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CHAPITRE 1

Introduction Générale

L’écologie est une science multidisciplinaire, qui a subi des développements rapides au
cours des dernieres décennies et dont le but est de comprendre la contribution relative
des facteurs biotiques et abiotiques sur la dynamique spatio-temporelle de la biodiversité
(REECE et al., 2012). Ces patrons de biodiversité peuvent s’étudier a des échelles différentes,
qui peuvent étre grandes comme les foréts tropicales ou la mer (CHAPIN et al., 2011), ou
a des échelles plus locales, par exemple le microbiome intestinal (FOSTER et al., 2017).
La biodiversité peut se mesurer a différents niveaux d’organisation allant de l'individu a
I’écosysteme en passant par les especes, les populations ou les communautés. Différentes
méthodes existent pour décrire et comprendre les patrons de biodiversité et ont donné
lieu a la création de nouvelles sous-disciplines comme 1’écologie expérimentale, 1’écologie

des communautés ou 1’écologie quantitative.

Les premiers naturalistes qui contribuerent au développement de 1’écologie ont tout
d’abord adopté une approche descriptive en voyageant a travers le monde et en collec-
tant des spécimens végétaux et animaux comme l'on fait LINNAEUS (1789), HUMBOLDT
et BONPLAND (1805), DARWIN (1839) et bien d’autres encore. Pendant leurs voyages, ces
pionniers de 1’écologie ont été fascinés par les différences dans le nombre d’especes pou-
vant coexister dans différentes parties de globe. Ces patrons de diversité observés ont
généré un ensemble de questions macroécologiques auxquelles il était difficile de répondre
a cause du manque de données a 1’échelle du globe et de moyens de les analyser. Ainsi,
bien que des hypotheses furent développées rapidement pour expliquer les variations de
biodiversité observée, ces dernieres étaient difficilement testables. Pendant longtemps, les
écologues ne purent s’intéresser qu’a des échelles spatiales et temporelles restreintes et
tester des hypotheses sur les patrons de distribution des espeéces a des échelles locales.

Grace aux développements technologiques permettant de collecter toujours plus de don-
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nées a des résolutions toujours plus fines et a des échelles spatio-temporelles toujours plus
importantes, par exemple avec les apports de la télédétection ou les développements de la
biologie moléculaire (EDGAR et al., 2016) et 'apport d’outils numériques et de modélisa-
tion (LEGENDRE & LEGENDRE, 2012 ; GUISAN et al., 2017), les chercheurs ont pu développer
de nouvelles hypotheses et théories pour expliquer les patrons de diversité observée sur
notre planete (voir par exemple HUBBELL (2001), VELLEND (2017) ou bien encore LEIBOLD
et CHASE (2018)).

Cette these s’inscrit dans un des sous-domaines de 1’écologie qui est celle de 1’écologie
des communautés. L’écologie des communautés s’intéresse aux communautés, c¢’est-a-dire
aux especes vivant interagissant entre elles de maniere directe ou indirecte, méme endroit
et au méme moment (VELLEND, 2017). Ce champ de recherche vise a identifier les regles
générales qui régissent les patrons de diversité, I’'abondance et la composition en especes

des communautés (VELLEND, 2010).

Lors de I'émergence de ce champ disciplinaire, les chercheurs se sont intéressés tout
d’abord a étudier les regles d’assemblage des especes autour du prisme des interactions bio-
tiques et particulierement trophiques ou bien en se concentrant sur les facteurs abiotiques
et les gradients environnementaux (WHITTAKER, 1975). Ces études se firent tout d’abord
sur des échelles spatiales limitées (WHITTAKER, 1960). A I'ére du numérique, la collecte
massive de données a de plus grandes échelles spatiales et 'application des outils de 1’éco-
logie quantitative nous permettent de mieux prendre en compte I'importance relative de
ces différents facteurs (GasTon, 2000). Dans le cadre de cette these, et en m’appuyant sur
des jeux de données collectées a plus ou moins larges échelles spatiales et temporelles, je
vais essayer de comprendre en appliquant certains des outils, des techniques et méthodes
de I'écologie quantitative, comment les habitats benthiques biogéniques structurent la di-
versité des communautés des écosystemes marins cotiers et comment ils répondent face
aux changements environnementaux et anthropiques, afin de mieux appréhender le futur

des écosystemes marins cotiers face aux changements globaux.
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1.1. Ecosystémes Céotiers

1.1 Ecosystémes Cotiers

1.1.1 Ecosystémes Cotiers : Biodiversité et Enjeux Humains

A la croisée des milieux terrestres et marins, les écosystémes cotiers sont des écosystémes
abritant une grande biodiversité (McLEAN et al., 2001). Cette biodiversité est supportée
par la variété d’habitats que comprennent les écosystémes cotiers (Fig. 1.1). Coté terre,
on trouve des zones urbaines, industrielles, mais également des espaces naturels comme
les falaises ou les dunes (BURKE et al., 2000). Coté mer, ces écosystemes comprennent des
milieux intertidaux tels que les plages, les estuaires et les lagons, ainsi que des milieux
subtidaux comme les foréts de laminaires ou les récifs coralliens (BURKE et al., 2000), qui
sont parmi les milieux abritant une des plus grandes biodiversités et productivités au

monde (WERNBERG et al., 2023).

\

M. S S

Marine foundation species

Salt marsh I Mangrove forest I Seagrass meadow I Bivalve reef I Coral reef I Kelp forest

Voo

Figure 1.1 — Illustration du continuum terre-mer et des différents habitats marins qu’abritent les
écosystémes cotiers. De gauche a droite : Pré salé, Mangrove, Herbier marin, Récif de bivalves,
Récif corallien, Forét de laminaires. Illustration WERNBERG et al. (2023)

Parallelement a leur importance écologique, les régions cotieres jouent un role crucial
dans la dynamique des populations humaines. En effet, 65% des mégalopoles de la pla-
nete sont situées sur les cotes (BLACKBURN et al., 2019). Actuellement, prés de 40% de
la population, soit 2,8 milliards d’individus, vivent dans un rayon de 100 km autour des
cotes (MAUL & DUEDALL, 2019). Si ce pourcentage devrait rester stable jusqu’en 2035, la
population cotiere devrait néanmoins augmenter de 355 millions d’habitants au cours des
quinze prochaines années (MAUL & DUEDALL, 2019). Cette concentration démographique
illustre I'importance cruciale des zones cotieres pour le développement socio-économique
dans les décennies a venir, mais cette concentration démographique implique également

des pressions importantes sur les écosystémes cotiers.
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En somme, les écosystemes cotiers, en plus d’étre d’'une forte richesse écologique, sont
au cceur d’enjeux démographiques et socio-économiques. Leur préservation et leur gestion
durable sont essentielles, non seulement au regard de la biodiversité qu’ils abritent, mais

aussi pour 'avenir des populations humaines qui en dépendent.

1.1.2 Contribution des Ecosystémes Cotiers aux Services Ecosystémiques

Notre planete est recouverte a 71% par les océans; or les zones coticres définies par la
limite du plateau continental ne représentent qu’environ 9% de la superficie des océans
(HARRIS et al., 2014). Cependant, cette zone abriterait y abriterait selon les estimations,
pres de 91 % de la biodiversité (CosTELLO & CHAUDHARY, 2017). Cette forte biodiversité
soutient un éventail de services écosystémiques essentiels aux populations humaines. Ces
services peuvent étre classés en différentes catégories : les services de régulation, les services

d’approvisionnement et les services culturels (REID et al. (2005) ; Fig. 1.2).

Les services d’approvisionnement sont les plus simples a définir. Ce sont les services éco-
systémiques qui fournissent des ressources a 1’étre humain comme de la nourriture ou bien
des matériaux. Par exemple, les petites pécheries cotieres capturent environ 25 millions de
tonnes de poissons par an (COCHRANE et al., 2023) et 90% des espeéces ciblées par la péche
(FAO, 2022). De méme, les pécheries de crustacés et de coquillages ainsi que leurs élevages
représentent des secteurs commerciaux importants avec respectivement, pres de 17 mil-
lions et 24 millions de tonnes (FAO, 2022). Les écosystemes cotiers constituent également
un réservoir important en termes de ressources médicinales. De nombreux organismes tels
que les algues, oursins ou hippocampes entrent dans la composition de médicament : par
exemple, dans celle de nombreuses médecines traditionnelles (KUMARAVEL et al., 2012;
THURSTAN et al., 2018; SIBIYA et al., 2021), mais également en médecine moderne avec
par exemple l'isolement de composés anticancéreux (SCHWARTSMANN et al., 2001), antivi-
raux (YASUHARA-BELL & Lu, 2010), antibiotiques (BENOIST et al., 2020) ou antidouleurs
(MILJANICH, 2004).

Les écosystémes marins cotiers offrent un nombre de services immatériels, souvent en-
capsulés dans la terminologie des services culturels, qui englobent une gamme diversifiée
de bénéfices que 'humanité tire directement ou indirectement de ces écosystemes. L’un des
aspects les plus manifestes réside dans I’esthétisme des paysages marins, qui inspirent l'art,

la littérature et d’autres expressions culturelles (GHERMANDI et al., 2010). Parallelement,
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la biodiversité et la beauté naturelle de ces régions stimulent des activités récréationnelles
et constituent un moteur essentiel du tourisme cotier. Les écosysteémes cotiers sont aussi
au centre des cultures et des spiritualités qu’entretiennent les populations cotieres avec
leur environnement marin. En effet, pour de nombreuses populations, la mer n’est pas
simplement un élément géographique, mais un pilier de leur patrimoine culturel et de leur

histoire collective (GHERMANDI et al., 2010).

Les services de régulation sont eux moins visibles, puisqu’ils rassemblent tous les pro-
cessus qui permettent de maintenir notre environnement dans des conditions stables. Par
exemple, les écosystemes cotiers participent a la régulation de la qualité de 'eau, en pié-
geant des polluants dans les écosystémes estuariens (BARBIER et al., 2011) ou en protégeant
le trait de cote des vagues et de ’érosion a ’aide des récifs coralliens, des prés-salés ou bien
des foréts de mangroves (BARBIER et al., 2011; HARRIS et al., 2018). Les herbiers marins
et les foréts de laminaires offrent également d’autres services en permettant notamment
de moduler les effets du changement climatique global en agissant comme des puits de

carbones (FOURQUREAN et al., 2012 ; FILBEE-DEXTER & WERNBERG, 2018).

La valeur économique des services produits par les écosystemes est toutefois dépendante
de leur état de santé (SUTTON et al., 2016). Or plus de 75% des écosystémes terrestres et
66% des écosystemes marins sont dégradés (IPBES, 2019). Cette dégradation conduit &
une réduction drastique de la capacité des écosystemes a fournir des services essentiels et a
soutenir les activités économiques qui en dépendent (IPBES, 2019). Ainsi, la préservation
et la restauration des écosystemes deviennent non seulement un impératif écologique et
économique, mais sont aussi essentielles pour le bien-étre et la santé des populations
humaines. Assurer leur durabilité est primordial pour garantir la pérennité des bénéfices

socio-économiques qu’ils procurent a I’humanité (IPBES, 2019).

1.1.3 Les Ecosystémes Cotiers face aux Pressions Anthropiques

Le role majeur de I’espéce humaine dans la transformation de notre planéte n’est mainte-
nant plus a démontrer. Notre impact est tellement significatif que les géologues proposent
de désigner notre époque actuelle comme I’Anthropocene (SUBRAMANIAN, 2019). Ce nouvel
age géologique est symbolisé par la libération massive de CO, dans 'atmosphere. Plus de
555 milliards de tonnes depuis la premiere révolution industrielle ont été relachées (LEWIS

& MASLIN, 2015), entrainant un changement climatique global (CALVIN et al., 2023). Face a
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Figure 1.2 — Illustration de services écosystémiques fournis par les océans. a. Cueillette de
Laminaria digitata en mer d’Iroise. b. Cérémonie du Paddle-out. c. Forét de laminaires et de
fucoides contribuant da différents services de régulation. © Image : a. Agrocean. b. Tyler Rock,
Freesurf Magazine. c. John Turnbull

ce bouleversement, la biosphere, et notamment les écosystémes cotiers, se retrouve gran-
dement perturbée. Les modifications que nous observons aujourd’hui, liées aux activités
humaines (CALVIN et al., 2023), peuvent étre classées en deux types d’impacts : directs et

indirects.

La plupart des pressions exercées sur les écosystemes cotiers découlent de 'augmenta-
tion de la densité de population cotiere. La densification de la population humaine le long
des cotes entraine de nombreuses perturbations, par exemple des ruissellements urbains
qui sont source de différentes pollutions que ce soit aux métaux lourds ou en polluants
organiques ou plastiques (TopD et al., 2019). A ces pollutions facilement identifiables
s’ajoutent celles liées au bruit ou a la lumiere (ToDD et al., 2019). Ces dernieres peuvent
modifier le comportement de nombreuses especes (ToDpD et al., 2019) et entrainer des

modifications plus ou moins profondes des communautés. Par exemple, les efflorescences
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d’algues causées par 1’eutrophisation peuvent entrainer la mort de nombreux organismes
comme des poissons, crustacés ou bien mollusques (ToDD et al., 2019). Ces efflorescences
ont également un fort impact économique sur les zones littorales souvent lié entre autres
a une diminution de 'activité touristique, a des impacts sur la santé humaine et sur les

pécheries (DOBRICIC et al., 2016).

L’accroissement des activités humaines liées a l'usage de ’espace cotier entraine égale-
ment d’autres menaces, par exemple la prolifération d’especes non indigenes envahissantes,
souvent introduites par des navires en transit dans différents ports (HARDIMAN & BURGIN,
2010). Attachées aux coques des navires, ou contenue dans l’eau des ballastes de plus
gros navires, des especes non indigenes animales comme végétales ainsi que de nouveau
pathogenes peuvent étre introduits dans de nouvelles zones géographiques (HARDIMAN &
BURGIN, 2010).

D’autres impacts anthropiques directs viennent de l’exploitation des ressources des
espaces maritimes cotiers. Ainsi, les ressources halieutiques sont largement exploitées :
preés de 65% des espéces commerciales sont exploitées a leur niveau maximal alors que
35% des espeéces sont surexploitées (FAO, 2022). L’extraction d’autres ressources comme
le sable, utilisé pour la construction et extrait via des opérations de dragage, impacte
également fortement les écosystemes cotiers, en particulier les écosystémes benthiques
(BoyD et al., 2003; BoYD et al., 2005; ERFTEMELJER & ROBIN LEwIs, 2006). Au-dela de
ces impacts directs, les opérations de dragage peuvent modifier la bathymétrie et les
courants (BRrAy, 2008), remettent en suspensions des sédiments dans la colonne d’eau (@
ERFTEMEIJER & ROBIN LEWIS, 2006), et relarguent un certain nombre de polluants (FiLHO
et al., 2004).

L’impact anthropique indirect sur les écosystemes est, quant a lui, principalement di
au changement climatique global, 1ié aux émissions de gaz a effet de serre (CO5 et CHy en
particulier), avec un réchauffement de I'océan compris entre 0.68 et 1.01 °C depuis ’ére
préindustrielle (Fox-KEMPER et al., 2021). Conjointement avec I'augmentation globale des
températures moyennes de l'eau de surface, on observe une augmentation en fréquence,
en durée et en intensité d’événements climatiques marins extrémes, tels que les vagues de
chaleur marine (OLIVER et al., 2018) ou les tempétes. Ces vagues de chaleur sont I’équivalent
des canicules terrestres et se produisent tant en zones tempérées que tropicales (HoBDAY

et al. (2016) ; Fig. 1.3). Elles ont, par exemple, entrainé des vagues de blanchissement des
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coraux et une augmentation de leur mortalité autour de Moorea en 2019 (WYATT et al.,
2023) ou encore la disparition de foréts de laminaires le long de la cote ouest-australienne
(WERNBERG et al., 2016). Les prédictions du GIEC font état d’une augmentation de 4 a
8 fois de la fréquence des vagues de chaleur en fonction des scénarios de réduction des
émissions de gaz a effet de serre (Fox-KEMPER et al., 2021). Ainsi I'impact de ces canicules
marines sur les écosystémes marins devrait augmenter dans les années a venir (OLIVER
et al., 2018 ; SMITH et al., 2023).

a.

17 June 2023 =
ER

MER THAN AVERAGE

1971-2000 base

Figure 1.3 — Anomalies de températures et vagues de chaleurs extrémes identifiées au large
des cotes dans l'est de I’Atlantique le 17 juin 2023. a. Anomalies de températures de surface
supérieure a 2°C dans 'ensemble de I’Atlantique Est avec localement des anomalies comprises
en +4 et +6°C au large des cotes irlandaises. b. Catégorisation des vagues de chaleur dans
l’Atlantique Est, avec des vagues de chaleur allant du niveau 1 “vague de chaleur modérée” (i.e
golfe de Gascogne) jusqu’au niveau 5 “au-dela de Uextréme” au large de I'Irlande. © Infographie :
Scott DUNCAN (2023)

Les activités anthropiques ont également induit des perturbations considérables dans
la chimie des océans. Les bassins océaniques agissent comme des puits de carbone en
transformant le CO, en acide carbonique via le processus de dissolution. Cette dissolution
entraine une réduction du pH marin (CANADELL et al., 2021). Depuis I’ére préindustrielle,
on note une diminution du pH océanique, oscillant initialement au-dessus de 8.1 pour
se rapprocher de 8 actuellement soit une acidification de 21% (CANADELL et al., 2021).
Cette acidification a des répercussions notables sur les écosystemes cotiers. Notamment,

elle affecte la capacité des organismes tels que les algues coralligenes, les coraux et les
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bivalves a synthétiser leurs structures calcaires (CHAN & CONNOLLY, 2013 ; KUFFNER et al.,
2008 ; ZHAO et al., 2017). La modification de la composition chimique des océans peut se
traduire également par une diminution de la concentration en oxygene (SCHMIDTKO et al.,
2017 ; BREITBURG et al., 2018). Les zones hypoxiques ont des conséquences majeures pour
les organismes cotiers : une teneur en oxygene plus faible compromet la croissance et les
fonctions reproductives des organismes les moins tolérants avec des conséquences sur les

communautés et le fonctionnement des écosystemes (LIMBURG et al., 2020).

Les écosystemes cotiers subissent une augmentation constante de ces multiples pressions
(IPBES, 2019). Ces pressions operent a différentes échelles spatiales et temporelles et
génerent des effets complexes souvent cumulatifs, ce qui complique la compréhension et
surtout la prédiction de leurs impacts. L’évolution récente des écosystémes terrestres et
marins (CARMONA et al., 2021), dans le contexte du changement climatique global, met en
lumiere la nécessité de mise en place de mesures de préservation et de stratégies de gestion
durable. Sans interventions, ces écosystemes pourraient atteindre un seuil de dégradation
au-dela duquel leur restauration deviendrait trés limitée, voire impossible (PALMER &

STEWART, 2020).

Les perturbations subies par les écosystemes affectent directement les communautés
d’especes qu’ils abritent. Pour appréhender pleinement les conséquences de ces change-
ments sur la structure et le fonctionnement des écosystemes cotiers, il est essentiel de saisir
comment les communautés y maintiennent leur équilibre. La section suivante se penchera
sur I’écologie des communautés, mettant en lumiere 'importance des especes animales et
végétales pour la résilience des écosystemes cotiers face aux pressions environnementales

et anthropiques.

1.2 Ecologie des Communautés

1.2.1 Mesurer et Interpréter la Diversité des Espéces dans une Com-
munauté

Les communautés écologiques, définies comme 1’ensemble des espeéces coexistant dans

une zone géographique spécifique, sont caractérisées par leur diversité spécifique et I’'abon-

dance respective de chaque espece (VELLEND, 2010). Au niveau local, la diversité d’une

communauté, appelée diversité o (WHITTAKER, 1960), se reflete par exemple, dans le
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nombre d’especes présentes (c.-a-d. la richesse spécifique). Lors de la comparaison des
communautés entre plusieurs sites, c¢’est-a-dire en évaluant la variabilité des communau-
tés en termes de composition et de structure (par exemple, les patrons de dominance en
termes d’abondance), les chercheurs évaluent la diversité § (WHITTAKER, 1972). Une faible
diversité [ signifie que les sites ont des communautés similaires, tandis qu'une valeur éle-
vée indique des différences marquées entre les communautés. Etudier la diversité  est une
maniere pour les chercheurs d’appréhender les changements environnementaux en cours,
car ces changements n’affectent pas nécessairement le nombre d’especes présentes dans
une zone de maniere consistante. En revanche, les effets de ces changements sont visibles

a toutes les échelles via la composition des communautés (DORNELAS et al., 2023).

Mesurer la diversité spécifique, ne permet pas d’appréhender I’ensemble des facettes de
la biodiversité. La biodiversité est caractérisée par une multitude de facettes différentes,
dont la diversité des lignées évolutives (c.-a-d. diversité phylogénétique), ou bien la diver-
sité des traits fonctionnels des especes (c.-a-d. diversité fonctionnelle) (BAGOUSSE-PINGUET
et al., 2019). La diversité fonctionnelle est un aspect important de la biodiversité a mesurer,
puisque I’étude des variations de cet aspect de la biodiversité permet de mieux comprendre
I'effet des perturbations sur le fonctionnement global des écosystemes (MOUILLOT et al.,
2013).

L’écologie des communautés, champ disciplinaire dans lequel s’inscrivent ces travaux
de these, vise donc a comprendre les facteurs régissant la diversité des communautés, tout
en cherchant a en établir des principes universels. Ainsi, pour comprendre ces facteurs,
il est important de décrire les changements de biodiversité a différentes échelles spatiales
et temporelles, et via différentes méthodes pour comprendre la biodiversité (DORNELAS
et al., 2023).

