarity”? A
Response to Carmona
et al.
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Carmona et al. [1] highlight a probabilistic
approach to functional rarity as an exten-
sion of our integrated framework to func-
tional rarity [2]. The authors argue that it
could be considered as a common tool-
box for rarity. While we certainly agree
with the authors about the necessity to
unify the quantification of biodiversity and
rarity in a community ecology and bioge-
ography perspective [3], we call for a
more operational and pragmatic quantifi-
cation in a conservation perspective.

Carmona et al. [1] question the relevance
of categorizing functional rarity instead of
providing a continuous quantification. In
fact, the integrated view of functional rar-
ity we proposed [2] is not categorized by
principle or design. We proposed a set of
indices that are continuous and in line with
the probabilistic approach promoted by
Carmona et al. [1] (see also [4]). We
defined local and regional scales for the
sake of simplicity but the delimitation
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between these two scales is not fixed;
calculating the indices for various scales
can be easily achieved. This set of func-
tional rarity indices can now be calculated
using the R package, funrar, available on
CRAN (https://cran.r-project.org/web/
packages/funrar/index.html)  [5].  We
encourage everyone to complement or
improve functions available in funrar.
Implementing the framework of Carmona
et al. [4] in funrar appears to be a natural
perspective.

As a byproduct of our quantitative frame-
work for assessing functional rarity, we
originally proposed to categorize it
through 12 forms of functional rarity,
echoing Rabinowitz’'s seven forms of
(taxon) rarity [6]. We argue that this
two-step assessment (quantification and
then categorization) of functional rarity
should not be minimized or ignored. In
a conservation perspective, it is essential
to keep in mind that any new tool for
quantifying different facets of biodiversity
will be in the hands of resource managers
and decision-makers. Providing continu-
ous and sophisticated metrics for rarity
may be mathematically appealing, but will
likely be counterproductive in some cases
if interpretation of values is unclear. There
are strong arguments in favour of treating
rarity as a discontinuous or categorical
variable rather than as a continuous vari-
able in the conservation literature:
‘because for legal and conservation pur-
poses species often need to be catego-
rized as rare or otherwise, a more
pragmatic approach is often desirable’
[7]. Our 12 forms of functional rarity follow
this recommendation. More broadly,
there is a growing effort to identify simple
and operational metrics to facilitate the
monitoring and management of biodiver-
sity and rarity. We consider that the basic
categories of functional rarity that we pro-
posed could be easily added to the list of
Essential Biodiversity Variables (EBV) [8].
For instance, our approach allows the
identification of species that possess

892 Trendsin Ecology & Evolution, December 2017, Vol

the highest degree of functional rarity (e.
g., top 5 or 10%), potentially useful infor-
mation for monitoring and managing
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theoretical and applied ecology is not a
new challenge for the field, but we
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Figure 1. Cookbook for the Application of Violle et al.’s Framework to Functional Rarity: When,
How and Why Study Functional Rarity”? Several fields of (theoretical and applied) biology needs a unified
framework to quantify rarity. The funrar R package [5] implements the framework proposed in Violle et al. [2].
Depending onthe objectives of the research questionin each field, one can be interested to: (i) assess the originality
of a single item (e.g., species or habitat) (the red point is original —i.e., rare — compared to the black ones); or (i)
quantify the whole functional rarity of a set ofitems (e.g., acommunity or a grid cell) (the sum, or any other integration
functions of functional rarity values of each item). In the latter case, functional rarity and functional redundancy are
the two sides of the same coin and Carmona et al.’s framework [4] can be easily implemented.
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question whether the complexification of
science, the emergence of big data and
sophisticated approaches to analyse
them, although necessary, may separate
instead of bridging both sides of ecology.

The concept of (functional) rarity is multi-
faceted by nature [2], and its application
involves at least two forms: an item-by-
item (Ibl) analysis versus a set-of-items
(Sol) analysis (Figure 1). In an Ibl perspec-
tive, the interest is to characterise the
functional rarity of a species or any item
of lower or higher organisation level (e.g.,
community, habitat, or biome) compared
to other items of the same type (e.g.,
analysing the functional rarity of a given
plant species relatively to all other land
plant species). In this case, the main
questions are: what causes functional rar-
ity; what are the consequences of func-
tional rarity; and what is the link between
species’ extinction risk and functional rar-
ity? These are crucial questions for con-
servation ecology, and also for more
theoretical fields like functional ecology,
macroecology, and evolutionary biology.
From a functional ecology or macroecol-
ogy perspective, an appealing research
frontier would be to identify outliers from
‘universal laws’ of functioning and pheno-
typic diversification (e.g., the leaf eco-
nomics spectrum in plants, or allometric
relationships in both plants and animals),
their causes of persistence in nature, and
the reasons why theoretical laws can be
violated. As a consequence, beyond the
need in conservation, Ibl analyses appear
also particularly relevant in many fields of
biology (Figure 1).

Sol analyses are specifically relevant in a
community ecology and biogeography
perspective [3,9]. Sol refers to the amount
of functional rarity that does exist in a
given assemblage, for example, in a com-
munity or a biome. Sol functional rarity
indices can be compiled by, for example,
averaging or summing species-based Ibl

indices [5]. It is important to note that Sol
indices and functional redundancy analy-
ses are the two sides of the same coin
[10] and thus can address complemen-
tary topics. Is the functional space of a
community saturated? What are the
causes of the maintenance of rare phe-
notypes in a community? Are ecosystem
functioning and stability driven by the
functions supported by some rare phe-
notypes, or by functional redundancy? As
a unified analytical framework, the trait
probability density (TPD) [1,4] approach
can be relevant for Sol analyses. Never-
theless, there are some practical limita-
tions in the application of this framework
given that it requires ideal and precise
descriptions of continuous trait distribu-
tions (within species, communities, etc),
which are rarely available.

There have been many attempts to math-
ematically unify and integrate the different
facets of biodiversity and rarity [4,11]. This
is valuable given that single biodiversity
(rarity) metrics can be provided. We pro-
posed one of them through a multiplica-
tive framework [2,5], echoing abundance-
weighted evolutionary  distinctiveness
scores [12]. TPD can be used for assem-
blage-level analyses. In any case, we call
for simplicity and pragmatism when navi-
gating the jungle of rarity indices, so as to
remain useful for the conservation and
monitoring of biodiversity whose objec-
tives are tightly linked to rarity issues
within the global context of extinction of
both species and functions.
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TIONS AVEC LES AUTRES RARETES

Distribution and environmental determinants of plant ecological

originality the New World
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Introduction

s Biodiversity hotspots, defined as places of unusually high biodiversity, have attracted much attention in
biogeography and conservation (Marchese, 2015; Myers et al., 2000). The of idea of “bright spots” were
recently suggested to identify places that show an excess of outliers compared to the expected values (Cinner
et al., 2016). While hotspots identify absolute maximum, bright spots identify sites with an excess of outlier
species. The underlying postulate is that the loss of original species under biodiversity erosion scenarios will

1 lead to the loss of irreplaceable functions in the ecosystems (Chapman et al., 2018; Jain et al., 2014; Mouillot
et al., 2013, 2014). Surprisingly though, the ecological nature of outliers has long been overlooked in ecology
(Violle et al., 2017) despite a theoretical corpus stemming from functional ecology (Espeland and Emam,
2011; Lavergne et al., 2003; Murray et al., 2002; Pavoine et al., 2005). With the recent unprecedented rise of
global trait databases in plants (Enquist et al., 2016; Kattge et al., 2020), it is now possible to characterize

15 more precisely whether and how a species is ecologically distinct from others in a functional trait space (Diaz
et al., 2016; Violle et al., 2017). From this premise, putting original species on the map should reveal bright

spots of particular interest for both biodiversity conservation and ecosystem functioning (Cooke et al., 2020).

The way original plant species are maintained in ecosystems remains unexplored. This is a critical question
because ongoing climate changes should deeply affect biodiversity and, while original species can provide
» lifebelts and improve resilience ecosystem functioning on the long term (Cardinale et al., 2012; Naeem et al.,
2012). While most ecological and evolutionary theories predict a purge of original phenotypes at equilibrium
(Kingsolver and Pfennig, 2007), many biogeographical, historical and ecological factors can act against this
purge and participate to the maintenance of these outliers. Climate refugia are well known players in the
maintenance of non-equilibrium populations and communities acting as museums for relicts (Ordonez and

»  Svenning, 2016), but their role in the maintenance of phenotypic outliers is unknown. More broadly, past
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climates have shaped extent biodiversity, and they could have also acted on ecological originality. Stable
climates promote trait differentiation and would lead to a greater number of original species (Harrison and
Noss, 2017; Ordonez and Svenning, 2016). Climate instability could however increase speciation and spark
rapid adaptive radiation (Harrison and Noss, 2017). This apparent contradiction underlines the lack of

knowledge regarding the role of past climate on the distribution of ecological outliers.

Similarly, extreme environments exert strong biological constraints suggesting that they should host specif-
ically adapted species. Indeed, extreme environments in terms of stress or resource availability can select
only a few adapted species located in a limited region of the functional trait space (Bjorkman et al., 2018;
Lhotsky et al., 2016; Sfmova et al., 2017; Zanne et al., 2018). Conversely, more diverse strategies should
be possible and more species can occur in less stressful environments (Simové et al., 2017; Zanne et al.,
2018). Therefore, we expect more original strategies in species occurring in extreme environments than in
less extreme environments. Climate varies in its spatial frequency, and only few species will be exposed to
infrequent climates (Fournier et al., 2019). As such, we expect a greater concentration of original strategies
in extreme and frequent climates. While the lower exposure of species to infrequent climates means that
species have lower chance of undergoing adaptive radiation to these climates. As such infrequent climate
should host a lower number of ecologically original species (but see Ohlemiiller et al., 2008). Because the
diversity of local environmental conditions promotes the diversity of species strategies (Stein et al., 2014),
greater environmental heterogeneity should go with greater number of ecological outliers. Overall, we ex-
pect bright spots to be situated in stable, extreme, frequent and heterogeneous climates. Combinations of
environmental factors could reinforce their influence on the number of ecological outliers, such as a stable
and extreme climate that should favor even greater adaptive radiations leading to an even greater number
of outliers. The extent at which these factors (climate stability, climate frequency, and climate extremity)

interplay is still unknown.

Even if global plant functional space has been well described (Diaz et al., 2016), a description of plant
ecological outliers is still missing. The wide variety of strategies observed among plants could lead to distinct
ways of being an outlier. For example, Lodoicea maldivica the double coconut is an enormous ecological outlier
because of its enormous seed mass, but other outliers could differ for other traits. Ecological outliers could
be lumped together in the functional space if there was a leading dimension in originality. Depending on
their traits, ecological outliers may suffer from double jeopardy if they are rare (Gaston, 1998). But the link,
in plant, between ecological originality and rarity has not been well assessed yet especially at a continental
level (Boulangeat et al., 2012). Similarly, ecological original species could also have a specific evolutionary

history, making them phylogenetically original.
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We here assessed (i) the distribution of global ecological originality in plant trait space, (ii) the spatial
distribution of ecologically original species, (iii) the extent at which originality hotspots are congruent with
diversity and rarity hotspots, and (iv) to what extent current climate, past-climate stability, climatic fre-
quency, and environmental heterogeneity affected the excess or deficit in original species. We used a global
database of plant occurrences and corresponding functional trait values (BIEN) (Maitner et al., 2018), com-
prising tens of thousands of species in the Americas. We characterized the ecological originality of New
World plants based on three cores traits, Leaf, Height and Seed Mass (LHS), capturing plant metabolic,
competitive and reproductive strategies (Westoby, 1998). Specific Leaf Area is a proxy for photosynthe-
sis efficiency, and its variation across plants reflects a trade-off between resource acquisition and resource
conservation (Westoby et al., 2002). Plant height represents a proxy of plant competitive ability for light
(Westoby, 1998). Seed mass relates to plant dispersal strategy and through reserve amount to seedling

survival (Westoby, 1998).

Material and Methods

Data
BIEN range data

We used the function BIEN_range_range() in the R package BIEN (Maitner et al., 2018, v. 1.2.3) to get

geographic ranges for 98829 plants species.

We defined a regular grid over the Americas including 100km by 100km cells in Lambert Equal Area Az-
imuthal projection, with 13°N as its latitude of origin and -75°W as its central meridian. We focused on
terrestrial vegetation and selected cells with over 30% of land area based on a map of the Americas. We
overlaid the species ranges to obtain potential assemblages in the 4168 pixels. We removed all species that

occurred in less than 10 pixels.

BIEN trait data

We characterized the ecological strategies of plants in the dataset based on the three traits of LHS
schema(Westoby, 1998), Specific Leaf Area (SLA), maximum plant height (PH), and seed mass (SM). We
retrieved publicly available trait data using the function BIEN_ trait_trait() and completed BIEN traits
with public data from TRY trait database (Kattge et al., 2020), for all 98829 species with range information.
We retrieved the cultivation status of species in BIEN database and removed 151 species that were only

cultivated in the Americas. We ended with 2093 non-cultivated species with both trait (LHS) and range
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information (see Supplementary Figure S1).

Functional Distinctiveness

We computed pairwise Euclidean distances of species for the three log-transformed and scaled LHS traits,

and derived global functional distinctiveness D, of species i:

S
S

_J:1
D=7 (1)

with d;; the dissimilarity between species ¢ and j, and S the total number of species (Violle et al., 2017).
We used the R package funrar to compute functional distinctiveness (Grenié et al., 2017, p. v1.4.1). We

also computed functional distinctiveness trait by trait, with the same formula.

BIEN Phylogenetic Data and Evolutionary Distinctiveness

We extracted 100 inferred phylogenetics tree of the 2093 selected species using the BIEN_phylogeny_complete ()
function in the BIEN package. We computed the average Evolutionary Distinctiveness (ED) of each species
for each tree following Isaac et al. (2007) using the evol.distinct() function in R package picante
(Kembel et al., 2010, v. 1.8) with the equal.splits option (Redding and Mooers, 2006). We averaged

species ED across all trees to get an average ED per species.

Environmental Variables and Environmental Heterogeneity

We retrieved rasters of mean annual temperature, mean annual precipitation, temperature seasonality and
precipitation seasonality from CHELSA from 1973-2013 at 30” resolution (CHELSA, Karger et al., 2017).
We obtained the global soil water balance from CGIAR (Trabucco and Zomer, 2019) and elevation data
from Worldclim (Fick and Hijmans, 2017). All environmental variables had a resolution of 1km by 1km. We

calculated average environmental values for each 100km by 100km pixel.

We also assessed environmental heterogeneity within cells. We performed a Principal Component Analysis
(PCA) of environmental variables, kept the first four axes explaining 93% of total variance, and calculated
the average distance among the 1km by 1km sub-cells making each 100km by 100km pixel. The greater the

average distance, the more heterogeneous the environmental conditions within a pixel (Fournier et al., 2019).
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Paleo-climate environmental variables

We used PaleoClim v1.0 data to calculate the stability in mean annual temperature and mean annual
precipitation from the Pliocene (Brown et al., 2018). We computed climate stability indices following Owens
and Guralnick (2019), as the standard deviation between values at successive time intervals, divided by the
length of the interval. We used the following sequence : Pliocene M2, 3.3Ma bp; mid-Pliocene warm period;
3.205Ma bp; Pleistocene MIS19, 787ka bp; Pleistocene Last Interglacial, 130ka bp; Pleistocene Heinrich
Stadial 1, 17-14ka bp; Pleistocene Bolling-Allergd, 14-12.9ka bp; Pleistocene Younger Dryas Stadial, 12.9-
11.7ka bp; early-Holocene, 11.7-8.326ka bp; mid-Holocene, 8.326-4200 ka bp; late-Holocene 4.2-0.3ka bp. We
then calculated the mean deviation through all intervals, giving us the average deviation of the environmental

variable through the whole time slice. We took the inverse of this value to get a paleo-climate stability index.

We computed the average climate stability for mean annual temperature and mean annual precipitation in
each 100km by 100km pixel. To get a single metric of paleo-climate stability we logged the stability indices,
before scaling both variables, with then computed the mean stability between temperature and precipitation

indices.

Climate frequency index and Environmental Distinctiveness

We used the climate frequency index (CFI) defined by Fournier et al. (2019) to characterize the environmental
rarity of each site. The climate frequency index represents the frequency of environmental conditions at a
pixel compared to all other pixels, based on a kernel density distribution in a multi-dimensional climate
space. The greater the index, the more frequent the environment. We computed CFI of each pixel based on

the environmental PCA.

In addition, we computed environmental distinctiveness quantifying how extreme is environment in a pixel
relative to others. We used similar formula as functional distinctiveness but based on the pixel scores in

environmental PCA.

Environmental distinctiveness and CFI assess different facets of environmental originality and were thereby
moderately correlated (Pearson’s r = -0.25, 95% CI [-0.28, -0.22], t(4166) = -16.68, p < 0.001. An extreme

environment could be highly infrequent, while an infrequent environment could be mild.

Number of top species per pixel and restricted species

For each pixel we counted the number of top ranked species for ecological originality and evolutionary

distinctiveness. We counted it for the top 1%, 5%, and 10% ranked species for each metric. Because range
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size is a common metric of species rarity (Gaston, 1997), we also evaluated the number of restricted species

through the same logic but ranking species in increasing range sizes.

Statistical Analyses

All analyses were performed with R (R Core Team, 2019, p. v3.6.3).

Spatial Congruence of Biodiversity Hotspots

We quantified the spatial congruence of biodiversity (and rarity) hotspots while controlling for spatial non-
independence using the cor.spatial() function in the SpatialPack R package (Osorio et al., 2014). The

test adjusts the degrees of freedom depending on the spatial auto-correlation of variables.

Null models and empirical p-values

We used the nullmodel() function in the vegan package (Oksanen et al., 2018, pp. v2.5-6), with the
curveball algorithm to resample the presence-absence matrix while preserving the total per pixel and the
number of pixels where each species occurred. We computed 1500 null simulations with 200 as the thinning
parameter. We derived the number of top X% original species in pixels (with X = 1%, 5%, and 10%)
under the null model and the empirical p-value of the observed number of top original species in the null
distribution (Botta-Dukét, 2018). When the pixel showed an excess of original species —compared to the null
distribution— then its empirical p-value was close to one. On the contrary, when a pixel showed a deficit in

original species then its empirical p-value was close to zero.

Using the same null models, we computed the empirical p-values for the number of top evolutionary distinct

species per pixel as well as the number of top restricted species.

We assessed whether and how the empirical p-values depended on environmental predictors using beta
regression (Cribari-Neto and Zeileis, 2010; Douma and Weedon, 2019, with betareg() function in betareg
package v3.1-3). Because we sometimes observed empirical p-values of exactly 0 and 1, we transformed the
data following Smithson and Verkuilen (2006), with p” the transformed p-value p’ = (p(n —1) 4+ 0.5)/n with

p the original empirical p-value and n = 4168 the number of observations.

The full regression model included all environmental variables (mean annual temperature, temperature
seasonality, mean annual precipitation, precipitation seasonality, soil water balance, and average elevation)
with both linear and quadratic effects, as well as linear effects of environmental heterogeneity, environmental

distinctiveness, and paleo-climatic stability.
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We performed model selection with the full beta regression model using the dredge () function in the MuMIn
package (Barton, 2020, p. v1.14.17). To test the prediction ability of alternative models, we used model

averaging with the model.avg() function on models that had a cumulative sum of 95% of Akaike’s weight.

Results

We located the most original species in the functional space defined with LHS traits. The first two axes of a
Principal Component analysis accounted for 89.2% of the variance of LHS traits. Consistent with the result
of Diaz et al. (2016), the first axis differentiated tall species with big seeds and small species with small seeds,
while the second axis differentiated species according to SLA. Ecologically original species were spread over
the borders of the functional space, meaning that species could be original with all combinations of extreme
trait values (high/low SLA, seed mass, and/or plant height). Pinus monophylla (Fig. 1A, bottom left) had
very low SLA, quite high plant height and small seed mass, while Prioria copaifera had a quite regular SLA,
high stature, and enormous seed mass; Chloris gayana showed a low SLA, small stature, and very low seed

mass (see Table 1 for a list of the top 25 most ecologically original species).

We examined how ecological originality related to other rarity indices. Species evolutionary distinctiveness
was moderately correlated with ecological originality (Fig. 1B, Spearman’s rho = 0.19, p < 0.001), meaning
that original species tended to have a long unshared evolutionary history with other species (even when
accounting for angiosperms and gymnosperms separately see Supplementary Figure S2). Species range size
was weakly negatively correlated with ecological originality (Fig. 1C, Spearman’s rho = -0.12, p < 0.001),
indicating that original species have smaller range size than common species (even when accounting for
angiosperms and gymnosperms separately see Supplementary Figure S2), but with great variability around
this average relationship. Trait-specific originality was not correlated with range size but weakly for seed

mass (Spearman’s tho = -0.035, p < 0.001, Supplementary Figure S3).

The distribution of top 5% original species was not homogeneous across the Americas (Figure 2A). Compared
to null expectations (Figure 2D), we found an excess of top 5% original species in assemblages of North of
South America and Central America while assemblages in temperate North America and in South America
showed a deficit of original species. In addition, the hotspots and coldspots of top original species differed
depending on the trait considered. When using all LHS traits, we found hotspots of original species in
California in the North of the Andes with over 30 top 5% original species. Conversly, coldspots (<3 top
5% distinct species) were located close to Greenland, in central Canada as well as the southern Andes. The

observed patterns were similar with other fraction of top original species (Supplementary Figures S4 and
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S5).

We compared the excess and deficit in top 5% original species to top 5% evolutionary distinct (ED) and
top 5% restricted species (Figure 2E and 2F). We used the same null models to compute empirical p-values
for each index. Central US showed similar deficits in top 5% ED and top 5% restricted species. Florida
and Western Mexico also showed similar excess in top ED species and top restricted species. The empirical
p-values for ED and restricted species showed weak correlation (Corrected r = 0.19, F = 14.1, p < 0.001).
While for ED and original species there were no clear correlation (Corrected r = 0.11, F = 1.12, p = 0.29).
The excess and deficits of original and restricted species showed moderate correlation (Corrected r = 0.35,

F = 10.33, p = 0.002).

To assess the environmental causes of ecological originality we fitted a model with environmental predictors on
the empirical p-values of the top 5% original species per pixel (Figure 3). The highest absolute estimates were
temperature seasonality (-1.65), mean annual temperature (linear = -0.75, quadratic = 0.48), precipitation
seasonality (0.23) and mean elevation (-0.21). Environmental distinctiveness had a small non-significant effect
(0.07), paleo-climate stability had no detectable effect, while both climatic frequency index and environmental
heterogeneity had negative effects (respectively -0.07 and -0.11). When considering the main effects, with
all other factors kept constants, (Supplementary Figure S6), pixels with low mean annual temperature, low
temperature seasonality and low annual precipitation all tended to show an excess of original species. Pixels

with high annual precipitation and high temperature seasonality tended to show a deficit in original species.

Discussion

Bright spots in ecological originality were located in the North of South America and Central America, while
dark spots, showing a deficit in original species, were located in the center of North America and the South
of South America. Current climate and environmental heterogeneity strongly determined the location of
bright and dark spots, while we observed little influence of other climatic factors (climate stability, climate

frequency, and extreme climates).

Ecological originality bright spots were incongruent with evolutionary distinctiveness bright spots but some-
what congruent with restricted species bright spots. The incongruence between ecological originality and
evolutionary distinctiveness bright spots has been observed in other taxa (Grenié et al., 2018; Vasconcelos
et al., 2019), this suggest that different processes shape these different rarity facets. Evolutionary distine-
tiveness bright spots are “museums” of diversity where a long evolutionary history is preserved (Mace et

al., 2003) while ecological originality bright spots may instead represent “cradles” where biodiversity emerge
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(Mace et al., 2003). We however, observed some congruence between evolutionary distinctiveness and ecolog-
ical originality in some regions (North of Canada, Florida, Atlantic Brazilian coast). Different process may
drive bright spots dynamics in different locations and at different scales. The incongruence of bright spots
call for innovative conservation actions that take into account phylogenetic, functional, and rarity facets

altogether in prioritization scheme (Arponen, 2012; Guilhaumon et al., 2015; Pollock et al., 2017).

Bright spots of ecologically original species showed high precipitation seasonality, low temperature seasonal-
ity, and low mean annual precipitation. We found no effect of past-climate stability, a small negative effect
of climate frequency and environmental heterogeneity, as well as small positive effect of climate extrem-
ity. Thus, all else equal, we showed that extreme, infrequent and homogeneous environments hosted more
ecologically original species than expected according to their species richness solely. This is in line with
our hypothesis of extreme environments selecting for particular combinations of traits. (Zanne et al., 2018)
Indeed among the most ecologically original species are species adapted to extreme environments such as
deserts and alpine environments (Table 1). For example, the most distinct species of our dataset is Aster
alpinus a small herbaceous plant adapted to alpine environments, which are quite extreme and infrequent at
the scale of the Americas. Other highly original species such as Juniperus osteosperma and Pinus monophylla
are adapted to deserts. More striking was the negative effect of environmental heterogeneity as the diversity
of environmental conditions is supposed to drive the diversity of species strategies locally (Stein et al., 2014).
As environmental heterogeneity alone cannot explain bright spots, we expect that a combination of factors
such as both homogeneous and extreme environments favour the specific adaptions of species. In summary,
contrary to our hypotheses we found no effect of climate stability on bright spots, and found little effects of

climate frequency, environmental heterogeneity and climate extremity.

Current environmental conditions were the main effects for bright spots of ecological originality. Different
climates may thus show different excess or deficit in global original plants species. Our study highlighted a
latitudinal gradient in the excess of original species with the Tropics harboring the greater excess in original
species. Of course this in line with the latitudinal gradient in species richness (Hillebrand, 2004). We would
expect by pure sampling effect we expect greater number of original species in species-rich environments
(Hillebrand, 2004). Through our null model analyses we explicitly controlled for the expected richness in
the community, meaning that the latitudinal gradient we observe is a gradient of excess of original species.
The excess of original species in Tropics maybe due to increased specialization at these latitudes (Antonelli
and Sanmartin, 2011; Brown, 2014). There is a latitudinal gradient in habitat specialization with a greater
number of habitat specialists in the tropics because of species lower environmental tolerances (Gaston and

Blackburn, 2000). The originality gradient we observe may thus be due to this specialization gradient as
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we expect original species to be specialized of a given environment. However, we also observe an excess of
original species in the North of Canada. These bright spots of originality may be caused by greater species
adaptations to the reigning extreme environmental conditions (Bjorkman et al., 2018; Zanne et al., 2018).

Different environmental factors may thus drive brights spots located in distinct regions.

We found a slight negative correlation between ecological originality and range size, underlining that original
species are globally more restricted than common species at continental scale. This negative relationship has
also been observed at the biome-scale (Echeverria-Londono et al., 2018). Original species may be specialized
to specific environmental conditions making them quite restricted in range. While common species are more
generalists, adapted to a wide range in environmental conditions (Denelle et al., 2020). Because there is
considerable variation over this relationship some species can show a restricted range while being ecologically
common such as Dirca occidentalis (a shrub endemic from San Francisco Bay Area) or have a wide range and
being ecologically original such as Chloris gayana (a grass that is extremely drought tolerant). The negative
relationship identified here however contrasts with the absence of (or the positive) relationship between
ecological originality and range size at global scale observed in other organisms (Chapman et al., 2018;
Cooke et al., 2020; Grenié et al., 2018). The low ecological originality observed between widespread species
of plants maybe linked to the similarity of traits needed to occur in a wide range of environmental conditions
(Diaz et al., 2016; Westoby et al., 2002). While for other species, there may not be a single combination
of traits that allows wide environmental tolerances. The observed negative relationship between range size
and ecological originality call for specific conservation actions regarding ecologically original and restricted

species as they may contribute uniquely to ecosystem functioning (Jain et al., 2014; Leitéo et al., 2016).

Ecological originality exhibited a moderate positive correlation with evolutionary distinctiveness. This is
inline with the predictions that evolutionary distinct species are likely to have more unique features (Faith,
1992; Redding and Mooers, 2015). However, this result depends on the considered taxonomic group (Supple-
mentary Figure S2), indeed Angiosperms showed similar positive correlation, while Gymnosperms showed a
stronger negative relationship between ecological originality and evolutionary distinctiveness (Cornwell et al.,
2014). These results are distinct from what has been observed on mammals (Violle et al., 2017), hydrother-
mal vents organisms (Chapman et al., 2018), coral reef fishes (Grenié et al., 2018), and birds (Cooke et al.,
2020), where no relationship between ecological original and evolutionary distinctiveness has been found. We
found a moderate relationship with considerable variation along it. These studies also used a greater number
of traits which can average out the evolutionary signal of a few traits (Tucker et al., 2018), while we focused
only on three traits that may show similar signal as they are physiologically highly constrained (Diaz et al.,

2016) Evolutionary distinctiveness has been used for a long time to prioritize species conservation and we

10
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suggested adding ecological originality to prioritization scheme (Isaac et al., 2007; Vane-Wright et al., 1991;

but see criticisms in Tucker et al., 2019).

Our study is the first to describe ecological originality and its drivers in plants in the Americas. Current
environmental conditions were the main drivers of the excess of original species. Our results question the
role of historical factors such as climate stability in shaping the distribution of original species in space, but
also in trait space. More investigations are needed on the links between ecological originality and species
evolutionary history to understand the effect of macro-evolutionary processes in determining current original

species.
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Figures

Table 1: Table of the top 25 functionally distinct species according to their LHS traits

SLA Plant Seed

Functional —(mm[P'™e[-  Height Mass
Group Order  Family Species Distinctiveness 1]) (m) (mg)
flowering Asterales Asteraceae Aster 3.83 119.64 0.08 1.17
plants alpinus
flowering SapindalesMeliaceae Carapa 3.81 10.93 60.00 17685.65
plants guianensis
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SLA Plant Seed

Functional (mm[(™8[-  Height Mass
Group Order  Family Species Distinctiveness 1)) (m) (mg)
flowering Fagales Casuarinacédasuarina 4.35 1.57 11.67 7.65
plants cristata
flowering Poales  Poaceae  Chloris 4.10 1.79 0.78 0.35
plants gayana
flowering Brassicale{Capparacea@ynophalla 4.33 1.62 6.62 67.00
plants flexuosa
flowering Poales  Poaceae  Digitaria 4.20 1.63 0.63 0.87
plants eriantha
flowering Poales  Poaceae  Eragrostis 4.32 1.60 0.53 0.21
plants curvula
flowering Poales  Poaceae  Eragrostis 3.81 2.13 0.48 0.96
plants superba
flowering Poales  Juncaceae Juncus 3.83 2.59 0.75 0.03
plants maritimus
gymnosperms CupressaldSupressacedeiniperus 4.66 1.28 8.46 26.62
(conifers) monosperma
gymnosperms CupressaldSupressacedainiperus 3.96 2.21 14.28 47.83
(conifers) occidentalis
gymnosperms CupressaldSupressacedeiniperus 4.46 1.55 7.87 112.34
(conifers) osteosperma
flowering Poales  Poaceae  Panicum 3.85 2.13 0.36 0.62
plants coloratum
gymnosperms Pinales Pinaceae Pinus 3.97 2.44 14.06  239.39
(conifers) edulis
gymnosperms Pinales Pinaceae Pinus 3.87 3.08 50.25 117.16
(conifers) jeffreyi
gymnosperms Pinales Pinaceae Pinus 4.87 1.32 11.02 47491
(conifers) monophylla

12
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SLA Plant Seed

Functional (mm[(™8[-  Height Mass
Group Order  Family Species Distinctiveness 1)) (m) (mg)
gymnosperms Pinales Pinaceae Pinus 4.19 1.95 27.30 8.88
(conifers) resinosa
flowering Fabales Fabaceae Prioria 3.98 11.05 38.83  50864.95
plants copaifera
flowering MalpighialgshizophoraBdaigophora 3.95 4.65 20.60 10100.00
plants mangle
flowering Poales  Poaceae  Setaria 3.85 2.05 0.66 0.75
plants sphacelata
flowering Poales  Poaceae  Sporobolus 4.42 1.50 0.72 0.16
plants pyramidalis
flowering Caryophylddeyophyllstedaria 4.27 176.28 0.34 0.37
plants media
flowering Fabales Fabaceae Swartzia 3.85 8.40 25.62  30236.00
plants polyphylla
flowering Poales  Poaceae  Tragus 4.12 2.14 0.08 0.28
plants berteronianus
flowering Santalales XimeniaceaXimenia 4.03 2.37 5.71  694.31
plants americana

13
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Figure 1: Relationship between ecological originality and trait, evolutionary distinctiveness,
and species range. (A) Principal component analysis of the traits of all 2093 species, with points colored
in function of their ecological originality; arrows show the projection of trait on the PCA axes; the 25 top
distinct species are labelled. (B) Relationship between ecological originality and evolutionary distinctiveness,
the correlation coefficient is indicated at the top of the plot, both x- and y- axes are in logl0 scale. (C)
Relationship between ecological originality and species ranges for species occurring in more than 10 sites,
the correlation coefficient is indicated at the top of the plot, both x- and y- axes are in log10 scale.
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Figure 2: Number of top 5% original, evolutionary distinct, and restricted species per 100km
by 100km assemblage and corresponding empirical p-value based on null models. (A, B, C)
each map shows the number of top 5% species for originality, evolutionary distinct, and restricted species
respectively. (D, E, F) the corresponding map of empirical two-sided p-values. If the value is under 0.05
then the pixel shows a deficit in top species, while when the value is over 0.95 the pixel shows an excess in
top species. The maps are shown in an equal area projection.
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Figure 3: Estimates of standardized environmental predictors from averaged beta regression
model of the empirical p-value of top 5% distinct species considering LHS traits. Points indicate
the estimated value while the error bar represents the standard error. The values of the estimates are
reported on top of the points with corresponding p-values coded as follow: ***= p<0.001, **= p<0.01,
*= p<0.05, .=p < 0.1, otherwise p > 0.1. Predictors are ranked by decreasing average linear estimates.
Predictors in blue show predictors with positive average estimates, while predictors in red show negative
average estimates. Circles show the value of the linear effect of predictors, while square show the value for
quadratic effect of predictors.
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Supplementary material

Supplementary Figure S1: Species Richness of subset of species included in the dataset.

Supplementary Figure S2: Relationship between Evolutionary Distinctiveness and Ecological
Originality, and Range Size and Ecological Originality in function of taxonomic group. (A)
Evolutionary distinctiveness vs. ecological originality. (B) Range size vs. ecological originality. The Spear-
man’s correlation coeflicients are indicated for each group in the top left of each (ferns n = 4; flowering plants
n = 2287; gymnosperms n = 76). Both evolutionary distinctiveness and ecological originality are computed

using all groups together. Note that both x and y axes are in logl0 scale.

Supplementary Figure S3: Single trait ecological originality in function of species range. (A)
Specific Leaf Area. (B) Maximum Plant Height. (C) Seed Mass. Each panel indicates the Spearman

correlation coefficient and the corresponding p-values.

Supplementary Figure S4: Maps of number of top X% species ecologically original species
based on all three LHS traits, or each one independently. (A-D) Number of top 1% ecologically
original species, (E-H) number of top 5% ecologically original species, (I-L) number of top 10% ecologically
original species. (A, E, I) All three LHS traits, (B, F, J) specific leaf area, (C, G, K) plant height, (D, H,

L) seed mass.

Supplementary Figure S5: Maps of empirical p-value of top X% distinct species depending on

the trait used and the percentage of species considered.

Supplementary Figure S6 Partial residuals plots from beta-regression models of empirical p-

value against environmental predictors.

Supplementary Figure S7: (A) Map of climatic frequency index; (B) map of environmental distinctive-

ness.
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Dans le chapitre précédent, nous avons présenté le cadre d’originalité fonctionnelle et étudier certains de
ces déterminants. Les especes originales fonctionnellement ont une contribution important au fonction-
nement des écosystemes. Pour garantir la stabilité de ceux-ci, il est donc important de protéger les especes
originales. Les objectifs de ce chapitre sont donc (i) d’évaluer dans quelle mesure les politiques de conser-
vation sont déja liées, implicitement, a l'originalité fonctionnelle; (ii) d’identifier des points chauds d’origi-
nalité fonctionnelle qui pourrait I'attention des politiques de conservation dans les cas ou il diftérerait des
points chauds de richesse spécifique; (iii) enfin détudier si des menaces pesent sur les especes originales en

particulier, par rapport aux especes communes.