1.2.2 La niche écologique : un cadre explicatif de la diversité des com-

munautés

Alors que les mesures de diversité offrent des indications précieuses sur la variabilité et
la similarité des communautés d’un écosysteme, elles ne fournissent pas, a elles seules, un
cadre explicatif des mécanismes sous-jacents. Pour comprendre les facteurs qui fagonnent
ces patrons de diversité, il est essentiel de se tourner vers la théorie des niches. Cette

derniére nous offre des outils et des perspectives pour appréhender les roles écologiques et
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les besoins environnementaux des especes, permettant ainsi d’expliquer les raisons pour

lesquelles certaines especes coexistent tandis que d’autres sont exclues.

Joseph Grinnell dans son article fondateur a décrit le concept de niche écologique
(GRINNELL, 1917). La niche écologique grinnellienne peut étre définie comme ’ensemble des
conditions environnementales qui permettent aux especes de persister et de se reproduire
(GRINNELL, 1917). Quelques années plus tard, Elton étendit le concept de Grinnell en dé-
finissant la niche écologique comme “la place d’un animal dans I’environnement abiotique
et sa relation aux sources de nourriture et a ses ennemies” (ELTON, 1927). Aujourd hui,
la définition de niche écologique la plus utilisée en écologie moderne est la définition de
Hutchinson qui décrit la niche écologique comme un systéme de coordonnées qui per-
mettent de décrire un hypervolume a n-dimension (HuTcHINSON (1957); Fig. 1.4). Cet
espace multidimensionnel compte une dimension pour chaque ressource utilisée par 1’es-
pece en question, ainsi qu'une dimension supplémentaire pour chaque espece interagissant
avec elle (HuTcHINSON, 1957). Hutchinson décrivit plus précisément deux types de niches :
la niche fondamentale, I'hypervolume qui décrit ’ensemble des conditions favorables dans
lesquelles une espece peut exister, et la niche réalisée, qui est un sous-ensemble de la niche
fondamentale contrainte par les interactions biotiques et la disponibilité environnementale
(p. ex. contrainte de dispersion). La niche réalisée, accessible aux écologues par le biais de
mesures in situ, est souvent percue comme tronquée, car les complexités inhérentes a la
mesure exhaustive de toutes les dimensions de la niche sur le terrain est difficle (Fig. 1.4;
CHEVALIER et al. (2022)).

Le concept de niche est utile aux écologues, car il permet de mesurer un optimum
écologique (c.-a-d. les conditions ou la fitness de 1’espece est maximal), d’estimer la largeur
de la niche (c.-a-d. 'ensemble des conditions environnementales dans lesquelles une espéce
peut étre trouvée), de mesurer le chevauchement des niches de deux especes (c.-a~d. dans
quelle mesure deux especes peuvent étre trouvées dans des conditions similaires) (CHASE
& LEIBOLD, 2003).

Ainsi, la théorie des niches avance I'idée que la coexistence de nombreuses especes en un
lieu spécifique résulte du fait que ces especes occupent des niches écologiques distinctes,
présentant ainsi un faible chevauchement. Ce constat conduit a une diversité « élevée
pour ce site. En ce qui concerne la diversité 3, lorsque deux sites possedent des conditions

environnementales semblables et que les niches disponibles sont comparables entre elles,
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Niche Fondamentale

Condition 2

Niche Réalisée

Niche Réalisée Observée

v

Condition 1

Figure 1.4 — Niche écologique d’une espéce marine virtuelle n'utilisant que trois facteurs envi-
ronnementaus ou TeSSouTces.

la diversité « sera faible. A 'opposé, si les conditions environnementales different entre
les deux sites, la diversification potentielle des niches entre ces habitats pourrait entrainer

une diversité 5 élevée.

1.2.3 Influence des Espéces Ingénieures sur la Structure des Commu-

nautés

Au sein d’'une communauté, toutes les especes qui la composent n’ont pas la méme
influence sur sa structure et ses fonctions. Parmi I'ensemble des especes qui ont un role
particulier pour structurer la communauté, il est important dans le cadre de cette these
de mentionner les especes ingénieures. Une espece ingénieure est une espece qui de par ses
structures, sa présence ou son comportement modifie la structure et le fonctionnement de
son habitat (JONES et al., 1994).

Il existe plusieurs catégories d’especes ingénieures. Parmi ces catégories, il est possible
de distinguer les especes fondatrices (DAYTON, 1972) qui jouent un role crucial dans la

structuration des communautés, car leurs fortes abondances ou biomasses vont modifier
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profondément ’environnement (ELLISON, 2019). Leur importance est d’autant plus mar-
quée lorsque 1’'on reconnait que bon nombre d’especes fondatrices sont responsables de la
création d’habitats biogéniques (THOMSEN et al., 2010; THOMSEN et al., 2018). Ces habi-
tats biogéniques, issus de la production biologique des organismes vivants, ouvrent dans
I’environnement de nouvelles niches écologiques, en modifiant les ressources disponibles,
influencant les flux de matiere et d’énergie, et peuvent abriter une multitude d’autres or-
ganismes, induisant ainsi une augmentation de la biodiversité locale (BRUNO et al., 2003 ;
SUNDAY et al., 2017 ; ROMERO et al., 2015).

En somme, les habitats biogéniques et les especes qui les forment jouent un role clé
dans la réponse présente et future des écosystemes marins cotiers face aux changements
globaux et impacts anthropiques (SUNDAY et al., 2017 ; HARLEY et al., 2006 ; BULLERI et al.,
2018). Leur étude est donc critique d’un point de vue de la gestion et de la préservation des
écosystemes, mais elle permet aussi de répondre a des questions d’écologie fondamentale.
Mieux comprendre le fonctionnement et la réponse de ces habitats peut ainsi fournir des
éclairages quant aux processus qui promeuvent la biodiversité (ROMERO et al., 2015), aux
mécanismes de rétroaction qui stabilisent les écosystemes (THOMSEN et al., 2010), ainsi que

sur les liens entre biodiversité et fonctionnement des écosystemes (HASTINGS et al., 2007).

1.2.4 La Disparition des Habitats Biogéniques

Les habitats biogéniques jouent un réle essentiel dans la génération et le maintien de
la biodiversité et peuvent également servir de sentinelles face aux changements environ-
nementaux (Roca et al., 2016; NUGUES & ROBERTS, 2003 ; FREDERICQ et al., 2019). Leur
sensibilité a une multitude de pressions, qu’elles soient d’origine anthropique ou naturelle,
en fait des indicateurs des changements environnementaux. Par exemple, un déclin ob-
servé dans un herbier marin peut signaler une dégradation de la qualité des eaux (Roca
et al., 2016). De la méme maniere, les coraux, avec leur sensibilité au stress thermique, sont
des témoins des effets du changement climatique (HOEGH-GULDBERG, 1999). Ainsi, la sur-
veillance de I’état de santé de ces habitats biogéniques peut nous fournir des informations

vitales sur les changements plus larges qui se produisent dans I'écosysteme.

Les habitats biogéniques sont de plus en plus menacés par les activités humaines
(WERNBERG et al., 2023). En quarante ans, la grande barriéere de corail, le plus grand

récif corallien au monde, a perdu pres de la moitié de sa superficie (HUGHES et al., 2015)
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et les herbiers marins ont perdu dans le méme temps plus de 30% de leur superficie mon-
diale (WAYCOTT et al., 2009 ; DUNIC et al., 2021). Les causes de la diminution de superficie
de ces habitats biogéniques sont multifactorielles et reposent sur ’ensemble des pressions
directes et indirectes décrites précédemment. Dans les chapitres suivants, les termes eco-

sytem engineer, biogenic habitat et foundation species sont ainsi utilisés indistinctement.

Cependant, cette disparition n’est pas immédiate, les habitats peuvent passer par plu-
sieurs stades de dégradation différents appelés dans la suite de cette these “état d’habitat”.
Par exemple, DONOVAN et al. (2018) identifie 5 états d’habitats de récifs coralliens avec
des degrés de biomasse de poissons, de couverture en corail et de macroalgues différentes
témoignant de différents degrés de dégradation (c.-a-d. un état non dégradé, trois états

de transitions et un état dégradé).

Les conséquences de la dégradation et de la disparition des habitats biogéniques sont
difficiles a anticiper du fait de leur importance au sein des écosystemes. La perte de ces
habitats entraine une cascade d’événements dans 1’écosysteme. Sans ces habitats pour
servir de zones de frayere, de nourriture et de protection, de nombreuses especes se re-
trouvent vulnérables (p. ex. HUGHES et al. (2009)). Le déclin des habitats biogéniques
est ainsi devenu 'un des principaux moteurs du déclin de la biodiversité (IPBES, 2019),
bousculant la stabilité des écosystémes tout entiers. Ainsi, I’étude des habitats biogéniques
offre également des perspectives intéressantes pour le développement de programmes pour
sauvegarder les écosystemes marins (LOH et al., 2019). Il est donc important de mieux com-
prendre leur écologie et les impacts qu’ils ont sur leurs communautés associées, ainsi que
de caractériser leurs états et leurs distributions a ’échelle globale. Caractériser leurs états
et leurs distributions présents et futurs nécessite entre autres de développer des outils
pour prédire les changements d’état que subissent ou risque de subir ces habitats face aux
changements environnementaux (WERNBERG et al., 2023). Cela nécessite notamment de
comprendre les dynamiques complexes que peuvent montrer ces écosystemes face a des

pressions multiples et variées (NYSTROM et al., 2012).

1.2.5 Dynamique des Ecosystémes : Résistance, Résilience et Change-

ment de Régime

Les communautés écologiques sont des systemes dynamiques, continuellement influencés

par une multitude de perturbations. Ces dernieres peuvent étre qualifiées de “pulse”’quand
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ponctuelles sur de courtes durées, ou de “press” quand leurs impacts se font ressentir sur
une période plus longue (BENDER et al., 1984 ; Ryo et al., 2019). Leur amplitude peut varier
(JENTSCH & WHITE, 2019), entrainant des impacts soit progressifs, soit soudains sur les

écosystemes et leurs communautés (Fig. 1.5; SPAKE et al. (2022)).

a Linéaire b Seuil sans hystérésis ¢ Réponse unimodale  d Seuil avec hystérésis

A A A A

Etat d’écosystéme

Pression

Figure 1.5 — Différentes réponses qu’un écosystéme peut présenter face a des pressions. Chaque
courbe représente ’ensemble des points d’équilibre potentiel d’un écosysteme. Si ces graphes
permettent de développer des visions théoriques des dynamiques écologiques, ils sous-entendent
une simplification de la nature intrinséquement changeante des écosystémes. a. Réponse linéaire
b. Réponse avec seuil sans hystérésis c. Réponse unimodale d. Réponse avec seuil et hystérésis.
Dans ce cas, les courbes en pointillés refletent des points d’équilibre instable. Extrait de SPAKE
et al. (2022)

Face a ces perturbations, les communautés manifestent des propriétés de résistance et
de résilience (Fig. 1.6). La résistance caractérise la capacité d’un systeéme a maintenir sa
structure et son fonctionnement en présence de perturbations. Par exemple, dans les éco-
systemes marins, les mangroves démontrent une forte résistance aux tempétes tropicales
grace a leur systeme racinaire complexe (KAzeMI et al., 2018). La résilience, en revanche,
fait référence a la capacité d'un systéme a retourner a son état antérieur (supposément
a Iéquilibre) suite a une perturbation. Il convient de noter que différents écosystemes,
en fonction de la composition de leurs communautés et de leurs propriétés intrinseques,

manifestent des réponses variées aux perturbations.

Dans les cas ou les pressions environnementales dépassent un certain seuil, les éco-
systemes peuvent subir des changements de régime écologiques (SCHEFFER et al., 2001),
passant a un nouvel état écologique persistant, souvent considéré comme moins favo-
rable (NYSTROM et al., 2012; ROCHA et al., 2015). Ces transitions peuvent étre linéaires
ou non-linéaires (SCHEFFER et al., 2015), et peuvent présenter des seuils au-dela desquels

la restauration a I’état initial est ardue, voire impossible (c.-a-d. phénomeéne d’hystéré-
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Figure 1.6 — Schéma décrivant la réponse théorique d’un écosystéme da une pression. a. L’écosys-
teme présente une forte résistance a la pression subite. b. L’écosystéme présente une résistance
moyenne d la pression, mais une forte résilience. c. L’écosystéme présente a la fois une faible

résistance et résilience

sis, Fig. 1.5 d; MARZLOFF et al. (2016); JOHNSON et al. (2017); ROCHA et al. (2018)). Ces
changements de régime ont été observés dans de nombreux écosystemes : de la forét a la
savane (STAVER et al., 2011), de la toundra aux foréts boréales (SCHEFFER et al., 2012), des
récifs coralliens aux récifs dominés par les macroalgues (McMANUS & POLSENBERG, 2004),

ou bien encore l'effondrement des pécheries (GARDMARK et al., 2015).

Comprendre les mécanismes sous-jacents a ces changements de régime est essentiel pour
élaborer des stratégies de gestion et de conservation efficaces. En raison de la complexité
et de 'interconnectivité des facteurs impliqués, la prédiction et la prévention de ces chan-

gements restent des défis considérables pour la recherche écologique contemporaine.

1.3 De I’Observation In Situ a la Modélisation

Une premiere approche pour étudier les mécanismes sous-jacents aux changements de

biodiversité réside dans ’expérimentation in situ ou en mésocosmes. Ces approches sont
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particulierement utilisées en écologie pour décrire des systemes simplifiés a des échelles
spatio-temporelles réduites et composées de quelques especes (WITMAN et al., 2015). Ainsi,
ces approches expérimentales ignorent généralement les processus a plus larges échelles et
les processus régionaux qui régissent les patrons de biodiversités et biaisent notre compré-
hension des phénomenes écologiques menant aux communautés observées (LEIBOLD et al.,
2017). Augmenter les échelles des expérimentations serait donc une solution a ce probleme,
mais effectuer des manipulations expérimentales pour contréler la biodiversité a 1’échelle
de systemes plus complexes (p. ex. a ’échelle d'un écosysteme ou d’un biome) est tout

simplement irréalisable (PETERSEN et al., 2009).

L’utilisation de la modélisation apparait comme une alternative judicieuse pour sur-
passer ces problemes d’échelles. Au cours du temps, de nombreuses approches de mo-
délisations ont été développées et sont utilisées en écologie (GEARY et al., 2020). Parmi
I’ensemble des approches, certaines nécessitent une description compléte des mécanismes
écologiques en jeu et permettent par exemple d’étudier le comportement d’un écosystéme
sous différents scénarios, d’autres a partir de données parcellaires permettent d’inférer
par exemple les niches environnementales réalisées de diverses especes et enfin, les mo-
deles conceptuels permettent de formaliser ou de développer des cadres théoriques du
fonctionnement des écosystémes avec tres peu de données (voir Fig. 1 dans GEARY et al.
(2020) pour les différents cas d'usage des différents types de modeles et leurs besoins res-
pectifs en données). De par leur diversité, les modeles permettent d’inférer des processus
aux échelles pertinentes pour comprendre les régles qui régissent les patrons de diversités
observés dans les écosystemes (LEIBOLD et al., 2017). Ainsi, dans le contexte global de
I’écologie des communautés, la modélisation est un outil de choix pour mieux comprendre

le fonctionnement des écosystemes dans leur ensemble (EDGAR et al., 2016).

1.3.1 Impacts de la Révolution Digitale sur la Recherche en Ecologique

Les évolutions rapides en écologie et dans d’autres domaines de la recherche, tant d’un
point de vue théorique qu’appliquées, ont été rendues possibles par les développements
grandissant de 1’électronique et de I'informatique. Un des premiers changements techno-
logiques majeurs dans les années 1970 concerne la sortie grand public du microprocesseur
comme 1'Intel 4004 (Fig. 1.7). Les microprocesseurs ont révolutionné le monde de l'in-
formatique puisque pour la premiere fois I’ensemble des composants électroniques d’un

processeur furent miniaturisés pour tenir dans un seul boitier, engendrant un gain de
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place considérable, augmentant la vitesse de calcul et une diminution de la consommation
énergétique. Ce changement technologique a permis la démocratisation de I'informatique
et 'apparition de I'ordinateur personnel, rendant I'informatique plus accessible au monde

universitaire, et notamment aux écologues.

Figure 1.7 — Processeur Intel 4004 commercialisé en 1971. © Photographie : Thomas NGUYEN
(2016)

Dans le méme temps, les développements théoriques (p. ex. théorie des niches (HUTCHINSON,
1957), théorie de la biogéographie insulaire (MACARTHUR & WILSON, 1967), théorie des
communautés écologiques (VELLEND, 2017), théorie des métacommunautés (LEIBOLD &
CHASE, 2018)) ont fait passer progressivement 1’écologie des communautés d’une science
descriptive a une science hypothético-déductive ou différentes hypotheses ont pu étre tes-
tées a I’aide de modeles statistiques, univariées et /ou multivariées (LEGENDRE & LEGENDRE,
2012). Grace a la puissance de calcul apportée par 'essor de I'informatique, de nouvelles
méthodes d’analyses de données ont été mises au point et c’est ainsi qu’en 1979 un ouvrage
en deux tomes regroupant I’ensemble des méthodologies statistiques multidimensionnelles
adaptées aux données écologiques a vu le jour (LEGENDRE & LEGENDRE, 1979b ; LEGENDRE

& LEGENDRE, 1979a).

L’essor de I’électronique et de 'informatique a également permis d’apporter de nou-
veaux outils aux écologues pour I'observation des écosystemes de la planete. Ainsi, depuis
les années 1960 et le début du programme Landsat (WULDER et al., 2019), le nombre
de programmes spatiaux pour l’observation de la Terre a l'aide de satellites, n’a cessé
d’augmenter et il est aujourd’hui possible de dénombrer plusieurs centaines de satellites
d’observation actuellement en orbite (TATEM et al., 2008 ; ANDERSON, 2018). L’essor de l'in-
ternet a la fin des années 1990 a également marqué un nouveau tournant pour les sciences
en général. Ce réseau informatique a permis de connecter les chercheurs du monde entier,
facilitant la collaboration et la diffusion des connaissances dans le monde entier. Un bon

exemple de projet collaboratif a grande échelle concerne les plateformes Global Biodiver-
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sity Information Facility (GBIF) ou Ocean Biodiversity Information System (OBIS), qui
ont pour but de collecter des données sur 'occurrence et la distribution des especes pour
controler 'état de la biodiversité a large échelle. Cet essor du numérique est également
corrélé avec celui des programmes de suivis de la biodiversité a long terme (BUCKLEY
et al., 2021) et des programmes de suivis de sciences participatives tels que eBird (WooD
et al., 2011), “Naturalist (SHEM UNGER & DuMAIs, 2021) ou bien encore le programme Reef
Life Survey (EDGAR & STUART-SMITH, 2014).

L’écologie rentre donc dans le monde du big data, présentant de nouvelles perspec-
tives et problématiques aux chercheurs (FARLEY et al., 2018). Face a cette prolifération de
données, I’écologie des communautés doit désormais adopter des outils numériques sophis-
tiqués issus des sciences des données pour identifier des motifs sous-jacents ou pour tester
de nouvelles hypotheses. Ainsi, il est d’'une importance croissante de former les nouvelles
générations d’écologues aux outils numériques et aux méthodologies de la science des don-
nées. Grace a ces connaissances, ils pourraient faire émerger de nouvelles techniques et de
nouveaux paradigmes pour mieux comprendre et décrire la biodiversité dans le contexte

du changement global.

1.3.2 Des Méthodes d’Ordination aux Modéles de Distribution d’Es-

péces : Une Exploration des Approches Quantitatives en Ecologie

Comme établi précédemment, les communautés se caractérisent par leur dynamisme
intrinseque, rendant leur étude complexe. Face a cette complexité, une panoplie d’outils
numériques et mathématiques a vu le jour. Les sections suivantes fourniront une présen-
tation de certains de ces outils, en particulier ceux utilisés dans cette these, a savoir :
(1) les méthodes d’ordination, essentielles pour déchiffrer les patrons écologiques; (2) les
méthodes de groupements, congues pour détecter des discontinuités au sein de données
écologiques ; enfin (3) les modeles de distribution d’espéces, qui se basent sur la théorie

des niches pour expliquer et prédire la distribution spatiale des espéces.

Ordinations

Les ordinations classiquement utilisées en écologie numérique telles I’ Analyse en Com-
posante Principale (PCA), 1" Analyse de Correspondance (CA) ou le Positionnement mul-

tidimensionnel (MDS) sont des techniques d’analyse multidimensionnelles qui reposent
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sur I'idée de trouver une facon de factoriser la matrice de composition d’especes d’une
certaine fagon en fonction de 'espace des dimensions souhaitées (Euclidien pour la PCA,
Chi-carré pour la CA, et divers selon la fonction de distance appliquée pour la MDS)
pour résumer les informations contenues dans la matrice de communauté (LEGENDRE &

LEGENDRE, 2012 ; UDELL et al., 2015).