La premiére partie de ce chapitre propose de décliner les deux premiers objectifs en étudiant une base de
données mondiale de poissons de récifs coralliens. Cette partie a fait 'objet d’une publication dans Biologi-

cal Conservation.

La deuxi¢me partie répond aux trois objectifs du chapitre, en se concentrant sur les mammiferes et les
oiseaux en utilisant un jeu de données mondial. Dans cette partie, nous évaluons les menaces qui peuvent
peser sur les especes originales, en évaluant diftérents facteurs d’impact humain. Nous quantifions ensuite
I'impact probable du changement climatiques sur les espéces originales par rapport aux espéces communes.

Larticle issu de cette partie est en révision pour Nature Ecology and Evolution.
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conservation strategies.

Characterizing functional diversity has become central in ecological research and for biodiversity assessment.
Understanding the role of species with rare traits, i.e. functionally rare species, in community assembly, eco-
system dynamics and functioning has recently gained momentum. However, functional rarity is still ignored in

Here, we quantified global functional and evolutionary rarity for 2073 species of coral reef fishes and
compared the rarity values to IUCN Red List status. Most species were functionally common but geographically

rare. However, we found very weak correlation between functional rarity and evolutionary rarity. Functional
rarity was highest for species classified as not evaluated or threatened by the IUCN Red List. The location of
functional rarity hotspots (Tropical Eastern Pacific) did not match hotspots of species richness and evolutionary
distinctiveness (Indo-Australian Archipelago), nor the currently protected areas. We argue that functional rarity
should be acknowledged for both species and site prioritization in conservation strategies.

1. Introduction

Current conservation plans and policy decisions largely rely on the
evaluation of taxonomic diversity, at both local and large scales (Davies
et al., 2017; Hidasi-Neto et al., 2013; Rosenfeld, 2002; Thuiller et al.,
2015). For example, current protected areas mostly match with biodi-
versity hotspots defined by species number for a given area (Brum et al.,
2017; Davies et al., 2017; Devictor et al., 2010; Pollock et al., 2017). At
the species level, one major conservation tool is the Red List of the
International Union for Conservation of Nature (IUCN) (Rodrigues
et al., 2006), which still ignores the diversity of biological attributes
(traits and genes) supported by species (Vié et al., 2009). However,
assessing the diversity of organismal evolutionary history has become
central to biodiversity monitoring and analysis (Cadotte et al., 2013), as
well as accounting for organismal traits that are linked to species per-
formance and niche axes (Diaz and Cabido, 2001; Stuart-Smith et al.,
2013; Violle et al., 2007; Violle and Jiang, 2009), so to species coex-
istence and ecosystem dynamics (McGill et al., 2006; Violle et al., 2007)
but also to species functional distinctiveness or uniqueness (Chase,
2013; Godet et al., 2015; Jain et al., 2014; Mouillot et al., 2013; Murray

* Corresponding author.
E-mail address: matthias.grenie@cefe.cnrs.fr (M. Grenié).

https://doi.org/10.1016/j.biocon.2018.08.011

et al., 2002; Pavoine et al., 2005; Violle et al., 2017b). In this context, it
appears urgent to bring organismal functions - e.g., using functional
traits as proxies (Diaz and Cabido, 2001; Violle et al., 2007) - into the
global conservation agenda (Cadotte et al., 2011; Naeem et al., 2012;
Pollock et al., 2017).

Conservation efforts usually focus on subsets of emblematic or
threatened species and habitats due to limited resources (Arponen,
2012). With the ongoing extinction crisis (Ceballos et al., 2017), much
emphasis has been put on prioritizing the protection of rare species and
their habitat (Cofre and Marquet, 1999). Species' population size,
geographical range and habitat breadth together define several forms of
rarity reflecting the potential vulnerability of species to demographic
extinctions and habitat alteration (Rabinowitz, 1981). More recently,
phylogenetic relationships have been included in species rarity assess-
ment (Isaac et al., 2007; Redding et al., 2010). In the same vein, Violle
et al. (2017b) have recently proposed a framework to define functional
rarity, accounting for both distinctiveness of species trait values and
species geographical range size. After considering a pool of species and
a spatial scale, the functional rarity of a species can be quantified based
on both the distinctiveness of its trait values compared to the other

Received 18 October 2017; Received in revised form 27 July 2018; Accepted 17 August 2018

Available online 29 August 2018
0006-3207/ © 2018 Elsevier Ltd. All rights reserved.



156

M. Grenié et al.

species of the pool and its geographical range compared to the geo-
graphic extent of the study. In this framework, a species can be geo-
graphically rare because of its small range size, but at the same time
common in terms of its traits. Conversely, a species can be geo-
graphically common with a large range size, but rare in terms of traits.
The same framework can also apply to define phylogenetic rarity which
is already included in species rarity assessment (Isaac et al., 2007;
Redding et al., 2010). Functional rarity as defined by Violle and col-
leagues mirrors the concept of functional redundancy (Ricotta et al.,
2016; Yachi and Loreau, 1999). Functional redundancy is the fact that a
group of individuals (or species) at a given site share similar functions,
thus being redundant. While, functional redundancy focuses at the site-
level on shared functions, functional rarity concentrates on unshared
functions at the species-level.

Previous works only examined the amount of phylogenetic rarity in
biodiversity hotspots covered by protected areas (Mouillot et al., 2016),
as it represents a crucial evolutionary heritage and potential for adap-
tation (Forest et al., 2007), but ignored functional rarity. When they did
include functional rarity, phylogenetic and functional rarity did not
necessarily match between species (Violle et al., 2017b; Winter et al.,
2013). For example, carnivores at a global scale have concordant
functional and phylogenetic rarity values (Dalerum, 2013), allowing
consistent strategies to conserve both dimensions. Yet, other studies
have reported a decoupling of taxonomic, phylogenetic and functional
rarities across space (Gongcalves-Souza et al., 2014; Hidasi-Neto et al.,
2013, 2015). If a decoupling between the different dimensions of rarity
emerges at a global scale, we need to reassess whether current con-
servation practices, and especially protected areas, cover the hotspots
of functional, phylogenetic and taxonomic rarity (Pollock et al., 2017).
In addition to local and regional conservation initiatives, a global
species-based assessment of functional rarity can pinpoint areas or taxa
that need further protection (Mouillot et al., 2016; Pollock et al., 2017).

Coral reef ecosystems are the most diverse marine systems, con-
taining about 30% of all multicellular marine species (Fisher et al.,
2015). They provide important ecosystems functions and services, in-
cluding nitrogen cycling and larvae nurseries, as well as fisheries and
shoreline protection (Harborne et al., 2006; Moberg and Folke, 1999).
Coral reef ecosystems are currently facing multiple threats (Bellwood
et al., 2004; Hoegh-Guldberg et al., 2007; Hughes et al., 2018). They
notably experience massive, rapid and repeated coral bleaching events
(Hughes et al., 2018; van Hooidonk et al., 2014; Wilson et al., 2006).
These disturbances lead to a decrease in fish diversity and abundance
potentially leading to a loss of key ecosystem functions and services
(Pratchett et al., 2011; Rogers et al., 2018). Indeed, some fish species
have unique combinations of traits (Mouillot et al., 2013) or perform
unique functions on reefs (Bellwood et al., 2006), and as such deserve
conservation attention. Furthermore, coral reef fishes show high func-
tional vulnerability (Mouillot et al., 2014; Parravicini et al., 2014),
because many combinations of functional traits are supported by only
few species. However, the global geographic distribution of functional
rarity is virtually unknown for coral reef fishes. The density of func-
tionally rare species may simply match with species richness hotspots,
such as the Coral Triangle, owing to a sampling effect, or it may peak in
other areas where coral reef fishes have an original evolutionary his-
tory. Here we examined the global distribution of functional rarity in
coral reef fishes and how it relates to their evolutionary rarity, to IUCN
Red List Status and conservation efforts.

2. Material and methods
2.1. Fish occurrences

We used a worldwide database of reef fish presence-absence across
tropical oceans (Parravicini et al., 2013), aggregated from almost 500

references (Kulbicki et al., 2013). The initial data contained both tro-
pical and coral reefs, however, we limited our study to locations
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containing coral reefs for easier comparison between sites, ending with
259 cells of 5° by 5° (corresponding to ~555km by 555km at the
Equator, see Fig. Al for details on data selection). We selected 2073
species (over 6300 reported coral reef fish species) for which functional
trait information and the position on a phylogenetic tree were avail-
able. These species belong to 19 fish families (over 169 occurring on
coral reefs) that are dominant on coral reefs (Kulbicki et al., 2013). Our
sub-sampling of species compared to the full range of species did not
change the relative species richness across cells (see Fig. A2, Spearman's
rho = 0.99, p < 0.001).

2.2. Trait data

We considered six categorical functional traits representing the
ability of tropical-reef fish species to forage resources and to reproduce
(Mouillot et al., 2014; Villéger et al., 2017, see Appendix B for detailed
links between traits and functions). Fish size (total body length) was
coded using six ordered categories: 0-7 cm, 7.1-15cm, 15.1-30 cm,
30.1-50 cm, 50.1-80 cm, and > 80cm of body length. Mobility was
coded using three ordered categories: sedentary (including territorial
species), mobile within a reef, and mobile between reefs. The period of
activity was coded using three ordered categories: diurnal, both diurnal
and nocturnal, and nocturnal. Schooling was coded using five ordered
categories: solitary, pairing, or living in small (3-20 individuals),
medium (20-50 individuals), or large (> 50 individuals) groups. Ver-
tical position in the water column was coded using three ordered ca-
tegories: benthic, bentho-pelagic, and pelagic. We defined seven trophic
categories based on the main items consumed by each species: herbi-
vorous-detritivorous (i.e., fish feeding on turf or filamentous algae and/
or undefined organic material), macro-algal herbivorous (i.e., fish
eating large fleshy algae and/or seagrass), invertivorous targeting ses-
sile invertebrates (i.e., corals, sponges, ascidians), invertivorous tar-
geting mobile invertebrates (i.e., benthic species such as crustaceans),
planktivorous (i.e., fish eating small organisms in the water column),
piscivorous (including fish and cephalopods), and omnivorous (i.e., fish
for which both vegetal and animal material are important in their diet).

2.3. Fish IUCN status

We used the taxize package v.0.7.8 (Chamberlain et al., 2016;
Chamberlain and Szocs, 2013) to retrieve up-to-date IUCN status for
fishes (IUCN, 2017). For easier interpretation, we grouped species into
four categories depending on their threat level: Critically Endangered
(CR), Endangered (EN) and Vulnerable (VU) species as “Threatened”
(n = 56); Least Concern (LC) and Near Threatened (NT) species as “Not
Threatened” (n = 1011); Data Deficient (DF) species as “Data Defi-
cient” (n = 120) and species without known status as “Not Evaluated”
species (n = 886). We found no difference (p = 0.11, Fisher's exact test
for count data) in the proportion of species in each threat group be-
tween our subset of 2073 species and the 6300 known species of coral
reef fishes (Fig. A3). The proportions of species in each status differed
between the Atlantic and Indo-Pacific realms (x2 =121, d.f. =3,
p < 0.001) (Fig. A4).

2.4. Functional rarity components

We computed Gower's pairwise distances between species because
we had both ordinal and nominal traits (Gower, 1971). We used the
dist.ktab () function in ade4 v.1.7-6 to compute the distances (Dray
and Dufour, 2007; Pavoine et al., 2009). We computed rarity compo-
nents based on the framework of Violle et al. (2017b) and the funrar
package v.1.2.0 (Grenié et al., 2017; Violle et al., 2017a). We estimated
functional distinctiveness D; of species i using functional dissimilarities,
representing how rare the traits of a given species are compared to all
the other species globally as:
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where d; was the functional distance between species i and j and N the
total number of species in the species pool. The functional distances d;;
were scaled between 0 and 1. D; captured how different are the traits,
on average, of a given species compared to the rest of the species pool.
D; was equal to one when species i was maximally different to the other
species. We tested the influence of the species pool definition from
which functional distinctiveness was extracted. To this aim, we split the
cells into two realms—Atlantic and Pacific—and estimated species
distinctiveness values separately in each realm. There was a strong
correlation between realm-specific and global distinctiveness values
(see Fig. A5; Spearman's rho = 0.82, p < 0.001 for Atlantic; Spear-
man's tho = 1, p < 0.001 for Indo-Pacific).

We performed a sensitivity analysis to check whether specific traits
had strong influences on functional distinctiveness values: we left out
each trait one by one and recomputed functional distinctiveness values
using the five remaining traits. The recomputed functional distinctive-
ness values correlated strongly with functional distinctiveness obtained
from all the traits (Fig. A6, Spearman's rho > 0.86 for all the combi-
nations).

We defined geographical restrictedness of species i, R;, as:

K;

Ri=1-—,
Ktot

(2)
where K; was the number of cells where species i was present and K,
the total number of cells. R; was close to one for a species present at a
single site only, and was equal to zero for a species present in all sites
over the whole geographic range considered (here all coral reefs cells).
Because each cell did not contain the same habitat area, we also com-
puted restrictedness acknowledging relative reef area, i.e., K; was then
the cumulated habitat area in all the cells where species i was present
and K, the sum of habitat area in all cells. The correlation between
geographic restrictedness estimated on coral reefs and on coral plus
tropical reefs was high (Fig. A7, Spearman's rho = 0.98, p < 0.001).
Estimating the range of species based on coral reef cells only marginally
changed the estimate of relative range size between species.

We combined the two indices into a synthetic index of functional
rarity (FR), to rank the functionally rarest species:

— Di,sc + Ri,sc

FRi = ————,

2 3

where D; ; was the functional distinctiveness of species i scaled between
zero and one and R; . the restrictedness of species scaled between zero
and one. FR; weighs equally species with very distinct traits (high D;)
and species present in a few cells (high R;). A species with FR; close to
one was both very restricted in geographic distribution (high R; ) and
had very distinct traits compared to the rest of the species pool (high
Di)'

2.5. Evolutionary distinctiveness

We used the supertree of coral reef fish taxa provided by Leprieur
et al. (2016). Even though this tree comprises a large number of poly-
tomies, it is one of the most exhaustive phylogenetic tree available for
coral reef fishes, and as such, is well-suited to study global patterns of
fish functional rarity. Based on the phylogenetic relationships among
taxa, we computed their Evolutionary Distinctiveness (Isaac et al.,
2007). The Evolutionary Distinctiveness of species i, ED;, is high when
the species has a long unshared branch length with all the other species.
The more “isolated” a species is in a phylogenetic tree, the higher its
evolutionary distinctiveness. We computed ED using the picante
package (Kembel et al., 2010) v.1.6-2 and the fair proportion option
following Isaac et al. (2007).

We computed an evolutionary equivalent of FR; for species i,
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denoted as Evolutionary Rarity ER;:

_ EDi,SL' + Ri,xc

ER;
2

4
where ED; ;. was the scaled evolutionary distinctiveness between zero
and one of species i, and R; . the scaled geographic restrictedness be-
tween zero and one of species i. ER; weighs equally species that are
highly evolutionary distinct (high ED;) and species present in a small
number of cells (high R;). A species with ER; close to one was both very
restricted in geographic distribution (high R;,) and very distinct in
phylogenetic history, having a very long branch length separating it
from the rest of the species pool (high ED;,). A species with inter-
mediate values of both ED; and R; could also have a high ER; value.

2.6. Statistical analyses and maps

All analyses were carried out using R (R Core Team, 2017) v.3.4.1.

A Principal Coordinates Analysis (PCoA) identified orthogonal di-
mensions determining the variation in functional distances (pcoa ()
function in the ape package v.4.1, Paradis et al., 2004). We assessed the
contribution of the elementary traits to these dimensions, and re-
presented how the functional rarity components varied along the di-
mensions. The axes were selected as their explained variance was
greater to the null expectation of a broken stick model (Legendre and
Legendre, 2012). We found no systematic bias in terms of occupation of
the total functional trait space between our subset of species and the
global set of 6316 tropical reef species (see Fig. A8, Spearman's = 0.98,
p < 0.001).

To illustrate rarity hotspots and coldspots on the map we ranked all
the species according to each above-mentioned index, and we counted
the number of species per cell that were in the global top 10% (highest
10%) for each index. Because choosing a 10% threshold is still arbi-
trary, we also performed the analyses with 5% and 15% thresholds, but
it did not change the results qualitatively (see Fig. A9). The number of
top 10% evolutionary rare species at a site can be related to phyloge-
netic endemism (PE) as defined by Rosauer et al. (2009). We did find a
strong correlation between this number of top 10% ER species and PE
(see Fig. A11).

In order to assess to what extent the differences in the number of
top-ranked species were primarily driven by species richness differ-
ences between cells we used null models (Gotelli and Graves, 1996). We
used the curveball algorithm (Strona et al., 2014) from the nullmodel
() function in the vegan package v.2.5-2 (Oksanen et al., 2018). The
curveball algorithm randomizes the presences of species across cells
while keeping the same species richness at each cell, and the same
number of occurrences for each species. We computed 2000 permuta-
tions and for each of them we counted the number of top 10% species at
each cell. For each cell we then compared the observed values to the
randomized ones using the Standard Effect Size score (SES) computed
as the difference between the observed value and the mean of predicted
values by the null model, divided by the standard deviation of predicted
values:

~

Ij,Obs - Ij,Pred

SES;(I) = ———"—
J( ) Sd(Ij,Pred)

()

where j is the cell, I the index of interest, I o3 the observed index at cell
Js I; prea the average of predicted indices at cell j and sd(I; prq) the
standard deviation of the predicted indices. The SES score measures
how much the observed value is far from the values predicted by the
null model accounting for species richness. If the number of top species
in the cell was driven by species richness only, SES scores should be
close to 0. On the contrary, an SES score with a great absolute value
means that this null hypothesis is less probable (Gotelli and Graves,
1996).

We compared the obtained maps using a modified version of the t-
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Fig. 1. Biplots showing the relationships between the various components of species rarity by IUCN status. The plots in the upper right triangle above the diagonal
indicates the Spearman correlation between components for each IUCN threat group. The diagonal shows the density plot for each component per IUCN threat group.
Plots in the lower left triangle under the diagonal are scatterplots linking two components with each dot representing a single species with color representing its IUCN

threat group.

test to account for spatial autocorrelation (Dutilleul et al., 1993). We
used the SpatialPack package v.0.2-3 (Osorio and Vallejos, 2014).

We performed a multiple comparison Kruskal-Wallis rank-sum test
to compare rarity components across IUCN groups. We used the
kruskal () function of the agricolae package v.1.2-6 (de
Mendiburu, 2017). We also performed post-hoc tests using Fisher's least
significant difference to differentiate between groups.

We calculated the Pagel's A value of phylogenetic signal of species
rarity components, using the fitContinuous () function in the
geiger package v.2.0.6 (Harmon et al., 2008). Because Pagel's \. works
only on binary trees, we resolved the polytomies randomly 30 times
using the multi2di () function in the ape package v.4.1 (Paradis
et al., 2004): the different A values changed only by < 0.1%.

2901

3. Results

The distributions of functional distinctiveness and restrictedness
were highly skewed (Fig. 1, panels on the diagonal), with most species
being functionally common and geographically restricted, while evo-
lutionary rarity showed a more symmetrical distribution. Functional
distinctiveness was significantly but weakly correlated with both geo-
graphic restrictedness (Spearman's p = —0.09, p < 0.001) and evolu-
tionary distinctiveness (Spearman's p = —0.08, p < 0.001). Geo-
graphic restrictedness showed the strongest correlation with
evolutionary distinctiveness (Spearman's p = 0.21, p < 0.001).

The first two axes of the functional space explained 51.6% of trait
variance among fishes (Fig. 2). The first axis differentiated big, large
schooling and planktivorous species from small, solitary and
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Fig. 2. Principal Coordinates Analysis (PCoA) representing the functional space of coral reef fishes based on their traits. The first two axes explain 51.6% of the
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distinctiveness (D) Colored by geographical restrictedness.

omnivorous species. The second axis differentiated mobile species with
highly specialized diet (planktivorous or piscivorous) from sedentary
generalist (invertivorous, omnivorous) species (correlations between
traits and axes in Table Al). We mapped the scores of the five most
species-rich families on these axes (Fig. 2B). Because most species of
these families were sedentary and benthic, they were located in the
lower half of the functional space. Functional distinctiveness was cor-
related with the second axis (Fig. 2C) (Spearman's p = 0.71,
p < 0.001), but not with the first axis (Spearman's p = —0.02,
p > 0.1), i.e., species with large schools and large body size were
functionally more distinct. Geographic restrictedness was weakly cor-
related with the two axes (Fig. 2D) (Axis 1: Spearman's p = —0.05,
p = 0.03; Axis 2: Spearman's p = —0.10, p < 0.001), while functional
rarity was weakly correlated with the first axis but more strongly with
the second one (Axis 1: Spearman's p = —0.09, p < 0.001; Axis 2:
Spearman's p = —0.36, p < 0.001). Evolutionary distinctiveness was
weakly correlated with the first axis (Axis 1: Spearman's p = 0.15,
p < 0.001; Axis 2: Spearman's p = 0.03, p = 0.11), while evolutionary
rarity was correlated with neither axis (Axis 1: Spearman's p = 0.01,
p = 0.68; Axis 2: Spearman's p = —0.07, p = 0.002).

Across IUCN threat groups, functional distinctiveness was the
highest for Not Evaluated species, followed by Threatened and Data
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Deficient species (Fig. 3A) (Kruskal-Wallis Xz =262, d.f. =3,
p < 0.001). Not Threatened species had lowest functional distinc-
tiveness on average. Geographic restrictedness was the highest for
Threatened species (Fig. 3B), followed by Data Deficient species, Not
Threatened species and finally Not Evaluated species (Kruskal-Wallis
x2 =93, df. = 3, p < 0.001). This was expected as geographic re-
strictedness is directly related to species range size which is a criterion
for the IUCN assessment. Functional rarity (Fig. 3C) was the highest for
Threatened and Data Deficient species (Kruskal-Wallis Xz = 58.9,
d.f. = 3, p < 0.001). Not Threatened species had the lowest functional
rarity. Evolutionary distinctiveness was the highest for Data Deficient
and Not Evaluated species (Kruskal-Wallis x2 =18, df. =3,
p < 0.001). Evolutionary rarity (Fig. 3D) was the highest for Threa-
tened and Data Deficient species and the lowest for Not Threatened and
Not Evaluated species (Kruskal-Wallis x* = 18, d.f. = 3, p < 0.001).
Bivariate relationships between rarity components showed very
contrasted correlation coefficients between IUCN threat groups (Fig. 1).
Functional distinctiveness and evolutionary distinctiveness were nega-
tively correlated for Threatened and Data Deficient groups (Spearman's
p = —0.36, p = 0.006; and Spearman's p = —0.26, p = 0.004 respec-
tively), while this correlation was positive for Not Evaluated species
(Spearman's p = 0.2, p < 0.001) and Not Threatened species showed
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no correlation (Spearman's p = —0.04, p = 0.27). Functional distinc-
tiveness and geographic restrictedness also exhibited different correla-
tion coefficients between groups: Threatened and Not Evaluated species

had a moderate negative correlation (Spearman's p = —0.30, p = 0.03;
Spearman's p = —0.21, p < 0.001), while Data Deficient and Not
Evaluated species had no clear correlation (Spearman's p = —0.10,

p = 0.27; Spearman's p = 0.05, p = 0.11).

Functional distinctiveness had a higher Pagel's A value (A = 0.85)
than functional rarity and restrictedness (. = 0.70 and A = 0.68, re-
spectively), while the phylogenetic structuring did not depart from a
Brownian model of trait evolution. The randomly resolved polytomies
had little effect on A values. The two families with the highest func-
tional rarity value were the Caesionidae and the Carangidae. Caesionidae
had a mean functional rarity of 0.66, while other families had a mean of
0.4 (see Fig. 4). These families were functionally rare because most of
their species live in large schools, have specialized diets (Carangidae are
piscivores, while Caesionidae are planktivores), and are very mobile
across reefs.

We counted the number of top 10% rare species in each 5° by 5° cell
and examined the spatial congruence of rarity hotspots. Functional
rarity hotspots poorly matched with evolutionary distinctiveness hot-
spots (Corrected Pearson's p = 0.19, F = 1.18, p = 0.29, see all tests in
Table A2). The Indo-Australian Archipelago (IAA), as well as Eastern
Africa, showed the highest number of top 10% functionally distinctive
species (Fig. 5A), while the top 10% evolutionary distinctive species
(Fig. 5E) were concentrated in the IAA. However, the highest number of
top 10% functionally rare species was located in the Tropical Eastern
Pacific (Fig. 5C). The number of most evolutionarily rare species peaked
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in the Caribbean as well as East China Sea and the South of Japan
(Fig. 5G). When using null models, the IAA had a lower than expected
number of top 10% functionally and evolutionarily rare species while
reefs in the Tropical Eastern Pacific or along the East African coast host
more top rarest species than expected given the number of species. The
Arabic Peninsula, as well as the Tropical Eastern Pacific exhibited SES
values over 3 for all indices, i.e, higher number of top 10% species than
expected from the null models, while the Caribbean had SES values
under —3 only for functional distinctiveness and around 3 for all the
other indices.

There was a negative relationship between the protection percen-
tage on a grid cell (using strict protection definition, see Mouillot et al.,
2016) and the number of top 10% functionally distinct species (cor-
rected Pearson's p = —0.20, F = 7.86, p = 0.006). Grid cells with the
highest number of top 10% functionally distinct species were in areas
with low protection coverage, such as the Tropical Eastern Pacific.
Furthermore, there was no relation between protection coverage and
functional rarity at the grid cell scale (corrected Pearson's p = 0.02,
F = 0.05, p = 0.83).

4. Discussion

We used a global dataset on coral reef fishes to assess the geographic
distribution of their functional and phylogenetic rarity, and the degree
to which rarest species were under IUCN conservation status.
Functional rarity correlates with specific trait values such as large body
size and large schools (> 50 individuals). Functional rarity also reveals
novel hotspots in areas that are less speciose and far from the Indo-
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4.1. Functional and evolutionary rarity hotspots

Functional rarity hotspots are mainly located in the Tropical Eastern
Pacific region and in the Caribbean, while evolutionary rarity hotspots
are concentrated in the Indo-Australian Archipelago. The rarity hot-
spots, are consistent with what has already been shown according to the
history of coral reef fish diversification and the influence of con-
nectivity among regions (Cowman and Bellwood, 2013). Indeed, highly
connected regions, such as the Indo-Australian Archipelago, host spe-
cies that are less restricted in their distribution (low restrictedness) and
thus exhibit lower functional rarity value. On the contrary, less con-
nected regions, such as the Tropical Eastern Pacific or the Atlantic, have
been isolated for longer (Pellissier et al., 2014). In addition, the ex-
tinction process in isolated regions is not balanced by colonization and
induces lower diversity (Pellissier et al., 2014). Assuming random ex-
tinctions among all species, this lower diversity tends to increase
functional distinctiveness, with less species having the same functional
traits. All these combined factors make functional rarity to be higher in
less connected regions, as in the Eastern Pacific. We must also take into
account the isolation from coral reef Quaternary refugia, which ex-
plains patterns of diversification in the IAA (Pellissier et al., 2014). This
refugia is located near the IAA, region exhibiting the highest species
diversity, and thus lower overall functional differentiation, because of
hosting more species in a similar trait space. Functional rarity hotspots
could thus be explained by the history and biogeography of coral reef
fishes.

4.2. Evolutionarily and functionally distinct species

Functional and evolutionary distinctiveness are correlated differ-
ently depending on the IUCN threat group. Furthermore, functional
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Fig. 4. Phylogenetic tree of coral reef fishes with functional
distinctiveness values on terminal branches representing
species. Family names are indicated on the outside ring. The
colors of the families are only a visual cue to read the
phylogenetic tree, they have no meaning per se. Grey and
black labels may overlap because of non-monophyletic fa-
milies. The extent of families is indicated by the colored
rings. Caesionidae and Carangidae both have a higher mean
functional distinctiveness than other families.

rarity does not depart from a Brownian model of trait evolution across
the phylogeny, which suggests that closely related species share a more
similar functional rarity value than distantly related species.

The relationship between evolutionary (ED) and functional dis-
tinctiveness depends on the mode of trait evolution, the rates of spe-
ciation and extinction in a clade, and the interaction between these
processes (Thuiller et al., 2015). Species lacking close relatives are
likely to exhibit more distinct combinations of traits due to some unique
evolutionary history. However, this is far from being a strict rule, as
highlighted by the presence of both quite functionally ordinary (e.g.
Omilteme rabbit) and quite distinct (e.g. northern hairynosed wombat)
species on the mammal EDGE list (Isaac et al., 2007). Particular traits
can impact evolutionary distinctiveness if they affect diversification
rates. For example, some traits have been identified as driving higher
extinction rates, making surviving taxa to be evolutionarily more dis-
tinct. For example, body size is often correlated with extinction risk
(Davies et al., 2008; Lee and Jetz, 2011). Trait values can also be as-
sociated with differences in speciation rates between clades — for ex-
ample, body size was found to be positively correlated with speciation
rates in fishes (Rabosky et al., 2013). The influence of factors such as
convergent evolution and niche conservatism on the relationship be-
tween ED and functional distinctiveness is still poorly explored. A
comprehensive perspective on how functional and evolutionary dis-
tinctiveness relate across different taxa is necessary to guide con-
servation prioritization.

We used a recently published super-tree comprising over 2000
species of coral reef fishes (Leprieur et al., 2016) to assess ED. However,
because this super-tree contains many polytomies at the genus level, the
estimation of evolutionary distinctiveness may be biased. Indeed,
polytomies induce high long terminal branches at the genus level,
giving high ED scores to the sub-tending species. Fully resolved phy-
logenies would provide a better estimation of the link between func-
tional and evolutionary distinctiveness but are not yet available.
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Fig. 5. Maps showing the global distribution of the number of top 10% coral reef fishes per cell for each species rarity component and the corresponding Standard
Effect Size (SES) from a null model correcting for species richness. (A) Functional distinctiveness, (B) SES for functional distinctiveness; (C) Functional rarity, (D) SES
for functional rarity; (E) Evolutionary distinctiveness sensu Isaac et al., 2007, (F) SES for evolutionary distinctiveness; (G) Evolutionary rarity, (H) SES for evolu-
tionary rarity. For the number of species in the top 10% (left column) for each component color scales linearly with the values and independently in each panel while

color scale for SES values similarly across panels (right column).

4.3. Do we currently protect the functional rarity of coral reef fishes?

Geographic restrictedness is logically highest for Threatened species
and lowest for Not Evaluated taxa. It confirms the importance of the
Extent Of Occurrence (EOO) criteria when defining the threat status in
the IUCN Red list. However, we also show that species not yet
Evaluated by IUCN have higher Functional Rarity than species listed as
“Not Threatened”, while Not Evaluated taxa have higher
Distinctiveness than other categories. In addition, Data Deficient spe-
cies is the second functionally rarest group (see Fig. 3). Since func-
tionally rare species differ in traits compared to other species (low re-
dundancy), they may support rare ecosystem functions that would not
be supported by other species (Mouillot et al., 2013). Then some species
among the Not Evaluated and Data Deficient groups are certainly eco-
logically unique in their roles while being ignored in conservation
strategies. Functional rarity could then become a future prioritization
criterion for IUCN within these groups (Arponen, 2012), see for ex-
ample the top 20 functionally rarest species that are Data Deficient
(Table 2).

Not Threatened species consistently show lower values of all con-
sidered rarity components than Threatened and Data Deficient species.
However, there are several outlier taxa in the Not Threatened group.
Eleven out of twenty species with the highest functional rarity come
from the Not Threatened group (Table 1), and would deserve particular

conservation attention because of their low functional redundancy and
possibly specific role. This finding validates the use of functional rarity
as a new facet to identify species that are not threatened in terms of
demography and geographic distribution but are still likely to support
unique functions on coral reefs.

Threatened species tend to exhibit high functional rarity values,
although it is not yet a conservation criterion. Furthermore, we find a
negative relationship between the protection percentage on a given grid
cell (using strict protection definition, see Mouillot et al., 2016) and the
number of top 10% functionally distinct species present in that cell.
Altogether these results suggest a spatial mismatch between conserva-
tion efforts and functional rarity. For instance, current conservation
efforts cannot efficiently protect some of the functionally rarest coral
reef fish families such as Carangidae or Caesionidae, since being highly
mobile predators (D'agata et al., 2016a). Therefore these families would
need alternative specific conservation measures like giant protected
areas (e.g. Chagos), quotas or gear restrictions (Graham et al., 2017;
Singleton and Roberts, 2014).

Functional rarity is an appealing concept to study both applied and
theoretical ecology but its computation must be handled with care. The
significance of functional rarity critically depends on the traits and the
spatial scale (Violle et al., 2017a). We selected functional traits re-
presenting key ecological strategies of coral reef fishes (Mouillot et al.,
2014; see Appendix B1 for trait-function details). We used a distance
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Table 1
Top 20 species with highest functional rarity value.
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means the species has no IUCN status.

Geographic restrictedness TUCN threat group TUCN status

Species Functional rarity Functional distinctiveness
Xenistius californiensis 0.986 0.652
Lutjanus peru 0.959 0.635
Caranx hippos 0.904 0.616
Carangoides bartholomaei 0.898 0.616
Seriola quinqueradiata 0.897 0.593
Trachurus trachurus 0.868 0.566
Seriola peruana 0.862 0.566
Carangoides ruber 0.859 0.589
Caranx crysos 0.859 0.589
Pseudocaranx wrighti 0.858 0.566
Seriola hippos 0.857 0.593
Caesio suevica 0.856 0.562
Lutjanus novemfasciatus 0.854 0.562
Lutjanus viridis 0.853 0.563
Chloroscombrus chrysurus 0.852 0.580
Caranx caballus 0.850 0.566
Caesio striata 0.848 0.558
Decapterus punctatus 0.842 0.562
Pseudocaranx dinjerra 0.841 0.544
Caranx latus 0.837 0.571

0.969 Not Threatened LC
0.965 Not Threatened LC
0.911 Not Threatened LC
0.900 Not Evaluated -
0.961 Not Evaluated -
0.981 Threatened \4¢)
0.969 Not Threatened LC
0.900 Not Evaluated -
0.900 Not Threatened LC
0.961 Not Evaluated -
0.884 Not Evaluated -
0.969 Not Evaluated -
0.965 Not Threatened LC
0.961 Not Threatened LC
0.911 Not Threatened LC
0.946 Not Threatened LC
0.965 Not Evaluated -
0.942 Not Threatened LC
0.988 Not Evaluated -
0.907 Not Threatened LC

metric (Gower) to scale ordinal traits appropriately, functional dis-
similarities—used to compute functional rarity indices-should be
adapted to the nature of traits used (Pavoine et al., 2009). Also, the
estimation of functional rarity depends on the spatial scale considered,
here, the functional dissimilarities were considered only at global scale
(but see Fig. A5), but finer scales (realms, regions or local) could be
used and as such affect the results.

Furthermore, we studied coral reef fishes using presence-absence
data, but if available, functional rarity components could be computed
with abundance data (Violle et al., 2017a, 2017b). We also did a sen-
sitivity analysis to ensure that the patterns of functional rarity we ob-
served were not the result of a single trait driving the entire signal (see
Fig. A6). Whether functional rarity is used in species assessments for
conservation planning or for investigating fish biodiversity dynamics,
the number and the nature of selected traits should be justified.

4.4. Functional rarity and insurance

Our study extends previous works on the lack of functional in-
surance in species-poor areas (Bender et al., 2017). Functional in-
surance describes the potential resilience in ecosystem functions that

Table 2
Top 20 Data Deficient species with the highest functional rarity value.

results from redundancy, the fact that several species share the same
characteristics in a given area and in the functional composition of a
given ecosystem (Yachi and Loreau, 1999). Functional redundancy is a
key component of functional insurance (Nystrom, 2006). Functional
redundancy is directly linked to functional distinctiveness in a com-
munity, because the higher the functional redundancy the lower the
community-level functional distinctiveness (Ricotta et al., 2016). The
most functionally distinct specie are the least functionally redundant
compared to the species pool. Thus sites harboring a high number of
functionally distinct species may show the least functional redundancy
such as in the Tropical Eastern Pacific. The functional groups with the
least number of species may support non-redundant ecosystem func-
tions across the Indo-Pacific region (D'agata et al., 2016b). Further-
more, vulnerability of fish species depends on their specific combina-
tion of traits; for example, large fishes are more susceptible to human
impact (Mellin et al., 2016), or they can be more targeted by fishing
depending on their trophic status, diet or size (Micheli et al., 2014). The
vulnerability of ecosystem functions could also suffer from an ecolo-
gical “inactivation threshold” under which, if a species has a lower
abundance than the threshold, the function is not supported or active
anymore (Soliveres et al., 2016). Non-linear effects between functional

Geographic restrictedness TUCN threat group TUCN status

Species Functional rarity Functional distinctiveness
Naso tuberosus 0.813 0.578
Naso reticulatus 0.800 0.562
Liopropoma longilepis 0.737 0.471
Orthopristis forbesi 0.722 0.460
Orthopristis cantharinus 0.718 0.460
Prionurus scalprum 0.717 0.467
Orthopristis lethopristis 0.715 0.456
Myripristis formosa 0.713 0.458
Boops lineatus 0.690 0.451
Gymnothorax serratidens 0.686 0.436
Uropterygius polystictus 0.686 0.436
Sparisoma griseorubrum 0.682 0.431
Epinephelus posteli 0.678 0.446
Cirrhilabrus brunneus 0.671 0.438
Paralabrax auroguttatus 0.664 0.419
Semicossyphus reticulatus 0.660 0.427
Stegastes otophorus 0.658 0.420
Canthigaster flavoreticulata 0.658 0.417
Paralabrax humeralis 0.657 0.419
Argyrops megalommatus 0.655 0.422

0.842 Data Deficient DD
0.861 Data Deficient DD
0.992 Data Deficient DD
0.992 Data Deficient DD
0.985 Data Deficient DD
0.965 Data Deficient DD
0.992 Data Deficient DD
0.981 Data Deficient DD
0.958 Data Deficient DD
0.992 Data Deficient DD
0.992 Data Deficient DD
0.996 Data Deficient DD
0.950 Data Deficient DD
0.958 Data Deficient DD
0.996 Data Deficient DD
0.965 Data Deficient DD
0.981 Data Deficient DD
0.988 Data Deficient DD
0.985 Data Deficient DD
0.969 Data Deficient DD
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rarity and ecosystem function are likely (Soliveres et al., 2016) and
further research on the relationship between functional rarity and
functional insurance is thus required. The functional redundancy lit-
erature could be revisited to highlight results on functional rarity in-
stead.

4.5. Concluding remarks — Functionally rare coral reef fishes: rare birds or
red herrings?

We highlight that functional rarity hotspots are spatially distinct
from other previously known species richness or rarity hotspots. Adding
functional rarity to the other classical biodiversity facets should offer a
more integrated view for conservation prioritization (Davies and
Cadotte, 2011; Pollock et al., 2017). Here we show that functional
rarity hotspots spatially mismatch with evolutionary rarity hotspots. If
we include different biodiversity facets to prioritize which areas we
should protect first, then we should go beyond protecting the Coral
Triangle area. The Tropical Eastern Pacific, for instance, hosts a high
number of functionally rare species, and would deserve more protection
coverage. However, given the fact that different biodiversity facets
(taxonomic, phylogenetic or functional richness or rarities) provide
different messages and highlight different areas to protect (Guilhaumon
et al., 2015), choosing the “best” set of candidate areas is not a trivial
issue. Our results suggest protecting areas everywhere, but as the re-
sources are limited, i.e. we are facing an “agony of choice” (Vane-
Wright et al., 1991), it underlines the limits of a hotspot-based strategy
integrating multiple facets (Schmitt, 2011). As recently applied to birds
and mammals (Pollock et al., 2017), functional rarity could be included
as a maximization criterion: choosing protected areas that maximize
representativeness of functionally rare species. This maximization
should also take into account high connectivity between protected areas
to allow better population persistence (Andrello et al., 2015), while also
taking social and economic costs into account (Andrello et al., 2017).
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Abstract max 150/150 WORD

Most species are geographically rare but not all have specific morphological or physiological
characteristics that make them unique on Earth. Identifying those species that are both spatially
restricted and functionally unique, i.e. ecologically rare, is thus of prime importance given their
risk of extinction and their potential contribution to ecosystem functioning. We took advantage of
the global distributions of birds and mammals to identify the ecological rare species, understand
their characteristics, and identify hotspots where conservation efforts should take place. We
found that ecological rare species have particular diet and body mass, are insufficiently covered
by the current system of protected areas and are disproportionately sensitive to current and future
threats. Put together, those results open the debate on whether conservation priority should be
given to ecological rarity in respect to more widespread and functionally redundant species given

future environmental conditions and their uncertainty.

Main max 4423/5000 words

Introduction

The majority of species are geographically rare, and rarity has become one of the
cornerstones of many ecological research studies and conservation strategies since decades
(Rabinowitz 1981, Gaston & Kunin 1997, Pompa et al. 2011, Thuiller et al. 2015, Pollock et al.
2017). Rare species are of particular concern because they tend to have high extinction risk and
may even face a “double jeopardy’ (Gaston, 1998, Hughes et al. 2014) as low abundance species
are also often narrowly distributed. While it has long been assumed that rare species do not
contribute to community assembly, functional diversity and ecosystem functioning, recent studies
have challenged this belief. Rare species may indeed contribute disproportionately to the
diversity of traits within a community or within a region (Mouillot et al. 2013, Jain et al. 2014,
Chapman et al. 2018). Sinc Thuse high trait diversity is usually assumed to enhance ecosystem
functioning, these rare species thus bring specific traits or functions that might be irreplaceable
(Winter et al. 2013, Thuiller et al. 2015). In other words, ecological rarity does not only relate to
the mere abundance or geographic extent of species but also to their functional originality (Violle
et al. 2017, Kondratyeva et al. 2019). If ecologically rare species are not redundant with other

species and instead hold unique combination of traits, they will likely contribute to ecosystem
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functioning and associated services (Dee et al. 2019). In this case, and in respect to the ever-
increasing biodiversity crisis and uncertain environments, it is fundamental to understand their
characteristics, to map their distribution and predict their vulnerability to current and future
threats. Especially given the current rate of species loss (Johnson et al. 2017), a thorough
evaluation of the spatial distribution of ecological rarity, its sensitivity to ongoing and future
threats and its coverage by protected areas is urgently needed.

For a global assessment of ecological rarity, it appears relevant to build the functional
space of species worldwide based on their relative position in the Eltonian niche space (Devictor
et al. 2010, Brum et al. 2017, Mazel et al. 2018, Dehling & Stouffer, 2019), also known as the
trophic niche space, which focuses on traits related to biotic interactions and resource—consumer
dynamics (Elton 1927). To that end, worldwide data on Eltonian traits, including the
characterization of diet and foraging activity, are relevant candidate features (e.g. in mammals
and birds, Wilman et al. 2014). Recent efforts on mammals and birds (Wilman et al. 2014) indeed
led to interesting findings about the shape of the functional space of these taxa and about the
global distribution of their functional diversity, notably highlighting hotspots of functional
redundancy (Safi et al. 2011, Mazel et al. 2014, Barnagaud et al. 2019, Cooke et al. 2019a). They
also highlighted a spatial mismatch between protected areas and taxonomic, phylogenetic, and
functional diversity (Pollock et al. 2017, Brum et al. 2017). Reversely, we lack a global
assessment of ecological rarity in most taxa, while such assessment has recently been facilitated
by the development of a novel theoretical corpus and associated methodology (Violle et al. 2017,
Grenié et al. 2017).

Who is facing ongoing and future threats the most? Geographically rare species are usual
suspects given their restricted distribution (Davies et al. 2004). It has indeed been shown that
species with restricted geographic distribution have the highest risk of extinction under most of
climate scenarios for the future (Ohlemiiller et al. 2008). Alternative evaluation of ecological
rarity further implies the need for a risk evaluation of the newly defined ecologically rare species
(Grenié et al. 2018). Being at risk of extinction in the face of global change and not targeted by
current conservation programs would be the worst-case scenario for these species since they
would be under a stronger jeopardy than initially thought. In any case, the precautionary principle
requires a sound assessment of the global distribution of ecological rarity to adapt or mitigate

future global change impacts on this yet under-valued biodiversity aspect. Here, we characterized
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the ecological rarity of mammals (4,654 species) and birds (9,287 species) that are largely
distributed across the globe and support important ecological functions in ecosystems such as
seed dispersal, trophic interaction and nutrient cycling (Cooke et al. 2019a, Barnagaud et al.
2019). For each taxa, we computed ecological rarity as a combination of geographical
restrictiveness and functional distinctiveness (Supplementary Fig. 1, Violle et al. 2017). We
defined ecologically rare and common species as having values of functional distinctiveness and
geographical restrictiveness higher than 75% or lower than 25% of the entire species pool,
respectively (Supplementary Fig. 1). Using that combined information, we investigated (a) who
are the ecologically rare species and how they are distributed across the functional space and the
tree of life?, (b) how are they spatially distributed and whether they follow general biodiversity
patterns?, and finally (c) what current and future threats are they facing in the Anthropocene era

and are they covered by current protection efforts?

Results

Global functional and phylogenetic position of ecologically rare species

We obtained two distributions based on (1) the functional distinctiveness of species trait
values relative to the other species of the global pool (the average functional distance of a species
to other species in the community) and (2) the geographical range of species compared to the
geographic extent of all species in the global pool (Supplementary Fig. 1). Our analyses revealed
that 237 (5%) of mammals and 573 (6%) of birds were ecologically rare, while 200 (4%) and 569
(6%) were ecologically common. We projected species into a global functional space based on
their functional traits (see Methods). For both taxa, we found that the first axis (PC1) was not
correlated to functional distinctiveness which was mostly explained by the second and third axes
for mammals and by the second and fourth axes for birds (Supplementary Fig. 2, Supplementary
Fig. 3). Ecologically rare mammals were mainly frugivorous, nocturnal with relatively large body
size (e.g., bats, lemurs) or small invertebrate-eaters (e.g., rodents). Ecologically rare birds were
mainly nocturnal frugivores or nectarivores (e.g., hummingbirds) or diurnal and piscivorous (e.g.,
large marine birds). Despite their small number, ecologically rare species occupy a large volume

in the functional space for both taxa, and did not overlap with ecologically common species
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which fill a much smaller volume of the functional space (Fig. 1, Supplementary Table 1 and
Supplementary Table 2).

We plotted ecological rarity on the tree of life and tested phylogenetic signal of ecological
rarity. We found that closely related species were not necessarily more similar in their degree of
ecological rarity than distantly related species (Fig. 2, D = 0.53 and D = 0.56, respectively).
However, we found a phylogenetic clustering of ecological rarity for several orders. The orders
with the highest concentration of ecologically rare species were the Primate and Chiropotera for
mammals and Psittaciformes, Caprimulgiformes and Apodiformes (Strisores) for birds. Finally
we found that ecologically rare species were on average not more evolutionary distinct than other

species (Supplementary Fig. 4).

Global distribution of ecological rarity

To identify the geographical ‘hotspots’ of ecological rarity, we mapped the number of
ecologically rare species within each 50 by 50km cell around the world and examined its spatial
congruence with ecological commonness and total species richness. We found that ecological
rarity was aggregated on only 2.8% and 8.9% of the total grid cells for mammals and birds
respectively (with maximum values of 12 and 28 species). Altogether only 1.1% of the global
land hosted at least one ecologically rare species of both taxa. Ecological rarity of mammals
predominantly occurred in the tropics and in the Southern Hemisphere, peaking in Indonesia
islands, Madagascar and Costa Rica (Fig. 3). Ecological rarity of birds predominantly occurred in
mountainous tropical and subtropical regions, peaking in New Guinea, Indonesia, the Andes and
Central America (Fig. 3). Ecological rarity was over-represented on islands with 39% and 30% of
grid cells containing ecologically rare mammals and birds being on islands. We also found a
strong mismatch between the geographical distribution of ecological rarity and commonness for
both taxa (Fig. 3, Pearson correlation corrected for spatial autocorrelation ((Dutilleul, 1993), R?=

0.026, F = 1.03, P = 0.31 for mammals and R’ = 0.012, F = 0.05, P= 0.82 for birds).

To evaluate the link between the number of species and the number of ecologically rare
species per cell, we simulated this link under the null expectation that ecologically rare species
are randomly distributed among cells regardless of the number of species (see Methods). We
expected more ecologically rare species in high species diversity areas. For both taxa, we found

that standardized effect size (SES) was higher than expected at random for all cells hosting at
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least one ecologically rare species (Supplementary Fig. 5), highlighting that these cells host more
ecologically rare species than expected by chance. We also highlighted that the number of

ecologically rare species is not trivially linked to the overall species richness within cells.

Ecological rarity under global threats

We classified species according to their [UCN status. We found that ecologically rare
species were disproportionately packed in IUCN threatened categories for both mammals and
birds and significantly more threatened than ecologically common species (71% and 44.2%
against 2% and 0.5%, respectively, Fig. 4, P < 0.001). As expected, geographical restrictiveness,
one of the main IUCN criteria to estimate vulnerability, is higher for threatened species
(Supplementary Fig. 6, Supplementary Fig. 7). However, we also found that threatened species
were functionally more distinct (Supplementary Fig. 6, Supplementary Fig. 7). A significant
proportion of ecologically rare species were also considered as least concerned (13% for
mammals and 52% for birds) or non-evaluated (16% for mammals and 3.8% for birds) by the
IUCN.

For each ecologically rare species we evaluated exposure to human footprint, human
development (HDI) and the number of conflicts, known to influence conservation outcomes. We
found that ecologically rare mammals and birds were respectively 1.35 + 1 and 1.2 + 1 times
more impacted by human footprint than ecologically common species (Fig. 4, P < 0.001).
Ecologically rare mammals occurred in countries with a lower HDI than ecologically common
species (Fig. 4, P = 0.0032). Ecologically rare birds occurred in countries with HDI similar to
ecologically common species (Fig. 4, P = 0.72). Ecologically rare mammals and birds occurred
in countries with a number of conflicts not different than for common species (Supplementary
Fig. 8, Supplementary Fig. 9, P > 0.05). However, some countries with a high number of
conflicts (e.g. Colombia, Indonesia) host at least five ecologically rare mammals. Several
countries (e.g. Philippines) with a low HDI and a high number of conflicts are hotspots of
ecological rarity (19 and 15 ecologically rare mammals and birds, Supplementary Fig. 8,
Supplementary Fig. 9). On the other hand, some countries with high HDI and low number of
conflicts are also hotspots of ecological rarity (e.g. Australia, respectively hosted 5 ecologically
rare mammal and 10 bird species).

We then quantified the influence of climate change on ecologically rare and common

species. We modelled the current and future climatic suitability for birds and mammals at the
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global scale (Fig. 4). More specifically, we modelled the distribution of species as a function of
current climate using species distribution models (SDM) and projected their future climatic
suitability as a function of combinations of RCPs scenarios (see Methods). We selected only
SDMs that reached high predictive accuracies (TSS > 0.8). Consequently, we kept SDMs outputs
for 28% (67 species) and 59% (337 species) of ecologically rare mammal and bird species. We
found winners and losers under future climates for both ecologically rare mammals and birds
(Fig. 4). By the time horizon 2041-2060, 36% and 58% of modelled ecologically rare mammals
and birds are projected to lose suitable areas (45% and 64% by horizon 2061-2080,
Supplementary Fig. 10). Overall the ecological rare mammals will be less impacted (Fig. 4, P =
2.4e-03) while rare birds will be more impacted than common ones by climate change (Fig. 4, P
= 3.5e-04).

Finally, to evaluate the potential benefits of conservation efforts on ecological rarity we
estimated species-specific target achievements defined as proportions of geographic ranges
covered by protected areas. These specific targets were related to species range sizes with the
most restricted species needing more coverage (e.g. 100%) than widespread one (e.g. 10%) to
avoid extinction. We found for both mammals and birds that target conservation achievement of
ecologically rare species were lower than for common species (Fig. 4, P < 0.001). Average
target achievement for mammals and birds were respectively 15% and 14% for ecologically rare

species against 31% and 36% for ecologically common species.

Discussion

Who are ecologically rare species ?

Because it integrates functional traits and geographical restrictiveness, ecological rarity
provides new insights for functional biogeography and conservation (Violle al. 2014, 2017). We
found that both mammals and birds that are ecologically rare fill a much wider breadth of
ecological strategies in the Eltonian niche space than ecological common species (Fig. 1).
Mouillot et al. (2013) and Leitao et al. (2016) demonstrated that geographically and locally rare
species usually bear distinct traits that could put ecosystems functioning at risk if they go extinct.
Our findings extend this result as we find that the functional space filled by ecologically rare

species does not overlap much with the functional space of common species for both mammals
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and birds. In particular, we show that specific sets of traits were over-contributing to ecological
rarity, echoing the results of Barnagaud et al. (2019) who found that nectarivory, carnivory and
piscivory are rare diets in birds. A significant proportion of ecologically rare mammals and birds
were indeed nectarivores or frugivores. These traits are important for ecosystem functioning as
they are directly linked to pollination and seed dispersal, essential for plant survival (Fleming and
Kress 2013, Estrada et al. 2017) and community stability (Wisz et al. 2013). For instance,
ecologically rare lemurs in Madagascar (such as Eulemur macaco, Birkinshaw 1999) display
complex relationships with trees producing large seeds. The extinction of these species will likely
amplify the ongoing decline of some tree species under other accelerating global changes in the
region (Federman et al. 2016). Similarly, while most hummingbirds are ecologically rare, they
are the main pollinators of ~7,000 plant species and thus maintain ecological networks and
crucial ecosystem processes (Abrahamczyk & Renner, 2017). We also highlight that several
seabirds are ecologically rare and play unique functions. By feeding in the open ocean these
species transport large quantities of nutrients onto islands, these birds can enhance the
productivity of island fauna and flora with a marked benefit for coral reef ecosystems (Graham et
al. 2018, Benkwitt et al. 2019). Some predatory birds such as Circus maillardi also strongly
participate to the regulation of small introduced mammals (Cheke, 1987). More generally, even at
low abundance, ecologically rare mammal or bird predators can have disproportionate impacts on
ecosystem functioning (e.g. through top-down controls along the trophic chain and the associated
energy fluxes (Mateo-Tomas et al. 2017)) and services (e.g. bats, an order with a high proportion
of ecologically rare species, are able to reduce arthropod abundance by 84% in
agroforestry ,Williams-Guillén et al. 2008).

Establishing a universal list of core traits in order to measure ecological rarity in absolute
terms is a difficult task given the multitude and species-specific functions that organisms can
perform in ecosystems. An alternative, based on trait conservatism, would be to use species
evolutionary distinctiveness as a proxy for species functional distinctiveness (Cadotte et al. 2008,
Srivastava et al. 2012, Winter et al. 2013). We found that ecological rarity was over-represented
in some orders (Primate and Chiropotera for mammals and Psittaciformes, Caprimulgiformes and
Apodiformes (Strisores) for birds). Some of these clades are well known to be highly threatened
(Galan-Acedo et al. 2019). For instance, primates are highly sensitive to land-use changes with

~60% of the world’s species having a high risk of extinction (Galan-Acedo et al. 2019). Yet, we
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found that overall ecological rarity was widely distributed across the phylogeny for both taxa, in
line with the widespread distribution of ecological rarity across the functional space, and that
ecological rare species are not more evolutionarily distinct than other species (Fig. 2). This
suggests that evolutionarily distinctiveness cannot be used to infer ecological status, such as
ecological rarity, to prioritize global conservation strategy (Mazel et al. 2018, Kling et al. 2018).
However, the relationship between ecological rarity and evolutionary distinctiveness will need to
be more thoroughly examined in the future ashe rates of speciation and species extinction
coupled to trait diversification may blur the link between functional distinctiveness and

evolutionary distinctiveness (Thuiller et al. 2015).

Where are ecologically rare species ?

The distribution of ecological rarity provides complementary information when compared
to geographical rarity of vertebrates (Grenyer et al. 2006) and their functional redundancy (Cooke
et al. 2019a). We found an aggregation of ecological rarity in a handle of hotspots (Fig. 3).
Because geographical restrictiveness is a component of ecological rarity, hotspots of mammal
ecological rarity are located in the major centers of endemism for Chiroptera, i.e. Southeast Asia,
Taiwan, the Caribbean, the Neotropics and Madagascar (Rosauer & Jetz, 2015). Similarly,
hotspots of bird ecological rarity are spatially congruent with endemism and the history of bird
diversification (Sandel et al. 2011, Jetz et al. 2014, Quintero & Jetz, 2018). The Andes, for
instance, are well known to host a high diversity of hummingbird species adapted to high latitude
(Abrahamczyk & Renner, 2017). Ecologically rare species are also disproportionately
represented on islands. This over-representation on islands could emerge from speciation and
adaptation outcomes in the context of ecological opportunity produced by isolation (Losos &
Ricklefs, 2009). Except hotspots which can reach up to 12 ecologically rare mammals and 28
birds, most areas hosted very few ecologically rare species, making difficult the establishment of
a simple conservation strategy to protect ecological rarity. We also found that areas with
ecologically rare species host more ecologically rare species species than expected by chance,
suggesting that particular environmental conditions (such as paleoclimate, Sandel et al. 2011)
may shape the distribution of ecological rarity beyond the level of species richness. Besides
hotspots, it is also important to note that we also found ecologically rare mammals and birds

across many different regions suggesting that different combinations of paleoclimatic
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fluctuations, environmental variables and plate tectonic processes (Leprieur et al. 2016)

contribute to the emergence of ecological rarity.

What threats are ecologically rare species facing ?

We found that ecologically rare species are disproportionately packed in [UCN threatened
groups indicating that ecological rarity is globally under threat (Fig. 4). Yet, 13% and 52% of
ecologically rare mammals and birds were classified as “Not Threatened-Least Concern” and
16% and 3.8% were “Not Evaluated or Data Deficient” (such as the Ethiopian big-eared bat,
Plecotus balensis or the coppery thorntail Discosura letitiae). This finding suggests to use
ecologically rarity as a complementary conservation facet to identify species that are worthy of
particular conservation attention because of their functional distinctiveness and possible specific
role on long-term ecosystem functioning (Grenié et al. 2018) even if not threatened in terms of
demography (IUCN status). Functional distinctiveness should thus be included as an additional
indicator of the IUCN red list, along with population size and geographic range, to better inform
conservation decision (Bland et al. 2015, Grenié et al. 2018).

Evidence is accumulating that ongoing climate changes are already affecting living
organisms (Dawson et al. 2011, Verges et al. 2016, Pacifici et al. 2017). Taxa with limited
geographic distributions are generally highly vulnerable to shifting environmental conditions and
are likely to be the most affected (Harnik et al. 2012). Here, we show that ecologically rare
species do not escape the rule. Climate change is likely to drastically reduce the geographic range
of ecologically rare mammals and birds (Fig. 4), driving some of them towards global extinction.
Ecologically rare birds should be more impacted by climate change than mammals due to their
over-representation in tropical mountains. These ecosystems are classified as highly vulnerable to
climate change impacts (Buytaert et al. 2011), mainly due to the narrow spatial distribution and
environmental niche of many taxa but also the morphological and physiological adaptations to
live in such stress-limiting environments. We can however clearly distinguish winners and losers
among ecologically rare mammals under future climates. For instance Sylvisorex konganensis, a
small shrew, could double its range extent while Myrmecobius fasciatus (a marsupial whose diet
consists almost exclusively of termites, Berry et al. 2019) could lose 65% of its current range.
Yet our scenarios are based on climate change only. Habitat transformation induced by human

land-use is another important driver of the ongoing mammal and bird biodiversity loss but was
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not considered in our models (Power & Jetz, 2019). For instance, Madagascar, which hosts 26
ecologically rare mammals have already lost 50% of forest cover between 1950 and 2005 (Harper
et al. 2007). More generally, human footprint has a generally negative impact on restriction and
fragmentation of species habitats (Betts et al. 2017) and should be included in conjunction with
climate change to predict the future distribution of ecological rarity. Since we found that
ecologically rare species occur in areas where human footprint is higher than in areas hosting
common species (Fig. 4), they should indeed face a multiple jeopardy in the very near future
(Powers & Jetz, 2019, Cooke et al. 2019b).

Political and socio-economic factors are vital in conservation strategies and outputs
(Daskin & Pringle 2018). Poverty and conflicts contribute to poor governance, unsustainable
bushmeat hunting, wildlife trade and anthropization of untouched habitats, thereby potentially
increasing pressure on species and their habitats (Smith et al. 2003). Interestingly, we observe a
continuum of political and socio-economic contexts across areas where ecological rarity occurs.
Both countries with a low number of conflicts and a high human development index (HDI, such
as Australia or the United States of America) and countries with a high number of conflicts and a
low HDI (such as Indonesia or Madagascar) host ecologically rare species (Supplementary Fig. 8,
Supplementary Fig. 9). Even if countries with many conflicts and low HDI host more
ecologically rare species, our study suggests a shared and transboundary responsibility for the
conservation of ecological rarity between the developing and the developed world (von
Bieberstein et al. 2019). Distributing the responsibilities and efforts among countries or regions
in a coordinated manner may enhance the cost-effectiveness of conservation strategies targeted
towards ecological rarity (Kukkala et al. 2019).

Although the percentage of the land surface devoted to protected areas has globally and
markedly increased and despite rarity has motivated research in conservation since decades (von
Bieberstein et al. 2019), we show that ecologically rare species generally reach low conservation
target achievement (Fig. 4), so are poorly covered by protected areas. This strongly contrasts with
the high level of target achievement observed for ecologically common species. In the current
global context of scarce resources allocated to conservation, there is now a general consensus
that, beyond focusing on the number of species, other facets of biodiversity need to be considered
(Pollock et al. 2017). Given the large number of ecologically rare species currently threatened

and experiencing population declines, the biosphere will soon be facing a major functional
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extinction crisis if effective and targeted actions are not soon implemented. Our results urge to
include ecological rarity in priority conservation areas. Achieving the goal of protecting large
fraction of ecological rarity seems feasible since we found that a relatively small fraction of the
Earth concentrate a large number ecologically rare species (Pimm et al. 2018). A minor but
focused increase of protection on these areas could trigger large conservation gains for the global
functional diversity (Pollock et al. 2017). In parallel to new targets advocating the protection of
30% (IUCN 2016) or half of Earth (Pimm et al. 2018), there is thus an urgent need and potential

reward in protecting the few ecological rarity hotpots.

Limitations and future directions

The estimation of ecological rarity obviously depends on the scale considered (Gaston,
1998, Grenié et al. 2018, Kondratyeva et al. 2019). We chose to work at a global scale because
while a species might become locally extinct, its presence elsewhere in the region may prevent
definitive extinction. Finer scales (realms, regions or local) and thus smaller species pools could
be used and would certainly modify our results. This distinction between global and local scales
is especially important since species influence on most ecosystem processes and services are
provided locally (Pearson, 2016). Here, we found that functionally distinct mammals and birds
(globally) remained strongly distinct at local scale (Supplementary Fig. 11), suggesting that these
species potentially support unique functions within ecosystems (Dehling et al. 2016). In the same
way, at the species level, we used only species geographic range to estimate geographical
restrictiveness because this measure is critically related to global extinction risk (Purvis et al.
2000, Ohlemiiller et al. 2008) but other metrics such as habitat specificity and local abundance
could also define rarity (Gaston, 1998, Violle et al. 2017). In order to draw the best conservation
strategies and preserve ecosystems functions, future directions will thus need to refine the
measure of ecological rarity at different spatial scales and include different dimensions of
taxonomic rarity. In the context of the ongoing rise in the number of functional trait databases,
ecological rarity is an important divergent axis of diversity to consider in conservation while we
need to evaluate more thoroughly the impact of ecologically rare species on ecosystem

functioning and their contribution to people (Dee et al. 2019).

Conclusion
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Our results bring new insights into conservation perspectives through profiling
ecologically rare species, i.e. species both located at the margins of the global functional space
and geographically restricted. The underlying rationale is that species baring distinct
combinations of traits compared to others and filling a large volume of the functional space
should be prioritized in conservation programs owing to their unique potential contribution to
ecosystem functioning. We show that the coverage of protected areas for ecological rarity was
low, while human pressure and climate change could limit persistence of populations of
ecological rare mammals and birds calling for a shared and transboundary responsibility for the

conservation of these species.
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Methods 1850/3000
All analyses were done using R (R Core Team, 2019) v.3.6.0 (specific functions within
specific package are indicated in italic). All relevant R code is available from GitHub Repository

(see section Data and Code availability).

Distribution data

We used the IUCN range maps for 4,787 terrestrial mammal species and the BirdLife
range maps for 9,993 bird species. We removed extinct (EX) and extinct in the wild (EW)
species. Given that trait and/or phylogenetic information were not available for all species, we
restricted our analyses to 9,287 bird and 4,654 mammal species. Ranges were converted to 50x50
km equal-area grid cells. Mainland cells with > 70% water were excluded but all oceanic island

cells with smaller land areas were kept.

Functional Traits

For mammals and birds, four traits (diet, body mass (log transformed), activity cycle and
foraging height) were extracted from EltonTraits1.0 (Wilman et al. 2014). These traits are
generally assumed to appropriately represent Eltonian niche dimensions of mammals or birds
(Wilman et al. 2014, Cooke et al. 2019a). These traits have already been used to investigate
community assembly rules and biogeography of both taxa (Barbet-Massin & Jetz 2015, Mazel et
al. 2017). We assessed how functional traits relate to rarity indices through a Principal
Coordinates Analysis (PCoA) of the functional distances (pcoa() function in the ape package
v.5.2 , Paradis et al. 2004). We then projected the traits, using appropriate scaling, onto the first
four axes of the PCoA. The axes were selected as their explained variance was greater to the null

expectation of a broken stick model (Legendre and Legendre, 2012).

Phylogenetic data

We used randomly selected 100 phylogenie from the posterior distribution of
phylogenies from Bininda-Emonds et al. (2007) with updates (Fritz et al. 2009 & Kuhn et al.
2011) for mammals, and the phylogenies from Jetz et al. (2012) for birds.

Ecologically Rarity
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We computed functional distances between species using the dist.ktab() function in ade4
v.1.7-6 (Dray and Dufour, 2007, Pavoine et al. 2009) that includes ordinal and fuzzy traits in the
distance metric computation. Using funrar() function in funrar v.1.3-0 (Grenié et al. 2017) we
then computed functional distinctiveness Di of species i in the global functional space (Violle et
al. 2017, Grenié et al. 2017), representing how distinct the traits of a given species are compared
to all the other species from the same taxa :

D, = Z;V:l.j;éi dij .

N—1 Equation. 1
where djj the functional distance between species i and j, N the total number of species. The
functional distances djj are scaled between 0 and 1. Diis the average functional distance between
the species of interest and all the other species of the pool. It captures how much the traits of the
species of interest differ, on average, compared to the rest of the species pool. Diis 0 when all
species in the set have the same trait values (the functional distance between all species is 0), and

1 when species 7 is maximally different to other species.

We also computed geographical restrictedness (Violle et al. 2017, Grenié et al. 2017)

using the grid cell by species matrix to measure how restricted the distribution of a species is,

K., Equation. 2

where Riis the geographical restrictedness of species i, Ki the number of cells where species i
is present and Ko the total number of cells. Riis close to 1 for a species present in a single cell
and 0 for a species present in all cells.

Species were classified into three groups regarding their values and the quantile partitions
of the bivariate space functional distinctiveness vs geographical restrictedness (Supplementary
Fig. 1). We defined ecologically rare and ecologically common species as having values of
functional distinctiveness and geographical restrictiveness either higher than 75% or lower than
25% of the entire species pool of interest. Ecologically average species have values of functional
distinctiveness and geographical restrictiveness respectively, lower than 75% and higher than
25%.

To measure phylogenetic signal of ecological rarity we computed, on the 100

phylogenetic trees, the D index (Fritz & Purvis, 2010), using the phylo.d() function in the caper
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v.2.0.6 package (Orme et al. 2012). The D index is equal to 1 if ecological rarity has a
phylogenetic random distribution and 0 if ecological rarity is clumped into the phylogeny. We
also computed Evolutionary Distinctiveness of species (Isaac et al. 2007). The Evolutionary
Distinctiveness of species i, ED1, is high when the species has a long unshared branch length with
all the other species. The more “isolated” a species is in a phylogenetic tree, the higher its
evolutionary distinctiveness. We computed ED using the evol.distinct() function from picante

v.1.6-2 package (Kembel et al. 2010) .

Null model

To distinguish the effects of the number of species on the number of ecologically rare
species per cell, we simulated the distribution of ecologically rare species that would be expected
under the null expectation that they are randomly distributed among cells, regardless of the total
number of species. For both mammals and birds, we generated 1000 random assemblage matrices
using the curveball algorithm using nullmodel() function from vegan v2.4-2 packages (Strona et
al. 2014). This algorithm maintains species occurrence frequency and sample species richness
while shuffling species co-occurrence across cells. Classes of ecological rarity (rare, common,
average, others) were kept constant. For each randomization, we calculated the number of
ecologically rare species per cells. Standardized effect sizes (SES) were obtained by comparing
the observed number of ecologically rare species and the mean and standard deviation of the null

distributions.

Observed — Mean( Null )

SES=
sd (Null )

Equation. 3

Values above the null expectation indicate that the cell contains more ecologically rare species

than expected given the number of species in the cell, and vice-versa.

IUCN status

We used the taxize package v.0.7.8 (Chamberlain et al. 2016, Chamberlain & Szocs,
2013) to retrieve up-to-date IUCN status for mammals and birds (IUCN, 2017). For easier
interpretation, we grouped species in three categories: Critically Endangered (CR), Endangered
(EN) and Vulnerable (VU) species as “Threatened” (TH); Least Concern (LC) and Near
Threatened (NT) species as “Least Concern” (LC); Data Deficient (DF) and Not Evaluated
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species as “Not Evaluated” (NE). We performed a multiple comparison Kruskal-Wallis rank-sum
test to compare indices across IUCN groups. We used the kruskal() function of the agricolae

package v.1.2-6 (Mendiburu, 2014).

Exposure to human pressure

For each species, we assigned three indicators of exposure to human pressure. (a) Global
human footprint, that measure the cumulative impact of direct human pressures (extent of built
environments, crop and pasture lands, population density, night-time lights, railways, roads and
navigable water-ways) on nature between 1993 and 2009 (Venter et al. 2016). (b) Human
development Index (HDI), that capture elements of life expectancy, education and wealth for the
year 2017 (Human Development Indicators and Indices : 2018 ). (¢) Human conflicts which sum
the years of conflicts in each country between 1946 and 2015 (UCDP/PRIO Armed Conflict
Dataset v. 4-2016 from the Version 2.2-2016). Each dataset was rescaled at 50km x 50km

resolution and we computed the average value over each species spatial distribution.

Global biodiversity scenarios

We used a similar approach as Thuiller ez al. (2019) and assessed potential climate change
impacts on mammal and bird species under climate change scenarios using an ensemble
projection framework. More specifically, we related species distribution to four climate variables
describing current climate (1979-2013) derived from the CHELSA dataset (Karger et al. 2017):
annual mean temperature, annual temperature range, annual sum of precipitation and
precipitation seasonality.

Four Species Distribution Models (SDM) algorithms available in the biomod2 package
(Thuiller ef al. 2009) were used to estimate these species-climate relations: Generalized Linear
Model, Generalized Additive Model, Boosting Regression Trees and Random Forest. Models
were calibrated using 80% of the initial data and evaluated against the remaining 20% of data
using the True Skill Statistic (TSS, Allouche ef al. 2006). Data were randomly assigned to each
sub-dataset and this step was repeated four times in order to perform a robust cross-validation.
Only models with a TSS > 0.8 were kept and projected into future conditions. Consequently, we
kept 28% (67 species) and 59% (337 species) of ecologically rare mammals and birds,

respectively. To consider realistic species dispersion, we selected absences in 3000 and 4000 km
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buffer around mammal and bird species range, respectively (see Thuiller ez al. (2019) for further
details).