De nombreuses avancées ont été faites dans le champ de recherche active qu’est ce-
lui de la réduction de la dimensionnalité des données. De nouvelles méthodes basées sur
les graphes de voisinage (Fig. 1.8) ont vu le jour ces derniéres années comme Isomap
(TENENBAUM et al., 2000), t-SNE (van der MAATEN & HINTON, 2008) ou bien encore UMAP
(MCINNES et al., 2020). Le principe de 'ensemble de ces méthodes est de construire des
graphes dans l’espace multidimensionnel originel des données en connectant les points
“proches” les uns aux autres par des arétes. L’idée générale est de déterminer quels sont
les points (et donc les communautés) qui sont le plus semblables (proches dans 'espace
multidimensionnel) ou dissemblables (éloignés dans ’espace multidimensionnel). Les mé-
thodes basées sur des graphes de voisinage projettent les points dans un espace en plus
faible dimension, tout en cherchant a préserver les relations de voisinage entre les points
décrits par le graphe dans ’espace multidimensionnel. Pendant des années, ces méthodes
numériquement plus gourmandes en ressources et/ou sans package facilement utilisable
étaient rarement utilisées par les écologues. Cependant, ces méthodes commencent a faire
leur apparition dans la boite a outils des écologues des communautés (ROBERTS, 2020 ;
MILOSEVIC et al., 2022).

Méthodes de Groupement en Ecologie

D’une maniere générale, I’étre humain cherche a catégoriser les objets qui le cotoient
afin de mieux les décrire. Avant de les nommer, il nous est nécessaire de les regrouper en
catégories distinctes, qui ne sont rien d’autre que des abstractions utiles a notre appré-
hension du monde. Ainsi, il faut pouvoir développer des définitions, des heuristiques ou
bien encore des méthodes pour identifier des groupes distincts dans un milieu qui, bien

que parfois discret, est généralement continu (LEGENDRE & LEGENDRE, 2012).

L’usage des méthodes de groupement reste tres fréquent en écologie des communau-
tés. Ce type de méthodes permet entre autres de définir des groupes d’especes ayant les
mémes traits (MOUILLOT et al., 2021), ou partageant les mémes patrons spatiaux de distri-

bution (PANG et al., 2023), d’identifier des zones similaires par rapport a leur composition
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Apprentissage d’'une représentation
du graphe dans un espace de
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Calcul d’'une représentation des données
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Figure 1.8 — Schéma du principe de fonctionnement d’une méthode de réduction de dimension
basée sur les graphes de voisinages. a. Calcul d’un graphe de voisinage dans l’espace multidimen-
stonnel originel des données. b. Apprentissage d’une représentation de ce graphe dans un espace
de plus faible dimension. c. Projection des observations dans l’espace en plus faible dimension.
Adapté de MCINNES et al. (2018)

spécifique (LEGENDRE & LEGENDRE, 2012), d’identifier des écorégions dans I'océan global
(SONNEWALD et al., 2020) ou bien encore d’identifier des patrons spatiaux dans des réseaux

écologiques (OHLSSON & EKLOF, 2020).

Parmi les méthodes fréquemment utilisées en écologie, il est possible de citer entre
autres les méthodes hiérarchiques, comme celle de Ward ou du groupement a liens simples
ou complets, et non hiérarchiques comme le k-means (LEGENDRE & LEGENDRE, 2012).
L’avantage de ces méthodes est leur facilité de compréhension. Cependant, le groupement
hiérarchique a liens simples est sensible au bruit contenu dans les données (LEGENDRE &
LEGENDRE, 2012) alors que les autres méthodes ont pour contraintes de n’identifier que

des groupes sphériques.

Pour contourner ces deux problemes, d’autres méthodes ont été développées en sciences

des données. Ces algorithmes de groupement issu d’une famille appelée “Density-Based
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Clustering” imposent une autre contrainte aux groupes a identifier : ces derniers doivent
contenir un certain nombre d’observations avant de pouvoir étre déclarés comme étant
un cluster a part entiere (c’est-a-dire qu’ils doivent étre denses) tout en permettant a
des observations trop éloignées de ces groupes de n’étre assignées a aucun d’entre eux
(observations considérées alors comme bruit ; KRIEGEL et al. (2011)). Ainsi, la contrainte
de la forme des groupes est relaxée tout en permettant de définir des groupes dépourvus
d’observations bruitées. Bien que certaines de ces méthodes aient été développées des la
fin du 20eme siecle (ESTER et al., 1996 ; ANKERST et al., 1999), elles n’ont été utilisées que
tres récemment en écologie dues a leur complexité en colit de calcul et leur difficulté a

paramétrer (voir OHLSSON et EKLOF (2020) et SONNEWALD et al. (2020)).

Modeéles de Distribution d’Espeéces

Les modeles de distribution d’especes sont des outils largement utilisés en écologie pour
comprendre, prédire et cartographier la distribution spatiale d’une espece en fonction des
conditions environnementales (GUISAN & ZIMMERMANN, 2000). Enracinés dans la théorie
des niches, ces modeles reposent sur l'identification des relations entre les occurrences
connues (ou I'abondance) d'une espece et un ensemble de variables environnementales a

ces localités, qui décrivent alors la niche réalisée de ’espece (GUISAN et al., 2017).

Il est possible de classer les modeles de distribution d’especes en deux catégories : les
modeles dits “mécanistiques” et les modeles dits “corrélatifs”. Les modeles “mécanisti-
ques” reposent sur une représentation explicite des mécanismes associés aux variations
de biodiversité (p. ex. augmentation du métabolisme de 'espece en condition de stress)
(KEARNEY et al., 2010), alors que les modeles “corrélatifs” s’appuient sur les corrélations
observées entre 'environnement et les occurrences/abondance des espeéces étudiées sans

mettre en évidence les mécanismes sous-jacents (BRISCOE et al., 2023).

Les modeles mécanistiques modélisent la distribution des especes ou des communau-
tés (HARFOOT et al., 2014), a l'aide d’équations différentielles qui integrent explicitement
les processus physiologiques de réponses aux variations environnementales (KEARNEY &
PORTER, 2009). Cependant, I'une des critiques principales de la modélisation mécanistique
réside dans sa difficulté a étre appliquée pour les especes, communautés ou écosystemes
peu étudiés, du fait de la nécessité de traduire des hypotheses écologiques en équations
(EvANS et al., 2015) et de 'acquisition de données physiologiques sur les especes étudiées
(GANDRA et al., 2015).
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Les modeles corrélatifs quant a eux sont bien plus utilisés en écologie des communau-
tés pour modéliser la distribution des especes (Species Distribution Models ou SDM, en
anglais). Basés sur des modeles statistiques tels que les régressions linéaires, ces modeles
trouvent des relations corrélatives entre les données environnementales et les données
d’occurrence (ou d’abondance) d’une espéce (GUISAN et al., 2017). Toutefois, les relations
observées entre les occurrences et les données environnementales sont souvent non-linéaires
et peuvent étre mieux modélisées grace a des modeles additifs généralisés (GUISAN et al.,
2002), ou a 'aide de modeles de Machine Learning (ELITH et al., 2006). Cette variété d’ap-
proches de modélisation s’est enrichie avec I'apport de nouvelles données qui ont permis
de mieux caractériser la niche écologique des especes en prenant en compte leurs traits
(POLLOCK et al., 2012) ou bien les relations phylogénétiques entre différentes especes (IVES
& HELMUS, 2011). L’ensemble de ces techniques de modélisation ont permis de faire des
progres majeurs en écologie notamment en permettant de mieux comprendre la niche
écologique réalisée des especes, en créant des cartes de distribution d’especes menacées
pour aider a la mise en place de plans de gestion (FRANKLIN, 2013), en prédisant les zones
d’expansion d’especes envahissantes (MAINALI et al., 2015), ou en étudiant les changements
de distribution d’espéces et des patrons de diversités associés selon différents scénarios de

changement climatique (ARAUJO et al., 2019).

Néanmoins, cette approche ne permet pas de modéliser I'ensemble d'une communauté
puisque, en considérant les espéces comme indépendantes les unes des autres, elle ne
prend pas en compte la nature multivariée des données en écologie (WARTON et al., 2015;
OVASKAINEN et al., 2017). Pour pallier a cet écueil, FERRIER et GUISAN (2006) proposerent
plusieurs approches : (1) “grouper, puis prédire”, (2) “prédire puis grouper” et enfin (3)

“prédire et grouper simultanément” (Fig. 1.9).

Pour résumer les différentes approches proposées par FERRIER et GUISAN (2006), la pre-
miere consiste a utiliser des techniques de classification ou d’ordination (voir Sec. 1.3.2)
pour d’abord caractériser différents types de communautés d’especes avant d’ensuite pré-
dire leurs distributions et leurs déterminants. La seconde approche consiste a modéliser
séparément chaque espece de la communauté, puis les prédictions de chaque modele sont
agrégées par des méthodes de classification ou d’ordination. Une variante de cette ap-
proche consiste a modéliser chaque espece indépendamment des autres puis a compiler les
prédictions de ces modeles pour prédire les assemblages d’especes présents, sans considé-

rer les potentielles interactions interspécifiques (stacked-SDM en anglais; POLLOCK et al.
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Figure 1.9 — Stratégies de modélisations de distribution d’espéces. FERRIER et GUISAN (2006)

(2020)). Enfin, la derniére approche propose de prédire toutes les espéces et de les agréger

en une communauté en une seule étape via des approches de modélisation multidimen-

sionnelles, qui prennent en compte les patrons de co-occurence entre especes (WARTON

et al., 2015). Chacune de ces approches présente des forces et des faiblesses différentes

(D’AMEN et al., 2017; POLLOCK et al., 2020 ; NORBERG et al., 2019).
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Ainsi 'approche “prédire et grouper simultanément” est selon FERRIER et GUISAN (2006)
la plus polyvalente, permettant de prédire la distribution de chaque espece individuelle-
ment tout en capturant de maniere adéquate les propriétés macroécologiques des com-
munautés. Plus difficile a mettre en place, cette approche a récemment connu un regain
d’intérét grace au développement de nouvelles approches pour estimer la distribution
jointe de toutes les especes d'une communauté a 1’aide d’outils statistiques accessibles
aux écologues (WARTON et al., 2015; Hui, 2016 ; OVASKAINEN et al., 2017 ; NIKU et al., 2019;
CHIQUET et al., 2021 ; PICHLER et al., 2020). Ces Joint Species Distribution Models (jSDM)
se proposent de modéliser, a I’aide d’une distribution multidimensionnelle (c.-a-d. normale
multivariée), toutes les especes d’une communauté en fonction de différents prédicteurs,
tout en prenant en compte l'effet de prédicteurs potentiels (c.-a-d. non inclus dans le

modele) grace a un systeme de variables latentes (WARTON et al., 2015).

Si cette approche “prédire et grouper simultanément” parait prometteuse, son implémen-
tation n’est pas sans défi (POGGIATO et al., 2021 ; D’AMEN et al., 2017). D’autres approches
méthodologiques ont aussi des atouts qu’il convient d’examiner, notamment lorsqu’il s’agit
de faire le lien avec la gestion des écosysteémes (D’ AMEN et al., 2017 ; POLLOCK et al., 2020).
L’approche “grouper, puis prédire” a par exemple été utilisée pour explorer les détermi-
nants a large échelle des patrons biogéographiques en milieu marin (BELANGER et al., 2012).
Dans ce contexte, cette these s’appuiera sur une diversité de méthodes complémentaires

pour répondre aux objectifs suivants.

1.4 Contexte & Objectifs de cette These

Les habitats biogéniques marins, dont les foréts d’algues, les herbiers marins et les récifs
coralliens, représentent des piliers fondamentaux pour la sauvegarde de la biodiversité ma-
rine et le bon fonctionnement des écosystemes cotiers (IPBES, 2019). Malheureusement,
leur intégrité est mise a mal par une myriade de pressions, qu’elles soient d’origine an-
thropique ou naturelle (IPBES, 2019). Afin de garantir la préservation de la biodiversité
marine et la pérennité des fonctions écologiques essentielles des zones cotieres, une com-
préhension approfondie de ces habitats est impérative. Cette compréhension passe par la
caractérisation des états d’habitats et des facteurs qui régissent leur distribution, mais
aussi par une meilleure description de leur dynamique et des interrelations complexes que

ces habitats biogéniques entretiennent avec la biodiversité qu’ils abritent (Fig. 1.10).
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Figure 1.10 — Schéma illustrant les interactions majeures entre les habitats benthiques, la faune
qui y est associée et les conditions environnementales. Cadre de pensée dans lequel s’inscrit cette
thése. Adapté d’aprés MARZLOFF (2022)

[’ambition premiere de cette these est d’améliorer notre compréhension globale du
fonctionnement des habitats biogéniques cotiers. Elle vise a caractériser le role des habitats
biogéniques et de leurs différents états sur la biodiversité environnante, mais aussi a
éclairer notre vision des transitions potentielles d’habitats au sein des environnements
benthiques cotiers (Fig. 1.10). Pour mener a bien ces objectifs, ce travail de these a été

divisé en trois chapitres qui utilisent deux approches distinctes (Fig. 1.11).

Dans le premier chapitre, j’ai testé 'approche “prédire et grouper simultanément”, via
I'usage de jSDM, pour comprendre les regles d’assemblage d’especes et les patrons de
biodiversité associés a deux habitats caractéristiques des écosystemes benthiques cotiers
de Bretagne. En particulier, 'objectif était de comprendre et prédire les réponses des
communautés de macroinvertébrés associées a ces habitats le long de gradients environ-
nementaux. Pour ce faire, j’ai développé une méthodologie d’évaluation des performances

des différentes prédictions réalisables par un jSDM que j’ai appliquée a un jeu de données
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issu de séries temporelles de huit ans couvrant ’ensemble du littoral breton (rebent.fr).
Grace a cela, j'ai pu identifier les avantages et les limites de différentes structures de
JSDM qui intégrent différentes sources d’information (phylogénie, trait, information sur
la communauté accompagnatrice) quant a leur capacité a expliquer et prédire des patrons

de biodiversité locaux et leur déploiement a large échelle.

Dans les chapitres deux et trois, j’ai testé une approche se basant sur les états d’habi-
tats biogéniques comme proxy pour étudier la biodiversité, dans une démarche “grouper
puis, prédire”. Dans le second chapitre, j’ai ainsi cherché a créer une typologie d’habitats
benthiques biogéniques en me basant sur des données de couverture d’habitats, collectées
grace & un programme de sciences participatives déployé a 1'échelle du globe (reeflifesur-
vey.com). J’ai développé une nouvelle méthodologie de Machine Learning pour classifier
ces données d’observation en alliant une méthode de réduction de dimensions basée sur
les graphes de voisinage et un algorithme de groupement basé sur la densité. A T'aide
d’outils d’interprétation de modeles de Machine Learning, j’ai pu comprendre quelle était
la composition de ces types d’habitats, étudier leur distribution spatiale et temporelle et

leur diversité a 1’échelle globale.

Dans le troisieme chapitre, j’ai qualifié les niches environnementales des états d’habitats
biogéniques découverts dans le chapitre précédent par une approche de modeles de dis-
tribution d’especes. J’ai identifié I'influence relative de différentes pressions anthropiques
et variables environnementales sur la distribution de ces états d’habitats. Les résultats de
ces travaux ont montré que plusieurs états d’habitats ont des niches environnementales
similaires. Ces travaux ont permis ainsi de mettre en évidence des zones et des conditions

environnementales ou 'apparition de différents états d’habitats est plus probable.
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CHAPITRE 2

Essential ingredients in Joint Species
Distribution Models

Préambule

Les modeles de distribution d’espéces (Species Distribution Models, SDM) ont récem-
ment bénéficié d’avancées méthodologiques significatives, en particulier grace a 'adoption
de modeles statistiques multivariés, désignés sous le terme de jSDM (Joint Species Distri-
bution Models; WARTON et al. (2015)). Ces modeles se révelent prometteurs pour élucider
de nombreuses questions en écologie des communautés. Ils permettent de comprendre
I'effet de 'environnement, des traits fonctionnels, de I'histoire évolutive sur les especes
étudiées, les raisons leur présence dans une zone donnée, et enfin la structure de la com-
munauté étudiée (WARTON et al., 2015; OVASKAINEN et al., 2017b). Ces méthodologies ont
suscité un intérét croissant au sein de la communauté écologique pour diverses raisons.
En premier lieu, elles semblent particulierement adaptées pour décrypter une multitude
de processus écologiques (voir Table 1 dans OVASKAINEN et al. (2017b)). En second lieu,
elles semblent manifester une capacité prédictive supérieure en comparaison avec les SDM
(NORBERG et al., 2019), et se distinguent par leur capacité a inférer des interactions inter-

spécifiques (WARTON et al., 2015; OVASKAINEN et al., 2017b; OVASKAINEN et al., 2017a).

Néanmoins, certaines incertitudes subsistent quant a 'application optimale de ces mo-
deles. La flexibilité intrinseque de ce cadre méthodologique suscite des interrogations sur
la stratégie a appliquer : pour optimiser 'inférence des processus écologiques d’une part,
et la performance prédictive d’autre part. Des questions restent en suspens, quant a I’in-
clusion par exemple, de données sur les traits fonctionnels des espeéces de la communauté

étudiée, difficile a collecter, et de leur impact sur le pouvoir explicatif et prédictif des mo-
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deles. Si leur capacité a améliorer la précision prédictive a été largement démontrée sur
des ensembles de données de présence/absence, notamment dans les études de NORBERG
et al. (2019) et WILKINSON et al. (2021), la performance de ces modeles quand ils sont
ajustés a des données d’abondance reste, a notre connaissance, insuffisamment explorée
dans la littérature. Certains travaux récents ont exprimé des réserves quant a la capacité
de ces méthodes a déduire efficacement les réseaux d’interactions interspécifiques a partir
de données de présence/absence (BLANCHET et al., 2020; VIOLET, 2020 ; POGGIATO et al.,
2021).

Il est/semble nécessaire d’évaluer la sensibilité de 1'approche par jSDM, avant d’envi-
sager d’utiliser ce genre de modeles pour réaliser des inférences sur les processus écolo-
giques et des prédictions qui visent a déterminer I'importance des habitats biogéniques
dans la structuration des communautés benthiques en utilisant des ensembles de données
d’abondance collectées a grande échelle, par exemple celles issues du programme Reef Life
Survey (RLS). Cette évaluation a été réalisée en développant une méthodologie d’évalua-
tion des performances des jSDMs et en I'appliquant a un jeu de données collectées par
le programme de recherche REBENT. Dans le cadre de ce chapitre, nous nous sommes
intéressés a un sous-ensemble du jeu de données du REBENT, avec un focus sur la com-
munauté de polychetes intertidale inféodée a deux habitats différents : les sédiments nus
et des herbiers intertidaux dont les processus écologiques ont déja été étudiés le long de
la cote bretonne (BOYE et al., 2017; BOYE et al., 2019). L’objectif est de vérifier si étendre
I’approche jSDM a une échelle globale telle que celle présentée par le RLS serait pertinent
pour quantifier I'influence des habitats biogéniques sur la structure des communautés fau-
nistiques. Ceci afin de mieux prédire et comprendre les conséquences de la disparition des

habitats biogéniques.

Ce chapitre de these a déja fait 'objet d'une communication orale “ Effects of including
community-level or species-specific data on the performances of a Joint Species Distribu-
tion Model : a case study with species-rich marine benthic communities”. International
Statistical Ecology Conference 2022. Une publication a été soumise, et envoyée en revue
par deux fois en quasiment un an, au journal Methods in Ecology and FEvolution a été
récemment refusée. C’est pourquoi ce chapitre de theése devrait ainsi étre prochainement

soumis pour publication au Journal of Applied Ecology.
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2.1. Abstract

2.1 Abstract

1. Joint Species Distribution Models (jSDM) are increasingly used to explain and pre-
dict biodiversity patterns. jSDMs account for species co-occurrence patterns and
can include phylogeny or functional traits to better capture the processes shaping
communities. Yet, several factors may alter the interpretability and predictive abi-
lity of jSDMs : missing abiotic predictors, omitting ecologically-important species,
or increasing the number of model parameters by adding phylogeny and/or trait

information.

2. We developed a novel framework to comprehensively assess the interpretability,
explanatory and predictive power of jSDMs at both species and community levels.
We compared performances of four alternative model formulations : (1) a Benchmark
JSDM with only abiotic predictors and residual co-occurrence patterns, (2) a jSDM
adding phylogeny to the Benchmark, (3) a jSDM adding traits to model 2, and
(4) the Benchmark jSDM with additional non-target species that are not of direct
interest but potentially interact with the target assemblage. Models were fitted on
both presence/absence and abundance data for 99 target polychaete species sampled
in two coastal habitats over 500km and 8 years, along with information on 179 non-

target species and traits data for the target species.

3. For both presence/absence and abundance data, explanatory power was good for
all models but their interpretability and predictive power varied. Relative to the
Benchmark model, predictive errors on species abundances decreased by 95% or
53%, when including non-target species, or phylogeny, respectively. These diffe-
rences across models relate to changes in both species-environment relationships
and residual co-occurrence patterns. While considering trait data did not improve
explanatory or predictive power, it facilitated interpretation of trait-mediated spe-

cies response to environmental gradients.

4. This study demonstrates that any jSDM formulation comes with tradeoffs between
either explaining or predicting the occurrence or abundance of species. Hence, it
highlights the need to compare alternative model formulations using the original
and comprehensive assessment framework proposed in this study. Overall, this work
contributes to a better understanding of jSDMs’ performances across multiple facets
and provides insights and tools for model selection based on specific objectives and

available data.
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2.2 Introduction

Community ecology aims at describing, explaining, and predicting changes in com-
munities (TREDENNICK et al., 2021). Understanding the processes that determine species
distribution is a prerequisite to characterize and predict community structure and associa-
ted ecological dynamics, which is critical to inform effective management or restoration
measures in a rapidly changing world (DIETZE et al., 2018; BRUDVIG & CATANO, 2022).
Joint Species Distribution Models (jSDM) are particularly well-suited tools to address
these challenges, whether to characterize the processes that shape observed communities
(WARTON et al., 2015; OVASKAINEN et al., 2017a), or to predict future changes in species

assemblages (NORBERG et al., 2019 ; POLLOCK et al., 2020).