These models were then projected under future climate change scenarios derived from
five Global Circulation Models (GCM) run under the Representative Concentration Pathway
(RCP) 8.5 from the Coupled Model Intercomparison Project (CMIPS). These GCM were the
following: the CESM1-BGC (Lindsay et al. 2014) run by the National Center for Atmospheric
Research (NCAR), the CMCC-CMS (Scoccimarro et al. 2011) run by the Centro Euro-
Mediterraneo per i Cambiamenti Climatici (CMCC), the CM5A-LR (Persechino ef al. 2013) run
by the Institut Pierre-Simon Laplace (IPSL), the MIROCS (Watanabe et al. 2010) run by the
University of Tokyo, and the ESM-MR (Giorgetta ef al. 2013) run by Max Planck Institute for
Meteorology (MPI-M). Future projections were made for two time slices: 2041-2060 (horizon
2050) and 2061-2080 (horizon 2070). For a given horizon, projections were aggregated using the
weighted average consensual approach (Marmion et al. 2009) using the TSS as weight.

Potential climate change impacts were assessed by comparing current and future species

distribution projection using the Species Range Change (SRC, Thuiller ef al. 2009).

Levels of protection and gap analysis

To estimate the extent to which the current terrestrial protected area network covers
ecologically rare species, we carried out a gap analysis following the methodology proposed in
Thuiller et al. (2015). We defined a conservation target for every single species, which, in terms
of distribution range within the protected areas network, represents the desired level of protection
we considered necessary for a species to be adequately protected. Species-specific targets were
defined based on species range sizes since restricted species need more coverage than widespread
ones to avoid extinction (Harnik et al. 2012, Thuiller et al. 2015). Accordingly, species-specific
conservation targets were set to be inversely proportional to log-transformed species’ range sizes.
We hypothesized that the species with the most restricted ranges required 100% of their range to
be covered, whereas the widespread species only required 10% (Rodrigues et al. 2004). We fitted
a linear regression between these two extremes to define the target for the remaining species (see
the electronic supplementary material of Thuiller et al. 2015). This was carried out for the two
groups separately since they harbor very different distribution of range sizes. Geographic range

size data (in km2) was estimated in the Behrmann projection using species’ extent of occurrence
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polygons from the IUCN (2016). We then extracted the proportion of range currently covered for
each species from the World Database on Protected Areas (WDPA) to estimate how far species
met their defined targets (species target achievement), i.e. by dividing this proportion by the
defined target. Note that we restricted analyses to protected areas classified as strict protected

areas, i.e. la, Ib and II by ITUCN.
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Discussion

1  DEVIER DE L’OPTIMALITE FONCTIONNELLE

1.1 DES PROCESSUS SPECIFIQUES

Loptimalité fonctionnelle représente I'idée qu’il existe une seule valeur optimale de trait par communauté
sous ’hypothese d’un filtre environnemental Gaussien uni- ou multi- dimensionnel. Dans les parties 1.2,
2.1, et 2.2 nous avons montré que certains mécanismes pouvaient faire dévier des individus de 'optimalité
écologique attendue dans la communauté. Je vais maintenant détailler certaines implications de ces résul-

tats.

Le modele fdcoexist présenté dans la partie 1.2 a montré qu'en fonction de la contribution des traits aux
différents mécanismes d’assemblages, et a I'intensité de ceux-ci les especes pouvaient dévier de leur environ-
nement optimal et que les traits a I'échelle des communautés, mesurés en termes de moyennes pondérées par
les abondances, pouvaient dévier de l'optimum fonctionnel. Nous avons notamment montré que la com-
pétition hiérarchique, du fait de son asymétrie, pouvait faire dévier les communautés de 'optimum fonc-
tionnel, malgré I'influence du filtre environnemental. En revanche, la limite a la similarité est un processus
qui affecte les traits des especes de maniére symétrique (Abrams, 1983). Comme les especes interagissent les
unes sur les autres de maniére symétrique, la valeur de trait moyen de la communauté ne devrait pas varier.
Et si cette valeur correspond 4 un optimum fonctionnel, alors le trait moyen de la communauté ne sera
pas différent de cet optimum. La contribution des traits aux différents processus modifie cependant nos
attendus. Méme si la littérature traite abondamment la question de la multi-dimensionnalité de la niche en
utilisant plusieurs traits fonctionnels, la question de la contribution de chacun de ces traits aux différents
processus n’est que rarement posée (Reich, 2014; Kraft, Godoy, & Levine, 2015). Ces résultats sont a relier
aux résultats de la partie 2.2 ol nous avons testé effet de 'augmentation du nombre de traits non-filtrés
par l'environnement sur la relation attendue entre diversité fonctionnelle et environnement. Dans les simu-
lations utilisées, un seul trait était filtré par l'environnement le long d’un gradient environnemental tandis
que les autres traits n’étaient affectés par aucun processus le long de I'environnement. Nous avons montré
que 'ajout d’un grand nombre de traits n*¥étant pas affectés par le filtre environnemental peut nuire a la

détection du filtre environnemental en utilisant la diversité fonctionnelle. Cela correspond dans le modele
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fdcoexist 3 une situation o1 'on ne considérerait que le filtre environnemental et beaucoup de traits n’y

contribuant pas.

Dans ces deux schémas de simulations, il serait possible de tester dautres mécanismes qui pourraient ex-
pliquer une déviation de l'attendu d’une seule valeur optimale de trait par environnement. Par exemple
les filtres environnementaux disruptifs ne possedent pas une seule valeur optimale de trait (Loranger ez al.,
2018). Plus généralement les filtres environnementaux multi-modaux ne présentent pas non plus une seule
valeur optimale de trait (Laughlin ez 2/, 2015 ; Laughlin & Joshi, 2015 ; Laughlin & Messier, 2015). Dans
le cas d’un filtre environnemental & deux modes, cela pourrait correspondre 4 deux guildes fonctionnelles

qui représentent deux stratégies possibles pour se maintenir dans la communauté (Raevel ez 4/., 2018).

La partie 2.1 s’intéressait a I'effet de la saturation d’habitat sur la prédiction de richesse spécifique a l'aide
de modeles de distribution d’especes empilés (Stacked-Species Distribution Models, S-SDM). On entend ici
la saturation d’habitat comme le fait que les especes, individuellement, occupent 'ensemble de ’habitat
qui leur est favorable. Si @ priori cette partie ne s’intéresse pas directement a la question de 'optimalité
fonctionnelle, elle trait bien de Iétude d’un processus qui pourrait amener des especes a ne pas représenter
fidelement I'influence du filtre environnemental. Si les especes saturent complétement leurs habitats, alors
la richesse spécifique est prédite correctement par I'empilement des SDM. Si les especes ne saturent pas
toutes leurs habitats, alors la richesse prédite dévie de la richesse théorique, car les SDM supposent dans
leur fonctionnement méme que les especes saturent leurs habitats. Un des points intéressant de ce mo-
dele est qu’il ne fait aucune hypothese sur ce qui pourrait causer la non-saturation d’habitat des especes.
Les résultats sont donc valides quels que soient les mécanismes expliquant cette non-saturation. Les pro-
cessus neutres qui font varier aléatoirement 'abondance des especes et donc leurs présences dans certaines
communautés peuvent étre une source de non-saturation (Hubbell, 2001). Cela rejoint aussi les études de
modeles de méta-populations et méta-communautés, qui montrent qu’en fonction des probabilités de co-
lonisation et d’extinction, certaines espéces n’occupent pas tout I’habitat qui leur est favorable (Hanski &
Hanski, 1999). La dispersion limitée, c’est-a-dire le fait que les capacités de dispersion d’une espece soient
limitées dans I'espace, peut empécher une espece d’atteindre certains habitats favorables et causer de la non-
saturation (Mungufa, Peterson, & Sdnchez-Cordero, 2008). Au contraire, les effets source-puits peuvent
générer de la sur-saturation, avec des espéces présentes dans des habitats non-favorables, ce qui va aussi

biaiser les prédictions des S-SDM (Pulliam, 1988 ; Pulliam & Danielson, 1991).

1.2 APPORTS DES APPROCHES DE MODELISATION

Dans le premier chapitre nous avons mis en place deux nouveaux outils de modélisation pour mieux com-
prendre les processus qui structurent les communautés et en particulier ceux qui favorisent une déviation
del'optimalité. Ces deux modeles sont de nature différentes tant dans leur construction que dans leurs utili-
sations. Le premier, ecolottery, est un modele stochastique et probabiliste de 'assemblage des communautés,

spatialement-implicite, basé sur les individus et utilisant la théorie du coalescent. Au contraire, le deuxieme
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modele présenté, intitulé fdcoexist est un modele déterministe et spatialement implicite de dynamique des
populations. Ces deux modeles peuvent étre utilisés comme des expériences virtuelles pour tester l'effet de
processus précis sur I'assemblage des communautés ou générer des prédictions a partir des processus (Peck,
2004; Zurell ez al., 2010). Comme je I’ai souligné en Introduction, le fait de pouvoir manipuler indépen-
damment les processus d’assemblages des communautés permet de tester des effets qui seraient complexes
a analyser sur le terrain. En outre, les expériences virtuelles peuvent étre vues comme des « expériences
de pensée » qui servent a générer de nouvelles hypotheses en modulant le nombre et le type de processus

d’assemblage des communautés.

Ainsi nous avons utilisé le modele ecolortery dans les deux parties du deuxi¢me chapitre pour montrer I'in-
fluence de processus qui font dévier les communautés de I'optimalité attendue. Démontrer les effets de
la non-saturation d’habitat d’une part, et des nombreux traits non affectés par le filtre environnemental
d’autre part, a 'aide d’expérimentations aurait été impossible au vu de la quantité de communautés 4 mani-
puler. La démarche expérimentale est cruciale en écologie des communautés pour tester leffet de certains
processus. On observe dailleurs de nombreuses expériences menées sur des micro-organismes (Nemergut
et al., 2013). Mais le grand nombre d’individus impliqués dans les communautés rend les expériences dif-
ficiles a mettre en place pour la plupart des macro-organismes. Les modeles peuvent donc servir a générer

des hypotheses dans des domaines hors de portée des expériences.

En outre le modele ecolottery permet d’inférer les parametres des processus d’assemblages des communau-
tés. Pour ce faire, on fixe des processus qui ont lieu « priors dans la ou les communauté(s) d’intérét, on
simule ensuite un grand nombre de communautés avec une grande gamme de parametres pour ces proces-
sus d’assemblage. On compare les simulations et les communautés observées avec des statistiques résumées
(richesse spécifique, moments de la distribution de traits, distribution de 'abondance, etc.). Enfin on uti-
lise PApproximate Bayesian Computation (ABC, calcul approché bayésien), qui compare les statistiques
résumées et permet d'explorer I'espace des parametres utilisés dans les simulations pour obtenir une dis-
tribution a posteriori de la valeur des parametres d’assemblages (Barthelemy ez 4., in revision; Beaumont,
2010). On peut donc inférer la présence ou non de certains processus et leur intensité en utilisant ce type
de modele (Pontarp, Brinnstrom, & Petchey, 2019). Il s’agit d’un retournement de la vision qui 4 un pa-
tron lie un processus sans lien mécaniste explicite. En effet, dans la mesure ou plusieurs combinaisons de
processus peuvent donner des patrons identiques, il est difficile d’inférer les processus simplement a partir
des patrons (Mayfield & Levine, 2010; Cadotte & Tucker, 2017). En revanche, si 'on simule les processus
explicitement, ce sont les combinaisons de processus dans les simulations qui génerent les patrons obser-
vés (Pontarp, Brinnstrom, & Petchey, 2019). En comparant les statistiques résumées des simulations et les
communautés observées, on peut réaliser des tests statistiques comme la validation croisée qui permettent
de juger les effets confondants et le pouvoir statistique associés aux différents processus. Il est alors possible
d’inférer les combinaisons de processus qui pourraient affecter les communautés d’intérét. Ainsi ce modele
est une contribution importante pour I'écologie des communautés qui va dans le sens d’'une compréhen-

sion davantage mécaniste des communautés.
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Au contraire fdcoexist nous sert ici d’expérience virtuelle pour réfléchir aux processus qui structurent les
communautés. C’est un modele de dynamique de populations qui modélise explicitement la croissance
des populations en fonction des traits. En cela, ce modele connecte les champs habituellement éloignés de
Iécologie des populations et de I'écologie des communautés (Salguero-Gémez et al., 2018). Loriginalité de
ce modele réside aussi dans la formalisation explicite de deux processus de compétition (limite 4 la simila-
rité et compétition hiérarchique) en fonction des traits des especes concernées ainsi qu’a la possibilité pour
les traits de contribuer de fagon variable aux différents processus. fdcoexist permet d’explorer la dynamique
temporelle des especes, en différenciant par exemple des dynamiques précoces et tardives, méme si avec I'ap-
proche « forward » de ecolottery il est aussi possible d'étudier la dynamique des espcees. Le modele fdcoexist
pourrait 2 priori aussi utiliser TABC pour inférer les parametres des communautés observées. Seulement, le
modele fdcoexist est bien moins parcimonieux en parametres que le modele ecoloztery. Par exemple, fdcoexist
utilise des coefficients de compétition entre chaque paire despeces a partir de leur diftérence de valeur de
trait. Pour une communauté comprenant 7 especes, il faut estimer 2” coefficients, ce qui rend le probleme
computationnellement difhicile. Le grand nombre de parametres impliqué peut aussi poser des problemes
d’identifiabilité, c’est-a-dire que plusieurs combinaisons diftérentes de valeurs de parametres peuvent don-
ner le méme résultat (Hubbard, 2014). Les coefficients de contributions des traits aux processus qu’utilise
fdcoexist sont des abstractions liées au modele et ne nous sont pas accessibles dans la réalité. Si I'on voulait
utiliser PABC avec fdcoexist il faudrait donc effectuer un balayage tres large dans la gamme des parametres
de contribution des traits aux différents processus. Il serait peut-étre possible d’utiliser TABC avec fdcoexist
en faisant des hypotheses simplificatrices. Par exemple, en supposant que la compétition hiérarchique et la
limite 4 la similarité n’ont d’effet que sur les especes les plus proches. Cela permettrait de fixer des coefhi-
cients dans les matrices de compétition entre especes a zéro, et donc de diminuer I'espace des parametres a

explorer.

Un intérét supplémentaire du modele fdcoexist est d’avoir considéré différentes métriques de performance
locale des especes. En écologie fonctionnelle, on utilise généralement 'abondance des especes comme un
indice de leur performance locale. Seulement, 'abondance peut ne pas étre le reflet de 'adaptation des es-
peces aux conditions environnementales locales. La théorie des méta-communautés a par exemple montré
I'importance des effets source-puits qui peuvent amener une espece a disperser fortement dans un envi-
ronnement ou elle n’est pas forcément adaptée. Par la dispersion continue de cette espece depuis une com-
munauté « source », l'espece peut devenir trés abondante dans la communauté « puits » sans quelle soit
adaptée a 'environnement de cette communauté. Ceci peut remettre en question ’hypothese de I'optima-
lité fonctionnelle qui suppose que la distribution des abondances des especes dépend de leur adéquation a
lenvironnement. Il ne suffit donc pas d’identifier des relations trait-environnement a l'aide du trait moyen

des communautés pondéré par les abondances (CWM) pour identifier les filtres environnementaux.

En écologie des populations, plutét que 'abondance locale des especes, c’est le taux de croissance des popu-
lations qui est utilisé comme indice de performance locale (Salguero-Gémez ez al., 2018). Cet indicateur de

performance n’est pas souvent utilisé en écologie fonctionnelle car il nécessite d’avoir des suivis temporels
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des populations d’especes pour pouvoir étre calculé. fdcoexist érant un modele de populations il est facile

‘obtenir les taux de croissance des populations. Nous avons donc calculé trois taux de croissance difté-
rents : le taux de croissance moyen observé, qui correspond a la moyenne des taux d’accroissement sur toute
la durée de simulation, le taux de croissance maximal, et le taux de croissance intrinseque qui correspond
a la partie linéaire de la courbe de croissance. Nous avons montré grice a ce modele que ces trois taux de
croissance, ne sont pas nécessairement corrélés entre eux, ni corrélé avec 'abondance observée des especes,
en particulier si la compétition hiérarchique est forte. On ne peut pas donc recommander I'utilisation d’un
seul de ces estimateurs pour définir la performance locale des especes. Lintérét du modele fdcoexist est donc
d’utiliser des outils de I’écologie des populations pour répondre a une question décologie fonctionnelle des

communautés, ce qui permet notamment d’interroger la notion de performance locale.

ecolottery est un modele tres flexible, qui permet de tenir compte des processus neutres et non-neutres, qui
permet a la fois de réaliser des expériences virtuelles et, grice a sa performance computationnelle notam-
ment, d’inférer les processus dans les communautés. ecolottery modélise les processus a I'échelle de la com-
munauté en considérant un jeu a somme nulle avec un nombre d’individus fixes dans la communauté. A
Iinverse, fdcoexist est un modele déterministe, dont les processus sont définis 4 'avance dans la structure du
modele, qui nous sert avant tout d’expérience virtuelle. fdcoexist modélise les dynamiques des populations
de chaque espece séparément avec des limites biotiques pour chaque espece. Ainsi, le nombre d’individus
dans la communauté telle que modélisée par fdcoexist peut fluctuer, tandis qu’il est fixe pour ecolottery. fd-
coexist modélise directement les relation trait et taux de croissance dans le modéle, on est donc assuré d’avoir
un trait véritablement fonctionnel, ecolottery ne modélise pas explicitement ce lien, mais considére que les
traits influencent les probabilités d’immigration, de mort et de reproduction (et donc 27 fine la valeur sélec-
tive de l'espece). ecolottery s’inscrit davantage dans une tradition de modeles de (méta-)communautés, dé-
crivant les processus a Iéchelle de la communauté (Hanski & Hanski, 1999; Leibold & Mikkelson, 2002),
tandis que fdcoexist est un modele de dynamique de populations avec un formalisme plus classique (Lotka,
19273 Volterra, 1928; Beverton & Holt, 1957), plus restreint mais qui integre des outils de I'écologie des
populations et tente de lier écologie des communautés et écologie des populations (Salguero-Gémez ez al.,
2018; Zakharova, Meyer, & Seifan, 2019; Laughlin ez 2/., n.d.). Ainsi ces deux modeles de nature distincte
sont complémentaires dans les éclairages qu’ils apportent a la question de la coexistence des especes et des

processus d’assemblage des communautés.

2 L’ORIGINALITE FONCTIONNELLE

2.1 RARETE FONCTIONNELLE OU ORIGINALITE FONCTIONNELLE ?

En Introduction nous avons évoqué le cadre proposé par Violle et collab. (2017), inspiré de Rabinowitz
(1981) qui permet de définir différentes facettes de la rareté fonctionnelle. Ce cadre repose sur deux dimen-

sions fondamentales : d’une part, loriginalité fonctionnelle (la « rareté » en trait), qui se décompose a deux



191 2. Loriginalité fonctionnelle

échelles spatiales (locale et régionale); d’autre part, la rareté basée sur 'abondance locale et la fréquence ré-
gionale (Gaston, 1997). La rareté fonctionnelle correspond a une combinaison ces deux dimensions a deux
échelles spatiales : dans ce cadre, il existe douze formes différentes de rareté fonctionnelle en fonction de
loriginalité fonctionnelle (locale et régionale) de I'espece et de sa rareté (locale et régionale). Par exemple,
une espece qui est localement originale et abondante mais régionalement commune et peu fréquente re-
présente une forme de rareté fonctionnelle, méme si elle n’est originale qu’a I'échelle locale. En fonction
des parties de la these nous nous sommes concentrés soit uniquement sur loriginalité fonctionnelle (partie
3.3) soit sur la rareté fonctionnelle (partie 3.1, 4.1, et 4.2). L’intérét initial de croiser ces deux dimensions,
a priori indépendantes, était de permettre d’identifier des espéces susceptibles détre menacées (du fait de
leur rareté) et ayant une contribution originale en termes de traits. Les especes fonctionnellement rares se-
raient donc a prioriser dans les efforts de conservation. C’est pour cela que nous nous intéressons a la rareté

fonctionnelle dans les parties 4.1 et 4.2 traitant problématiques de conservation.

Dans les différentes parties traitant de l'originalité fonctionnelle, nous nous sommes concentrés sur l'ori-
ginalité fonctionnelle globale des especes (mesurée a 'échelle d’un bassin régional d’especes). Cela permet
de mettre en avant les grands gradients de différenciation phénotypique, et les combinaisons de traits qui
sont originales par rapport a toutes les autres especes considérées. Des especes originales a 'échelle globales
représenteraient donc les plus originales possibles. L'originalité fonctionnelle a cette échelle représente I'en-
semble du spectre de diversification phénotypique résultant des dynamiques biogéographiques et évolu-
tives. Utiliser l'originalité fonctionnelle a I'échelle globale est donc pertinent pour appliquer une démarche

de biogéographie de la conservation (Richardson & Whittaker, 2010; Ladle & Whittaker, 2011).

Une des questions que nous avons traitée dans les différentes parties était de savoir si les dimensions de la
rareté fonctionnelle étaient corrélées, c’est-a-dire de savoir si les especes originales étaient rares et les especes
communes étaient abondantes/fréquentes. Dans la partie 3.1, sur les mammiferes d’Amérique du Nord,
nous n’avons pas observé de corrélation entre originalité fonctionnelle et taille de l'aire de répartition des
especes. Tandis que dans la partie 3.3 nous avons observé une légere corrélation négative entre originalité
fonctionnelle et aire de répartition chez un sous-ensemble de plantes des Amériques. Dans la partie 4.1 nous
avons observé une légere corrélation positive entre originalité et taille de I'aire de répartition chez les poissons
de récifs coralliens du monde entier. Enfin dans la partie 4.2 nous avons observé une corrélation positive
entre originalité fonctionnelle et aire de répartition chez les oiseaux et chez les mammiferes a échelle du
monde. Dans lalittérature, d’autres études ont observé des relations variables entre originalité fonctionnelle
et aire de répartition a des échelles diverses et sur des organismes variés (Chapman, Tunnicliffe, & Bates,
2018; Lamothe, Alofs, & Chu, 2019; Cooke, Eigenbrod, & Bates, 2020). Ainsi nos résultats ne montrent
pas de relation universelle entre originalité fonctionnelle globale et aire de répartition. Les especes ayant
de petites aires de répartitions sont souvent les plus menacées d’extinction, ce sont aussi les cibles priori-
taires des programmes de conservation. Nous n’attendons donc pas de relation générale entre originalité

fonctionnelle et statut de conservation basé sur les aires et dynamiques de distribution.

Sous’hypothese doptimalité fonctionnelle certaines especes peuvent étre rare localement en abondance ou
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régionalement en fréquence, sans que cela soit lié au fait de posséder des traits particuliers. Par exemple, dans
le cadre d’'un mécanisme source-puits, une espece sera localement rare car dispersant d’'une communauté
source €loignée. De méme, dans des communautés comprenant un faible nombre d’individus, des proces-
sus démographiques stochastiques peuvent réduire la taille de population de certaines especes sans lien avec
leurs traits. Les mécanismes de fréquence-dépendance négatives a I'échelle locale, c’est-a-dire o le taux de
croissance d’une espéce est inversement lié 2 son abondance dans la communauté, peuvent aussi maintenir
les especes a des faibles tailles de populations sans forcément avoir de liens avec leurs traits (Yenni, Adler, &
Ernest, 2016). A larges échelles, les espéces peuvent ne pas avoir eu le temps de (re-)coloniser tout habitat
qui leur est favorable (cf. partie 2.1) du fait, par exemple, de changements rapides de l'environnement (Sven-
ning et al., 2015). Clest ce que I'on observe dans les dynamiques de re-colonisation des arbres en Europe
depuis la derniére glaciation, beaucoup d’especes n'occupant pas tout ’habitat qui leur est favorable du fait
de leur dynamique de dispersion tres lente (Svenning & Skov, 2004). Gaston (2009) propose une synthese
des facteurs qui peuvent limiter l'aire de répartition d’une espece : immigration, reproduction, mortalité,
émigration, et taille de la population. Il pointe que ces facteurs peuvent étre indépendants des traits des
espéces, comme I'immigration qui dépend fortement de la taille de population de la population source.
La mortalité en limite d’aire de répartition en revanche, peut sexpliquer par I'absence d’adaptation des es-
peces aux conditions environnementales (Gaston, 2009). Les interactions entre environnement, traits des
especes, interactions biotiques, et adaptation rendent donc difficile 'interprétation des limites des aires de
répartition (Holt & Keitt, 2000; Case ¢ 4l., 2005). Si les traits peuvent déterminer certains de ces facteurs,
identifier les traits impliqués est difficile et 'originalité fonctionnelle telle que calculée dans cette these n'est
a priori pas corrélée a ces facteurs. Cependant, la complexité des interactions et rétroactions en place peut

expliquer la diversité des résultats obtenus entre études différentes.

2.2 QUELS TRAITS UTILISER POUR CALCULER L’ORIGINALITE FONCTIONNELLE ?

Pour quantifier Ioriginalité fonctionnelle, il faut choisir les traits sur lesquels la calculer. Dans cette these,
nous avons choisi d’utiliser des traits qui définissent les stratégies globales des especes (Westoby, 1998 ; Diaz
etal.,2016). Seulement, il aurait été possible de calculer ces indices sur d’autres traits. En effetle lien entre les
traits et la valeur sélective des especes n'est pas forcément évident dans tous les environnements (Shipley ez
al., 2016). Pour que ce lien soit prouvé il faut avoir réalisé des études qui démontrent que ce trait est bien lié
ala performance des especes dans des environnements distincts. Siles traits utilisés pour calculer l'originalité
fonctionnelle ne sont pas « fonctionnels » alors l'originalité ne décrira plus une position originale dans le
paysage de valeur sélective multidimensionnel (Laughlin & Messier, 2015). Il sera alors plus difficile d'en

examiner les causes.

Une typologie des traits fonctionnels diftérencie les traits d’effet et les traits de réponse (Lavorel & Garnier,
2002). Les traits deffet sont les traits associés a I'effet des especes sur le fonctionnement des écosystemes,

comme par exemple leur capacité a recycler les nutriments (p. ex., la capacité a fixer de 'azote); alors que les
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traits de réponse sont les traits associés ala réponse des especes a des contraintes de l'environnement (p. ex., la
surface spécifique foliaire, qui décrit la stratégie d’acquisition de la lumiére d’une plante). Ces catégories ont
été tres utilisées chez les plantes et peuvent étre largement corrélées (Lavorel & Garnier, 2002). Par exemple
la surface spécifique foliaire est un trait de réponse car elle définit la stratégie de conservation/acquisition
des ressources de I'individu selon la disponibilités des ressources; il peut s’agir aussi d’trait deffet car de la
valeur de surface spécifique foliaire dépend la quantité de carbone fixée par la plante et donc celle fixée par
écosysteme entier. Pour d’autres taxons ces catégories peuvent étre plus difficiles a distinguer (Luck ez a/.,
2012; Winemiller ez al., 2015 ; Villéger ez al., 2017). Calculer l'originalité fonctionnelle sur 'une ou l'autre
des catégories de traits n’aura pas la méme signification. L'originalité fonctionnelle calculée sur des traits de
réponse aura tendance  nous indiquer les especes qui possedent une réponse originale 4 I'environnement.
A Pinverse, calculer loriginalité fonctionnelle sur des traits deffet aura plutdt tendance a nous indiquer les
especes qui ont un effet original sur les écosystemes et donc une contribution originale au fonctionnement
des écosystemes. Dans la partie 3.3 nous avons calculé I'originalité fonctionnelle des plantes des Amériques
en lien avec des traits de réponse a I'environnement plutdt que deffet. Tandis que dans les parties 4.1 et
4.2 nous avons utilisé des traits trophiques des poissons de récifs coralliens, des oiseaux et des mammiferes
qui peuvent étre considérés comme des traits d’eftets. Pour mieux comprendre le role des especes originales
dans le fonctionnement des écosystemes il pourrait étre pertinent de calculer 'originalité fonctionnelle sur
des traits d’effet. Il serait alors possible d’estimer la contribution des especes originales au fonctionnement
des écosystemes. En particulier, dans le cadre de la conservation des especes, c’est peut-étre davantage l'ori-

ginalité fonctionnelle des traits d’effet qu’il faudrait prioriser plutot que celle des traits de réponse.

Dans cette these, nous avons notamment travaillé sur des gradients biogéographiques en utilisant des traits
déja définis, étudiés, et disponibles (Diaz ez al., 2016). Par exemple dans la partie 3.2 nous avons étudié la dis-
tribution de l'originalité fonctionnelle des plantes 4 I‘échelle des Amériques. Pour ce faire nous avons choisi
d’utiliser les trois traits du schéma LHS [pour Leaf, Height, et Seed Mass; Westoby (1998)]. Ces trois traits
réduisent la multi-dimensionnalité du phénotype des plantes a trois axes uniquement (Laughlin, 2014).
Ces trois traits, par exemple, ne décrivent pas du tout la phénologie des plantes, c’est-a-dire les moments ou
ontlieu les phases du cycle de vie de ces plantes (Segrestin, Navas, & Garnier, 2020). Sila similarité fonction-
nelle représente bien une similarité de niche, alors deux plantes qui possedent exactement les méme traits
dans le LHS ne devraient pas coexister d’apres le principe d’exclusion compétitive (Gause, 1934). Mais si
elles possedent des phénologies différentes, en se développant a des moments différents dans 'année, alors
elles peuvent ne pas entrer en compétition et coexister sur une année (Kraft, Godoy, & Levine, 2015). Les
traits utilisés par Diaz et collab. se concentrent sur des dimensions d’économie des ressources et négligent
les aspects de reproduction et d’interactions biotiques (Diaz ez 4/., 2016). Afin de mieux saisir "'importance
de l'originalité fonctionnelle, il faudrait augmenter la dimensionnalité de nos analyses afin d’évaluer le plus

grand nombre de facettes distinctes des niches des especes d’intérét (Winemiller ez 4/., 2015).

Les traits qui refletent le mieux la performance locale des especes dépendent du contexte environnemental

dans lesquels on étudie des especes (Shipley ez 4l., 2016). Par exemple, les plantes pyrophytes qui nécessitent
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d’étre exposées au feu pour se reproduire sont fonctionnellement communes dans les écosystemes qui su-
bissent des incendies réguliers, comme sur le pourtour méditerranéen. Pourtant, si on les compare a I'en-
semble des plantes du monde, cette capacité a se reproduire apres un feu est plutée rare, et donc, ces plantes
deviennent fonctionnellement originales 4 cette échelle-1a. Or, nous ne disposons pas de la caractéristique
« pyrophytique » pour 'ensemble des plantes du monde, étant donné que ce trait n’est pertinent que dans
les écosystemes avec des feux récurrents. Donc, on ne pourra pas comparer les plantes pyrophytes des non-
pyrophytes sur cette caractéristique, et on ne pourra pas souligner l'originalité de la stratégie pyrophyte a
Iéchelle globale. Une approche consisterait a supposer les traits des especes en fonction des environnements
dans lesquelles elles sont présentes. Par exemple, si des especes sont présentes dans un habitat régulierement
soumis au feu, on supposerait que ce sont des especes pyrophytes. Cette fagon de procéder ressemble aux
valeurs indicatrices d’Ellenberg qui sont des valeurs environnementales tabulées par espece qui indiquent
ses conditions environnementales moyennes d’occurrence (Ellenberg, 1992). Ces valeurs permettent en-
suite d’inférer les conditions environnementales (pH du sol, quantité de nutriments, lumiere incidente,
etc.) a partir de la composition floristique de la communauté. Il a fort risque de circularité dans le raison-
nement, puisqu’on assigne des valeurs especes dans un environnement donné pour sen servir ensuite pour
bio-indiquer l'environnement. Les valeurs d’Ellenberg montrent souvent une déviation par rapport aux
véritables conditions environnementales des communautés étudiées (Dzwonko, 2001). Cet exemple sou-
ligne le paradoxe qu’il peut y avoir a chercher des traits qui expliquent la performance des especes dans des
environnements variés, en négligeant les traits qui expliquent la performance des especes dans des environ-

nements particuliers.

2.3 AUX SOURCES DE L’ORIGINALITE

Dans la partie 3.3 nous avons exploré une origine possible des especes originales : le fait que les especes
originales puissent I¢tre du fait d’adaptation a des environnements particuliers. Il y a toutefois d’autres
explications possibles pour expliquer le maintien de 'originalité dans les communautés. Dans cette section

je vais exposer quelques hypotheses clés sur le maintien des especes originales.

En utilisant des traits fonctionnels sezsu Violle et collab. (2007) il est possible de déterminer la valeur sé-
lective des especes en connaissant leurs valeurs de traits. Cela signifie que 'on peut expliquer les différences
de valeurs sélectives entre especes a partir de leurs diftérences de traits. En particulier, les performances
locales des especes comme le taux de croissance de la population de I'espece dans I'environnement d’inté-
rét peuvent sexprimer en fonction de la valeur de ses traits (Adler ez al., 2014; Laughlin ez 4/., n.d.). En
exprimant la performance des espéces en fonction de leurs valeurs de trait on construit une courbe trait-
performance. Lorseque plusieurs traits déterminent la performance d’une espece on peut construire un
paysage trait performance qui décrit, dans un environnement donné, les performances des especes en fonc-
tion de leurs valeurs de trait (Laughlin & Messier, 2015). On appelle ce paysage multi-dimensionnel, un

paysage adaptatif. Sil'on suppose une optimalité fonctionnelle sur un trait, ce paysage ressemble 2 une dis-
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tribution Gaussienne, comme je l'ai présenté en Introduction. Mais dans le cas général on peut supposer
que ce paysage est plutdt multi-modal et qu’il n'est pas nécessairement régulier (Figure 5.1). A partir de
cette représentation du paysage adaptatif, je vais présenter plusieurs hypotheses qui pourraient expliquer

loriginalité fonctionnelle observée localement.

Une premiére hypothese est qu’une espece originale peut se maintenir dans une communauté en occupant
un pic distinct de performance, isolé du pic majoritaire de performance dans le paysage adaprtatif. A Iéchelle
globale cela correspond a une des hypotheses testées dans la partie 3.3, c’est-a-dire que des especes peuvent
étre originales suite a des processus d’adaptation 4 un habitat local (p. ex. I'espece A Figure 5.1). Cela cor-
respond au processus d’adaptation locale. C'est-a-dire que les espéces originales évoluent et leurs traits sont
sélectionnés selon les conditions environnementales locales. Ce phénomene peut aussi senvisager a une

échelle locale, ol une espece sadapte 3 un micro-habitat particulier.

Les dynamiques source-puits peuvent aussi expliquer l'originalité fonctionnelle locale des especes. Ces dy-
namiques sont liées a la capacité d’especes de disperser 4 partir de communauté « source » ot elles ont
des taux de croissance positifs vers des communautés « puits » ou elles ont des taux de croissance négatifs
[Hanski & Hanski (1999); voir Figure 5.2]. On peut donc observer des especes dans des communautés ou
leur taux de croissance est négatif parce quelles dispersent régulierement depuis les communautés sources
(Leibold & Mikkelson, 2002). Cela peut favoriser la présence d’espéces originales qui, par dispersion, sont
présentes dans une communauté ou l'optimum phénotypique est sensiblement différent. Ainsi, les effets

source-puits pour permettre le maintien de loriginalité fonctionnelle locale.

Les phénomenes source-puits ne sont pas limités a la dimension spatiale des communautés, il existe des
effets source-puits temporels (Johnson, 2004). Dans ce cas, les communautés sources et les communautés
puits, au lieu d’étre séparées dans 'espace, sont séparées dans le temps. Dans le contexte d'environnements
fluctuants dans le temps, un habitat peut étre favorable et favoriser I'extension d’une espece. S’il devient
défavorable, I'espece peut voir son taux de croissance devenir négatif. Si ce changement denvironnement
n’est pas trop rapide, alors la population locale de I'espece va décroitre progressivement. Cette population
pourra persister alors méme que I'environnement ne lui est plus favorable. Les especes originales actuelles
pourraient donc étre des populations restantes mieux adaptées aux conditions environnementales passés.
Elles étaient fonctionnellement communes dans les environnements passés parce qu’adaptées, mais le chan-
gement de l'environnement peut favoriser des especes différentes fonctionnellement, ce qui fait que les es-

peces communes du passé peuvent étre les originales du présent.