JSDMs are multivariate (i.e. multi-species) extensions of Species Distribution Models
(SDMs), which have been broadly applied over the past decades - across all terrestrial
and marine realms - to understand and predict both species occurrences (ELITH et al.,
2006 ; NORBERG et al., 2019) and species abundances (HOWARD et al., 2014 ; WALDOCK et al.,
2022) using a set of covariates (e.g. climatic variables). Relative to SDMs, jSDMs expla-
natory power can benefit from accounting for species assembly rules (OVASKAINEN et al.,
2017b). In particular, relative to single-species SDMs that only consider the abiotic niche
of species (i.e. the Grinellian niche), jSDM can theoretically also account for interspecific

interactions (i.e. the Eltonian niche).

In jSDMs, the variability in community composition not explained by covariates is
captured by a residual covariance matrix representing species co-occurrence patterns po-
tentially representing biotic interactions (OVASKAINEN et al., 2017b). This feature is highly
attractive to ecologists because it provides a way to disentangle the relative influence
of abiotic and biotic processes on biodiversity patterns (GoDpSOE et al., 2017) while also
improving model’s predictive power (GIANNINI et al., 2013 ; STANICZENKO et al., 2017). Ho-
wever, in practice, inferring and interpreting residual co-occurrence patterns using jSDMs

remains challenging for several reasons (BLANCHET et al., 2020 ; HoLT, 2020).

First, while jSDMs have been applied to a large number of species presence/absence
datasets (NORBERG et al., 2019 ; WILKINSON et al., 2019 ; WILKINSON et al., 2021), simulation
studies showed that inferred co-occurrence networks do not necessarily provide evidence
for species interactions (DORMANN et al., 2018 ; BLANCHET et al., 2020) but only capture spa-

tial and temporal associations between species (KEIL et al., 2021). Some authors speculated
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that jSDMs applied to abundance data - instead of presence/absence data - could provide
a better proxy for biotic interactions (BLANCHET et al., 2020 ; MOMAL et al., 2020). Accor-
dingly, jSDM have increasingly been applied to abundance data (Hur, 2016 ; OVASKAINEN
et al., 2017b; CHIQUET et al., 2021). While challenges related to modelling abundance data
was recently explored in the context of species distribution modelling (WAaLDOCK et al.,
2022), the predictive and the explanatory power of jSDM fitted to abundance data remains
relatively untested compared to presence/absence data (NORBERG et al., 2019 ; WILKINSON
et al., 2021).

Second, regardless of the type of data considered (i.e. presence/absence or abundance),
several factors may limit or affect the interpretability and predictive ability of jSDM. For
instance, co-occurrence patterns estimated in jSDM are affected by unaccounted envi-
ronmental variables implying that jSDMs cannot fully separate the environmental and
the biotic niche of species (BLANCHET et al., 2020 ; POGGIATO et al., 2021). Beyond missing
environmental predictors, accounting for extra species that can influence the target com-
munity (e.g. competitors) is key to improve jSDMs’ inference and predictions. However,
because many ecological studies only focus on particular taxonomic groups (PoOLLOCK
et al., 2014 ; HAKKILA et al., 2018) and disregard non-target taxa, co-occurrence patterns
estimated from jSDMs are almost always skewed by missing ecological actors (MoOMAL

et al., 2021). How this bias affects the predictive ability of jSDM remains untested.

Finally, similar to SDMs, jSDMs can theoretically be extended to include additional
sources of information about modelled species (NIKU et al., 2019 ; OVASKAINEN et al., 2017b).
For instance, accounting for phylogenetic relationships between species (Ives & HELMUS,
2011) or for the link between functional traits and environmental responses (POLLOCK et
al., 2012) can improve both the explanatory and the predictive powers of SDMs (MORALES-
CASTILLA et al., 2017; VESK et al., 2021). These findings support the hypothesis that similar
species, in terms of traits and /or recent evolutionary history, usually share similar environ-
mental preferences. While inclusion of species-specific information in jSDMs should yield
similar benefits (OVASKAINEN et al., 2017b), the relative influence of additional sources of
information on their interpretability and predictive power remains untested (NORBERG
et al., 2019 ; WILKINSON et al., 2019; ABREGO et al., 2022).

Overall, many practical questions remain concerning the application of jSDMs to ecolo-

gical community monitoring data, in particular related to inclusion of additional sources

63



Chapitre 2 — Essential ingredients in Joint Species Distribution Models

of information within the models. While some comparative assessments of jSDM per-
formance exists (e.g. NORBERG et al. (2019); WILKINSON et al. (2021)), including some
comparison of the benefit of trait and phylogenetic data in some phyla (e.g. ABREGO et al.
(2022)), there has been no formal assessment of the relative importance of species-specific
information (trait and/or phylogeny) compared to the role of missing species. Further-
more, comparative assessments have rarely been performed on both presence/absence
and abundance data. To a few exceptions (WALDOCK et al., 2022), most assessments were
made considering presence/absence data (NORBERG et al., 2019; WILKINSON et al., 2019)
and mostly focused on predictive power (NORBERG et al., 2019; WILKINSON et al., 2019),
hence disregarding the interpretability /explanatory aspects of the models (TREDENNICK
et al., 2021). Yet, jSDMs are increasingly fitted on abundance data (BRIMACOMBE et al.,
2021) and used for explanatory purposes (ABREGO et al., 2017). Hence, there is a mismatch
between current understanding of jSDMs performance and their application by ecologists.
In practice, most jSDM applications consider a single model structure and do not explore
the effects of including additional sources of information. Perhaps this shortcoming relates

to the high-dimensionality of jSDMs which makes their comparison challenging.

In this study, we developed a multi-faceted assessment framework to evaluate the extent
to which alternative parameterization of jSDM can lead to a better interpretability or pre-
dictability at the species and community levels. To illustrate its usefulness, we applied
this general framework to a case study presenting typical features of community ecology
datasets. Specifically, by comparing predictions obtained from a Benchmark model ex-
cluding additional sources of information (i.e. a classical jSDM), we tested the effect of
(1) including phylogeny alone and in combination with trait data, (2) incorporating mo-
nitoring information related to non-target species and (3) considering abundance instead
of presence/absence data. We hypothesized that all these sources of information should
improve jSDM predictive and explanatory powers, but did not assume a priori that a

given modeling strategy would lead to greater improvements in model performances.

2.3 Materials & Methods

We used the HMSC' (Hierarchical Modeling of Species Communities) framework applied
to a long-term monitoring dataset. The following subsections sequentially describe our
workflow (as illustrated in Fig. 2.1) : (1) the HMSC framework, (2) the data used in this
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study, (3) data splitting between train and test datasets to assess the explanatory and
predictive powers of models, respectively, (4) the rationales for the suite of alternative
models considered and, (5) a multi-faceted framework developed to assess tradeoffs in

jSDMs’ performances in relation to different study purposes.

2.3.1 Hierarchical Modelling of Species Community (HMSC)

HMSC is a multivariate hierarchical generalized linear mixed model using Bayesian
inference (OVASKAINEN & ABREGO, 2020). It has two parts : one for fixed effects and ano-
ther for random effects. The fixed part models the species’ realized niche, where each
dimension of the niche is a covariate (e.g. temperature ; Fig. 2.1). Including trait data can
improve species niche estimates by accounting for trait-environment relationships, where
species with similar traits are expected to respond similarly along environmental gradients
(OVASKAINEN et al., 2017b). Including phylogenetic data can help capture residual ecologi-
cal information not included in the available trait data, as phylogenetically-close species
tend to share similar traits and niches (WIENS et al., 2010). Alongside traits, phylogeny can
improve niche estimates for rare species by borrowing information from similar species
(OVASKAINEN et al., 2017b; OVASKAINEN et al., 2017a; OVASKAINEN & ABREGO, 2020). The
random part of HMSC relies on latent variables, i.e. covariates that capture residual va-
riance, including missing environmental features or biotic interactions (OVASKAINEN et al.,
2017b; OVASKAINEN et al., 2017a; OVASKAINEN & ABREGO, 2020). The H matrix (site loa-
dings) estimates missing covariate values, while the A matrix (species loadings) represents

species’ response to these missing covariates (Fig. 2.1).

2.3.2 Datasets

Faunistic data

The REBENT program (rebent.ifremer.fr) is an ongoing monitoring of benthic macro-
fauna across multiple stations along Brittany’s coastline (Western France). Here, we used
data from BoOYE et al. (2019), covering 23 sites and two intertidal soft-bottom habitats :
bare sands and seagrass meadows (Fig. S1) where infaunal communities were monitored
yearly using the same protocol between 2006 and 2014. A detailed description of the sam-
pling methodology is provided in (BoYE et al., 2017 ; BOYE et al., 2019). At each site, three
faunal samples (0.03 m? cores) were taken at each of three fixed sampling points distribu-

ted 200 m apart. These samples were then pooled together to estimate abundances at the
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site level. For each sampling event, individuals were identified to the lowest taxonomic

level possible (mostly species level ; for simplicity we hereafter refer to “species”).

Overall, across a total of 375 sampling units (i.e. unique combination of years, sites
and habitats), 152,583 individuals belonging to 519 species were collected and identified.
To avoid convergence issues and poor model inference, we filtered out species occurring
less than four times (across the 180 samples used as train set, see below), resulting in
the removal of 241 species. The remaining 278 species included 99 polychaete species (the
targeted assemblage) and 179 non-target species of bivalves, molluscs, and amphipoda,
which may predate or compete with polychaetes (GRALL et al., 2006 ; JANKOWSKA et al.,
2019). We chose to focus on polychaetes as this taxonomic group exhibits diverse lifestyles
(JUMARS et al., 2015), can be used to monitor the health of benthic habitats (GIANGRANDE
et al., 2005), and because trait data and ecological information were available from previous
studies (BOYE et al., 2019).

Traits and phylogeny data

Traits data were retrieved from (BoYE et al., 2019) for the 99 polychaete species present
in the train set (see below). The 11 fuzzy-coded traits available (see BOYE et al. (2019)
for details) were synthetized using a fuzzy-PCA, with the fpca function from the ade/
R package (THIOULOUSE et al., 2018). The first three axes, which account for 59% of the
total variance of the trait matrix, were included in the model as synthetic traits data
(Fig. 2.1). The first axis distinguishes mobile predatory species from sessile microphages;
the second axis differentiates semelparous species from iteroparous species ; and, the third

axis separates burrowers from tube-dwellers (Fig. S2).

Phylogeny was not available, hence we followed common practices (OVASKAINEN &
ABREGO, 2020) and retrieved the taxonomic classification of these 99 polychaetes through
the WoRMS database (www.marinespecies.org; january 2020) and used this information
as a proxy for phylogenetic relationships (Fig. 2.1; OVASKAINEN et ABREGO (2020)). Phy-
logenetic distances were then estimated using the ape R package (PARADIS & SCHLIEP,
2019).
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Environmental data

Following BoYE et al. (2019) (see Appendix A for details about data sources), we se-
lected seven environmental variables to characterise the ecological niche of each species.
These seven variables quantify different components of coastal environmental variability
including hydrology (sea water temperature, salinity and current velocity), sedimentology
(mud and organic matter content), substrate heterogeneity (Trask index) and local wave
exposure (fetch). For each of these seven variables, the first- and second-degree polyno-

mials were computed to account for non-linear responses.

2.3.3 Comparison of alternative model structures

The first model (denoted Bench) only considers data for the 99 target polychaete spe-
cies and the 7 environmental covariates (Fig. 2.1). The second model (denoted Ph) adds
phylogenetic data to the Bench model (Fig. 2.1). The third model (denoted TrPh) adds
traits data to the Ph model. The fourth model (denoted Wh(C') has the same structure as
the Bench model but includes data on the whole community (278 species, including 179
additional non-target species; Fig. 2.1). WhC excludes traits (unavailable for the non-
target taxa) and phylogenetic data for faster computation. Each model was fitted twice,
either with presence/absence or abundance data, using probit and lognormal Poisson dis-
tributions respectively. All models include the same random effects (Fig. 2.1) : temporal,

spatial (sites), and habitats (bare vs seagrass).

2.3.4 Model fitting

We estimated model parameters by running 5 chains using a MCMC sampling algorithm
over 375,000 iterations. The first 125,000 iterations were discarded as burn-in while the
remaining were thinned every 250 iterations yielding 1,000 posterior samples per chain for
an overall total of 5,000 posterior samples for each parameter. We assessed convergence
for each model parameter using both potential scale reduction factor (GELMAN & RUBIN,
1992) and effective sample size as reported in supplementary materials (Appendix B). All

models were fitted using the DATARMOR supercomputing facility.
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2.3.5 Assessing model performance and interpretability

For independent assessment of models’ predictive performance, the dataset was split
into a train and a test set, instead of using strict cross-validation procedure that would
have considerably increase the computational burden (see also NORBERG et al. (2019)).
The train dataset consisted of 180 sampling units (21 sites; one or two habitats, and
six to nine years per site; Fig. S1). The test set comprised 35 sampling units covering
a 9-year period at two specific sites with both seagrass and bare sand habitats. These
sites were chosen as representative of both regional macrofaunal species diversity (all the
species observed in the test set are also observed in the train set) and mean environmental
conditions (which limits model extrapolation outside of the trained parameter space ; Fig.
S3-S4; BovE et al. (2017); BOYE et al. (2022) ; TouMI et al. (2023)).

To assess jSDM’s performance, we used a set of complementary metrics to evaluate
both their explanatory and predictive abilities on the train and test dataset, respectively
(Table 1). AUC and RMSE, calculated only for the 99 target species (i.e. polychaetes)
even for the WhC model that includes a total of 278 species, were used to assess overall
and species-level performance for presence/absence and abundance models, respectively.
Relationships between observed and predicted mean species abundances across all sites

were also visualized for abundance models.

Along with the raw AUC and RMSE values, we also visualized and quantified changes
relative to the Bench model for the Ph, TrPh and WhC' models. For abundance models,

we computed the overall relative change in mean RMSE across species as :

mean (RMSE focal model) — mean (RMSEBench)
mean (RMSEgenen)

Relative change = x 100 (2.1)

AUC and RMSE only partially capture model accuracy at the community scale (Table
1). To explore this aspect, we focused on differences between predicted and observed
assemblage richness and total abundances (for abundance models). We also compared
observed and predicted Sgrensen (for presence/absence) and Bray-Curtis (abundance)
pairwise-dissimilarity matrices to explore how well S-diversity patterns were reproduced

by the models. For these three metrics, we computed relative change for both the train
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and test datasets between mean predicted and mean observed values as follows :

mean (Metric predict) — mean (Metric obs)

Relative change = x 100 (2.2)

mean (Metric ops)

where “Metric” is a community-based measure (e.g. species richness, total abundance,
dissimilarity matrices) estimated from model predictions or observations at the sample
level (i.e. unique combination of site, habitat and year; or, pairs of samples for dissimila-
rity). To evaluate model interpretability, we calculated the amount of explained variance
per species and the proportion that can be attributed to environmental covariates (fixed
effects) and random effects. We compared the overall relative change in the proportion
of variance explained by the covariates and by the random effects for the Ph, TrPh and
WhC' relative to the Bench model (by comparing mean values across species similarly
to Eq. 2.1). We also propose a novel way of exploring species-environment relationships
(Table 1) by classifying the response curves estimated from the different models based on
their shapes, considering both their direction (decline, null, or increase) and their accele-
ration (decelerated, constant, or accelerated) (RIGAL et al., 2020). Finally, we compared the
residual co-occurrence patterns associated with each random effect of the Bench model
with those of the best performing model (WhC). We quantified differences in magnitude

and sign of residual species-species correlations using the following index :

0= ’COTT best model — COT'T’ Benchmark‘ X sign(corr best model X COT'T" Benchmark) (23)
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Environmental filtering
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Figure 2.1 — Study workflow. A. Hierarchical Model of Species Community (HMSC) struc-
ture, incorporating environmental variables, phylogeny, and species-specific traits. B. Data pre-
processing : partitioning community data into train and test datasets, estimating phylogenetic
distance (using tazonomic classification), and dimension reduction of species-trait matriz using
fuzzy-PCA. C. Summary of the four alternative model structures fitted to presence/absence
and abundance data : the Benchmark, Phylogeny, Traits & Phylogeny models only consider the
targeted polychaetes, while the Whole Community model includes additional species potentially
interacting with the target assemblage. Random effects for sampling year, site, and habitat were

included in all models.
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Table 2.1 — Multi-assessment framework providing a list of useful metrics to assess, interpret or compare jSDMs across different ecological facets (rows) at the species, community
or overall level. Italicized metrics are used in this study.

Example of performance measures
Example of derived-metrics Example of derived-metrics to assess the explanatory/predictive
Model outputs for model interpretation for model evaluation power of models !
Presence/Absence | Abundance Presence/Absence [ Abundance
] ' ) Number of RMSE, MAE, R2,
Abundance, Variable importance (e.g. LIME, SHAP ), Presence/Absence, | Total abundance, AUC, Correlation between
occurrence probability, Heatmap of environmental coefficients, Proportion of site-specific Kappa, predicted and
Species level | environmental coefficients Response curves3, Variance partitioning occupied sites abundance F1-Score observed values

Diversity index (e.g. Shannon entropy,
Simpson-Gini index), Total abundance,
Total richness,

a-diversity Site-specific community Proportion of rare/abundant species Differences between predicted and observed values,
composition Pairwise dissimilarity (e.g. Jaccard/Bray-Curtis), T+ ® RMSE, MAE, R2,
Total Beta diversity, Turnover,Nestedness, Correlations (e.g. Kendall, Pearson)
Local Contribution to Beta Diversity (LCBD), between observed and predicted
B-diversity Species Contribution to Beta Diversity (SCBD) alpha or beta diversity indices
Diversity index (e.g. Shannon entropy, Average over all species :
Simpson-Gini index), Total abundance, RMSE, MAE, R2,
Regional community Total richness, Average over all species : | Correlation between predicted
Overall composition Proportion of rare/abundant species AUC, Kappa, F1-Score and observed values
assessment Co-occurrence network Comparison with observed or reconstructed networks

(all sites) Residual correlation analysis (e.g centrality, (expert-based or estimated e.g. based on trophic analyses),

matrix number of degrees) using e.g. correlations, residual correlation index (5)°
Qualitatively, based on

Traits-environment .
Trait-based response curves, Heatmap literature and/ or

regression coefficients of traits-environment coefficients expert knowledge 7

All performance measures can theoretically be compared between models. For instance, we here measured differences between models using a measure of relative change in RMSE or AUC
relative to the Bench model using Eq. 1. Other measures could be correlations between model predictions.

2 See Ryo et al. (2021)

To ease model comparison and interpretation, we propose to summarize the information contained in species response curves using the framework initially proposed by RIGAL et al. (2020)
for classifying species temporal trajectories based on their trend, acceleration, direction and velocity. Applied to regression coefficients, it allows to classify the response of species to each
environmental variable into several shapes that are easy to interpret, to link with ecological theory, and to compare across models.

For jSDM assessment, pairwise dissimilarities can be computed on the observed site-by-species matrix and on the predicted one. Comparing these values (e.g. through correlation analysis or
simply through differences) will inform on how well the model reproduces/predict beta diversity patterns. Alternatively, pairwise dissimilarities can be computed between the observed taxa
composition of a sample and its predicted one. These dissimilarities then become a metric to assess model performance based on species-composition predictions.

For jSDMs comparisons, pairwise dissimilarities computed between the observed taxa composition of a sample and its predicted one can be compared across models (e.g. through correlations) to
assess to what extent differences between predicted and observed taxa composition are congruent across different models. Alternatively, comparing correlations between pairwise dissimilarities
computed on the observed site-by-species matrix and on the predicted one will inform on which model best predict beta diversity patterns.

Species interaction networks can be reconstructed under certain conditions using the residual correlation matrices estimated by jSDM (see MOMAL et al. (2020)). The comparison between these
reconstructed interaction networks and already known interaction networks (based on trophic data, experimental data, expert knowledge or qualitative information on species interactions)
can serve as a means of model validation.

Comparing modelled species trait-environment responses (e.g., signs, shape of response curves) with expected responses (e.g. from theory, experiments or expert knowledge) can also serve to
validate qualitatively the models.
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2.4 Results

Both MCMC convergence and effective sample size of the different jSDMs were satis-
factory (see Appendix D).

2.4.1 Model Fit & Predictive power

Species level

Presence/absence models showed excellent explanatory power with mean AUCs above
0.9 on the train dataset, but lower predictive power with mean AUCs around 0.66 on the
test set (Fig. S17). Both explanatory (mean AUC between 0.92 and 0.93) and predictive
(mean AUC between 0.64 and 0.66) power were overall similar across models (Fig. 2.2,
Fig. S17). Within the target species assemblage, predictions improved for 41 species and
worsened for 36 species (out of the 99 target species, which implies marginal changes for
the remaining 22) in the WhC model relative to the benchmark. In comparison in the Ph
or the TrPh models, predictions only improved for 26 and 27 species, respectively, and

worsened for 49 and 48 species, respectively.

Abundance models also showed a satisfactory explanatory power with a mean RMSE
close to nine for all models, given a mean abundance in the train dataset of 307.31 +
583.58 (mean + sd). Overall, all models underpredicted species abundances (Fig. S18-19).
While explanatory power was similar across models, larger variations were observed for
predictive power. The Bench model had a mean RMSE of 126.67 (for a mean abundance
in the test dataset of 700.57 4+ 818.66; Fig S17). The Ph model performed better (mean
RMSE of 62.23; -50.87% compared to the Bench; Fig. S17) whereas the TrPh model did
worse (mean RMSE of 139.21; +9.90% ; Fig. S17). The best model was the WhC' with
a mean RMSE of 6.59 (-94.80% compared to the Bench, Fig. S17). Out of the 99 target
species, the Wh(C' model predictions improved for 57 species but declined for 15 species
relative to the Bench. Conversely, performance gain for the Ph and TrPh models were
poor relative to the Bench, as predictions improved for 38 and 31 species, respectively,

but declined for 40 and 46 species, respectively.

We further investigated this gain in predictive power of the Wh(C' model fitted to abun-
dance data by examining the relationships between changes in predictive power and the

occurrence or abundance of the species. On the test set, performance of the WhC mo-
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del most improved relative to the Bench model for rare species (correlation with average
species abundance : Kendall’s 7 = 0.12, p-value < 0.05; Fig. S20). However, we found no
patterns between change in RMSE relative to the Bench model and proportion of presence
(Kendall’s 7 = 0.12, p-value = 0.09; Fig S21).
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Figure 2.2 — Change in explanatory and predictive power of three model structures (yellow for
Phylogeny (Ph), red for Traits and phylogeny (TrPh), and green for Whole community (WhC)
models) relative to the Benchmark model (Bench ; purple). Changes are expressed as percentages
relative to the benchmark fitted on presence/absence (top row) or abundance (bottom row) data.
Points above the zero line indicate performance gain.

Community level

In terms of alpha diversity, the Bench, the Ph and TrPh models fitted on abundance
data all underpredicted mean species richness of the train set by 4 species on average
(-29.2% compared to observed data; Fig. 2.3). In contrast, the WhC model overpredicted

mean richness by 11 species on average (+80% compared with observed data). Similar
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results were found on the test dataset with the Bench, Ph and TrPh models underpre-
dicting richness by 5 species (-24.9 %) on average whereas the WhC model overpredicted
richness by 7 species (+35.8% compared with observed data). Similar results were found

for models fitted on presence/absence data (Fig. S22).

All models overall underpredicted mean total abundance relative to the train dataset
(Fig. 2.3), by 153 individuals for the Bench model (-49.8% compared to observed data)
and by 159 and 155 individuals (-51.7% and -50.4%) for the Ph and TrPh models, respec-
tively. The WhC model only underpredicted total abundance by 22 individuals (-7.12%
compared to observed data). Relative to the test dataset, the Bench, the Ph and the TrPh
models overpredicted mean total abundance by 1642 (+234% compared to observations),
465 (+66.3%), and 1969 individuals (4+281%), respectively. In contrast, the WhC mo-
del underpredicted mean total abundance of the test data samples by 404 individuals on
average (-57.6%).

Mean beta diversity patterns in the train dataset were overall well captured by all
models fitted on abundance or presence/absence data (Fig. 2.3). Observed dissimilarities
were slightly overpredicted by all abundance models : by 0.057 for the Bench (47.3%
compared with observed data), 0.050 for the Ph (+6.4%), 0.054 for the TrPh (+6.9%)
and 0.070 for the WhC models (+8.9%). Differences for presence/absence models were of
similar order but all models underpredicted mean pairwise dissimilarities between samples
(Fig. S22). On the test dataset, beta diversity patterns were rather poorly captured by
the models fitted on abundance data. The Bench model overpredicted the pairwise dis-
similarities by 0.364 on average (+67.1% compared with observed data), the Ph model
by 0.365 (+67.4%), the TrPh model by 0.375 (+69.1%) and the WhC model by 0.338
(+62.4%). Similar results were observed for presence/absence models with slightly smaller

overpredictions (Fig. S22).

2.4.2 Variance partitioning

The mean amount of total variance explained across the 99 polychaetes varied between
21 and 23% for models fitted with presence/absence data and between 18 and 30% for
abundance-based models (Fig. S23). For all models, environmental variables, rather than
random effects, accounted for most (more than 68% =+ 18% ; mean + sd) of the explained

variance (Fig. S24). However, a larger part of variance is explained by random effects in
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Figure 2.3 — Comparison of model performances with regards to their ability to predict community
structures when fitted with abundance data for the train (purple) and test (yellow) dataset. Left :
differences in pairwise dissimilarities estimated on the observed and the predicted assemblages.
Centre : differences in species richness between observed and predicted assemblages. Right :
differences in total abundance between observed and predicted assemblages.

the WhC model compared to the other models, including the Bench (Fig. S24). Compared
to the Bench model fitted with abundance data, the relative change in the part of variance
explained by random effects across the 99 species decreased by 17.00% for the Ph model,
10.90% for the TrPh model and increased by 224% for the WhC' model (Fig. 2.4). Simi-
lar results with smaller relative changes were obtained across presence/absence models
(Fig. 2.4; Fig. S23-24).
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Figure 2.4 — Change in explained variance related to environmental predictors (left column) and
random effects (right column) for three alternative model structures (yellow for Phylogeny (Ph),
red for Traits and phylogeny (TrPh), and green for Whole community (WhC) models) relative
to the Benchmark model (Bench ; purple). Percentage changes were computed relative to the
Benchmark model fitted with presence/absence (top panels) or abundance (bottom panels) data.
Positive values indicate an increase in the proportion of variance explained by the focal model
compared to the Benchmark model. See Figure S23 and S24 for the raw percentages, expressed
as percentages of explained variance or total amount of variance respectively.

2.4.3 Species niche estimated

For abundance models, the large majority (>60%) of flat response curves indicated a
lack of meaningful species-environment relationships (Fig. 2.5). This proportion reached
83% for the WhC model. The prevalence of flat relationships did not appear to be rela-
ted to convergence issues (Fig. S15-16) or to be driven by a specific covariate (Fig. S25).
Convex or concave response curves were rare in abundance models. Significant relation-

ships primarily included constant or accelerated declines, representing approximately 10%
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and 15% of response curves in the Bench, TrPh, and Ph models (Fig. 2.5). In the WhC
model, these percentages decreased to 7% and 6%, respectively (Fig. 2.5). Similar findings
were observed for presence/absence models (Fig. S26; Fig. S27).
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Figure 2.5 — Number (y-axis) and proportion (computed across all coefficients for each model, as
indicated above individual bars) of response curves (i.e. one for each species-predictor combination
according to the typology (nine shapes highlighted by the black curve in each panel) defined by
RIGAL et al. (2020). Results are presented for the different model structures

Both abundance and presence/absence TrPh models (which include species functional
traits) reveal some meaningful trait-environment relationships between the first fuzzy-
PCA axis and the seven environmental predictors. This suggests that the occurrence
of certain traits is likely favored (or hindered) under certain environmental conditions
(Fig. S28). For instance, mobile predatory species showed larger declines in abundance as
fetch increases than sessile suspensivores (Fig. S28). Moreover, increase in organic matter

concentration and decrease in current velocities were associated with higher abundances

7



Chapitre 2 — Essential ingredients in Joint Species Distribution Models

of suspensive feeders.

2.4.4 Exploring the residual correlation

Residual species-species correlations were compared between the Bench model and the
WhC model, only for the 99 target species, using both presence/absence (Fig S29) and
abundance data (Fig. 2.6). We only focus this comparison on the WhC model (rather
than other models) because of its higher predictive performance and higher proportion of
explained variance by random effects (Fig. 2.4). Residual correlations estimated from both
models were highly correlated, both for presence/absence and abundance data (Fig. 2.6
and Fig. S29). However, agreement between models varied across different random ef-
fects from a moderate correlation between residuals associated with the Habitat random
effects (R? = 0.57) or with the Site random effects (R* = 0.64), to a high correlation
between residuals related to the Year random effects (R*> = 0.95). The § index main
modal distribution, which is centered on zero, confirms an overall agreement between
residual correlations estimated from both models in relation to the Year random effects
with a marginal proportion of sign changes (0.45% of sign changes related to correlation
greater than 0.25; Fig. 2.6 B) only related to low species-species residual correlations
(<0.25; Fig. 2.6 A and Fig. S29). In contrast, the § index highlights inconsistencies in
both magnitude and signs changes between residuals associated with the Habitat and the
Site (12.2% and 9.11% of sign changes related to correlation greater than 0.25) random

effects. Similar results were obtained for presence/absence models (Fig. S29).
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Figure 2.6 — (A) Comparison of residual species-species correlations associated with the three
random effects estimated by the Whole Community Model (WhC ; y-azxis) and the Benchmark
model (Bench ; z-axis) fitted on abundance data. The colour scale highlights the density of points
in each scatter plot. (B) Distribution of the ¢ index characterizing change in sign (negative values
indicate sign change) and magnitude (higher absolute values indicate higher numerical difference)
between residual correlations estimated by the WhC model and the Bench model adjusted with
abundance data for the three random effects (Habitat, Site, Year).

2.5 Discussion

Case studies in community ecology typically rely on partial and heterogeneous observa-
tions (POLLOCK et al., 2020) but also on incomplete knowledge of target species ecological
features (e.g. traits, phylogeny; TYLER et al. (2012)). This study investigated how jSDM
performance varies depending on the type of information included (i.e. phylogeny, traits
or data on non-target species) using a multi-assessment framework (spanning interpreta-
bility, inference and prediction, for both species- and community-level metrics, Table 1)

enabling a thorough evaluation of model performance.
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We found that jSDMs’ performance, in particular predictive power of abundance mo-
dels at the species level, mostly increased when including information related to the 179
non-target species sampled alongside with the 99 polychaetes of interest. However, impro-
vement in species-level predictions does not directly translate into enhanced performance
at the community level. The WhC model did not improve estimates of beta diversity or
total abundance relative to the other models and largely overpredicted species richness, as
previously suggested (ZURELL et al., 2018). Given HMSC hierarchical structure (PocGiato
et al., 2021), inclusion of monitoring data related to other species likely improves model
performance for the target assemblage by capturing relevant drivers that are not explicitly
considered. For instance, it can help describe target species’ realized niches by accoun-
ting for ecological processes related to environmental conditions (including trait-mediated
responses) or biotic interactions that are not explicitly captured otherwise (OVASKAINEN
et al., 2017b). In our case, main differences between residual correlations estimated by
the Benchmark model and the Whole community model relate to spatial random effects
(i.e. site and habitat). In contrast, the temporal random effect yielded similar residual co-
occurrences in both models. This suggests that including non-target species in our case,

mostly helped capture spatial variability in species associations across sites and habitats.

Importantly, while we show that including non-target species can improve predictive
performance, in particular for rare species, benefits of accounting for non-target species
might vary depending on robustness of non-target species monitoring data (e.g. detection
issues), their role within the ecosystem (e.g. engineer species are likely more influential
on local communities than rare transient species), or processes shaping the target as-
semblage (if influence of abiotic factors dominates, then adding other species will have
marginal consequences on model performance). While the list of additional species to
consider can be prioritized based on existing knowledge in well-studied ecosystems, such
information is often unavailable. Furthermore, a specific investigation, that might rely
on simulated datasets to overcome limitations related to real world datasets (DIRENZO
et al., 2022), would be required to determine specific criteria, as well as optimal number
of non-target species to include. While species communities and assemblages are largely
defined arbitrarily (STROUD et al., 2015), a systematic assessment of jSDM performance as
increasing the number and types (for instance based on their functional or trophic roles)
of non-target species would be valuable to optimise model performance for the species of

management interests.
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jSDMs have already been used to model the distribution of a wide variety of species ran-
ging from micro-organisms (MINARD et al., 2019) to megafauna (BRIMACOMBE et al., 2021)
inhabiting many different ecosystems. Here, while we studied assemblages associated with
two specific coastal habitats, i.e. seagrass and sand, that have original characteristics as
they are located at the land-sea interface (BovE et al., 2019), our case study reflects typical
aspects of applied ecological research. These include issues related to data limitation and
availability but also typical features of ecological communities (e.g. prevalence of rare and
transient species; MAGURRAN et HENDERSON (2003)); SNELL TAYLOR et al. (2018)). Va-
luable insights on trait-environment relationships are scarce in our study, which reflects
how contributions of functional ecology in jSDMs are likely limited by trait data quality
and availability (TYLER et al., 2012; de JUAN et al., 2022). For instance, we found an inter-
action between trophic modalities (i.e. microphagous versus macrophagous diet) and fetch
(Fig. S15), indicating that organisms that filter on small particles are less likely to occur
in wave-exposed sites where high levels of sediment resuspension can block their filtering
systems (MANNING et al., 2014). Yet, the limited number of informative trait-environment
relationships or species-environment relationships either suggest that neutral processes
may shape polychaete assemblages (BOYE et al., 2019); or rather highlight a mismatch
between trait data, environmental data, and the ecological processes at play (de JUAN et
al., 2022). For instance, environmental variables only capture mean climatological condi-
tions, but fail to quantify variability in the coastal environment, such as extreme events
and seasonal or annual variability. Likewise, the list of available fuzzy-coded traits only
partially captures species capacity to adapt to environmental variability (de JUAN et al.,
2022). Thus, effectiveness of inclusion of traits in jSDMs is likely to be limited, or to rely
on effort to collect relevant trait information. In our case, while including traits does not
improve model predictive power, it somehow enhances our understanding of species res-
ponses along environmental gradients. Hence, if the goal is not prediction but inference
(TREDENNICK et al., 2021), including traits and proxies of phylogeny can facilitate jSDM

interpretation.

This paper lays out an original framework to systematically compare multiple facets of
alternative jSDM formulations (i.e. including phylogeny, traits or additional species) on
model interpretability, explanatory and predictive power (Table 1). Using a set of com-
plementary metrics, we specifically assess performance of alternative model formulations
fitted to presence-absence or abundance data at the species and community levels. Our

framework goes beyond existing guidelines proposed to assess the performance of jSDM
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fitted on presence-absence data (WILKINSON et al., 2021) or that focus on the predictive po-
wer of abundance-based models (e.g. WALDOCK et al. (2022)). It specifically compares the
performance (both explanatory and predictive) and interpretability of alternative models’
formulations accounting for the multiple and high-dimensional components that are typi-
cal of jSDMs, namely : (1) species and community level predictions including alpha and
beta diversity metrics and ranking of predictions according to species prevalence/abun-
dance; (2) species-environment relationships where we transposed the framework initially
developed for time series by RIGAL et al. (2020) into an effective tool to classify response
curves according to 9 categories across high numbers of species (e.g. 99 in our case study) ;
(3) trait-environment relationships; and (4) residual species-species correlations associa-
ted with random effects thanks to a new index that summarizes both changes in the sign

and magnitude of the residual correlations.

Overall, our results provide new insights into the most appropriate strategies for jSDM
fitting, according to modelling objectives (TREDENNICK et al., 2021) and available data.
While the four models considered had similar explanatory power, adding extra informa-
tion to standard jSDMs that only consider abiotic predictors can prove useful in cases.
For instance, adding monitoring data for other non-target species can substantially in-
crease model predictive power by modifying inferred species-environment relationships
and residual correlation matrices. Similarly, adding traits or phylogeny can improve mo-
del interpretability. Future studies will be key to consolidate our findings on simulated
case studies (ZURELL et al., 2010; DIRENZO et al., 2022), or across contrasted ecosystems,
for instance dominated either by environmental filtering, or by competitive processes. Ge-
neralizing this approach across ecosystems will further help prioritize data collection effort
on the long term. For this purpose, we recommend using a multi-model inference frame-
work similar to the one used in this study to systematically assess trade-offs associated

with alternative jSDMs formulations.
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Appendix A - Data Sources and Descriptions of the Datasets
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Figure S1 — Map of the sampled sites. Point shapes vary according to their contribution to
model training set (circles; used to evaluate model explanatory power) as opposed to the two
sites retained for independent model testing (triangles ; used to evaluate model predictive power).
Point colours vary according to the presence or absence of the two habitats in each site. The two
test sites include the two habitats (i.e. seagrass and bare sand) and were chosen because they occur
in environmental conditions that can be considered average at the scale of the region (thereby
limiting extrapolation of the model) but still harbour different communities, representative of the
known diversity gradient across the region.

Environmental data acquisition

The models used in this study incorporate a dataset consisting of seven environmental
variables related to oceanography, hydrography, and granulometry obtained from BovE
(2019) The oceanographic variables include the standard deviation of salinity, surface

water temperature, mean velocity of currents, and fetch, which were obtained from the
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Figure S2 — Fuzzy PCA of the species-by-trait matriz. The first three axes represent 58.55% of the
total variance. The first axis distinguishes sessile microphagous species (top positive values) from
mobile macrophagous predatory species (bottom negative values). The second axis is a gradient
of reproductive strategies (semelparous vs iteroparous). The third axis distinguishes burrowers
with direct development from tube-dwellers with planktonic development. For abbreviations and
meaning of the trait modalities, see BOYE et al. (2019).

PREVIMER database (LECORNU & ROECK, 2009) based on the MARS3D model (LAZURE
& DumMas, 2008). The variables were averaged by extracting daily data for the sampled
year at the site coordinates and the eight adjacent cells. The fetch was calculated as
the average length of nine radiating fetch segments with a maximum distance of 300km.
The granulometry variables were derived from sediment cores that were taken along with
associated fauna. The cores were dried, separated into 15 fractions, and the Trask index
was calculated as the ratio of the 25th to 75th percentile of the grain distribution. Organic

matter mass was estimated through the loss of mass after combustion in an oven.
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Figure S3 — A. Distribution of the number of species in the samples (site times habitat times
year) of the train dataset. B. Distribution of the number of species in the samples (site times
habitat times year) of the test dataset.
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Figure S4 — A. Distribution of the total number of individuals (abundance) in the samples (site

times habitat times year) of the train dataset. B. Distribution of the total number of individuals
(abundance) in the samples (site times habitat times year) of the test dataset.

91



Chapitre 2 — Essential ingredients in Joint Species Distribution Models

Appendix B - Model Convergence

Environmental coefficients

Table S1 — Potential scale reduction factors (PSRF) and effective sample sizes (ESS) for envi-
ronmental regression parameters (i.e beta coefficients) estimated estimated for the four different
models (Bench, Ph, TrPh, WhC) fitted either to abundance or presence-absence data. For further
details see Fig. S5 to Fig. S12.

Number of PSRF (mean + ESS (mean +
Model Data Type coefficients sd) sd)
Benchmark  Abundance 1485 1.18 = 0.267 701 = 576
Benchmark  Presence/Ab- 1485 1.00 £ 0.002 4967 £ 417
sence
Phylogeny Abundance 1485 1.18 + 0.204 566 £ 420
Phylogeny Presence/Ab- 1485 1.00 £ 0.001 4947 £+ 408
sence
Traits & Abundance 1485 1.21 £ 0.317 489 £ 358
Phylogeny
Traits & Presence/Ab- 1485 1.00 £ 0.008 11459 + 2649
Phylogeny sence
Whole Abundance 4170 1.21 £ 0.287 739 £+ 631
Community
Whole Presence/Ab- 4170 1.00 £ 0.002 4962 + 406
Community  sence

Traits coefficients

Table S2 — Potential scale reduction factors (PSRF) and effective sample sizes (ESS) for traits
regression parameters (i.e gamma coefficients) estimated for the model including trait information
fitted either to abundance or presence-absence data. For further details see Fig. S13 to Fig. S14.

Number of PSRF (mean +  ESS (mean +
Model Data type coefficients sd) sd)
Traits & Abundance 60 1.08 £ 0.092 1232 £ 1209
Phylogeny
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Number of PSRF (mean £  ESS (mean +

Model Data type coefficients sd) sd)
Traits & Presence/Ab- 60 1.00 £+ 0.001 13227 + 1897
Phylogeny sence

Phylogeny coefficients

Table S3 — Potential scale reduction factors (PSRF) and effective sample sizes (ESS) for rho
regression parameters (i.e phylogeny coefficient) estimated for the two models including phyloge-
netic information (TrPh and Ph).

Model Data type Number of coefficients PSRF ESS

Phylogeny Abundance 1 1.07 649

Phylogeny Presence/Ab- 1 1.00 9349
sence

Traits & Phylogeny Abundance 1 1.15 757

Traits & Phylogeny Presence/Ab- 1 1.00 5000
sence

Link between model convergence and species response curves
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Figure S5 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS ; right panel) for Beta regression parameters
(i.e environmental coefficients) estimated for the benchmark model fitted with abundance data.
For PSRF, values greater than 1.2 (dotted red line) indicate potential convergence issues. ESS
estimates the number of independent samples used to estimate each parameter (the more the
better).
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Figure S6 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS; right panel) for Beta regression parameters
(i.e environmental coefficients) estimated for the benchmark model fitted with presence/absence
data. For further details see Fig. S5.
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Figure S7 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS; right panel) for Beta regression parameters

(i.e environmental coefficients) estimated for the phylogeny model fitted with abundance data.
For further details see Fig. S5.
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Figure S8 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS; right panel) for Beta regression parameters
(i.e environmental coefficients) estimated for the phylogeny model fitted with presence/absence
data. For further details see Fig. S5.
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Figure S9 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS; right panel) for Beta regression parameters
(i.e environmental coefficients) estimated for the traits € phylogeny model fitted with abundance
data. For further details see Fig. S5.
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Figure S10 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS; right panel) for Beta regression parameters
(i.e environmental coefficients) estimated for the traits € phylogeny model fitted with presence/ab-
sence data. For further details see Fig. S5.
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Figure S11 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS; right panel) for Beta regression parameters
(i.e environmental coefficients) estimated for the whole community model fitted with abundance

data. For further details see Fig. S5.