A Téchelle locale, on peut observer des espéces originales du fait des barriéres de dispersion. Dans lexemple
d’une espece A est présente dans une communauté locale. Des especes similaires fonctionnellement
peuvent exister 4 Iéchelle régionales mais elles ne peuvent pas disperser dans la communauté locale a
cause de barri¢res de dispersion, comme par exemple des chaines de montagnes (Figure 5.3). Lespece A
présente localement est donc la seule qui possede ces traits, elle est donc originale fonctionnellement au

niveau local. Comme elle partage des traits avec d’autres especes au niveau régional, elle n’est pas originale
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FIGURE 5.1 — Représentation schématique d’un paysage de valeur sélective en fonction de la valeur
de deux traits a ’échelle régionale. Les axes des abscisses et des ordonnées représentent chacun un trait,
la variation de couleur représente la valeur sélective associée a la combinaison des traits. Plus la zone est
bleue, plus la valeur sélective relative de 'espece est faible, plus la zone est jaune, plus elle est forte. Lespece
A occupe un pic de valeur sélective distinct du pic majoritaire, tandis que I'espéce B occupe la marge du pic
majoritaire.
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FIGURE 5.2 — Représentation schématique d’une dynamique source-puits qui pourrait contribuer
au maintien de loriginalité fonctionnelle. (A) On observe deux communautés composées de deux es-
peces différentes : les pentagones dans la communauté 1, les triangles dans la communauté 2. Ces deux
especes different en trait, il est vert pour les pentagones, orange pour les triangles. Chaque espece possede
un trait optimal pour survivre dans son environnement initial. (B) Les pentagones sont trés nombreux,
un individu disperse de la communauté 1 4 la communauté 2, il devient, dans cette communauté, original
fonctionnellement. Etant donné que le pentagone vert n'est pas adapté 2 la communauté il va s¥teindre les
communautés reviendront  la situation (A). Si suffisamment de pentagones dispersent en continu, alors
il est possible qu’ils se maintiennent dans la communauté deux.
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FIGURE 5.3 — Représentation schématique des conséquences d’une barriére a la dispersion sur Porigi-
5-3 g
nalité fonctionnelle. Il y a deux communautés distinctes 1 et 2 séparées par une barriere a la dispersion. Les
formes représentent des especes différentes, tandis que les couleurs représentent des traits différents. Dans
la communauté 1, le pentagone violet est une espéce originale fonctionnellement car c’est la seule 2 étre
8 % g
violette. Dans la communauté 2, les especes cercles et triangles sont communes fonctionnellement parce
qu’elles sont proches en traits. Si l'on consideére les deux communautés ensemble, 'espece pentagone n'est
pas originale fonctionnellement car fonctionnellement similaire des especes cercle et triangle. Seulement
du fait de la barriére 4 la dispersion, les espéces cercle et triangle ne peuvent pas disperser de la communauté
8
2 vers la communauté 1, ce qui rend lespece pentagone originale dans la communauté 1.

fonctionnellement a Iéchelle régionale. Si 'on observe ce mécanisme entre populations plutét quentre
especes, alors il est probable que, si les barricres de dispersion se maintiennent a long terme, la population
A subisse une spéciation allopatrique qui la différencie des autres populations. On observerait donc
une nouvelle espece originale fonctionnellement au niveau local, mais avec des especes soeurs similaires

fonctionnellement au niveau régional.

Les interactions entre espéces peuvent aussi étre une source importante d’originalité fonctionnelle. Par
exemple une plante nurse qui modifie les conditions environnementales locales peut éviter Iextinction lo-
cale d’especes non-adaptée a l'environnement. Ces especes n’étant pas adaptées aux conditions locales, on
peut supposer qu’elles sont plus originales fonctionnellement que les autres especes de la communauté lo-

cale. Dans cet exemple, la plante nurse peut étre originale par ses traits deffets (c’est une espece ingénieure
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décosysteme), alors que les especes subordonnées sont originales par leurs traits de réponse (elles sont dif-
férentes puisqu’adaptée a des conditions environnementales différentes). Les interactions inter-spécifiques
positives peuvent donc favoriser les especes originales. Mais les processus de compétition peuvent aussi
permettre le maintien des especes originales fonctionnellement. Par compétition avec les autres especes
certaines especes empéchent des especes trop proches détre présentes dans la communauté locale (Gause,
1934). Ces especes peuvent donc étre originales fonctionnellement en limitant la proximité fonctionnelle
avec les autres especes par exclusion compétitive. Sous ’hypothese de I'optimalité fonctionnelle, une forte
limite & la similarité, favorise I'émergence d’especes originales aux valeurs de traits aux extrémes du filtre

environnemental.

A Péchelle régionale, les phénomenes évolutifs peuvent notamment permettre I‘émergence d'espéces origi-
nales fonctionnellement. J¥évoque plus bas certains phénomenes évolutifs dans la section dédiée aux rela-

tions entre originalités fonctionnelle et phylogénétique.

Jai évoqué ici plusieurs mécanismes qui peuvent expliquer loriginalité fonctionnelle a Iéchelle locale et,
dans une moindre mesure, a I'échelle régionale. Ces processus ne sont pas mutuellement exclusifs et peuvent
expliquer conjointement la présence d’especes originales fonctionnellement dans les communautés. Pour
tester ces différents processus, il serait possible d’utiliser le modele ecolottery en modélisant les processus
séparément et en interaction. Ainsi on pourrait disposer de prédictions théoriques sur les patrons d’origi-

nalité fonctionnelle locale et régionale attendus en fonction de 'importance relative de ces mécanismes.

2.4 COMBIEN DE TRAITS POUR CALCULER L’ORIGINALITE FONCTIONNELLE ?

Dans les chapitres qui ont traité de 'originalité fonctionnelle, nous avons calculé I'originalité fonctionnelle
sur le maximum de traits disponibles dans les données. Faut-il cependant calculer l'originalité fonction-
nelle sur des traits spécifiques ou la considérer comme une grandeur globale ? Si I'on choisit une approche

multivariée, combien de traits et quels traits faut-il sé¢lectionner?

En calculant loriginalité fonctionnelle sur tous les traits pour toutes les espeéces, on moyenne l'originalité
des especes sur chacun des traits. Or, certaines espéces peuvent étre originales seulement selon certaines
dimensions et peu sur d’autres. Par exemple, si la surface spécifique foliaire des plantes est extrémement va-
riable 4 travers le monde, il existe des contraintes physiologiques fortes qui l'empéchent de varier librement
(Wright ez al., 2004). Ainsi, on ne sattend pas nécessairement a ce que des plantes soient originales d’apres
leurs surfaces spécifiques foliaires. En revanche, elles peuvent Iétre sur d’autres traits : configuration du
réseau racinaire, couleurs des fleurs, etc. Donc il pourrait étre intéressant de calculer l'originalité fonction-
nelle sur quelques physiologiquement moins contraints plutdt que sur I'ensemble des traits 4 la fois, ce qui
risque de masquer le signal de quelques traits originaux. Il est aussi possible pour une espece détre origi-
nale dans un espace a n-dimensions, sans I'étre sur chacune des dimensions prises séparément. Cette espece
serait donc moyennement originale sur chaque dimension mais tres originale en les considérant toutes a la

fois. Une étude considérant les traits séparément puis pris tous ensemble pourrait séparer ces deux cas.
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Nous avons montré que le nombre de traits utilisé pouvait modifier la valeur de la diversité fonctionnelle
et in fine les patrons de diversité fonctionnelle le long de gradients environnementaux (partie 2.2). Pour
loriginalité fonctionnelle on observe des patrons similaires. Plus on ajoute des traits, moins 'influence d’un
seul trait va étre visible. Du fait de la malédiction de la dimension (curse of dimensionality), plus un espace
a de dimensions, plus il est vide, donc plus les points devraient étre éloignés les uns des autres. Seulement,
en grande dimension (n >= 20) les métriques de distances ont des comportements inattendus (Aggarwal,
Hinneburg, & Keim, 2001). Le rapport entre les distances d’un point au point le plus éloigné de celui-ci
et de ce méme point a son plus proche voisin approche un (Beyer e al., 1999). Cela veut donc dire quavec
les métriques usuelles le point d’intérét est aussi éloigné du point le plus éloigné de lui-méme que de son
voisin le plus proche (Beyer ez 4l., 1999). Pour que les métriques de distances restent utilisables, on peut
soit les adapter en utilisant des métriques de distance « fractionnelles » ou bien utiliser des techniques de
réduction de la dimensionnalité de I'espace fonctionnel (Beyer ez 4/., 1999 ; Aggarwal, Hinneburg, & Keim,
2001). Etant donné que la dimensionnalité des jeux de données biologiques est relativement faible (n = 7-8)
(Laughlin, 2014; Pianka ez al., 2017), si l'on applique des techniques de réduction de la dimensionnalité,

on pourra continuer 2 utiliser la définition habituelle de l'originalité fonctionnelle.

2.5 ORIGINALIT]::, ECHELLE SPATIALE, ECHELLE BIOLOGIQUE, ET ECHELLE TAXONOMIQUE

Dans les chapitres 3 et 4 nous avons calculé I'originalité 4 I'échelle globale. Nous nous sommes concentrés
sur I'échelle globale dans cette these dans une démarche de biogéographie fonctionnelle (Violle ez 2l., 2014).
Dans le cadre proposé par Violle et collab. (2017), l'originalité fonctionnelle est calculée en croisant deux
échelles spatiales : I'échelle locale et I'échelle régionale. Pour s’interroger sur les processus locaux et régio-
naux influengant les especes originales, on peut calculer loriginalité fonctionnelle 4 ces deux échelles. Plus
largement, comme rappelé dans la partie 3.2, loriginalité fonctionnelle peut se calculer a toutes les échelles
spatiales, il n’y a pas déchelle fixée a priori. C’est 'interprétation de loriginalité fonctionnelle qui differera
selon Iéchelle spatiale utilisée. Dans ce mémoire, je me suis concentré a étudier l'originalité a une échelle
régionale, le plus souvent a I'échelle mondiale. Seulement, comme je I'ai rappelé dans la section sur l'ori-
gine de l'originalité, la comparaison de l'originalité fonctionnelle 2 des multiples échelles spatiales pourrait
permettre de mieux comprendre les mécanismes permettant son maintien. Il serait aussi possible d’envi-
sager des études qui décomposent loriginalité fonctionnelle d’une espece le long d’une échelle spatiale,
comme cela a été fait pour Iétude de la diversité taxonomique (Keil & Chase, 2019). Cela permettrait no-
tamment d’étudier les discontinuités de I'espace fonctionnel espece par espéce. Certaines especes pourraient
par exemple, voir leur originalité réduite tres rapidement & mesure que I'on agrandit I'échelle, car des especes
fonctionnellement similaires seraient présentes 2 proximité (Figure 5.4). Ainsi, chaque espéce pourrait avoir

un profil d’originalité, qui permette de caractériser les différents types doriginalité fonctionnelle.

Tout au long de la these, nous nous sommes intéressés aux valeurs de traits des especes en négligeant la varia-

bilité intra-spécifique. Pourtant, de nombreuses études ont montré I'intérét de la prise en compte de cette
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FIGURE 5.4 — Représentation schématique d’une étude sur la décomposition de l'originalité fonction-
nelle d’une espéce d’intérét en fonction de l'aire étudiée. Les formes représentent des especes diftérentes,

tandis que les couleurs représentent leur valeur de trait. A gauche on observe l'emboitement successif des
échelles spatiales qui permet d’accumuler de plus en plus d’especes. A droit, il s'agit d'un graphique qui
représente l'originalité de l'espece d'intéré, ici le pentagone, en fonction de l'aire détude considérée. En
considérant un faible espace, le pentagone est tres original fonctionnellement, puis en accumulant des es-
peces similaires son originalité fonctionnelle décroit.
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variabilité notamment pour I’écologie des communautés (Albert ez 4/., 2010; Bolnick ez al., 20115 Violle ez
al., 2012; Des Roches ez al., 2018). Erudier loriginalité fonctionnelle intra-spécifique pourrait nous éclai-
rer de maniere similaire sur les déterminants de loriginalité fonctionnelle. Par exemple, il serait possible de
partitionner l'originalité fonctionnelle entre individus de la méme espece ou entre individus d’especes dif-
férentes, a 'image de ce qui a été proposé pour la variance fonctionnelle (Violle ez al., 2012). Cela pourrait
nous permettre de quantifier la part d’individus d’une espéce qui sont originaux : si en moyenne une es-
pece est considérée comme originale, pour quelle proportion de ses individus est-ce le cas ? Peut-on trouver
des individus originaux a Iéchelle de la communauté pour des especes fonctionnellement communes et

comment lexpliquer?

Le concept d’originalité fonctionnelle n’est pas associé a une échelle biologique particuliére et pourrait s'en-
visager a toutes les échelles biologiques. Il serait par exemple possible de mesurer I'originalité fonctionnelle
a des échelles plus grandes que celle de I'espece, a I'échelle de populations, de communautés, ou d*écosys-
temes entiers. L'idée ici n’est pas de moyenner loriginalité fonctionnelle d’un niveau inférieur au niveau
supérieur, car cela reviendrait a étudier la redondance fonctionnelle 4 ce niveau supérieur (Ricotta ez al.,
20163 Kondratyeva, Grandcolas, & Pavoine, 2019). En revanche, le cadre conceptuel qui consiste a étu-
dier l'originalité des caractéristiques d’un 7zem par rapport a d’autres 7zems semblables reste pertinent. On
pourrait par exemple identifier les communautés dont les caractéristiques fonctionnelles (CWM, diver-
sité fonctionnelle, etc.) different le plus des autres communautés. Cela permettrait de mettre en évidence
d’éventuels effets déchelles de loriginalité : les communautés les plus originales en traits sont-elles les plus

riches en especes originales ?

Enfin, il serait aussi possible de décomposer l'originalité fonctionnelle le long de la taxonomie. En effet,
loriginalité fonctionnelle peut se calculer a I'échelle du genre, de la famille taxonomique, ou méme de rangs
taxonomiques supérieurs. Ainsi il serait possible d’¢tudier l'originalité relative d’une espece a ces diftérents
rangs. Par exemple pour comprendre dans quelle mesure une espéce est originale par rapport a son genre
sans forcément Iétre 4 échelle de sa famille. Si une espéce est originale par rapport 4 son genre mais pas par
rapport aux autres especes de sa famille, cela signifie que d’autres especes possedent des traits proches dans
sa famille mais pas d’autres especes de son genre. Des especes d’autres genres possedent des traits similaires

a lespece d’intérét, ce qui montre une convergence fonctionnelle entre ces especes.

2.6 L’ORIGINALITE FONCTIONNELLE LE LONG DE L’ARBRE DU VIVANT

Dans cette these, nous avons travaillé sur Ioriginalité fonctionnelle de groupes tres diftérents : oiseaux, vé-
gétaux (herbacées & arbres), mammiferes, poissons. Le cadre utilisé peut sappliquer de maniere similaire a
d’autres groupes taxonomiques dont les traits sont bien étudiés et disponibles comme les amphibiens (Oli-
veira et al., 2017) ou les carabes (Fountain-Jones, Baker, & Jordan, 2015). Mais tous ces groupes sont des
macro-organismes, c’est-a-dire des organismes de taille macroscopique. Les micro-organismes représentent

pourtant le deuxieme groupe de plus grande biomasse derriere les plantes (Bar-On, Phillips, & Milo, 2018).
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Il peut toutefois étre difficile de définir et de mesurer des traits fonctionnels sur les micro-organismes, méme
si des ensembles de traits sont d’ores et déja disponibles pour des groupes spécifiques (Litchman & Klaus-
meier, 2008; Bestova ez al., 2018). Cependant, étant données la petite taille et la simplicité relative des
micro-organismes, les traits mesurés sont plus facilement reliés aux composantes de la valeur sélective des

especes (Litchman & Klausmeier, 2008).

Plutét que d’utiliser des traits fonctionnels définis de maniere classique, plusieurs fronts de recherche déve-
loppentdes approches -omiques pour obtenir d’autres types de traits fonctionnels sur les micro-organismes.
Les approches de génomique fonctionnelle qui décrivent la diversité des fonctions associées 4 des genes
identifiés (Brown ez al., 2014). La méta-génomique fonctionnelle permet de séquencer "ADN présent dans
un échantillon puis dannoter automatiquement les fonctions des genes identifiés dans I'échantillon (Raes
et al., 2011). La transcriptomique fonctionnelle permet quant a elle de s’intéresser aux génes transcrits par
lorganisme, au plus pres de leur expression (Swenson & Jones, 2017). Toutes ces approches revisitent la
notion de trait fonctionnel pour permettre I'utilisation de technologie génomique a haut débit tout en

définissant des traits pertinents notamment pour les micro-organismes.

Chez les micro-organismes, plusieurs études montrent I'importance des especes rares et des espéces origi-
nales pour le fonctionnement des écosystemes (Jousset ez al., 2017 ; Banerjee, Schlaeppi, & Heijden, 2018;
Jia, Dini-Andreote, & Salles, 2018). Les especes originales pourraient donc porter ou assurer des fonctions
spécifiques. La grande redondance fonctionnelle observée dans beaucoup décosystemes microbiens, les
especes rares pourraient servir d’assurance écologique en cas de changement des conditions environnemen-

tales (Jousset et al., 2017).

En plus d’utiliser l'originalité fonctionnelle sur des organismes différents, nous I'avons aussi comparée a
loriginalité phylogénétique le long d’arbres phylogénétiques (parties 3.3, 4.1, et 4.2). Dans ces trois par-
ties nous avons observé un signal phylogénétique positif de l'originalité fonctionnelle. Cela signifie que les
especes phylogénétiquement plus proches sont plus proches en originalité fonctionnelle quattendu par
hasard. Ces résultats, méme en considérant les critiques associées au signal phylogénétique (Miinkemiiller
et al., 2012), doivent étre interprétés avec prudence dans la mesure ou loriginalité fonctionnelle n’est pas
un trait qui évolue le long de la phylogénie mais dépend au contraire du contexte dans laquelle elle est éva-
luée. Donc pour reconstruire 'originalité fonctionnelle passée des especes il faudrait reconstruire les arbres

d’évolutions des différents traits utilisés puis la calculer pour différentes profondeurs d’arbre.

Dans ces deux parties, en plus du signal phylogénétique, nous avons comparé l'originalité fonctionnelle
a loriginalité phylogénétique (evolutionary distinctiveness, ED). Loriginalité phylogénétique décrit la lon-
gueur de branches non partagée entre une espece et toutes les autres de I'arbre (Vane-Wright, Humpbhries, &
Williams, 1991). Plus une espece est isolée dans une longue branche de I'arbre phylogénétique, plus elle aura
une forte originalité phylogénétique (Figure s.5). L'originalité phylogénétique a été utilisée pour prioriser
les especes sur la base de leur histoire évolutive non partagée (Vane-Wright, Humphries, & Williams, 1991;

Redding & Mooers, 2006; Isaac et al., 2007). Loriginalité phylogénétique est le pendant spécifique de la
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diversité phylogénétique, a I'image de I'originalité fonctionnelle qui est le pendant de la diversité fonction-
nelle (Kondratyeva, Grandcolas, & Pavoine, 2019). La diversité phylogénétique a été tres utilisée comme
proxy de la diversité fonctionnelle notamment pour étudier I'assemblage des communautés (Webb, 2000;
Webb ez al., 2002 ; Kraft ez al., 2007 ; Mouquet et al., 2012). Pourtant des analyses récentes montrent qu'en
fonction de I’évolution des traits, la diversité phylogénétique ne capture pas nécessairement la diversité des
traits (Tucker ez al., 2018). De maniére similaire, I'originalité phylogénétique pourrait capturer loriginalité
fonctionnelle, auquel cas, il suffirait de construire des arbres phylogénétiques des especes plutot que de me-
surer des traits pour obtenir une estimation de loriginalité fonctionnelle (Cadotte, Cardinale, & Oakley,
2008 ; Cadotte, Albert, & Walker, 2013). Dans les parties 3.3 et 4.1 nous avons observé une légere corré-
lation négative entre originalité fonctionnelle et phylogénétique, -0.12 et -0.08 respectivement; tandis que
dans la partie 4.2 nous n’avons pas observé de relation entre les originalités. D’autres études n’ont pas trouvé
non plus de lien entre originalité fonctionnelle et phylogénétique (Violle ez /., 2017; Cooke, Eigenbrod,

& Bates, 2020).

L’absence de relation entre les originalités peut étre liée a différents facteurs a 'image de I'absence de rela-
tions entre diversités fonctionnelle et phylogénétique (Mayfield & Levine, 2010). Des taux de spéciation
et d’extinction différents entre clades peuvent faire émerger l'originalité fonctionnelle indépendamment de
loriginalité phylogénétique. Les radiations évolutives peuvent générer une grande diversité de traits chez
les especes concernées, ce qui peut amener des especes originales a émerger (Gavrilets & Losos, 2009). Les
especes ayant subi récemment une radiation évolutive sont nécessairement peu phylogénétiquement ori-
ginales. Les radiations évolutives peuvent donc expliquer le découplage entre originalités fonctionnelle et
phylogénétique. Les especes spécialistes ont aussi un plus fort taux de spéciation que les especes généra-
listes (Ferndndez & Vrba, 2005). Si les especes originales sont plus spécialistes que généralistes, alors elles
sont aussi faiblement originales phylogénétiquement. L'évolution des traits le long de la phylogénie peut
aussi jouer un rdle. Pavoine et collab. (Pavoine ¢ al., 2017) ont par exemple montré avec des simulations
que plus les traits utilisés pour calculer loriginalité fonctionnelle avait un signal phylogénétique fort, plus
on observait une corrélation forte avec l'originalité phylogénétique. Ce n’est en revanche plus le cas si les
traits utilisés ne montrent pas de signal phylogénétique (Cadotte, Albert, & Walker, 2013 ; Pavoine ef al.,
2017). Pavoine et collab. ont aussi montré que plus le nombre de traits était important plus la corrélation
entre originalités était forte (Pavoine ez 4/., 2017). Ces analyses pourraient étre poursuivies en utilisant des
modeles macro-évolutifs faisant évoluer les traits selon plusieurs modeles et en faisant varier les taux de
spéciations/extinction pour tester la relation & priori entre originalités fonctionnelle et phylogénétique a
Iéchelle globale. D’autres analyses pourraient impliquer des modeles d’assemblage des communautés cou-
plés avec des phylogénies établies pour tester la relation entre processus d’assemblage et corrélation attendue

entre originalités.
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FIGURE 5.5 — Représentation schématique de la relation entre originalité phylogénétique et origina-
lité fonctionnelle pour deux arbres distincts. La partie gauche du schéma représente des arbres phylogé-
nétiques dont I'axe des ordonnées représente le temps depuis la divergence et 'axe des abscisses les valeurs de
traits des différent noeuds. La partie droit du schéma décrit, en utilisant les arbres, les originalités fonction-
nelle et phylogénétique des différentes especes de l'arbre. (A) Cas ot on observe une relation nette entre
originalité fonctionnelle et originalité phylogénétique. (B) Cas ot1 il n’y pas de relation entre originalité
fonctionnelle et originalité phylogénétique.
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2.7 FAUT-IL CONSERVER SPI:ZCIFIQUEMENT LES ESPECES RARES FONCTIONNELLEMENT ?

Nous nous sommes intéressés a la conservation des especes originales dans le chapitre 4, en adoptant une
démarche de biogéographie de la conservation (Ladle & Whittaker, 2011). Dans les deux parties de ce cha-
pitre, nous avons quantifié les relations entre originalité fonctionnelle, originalité phylogénétique, et aire
de répartition des especes. Nous avons ensuite décrit les points chauds d’originalité fonctionnelle globale.
En outre, dans la partie 4.2 nous avons évalué les menaces qui pesaient sur les oiseaux et mammiferes fonc-
tionnellement rares a I'échelle du monde. Ces contributions représentent un premier pas pour interroger

Iintérét du cadre de l'originalité fonctionnelle en biologie de la conservation.

Durant tout ce travail de these nous avons supposé que les especes originales devaient étre priorisées dans les
schémas de conservation du fait de leur contribution originale au fonctionnement des écosystemes. Méme
s'il existe dautres études qui tendent & montrer que les especes rares ont une contribution plus originale et
plus grande dans le fonctionnement des écosystemes que les especes abondantes (Lyons e /., 2005 ; Leitao
et al., 2016; Jousset et al., 2017; Dee ¢t al., 2019), nous n’avons pas démontré que cétait le cas des especes
fonctionnellement originales. Pour ce faire, comme je I'ai suggéré ci-dessus, nous pourrions évaluer lori-
ginalité fonctionnelle sur des traits d’effet plutot que sur des traits de réponse (Lavorel & Garnier, 2002).
Pour observer I'effet des especes originales sur le fonctionnement des écosystemes, il faudrait pouvoir com-
parer des communautés, ot, toute autre chose égale par ailleurs, I'espece la plus originale a été retirée. Une
expérimentation s’inscrivant dans les études de biodiversité et fonctionnement des écosystemes pourrait
manipuler loriginalité fonctionnelle des espéces comme cela a été fait pour la richesse spécifique et la di-
versité fonctionnelle (Cardinale ez 4/., 2007; Roscher er al., 2013). Seulement, les contraintes pratiques
rendraient la manipulation de loriginalité fonctionnelle tres difficile a réaliser. Un modele prenant expli-
citement en compte les liens entre traits et fonctionnement des écosystemes pourrait permettre de mettre
en place des expériences virtuelles. La comparaison du fonctionnement de communautés comprenant des
especes plus ou moins originales permettrait dévaluer le réle de celles-ci dans le fonctionnement des éco-
systemes. Une autre fagon de procéder serait de retirer progressivement les especes de chaque communauté
et de quantifier la différence de fonctionnement associée. Des scénarios retirant les especes selon des cri-
teres différents (rareté, originalité, sensibilité, ou aléatoire) permettraient de comparer les criteres les plus

déterminants pour le fonctionnement des écosystemes (Solan, 2004).

La priorisation des especes prend souvent en compte le risque dextinction des espéces, afin de prioriser
les especes qui ont le plus fort risque d’extinction. Nous avons montré dans les parties 4.1 que les especes
classées comme menacées sur la liste rouge mondiale de "'UICN ¢étaient en moyenne plus originales que les
especes non menacées. Cela signifierait que les especes originales devraient étre davantage menacées d'ex-
tinction que les especes communes. De plus dans la partie 4.2 nous avons démontré que les especes fonc-
tionnellement rares comprenaient davantage d'espéces classées comme menacées sur la liste rouge mondiale
de PUICN. Nous avons aussi montré que les especes fonctionnellement rares étaient davantage menacées

par 'impact humain et le changement climatique. Pour évaluer le risque d'extinction des espéces originales,
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nous devrions disposer des parametres démographiques de ces especes, qui sont difficilement accessibles et
coliteux a acquérir (Vié ez al., 2009). Il est possible de prédire le risque d’extinction des espéces a partir de
leurs traits en les comparant a des especes pour lesquelles on dispose des parametres démographiques, des
menaces et des traits (Morais ez al., 2013 ; Bland & Bohm, 20165 Luiz ez 4l., 2016). Ensuite a posteriori, il
serait possible de comparer les risques d’extinction obtenus entre espéces originales et especes communes.
Au-dela du risque de circularité lié a I'utilisation des traits a la fois pour prédire le risque d'extinction puis
pour évaluer l'originalité fonctionnelle, les liens entre traits et risque d’extinction ne sont pas univoques
(Chichorro, Juslén, & Cardoso, 2019). En revanche la spécialisation d’habitat et de régime alimentaire
semble davantage liées au risque d’extinction (Chichorro, Juslén, & Cardoso, 2019). Il faudrait donc étu-
dier les liens entre originalité et spécialisation, qui sont des concepts qui peuvent étre rapprochés, sans étre

équivalents.

Par la diversité de stratégies qu’elles apportent a la communauté locale, les especes originales peuvent assurer
une forme d’assurance écologique (Yachi & Loreau, 1999). C'est-a-dire que dans des conditions environ-
nementales qui changent, les especes originales pourraient devenir dominantes et maintenir le fonctionne-
ment de I'écosysteme, on parle de « sauvetage écologique » (ecological rescue) des communautés (Loreau,
Mouquet, & Gonzalez, 2003 ; Low-Décarie ez al., 2015). Les especes originales pourraient augmenter la ré-
silience et la résistance des communautés, en particulier dans des environnements soumis aux changements

globaux.

Dans le chapitre 4, nous nous sommes concentrés sur la conservation des especes 4 un niveau global. Cest
pourquoi nous avons quantifié loriginalité a cette méme échelle. Seulement, une espece pourrait ne pas étre
originale a I'échelle globale tout en I’tant 3 une échelle plus petite. Il faudrait donc étendre nos études pour
tenir compte de diftérentes échelles pour étudier les liens entre originalité fonctionnelle et conservation.
Dans la mesure ot il existe des listes rouges d’espéces menacées a différentes échelles (globale, continentale,
nationale, régionale, et locale), il serait possible d¢tudier les liens entre originalité fonctionnelle et statut

sur ces listes a toutes les échelles spatiales.

Loriginalité pourrait étre aussi utilisée comme critére de priorisation dans le cadre des processus de plani-
fication systématique de la conservation (systematic conservation planning). La planification systématique
de la conservation consiste a identifier des zones prioritaires pour la conservation en maximisant des cri-
teres prédéfinis (Arponen, 2012). Cette technique permet par exemple de maximiser le nombre d'especes
protégées en minimisant le nombre de sites a protéger. D’autres indices peuvent étre utilisés comme critere
a maximiser comme la diversité phylogénétique par exemple ou la diversité fonctionnelle (Arponen, 2012;
Pollock, Thuiller, & Jetz, 2017). Récemment, il a dailleurs été démontré qu’une faible augmentation de
la surface des aires protégées a Iéchelle globale pouvait augmenter de maniere substantielle la représenta-
tivité des diversités fonctionnelle et phylogénétique mondiales (Pollock, Thuiller, & Jetz, 2017). Dans ce
cadre, les especes originales pourraient étre utilisées comme critéres afin de maximiser leur représentation
dans les aires protégées. Il n’est seulement pas certains que le critere d’originalité donne un résultat diffé-

rent de la maximisation de la diversité fonctionnelle. En effet, pour maximiser la diversité fonctionnelle avec
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un minimum de sites, les algorithmes devraient prioriser les sites qui contiennent un maximum d’especes
originales. Il n’existe toutefois pas de démonstration de ce phénomene. Les critéres 4 maximiser pour la pla-
nification systématique de la conservation sont nombreux et il faudrait démontrer I'apport de l'originalité

fonctionnelle comme critere supplémentaire (Sinclair ez al., 2018).

3 PERSPECTIVES

3.1 BESOINS EN DONNEES ET DESCRIPTIONS ]:ZCOLOGIQUES

es travaux menés dans le cadre de cette thése n'ont demandé ni de nouvelles expérimentations, ni de cam-
Lest dans le cadre de cette these n’ont d dénid 11 tat d
pagne de terrain pour acquérir des données. Les deux premiers chapitres ont utilisé des approches de mo-
élisation et de simulation, tandis que les deux chapitres suivants ont analysé des données issues de bases
délisation et d lation, tandis que les d hapit ts ont analysé des d deb
de données. L'objectif de cette partie est dexplorer les implications de 'utilisation des bases de données

notamment dans le cadre du calcul de l'originalité fonctionnelle.

Loriginalité fonctionnelle nécessite d’avoir des informations sur les traits de toutes les especes qui com-
posent les communautés. Contrairement au CWM d’une communauté, il ne suffit pas de disposer des
traits des especes dominantes d’une communauté pour pouvoir caractériser loriginalité fonctionnelle (Car-
mona et al., 2015 ; Borgy et al., 2017). Pour pouvoir mesurer loriginalité fonctionnelle a I'échelle locale, il
faut donc avoir échantillonné exhaustivement la communauté ce qui est, en pratique, souvent impossible
(Baraloto ez al., 2010). Loriginalité fonctionnelle n’étant pas une grandeur agrégée a I'échelle de la commu-
nauté, elle est extrémement sensible aux erreurs de mesures et de reports dans les bases de données. Si de
nombreux efforts ont été faits pour consolider les bases de données de traits, et évaluer les risques d’erreurs
de mesures de traits (Kattge ez a/., 2011 ; Kattge ez al., 2020), nous avons dti écarter des données de nos ana-
lyses 4 cause d’erreurs manifestes dans les valeurs des traits reportées. En outre, si I'on veut pouvoir estimer
loriginalité fonctionnelle sur de multiples traits, il faut d’autant plus intensifier son effort déchantillonnage
et mesurer plusieurs traits sur chaque individu/espeéce de la communauté (Laughlin & Messier, 2015, en-
cadré 2). Cest une des raisons pour lesquelles dans la partie 3.3 nous n’avons caractérisé les plantes qu’avec
le LHS, car en plus d’étre un cadre utile pour représenter les stratégies des plantes, il n’utilise que trois traits
souvent mesurés et disponibles. En sélectionnant ces trois traits nous sommes passés d’un jeu de données
contenant 99oo0o especes A environ 2100 especes ce qui ne représente que 2% de toutes les especes végétales
initialement présentes! Alors méme que nous avons sélectionné les traits les plus couramment mesurés et

disponibles dans les bases de données, ils n*étaient pas disponibles pour la majorité des especes.

Face a la difficulté pour obtenir beaucoup de données, certains suggerent d’utiliser des techniques statis-
tiques pour augmenter les données et obtenir les données manquantes a partir de la structure des don-
nées (Nakagawa & Freckleton, 2011; Imbert & Vialaneix, 2018). La méthode la plus simple parfois en-
core utilisée est celle de 'imputation par le genre ou la famille. II s’agit d’assigner a I'espece pour laquelle

la valeur du trait manquante, la valeur moyenne du trait pour les especes du méme genre ou de la méme
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famille. C’est une technique simple mais qui donne d’assez mauvais résultats car des especes d’un méme
genre ou d’une méme famille peuvent posséder des valeurs de trait tres différentes (Taugourdeau ez al.,
2014). D’autres techniques utilisent la structure multivariée du jeu de données de traits a 'image de I'im-
putation multiple par équations chainées (Multiple Imputation by Chained Equation, MICE Buuren &
Groothuis-Oudshoorn, 2011). Il sagit d’une technique rapide, donnant de bons résultats mais n’exploi-
tant toute 'information biologique associée aux données de traits. En effet, plusieurs approches utilisent
la phylogénie, les informations environnementales, ou les matrices de co-occurrences pour augmenter la
qualité de leurs imputations (Taugourdeau ez al., 2014; Penone ez al., 2014; Schrodt ez al., 2015 ; Goolsby,
Bruggeman, & Ané, 2017). Toutes ces approches donnent des résultats intéressants qui pourraient étre
exploitables, mais qui dépendent des traits utilisés et des jeux de données (Taugourdeau ez 4l., 2014). Du
fait de leur contingence au jeu de données, leur précision est difficile a estimer sur un vrai jeu de données.
Une solution pourrait étre d’utiliser la propagation d’incertitude pour tenir compte de la variabilité des
imputations. Dans le cas précis de l'originalité fonctionnelle, étant donné que l'on cherche a prédire des
especes aux valeurs de traits particuliéres, il n’est pas certain que ces techniques soient applicables. Il y a, en
outre, un risque de circularité dans le raisonnement s’il s’agit d’imputer les traits a partir de la phylogénie et
de l'environnement, pour calculer l'originalité fonctionnelle des especes qu’on liera ensuite 4 I'environne-

ment.

Les analyses menées au cours de cette theése ont aussi nécessité I'utilisation de base de données d’occurrence
d’especes. Méme s’il existe de plus en plus de bases de données d'occurrences standardisées (Enquist ez a/.,
20163 GBIF : The Global Biodiversity Information Facility, 2020), il reste encore de nombreuses zones
sous-échantillonnées (Meyer, Weigelt, & Kreft, 2016). Il faut donc continuer a consolider 'acquisition des
occurrences des especes. Pour certaines especes comme les oiseaux ou les plantes, les sciences participatives
peuvent permettre d'obtenir de nombreuses informations d’occurrences en peu de temps (Sullivan ez al.,
2009; Joly et al., 2016; Anon., 2020). Mais les incertitudes sur les données et les divers biais associés né-
cessitent de mettre en place des statistiques appropriées (Joly ez al., 2016). En particulier, pour les espeéces
fonctionnellement rares, étant donné qu’elles ont une faible aire de répartition ou sont présentes en faible
abondance localement, il est important de disposer de données d'occurrences les plus larges possibles, avec

Ieffort déchantillonnage le plus grand possible.