100



Appendix

400

30

300

20

10

100

Density
N
o
o

1.00 1.05 1.10 1.15 1.20 500 1000 3000 5000
PSRF ESS

Figure S12 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS; right panel) for Beta regression parameters
(i.e environmental coefficients) estimated for the whole community model fitted with presence/ab-
sence data. For further details see Fig. S5.
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Figure S13 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS ; right panel) for Gamma regression parame-
ters (i.e coefficients associated with trait-environment interactions, modeling how species traits
influence their niches) estimated for the traits € phylogeny model fitted with abundance data.
For further details see Fig. S5.
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Figure S14 — Density curves of potential scale reduction factors (PSRF see BROOKS et GELMAN
(1998) ; left panel) and effective sample sizes (ESS ; right panel) for Gamma regression parame-
ters (i.e coefficients associated with trait-environment interactions, modeling how species traits
influence their niches) estimated for the traits & phylogeny model fitted with presence/absence
data. For further details see Fig. S5.
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Figure S15 — Distribution of the Potential scale reduction factors (PSRF) as a function of the
different shapes of the response curves classified following the methodology proposed by RIGAL
et al. (2020) methods (see section “Assessing model performance and interpretability” for more
details on the calculation methodology). Results for models fitted with abundance data.
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Figure S16 — Distribution of the Potential scale reduction factors (PSRF) as a function of the
different shapes of the response curves classified following the methodology proposed by RIGAL
et al. (2020) methods (see section “Assessing model performance and interpretability” section
for more details on the calculation methodology). Results for models fitted with presence/absence

data.
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Appendix C - Complementary Results
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Figure S17 — Comparison of explanatory (left column ; Train set) and predictive (right column ;
Test set) performance capacities of the different model structures fitted on presence/absence (top
panels) or abundance (bottom panels) data
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Figure S18 — Mean predicted abundances as a function of mean observed abundances in the
training dataset. Fach species is represented by a dot, the error bars on each point indicate the
standard error around the mean relatively to each axis.
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Test Dataset
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Figure S19 — Mean predicted abundances as a function of mean observed abundances in the
training dataset. Fach species is represented by a dot, the error bars on each point indicate the
standard error around the mean relatively to each axis.
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Relative change in RMSE of the WhC model compared to the Benchmark model
£
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Figure S20 — Relationship between the relative improvement in RMSE for the WhC model com-
pared to Bench model and the mean abundance of species in the training dataset. Each dot
represents a species. The blue line represents a fit obtained from a LOESS regression.
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Relative change in RMSE of the WhC model compared to the Benchmark model
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Figure S21 — Relationship between the relative improvement in RMSE for the WhC model com-
pared to Bench model and the mean occurrence of species in the training dataset. Each dot
represents a species. The blue line represents a fit obtained from a LOESS regression.
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Figure S22 — Comparison of model performances with regards to their ability to predict community
structures when fitted with presence/absence data for the train (purple) and test (yellow) dataset.
The left column indicates for each model the difference between the pairwise dissimilarities
computed on the observed assemblages and those computed on the predicted community. The
right column presents the differences in species richness between the observed and predicted
assemblages.
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Figure S23 — Comparison across the four alternative model structures of the total amount of
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variance of each species (along the x-axis) that is explained by (1) the environmental variables
(Environment) and (2) the three random effects (Random,). Results are presented for the models
fitted with abundance (left) and presence/absence (right) data. Species are ordered by increasing
order of total variance explained by the benchmark model.
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Figure S24 — Comparison across the four alternative model structures of the fraction of variance of
each species (along the x-axis) that is explained by (1) the environmental variables (Environment)
and (2) the three random effects (Random). Results are presented for the models fitted with
abundance (left) and presence/absence (right) data. Species are ordered by decreasing order of
variance explained by the environment for the benchmark model.
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Figure S25 — Same figure as Fig. 4 in the main text for models fitted on abundance data. Number
(y-azis) and proportion (indicated above individual bars, rounded to the nearest integer) of
response curves (i.e. one for each species-predictor combination) according to the nomenclature
(nine shapes highlighted by the black curve in each panel) defined by RIGAL et al. (2020). Results
are presented for different model structures : from left to right the Benchmark (Bench), the
phylogeny (Ph), the traits & phylogeny (TrPh), and the whole community (WhC) models. Each
bar is coloured by the relative contribution of each environmental covariate to this particular
shape. For illustrative purposes, note that the scale of variation on the y-axis differs across
panels.
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Figure S26 — Same figure as Fig. 4 in the main text but for models fitted to presence/absence
data. Number (y-axis) and proportion (indicated above individual bars, rounded to the nearest
integer) of response curves (i.e. one for each species-predictor combination) according to the
nomenclature (nine shapes highlighted by the black curve in each panel) defined by RIGAL et al.
(2020). Results are presented for the different structures : purple for the Benchmark (Bench),
yellow for phylogeny (Ph), red for traits & phylogeny (TrPh), and green for whole community
(WhC) model.
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Figure S27 — Same figure as Fig. S25 but for models fitted on presence/absence data. Number (y-
azxis) and proportion (indicated above individual bars, rounded to the nearest integer) of response
curves (i.e. one for each species-predictor combination) according to the momenclature (nine
shapes highlighted by the black curve in each panel) defined by RIGAL et al. (2020) for different
presence/absence model structures. Fach bar is coloured by the relative contribution of each
environmental covariate to this particular shape. For illustrative purposes, note that the scale of
variation on the y-axis differs across panels.
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Figure S28 — Relationship between species’ position along the first axis of the fuzzy PCA (sessile
microphagous-mobile macrophagous gradient) and the different environmental variables used in
the models (fitted with abundance data in the left panel, and with presence/absence data in the
right panel). Relationships are derived from the regression coefficients estimated for the PhTr
model (y coefficients in HMSC'; OVASKAINEN et ABREGO (2020)).The lines are fitted quadratic
regressions representing the average response across the different species. As an example of
interpretation, the red lines in both graphs indicate that sessile microphagous species are more

negatively influenced (lower abundance, low probability for presence) by fetch than macrophagous
mobile species.
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Figure S29 — Same figure as Fig. 5 in the main text but for models fitted on presence/absence
data. (A) Comparison of residual correlations associated with the three random effects estimated
by the Whole Community Model (y-azis) and the Benchmark model (x-axis). The colour scale
highlights the density of points in each scatter plot. (B) Distribution of the index measuring
change in sign (sign change left to the zero line, no change to the right) and magnitude (higher
departure from the zero line indicate higher difference) between residual correlations estimated
by the whole community model and the benchmark model for the three random effects (Habitat,
Site, Year).
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CHAPITRE 3

From local seafloor imagery to global
patterns in benthic habitats :
contribution of citizen science to
habitat classification across latitudes

Préambule

Le Chapitre 1 a permis de mettre en évidence deux limites majeures de l'application
des jJSDM (Joint Species Distribution Models) pour comprendre la structure des commu-
nautés et le role sous-jacent des habitats. Premierement, que ce soit sur des données de
présence/absence ou bien d’abondance, le framework de jSDM testé ici présentait des
performances de prédiction de la biodiversité faible, limitant grandement ses capacités
d’extrapolation spatiales et/ou temporelles. Deuxiémement, le jSDM étudié dans le cha-
pitre précédent nécessitait une importante puissance de calcul pour ajuster aux 99 especes
les plus de 16 000 parametres nécessaires tout en leur assurant une convergence suffisante
des estimations de parametres. Ainsi, son application sur un jeu de données plus consé-
quent du Reef Life Survey, avec une communauté faunistique de plus de 3 000 taxons,
nous a semblé limiter son potentiel pour analyser un tel jeu de données a 1’échelle globale.
De plus, dans un projet antérieur focalisé sur 1'usage des jSDM pour I'inférence de réseau
de co-occurrence des especes benthiques (VIOLET, 2020), nous avons fait face a des incer-
titudes méthodologiques pour caractériser de maniere robuste les réseaux d’interactions
potentiels. En effet, les réseaux reconstitués avaient été soumis aux jugements d’un panel

d’experts benthologues dont les avis discordants n’ont pas permis de valider la véracité des
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interactions identifiées. C’est pourquoi pour mieux comprendre comment les habitats bio-
géniques structurent les communautés associées a 1’échelle mondiale, nous avons changé
de stratégie et nous avons adopté la méthode “agréger, puis prédire” suggérée par FERRIER
et GUISAN (2006). L'objet central de ce chapitre réside dans 'application d’'une méthode
de groupement peu appliquée en écologie afin d’identifier différents états d’habitats. Le

chapitre 3 completera cette partie d’agrégation des données par une partie prédictive.

Les particularités des données écologiques et notamment celles issues de sciences parti-
cipatives (hétérogénéité, bruit dans les données, relations non-linéaires entre les variables
d’un écosysteme, etc.) limitent la pertinence de certaines méthodes de groupement (p. ex.
k-means, classification hiérarchique a lien simple complet, ou selon la méthode de Ward)
classiquement utilisées en écologie (Fig. 3.1). Nous avons utilisé dans ce chapitre une nou-
velle approche de groupement pour (1) distinguer différents états d’habitats biogéniques a
partir de données issues des sciences participatives (2) identifier des habitats iconiques, et
(3) éventuellement détecter des transitions entre différents types d’habitats. Ce chapitre
a également pour but d’étudier la distribution de ces états d’habitats a I’échelle du globe

pour valider ou non les groupes iconiques identifiés.

En amont de ce chapitre, j'ai étudié le comportement de plusieurs combinaisons de mé-
thodes de réductions de dimensions, ainsi que de groupement (Fig. 3.1) ce qui a orienté le
choix pour ce Chapitre 2 vers une méthodologie qui combine un algorithme de réduction
basé sur le principe des graphes de voisinage (UMAP ; MCINNES et al. (2020)), et une mé-
thode de groupement basée sur la densité (HDBSCAN ; MOULAVI et al. (2014) ; MCINNES
et al. (2017)). En appliquant cette méthode a des données estimant le pourcentage de
couverture de différents habitats sur la base des photoquadrats obtenus sur plus de 6 500
transects réalisés en plongée par des volontaires du programme Reef Life Survey, nous
avons identifié 17 états d’habitats. Certains de ces habitats représentent des états d’ha-
bitats benthiques iconiques comme les foréts de laminaires ou des herbiers marins, alors
que d’autres représentent des états d’habitats considérés comme dégradés, par exemple

les états dominés par la présence d’algues gazonnantes.

Ce chapitre de these a déja fait l'objet d’'une communication orale “Predicting reef
state and regime shift risk using machine learning and the Reef Life Survey” au 13th
International Temperate Reefs Symposium 2023. Ce chapitre devrait étre prochainement

proposé pour publication au journal Global Ecology and Biogeography.

122



3.1. Abstract
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Figure 3.1 — Comparaison de différents algorithmes de groupement utilisés en écologie (en co-
lonne ; a savoir k-means, Ward, groupement lien complet ou lien simple, DBSCAN ou HDBS-
CAN) sur différents jeux de données simulés en deux dimensions (en ligne). Les jeuz de données
des deux premieres lignes contiennent deux groupes, les trois derniers en contiennent trois.

3.1 Abstract

Aim : The aim of this study was to define reef benthic habitat states and explore their

spatial and temporal variability at a global scale using an innovative clustering pipeline.
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Location : The study uses data on the transects surveyed on shallow (< 20m) reef

ecosystems across the globe.
Time period : Transects sampled between 2008 and 2021.
Major taxa studied : Macroalgae, sessile invertebrates, hydrozoans, seagrass, corals.

Methods : Percentage cover was estimated for 24 functional groups of sessile biota and
substratum from annotated underwater photoquadrats taken along 6,554 transects by
scuba divers contributing to the Reef Life Survey dataset. A clustering pipeline combi-
ning a dimension-reduction technique, Uniform Manifold Approximation and Projection
(UMAP), with Hierarchical Density-Based Spatial Clustering of Applications with Noise
(HDBSCAN), was used to identify benthic habitat states. Spatial and temporal variation

in habitat distribution was then explored across ecoregions.

Results : The UMAP-HDBSCAN pipeline identified 17 distinct clusters representing
different benthic habitats and gradients of ecological state. Certain habitat states dis-
played clear biogeographic patterns, predominantly occurring in temperate regions or
tropical waters. Notably, some reefs dominated by turf algae, were ubiquitous regardless
of latitudes. Transition zones between temperate and tropical waters emerged as spatial
hotspots of habitat state diversity. Temporal patterns revealed, changes in the proportion

of certain states showing variations over time, notably an increase in turf algae occurrence.

Main Conclusions : The UMAP-HDBSCAN clustering pipeline effectively characterised
fine-scale benthic habitat states at a global scale, confirming known broader biogeographic
patterns, including the importance of temperate-tropical transition zones as hotspots of
habitat state diversity. This fine-scale, yet broadly-scalable habitat classification could be
applied as a standardised template for tracking benthic habitat change across space and
time at a global scale. The UMAP-HDBSCAN pipeline has proven to be a powerful and
versatile approach for analysing complex biological datasets and can be applied in various

ecological domains.

3.2 Introduction

Benthic habitats contribute to marine coastal ecosystems functioning and the services

they provide (BARBIER et al., 2011). More specifically, they contribute to shoreline protec-
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tions (BARBIER, 2017), carbon sequestration (FOURQUREAN et al., 2012), support commer-
cial fisheries (BARBIER, 2017) and host diverse species and communities (SUNDAY et al.,
2017). As modifiers to abiotic substrates, foundation species, such as kelp, seagrass, and
corals engineer biogenic habitats that contribute to specific functions of coastal ecosys-
tems (ELITH & LEATHWICK, 2009). For instance, the tridimensional structure of coral reefs
can shelter fish assemblages from predators (Hixon & BEETS, 1993); seaweed or mussel
beds can buffer environmental conditions (JURGENS et al., 2022 ; WHITAKER et al., 2023);
and kelp forests are both habitat and food sources for various fish and invertebrate spe-
cies (EDGAR et al., 2004). Thus, changes in coastal benthic habitats have direct cascading

consequences on marine ecosystem structure, functioning and services.

Being hotspots of human activity, coastal ecosystems can be adversely affected by mul-
tiple anthropogenic stressors (BOWLER et al., 2020 ; HALPERN et al., 2019). Global climate
change can also lead to fast changes in coastal abiotic conditions (BURROWS et al., 2014 ;
BOWLER et al., 2020). The impact of these multiple stressors on benthic communities and
ecosystems are mostly mediated by the response of biogenic habitats like kelp, seagrass, or
coral (HARLEY et al., 2006 ; ROCHA et al., 2015b). For example, in the vicinity of urban areas,
eutrophication can induce the replacement of kelp forests by turf algae (FILBEE-DEXTER
& WERNBERG, 2018 ; PESSARRODONA et al., 2021), marine heatwaves can lead to coral blea-
ching, and their intensification in magnitude and frequency can induce long-term decline
in tropical coral reefs (BELLWOOD et al., 2004), and overfishing of herbivorous fish in these
reefs can lead to the overgrowth of macroalgae on top of coral reefs (HUGHES et al., 2007).
Hence, habitat changes are amongst the greatest symptoms of anthropogenic impacts on
shallow marine systems, with large consequences for marine biodiversity (ROCHA et al.,
2015a). As anthropogenic stressors on marine ecosystems tend to increase and diversify
(HALPERN et al., 2019), habitat changes will likely become more frequent in the future
at a global scale (CONVERSI et al., 2015). Yet, both the drivers of habitat change and its
consequence on biodiversity remain largely understudied in marine ecosystems (MAZor
et al., 2018).

Detecting and anticipating future habitat changes in benthic ecosystems requires a
thorough understanding of the current state and distribution of benthic habitats and
characterising of underlying drivers across multiple scales. Currently, detailed knowledge
of habitat distribution is mostly local, i.e. at scales ranging from study sites (10 m -
100 m) or bay (100 m - 10 km) up to regions (10 km - 100 km) (e.g. ROBERT et al.
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(2015) ; WICAKSONO et al. (2019)), for instance using remote sensing, acoustic surveys,
or rather local monitoring of abiotic conditions and communities (CosTELLO, 2009). At
larger scales, habitat distribution maps are largely based on physical, geomorphological
and biogeochemical ocean properties (e.g. BROWN et al. (2011); LECOURS et al. (2015);
SONNEWALD et al. (2020)). At such scales, habitat maps either disregard biogenic habitats or
remain species-specific. Indeed, studies that focus on biogenic habitat distribution tend to
consider specific habitat-formers independently (Assis et al., 2020 ; MCKENZIE et al., 2020)
and rarely provide information on community composition. Large-scale seafloor habitat
maps of either abiotic, or biogenic features also tend to integrate data over large timescales
(e.g. decades). Their aim is rather to provide a static picture of the potential distribution
of these habitats than to infer changes in habitat states and distribution. Knowledge
of benthic habitat changes thus remains highly regional (e.g. CATTANO et al. (2020)). In
that context several global studies have collated heterogeneous regional monitoring data
to document changes in emblematic habitat-formers, such as seagrass spp. (WAycoTT
et al., 2009; DUNIC et al., 2021), kelp beds (KRUMHANSL et al., 2016 ; FILBEE-DEXTER &
WERNBERG, 2018) or coral reefs (EpDY et al., 2021). Yet, these independent studies on
specific habitat-formers are not sufficient to gain a comprehensive understanding of how
the seafloor habitat mosaic has changed over the last decade at a global scale and how
it is now changing in the face of anthropogenic pressures. Our understanding of current
changes in seafloor habitat mosaic is impeded by the lack of large-scale, standardised,

data-driven definition and maps of benthic habitat and their potential states.

Identifying changes in benthic habitat states through space and time requires a stan-
dardised workflow from data collection through to systematic statistical discrimination
between habitat states. In this study, we aim to develop a data-driven pipeline that distin-
guishes different iconic benthic habitats observed spatially, and apply this to characterise
stepwise changes in habitat ecological states through time. Because scientific monitoring
programmes are often expensive (EDGAR et al., 2016) and restricted in their spatial and/or
temporal coverage (RHODES et al., 2015), participatory science programmes have emer-
ged as valuable means to increase monitoring programme coverage and resolution. In this
study, we leverage the benefits of a citizen science program to characterise benthic habitat
states at the global scale and overcome the limitations of traditional scientific programs.
The Reef Life Survey (RLS) relies on standardised diver-based 50-metre-long transects
to estimate fish and invertebrate species abundance as well as image-based percentage

cover of coastal benthic habitats (EDGAR & STUART-SMITH, 2014a). Estimates of habitat
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percentage cover have already proven useful for defining habitat states at a regional scale
through the use of unsupervised machine learning techniques (CRESSWELL et al., 2017;
PELLETIER et al., 2020). However, the methods proposed in these previous studies come
with a number of limitations when upscaling these approaches at a global scale. In par-
ticular, the occurrence and abundance of habitat-forming species are expected to show
non-linear responses to environmental changes (OKSANEN & MINCHIN, 2002), especially
across large environmental gradients. Still, the clustering algorithm used for CRESSWELL
et al. (2017) and PELLETIER et al. (2020) are not adapted to take into account the non-linear

nature of the dominance patterns between different habitat-forming species.

Hence, we applied a new workflow, combining two algorithms to overcome these chal-
lenges : (1) Uniform Manifold Approximation and Projection (UMAP) a novel dimension
reduction technique preserving complex nonlinear structures and patterns (MCINNES et
al., 2020), (2) and the Hierarchical Density-Based Spatial Clustering of Applications with
Noise algorithm (HDBSCAN) that can identify clusters of varying shapes and sizes while
filtering out outlier noise (CAMPELLO et al., 2013 ; MCINNES et al., 2017). While previous eco-
logical studies have successfully applied both UMAP for dimension reduction (MILOSEVIC
et al., 2022) and HDBSCAN for food web classification (OHLSSON & EKLOF, 2020), our
study represents a novel application to coastal marine habitats. We interpret classifica-
tion results by combining the latest SHapley Additive exPlanations (SHAP ; LUNDBERG et
LEE (2017)) framework with visual inspections of photoquadrats associated with the most

representative transects of the different clusters.

Therefore, the aim of this study is to characterise coastal benthic habitat states using a
UMAP-HDBSCAN pipeline on the RLS habitat dataset. Using this pipeline, we identify
and classify benthic habitat states at a global scale and characterise their spatial and

temporal variability across biogeographical gradients as well as within bioregions.

3.3 Materials & Methods

We used a UMAP-HDBSCAN pipeline to cluster the global RLS benthic habitat da-
taset. In the following sections, we sequentially describe : (1) the data used in this study,

(2) the clustering pipeline, (3) the interpretation of the identified clusters.
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3.3.1 Data

Reef Life Survey photoquadrat dataset

The RLS (http://www.reeflifesurvey.com/) is a hybrid citizen science/professional re-
searcher program monitoring reef communities around the world using scuba-diving visual
census. Details about the survey methods, including protocols, diver training, data qua-
lity assurance and data management, are covered by EDGAR et STUART-SMITH (2014b).
Here, we used estimates of relative cover of benthic habitats derived from in situ digital
photoquadrats : along standardised 50 m transect, 20 photoquadrats, which each approxi-
mately covers 0.3 m x 0.3 m, are collected every 2.5 m (EDGAR et al., 2020). Images are
then annotated using point counts on the Squidle+ (https://squidle.org/) platform to es-
timate the percentage covers of about 50 substratum types and functional groups, based
on the CATAMI benthic imagery classification scheme (ALTHAUS et al. (2015) ; for further
details, see EDGAR et al. (2020)). Based on RLS specialists’ expertise, these 50 original
benthic habitat categories (see Appendix A, Table 1 in Supporting Informations) were
grouped into 24 broader categories (Table 3.1) that more consistently capture the range

of dominant coastal substratum available along RLS transects at the global scale.