Les travaux présentés ici concernent des échelles spatiales importantes (partie 3.3 et chapitre 4) continentale
ou globale. Or, cela peut biaiser notre vision de l'originalité fonctionnelle qui dépend de I'échelle détude
(Estes ez al., 20185 McGill, 2019). Il serait possible dévaluer l'originalité fonctionnelle a des échelles mul-
tiples et de considérer sa variation continue. De méme, nous nous sommes concentrés dans nos travaux
sur une seule échelle temporelle. Pour acquérir une vision générale de Ioriginalité fonctionnelle il faudrait
aussi étudier les variations d'originalité fonctionnelle au cours du temps afin de déterminer, par exemple, si
les especes originales le restent au cours du temps. Ces difficultés déchelles peuvent étre levées en utilisant
des bases de données intégrant des relevés précis a large échelle spatiale ou des relevés temporels facilement

accessibles (Dornelas ef al., 2018 ; Bruelheide ez al., 2019).
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Le manque de données a déja été souligné a plusieurs reprises (Hortal ez al., 2015 ; Violle, Borgy, & Choler,
2015; Cornwell ez al., 2019). Il est donc nécessaire de continuer 2 mener des campagnes de terrains de me-
sures de traits, dans des environnements variés. En plus de mesurer des traits, il faut poursuivre les efforts
existants permettant 'intégration de données dans des bases de données au format standardisé qui per-
mettent une consolidation des données (Kattge ez al., 2011; Madin ¢t al., 2016; Oliveira ez al., 2017). Des
standards ouverts bien définis peuvent faciliter I'intégration des données, plusieurs sont déja disponibles
pour pouvoir construire des bases de données de traits (McCartney & Jones, 2002; Cook ez al., 2018 ; Por-
ter, 2018; Schneider ez al., 2019; Gallagher ez 4l., 2020). Il existe donc de nombreuses initiatives auxquelles
participer pour permettre une consolidation des données en écologie, celles-ci peut-étre encouragées par

I'implémentation de pratiques scientifiques vertueuses de citation et de partage des données.

Nous avons souligné dans cette partie les besoins en données, notamment dans le cadre de l'originalité
fonctionnelle. La science ouverte (gpen science) pourrait étre un cadre permettant de répondre aux besoins
en données (Hampton ez 4l., 2015). Seulement, pour assurer un crédit suffisant aux personnes partici-
pant aux diftérentes bases de données citées dans cette section et pouvoir valoriser 'acquisition de données
de « base » (Costello ¢z al., 2013). Lasymétrie de citations qui existe entre écologue de terrain et macro-
écologue ré-analysant des données, peut rendre difficile la participation des premiers a la consolidation des
données dans des bases de données ouvertes (Bahlai ez 4/., 2019 ; Benitez Lépez & Santini, 2019). Il est donc
important en plus d’exploiter les données pour répondre aux questions macro-écologiques, de renforcer la

reconnaissance académique des personnes impliquées dans 'acquisition de ces données.

3.2 DE L’IMPORTANCE DES OUTILS EN ECOLOGIE

Cette these présente une forte composante méthodologique (chapitres 1 et 2, partie 3.1), les autres parties
de la these mobilisent aussi de nombreux outils informatiques sans lesquels il aurait impossible de mener
un travail identique. Dans cette section je propose d’explorer I'importance et la valorisation du travail mé-

thodologique et de la conception d’outils informatiques.

Comme je I'ai souligné dans la section précédente, les travaux de cette theése ont nécessité la manipulation
de quantité importante de données. Si ces travaux ne font pas a strictement parler de I'écologie des méga-
données (big data ecology), ils se sont basés sur d’importants outils statistiques tres utilisés sur les méga-
données (Franklin ez al., 2016; Witest ez al., 2020). Les travaux en génomique, en télédétection, ou utilisant
de nombreux capteurs embarqués génerent en effet un débit important de données (Bush ez /., 2017;
Farley et al., 2018). Ces flux importants de données nécessitent des outils spécifiques pour les générer, y
accéder, et les traiter (Wiiest ez al., 2020). Ces outils permettent de répondre a de nouvelles questions de

recherche, ils participent ainsi 4 'ouverture de nouveaux fronts de recherche.

Ces derniéres années plusieurs études ont mis en évidence « crise de la reproductibilité » du fait que de
nombreux résultats étaient difficilement reproductibles dans différents domaines scientifiques, en psycho-

logie notamment, mais aussi, dans une moindre mesure, en écologie (Fraser ez a/., 16 juil. 2018 ; Peng, 20155
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Fidler ez al., 2017). Des outils ouverts et partagés permettent d’assurer une meilleure reproductibilité des
analyses (Borregaard & Hart, 2016; Piccolo & Frampton, 2016). En outre, le fait de mettre en communs
les outils et méthodes évite des re-développement qui pourraient savérer dispendieux. Le partage doutil
permet aussi la réutilisation facile des méthodes. Par exemple le package funrar développé en partie 3.1 a
été important pour toutes les analyses traitant de l'originalité fonctionnelle, sans avoir 4 réimplémenter les
indices d’originalité fonctionnelle (Grenié ez al., 2018). La publication qui en a suivi a aussi permis une
réutilisation aisée par des groupes n’étant pas des collaborateurs directs (Chapman, Tunnicliffe, & Bates,
2018; Cooke, Eigenbrod, & Bates, 2020). De maniere similaire, j’ai participé au développement du package
ecolottery, en contribuant notamment a rendre le code plus robuste et la documentation plus claire (Munoz
et al., 2017). La publication associée au package ecolottery a aussi permis une réutilisation facile immédiate
dans la these (parties 2.1 et 2.2). Cela souligne l'intérét du développement et de la publication de logiciels

scientifiques.

Malgré leur importance grandissante dans la recherche actuelle, les logiciels scientifiques ne sont pas néces-
sairement considérés comme des contributions scientifiques a part enti¢re (Benureau & Rougier, 2018). En
effet, ils ne sont pas nécessairement examinés avec la méme rigueur que les publications en elle-méme (Mis-
lan, Heer, & White, 2016). De nombreuses revues scientifiques en écologie ne considerent pas les logiciels
scientifiques en tant que tel ou bien elles n’examinent que les articles associés sans particulierement évaluer
le logiciel associé (Mislan, Heer, & White, 2016). Il faut toutefois noter I'exception de la revue Methods in
Ecology and Evolution qui a passé un partenariat avec »OpenScience pour favoriser la revue et la publication
de code associé aux articles, et qui indique maintenant dans sa section dédiée a la publication des logiciels
scientifiques les standards de qualité attendus (Boettiger ez 4/., 2015 ; Grieves, 2017; Freckleton, 2018). Il
existe aussi le Journal of Open Source Software qui a justement été créé afin de permettre la publication de
logiciels scientifiques de qualité (Katz, Niemeyer, & Smith, 2018). Mais ces deux revues font plutét figure
d’exceptions qui confirment la régle. Aucune autre revue en écologie qui publie des logiciels scientifiques

n’exige une qualité logicielle minimum, ni ne propose de guide d’évaluation spécifique aux logiciels.

En outre, méme si les pratiques évoluent, la citation de logiciel scientifique n’est pas systématique (Poisot,
2015). Il est souvent nécessaire de publier un article accompagnant le logiciel en question, et c’est cet article
qui sera cité a son tour (Katz, Niemeyer, & Smith, 2018). Cela ne permet pas de citer les versions précises des
logiciels utilisés. Ce manque de citations explicites ne permet pas de facilement déterminer qui utilisent les
logiciels et dans quels buts, et donc daméliorer les logiciels en fonction des utilisations. Enfin, ce manque

de citation peut nuire a la reconnaissance pour la carriére des scientifiques ayant développé ces logiciels.

Développer ces outils nécessite des compétences domaine-spécifique afin de savoir comment sadapter au
mieux aux données, aux utilisateur-rice-s, et aux analyses. Ces compétences ne peuvent s’acquérir que part
une pratique scientifique dans le domaine d’intérét. Mais développer des outils informatiques nécessite
aussi des compétences spécifiques pour suivre les meilleures pratiques possibles, documenter les logiciels,
permettre la ré-utilisation, et assurer I'entretien de ces outils. Il existe en effet des recommandations pour

rendre les logiciels scientifiques plus robustes, inspirés du développement informatique classique, elles per-



212 3. Perspectives

mettent de tendre vers des logiciels aux résultats plus strs (Wilson ez al., 2014, 2017; Poisot, 2015 ; Taschuk
& Wilson, 2017). Seulement la mise en place de ces bonnes pratiques prend un temps bien plus grand que
le développement des fonctionnalités de « base » des logiciels considérés. Ce temps supplémentaire né-
cessaire diminue de facto le temps disponible pour d’autres projets de recherche. Si les logiciels ne sont pas
considérés comme une contribution scientifique spécifique, cela diminue donc la motivation a suivre les

bonnes pratiques de développement et rend les écosystemes logiciels scientifiques plus fragiles.

La formation au développement logiciel est aussi manquante dans les carrieres scientifiques classiques. Peu
d’universités proposent des cours de développement logiciels dans les cursus d’écologie et peu de formations
destinées aux scientifique existent (Touchon & McCoy, 2016; Farrell & Carey, 2018). On peut toutefois
citer les ateliers proposés par The Carpentries qui visent justement a donner les bases de pratiques « assez
bonnes » pour renforcer la robustesse de la programmation scientifique (Wilson, 2016). L'utilisation des
bonnes pratiques de développement logiciel dépend donc de l'auto-formation et des connaissances préa-
lables des scientifiques sur le sujet. Le recours a des cadres informels d’échanges de pratiques du type coding

club peut aussi permettre un échange horizontal de ces compétences.

Dans le cadre de Iévaluation quantitative des carrieres scientifiques basées sur les publications, la publi-
cation de logiciels scientifiques est moins « compétitive » que les publications classiques étant donné le
temps supplémentaire quelle suppose. En outre, si le développement de logiciels nouveaux est un acte de
recherche en soi, leur entretien ne l'est plus considéré comme faisant partie d’'une démarche de recherche
et ne peut donc plus étre valorisé sous forme de publications (Poisot, 2015). Il est toutefois possible de pu-
blier un deuxieme article sur un méme logiciel si les changements sont conséquents, c’est le cas par exemple
de ecolottery qui sera bient6t mis a jour (Barthelemy ez 4/, in revision). Il n’y a donc pas de motivation
extrinseque 4 suivre des bonnes pratiques pour entretenir des logiciels scientifiques (Katz ez al., 2018).
Les personnes qui malgré tout suivent les bonnes pratiques, disposent de 'expertise domaine-spécifique,
ainsi que de l'expertise pour développer des logiciels scientifiques de qualité, ne sont donc pas compétitives
par rapport a d’autres personnes qui auraient des contributions scientifiques plus classiques. Il n’existe pas
en France de poste de Research Software Engineer, contrairement au Royaume-Uni ou 4 ’Allemagne, qui
pourrait correspondre a une carriére scientifique davantage tournée vers les logiciels scientifiques (Cohen
et al., 2020). Au CNRS par exemple, les Ingénieur-e-s de Recherche (IR) pourraient avoir des postes qui
correspondent a ces missions, mais la diminution des recrutements d’IR a Iéchelle nationale fait qu’il est
difficile d’envisager d’'obtenir un poste sur ces sujets (Clavey, 2019). Il existe donc un risque de perte de
compétences associées a des pratiques vertueuses du développement logiciel, ce qui nuit 4 la robustesse du

logiciel scientifique.

Ainsi, les logiciels scientifiques doivent étre considérés comme des contributions scientifiques a part entiére,
nécessitant des compétences spécifiques en plus d’une expertise scientifique du domaine. Afin de pérenniser
le maintien de ces compétences pour augmenter la robustesse des logiciels scientifiques, il faut davantage de
reconnaissance entre pairs et institutionnelle. Il faut aussi renforcer la formation autour du développement

logiciel pour participer a la diffusion de bonnes pratiques. Et ainsi, la recherche en écologie pourra aller vers
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un véritable commun des logiciels scientifiques.

3.3 L’ORIGINALITE FONCTIONNELLE : UN NOUVEAU CONCEPT OU UN INDICE DE PLUS ?

Dans cette these nous avons exploré le cadre conceptuel de Poriginalité fonctionnelle proposé par Violle
et collab. (Violle ez al., 2017). Or, il existe déja un grand nombre d’indices de diversité fonctionnelle qui
peuvent étre mobilisés pour identifier des patrons au sein des communautés (Schleuter ez 4/., 20105 Mason
etal., 2013). Ces indices sont d’ores et déja répandus et utilisés, ce qui est bien moins le cas pour l'originalité
fonctionnelle. Il est donc légitime de se demander quels sont les apports de loriginalité fonctionnelle par

rapport aux indices de diversité fonctionnelle plus classiques.

Contrairement a la diversité fonctionnelle, 'originalité fonctionnelle se calcule a Iéchelle spécifique (voire
individuelle). Cest un véritable changement de perspectives vis-a-vis de I'écologie des communautés fonc-
tionnelle classique. Plut6t que de s’intéresser a des statistiques résumant la dispersion des traits fonction-
nels des especes composant une communauté, il s’agit de mettre en avant des especes particulieres. On passe
d’une métrique qui décrit les propriétés d’un ensemble (la communauté), a une métrique qui décrit indivi-
duellement les propriétés des composants de cet ensemble (Pavoine, Ollier, & Dufour, 2005). L'originalité
fonctionnelle s’intéresse donc a des especes en particulier et met en avant les especes les plus originales.
Dailleurs, dans les travaux menés dans cette theése nous n’avons pas calculé d’originalité a I'échelle de la
communauté. Cela reviendrait en effet A calculer une mesure de diversité fonctionnelle, la redondance fonc-
tionnelle, ou plutdt 'inverse de la redondance fonctionnelle, puisqu'en mesurant 'originalité moyenne des
especes on mesure leur originalité moyenne (Ricotta e al., 2016; Kondratyeva, Grandcolas, & Pavoine,
2019). Or, puisque précisément 'objectif de I'originalité fonctionnelle est s’intéresser aux composants de la
communauté, ce cadre n'est pas utile pour calculer une moyenne a I'échelle de la communauté par rapport

au cadre plus général de la diversité fonctionnelle.

Loriginalité fonctionnelle est une tentative nouvelle de généralisation pour mieux comprendre les commu-
nautés. SiI’écologie des communautés est un « fouillis » (« community ecology is a mess », Lawton, 1999),
étude de la diversité fonctionnelle a permis de mettre en évidence des principes généraux qui structurent
les communautés (Keddy, 1992; Weiher & Keddy, 1995 ; McGill ez al., 2006 ; Malaterre ez al., 2019). La di-
versité fonctionnelle, puisque nombreux des indices qui sont calculés pour la mesure integre 'abondance
des especes, est le reflet de mécanismes qui affectent plutdt la majorité de la communauté, la plus abon-
dante ou la plus commune en trait (Mouchet ez 4/., 2010). Loriginalité fonctionnelle est une tentative de
généraliser des mécanismes nouveaux avec la proposition suivante : les especes ayant des traits originaux
subissent certainement des mécanismes qui different de ceux affectant les espéces communes car elles sont
différentes de la communauté. Sil'on imagine, effet du seul filtre environnemental dans les communautés,
alors apres un temps treés long on s’attendrait a ce que dans un environnement donné, toutes les especes pos-
sedent des valeurs de traits proches, et donc qu’il n’y ait plus d’especes originales. Pourtant le fait que 'on

observe des especes originales dans les communautés montre qu’il existe des mécanismes qui permettent
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leur émergence et leur maintien.

‘objectif de I'étude de l'originalité fonctionnelle est aussi la conservation des écosystemes (Pavoine, Ollier,
& Dufour, 2005 ; Violle e 4l., 2017; Kondratyeva, Grandcolas, & Pavoine, 2019). Comme nous Iavons
rappelé dans la section spécifique plus haut, Ioriginalité fonctionnelle permet d*évaluer '« irremplagabi-
lité » fonctionnelle des especes, et ainsi de les prioriser. L'idée sous-jacente étant que les especes originales,
du fait de leurs traits fonctionnels particuliers, ont une contribution particuliere au fonctionnement des

7 \
ecosystemes.

Loriginalité fonctionnelle propose un nouveau programme de recherches complémentaire aux questions
posées par Iétude de la diversité fonctionnelle. Durant mes travaux de thése, nous n’avons pu qu'effleurer
la surface des questions posées par I'étude de l'originalité fonctionnelle. Nous nous sommes peu intéressés
par exemple 4 la question des mécanismes évolutifs d’émergence de l'originalité fonctionnelle : dans quelles
conditions peut-elle émerger et persister ? La question de la relation entre originalité fonctionnelle et fonc-
tionnement des écosystemes devrait aussi étre davantage examinée. D’un point de vue mathématique, il
est aussi nécessaire de mieux caractériser les indices utilisés pour mesurer l'originalité fonctionnelle afin de
mieux les intégrer dans leurs relations aux indices de diversité fonctionnelle. L'originalité fonctionnelle est
donc une dimension supplémentaire de la biodiversité, complémentaire a la diversité fonctionnelle, qui

permet de renouveler les questions que I'on se pose en écologie.
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ecolottery - simulating and assessing community assembly with environmental filtering and neutral dynamics

coalesc is the key function of the ecolottery package for coalescent-based simulation of local communities. The
user can define parameters of community size, migration rate, and a custom function specifying environmental
filtering, according to the situation he wants to model. He can also provide relative abundances and species
trait values in the reference species pool.

1 Neutral dynamics in species pool and communities

Before simulating communities, we need first to define a reference pool from which immigrants are drawn. In
the neutral theory (Hubbell 2001), speciation and extinction events occur randomly irrespective of species
properties and drive the composition and species abundances in the reference pool (neutral speciation-drift
dynamics). We can define such dynamics by setting the input argument theta in coalesc to a non-null value,
and the composition of the pool can be simulated by setting m = 1. The simulated species abundances are
then expected to follow a logseries distribution (Hubbell 2001).

The fit of simulated pool composition to the logseries distribution can be estimated using the fisherfit
function of package vegan.

set.seed(1)

Jpool <- 25000
logser <- coalesc(Jpool, m = 1, theta = 50)
abund <- abund(logser)

# The expected distribution of abundances in the reference pool is log-series
require(vegan)

fit <- fisherfit(abund$pool$ab)

freq <- as.numeric(names(fit$fisher))

plot(log(freq), fit$fisher, xlab = "Frequency (log)", ylab = "Species", type="n")
rect(log(freq-0.5),0,log(freq+0.5) ,fit$fisher, col="skyblue")

alpha <- fit$estimate; k <- fit$nuisance

curve (alpha*k~exp(x) /exp(x), log(0.5), max(log(freq)), col="red", lwd=2, add=TRUE)
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We now simulate neutral communities of size J = 500 in which immigrants from the pool establish at rate
either m = 0.01 or m = 0.95. In this case, all the species available in the reference pool have the same
prospect of immigrating, persisting and reproducing in the local community. We can define such dynamics by
setting the input argument filt = NULL in coalesc (default value).

The smaller is m the more local species abundances fluctuate due to stochastic demographic variations.
Where m is close to 1, most of the dead individuals are replaced by immigrants, and local species abundances
are then more closely related to regional abundances.

# Local abundances are averaged over 100 replicate communities
J <= 500
m <- 0.01
commla <- data.frame()
for (i in 1:100) {

commla <- rbind(commla, coalesc(J, m, pool = logser$pool)$com)
}

commla <- list(pool = logser$pool, com = commla)

m <- 0.95
commlb <- data.frame()
for (1 in 1:100) {
commlb <- rbind(commlb, coalesc(J, m, pool = logser$pool)$com)
}

commlb <- list(pool = logser$pool, com = commlb)

plot_comm(commla, type ="abund", main = "m = 0.01")

r_sqa <- summary(lm(abund(commla)$pool [rownames (abund(commia)$com), "relab"] ~
abund (commla)$com$relab))

r_sqa <- signif(r_sqa$r.squared, 2)

legend("bottomright", legend = bquote(R"2 ~ "=" ~. (r_sqa)), bty = "n")

m = 0.01

Local abundance
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Regional abundance

plot_comm(commlb, type="abund", main = "m = 0.95")

r_sqgb <- summary(lm(abund(commlb)$pool [rownames (abund(commib)$com), "relab"] ~
abund (comm1b) $com$relab))

r_sqgb <- signif(r_sqb$r.squared, 2)

legend("bottomright", legend = bquote(R"2 ~ "=" ~. (r_sqgb)), bty = "n")
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m = 0.95
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The first figure shows the relationship between local and regional species abundances in neutral communities
with low immigration rate, and the second the relationship with a high immigration rate. Each point is
averaged over 100 communities.

2 User-defined species pool

In the previous case, the composition of the reference pool was simulated depending on the parameter theta
of neutral speciation-drift dynamics.
In the following example, the user provides a custom species pool including 500 species with equal abundances.

Jpool <- 50%J

pool <- cbind(1:Jpool, rep(1:500, Jpool/500))

# Generate a mneutral community drawn from the pool
comm2 <- coalesc(J, m, pool=pool)

abund2 <- abund(comm2)

summary (abund2$pool$relab)

## Min. 1st Qu. Median Mean 3rd Qu. Max.

## 0.002 0.002 0.002 0.002 0.002 0.002
summary (abund2$com$relab)

## Min. 1st Qu. Median Mean 3rd Qu. Max.
## 0.002000 0.002000 0.002000 0.003145 0.004000 0.010000
hist(abund2$com$relab)
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Histogram of abund2$com$relab
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While species relative abundances are set equal in the reference pool, local species abundances fluctuate due
to migration-drift dynamics.

3 Trait distribution in communities

We can also examine the trait composition of simulated communities. If the user does not provide trait values
in the reference pool, the values of a unique trait are randomly assigned to the species of the reference pool
following a uniform distribution between 0 and 1. Alternatively, the user can include in pool the values of one
or several traits for each individual of the species pool, or provide a separate traits data frame including the
values of one or several traits for each species.

# With uniform trait values in the species pool

pool <- cbind(1:Jpool, rep(1:500, Jpool/500), runif(Jpool))
comm3a <- coalesc(J, m, pool = pool)

plot_comm(comm3a, type = "trait")

level

density

000 025 050 075  1.00
trait

# With Gaussian trait wvalues in the specties pool
pool <- cbind(1:Jpool, rep(1:500, Jpool/500), rnorm(Jpool))
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comm3b <- coalesc(J, m, pool = pool)
plot_comm(comm3b, type="trait")
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> level
-% 0.2- . comm
© m pool
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_4 -2 0 2 4
trait

plot_comm with type = trait here displays the trait distributions in species pool (red) and local community
(blue). With high immigration rate m = 0.95, the local and regional distributions are quite similar. The user
may also simulate a distribution of mean species trait values, and consider additional intraspecific variation
of these values around the mean.

pool <- cbind(1:Jpool, rep(1:500, Jpool/500), NA)
# Distribution of the mean species trait values
t.sp <- runif (500)
# Gausstan intraspecific wvariation with standard deviation = 0.01
for(i in 1:500) pool[pool[,2] == i, 3] <- rnorm(sum(pool[,2]==1i),
mean = t.sp[il, sd = 0.01)
comm3c <- coalesc(J, m, pool = pool)

4 Environmental filtering

The user can provide an environmental filtering function weighting the probability that individuals from the
reference pool successfully immigrate in the community, depending on their trait value(s). In the following
example, the filtering function is Gaussian with mean ¢ and standard deviation 0.1 (stabilizing filtering,
Shipley 2013).

sigma <- 0.1

filt_gaussian <- function(t,x) exp(-(x-t)~2/(2*sigma~2))

We simulate a community undergoing stabilizing environmental filtering around ¢ = 0.5.

J <- 500; m <- 0.5;

comm4a <- coalesc(J, m, filt = function(x) filt_gaussian(0.5, x), pool = pool)
plot_comm(comm4a, main = "Stabilizing filtering around t = 0.5")
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Stabilizing filtering around t = 0.5

000 025 050 075  1.00
trait

We can also simulate stabilizing environmental filtering around ¢ = 0.1 and ¢t = 0.9.

J <- 500; m <- 0.5;
comm4b <- coalesc(J, m, filt = function(x) filt_gaussian(0.1, x), pool = pool)

= "Stabilizing filtering around t = 0.1")

plot_comm(commdb, main

Stabilizing filtering around t = 0.1
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commé4c <- coalesc(J, m, filt = function(x) filt_gaussian(0.9, x), pool = pool)
= "Stabilizing filtering around t = 0.9")

plot_comm(commé4c, main
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Stabilizing filtering around t = 0.9

000 025 050 075  1.00
trait

When stabilizing filtering operates around different optimal values among communities, we expect correspond-
ing changes in the local mean trait values (Cornwell & Ackerly 2009).

mean (comm4b$com[, 3])

## [1] 0.1265049

mean (comm4c$com[, 3])

## [1] 0.8809555

Different filtering functions can be designed to represent different types of environmental filtering. By analogy
with selection regimes in evolutionary theory (Shipley 2013), we can define the outcome of directional and
disruptive filtering functions.

# Directional environmental filtering toward t = 0
comm4d <- coalesc(J, m, filt = function(x) 1 - min(x,1), pool = pool)
plot_comm(comm4d, main = "Directional filtering")
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# Disruptive environmental filtering around t = 0.5
commde <- coalesc(J, m, filt = function(x) abs(0.5 - x), pool = pool)
plot_comm(comm4e, main = "Disruptive filtering")



224 3. Perspectives

ecolottery - simulating and assessing community assembly with environmental filtering and neutral dynamics

Disruptive filtering
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Disruptive filtering here represents the greater success of species with trait values away from ¢ = 0.5. It
corresponds to a separation of ecological groups in the community, and represents a form of niche differentiation
(Vergnon et al. 2009).

5 Filtering of multiple traits

Previous examples represented environmental filtering depending on the values of a single trait. It is also
possible to define environmental filtering operating on multiple traits. In the following example, three traits
have values uniformly distributed between 0 and 1 in the reference pool, and undergo stabilizing filtering in
the local community with distinct optimal values, 0.5, 0.25 and 0.75.

# An example with 3 tratits
traits <- cbind(runif (Jpool), runif(Jpool), runif(Jpool))
filt <- function(x)
filt_gaussian(0.5, x[1])*filt_gaussian(0.25, x[2])*filt_gaussian(0.75, x[3])
comm5 <- coalesc(J, m, pool=cbind(1:10000, rep(1:100, 100)), filt = filt, traits = traits)

The filtering function determines the success of immigrants depending on the combination of their trait
values. It entails a correlation between the local species abundances and the species weights given by the
filtering function (Shipley et al. 2006).

# Relationship between species weight in environmental filtering and local abundance
par(mfrow = c(1, 1))
plot (tapply(comm5$com[,3], commb$com[,2], length)~tapply(apply(commb$com[,3:5],

1, function(x)

filt(x)), comm5$com[,2], mean), xlab = "Species filtering weight",
ylab = "Species abundance", log = "xy")
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6 Investigating phylogenetic structure in communities

Species trait values are the legacy of evolutionary history. The processes that affect the distribution of trait
values in the community can also affect the phylogenetic composition of the community depending, e.g., on
the conservatism of traits among close relatives (Mouquet et al. 2012).

We can simulate a phylogenetic tree of the species of the reference pool, and the distribution of species trait
values under an assumption of niche conservatism (Wiens & Graham 2005). In this case, descendant species
can retain characteristics of their ancestors, and the trait values of more closely related species are then more
similar than trait values of distantly related species (phylogenetic signal, Blomberg & Garland 2002).

require (ape)

## Loading required package: ape

## Warning: package 'ape' was built under R version 3.3.3

require (phylolm)

## Loading required package: phylolm

require(picante)

## Loading required package: picante
## Loading required package: nlme

## Warning: package 'nlme' was built under R version 3.3.3

tre <- rcoal(200)

Jpool <- 10000

J <= 500

pool <- data.frame(ind=1:Jpool, sp=rep(tre$tip.label,Jpool/50),
tra=rep(NA,Jpool), stringsAsFactors=F)

# Browntan model of tratit evolution

t.sp = rTraitCont(n = 1, phy = tre, model = "BM", sigma = 0.2, root.value = 0.5)

pool$tra <- t.splpool$sp]

10
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phylosignal measures the phylogenetic signal of the simulated trait values in the phylogenetic tree, using the
Blomberg’s K statistic (Blomberg & Garland 2002). The p-value is calculated based on the null distribution
of K when shuffling species trait values in the phylogeny. A small p-value indicates that trait variation among
close relatives is smaller than expected by chance.

phylosignal(t.sp[tre$tip.label], phy = tre)

K PIC.variance.obs PIC.variance.rnd.mean PIC.variance.P  PIC.variance.Z

1.702134 0.0460415 23.57097 0.001 -1.876859

We then simulate two communities related to this reference pool, one undergoing neutral dynamics, the
other undergoing stabilizing environmental filtering. In the first case, any species of the reference pool can
perform as well in the local community, and then the phylogenetic structure of the community should not be
different from the structure of a random sample with same size from the reference pool. In the second case,
environmental filtering limits the range of trait values in the community around an optimal value. Because
more closely related species are more likely to have similar trait values in the reference pool, we then expect
that the Mean Nearest Taxon Distance (MNTD) among coexisting species of the community is smaller than
the average distance in the reference pool (Webb et al. 2002).
m <- 1
tab <- array(0, c(2, 200)); colnames(tab) <- tre$tip.label
# First simulation of a nmeutral community
com <- abund(coalesc(J, m, pool = pool, filt = NULL))$pool
tab[1l, com$sp] <- com$ab
# Second simulation of a community undergoing stabilizing environmental filtering
topt <- quantile(t.sp, 0.25)
sigma <- 0.01
com <- abund(coalesc(J, m, pool = pool, filt = function(x)

exp (- (x—topt) "2/ (2xsigma”~2)))) $com
tab[2, com$sp] <- com$ab

These patterns can be tested against a null model of random sampling in the phylogeny. The standard effect
size (SES) quantifies the departure of observed phylogenetic structure from the null distribution.

ses.mntd(tab[, tre$tip.label], cophenetic(tre), null.model = "taxa.labels")

Table 2: Standard Effect Size of Mean Nearest Taxon Distance

ntaxa mntd.obs mntd.rand.mean mntd.rand.sd mntd.obs.rank mntd.obs.z mntd.obs.p runs

186  0.0243106 0.0250491 0.0018181 222 -0.4061801 0.222 999
14 0.0862791 0.2573882 0.1184873 9 -1.4441125 0.009 999

The first community does not depart from random phylogenetic structure, while the second shows phylogenetic
structuring, i.e., smaller Mean Nearest Taxon Distance than expected by chance (mntd.obs.p < 0.01).

Alternatively, in the absence of niche conservatism in the phylogeny, environmental filtering in community
assembly would not result in phylogenetic clustering. To illustrate this case, we shuffle the trait values of
species in the reference pool, and simulate a new local community with stabilizing environmental filtering.

names (t.sp) <- sample(names(t.sp))

pool$tra <- t.splpool$sp]

# Again simulating stabilizing environmental filtering

com <- abund(coalesc(J, m, pool = pool, filt = function(x)
exp (- (x-topt) "2/ (2*sigma~2)))) $com

11
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tab[2,com$sp] <- com$ab

ses.mntd(tab[,tre$tip.label], cophenetic(tre), null.model = "taxa.labels")

Table 3: Standard Effect Size of Mean Nearest Taxon Distance

ntaxa mntd.obs mntd.rand.mean mntd.rand.sd mntd.obs.rank mntd.obs.z mntd.obs.p runs

186  0.0243106 0.0251842 0.0015468 187 -0.5647577 0.187 999
28 0.2312387 0.1558493 0.0632384 808  1.1921457 0.808 999

In this case, neither the neutral community nor the community with environmental filtering shows phylogenetic
clustering. Therefore, when the condition of niche conservatism is not met, the absence of phylogenetic
clustering does not mean that environmental filtering does not play (Mouquet et al. 2012).

7 Forward-in-time simulation

The ecolottery package also includes a function forward to perform simulation of community dynamics from
an initial composition. As for coalesc, the user can define the composition of the species pool from which
immigrants are drawn, and can specify environmental filtering based on one or several traits.

We can for instance simulate stabilizing environmental filtering in a way analogous to the previous example
with coalesc. d = 10 represents the number of individuals that die in the community at each time step,
prob = 0.5 represents the immigration rate at each time step. The number of simulated time steps is
gens = 500.

pool <- data.frame(ind=1:Jpool, sp=rep(as.character(1:500),Jpool/500),
tra=rep(NA, Jpool), stringsAsFactors=F)

t.sp <- data.frame(sp=as.character(1:500), tra = runif(500))

pool$tra <- t.sp[pool$sp,]$tra

# Inittal community composed of 500 individuals

initial <- pool[sample(1:Jpool,500),]

# Forward-in—time simulation

sigma <- 0.1

filt_gaussian <- function(t,x) exp(-(x-t)~2/(2*sigma~2))

final.envfilt <- forward(initial = initial, prob = 0.25, d = 10, gens = 500,

pool = pool, filt = function(x) filt_gaussian(0.5,x))

plot_comm(final.envfilt)

12
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A specific advantage of forward is to simulate the sequence of community assembly events over time. If
the birth, death and immigration probabilities depend on community composition at a specific time, the
coalescent-based approach may not be appropriate.

In the following example, community dynamics with limiting similarity are simulated. In this case, the
probability of individual death depends on the similarity of trait values of each individual to the other
individuals of the community.

final.limsim <- forward(initial = initial, prob = 0.25, d = 10, gens = 1000,
pool = pool, keep = F, limit.sim = T, coeff.lim.sim = 1)
plot(final.limsim$dist.t, xlab = "Time", ylab = "Average distance to other individuals")

init.dist <- matrix(dist(initial$tra))
diag(init.dist) <- NA
abline(mean(init.dist, na.rm=T), 0, col="red")
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plot(final.limsim$sp_t, xlab = "Time", ylab="Richness")
abline(length(unique(initial$sp)), 0, col="red")
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The first figure represents the temporal trajectory of the average distance of each individual to the other
individuals of the community. The distance fluctuates and increases over time due to the influence of limiting
similarity. The second figure shows the variation of richness, basically decreasing due to limiting similarity,
until reaching stationarity.
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Appendix 2: comparison of computation time for

coalescent-based and forward-in-time methods

Munoz, F., Grenié, M., Denelle, P., Taudiére, A., Laroche, F., Tucker, C. & Violle, C. (2017)
ecolottery: simulating and assessing community assembly with environmental filtering and
neutral dynamics in R. Methods in Ecology and Evolution

We first generated with coalesc a species pool of size Jpool = 10000 undergoing neutral speciation-extinction
dynamics (with theta = 50).

# Generate a regional pool/metacommunity at speciation-drift equilibrium
Jpool = 10000
pool = coalesc(Jpool, theta = 50, m = 1)$pool

nb_sp_pool = length(unique(pool[, 2]))

We then simulated communities receiving immigrants from this pool with immigration rate m = 0.5 and
stabilizing environmental filtering filt(z) = exp(—(x — 0.5)%/(2 * sigma?)).

We set community size as 10, 50, 100, 250, 500, 1000 or 2000 individuals.

sigma <- 0.1

filt_gaussian <- function(x) exp(-(x-0.5)72/(2*sigma~2))

# Vector of community stizes
com_size = c(10, 50, 100, 250, 500, 1000, 2000)

We alternatively used coalesc and forward for community simulation.

We examined the number of generations needed to reach stationary richness with forward, using the
get_number_of _gens function of ecolottery package.

This function simulates replicate communities with forward from a random initial sample of the regional
pool. The time to reach stationarity, tsq:, is estimated using least-square adjustment of a segmented function
varying exponentially below t;4:, and being constant above tg4q¢.

The maximum value of 44, over replicate runs of forward provides a reference number of generations needed
to reach stationarity for a given community size.

set.seed(285)

convergent_gens = c()
for(i in 1:length(com_size))
print(system.time(convergent_gens[[i]] <- get_number_of_gens(com_size[[i]],
pool, prob = 0.5, filt = filt_gaussian)))

names (convergent_gens) <- as.character(com_size)

# Show the richness wvartation over time for a given community size, along with
# the number of generations needed to reach stationarity (vertical red dashed line)
convergent_gens[["250"]]1$plot + labs(x = "Time", y = "Richness")
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# Variation of time to stationarity with forward for increasing community size
plot(com_size, unlist(lapply(convergent_gens, function(x) x$n)),

xlab ="Community size", ylab = "Time to stationarity")
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We then simulated 100 communities with forward for each community size, using the number of generations
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recommended by get number_of gens.