We extracted the RLS photoquadrat dataset on 24 January 2023. From the original
8,154 transects, we removed partially scored transects. For transects annotated multiple
times on Squidle+ across various research projects, mean percentage cover estimates were
considered. After fully curating the dataset, the photoquadrat dataset consisted of 6,554
transects across 2,249 sites over the world. All subsequent analyses were performed at the

transect level to consider local-scale variation in the state of benthic habitats.

Table 3.1 — Description of the 24 categories used in this study to overall capture the diversity of
habitat types sampled by Reef Life Surveys worldwide. The 50 original RLS categories were lum-
ped into these 24 categories that represent ecologically-consistent groups associated with different
levels of structural complexity.

Habitat Categories  Description

FErect algae
Large canopy forming Large overstorey algae forming a canopy, including kelps or
algae large fucoids
Bushy Fucoid like Robust vertical leaf-liked shaped brown algae
Other Brown algae Thick or thin-sheet like vertical algae
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Habitat Categories

Description

Red algae

Green algae

Geniculate coralline
algae

Green calcified algae

Crustose coralline
algae

Encrusting algae

Filamentous algae

Turf algae

Seagrass

Encrusting corals
Branching coral
Foliose/Plate corals

Massive corals

Large-polyp stony
corals
Soft corals and
gorgonians
Calcareous
hydrocorals and
octocorals
Other sessile

invertebrates

Dead coral

Foliose vertical red algae
Thin-sheet like, thick, or ribbon-like, vertical growth algae
FErect calcareous algae

Red vertical calcified segmented algae

Small calcified green algae
Encrusting algae

Red algae forming a small calcified crust over hard substrate

Algae forming a leathery crust over a substrate
Mat-forming Algae
Filamentous algae, epiphyte or rock-attached
Fine and mat-forming filamentous algae growing on hard
substrate
Plant
Vertical ribbon-like marine plant
Sessile invertebrates
Stony corals forming a crust over hard substrate
Branching coral forming large colonies
Stony corals forming tabular or foliaceous colonies
Stony corals characterised by large, ball- or boulder-shaped
colonies with a compact structure

Large lobed stony coral, usually free-living
Soft coral or gorgonian in the sub-class Octocorallia

Branching or foliaceous coral-like

Habitat-forming sessile invertebrates (e.g. sponges, ascidians,
bryozoans or molluscs) excluding corals
Seabed Materials

Dead attached coral skeleton

129



Chapitre 3 — From local seafloor imagery to global patterns in benthic habitats :
contribution of citizen science to habitat classification across latitudes

Habitat Categories  Description

Bare rocky substrate  Bare rock

Unconsolidated Gravel, shell, coral rubble
substrate
Sand Sand and fine sediments

3.4 Clustering pipeline

To account for non-linear, high-dimensional and complex nature of the ecological data,
we combined a graph theoretical dimension reduction technique and a density-based clas-
sification technique, which has successfully identified ecoprovinces using biogeochemical
ocean data at a global scale (SONNEWALD et al., 2020). Among the set of methods available,
we have chosen the UMAP algorithm (McINNES et al., 2020) and the HDBSCAN algo-
rithm (CAMPELLO et al., 2013 ; MCINNES et al., 2017) for dimension reduction and clustering,

respectively.

3.4.1 Dimension reduction - UMAP

The UMAP algorithm is a non-linear reduction technique (MCINNES et al., 2020). Un-
like more traditional methods applied in ecology such as Principal Component Analy-
sis (PCA), UMAP preserves both the local structure (preserving the distance between
neighbouring points) and the global structure (preserving the distances between the most
different points) of the raw dataset (MCINNES et al., 2020). These two key properties have
been proven useful for reducing the dimension of complex genomic (DORRITY et al., 2020),
or ecological (MILOSEVIC et al., 2022) data prior to clustering. UMAP reduces the di-
mensionality of a dataset by first creating a high-dimensional graph that connects each
data point to its k-nearest neighbours. Then, UMAP produces a low-dimensional repre-
sentation of this high-dimensional graph that reflects the original dataset (McCINNES et
al., 2020). UMAP requires a distance matrix to construct the initial k-nearest-neighbour
graph. Here, we applied the Chord transformation to standardise percentage cover data
as relative cover per transect before computing euclidean distances between transects
(LEGENDRE & GALLAGHER, 2001). In addition to the choice of a suitable distance metric,

two UMAP hyperparameters can influence dimension reduction. The first one is the num-
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ber of neighbours n_ neighbors to consider when creating the k-nearest neighbour graph.
Low n_ neighbors values will allow the embedding to preserve more of the local structure
of the original distance matrix and larger ones will preserve more of the global structure
(MCINNES et al., 2020). The second parameter is min__dist, which controls the packing den-
sity at which UMAP is allowed to clump similar points in the reduced dimensional space.
A high value of min_ dist will tend to preserve the overall topological structure of the
data, while a low value allows UMAP to clump closely similar points on the embedding.
The value of n_neighbors has been tuned in this study, while the value of min__ dist has
been set to 0.0, since this value allows densification of the low-dimensional representation
of the dataset, which is important before using a density-based classification algorithm

(VERMEULEN et al., 2021).

3.4.2 Clustering - HDBSCAN

After embedding our data into a two-dimensional space, we clustered the generated pro-
jections of the data with the unsupervised hierarchical density-based clustering HDBS-
CAN algorithm that can provide both hard (i.e. samples are exclusively assigned to a
single cluster) and soft (i.e. samples are assigned probabilities of belonging to the dif-
ferent clusters) clustering solutions. In addition to identifying clusters of various shapes
and density from a dendrogram, this algorithm comes with several advantages in ecology
both in terms of classification and interpretation:it can exclude noisy observations, which
do not get assigned to any clusters, and can also highlight most representative members

of each cluster (CAMPELLO et al., 2013 ; MCINNES et al., 2017).

The HDBSCAN clustering algorithm involves a few core steps. First, it computes the
core distance for the k-nearest neighbours for all points in the dataset. Then, it computes
the extended minimum spanning tree from a weighted graph, where the edges are weighted
by the distance between two points while taking into account the density of points around
them. Then, HDBSCAN builds a hierarchy from the extended minimum spanning tree by
cutting it at different levels of density. If the cut results in the creation of clusters smaller
than the minimal number of observations set by the user min_ cluster_size, all points
members of these clusters are declared as noise by the algorithm. The algorithm stops
when it declares all points as noise and returns to the user a tree-like structure where
each node corresponds to a cluster varying in shape and density (CAMPELLO et al., 2013;
MCINNES et al., 2017). In this study, we tuned only one parameter for HDBSCAN : the
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min__cluster__size, controlling for the minimal number of observations required to form a

cluster and used the default parameters otherwise.

3.4.3 Evaluation of the clustering output

For this pipeline, we search the best combination of hyperparameters for both UMAP
(n__neighbors) and HDBSCAN (min__cluster _size) using a complete grid search. We ex-
haustively explored results sensitivity to the two hyperparameters from 10 to 500 resulting
in 241,081 models evaluated. The best combination was found by optimising both the qua-
lity of the embedding and the clustering, using two criteria. The UMAP embedding was
evaluated with the trustworthiness metric (VENNA & Kaski, 2001), ranging from 0 to 1
(the higher the index the more the local structure of the original data is preserved). The
quality of the clustering was evaluated with the DBC'V, which measures both compactness
within and separations between clusters (MouLavl et al., 2014). The DBCV index, which
ranges between -1 and 1, is appropriate to asses the quality clusters with varying shapes

and densities (MouULAVI et al., 2014).

A previous fine-scale analysis by CRESSWELL et al. (2017) on a regional subset of this
dataset yielded nine groups of habitats. We expected to found at least that many groups
at the global scale and thus restrained our search of the best hyperparameter combinations
to the solution yielding at least the same number of cluster than CRESSWELL et al. (2017).
Among these solutions, we select the best combination of hyperparameter (n_neighbors
= 400; min_ cluster _size = 74) yielding the best performance in terms of both their
trustworthiness and DBC'V scores, while having the maximal number of clusters for a

finer granularity:.

3.4.4 Interpretation of the clusters

To interpret individual clusters identified with UMAP-HDBSCAN, we computed the
mean percentage cover of each habitat in each cluster. Then we used the SHAP framework
to further explore how potential nonlinear interactions between variables may determine
clustering outcomes (LUNDBERG & LEE, 2017). Because of the computational cost of ap-
plying SHAP to our complete pipeline, we used a classification tree (BREIMAN et al., 1984)
to approximate the clustering pipeline (i.e. predict label cluster membership based on

the raw percentage cover variables) before applying the SHAP framework (LUNDBERG &
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LEE, 2017). In order to train our classification tree, we used a stratified train-test split
to ensure that the relative frequency of each cluster label is preserved in the train and
test fold. The training and the test sets contain 80% and 20% of the data, respectively.
Then, we used a minimal cost-complexity pruning algorithm to avoid overfitting of our
classification tree (BREIMAN et al., 1984) and estimated classification error rates using the
F1-score (VAN R1IJSBERGEN, 1979). The classification error rates were satisfactory, F1-score
of 0.99 and 0.94 on the train and test sets respectively. Based on the SHAP values that
estimate the influence of each variable to cluster definition, we examined potential inter-
actions between the two most characteristic variables for each cluster by performing a
piecewise linear interpolation of the SHAP values. Finally, we completed interpretation
by extracting the photoquadrats for these transects considered by HDBSCAN as the most

representative members of their cluster.

3.4.5 Spatio-temporal distribution of benthic habitat states

We first explored the latitudinal distribution of each cluster. We also summarised their
occurrence within each of the Marine Ecoregions of the World (MEOW ; SPALDING et al.
(2007)) sampled by the RLS. In addition to examining dominant clusters per ecoregion, we
also computed the proportion of transects classified as noise, as well as the Gini-Simpson
diversity index. We chose this diversity index because it focuses on changes in dominance
patterns, more indicative of changes in landscapes and is more robust to low sampling

issues than other diversity indices (LANDE et al., 2000).

We identified sites within the RLS that had been sampled at least twice. We split our
dataset into two equal sets (corresponding to the 2008-2013 and the 2014-2021 periods)
based on the median number of transects carried out over the study period in the most
surveyed ecoregions (i.e. where more than 30 transects were performed in each period). As
a result, only five ecoregions in South-East Australia were analysed. We investigated tem-
poral changes between the two periods by comparing the proportion of habitat identified

in each ecoregion, as well as overall when pooling all five ecoregions together.

3.5 Results

Based on extensive exploring of hyperparameter space, both trustworthiness score of
0.98 4+ 0.002 (mean + sd) and DBCV score of 0.46 + 0.08 (mean =+ sd) for solution
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containning at least 9 group suggest that these solutions yield reliable clustering of the
RLS photoquadrat dataset (Annexe B Fig. S1 in Supporting Informations). Across these
best solutions, optimal number of clusters varied between 9 and 184 (22.81 4 18.37; mean
+ sd) while mean number of points classified as noise was 2,207.33 £ 364.95 (mean =+
sd). Hereafter, out of theses, we chose to focus on the single solution yielding the highest
resolution (i.e. the greatest number of clusters ; see Fig. 3.2 for a description of the habitat
states uncovered), and the smaller number of transects classified as noise (1,464 transects)
possible. This solution has a trustworthiness score of 0.98 for UMAP and a DBC'V score
of 0.60 for HDBSCAN. The number of clusters identified by this set of hyperparameters
is 17 (Fig. 3.2).

Figure 3.2 — Two-dimensional UMAP embedding of the benthic cover data of the 6,554 RLS
transects. Each point corresponds to an RLS transect, coloured according to membership for the
selected UMAP-HDBSCAN pipeline. Black dots represent points classified as noise (n=1464).
The 17 clusters can be interpreted as follows (see Fig. 3.3 and S20-36) : 1. Foliose brown
algae (n=148) 2. Filamentous algae (n=208) 3. Other Sessile invertebrates (n=185) 4. Foliose
red algae (n=123) 5. Seagrass (n=83) 6. Soft coral and gorgonians (n=98) 7. Bushy fucoids
(n=577) 8. Canopy forming algae (n=894) 9. Unconsolidated substrate (n=151) 10. Crustose
coralline and turf algae (n=286) 11. Green calcified algae (n=166) 12. Bare substrates (n=329)
13. Crustose coralline algae (n=409) 14. Sand (n=220) 15. Branching coral (n=110) 16. Turf
and sand (n=207) 17. Turf algae (n=897)

The 17 clusters identified can be summarised hereafter according to four broad groups
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(Fig. 3.3; Fig. 3.4, see Fig S2-S19 for their distribution on the globe and S20-36 for
their interpretation with SHAP framework in Supporting Informations) : (1) temperate
habitats, (2) subtropical and tropical habitats, (3) broadly-distributed habitats and (4)
opportunistic habitats (i.e. habitats with documented ecological dysfunctions - and the-
refore often habitats under strong anthropogenic influence, characterised by the presence

of filamentous algal species or turf).

Transects within temperate regions can be classified according to five major clusters
associated with contrasted dominance of sessile invertebrates, foliose red algae, seagrass,
bushy foliose algae and canopy-forming algae, as follows : cluster 3 is dominated by at
least 30% and on average 42% of sessile invertebrates. Cluster 4 is dominated by at least
40% coverage of foliose red algae. Cluster 5 is dominated by at least 30% and on average
40% seagrass. Cluster 7 is dominated by at least 20% coverage and an average of 56%
fucoid bushy algae and an absence of canopy forming algae. Cluster 8 is characterised by
a cover of at least 20% and an average of 55% of canopy forming algae with an absence

of fucoid bushy algae.

Three clusters correspond to tropical and sub-tropical habitat types. Cluster 6 which is
characterised by at least 30% and on average 37% of soft corals and gorgonians. Cluster 11
is composed of 20% coverage and an average of 35% green calcified algae. Finally cluster 15
is composed of at least 35% and on average 55% branching coral. Interestingly, this is the
only group of corals identified in the dataset given the four categories of colony-forming

corals.

Five clusters correspond to broadly-distributed habitats that can occur across both
temperate and tropical latitudes. Cluster 1 is dominated by at least 30% and on average
46% brown foliose algae. Cluster 9 is dominated by the presence of at least 30% and
on average 41% unconsolidated substrate. Cluster 12 has at least 30% and on average
42% bare substrate. Cluster 13 is characterised by 40% and on average 51% of crustose
coralline algae with an absence of turf algae. Cluster 14 has at least 30% and an average
of 53% sand without turf algae.

Finally, four clusters correspond to opportunistic habitats. Cluster 2 is in that respect
dominated by at least 30% coverage and an average of 39% filamentous algae. Clusters
10, 11 and 17 are all dominated by turf algae. Cluster 10 is composed of at least 30% and

on average 39% of turf algae and at least 20% and on average 28% of crustose coralline
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algae. Cluster 16 is characterised by the presence of at least 30% and on average 48% turf
algae and a minimum coverage of 20% and on average 26% sand. Cluster 17 is composed

of at least 40% and on average 60% turf algae with an absence of crustose coralline.

The clusters identified by the UMAP-HDBSCAN pipeline show a marked latitudinal
gradient (Fig. 3.4). Red algae, filamentous algae, fucoids, canopy-forming algae and sea-
grass are essentially distributed overall in the temperate zones across latitudes higher than
25° (Fig. 3.4). Conversely, 4 habitat states, namely soft corals and gorgonians, green calci-
fied algae, sand and turf and branching coral essentially occur in tropical latitudes (lower
than 25°) (Fig. 3.4). However, some groups are relatively ubiquitous across all surveyed
latitudes such as those associated with transects classified as noise, bare and unconsolida-

ted substrate, brown algae, crustose coralline algae with and without turf algae and turf
algae (Fig. 3.4).

The spatial distribution of transects sampled by RLS volunteers is particularly concen-
trated in Australia (Fig. 3.5 a). However, other areas such as the Caribbean, the Azores,
and French Polynesia have also been extensively surveyed with more than 50 transects
(Fig. 3.5 a). Globally, three habitat types dominate in terms of occurrences across all
surveyed ecoregions, namely bare substrate (n = 20), turf (n = 17), and canopy-forming
algae (n = 11). These three habitat types dominate in 37% of the ecoregions sampled by
the RLS (Fig. 3.5 b). Two habitat types identified by the UMAP-HDBSCAN pipeline,
seagrass and red algae, are not dominant in any of the world’s ecoregions. The patterns
of dominance of the different clusters also vary along the latitudinal gradient (Fig. 3.5
b), in line with the latitudinal distribution of each cluster (Fig. 3.4). These latitudinal
variations of dominance are visible both at a global scale, but also along certain regions.
For instance, a decrease in prevalence of sites in the canopy-forming algae cluster accom-
panies an increase in sites in the turf cluster along the coastline from southern to northern
Australia (Fig. 3.5 b).

The proportion of noisy transects is highly heterogeneous across the globe (Fig. 3.5 ¢).
Noisy transects represent 23% of all transects analysed, but are present in some areas
more than in others. For example, in the Southern California Bight (western USA), Bight
of Sofala/Swamp Coast (Eastern Africa), the Seychelles, and in Three Kings-North Cape
(northern New Zealand), at least 60% of transects are classified as noisy (Fig. 3.5 c).

While these four ecoregions share in common a low number of transects sampled (Fig. 3.5
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of the mean substrate coverage (rounded to the nearest integer) for each cluster identified by the

Figure 3.3 — a. HDBSCAN
UMAP-HDBSCAN pipeline.
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Figure 3.4 — Violin plot of the absolute latitudinal distribution of the different hard cluster
solutions.

a), no significant correlation was found between the proportion of transects classified as
noisy and the number of transects done in each ecoregion (Txengan = 0.05, p = 0.54; Fig.
S37 Supporting Information). Moreover, 12 ecoregions sampled out of the 83 by the RLS

had no transects that were classified as noisy (Fig. 3.5 ¢).

Areas with the highest diversity of habitat types, based on both the number of clusters
occurring and on their relative proportions in the ecoregions, are concentrated in eastern
and western Australia, as well as in the Caribbean and the Tuamotus (Fig. 3.5 d). Areas
with the lowest Gini-Simpson values are the Southern California Bight (western USA)
and Bight of Sofala/Swamp (eastern Africa) Coast with a Gini index of 0 (Fig. 3.5 d). It
should be noted, nevertheless, that there is a weak correlation between the Gini-Simpson
index and the number of transects carried out in the ecoregion (Tkengan = 0.29, p < 0.001;

Fig. S38 in Supporting Information).

At a finer spatial scale, it is also possible to identify spatial and temporal transitions
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in the occurrence of the different clusters (Fig. 3.6). Along spatial gradients, clusters
classified as noise may be a sign of the presence of an ecotone, as in the Cape Howe region
in southeastern Australia (Fig. 3.6 b). These transects classified as noise separate an area
with transects classified as bare substrate/crustose coralline algae to the north from an

area to the south with transects classified as canopy forming algae and red algae (Fig. 3.6
b).

The relative proportion of the different clusters is overall stable overtime when compa-
ring the early and the late 2010s. In this temperate zone, the most predominant cluster
remains the canopy forming algae, followed by transects classified as noise (Fig. 3.6 ¢).
Noticeable changes between the two periods include : the proportion of transects classified
as sand decreased from 10% to below 8%, while the proportion of transects classified as
turf increased from 7% to exceed 10% (Fig. 3.6 ¢ & d). Transects classified as turf or crus-
tose coralline and turf or sand and turf, represented approximately 16% of the clusters
between 2008-2013 and increased to nearly 19% for the period 2015-2021. The proportion
of transects classified as bare substrate declined from approximately 5% in 2008-2013 to
only 1% of the transects in 2015-2021.
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3.6 Discussion

The UMAP-HDBSCAN clustering pipeline identified 17 distinct clusters within all the
RLS transects performed globally across a range of coastal temperate and tropical regions.
Within these groups, we found different biogenic habitats whose distribution patterns
match with current biogeographic knowledge of benthic ecosystems : for example, bushy
fucoid-like algae, and canopy-forming algae predominantly occur in temperate waters
(Assis et al., 2020 ; JAYATHILAKE & COSTELLO, 2020), while soft corals and gorgonians, and
branching coral are more frequent in tropical waters (JONES et al., 2019 ; WIRABUANA et al.,
2019). Our analysis also highlights habitat types that occur across the globe, including
(1) different granulometric facies like sand, unconsolidated substrate, and bare substrate,
as well as (2) different habitat types dominated by low-profile algae , such as crustose
coralline algae or turf algae. The latter are known to occur across the globe and can

dominate benthic substrates in diverse conditions (CONNELL et al., 2014 ; LU et al., 2018).

In addition, this classification also distinguishes between different ecological states of
these habitats (hereafter refers to as “habitat state”), including known alternative suc-
cessional stages, or different degradation states of these habitats (Fig. 3.7). For example,
the clusters crustose coralline algae, crustose coralline algae and turf and turf provide
an interesting template to describe the habitat transitions described in CORNWALL et al.
(2023), which suggests that a shift from crustose coralline algae to turf domination re-
duces reef carbonate production. Similarly, the clusters branching coral, turf and sand
and turf can be used to describe and quantify in a standardised manner the transitions
between corals and turf dominated habitats that are occurring more frequently due to
anthropogenic pressures (JOUFFRAY et al., 2015). Fig. 3.6 b also illustrates the occurrence
along the southeastern Australian coastline of alternative ecological states on temperate
reefs, where dense macroalgal canopies dominated by Ecklonia radiata (here large canopy-
forming algae), can shift to extensive barrens (here bare substrate or crustose coralline
algae) following destructive grazing by the long-spined sea urchin Centrostephanus rod-
gersii (LING et al., 2009). Thus, our approach can classify reef cover data collected across
the globe with the RLS protocol into an ecologically sound template to explore common

reef habitat transitions under anthropogenic pressures (DONOVAN et al., 2018).