We also simulated 100 communities with coalesc using the same parameterization, except the number of
generations since it is not used for coalescent-based modelling.

In both cases, we calculated the simulation time for each simulation.

coal.time <- c()
forw.time <- c()

for(size in com_size)
{
for(rep in 1:100)
coal.time <- rbind(coal.time, c(size, system.time(coalesc(J = size,
filt = filt_gaussian, m = 0.5, pool = pool))[[3]11))
colnames(coal.time) <- c("size","time")

initial <- pool[sample(l:nrow(pool), size),]
for(rep in 1:100)
forw.time <- rbind(forw.time, c(size, system.time(forward(initial = initial,
prob = 0.5, gens = convergent_gens[[as.character(size)]]$n,
filt = filt_gaussian, pool = pool))[[3]1))
colnames(forw.time) <- c("size", "time")

print(size)

}

The following figure compares the simulation time of coalesc and forward for varying community size.

simul.time <- data.frame(rbind(coal.time, forw.time))
simul.time$used_func <- c(rep('"coalesc", nrow(coal.time)), rep("forward", nrow(forw.time)))

require(ggplot2)
ggplot(data = simul.time, aes(x = as.factor(size), y = log(time))) +
labs(x = "Community size", y = "Computation time (log)") +

geom_boxplot(aes(fill = used_func))
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While simulation time of coalesc increases slowly with community size, the increase with forward is dramatically
greater.

Both algorithms have rather comparable speed for communities of 10 individuals (0.05s for coalesc and 0.07s
for forward). For communities with 2000 individuals, coalesc provides result within 0.056 s on average, while
forward needs 34.77s. Despite possible variations of these calculation times depending on the computer
configuration, the prominent picture here is the substantial benefit of using coalesc for large communities.
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Appendix 3: ABC estimation of neutral parameters in
Barro Colorado Island rainforest, using coalescent-based

simulation

Munoz, F., Grenié, M., Denelle, P., Taudiére, A., Laroche, F., Tucker, C. & Violle, C. (2017)
ecolottery: simulating and assessing community assembly with environmental filtering and
neutral dynamics in R. Methods in Ecology and Evolution

We illustrate here how to use coalescent-based simulation to estimate neutral parameters of regional biodiversity
dynamics, 0, and local migration rate, m, from observed patterns of taxonomic diversity within and between
communities.

Neutral theory proved successful to predict patterns of species diversity in tropical forests (Hubbell 2001),
while other studies also emphasized the influence of niche-based processes (Baraloto et al. 2012).

With coalescent-based modelling, it is possible to address the relative ability of purely neutral and environ-
mental filtering models to explain patterns of biodiversity, using the Approximate Bayesian Computation
(ABC) approach implemented in ecolottery.

Barro Colorado Island is a 50ha lowland rainforest plot established in Panama. It has become a flagship case
study to test competing theories of community assembly in tropical forests. The dataset available in vegan
package includes a census of tree species above 10 cm DBH in lha subplots.

require (vegan)

## Warning: package 'vegan' was built under R version 3.3.3

## Warning: package 'lattice' was built under R version 3.3.3
data(BCI)

# Size (= number of individual trees) of subplots
comm.size <- rowSums(BCI)

# Minimum subplot size

comm.size.min <- min(comm.size)

For sake of simplicity in joint analyses of diversity patterns across subplots, we first subsample the subplots
to have the same minimum subplot size.

# Rarefy to minimum sample size
bci.res <- rrarefy(BCI, sample = comm.size.min)

We consider a set of summary statistics representing for each subplot the local richness, local Shannon
diversity, and the average Bray-Curtis beta diversity with other subplots.

library(betapart)

# Compute diversity indices
rich.obs <- apply(bci.res, 1, function(x) sum(x!=0))
shan.obs <- apply(bci.res, 1, function(x) diversity(x, index = "shannon"))
beta.obs <- lapply(beta.pair.abund(bci.res), function(x) {
X = rowMeans(as.matrix(x), na.rm=T)
})$beta.bray

stats.obs <- c(rich.obs, shan.obs, beta.obs)
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names (stats.obs) <- pasteO(rep(c("rich", "shan", "beta"), each = 50), 1:50)

To estimate the § and m parameters of neutral dynamics, we consider a vector of 2 * 10° values drawn from a
prior uniform distribution.

m.samp <- runif(2%1075, min = 0, max = 1)
theta.samp <- runif(2*1075, min = 0, max = 100)

Parallel computing can be used to perform the simulations, by using multiple cores in desktops, or multiple
clusters. The parallel package allows handling parallel computing.

library(parallel)

# Start up a parallel cluster
parallelCluster <- makeCluster(parallel::detectCores())
print (parallelCluster)

# Function to perform simulations
mkWorker <- function(m.samp, theta.samp, J)
{

require(ecolottery)

require (untb)

force(J)
force(m.samp)
force(theta.samp)

summCalc <- function(j, m.samp, theta.samp, J)

{
pool.samp <- ecolottery::coalesc(100*J, theta = theta.samp[j])$pool
meta.samp <- array(0, c(50, length(unique(pool.samp$sp))))
colnames (meta.samp) <- unique(pool.samp$sp)

for(i in 1:50)

{
comm.samp <- ecolottery::coalesc(J, m.samp[j], pool = pool.samp);
tab <- table(comm.samp$com[,2])
meta.samp[i, names(tab)] <- tab

}

rich.samp <- apply(meta.samp, 1, function(x) sum(x !'= 0))
shan.samp <- apply(meta.samp, 1, function(x) vegan::diversity(x, index = "shannon"))
beta.samp <- lapply(betapart::beta.pair.abund(meta.samp),

function(x) rowMeans(as.matrix(x), na.rm=T)

)$beta.bray

return(list(sum.stats = c(rich.samp, shan.samp, beta.samp),
param = c(m.samp[j], theta.samp[j])))
}
worker <- function(j) {
summCalc(j, m.samp, theta.samp, J)
}
return(worker)

}
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The function mkWorker will be used in parallel instances of R to perform the simulations. For each values of
m and 0 the summary statistics are calculated and returned.
The overall set of statistics and corresponding parameter values are stored in a list.

modelbci <- parLapply(parallelCluster, 2:1075, mkWorker (m.samp, theta.samp, comm.size.min))

# IMPORTANT

# Shutdown cluster after calculation

if (!is.null(parallelCluster)) {
stopCluster(parallelCluster)
parallelCluster <- c()

¥

# Summary statistics and parameter values are extracted
# and stored in matrices

stats <- t(sapply(modelbci, function(x) x$sum.stats))
stats.sd <- apply(stats, 2, sd)

stats.mean <- apply(stats, 2, mean)

stats <- t(apply(stats, 1, function(x) (x - stats.mean)/stats.sd))
colnames(stats) <- pasteO(rep(c("rich", "shan", "beta"), each = 50), 1:50)

stats.obs <- (stats.obs-stats.mean)/stats.sd

param <- t(sapply(modelbci, function(x) x$param))
colnames (param) <- c("m", "theta")

Then we use the abc function from package abc to estimate the parameters in observed rainforest subplots.

require(abc)
bci.abc <- abc(target = stats.obs, param = param, sumstat = stats, tol = 0.01, method = "neuralnet")

The function coalesc _abc encompasses the steps of simulation and ABC analysis.
The previous calculations can thus be performed using the following command.
# Define the function providing the summary statistics

f.sumstats <- function(tab)

{
rich <- apply(tab, 1, function(x) sum(x!=0))
shan <- apply(tab, 1, function(x) vegan::diversity(x, index="shannon"))
beta <- lapply(betapart::beta.pair.abund(tab),

function(x) rowMeans(as.matrix(x), na.rm=T))$beta.bray

stats <- c(rich, shan, beta)
names (stats) <- pasteO(rep(c("rich", "shan", "beta"), each = 50), 1:50)
return(stats)

}

# Perform the simulations and the ABC analysis
bci.abc <- coalesc_abc(bci.res, multi = T, traits = NULL,
f.sumstats = f.sumstats, params = NULL,
theta.max = 100, nb.samp = 2%1075, tol = 0.01,
pkg = c("vegan","betapart"), method = "neuralnet",
parallel = T)
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bei.abe then includes the matrix of parameter values (par output), the matrix of simulated statistics values
(ss output) and an abc object including the results of ABC analysis.

To test if we can correctly infer m and 6 from the chosen set of summary statistics, we can perform cross
validation.

cv <- cvé4abc(param = bci.abc$par, sumstat = bci.abc$ss,
nval = 500, tols = c(107-2, 107-1, 1), method="neuralnet")

plot(cv)

Estimated value

I I I I I I
0.0 0.2 0.4 0.6 0.8 1.0

True value
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Three colors, yellow, orange and red, represent results of cross-validation for different tolerance levels in ABC
analysis, 1, 107! and 1072, respectively.

The plot indicates that good estimation of the parameters can be obtained with the selected tolerance levels
We can then reliably estimate the parameters from observed diversity patterns at Barro Colorado Island.

plot(bci.abc$abe, param=bci.abc$par)
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summary (bci.abc$abe)
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stats.obs, param = param, sumstat = stats, tol = 0.01,

abc.out$adj.values (2000 posterior samples)
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abc.out$weights

m
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.2094 50.7249
.2192 52.0346
.2271 52.9654
.2273 52.9632
.2250 53.1335
.2356 53.9297
.2505 55.4273

## Min.:

## Weighted 2.5 ¥, Perc.:
## Weighted Median:

## Weighted Mean:

## Weighted Mode:

## Weighted 97.5 % Perc.:
## Max.:

We found 95% confidence interval of [52; 54] for 6, compared to 6 = 50 in (Hubbell 2001). We found an
interval of [0.22; 0.24] for m. While it is somewhat larger that the estimated m = 0.1 in (Hubbell 2001), it is
close to the estimation of (Etienne & Olff 2004), m = 0.2, and still lower than the estimation of (Condit et al.
2012), m = 0.38, which acknowledged the census of smaller trees. While previous studies mostly addressed
migration-drift in the whole 50-ha plot compared to a regional background, our summary statistics here
quantifies species turnover and variation of local diversity among the 1-ha subplots. A larger estimate of m
can then reflect the fact that S diversity is lower than expected with m = 0.1, possibly under the influence of
greater replacement dynamics within the plot than between the plot and its regional background.

O OO O O OO

A next step of analysis could be to incorporate in simulations the influence of environmental variation across
subplots on community assembly, depending on the species’ ecological properties. For this purpose, the
previous ABC analysis can be reproduced with additional environmental filtering and variation of the linkage
of environmental filtering to functional traits, as shown in the example in main text. Comparison of the
results of the two ABC analyses, one with purely neutral dynamics and one incorporating the influence of
environmental filtering, can then allow testing the influence of niche-based dynamics in the dynamics of the
rainforest.
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Supplementary Material

Table A1: Correlation table between traits and Principal Components of PCoA.

Table A2: Correlation table between number of top 10% species per cell using t-test modified
version (Dutilleul et al., 1993).

Figure A1: Data selection flowchart from Kulbicki et al. 2013.

Figure A2: Relationship between the species richness at the cell-level between the full dataset

and our subset of species.

Figure A3: Number and proportion of the species Red List status among our subset of species
compared to all the coral reef fishes.

Figure A4: Number and proportion of the species Red List status between the Atlantic and the
Indo-Pacific Realms.

Figure AS: Distinctiveness estimated using all species worldwide in function of Realm-specific
worldwide.

Figure A6: Relationship between functional distinctiveness computed on all traits with
functional distinctiveness computed on all but one trait.

Figure A7: Species Restrictedness estimated using the full dataset of 331 cells including coral

and tropical reefs vs. Restrictedness estimated only using the 259 coral reef cells.

Figure A8: Principal Coordinates Analysis of coral reef fishes functional trait space including
the 6316 species available from the full dataset.

Figure A9: Maps of top 5%, 10% and 15% species of different functional rarity indices.

Figure A10: Comparison of number of top 10% functionally distinct species between full
dataset and subset of species.

Figure A11: Comparison of cell Phylogenetic Endemism and number of top 10% Evolutionary

Rare species
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Table A1: Correlation table between variables and Principal Components of PCoA. Coefficients are
Spearman’s correlation coefficients. *: the reported value is the eta value from a Kruskal-Wallis test

because the variable is nominal ***: p-value < 0.001

Variable PC1 correlation PC2 correlation
Activity Period 0.62%** 0.50%%*
Diet 0.86%** 0,57kt
Mobility 0.26%** 0.58%**
Vertical Position -0.54%** 0.6]1%%**
Gregariousness -0.76%** 0.36%**

Size Class 0.57*** 0.54% %%
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Table A2: Correlation table between number of top 10% species per cell using t-test modified version
(Dutilleul et al., 1993). p-values significance codes: ***< (0.001, ** <0.01, * <0.05,.<0.01, ns >
0.01.

Corrected
Correlation degrees of F-
First metric Second metric coefficient freedom statistic
Functional distinctiveness Restrictedness -0.29* 72.52 6.55
Functional distinctiveness Functional rarity 0.15ns 44.33 1.02
Functional distinctiveness EV qlutlf)nary 0.89%** 7.30 27.16
distinctiveness
Restrictedness Functional rarity 0.31%** 100.10 10.88
. Evolutionary
Restrictedness A -0.23* 88.56 5.11
distinctiveness
. . Evolutionary
Functional rarity 0.19ns 32.39 1.18

distinctiveness
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Original data Kulbicki et al. 2013 PLoS One
doi:10.1371/journal.pone.0081847

Number of Coral reefs cells
Cells

Species in coral reefs cells

Species in
phylogeny

Figure A1: Data flow chart from the data by Kulbicki et al. 2013, showing our sub-selection. The top
row, in orange, shows the number of grid cells in our analysis. The bottom row, in blue, show the

Number of
Species

number of species selected. We started with 331 cells and retained the only 259 which contained coral
reefs. Similarly the initial dataset contained 6316 species, of which 5909 occurred in the 259 selected
cells. We kept only 2073 species for which we had phylogenetic information.



247

Species Richness in subset

3. Perspectives

750 A

500 1

r=0.99,p<22e-16

500 1000

2000

Species Richness in full dataset

Figure A2: Relationship between the species richness at the cell-level between the full dataset (5909

species) and our subset of species (2073 species), refer to Figure A1 for more details on data selection.

Each points represent one of the 259 cell included in the analysis. The solid line is the identity line. In

the top left corner is Spearman’s rho coefficient with the corresponding p-value indicated.
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Figure A3: Number and proportion of species for each IUCN Red List status among our subset of 2073
species among the global set (6316 species) of coral reef fishes (please refer to Figure A1 for details on
data selection). The left-hand graph show the absolute number of species in each IUCN threat group,
while the right-hand graph shows the proportion of species in each threat group between the full dataset
and our subset.
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Figure A4: Number and proportion of species for each [IUCN Red List status among the two Realms
Atlantic and Indo-Pacific. The left-hand graph shows the absolute number of species in each [IUCN
threat group, while the right-hand graph shows the proportion of species in each threat group.
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Figure AS5: Distinctiveness estimated using all species worldwide in function of Realm-specific
worldwide. A point represents a species present in one of the Realm. The dashed line is the identity
line. The global dataset is split in two realms: the Atlantic and Indo-Pacific following (Mouillot et al.,
2013). The numbers on the top left corner of the plot show Spearman’s rho value associated to the
corresponding p-value.
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Figure A6: Relationship between functional distinctiveness computed on all traits with functional
distinctiveness computed on all but one trait. One point represents the value of distinctiveness of a
single species, the y-axis interval is a standard error interval. The dashed line is the identity line. From
the full trait matrix we removed each trait, one at a time, then we computed functional distinctiveness
values. The standard error interval represents the standard error of each of the six different
distinctiveness values we obtained with one missing trait.
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6315 coral reef fishes. left panel illustrates the 2073 species included in our functional rarity analyses,

and the right panel the remaining 4242 species that were not included (see Figure A1 for details on data

selection). Please refer to appendix B for the meaning and the interpretation of each functional trait.
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Figure A9: Maps of top 5%, 10% and 15% species of different rarity indices. A darker cell indicates a lower value while a brighter cell
indicates a higher number of species pertaining to the top percentile. The color scales linearly with the values, thus a yellow cell represents
always the same relative value.
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Figure A11: Comparison
of cell Phylogenetic
Endemism and number
of top 10% Evolutionary
Rare species per cell.
The x-axis is the
Phylogenetic Endemism
per cell as defined by
Rosauer et al. 2009 Mol.
Ecol.; the y-axis is the
number of top 10%
Evolutionary Rare
species per cell. The
correlation coefficient in
the top left corner is
Spearman’s rho with the
associated p-value.
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Appendix B: Ecological relevance of fish functional traits

Fish plays important roles in aquatic ecosystems mainly through regulation of food webs and nutrient
cycling (Holmlund and Hammer, 1999; Villéger et al., 2017). The ability of each species to impact
these ecosystems processes depends on several biological traits linked to food acquisition and
locomotion (Villéger et al., 2010; Winemiller, 1991). For instance, the trophic impact of a species
depends on its foraging activity, i.e. which prey items it targets, when and how many? For instance, an
ambush solitary benthic predator (e.g. scorpionfish) will not have the same trophic impact than a
mobile pelagic gregarious predator (e.g. barracuda) on pelagic fishes. Therefore, describing fish
functional niche requires considering a set of complementary functional traits. Here, we selected 6
traits which describe the main facets of fish ecology (Belmaker et al., 2013; Buisson et al., 2008;
Guillemot et al., 2011; Olden et al., 2008) and which are available for a wide range of reef species
(Mouillot et al., 2014).

BODY SIZE has a primary role in defining fish ecological niche (Fisher et al., 2010; Wilson, 1975).
More specifically, size determines energy needs through the amount of energy required per unit of body
mass (L. Munday and Jones, 1998), and constrain prey-predator relationships since mouth gap scales
with body size (Costa, 2009). Size also influences growth rate with small fishes growing faster than
larger ones (Brown et al., 2004). Mortality rate tends to be higher for smaller fishes (L. Munday and
Jones, 1998) while temperature tolerance is at least partly related to body size in reef fishes (Ospina
and Mora, 2004).

DIET, as size, is an essential component of reef fish ecological niche as indicated in general reviews
(Bellwood et al., 2006; Burkepile and Hay, 2008; Hobson, 1975; Sale, 1977). In particular diet
determines fish impact on ecosystem functioning through trophic interactions with other food web
components (Green and Bellwood, 2009; Mumby et al., 2006) and, consequently, on nutrient cycling
(Burkepile et al., 2013; Vanni, 2002).

MOBILITY determines energy needs with mobile species requiring a lot of energy by mass unit
compared to sedentary species (Norman and Jones, 1984). Mobility also affects the spatial extent at
which fishes control their resources and transfer nutrients, especially between habitats around reefs
(Meyer and Schultz, 1985; Nagelkerken et al., 2000).

PERIOD OF THE DAY AT WHICH FISHES ARE ACTIVE has implication on the trophic role a species plays
in the food web through both bottom-up, i.e. the set of resources it can target (Fox and Bellwood,
2011), and top-down controls, i.e. the susceptibility it has to be predated. For instance, most of

nocturnal species escape predation from active predators during the day and vice-versa (S. Helfman,
1986).

VERTICAL POSITION IN THE WATER COLUMN occupied by fish is critical for determining fish
ecological niche as it influences the set of potential prey available (Bellwood et al., 2006) and fish
impacts on nutrient transfer between vertical strata (Schaus and Vanni, 2000).

GREGARIOUSNESS of fish 1s an important component of fish behavior that determines the ability of (7)
escaping from predation (J. Hoare et al., 2005; Stier et al., 2013) and (ii) impacting local ecological
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processes with schooling species inducing potentially massive nutrient cycling and resource depletion
(Foster, 1985; Meyer and Schultz, 1985; Robertson et al., 1976).

All these traits are also impacting sensibility of fish to fishing (e.g. a small sedentary benthic fish will
less likely be caught by a net than a pelagic large fish).
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Figure 1. Functional spaces of mammals and birds. Principal Coordinates Analysis (PCoA)

representing the functional space of mammals and birds based on their functional traits. The two

axes (PC2 and PC3 for mammals, PC2 and PC4 for birds,) explain respectively 35.3% and 26.4%

of the variance in the distance matrix (Supplementary table S1 and S2). Species are colored by

functional distinctiveness values. Functional space of ecologically rare species is in red, common

and average species are respectively in orange and blue.
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Figure 2. Phylogenies of terrestrial mammals and birds. Functional distinctiveness values are
represented on terminal branches (color gradient). Ecologically rare species are highlighted by
red dots, common by orange and average by blue. Distribution of the values of phylogenetic
signal of ecological rarities (index D) are plotted in the center of the tree. Orders names are
indicated on the outside arcs. The figure represents a single phylogeny from the 100 phylogenies

generated (see methods).
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Figure 3. Global distribution considering only unglaciated areas of total species richness (a, d),

number of ecologically rare (b, €) and common (c, f) mammals (left) and birds (right) species.
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Figure 4. From left to right: percentage of species per IUCN status according to criteria by the
IUCN Red List, Threatened (TH red: Vulnerable, Endangered, Critically Endangered), Least

concern (LC green: Least Concern and Near Threatened) and Not Evaluated (NE grey: Not

Evaluated or inadequate information). Main threats on ecologically rare (red), average (blue) and

common (orange) species; Human Footprint that measure the cumulative impact of direct human

pressures; Human development index (HDI); Change in distribution range based on climate

change projections (scenario RCP 8.5, Horizon 2041 - 2060, see Figure S8 supplementary

material for Horizon 2061 - 2080) and Target achievement (extent to which species are

represented within PAs regarding their restrictiveness). Letters indicate significant difference

betweten group (P <0.05, table S3) via ANOVA and Tukey's post-hoc tests.
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Supplementary Tables

Supplementary Table 1: Correlations between functional traits and the first four axes of the
PcoA of mammals (explaining respectively 29.3%, 21.8%, 13.5%, 8.2% of the total variance).
For numerical traits we used Spearman correlations and for nominal traits we used Goodman and
Kruskal's gamma correlations. The first axis of functional differentiation integrated both a body
mass gradient (R*=- 0.58) and diet (herbivores R* = -0.80 vs. invertebrate-eaters R* = 0.68). The
second axis integrated both, body mass gradient (body mass, R? = -0.45) and diet (frugivores R? =
-0.61 vs. invertebrate-eaters R* = 0.53). The third axis integrated mostly diet (granivores R* = -
0.26 vs. invertebrate-eaters R? = 0.40). The fourth axis integrated mostly diet (scavenger R* = -
0.41 vs. herbivores R? = 0.44).

Functions Traits Correlation PC1 PC2 PC3 PC4
Diet Invertebrate Spearman 0.68 0.53 040 -0.07
Diet Mammals/birds Spearman 0.01 0.06 0.01 -0.18
Diet Reptiles Spearman 0.11 0.28  -0.005 -0.32
Diet Fish Spearman -0.02 0.10 0.06 -0.10
Diet Vertebrates Spearman 0.01 -0.08 0.08 -0.15
Diet Scavenge Spearman 0.11 0.41  0.02 -0.41
Diet Fruit Spearman 0.01 -0.62 -022 -0.36
Diet Nectar Spearman 0.17 -0.23  -0.05 -0.10
Diet Seed Spearman -0.24 -0.06 -0.26 -0.15
Diet Plant Spearman -0.80 -0.23 -0.23 044
Foraging stratum Foraging stratum Kruskal 0.34 0.38 0.1 0.24
Activity Nocturnal Kruskal 0.15 0.13 0.25 0.02
Activity Crepuscular Kruskal 0.21 0.01 0.11 0.02
Activity Diurnal Kruskal 0.26 0.03 033 0.01

BodyMass BodyMass Spearman -0.60 -0.45 -0.09 0.01
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Supplementary Table 2: Correlations between functional traits and the first four axes of the
PcoA of birds (explaining respectively 26.4%, 17.8%, 11.4%, 8.6% of the total variance). For
numerical traits we used Spearman correlations and for nominal traits we used Goodman and
Kruskal's gamma correlations. The first axis of functional differentiation integrated mostly
foraging strata position (ground R*=-0.88 vs. middle high R*=0.82). The second axis integrated
mostly diet (invertebrate-eaters R*=-0.90 vs. frugivores R*=0.50). The third axis integrated
mostly foraging strata position (forest understory R? = -0.84 vs. canopy R? = 0.39). The fourth
axis integrated foraging strata position (water surface R?= 0.37 vs. ground R?= -0.29) and diet

(piscivores R*= 0.36 vs. frugivores R?=-0.62).

Functions Traits Correlation PC1 PC2 PC3 PC4
Diet Invertebrates Spearman -0.12 -091 0.21 -0.03
Diet Mammals/birds Spearman -0.15 0.14 0.10 0.18
Diet Reptiles Spearman -0.17  0.05 0.13 0.11
Diet Fish Spearman -0.14  0.11 0.30 0.36
Diet Vertebrates Spearman -0.05  0.02 0.04 0.03
Diet Scavenge Spearman -0.13  0.11 0.08 0.10
Diet Fruit Spearman 0.40 0.51 -0.003 -0.62
Diet Nectar Spearman 0.36 0.11 -0.22  0.23
Diet Seed Spearman -0.34 042 -0.30  -0.17
Diet Plant Spearman -0.15 0.33 -0.10  0.03
Foraging stratum  below the water surfaces Spearman -0.07  0.09 0.23 0.32
Foraging stratum <5 inches below water surface Spearman -0.20  0.09 0.30 0.38
Foraging stratum  ground Spearman -0.88 0.16 -0.03  -0.29
Foraging stratum  understory Spearman 0.21 -0.40 -0.84  0.15
Foraging stratum  Middle high tree Spearman 0.82 -0.03 0.02 -0.16
Foraging stratum  above tree canopy Spearman 0.61 0.21 0.39 -0.16
Foraging stratum  ForStrat-aerial Spearman 0.08 -0.04 0.1 0.19

Diet predominantly pelagic Kruskal 0.002  0.01 0.05 0.07
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Supplementary Table 3: P-values indicate if there is or not a significant difference between
ecologically rare, common, and average species via ANOVA and Tukey's post-hoc tests. From
left to right: Human Footprint that measure the cumulative impact of direct human pressures;
Human development index (HDI); Change in distribution range based on climate change
projections (scenario RCP 8.5, Horizon 2041-2060 and 2061-2080) and Target achievement
(extent to which species are represented within PAs regarding their restrictiveness). P-value in

bold are significant (P <0.05).

Mammals
Common - Average 6.9e-03 0.25 0.88 0.32 0.37 <1l.e-16
Rare - Average 8.3e-05 4.2¢-09 0.09 0.01 0.09 0.27
Rare - Common 9.7¢-08 3.2¢-03 0.47 2.4e-03 0.02 <1l.e-16
Birds
Common - Average 3.4e-04 2.7e-06 7.2e-04 0.07 0.07 9.2e-11
Rare - Average 3.5e-09 1.7¢-08 3.3e-05 0.01 6.2¢-03 0.06

Rare - Common 3.5¢-09 0.72 0.8 3.5¢-04 1.2¢-04 9.2¢-11
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Supplementary Figures
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Supplementary Figure 1: Relation between functional distinctiveness (Di) and geographical
restrictiveness (Ri, we use log(1-Ri) for clarity as most of the Ri values are close to 0 for
mammals and birds). Ecologically rare species are in red, average in blue, and common in

orange.
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-0.2 0.0 0.2

the functional traits PcoA for mammals. Blue line represents the linear model between Di and

PcoA axes. Distinctiveness was mainly correlated with axes 2 and 3 of the PcoA (R2= 0.51, R2

=0.31, p-values < 0.001).
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Birds
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Supplementary Figure 3: Relation between functional distinctiveness (Di) and the four axes of
the functional traits PcoA for birds. Blue line represents the linear model between Di and PcoA

axes. Distinctiveness was mainly correlated with axes 2 and 4 of the PcoA (R2= 0.42, R2 = 0.48,
p-values < 0.001).
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Supplementary Figure 4: Evolutionary distinctiveness of ecologically common (blue), average
(orange) and rare (red). The Evolutionary Distinctiveness of species i, is high when the species
has a long unshared branch length with all the other species. The more “isolated” a species is in a

phylogenetic tree, the higher its evolutionary distinctiveness.
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Supplementary Figure 5: Standardized effect size (SES) of the number of species on the

number of ecologically rare species per cells. For clarity we plotted SES on a log scale log(SES +

abs(min(SES))+1). Solide blue line indicate SES = 0, for random values. Bluedotted lines

indicate the a = 0.05 threshold of SES = 1.96 for significantly non-random values. Each data

point represents a cell. Values above the null expectation indicate that the cell host more

ecologically rare species than expected given the number of species in the cell. In red, cells

hosting at least on ecologically rare species, in grey, cells that do not host any ecologically rare

species.
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Supplementary Figure 6: Mammals distinctiveness (Di) and geographical restrictiveness (Ri,
we use log(1-Ri) for clarity as most of the Ri values are close to 0 for mammals and birds) in
relation to IUCN status according to criteria by the IUCN Red List, Threatened (TH red:
Vulnerable, Endangered, Critically Endangered), Least concern (LC blue: Least Concern and
Near Threatened) and None Evaluated (NE grey: Not Evaluated or inadequate information). The
difference between IUCN Status was tested with Wilcox test and is shown along with the

significance of this difference: NS for p>0.05, * for p < 0.05, ** for p < 0.01, and *** for p <
0.001.
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Supplementary Figure 7: Birds distinctiveness (Di) and geographical restrictiveness (Ri, we use
log(1-Ri) for clarity as most of the Ri values are close to 0 for mammals and birds) in relation to
IUCN status according to criteria by the IUCN Red List, Threatened (TH red: Vulnerable,
Endangered, Critically Endangered), Least concern (LC blue: Least Concern and Near
Threatened) and None Evaluated (NE grey: Not Evaluated or inadequate information). The
difference between IUCN Status was tested with Wilcox test and is shown along with the
significance of this difference: NS for p>0.05, * for p < 0.05, ** for p < 0.01, and *** for p <
0.001.
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Supplementary Figure 8: HDI (top) and conflicts (bottom) in countries hosting ecologically rare

mammals (92 countries). In red we highlight countries with more than 5 ecologically rare species.
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Supplementary Figure 9: HDI (top) and conflicts (bottom) in countries hosting ecologically rare

birds (118 countries). In red we highlight countries with more than 10 ecologically rare species.
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Supplementary Figure 10. Figure 4 from the main manuscript with scenario RCP 8.5, Horizon
2061 - 2080 for influence of Climate Change. From left to right: percentage of species per [UCN
status according to criteria by the [IUCN Red List, Threatened (TH red: Vulnerable, Endangered,
Critically Endangered), Least concern (LC green: Least Concern and Near Threatened) and Not
Evaluated (NE grey: Not Evaluated or inadequate information). Main threats on ecologically rare
(red), average (blue) and common (orange) species; Human Footprint that measure the
cumulative impact of direct human pressures; Human development index (HDI); Change in
distribution range based on climate change projections (scenario RCP 8.5, Horizon 2061 - 2080)
and Target achievement (extent to which species are represented within PAs regarding their
restrictiveness). Letters indicate significant difference betweten group (P <0.05, table S3) via

ANOVA and Tukey's post-hoc tests.
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Supplementary Figure 11 : Relation between functional distinctiveness computed at global
scale and computed at local scale (within cells) for mammals and birds. In red: linear model
between local and global distinctiveness (R2 = 0.50 for mammals, R2 = 0.64 for birds and p-
values < 0.001). Blue lines represent the hypothetical case where global functional distinctiveness

is equal to local functional distinctiveness (i.e. first bisector).
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Abstract

Aim: Diet is key to understanding resource use by species, their relationships with
their environment and biotic interactions. We aimed to identify the major strategies
that shape the diet space of birds and to investigate their spatial distributions in as-
sociation with biogeographical, bioclimatic and anthropogenic drivers.

Location: Global.

Time period: Current.

Major taxa studied: Birds.

Methods: We analysed score-based assessments of eight diet categories for 8,937
out of 10,964 extant bird species. We constructed a multivariate diet space by ordi-
nating these data in a principal coordinates analysis and assessed its dimensionality
as a balance between the representation of original diet scores and parsimony. We
averaged the positions of species along each dimension for 12,705 species assem-
blages and used quantile regressions to infer the relative contributions of species
richness, climate, primary productivity, topography and human footprint to the spa-
tial distribution of the diet space at a global scale.

Results: The diet space of birds was structured by four dimensions ordinating species
along continua ranging from insectivory to plant-based strategies, granivory to
frugivory, common to rare diets, and nectarivory to carnivory and piscivory. Although
orthogonal at the species level, these dimensions were correlated among species as-
semblages, with regional variation consistent with past climatic and tectonic events.
Human footprint packed bird assemblages in the diet space, whereas warm climate,
high productivity and high topographic variability were associated with high variabil-
ity in the prevalence of dietary strategies among assemblages.

Main conclusions: The tremendous variability in bird diets can be explained by a few
basic ecological continua sustained by morphological and ecophysiological differ-
ences among species. Strong biogeographical legacies on top of bioclimatic drivers
distribute this diet space in species assemblages through environmental filtering and
niche packing. However, these patterns are altered at macroecological scales by
human-mediated functional homogenization, which might, in turn, affect the global

distribution of bird functions and services.

1004 | © 2019 John Wiley & Sons Ltd

wileyonlinelibrary.com/journal/geb Global Ecol Biogeogr. 2019;28:1004-1017.
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1 | INTRODUCTION

How the variety of life-forms is organized in the geographical space
and along environmental gradients is a long-standing question in
biogeography, at the crossroads of evolutionary and functional ecol-
ogy (Grinnell, 1917; MacArthur, 1972; Soberon, 2007; Violle, Reich,
Pacala, Enquist, & Kattge, 2014). Trait-based strategies for growth,
survival and reproduction represent a key connection between this
diversity and the environment (Garnier, Navas, & Grigulis, 2016;
McGill, Enquist, Weiher, & Westoby, 2006), by providing a functional
explanation of species’ geographical distributions and assemblages
(McGill et al., 2006; Violle et al., 2014). Understanding how and why
trait strategies vary in space and time should, in particular, illuminate
the causes of species distributional shifts related to global changes
and their vulnerability to anthropogenization (Jiguet, Gadot, Julliard,
Newson, & Couvet, 2007; Purvis et al., 2000). However, infer-
ences on trait-environment relationships have proved challenging
because of the multidimensionality of the underlying niche space
(Hutchinson, 1957; Laughlin, 2014), unequal contributions of traits
to niche dimensions (Tucker, Davies, Cadotte, & Pearse, 2018) and
data-deficient trait descriptions (Hortal et al., 2015). As a result, the
macroecological distribution of trait strategies remains unknown for
the vast majority of taxonomic groups (Garnier et al., 2016).

The > 10,000 avian species in the world exhibit a tremendous
variability in ecological traits, which has allowed them to colonize
virtually all emerged habitats on Earth (Lovette & Fitzpatrick, 2016).
Owing to this diversity, birds sustain numerous ecosystem functions,
including pollination, seed dispersal, pest regulation and creation
of microhabitats, making them a key element of ecosystem-based
conservation strategies (Sekercioglu, Wenny, & Whelan, 2016).
Diet is central to these functions and to various aspects of bird life
cycle, ecosystem position and evolution (Burin, Kissling, Guimaraes,
Sekercioglu, & Quental, 2016; Duffy, 2002; Lovette & Fitzpatrick,
2016). It thus forms one of the most crucial dimensions of bird life
history (Hutchinson, 1959), because it determines the main lines of
a species’ energetic investment, survival, reproduction and, in turn,
fitness (Costa, Vitt, Pianka, Mesquita, & Colli, 2008; MacArthur &
Pianka, 1966; Sibly et al., 2012). lllustrating the pivotal role of diet
in animal ecophysiology, herbivorous bird species exhibit lower
basal metabolic rates, higher field metabolic rates and higher body
temperatures than carnivores (Anderson & Jetz, 2005; Speakman,
1999), whereas energetic and water turnovers reach extreme values
in nectarivorous birds (Nicolson & Fleming, 2003). As a corollary of
these physiological constraints, the size and energetic value of prey
are related to essential functional traits, such as body size or repro-
ductive output, and to other ecological characteristics, such as habi-
tat use (Janes, 1994; Sam, Koane, Jeppy, Sykorova, & Novotny, 2017;

Sibly et al., 2012). Diet is under strong selection pressure because

of its tight link with individual fitness, notably through competitive
interactions and co-evolutionary dynamics associated with extreme
morphological or ecophysiological adaptations (Grant & Grant,
2006; Nicolson & Fleming, 2003). Hence, the multiple convergences
and trade-offs that have structured the evolution of traits in birds
are likely to be reflected in dietary strategies that are related to bio-
geographical patterns of bird-environment relationships.

The highly uneven geographical distribution of bird diets could
be explained by a combination of climate, primary productivity, dis-
tribution of trophic resources, and phylogenetic niche conservatism
(Barnagaud et al., 2014; Kissling, Sekercioglu, & Jetz, 2012; Lein,
1972). Dietary guild richness is strongly correlated with species rich-
ness on top of these environmental gradients, consistent with the hy-
pothesis that long-term environmental variations have shaped dietary
diversification within avian assemblages (Belmaker, Sekercioglu, &
Jetz, 2012; Burin et al., 2016; Kissling et al., 2012). High flowering
and fruit plant diversities are typically sustained by climate stability
and high primary productivity in the tropics, favouring the diversifi-
cation of frugivores and nectarivores (Dalsgaard et al., 2011, 2017;
Jetz et al., 2009; Kissling, Rahbek, & Bohning-Gaese, 2007). Inversely,
at northern latitudes, carnivore and scavenger bird assemblages are
composed of phylogenetically clustered species, as a consequence
of past diversification events related to the physiological tolerance
of the species and climatic constraints that affect prey distributions
(Kissling et al., 2012; Vejrikova et al., 2016).

Previous studies on spatial patterns in bird diets have exam-
ined guild-level species richness (Burin et al., 2016; Kissling et al.,
2012) or were geographically restricted (Pigot et al., 2016). One
strong limitation of guild-based approaches is that they do not ac-
count for covariations among diets resulting from the evolution-
ary constraints of species. For instance, it is unclear whether the
global congruence between high insectivore and frugivore species
richness is attributable to species preying simultaneously on in-
sects and fruits or to convergences in the distributions of species
specialized on each diet (Kissling et al., 2012). Furthermore, guild
approaches rely on a priori categorizations that hinder the prob-
abilistic nature of dietary choices, more adequately quantified by
continua reflecting the observation that most species rely on mul-
tiple diets in varying proportions. Covariation in the diets of birds
is thus better represented within a multivariate space structured
by a few continuous, orthogonal dimensions (MacArthur, 1972;
Pianka, Vitt, Pelegrin, Fitzgerald, & Winemiller, 2017; Winemiller,
Fitzgerald, Bower, Pianka, & Arita, 2015). The shape of this diet
space is assumed to have emerged as an outcome of niche conver-
gence and niche exclusion processes (Morowitz, 1980; Winemiller
et al., 2015), providing an interface between species’ diversifica-
tion processes and their functions (Grime & Pierce, 2012; Wiiest,

Minkemuller, Lavergne, Pollock, & Thuiller, 2018), which remains,
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however, poorly quantified. In particular, investigating how the
diet space is spread among bird assemblages at a macroecological
scale might help to uncover the relative contributions of historical
legacies, environmental filtering and niche convergence to the dis-
tribution of bird diets and associated functions.

Geographical variation in the diet space of a taxonomic group
can be mapped by averaging the position of co-occurring species
along each of its dimensions to provide a community-level attri-
bute comparable to the widely used community-weighted mean
traits approach (Ricotta & Moretti, 2011; Wiiest et al., 2018). This
approach resolves the double limitation of guild-based studies:
first, it incorporates species-level covariations among diets in a
quantitative assessment of community composition; and second,
scores computed in an ordination space permit a continuous rep-
resentation of gradients from assemblages dominated by opposed
dietary strategies. Two patterns are likely to be identified when
correlating the average positions of bird assemblages in the diet
space. A systematic variation in the average diet positions of spe-
cies assemblages along a well-identified environmental gradient
would indicate diet-mediated environmental filtering, which is
typically expected with gradual changes in climate or dominant
resources along latitudinal or elevational gradients (Cadotte &
Tucker, 2017). Alternatively, an increase or decrease in the range
of average diet positions would reveal a differentiation or homoge-
nization of assemblages, respectively, as a consequence of changes
in resources, typically in association with productivity or high envi-
ronmental heterogeneity in transition areas or mountains (Dehling
etal., 2014; Pellissier, Barnagaud, Kissling, Sekercioglu, & Svenning,
2018; Pigot et al., 2016). A packing of species assemblages in the
diet space is also expected under the effect of man-mediated func-
tional homogenization, as an outcome of the reduction in environ-
mental turnover and simplification of the ecosystem network in
highly anthropogenized areas (Baiser & Lockwood, 2011).

The aim of this study was to uncover the main dimensions of the
diet space of birds and their geographical and environmental spread at
a global scale. We constructed a diet space for 83% of extant bird spe-
cies, mapped it and studied its distribution along climatic, topographic,
productivity and anthropogenization gradients, accounting for varia-
tions in species richness. Following the prediction by MacArthur (1972),
we hypothesized that no more than two to four dimensions would sum-
marize parsimoniously the continua that structure the diets of the birds
of the world. We also expected that the average positions of species
assemblages along these continua would be patterned strongly in the
geographical space under functional homogenization and differentia-

tion mediated by environmental gradients and human impact.

2 | MATERIALS AND METHODS
2.1 | Data

2.1.1 | Bird diets

We compiled diet information for 9,098 out of the 10,694 extant
bird species currently recognized by the International Ornithological

Union, covering all 40 orders (Gill & Donsker, 2017). Among the
1,596 missing species, 1,583 were data deficient and 13 had unclas-
sifiable diets. We also removed 161 species for which we did not
have distribution or phylogenetic data, resulting in a final dataset of
8,937 species. We assessed scores of use from zero (non-use) to 10
(exclusive use) for each species and eight diet categories (fishes, ver-
tebrates, carrion, insects, nectar, fruits, seeds and other plant mate-
rial) based on the most comprehensive available information to date
(Del Hoyo, Elliott, & Sargatal, 2013; Kissling et al., 2012; Sekercioglu,
Daily, & Ehrlich, 2004). Scores summed to 10 per species over all
categories, thus providing a standardized, probabilistic assessment

of species’ diets.

2.1.2 | Species assemblages

We defined species assemblages by overlaying species’ breeding ex-
tent-of-occurrence maps provided by BirdLife International (BirdLife
International & Nature Serve, 2012) on a 110 km x 110 km resolu-
tion grid in cylindrical equal area projection. Extent-of-occurrence
maps are not exempt from criticism, because they were built from
expert opinion and incomplete observational records that are sub-
ject to error, especially at species range limits (Herkt, Skidmore, &
Fahr, 2017). In spite of these limitations, these maps remain the best
available description of bird distributions at the world scale. We only
exploited breeding-period distributions, a limitation imposed by data
deficiency on the wintering ranges of most migratory species. Diet
assessments of migratory species are, however, usually conducted
during the nestling period or as birds arrive on/leave breeding
grounds (Del Hoyo et al., 2013), ensuring consistency between the
diet and distribution datasets.

The spatial dataset encompassed 12,802 bird assemblages (grid
cells), after exclusion of aquatic (> 10% of open waters in the cell)
and Antarctic cells. We also removed cells with species richness < 10
species (n = 97 cells) because they would inflate statistical uncer-
tainty. Furthermore, exploring species lists in these cells revealed
that their extremely low species richness resulted, at least in part,
from deficient assessments of species distributions in poorly sur-
veyed areas, such as parts of North Africa or boreal Siberia. Hence,
all our analyses relied on a sample size of 12,705 species assemblages
(species richness from 10 to 849 species, mean + SD = 179.6 + 121.3

species ).

2.1.3 | Environmental gradients

We retrieved rasters of mean annual temperatures (in degrees
Celsius) from 1970 to 2000 at a 30" native resolution (www.
worldclim.org; Hijmans, Cameron, Parra, Jones, & Jarvis, 2005),
elevational range (in metres) at a 1 km native resolution (global
land cover characterization data base, https://Ita.cr.usgs.gov/
GLCC) and net primary productivity (NPP; in kilograms of carbon
per square metre) at a 1 km native resolution (https://modis.gsfc.
nasa.gov/data/dataprod/mod17.php; Zhao, Heinsch, Nemani, &
Running, 2005). We also retrieved the human influence index (HlI),
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a score-based synthetic measure of human impacts on ecosystems
at a 1 km native resolution (Sanderson et al., 2002; updated for
the 1995-2004 period, http://sedac.ciesin.columbia.edu/data/set/
wildareas-v2-human-influence-index-geographic). We discarded
precipitation, another influential predictor of bird distributions,
owing to its high correlation with NPP (R? = 0.6); the other four
variables were weakly correlated (maximum R?=0.21, between
NPP and temperature). We averaged all variables in each cell of
the 110 km x 110 km grid for match with bird assemblage data.
Correlations between bird species richness and the four bioclimatic
variables peaked at R%=0.20 (with temperature) and R?=0.24
(with NPP).

2.2 | Building the diet space of birds

We characterized the main dimensions of the diet space of birds
by the most parsimonious set of principal components of a prin-
cipal coordinates analysis (PCoA; Legendre & Legendre, 2012).
Principal coordinates analysis summarizes a species x species
dissimilarity matrix into orthogonal components (or dimensions),
and thus emphasizes relative differences among species rather
than correlations among traits as a principal components analysis
would do. In our analysis, these dimensions represented synthetic
indices of the variation of dietary strategies among birds, cluster-
ing species with an average diet at the centre of the space and
relegating the most distinct diets at its margins. Unlike principal
components analysis, PCoA is robust to extreme values and dou-
ble-zeros, which occurred in our data sets as a consequence of
rare diets. Furthermore, PCoA is adequate to summarize non-con-
tinuous variables, such as pseudo-quantitative fuzzy scores, as in
our data set.

To build the PCoA, we first calculated a species x species dissim-
ilarity matrix from the original species x diet matrix using a modified
version of Gower’s distance that accommodates non-independent
fuzzy variables with appropriate weighting (Pavoine, Vallet, Dufour,
Gachet, & Daniel, 2009). We optimized the dimensions of the diet
space by selecting a parsimonious set of PCoA components, which
reflected well the pairwise distances defined in the Gower'’s dis-
similarity matrix. For this, we calculated the mean squared devia-
tion (mSD) between the Gower’s matrix and an Euclidean matrix
based on the scores of species along the PCoA dimensions, and se-
lected the minimum dimensionality reaching an mSD of 0.01 (Maire,
Grenouillet, Brosse, & Villéger, 2015). We validated the biological
interpretability of the dimensions retained by projecting the orig-
inal diet categories as supplementary variables on the Euclidean
diet space formed by the PCoA components (Legendre & Legendre,
2012).

We computed Spearman rank correlation coefficients as a quan-
titative measure of the individual contribution of each diet category
to each dimension of the diet space (Appendix S1). We also tested
for a phylogenetic signal to measure the imprint of niche conserva-
tism on each dimension of the diet space (Additional methods and

results in Appendix S2).

and Biogeography
2.3 | Spatial variations in the diet space of birds

We mapped the geographical spread of the diet space of birds
by averaging species scores on each of its dimensions across all
species occurring within each 110 km x 110 km grid cells. Similar
to community-weighted mean trait values in functional ecology,
this average score reflects the centroid of a species assemblage
in the diet space (Newbold, Butchart, Sekercioglu, Purves, &
Scharlemann, 2012). We then regressed these assemblage-level
scores on each dimension of the diet space against species rich-
ness, temperature, NPP, topographic heterogeneity and HIl with
quantile regressions, testing the 0.1, 0.25, 0.5, 0.75 and 0.9 quan-
tiles (Davino, Furno, & Vistocco, 2013; Koenker, 2016). In these
models, parallel regression slopes across all quantiles would indi-
cate environmental filtering (a systematic shift from a position to
another in the diet space; Cadotte & Tucker, 2017), whereas con-
verging or diverging slopes would indicate diet homogenization or
differentiation among assemblages along a bioclimatic gradient.
Note that we did not account for residual spatial autocorrelation
because quantile regressions do not permit the incorporation of
spatial errors easily, while alternative methods do not accommo-
date highly heteroscedastic data.

We assessed goodness-of-fit of quantile regressions through an ap-
proximate correlation coefficient (p) based on a comparison of the sum
of weighted deviations of each model (p,) with the sum of weighted
deviations of a regression without any covariate (py):p =1 - (p,/p,)
(Koenker & Machado, 1999). We performed all computations and
analyses in the R environment (R Core Team, 2016) with packages
ade4 (Dray & Dufour, 2007) and quantreg (Koenker, 2016).

3 | RESULTS

3.1 | The structure of the diet space of birds

Four PCoA components summarized well the dissimilarity of the 8,937
bird species diets (mSD = 0.01; mSD = 0.06, 0.025 and 0.005 for two-,
three- and five-dimensional spaces, respectively) and explained 42.5,
20.4, 13.4 and 9.6%, respectively, of the total variance of the Gower's
dissimilarity matrix, giving rise to a strongly supported four-dimen-
sional diet space. The ordination of species in this multidimensional
space reflects dietary dissimilarities between species without relying
on a priori categorical classifications: the dietary strategies of birds
spread continuously from the most undifferentiated at the centroid to
the most distinct at the margins of the diet space.

The highest proportion of total variance in the diet space was
explained by a first dimension separating insectivory from frugivory
and granivory [Figure 1; principal component 1 (PC1)]. This struc-
ture implies that species feeding on fruits and/or seeds shared simi-
lar dietary regimes, whereas species feeding on insects had distinct
diet compositions. Accordingly, the negative side of PC1 was dom-
inated by insectivore specialists (Galbuliformes, Caprimulgiformes
and Cuculiformes), whereas highly positive values included a mix-
ture of typical frugivores (Psittaciformes) and typical granivores
(Pterocliformes; Appendix S2).
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The second dimension refined this first segregation, by op-
posing granivory and frugivory [Figure 1: principal component 2
(PC2)], typically separating Pterocliformes (sandgrouses) from

Musophagiformes (turacos) and Bucerotiformes (hornbills; Appendix

S2). Diets based on other plant materials had a negligible contribution
to the diet space, being exploited by only 768 species, among which
they formed a primary diet for only 181 species. Plotting these two

first dimensions on a plane (Figure 1a) revealed that species spread
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evenly along continua from primary consumers to insectivores (PC1)
and from frugivory to granivory (PC2), with representatives of all in-
termediate strategies along these two dimensions. The score-based
structure of the original diet data resulted in species projections
that form a sharp conical cloud in the first plane of the diet space
(Figure 1a).

This coarse overview of dissimilarities among the diets of world
bird species hinders variability associated with finer specializa-
tions that are not captured in our data. Nevertheless, it reveals that
whereas insectivorous species may use seeds and fruits simultane-
ously as alternative prey (negative PC1 scores associated with null
scores on PC2), non-insectivorous species tend to feed either on
fruits or seeds, but not simultaneously on these two diets (few spe-
cies associate positive PC1 scores and null scores on PC2).

The third dimension isolated nectarivory, carnivory and piscivory
from all other diets [Figure 1; principal component 3 (PC3)]. Orders
as different as Apodiformes, Accipitriformes and Pelecaniformes
were thus grouped on its negative side (Appendix S2), suggesting
high specialization levels (i.e., high scores in one or a few dietary
categories). This pattern is in line with the prediction that nec-
tarivory, carnivory and piscivory, three comparatively rare diets,
involve highly energetic foods that require metabolic and morpho-
logical adaptations and restrict the use of alternative prey. Although
they were grouped in negative values of PC3, no species, expect-
edly, combined nectarivory with carnivory or piscivory. As a re-
sult, the fourth dimension [Figure 1; principal component 4 (PC4)]
ordinated species along a continuum from piscivory and carnivory
(Accipitriformes and Pelecaniformes; Appendix S2) to nectarivory
(Apodiformes; Appendix S2). Plotting PC4 against PC1 and PC2
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(Figure 1e,f) revealed that many species used combinations of nectar
and fruits or insects (e.g., Meliphagid honeyeaters), but none associ-
ated nectar and seeds, probably owing to morphological constraints.
Conversely, species using carrion or fish-based diets (negative val-
ues on PC4) spread on both sides of PC1 (Figure 1c), but few ex-
panded on positive values of PC2 (Figure 1e); these patterns reveal
that strategies mixing varying levels of carnivory with reliance on
insects or seeds are more common than strategies associating car-

nivory and frugivory.

3.2 | Spatial variations of dietary strategies of birds

Once averaged over species assemblages, all dimensions of the diet
space exhibited clear and relatively congruent geographical struc-
tures matching biome boundaries or physical barriers, such as the
Himalayas and Andes (Figure 2). Bird assemblages of the Western
Palaearctic, Eastern Asia down to the Indo-Malayan archipelago, the
Guineo-Congolian region, Madagascar and South Australia exhib-
ited strongly negative scores along PC1, indicative of assemblages
dominated by insectivory, whereas granivory and frugivory (positive
scores on PC1) were more widespread, with less delineated regional
patterns. Highly positive scores along PC1 in boreal regions and de-
serts are likely to reflect assemblages that are largely dominated by
seed eaters. Supporting this interpretation, negative scores on PC1
were correlated with positive scores on PC2 in Old World bird assem-
blages (Figure 3a; Pearson’s R? = 0.42 between the two axes, 7,880
assemblages). This pattern indicates that frugivory and insectivory
were associated in species assemblages in the Old World, whereas

granivory tended to be relegated to desertic and high-elevation
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represents variations in the dominant dietary strategy as assessed from the average score of species along each dimension within species
assemblages found in 100 km x 100 km square pixels (n = 12,705 assemblages). Eckert IV projection [Colour figure can be viewed at
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regions, such as the Sahara or the Tibetan plateau, and some savan- reversed in Australasia (R = 0.18, 1,114 assemblages), suggesting a
nah regions (Figure 2a,b). The association between PC1 and PC2 did key role of regional biogeography in separating dietary strategies
not hold in the New World (R? = 0.03, 3,711 assemblages) and was across bird assemblages.
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Another striking association was the positive correlation be-
tween the average scores of bird assemblages along PC3 and PC4
in all regions (Figure 3f; R?=0.44, 12,705 assemblages). This pat-
tern reflected the geographical dominance of carnivory and pisciv-
ory (negative scores on PC3 and PC4) in desertic, coastal and boreal
areas (Figure 2d), whereas nectarivory (positive scores on PC4) was
found only in association with frugivory, granivory and insectivory
(positive scores on PC3; Figure 3f), especially in southern America

and southeast Asia (Figure 2c,d).

3.3 | Diet space of birds along
environmental gradients

The approximate correlation coefficients of quantile regressions
(used to assess the fit of the relationship between each diet space
dimension and the set of environmental variables considered)
ranged from .06 (PC1, .5 quantile) to 0.54 (PC2, .1 quantile), averag-
ing 0.24 + 0.14 (all uncertainties in standard deviation units). All vari-
ance inflation factors but two were below a threshold of five, and 87
out of 120 were below three, suggesting that regression coefficients
were not affected by collinearity (Zuur, 2011). Quantile regression
lines crossed in PC1, PC3 and PC4 (Figure 4a,c,d), in spite of our at-
tempts to constrain these models at exploratory stages; correcting
this artefact would lead to unnecessary complexity given the clarity
of the observed patterns.

Quantile lines converged as species richness increased along all
dimensions of the diet space except PC2, suggesting greater simi-
larity of richer assemblages in terms of average diet (Figure 4a,k,p).
Conversely, quantile lines diverged as the average diet composition
of species assemblages became increasingly variable towards warm,
productive and topographically heterogeneous environments (e.g.,
Figure 4b,h,d). These contradicting patterns hint that the dissimilar-
ity of species assemblages in terms of diet increases towards tropical
climates. Conversely, human influence was associated with a reduc-
tion in the range of dietary strategies along all dimensions of the
diet space (Figure 4e,j,0,t), conforming to a macroecological-level
signature of functional homogenization associated with anthropo-
genic activity.

Several quantile regressions showed a systematic shift towards
undifferentiated dietary strategies along environmental gradients
(assemblages with null values on a given dimension of the diet
space: e.g., Figure 4,b,j,m,p), consistent with environmental filtering.
However, we could not draw any general pattern from these trends
because they were non-congruent across the four dimensions and
the four bioclimatic variables. Although no strong evidence of filter-
ing emerged on PC1 (Figure 4a-e), increasing NPP was associated
with a marked shift from assemblages dominated by granivory to
frugivory along PC2 (Figure 4h), and to a lesser extent towards rare
diets along PC3 (Figure 4m). The increase in PC3 scores (lower prev-
alence of rare diets) towards warmer climates seemed to contradict
this picture (Figure 4l), but could be driven by the negative response
of carnivory and piscivory to temperature, which was more obvious

along PC4 (Figure 4q). Topographic barriers imposed another strong

and Biogeography

environmental constraint, in which frugivory and carnivory were
gradually replaced by granivory and nectarivory towards mountain-

ous areas (Figure 4d-s).

4 | DISCUSSION

Our study revealed that bird species are spread inside a four-di-
mensional diet space, consistent with the prediction by MacArthur
(1972) that the high diversity of life-forms can be summarized par-
simoniously by a few basic continua bearing signs of the environ-
mental constraints that preside to diversification. The biogeography
of dietary strategies has previously been explored at regional scales
(Pigot et al., 2016) or with a guild-richness approach, in which spe-
cies were classified categorically according to their most prevalent
diet (e.g., Kissling et al., 2012). In contrast, our study uniquely inves-
tigates the global and environmental distributions of dietary strate-
gies in light of covariations that arise from niche convergence and
exclusion (Diaz et al., 2016; Pianka et al., 2017).

The four-dimensional structure of the diet space of birds
emerged from covariations among diets that species exploit either
jointly or exclusively. The absence of any major discontinuities in this
space shown in Figure 1 reflects the continuous, probabilistic na-
ture of bird diets, exemplified by the tendency of passerines to feed
on mixtures of fruits, seeds and insects (Herrera, Hobson, Carlos, &
Méndez, 2006; Morton, 1973; Nazaro & Blendinger, 2017). In spite
of this form of diet complementation, morphological differences
(e.g., in bill size and shape), distinct foraging modes and digestive
metabolism associated with insect or fruit-based regimes are con-
sistent with the separation of insectivory, frugivory and granivory
along the first two dimensions of the diet space (Figure 1; Hanken
& Hall, 1993; Levey & Karasov, 1989; Snow & Snow, 1971). The
next two dimensions (PC3 and PC4; Figure 1) corresponded to rarer
diets with peculiar ecophysiological and morphological adaptations.
Nectarivory implies a rapid metabolism efficient in assimilating high
sugar concentrations at the cost of energetic storage, restricting this
diet to the world’s smallest bodied birds, hummingbirds (Trochilidae)
and sunbirds (Nectariniidae), although it may also complement fruit-
or insect-based diets in larger tropical species, such as honeyeaters
(Meliphagidae) and Loriculus hanging parrots (Nicolson & Fleming,
2003; Wooller & Richardson, 2008). Nectarivory was thus logically
opposed to carnivory and piscivory along the fourth dimension of
the diet space (Figure 1c,e,f), with the latter two requiring large body
sizes and morphological adaptations to cope with the hunting and
capture of large prey (Barton & Houston, 2009; Hilton, Houston,
Barton, Furness, & Ruxton, 1999). The diet space of birds is there-
fore likely to be sustained by a combination of behaviour, diges-
tive physiology and morphology, which gives rise to well-identified
diet-based convergences and trade-offs at the family level (see also
Appendix S2; Fitzpatrick, 1985). Adaptive constraints are thus likely
to provide a causal basis to our diet space, similar to the interpreta-
tion of constraints shaping plant and reptile functional spaces (Diaz
et al., 2016; Pianka et al., 2017).
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We built this diet space with the most comprehensive diet as-
sessment currently available for the birds of the world. These cate-
gories and scores form a representation of real bird diets that ignores
specialization over specific prey but that are accurate at segregating
major dietary groups. Given the sparsity of fine-grained data, we
deliberately traded ecological resolution for an exhaustive compar-
ative analysis unrestricted taxonomically or geographically, which

comes at the cost of some coarseness in our representation of the
diet space. Although diet data are likely to be more exhaustive than
in most other traits (Hortal et al., 2015), they are not standardized
across studies and often rely on gut contents of one to fewer than
10 individuals captured in specific locations and seasons (Del Hoyo
et al., 2013). Effort on supplementary data collection would warrant
a quantification of intraspecific variability in the shape of the diet
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space, a necessary perspective to enforce its macroevolutionary un-
derpinnings (Violle et al., 2014). Furthermore, in addition to spatial
variations across populations (Terraube & Arroyo, 2011), species may
use different diets depending on age, sex, environmental constraints
or resource availability (Davies, Hipfner, Hobson, & Ydenberg, 2009;
Ledn, Podos, Gardezi, Herrel, & Hendry, 2014; Murphy, 1994). In
particular, numerous migratory species typically shift from insect-
dominated diets to fruits at the onset of migration, whereas the diets
of sedentary species follow food availability across seasons (Lovette
& Fitzpatrick, 2016; Newton, 2010). This seasonality is usually ag-
gregated or ignored in sources of species-level data, which probably
leads to under-representation of the dispersion of species inside the
diet space and to blurring of assemblage-level patterns, especially
in temperate regions, where migratory species are most numerous.
Although these limitations are unlikely to explain the whole struc-
ture of the diet space, they probably account for some (lack of)
patterns, calling for increased effort into trait acquisition in poorly
surveyed areas and at a finer resolution (Hortal et al., 2015).

The geographical mapping of the diet space through assem-
blage-averaged scores (Figure 2) supported the hypothesis that
biogeographical legacies determine the distribution of bird dietary
strategies on top of climatic influences and resource distribu-
tions (Belmaker et al., 2012; Ericson, 2012; Kissling et al., 2012).
Increasing metabolic constraints in favour of high-order consum-
ers promote assemblages essentially formed of carnivores and
piscivores at high latitudes (Figure 2d), which accounts for the
strong relationship between assemblage-averaged scores on PC3
and PC4 visible in Figure 3f (Clarke & O’Connor, 2014; Vejrikova
et al., 2016; Zimmerman & Tracy, 1989). Likewise, the dominance
of seed-feeding species in deserts and topographically complex
regions (Figure 2b) can be related to seasonal climates and short
growing seasons that restrict the availability of alternative foods
for most of the year (Brown, Reichman, & Davidson, 1979; Kissling
et al.,, 2012). Conversely, long-term climatic stability and niche
conservatism confined the diversification of fruit trees and their
consumers to the inter-tropical band (Jetz et al., 2009; Kissling
et al., 2007, 2012), leading to a geographical association of insec-
tivory and frugivory in the Old World (Figure 3a), although they
were opposed at the species level along the first dimension of the
diet space. Interestingly, however, this association was reversed
in Australasia and was absent in the New World. These differ-
ences suggest that long-term climatic constraints were overcome
by other processes, such as the admixture that resulted from the
Great American Interchange or ancient diversification events that
followed the colonization of cone-billed oscine clades from the
Old-World since the late Miocene (Newton, 2003; Webb, 2006).
Hence, the diet space of birds has probably been shaped largely
by varying diversification rates across clades exploiting distinct
dietary niches (e.g., hummingbirds, ducks and geese and various
specialized passerine groups), associated with successive coloni-
zation events and recent radiations after climatic oscillations or
modifications of physical barriers (Jetz, Thomas, Joy, Hartmann,
& Mooers, 2012). Still consistent with a role of biogeographical
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legacies associated with long-term climatic variability and plate
tectonics (Ficetola, Mazel, & Thuiller, 2017), assemblage-averaged
scores were more variable in topographically heterogeneous re-
gions (i.e., near mountain chains) along the four dimensions of the
diet space, and clear-cut spatial structures were associated with
transition areas, such as the Panamanian isthmus, the Guineo-
Congolian region, the Indo-Malayan and Papua-Melanesian ar-
chipelagos. These regional patterns support the hypothesis that
admixture and diversification events that have resulted from oro-
graphic or tectonic processes imprint the global distribution of the
diet space and call for further studies on its diversification history
using phylogenetic reconstruction methods (Burin et al., 2016;
Jetz et al.,, 2012; Newton, 2003).

Bird assemblages tended to become more concentrated in the
diet space as species richness increased, as shown by the tendency
of the quantile regression line to converge towards high species rich-
ness along all dimensions but PC2 (Figure 4). This result suggests
that species-rich assemblages imply the coexistence of most dietary
strategies, which could be promoted by niche packing in highly pro-
ductive environments (Pellissier et al., 2018; Pigot et al., 2016). In
line with the interpretation that productivity enhances the coexis-
tence of multiple dietary strategies, the variance in the positions of
assemblages in the diet space increased towards warm climates, high
NPP and high topographic heterogeneity (Figure 4). These patterns
concur with the hypothesis that warm and productive environments
in addition to endemism associated with physical barriers promote
diversity in the composition of species assemblages (Ficetola et al.,
2017; Hawkins et al., 2003; Jetz et al., 2009; Ruggiero & Hawkins,
2008). At the low-productive side of these gradients, environmen-
tal filters could impose constraints on the diets of species-poor as-
semblages facing harsh climates or low energetic input (Hawkins et
al., 2003). Examples of such filtering processes typically lie in pe-
lagic bird colonies formed almost exclusively by piscivores at bo-
real latitudes (Figure 4q), or in desert assemblages mainly formed
by seed-eaters (Figure 4h). In line with this energetic interpretation,
the 23 poorest assemblages (species richness = 10) were distinctly
segregated along the first dimension of the diet space, from desert
communities of the Middle East, where specialized seed-eaters such
as larks (Alaudidae) and sandgrouse (Pteroclidae) account for half
of the species, to coastal assemblages of eastern Russia consisting
of a mixture of insectivorous or omnivorous passerines and pelagic
piscivores. Inversely, the 23 richest assemblages (700-848 species),
all concentrated along the Andean chain, were clustered in the diet
space and held specialists of the eight dietary categories (score of
10 in a single diet). Hence, the distribution of assemblages in the
diet space is consistent with a combination of regional history and
environmental constraints towards the pole and deserts.

A major outcome of our study was the packing of bird assem-
blages close to the centroid of the diet space when the human foot-
print increased, in agreement with the increased risk of extinction
that accompanies ecological specialization by species (Sekercioglu,
2011). This result suggests a trophic basis to the decrease in bird
trait turnover along global gradients of human influence (Barnagaud
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etal.,, 2017) and conveys a macroecological-level signal of functional
homogenization in association with the loss of marginal dietary strat-
egies and a rise in species using average diets (Baiser & Lockwood,
2011; Clavel, Julliard, & Devictor, 2011; Devictor et al., 2008). Our
results thus add strong evidence that the human footprint is suffi-
ciently pervasive to affect macroecological patterns (Sizling et al.,
2016). Diets influence demographic and distributional responses
of species to modifications in land use through their determinant
role on offspring productivity and other aspects of energetic de-
mands (Newbold et al., 2013; Sibly et al., 2012). The outcomes of
a dietary homogenization of bird assemblages associated with the
human imprint would thus deserve a more mechanistic assessment,
especially with respect to the persistence and resilience of critical
bird functions, such as pollination, endozoochorous dispersal and
pest control (Ko, Schmitz, Barbet-Massin, & Jetz, 2013; Sekercioglu,
2006, 2011).

4.1 | Conclusion

Our work illustrates the potential of multivariate approaches in
functional biogeography analyses (Violle et al., 2014). It permits,
in particular, an explicit mapping of functional strategies along
continuous axes rather than using guild categorizations, and the
explicit integration of covariations among traits or trait modalities.
A formal test of the role of diversification processes on the diet
space of birds was beyond the aims of this study, but will have to
be tackled through phylogenetically informed null models (Diaz et
al., 2016) or trait evolution modelling (Burin et al., 2016) for both
basic and conservation-oriented aims. Our results should also
draw interest on the potential alterations of macroecological-level
trophic networks by anthropogenization, and their consequences
for the distribution of ecosystem functions and services on earth.
We hope that these outcomes, adjoined to studies on other taxa
and aspects of the structure of functional spaces (Diaz et al., 2016;
Pianka et al., 2017), will stimulate efforts towards bridging mac-
roevolution and functional biogeography through the empirical

exploration of global trait datasets.
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Résumés

Résumés

Une hypothese centrale en écologie fonctionnelle est que certaines combinaisons de traits procurent un taux de croissance
maximal dans des conditions environnementales données, et représentent ainsi un optimum fonctionnel. Les valeurs de
traits abondantes sont ainsi supposées refléter la meilleure performance des especes proches de loptimum. Cependant cer-
tains processus, comme les processus neutres, peuvent affecter la présence d’un optimum fonctionnel. Certaines especes
possedent des combinaisons de traits originales différentes de l'optimum fonctionnel, localement dans les communautés
ainsi qu’au sein des bassins d’especes régionaux. Les objectifs généraux de cette these sont (i) de proposer des modeles d’as-
semblage des communautés prenant en compte les différents processus qui peuvent affecter la présence d’un optimum fonc-
tionnel, (ii) d’identifier des processus précis qui affectent loptimum fonctionnel 4 aide de ces modeles, (iii) d’identifier les
especes originales fonctionnellement a I'échelle globale et détudier leurs déterminants, (iv) d’évaluer la prise en compte de
loriginalité fonctionnelle dans la conservation. Dans le premier chapitre nous proposons deux modeles d’assemblages des
communautés, 'un couplant processus locaux et régionaux, l'autre s’inspirant des modeles de dynamiques de populations.
Dans le deuxieme chapitre, nous mettons en avant deux processus qui affectent l'optimum fonctionnel : la saturation d’ha-
bitat des especes et le présence de traits n’étant pas affecté par I'environnement. Dans le troisi¢éme chapitre nous proposons
un outil pour quantifier l'originalité fonctionnelle, et nous évaluons les relations qui existent entre originalité fonctionnelle
régionale et déterminants climatiques. Enfin dans le quatri¢eme chapitre, nous montrons que les especes rares fonctionnel-
lement sont davantage menacées d’extinction que les autres espéces et que davantage de menaces pésent sur elles comparées
aux espéces communes fonctionnellement. La thése montre I'importance de la prise en compte des différentes échelles spa-
tiales, temporelles et taxonomiques pour caractériser loriginalité fonctionnelle. La diversité des modeles biologiques utilisés
(herbacées, arbres, oiseaux, mammiferes et poissons de récifs coralliens) au cours de cette these souligne I'intérét conceptuel
de l'originalité fonctionnelle dans des contextes écologiquement variés.

mots-clés : biogéographie, assemblage des communautés, échelles de diversité, traits fonctionnels

A central hypothesis in functional ecology is that certain trait combinations let individuals have a maximum growth rate in
certain environmental conditions, they represent as such a functional optimum. The abundant trait values are thus supposed
to reflect the best performance of species close to the optimum. However, some processes, such as neutral processes, can
affect the presence of a functional optimum. Some species also harbor original trait combination compared to the functional
optimum, locally among communities as well as in regional species pools. The general goals of this thesis are (i) to propose
community assembly models to test the influence of different processes that can affect the presence of a functional optimum,
(ii) to identify specific processes that affect functional optimum by using these models, (iii) to identify globally original
species and study their determinants, (iv) to evaluate the importance of originality in a conservation context. In the first
chapter we propose to community assembly models, the first couples regional and local processes, while the second is more
inspired by population dynamics model. In the second chapter, we identify two processes that affect the presence of a
functional optimum: species habitat saturation and traits not affected by the environment. In the third chapter, we propose
a statistical tool to quantify functional originality and we evaluate the relationships between regional functional originality
and climatic factors. In the fourth chapter, we show that functionally original species are more at threat than other species
and that they face more threats than functionally common species. The thesis shows the importance of taking into account
multiple spatial, temporal and taxonomic scales to characterize functional originality. The diversity of biological models
studied in this thesis (herbs, trees, birds, mammals, and coral reef fishes) underline the conceptual interest of functional
originality in diverse ecological contexts.

keywords: biogeography, community assembly, scales of diversity, functional traits
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