Certain of the habitat states identified here on the global RLS dataset match well with
the habitat states previously identified by CRESSWELL et al. (2017), who applied another
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JOUFFRAY et al. (2015) and CORNWALL et al. (2023).

clustering approach to an Australian subset of the RLS dataset. In particular, some of
our groups (i.e. canopy forming algae, turf algae, filamentous algae and branching coral),
match well with four out of the nine habitat states identified by CRESSWELL et al. (2017)
(i.e. "Canopy algae”, “Turf”, “Epiphytic filamentous algae—caulerpa” and “Coral”; see
Table 1 in CRESSWELL et al. (2017) for a detailed description of their habitat states and
Fig. 3.3 b in this paper for comparison). Furthermore, we identified more finely-resolved
habitat states here relative to the classification proposed by CRESSWELL et al. (2017). The
clusters crustose coralline algae and bare substrate identified here are amalgamated into a
single “Barren” cluster in CRESSWELL et al. (2017), while the clusters red algae and other
brown algae further detail what CRESSWELL et al. (2017) identified as one single “Foliose

algae” group. Thus, our large-scale spatial approach overall confirms the habitat types
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defined by CRESSWELL et al. (2017) while to some extent providing a more nuanced dis-
tinction between similar habitats. Nevertheless, our analysis only managed to capture one
type of coral reef, contrary to what we might have expected, but there may be several
reasons for this result. The proportion of coral cover within coral reefs exhibits signifi-
cant variability, as indicated by (DE’ATH et al., 2012), although multiple sub-categories
of coral have been merged together to circumvent this issue (see Appendix A Table S1).
Additionally, the morphological diversity of these reefs is extensive, with variations in
surface areas (ZAWADA et al., 2019). Such variability might elucidate why a singular group
of corals, Branching coral is found as a group, since some species of Acropora spp. are
able to establish colonies with expansive surface areas. Hence, our data-driven approach
yields a finely resolved classification that comprises typical benthic habitats (e.g. seagrass
meadows, coral reefs, kelp forests) that are common across all major seafloor habitat

classification scheme (e.g. European Nature Information System; BAJJOUK et al. (2015)).

Our global classification of the RLS data highlights hotspots of diversity in terms of
benthic habitats and habitat states. Four ecoregions in particular, the Eastern (Manning-
Hawkesbury ecoregion) and Western Australia (Houtman ecoregion), the Caribbean, and
the Tuamotus Archipelago, showed a high diversity of habitat types (considering both
richness and evenness). The high diversity of habitat types we report in the Caribbean
and in the Tuamotus Archipelago potentially contribute to explain the high marine diver-
sity of reef fishes reported in these tropical coral reefs, despite their small area at a global
scale (COWMAN et al., 2017). In the transition zones between temperate and tropical wa-
ters, such as the Manning-Hawkesbury or the Houtman ecoregions in eastern and western
Australia respectively, the high diversity of benthic habitat types we observe could be
explained by a high diversity of foundation species. Indeed, high biodiversity is typical of
transitional environmental conditions where ecological niches, which are overall disjointed,
overlap (FERRO & MORRONE, 2014). This phenomenon is well known for multiple taxon
such as birds (ALTAMIRANO et al., 2020), plants (LEMESSA et al., 2023) or reef fish (PINHEIRO
et al., 2018) and also seems to apply to a certain extent to biogenic habitats like coralline
red algae (SISSINI et al., 2022). Such subtropical or warm temperate zones are also iden-
tified as regions where both mobile fauna (VERGES et al., 2014) or sessile habitat-forming
species assemblages (MARZLOFF et al., 2018) are likely to undergo tropicalisation, which
implies that native temperate assemblages can co-occur with warmer species assemblages
undergoing poleward climate-driven range shifts. Our finely resolved classification could

be modelled against environmental predictors in future work to understand and predict
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the state of benthic habitats under current and future conditions (e.g. BELANGER et al.
(2012)).

Beyond exploring spatial patterns of benthic biodiversity, our classification of the RLS
dataset offers a new perspective to explore temporal changes in benthic habitat states.
Within the most frequently sampled ecoregions (essentially located in southeastern Aus-
tralia), we quantified temporal changes in the occurrence of certain habitat types bet-
ween the period 2008-2013 and 2014-2021. The proportion of transects classified as large
canopy-forming algae shows an increase in the Manning-Hawkesbury ecoregion (Fig. S39
in Supplementary Informations) while it decreased in the Cape Howe ecoregion (Fig.
S40 in Supplementary Informations). These regional differences can be explained by local
changes in the environment (KRUMHANSL et al., 2016), including poleward expansion of ur-
chin barrens (LING et al., 2018). We also observe an increase in transects classified as turf
algae among the five ressampled ecoregions (e.g. +67% increase between the two periods),
in line with findings of an increase in turf algae due to both global climate change and
local anthropogenic impacts (FILBEE-DEXTER & WERNBERG, 2018). Note, however, that
temporal analysis of changes was restricted to only 5 southeastern Australian data-rich
ecoregions out of a total of 232 worldwide. This was due to the distribution of data avai-
lability, which is heavily focussed within the region that RLS originated from (southern
Australia). Moreover, marginal changes in the proportion of certain habitat states, such
as red algae or seagrass, may also be due to the random positioning of transects within
a site through time (as opposed to fixed). This is beneficial for greater site replication
and for application by citizen scientists, but adds an extra source of noise to observations

within sites through time.

Overall benthic habitat changes may reflect a range of processes, including ecological
ones such as temporal variability in the cover of habitat-forming species (e.g. WERNBERG
et al. (2016)) in relation to climate-driven environmental changes (i.e. tropicalisation
of tropical-temperate transition zones (HORTA E COSTA et al., 2014), marine heatwaves
(WERNBERG et al., 2016)) or to trends in human stressors (i.e. nutrients and organic pollu-
tion runoffs, impacts from coastal human populations; HALPERN et al. (2019)), as well as
methodological ones, such as variability in transect location or in sampling effort through
time (e.g. STUBLE et al. (2021)). Identifying the processes driving the observed habitat
transitions could help better characterise the impact of anthropogenic activities on ben-

thic habitats (see for example DONOVAN et al. (2018) for a similar approach at a finer
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spatial scale). Our classification could thus provide an interesting template to further

explore changes in benthic habitats across the world (EDGAR et al., 2023).

Nonetheless, not all expected transitions between habitats, or alternative ecological
states, come out in the different clusters. Some transitory states may be classified as
noise if they are too scarcely observed in the dataset to constitute a cluster of their own.
Understanding the drivers behind the transects classified as noise can reveal valuable in-
formation about the factors influencing habitat variability and the ecological processes
driving shifts between different states. This includes deciphering the reasons for a noise
classification, such as variations in environmental conditions, biotic interactions, or an-
thropogenic disturbances. By investigating these aspects, researchers can gain crucial in-
sights into the dynamics and transitions occurring between habitat states and alternative

ecological states.

The UMAP-HDBSCAN clustering pipeline presented in this study demonstrates re-
markable robustness and versatility, leveraging global data to identify fine-scale patterns
within coastal temperate and tropical ecosystems. Because of its hierarchical structure,
this pipeline aligns well with established classification standards and facilitates a first
data-driven description of global patterns in habitat states, which constitutes a valuable
database to explore the influence of local and global drivers of benthic habitat states.
Additionally, the pipeline’s capability to handle non-linear data and accommodate noise
underscores its adaptability to various ecological contexts and data sources (e.g. citizen

science).
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Appendix A - RLS Classification schema

Table S1 — Correspondence of the functional groups of substrates and the habitat groups used in

this study.

Photoquadrat Original Categories

Final Classification

Ahermatypic corals

Ascidians

Ascidians (stalked)

Ascidians (unstalked)

Bare Rock

Barnacles

Black & Octocorals

Bottlebrush Acropora corals
Bottlebrush Acropora corals_ Bleached
Branching Acropora

Branching Acropora_ Bleached
Branching corals

Branching corals_ Bleached

Branching Pocillopora

Branching Pocillopora_ Bleached
Bryozoa

Bryozoan (hard)

Bryozoan (soft)

Caulerpa

Cnidaria

Cobble

Colonial Anemones, Zoanthids and Corallimorphs
Columnar corals

Columnar corals Bleached

Coral rubble

Coral rubble with turf/encrusting algae
Corymbose Acropora corals
Corymbose Acropora corals_ Bleached

Crustose coralline algae

154

Sessile invertebrates
Sessile invertebrates
Sessile invertebrates
Sessile invertebrates
Bare substrate

Sessile invertebrates

Soft corals and gorgonians

Branching corals
Branching corals
Branching corals
Branching corals
Branching corals
Branching corals
Branching corals
Branching corals
Sessile invertebrates
Sessile invertebrates
Sessile invertebrates
Green algae

Sessile invertebrates

Unconsolidated substrate

Sessile invertebrates
Massive corals

Massive corals

Unconsolidated substrate

Turf
Branching corals

Branching corals

Crustose coralline algae
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Photoquadrat Original Categories

Final Classification

Dead coral

Desmarestia and Himantothallus
Digitate corals

Digitate corals_ Bleached
Durvillaea

Ecklonia radiata

Encrusting corals

Encrusting corals_Bleached
Encrusting leathery algae
Filamentous algae epiphyte
Filamentous brown algae epiphyte
Filamentous green algae epiphyte
Filamentous red algae epiphyte
Filamentous rock-attached algae
Foliose/Plate corals

Foliose/Plate corals_Bleached
Geniculate coralline algae

Green calcified algae (Halimeda)

Heliopora coerulea (blue coral)
Hydrocoral
Hydrocoral Bleached

Hydroids

Large brown laminarian kelps

Large-polyp stony corals (free-living)

Large-polyp stony corals (free-living) Bleached

Macroalgae
Macroalgae canopy forming

Macrocystis

155

Bare substrate

Canopy forming algae
Massive corals

Massive corals

Canopy forming algae
Canopy forming algae
Encrusting corals
Encrusting corals
Encrusting leathery algae
Filamentous algae
Filamentous algae
Filamentous algae
Filamentous algae
Filamentous algae
Foliose/Plate corals
Foliose/Plate corals
Geniculate coralline algae
Green calcified algae (Halimeda)
Calcareous hydrocorals and
octocorals

Calcareous hydrocorals and
octocorals

Calcareous hydrocorals and
octocorals

Sessile invertebrates
Canopy forming algae
Large-polyp stony corals
(free-living)

Large-polyp stony corals
(free-living)

Canopy forming algae
Canopy forming algae

Canopy forming algae
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Photoquadrat Original Categories

Final Classification

Massive corals

Massive corals Bleached

Medium foliose brown algae

Medium foliose green algae

Medium foliose red algae

Massive corals
Massive corals
Brown algae
Green algae

Red algae

Molluscs Sessile invertebrates

Organ-pipe coral (Tubipora) Calcareous hydrocorals and

octocorals
Other fucoids Canopy forming algae
Pebbles/gravel /shell Unconsolidated substrate
Phyllospora Canopy forming algae
Polychaete Sessile invertebrates
Sand Unconsolidated substrate
Seagrass (Halophila) Seagrass
Seagrass (straplike) Seagrass
Seagrasses Seagrass
Sessile bivalves Sessile invertebrates
Sessile gastropods Sessile invertebrates
Slime (not trapping sediment) Bare substrate
Small <2cm foliose algal cover (not trapping Turf

sediment)

Soft corals and gorgonians Soft corals and gorgonians

Solitary Anemones Sessile invertebrates
Sponges Sessile invertebrates
Sponges (encrusting) Sessile invertebrates
Sponges (erect) Sessile invertebrates
Sponges (hollow) Sessile invertebrates
Sponges (massive) Sessile invertebrates
Stony corals Encrusting corals
Stony corals_ Bleached Encrusting corals
Sub-massive corals Massive corals
Sub-massive corals Bleached Massive corals
Substrate Bare substrate
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Photoquadrat Original Categories

Final Classification

Tabular Acropora corals

Tabular Acropora corals Bleached

Turfing algae (<2 cm high algal/sediment mat on

rock)

Worms

Foliose/Plate corals
Foliose/Plate corals
Turf

Sessile invertebrates
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Appendix B - Clustering pipeline results

a ® Solutions with 9 or more clusters b
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Figure S1 — Plot of the evolution of the score (i.e. sum of the DBCV wvalue and the Trust-
worthiness) according to the different parameters measured (a. DBCV ; b. Trustworthiness ;
c. Number of noisy points; d. Number of clusters (the dotted line represents the number of clus-
ters uncovered by CRESSWELL et al. (2017))). Each of the 241,100 dots represent the evaluation
of a unique combination of hyperparameter values for UMAP (n_ neighbors) and HDBSCAN
(min_ cluster size). Blue dots represent the best solutions with the higher DBCV and Trustwor-
thiness having at least 9 groups, while the yellow dot represents the best solution found according
to our criteria. All other grey dots represent the other evaluated solutions, while the yellow dot
represents the best solution found according to our criteria. All other grey dots represent the
other evaluated solutions
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Figure S2 — Spatial distribution of the cluster noise at the global scale. Fach point represents a

transect.
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1. Other Brown algae

75

50

25

=150 =100 =50 0 50 100 150

Figure S3 — Spatial distribution of the cluster foliose brown algae at the global scale. Each point
represents a transect.
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2. Filamentous algae
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Figure S4 — Spatial distribution of the cluster filamentous algae at the global scale. Fach point
represents a transect.
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3. Other Sessile invertebrates
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Figure S5 — Spatial distribution of the cluster other Sessile invertebrates at the global scale. Fach
point represents a transect.
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4. Red algae
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Figure S6 — Spatial distribution of the cluster red algae at the global scale. Fach point represents
a transect.
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5. Seagrass
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Figure S7 — Spatial distribution of the cluster seagrass at the global scale. Fach point represents
a transect.
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6. Soft coral & gorgonians
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Figure S8 — Spatial distribution of the cluster soft coral and gorgonians at the global scale. Fach
point represents a transect.
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7. Bushy Fucoid like
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Figure S9 — Spatial distribution of the cluster bushy fucoid-like algae at the global scale. Fach
point represents a transect.
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8. Large canopy forming algae
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Figure S10 — Spatial distribution of the cluster large canopy forming algae at the global scale.
Fach point represents a transect.
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9. Unconsolidated substrat
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Figure S11 — Spatial distribution of the cluster unconsolidated substrate at the global scale. Fach
point represents a transect.
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10. Crustose coralline algae and turf
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Figure S12 — Spatial distribution of the cluster crustose coralline algae and turf at the global
scale. FEach point represents a transect.
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11. Green calcified algae
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Figure S13 — Spatial distribution of the cluster green calcified algae at the global scale. Each
point represents a transect.
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12. Bare substrat
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Figure S14 — Spatial distribution of the cluster bare substrate at the global scale. Each point
represents a transect.
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Figure S15 — Spatial distribution of the cluster crustose coralline algae at the global scale. Fach
point represents a transect.
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Figure S16 — Spatial distribution of the cluster sand at the global scale. Each point represents a
transect.
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15. Branching coral
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Figure S17 — Spatial distribution of the cluster branching coral at the global scale. Each point
represents a transect.
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16. Sand & turf
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Figure S18 — Spatial distribution of the cluster sand and turf algae at the global scale. Fach point
represents a transect.
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Figure S19 — Spatial distribution of the cluster turf algae at the global scale. Each point represents
a transect.

176



Appendix

Appendix C - Interpretation of the uncovered clusters
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Figure S20 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster brown algae. c. Example of photo-
quadrat for one transect of the cluster brown algae categorised by HDBSCAN as exemplary.
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Figure S21 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates
if the value of the cover of this habitat is rather high or low. b. Linear interpolation of the
SHAP wvalues for the two most influential variables for the cluster filamentous algae. c. Example
of photoquadrat for one transect of the cluster filamentous algae categorised by HDBSCAN as

exemplary.
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Figure S22 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-azis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster sessile invertebrates. ¢. Example of
photoquadrat for one transect of the cluster sessile invertebrates categorised by HDBSCAN as

exemplary.
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Figure S23 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-azis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster red algae. c. Example of photoquadrat
for one transect of the cluster red algae categorised by HDBSCAN as exemplary.
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Figure S24 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the z-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster seagrass. c¢. Fxample of photoquadrat
for one transect of the cluster seagrass categorised by HDBSCAN as exemplary.
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Figure S25 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates
if the value of the cover of this habitat is rather high or low. b. Linear interpolation of the
SHAP walues for the two most influential variables for the cluster soft coral and gorgonians.
c. Example of photoquadrat for one transect of the cluster soft coral and gorgonians categorised
by HDBSCAN as exemplary.
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Figure S26 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-azis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates
if the value of the cover of this habitat is rather high or low. b. Linear interpolation of the
SHAP walues for the two most influential variables for the cluster bushy fucoid-like. c. Example
of photoquadrat for one transect of the cluster bushy fucoid-like categorised by HDBSCAN as

exemplary.
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Figure S27 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates
if the value of the cover of this habitat is rather high or low. b. Linear interpolation of the
SHAP wvalues for the two most influential variables for the cluster large canopy forming algae.

c. BExample of photoquadrat for one transect of the cluster large canopy forming algae categorised
by HDBSCAN as exemplary.
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Figure S28 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster unconsolidated substrat. c¢. Example
of photoquadrat for one transect of the cluster unconsolidated substrat categorised by HDBS-
CAN as exemplary.
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Figure S29 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates
if the value of the cover of this habitat is rather high or low. b. Linear interpolation of the
SHAP wvalues for the two most influential variables for the cluster crustose coralline algae and
turf. ¢. Example of photoquadrat for one transect of the cluster crustose coralline algae and turf
categorised by HDBSCAN as exemplary.
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Figure S30 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-azis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster green calcified algae. c¢. Example of
photoquadrat for one transect of the cluster green calcified algae categorised by HDBSCAN as

exemplary.

187



Chapitre 3 — From local seafloor imagery to global patterns in benthic habitats :
contribution of citizen science to habitat classification across latitudes

a

Bare rocky substrate
Turf algae
Large canopy forming algae
Bushy Fucoid like
Crustose coralline algae
Other Brown algae
Red algae
Other sessile invertebrates
Seagrass
Soft corals and gorgonians
Green calcified algae
Branching corals
Unconsolidated substrate
sand
Filamentous algae
Green aigae
Massive corals
Geniculate coralline algae
Foliose/Plate corals

Encrusting corals

1

-04

Cluster ID: 11

cofm comm
e

ccomsmane oo

HH

bbb

__-..-E......

.

] | J U 1
-02 02 04 06 08

SHAP value (impact on model output)

o
°

Cluster ID: 11

Positive

60%

= Null

Turf algae
SHAP Values

40%

20%

- Negative
80% 100%

Feature value
(@]
e
g
3
&

Low

Figure S31 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster bare substrate. c. Example of photo-
quadrat for one transect of the cluster bare substrate categorised by HDBSCAN as exemplary.
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Figure S32 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster crustose coralline algae. ¢. Example
of photoquadrat for one transect of the cluster crustose coralline algae categorised by HDBSCAN
as exemplary.
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Figure S33 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster sand. c. Example of photoquadrat for
one transect of the cluster sand categorised by HDBSCAN as exemplary.
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Figure S34 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the z-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates
if the value of the cover of this habitat is rather high or low. b. Linear interpolation of the
SHAP walues for the two most influential variables for the cluster branching coral. ¢. Example
of photoquadrat for one transect of the cluster branching coral categorised by HDBSCAN as
exemplary.
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Figure S35 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the x-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster sand and turf algae. c¢. Example of
photoquadrat for one transect of the cluster sand and turf algae categorised by HDBSCAN as

exemplary.
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Figure S36 — a. SHAP summary plot showing the impact of each habitat substrate on the clas-
sification. The position of each habitat group on the y-axis indicates its relative importance for
the considered cluster. The position of each point along the z-axis indicates if the observation is
associated with a lower or higher affinity with the cluster and the colour of the point indicates if
the value of the cover of this habitat is rather high or low. b. Linear interpolation of the SHAP
values for the two most influential variables for the cluster turf algae. c. Example of photoquadrat
for one transect of the cluster turf algae categorised by HDBSCAN as exemplary.
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Appendix D - Complementary results

0.8 °
0.7
°
= °
0 06 °
o
9] °
o]
o
®
1)
£ 05 .
£
=4
Qo °
5 o
g 0.4 o S
[%]
Q .
<] .
> .
é (1) o o ° L4
3 [ )
5 O 0 .
c e o ° e o
il o o °
s . .
& L }
& 02 o ° °
[T L4
g% o . °
° °
01 ¢
L]
L]
.
0.0 «»
0 100 200 300 400 500 600 700

Number of transect

Figure S37 — Plot of the proportion of transect classified as noisy by the UMAP-HDBSCAN
pipeline as a function of the logl0(number of transects) sampled within an ecoregion
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transects) sampled within an ecoregion
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Figure S39 — Bar graph of the proportion of different clusters for the period 2008-2013 and
2015-2021 for sites that were sampled at least once in each of the two periods for the Manning-

Hawkesbury ecoregion.
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Figure S40 — Bar graph of the proportion of different clusters for the period 2008-2013 and
2015-2021 for sites that were sampled at least once in each of the two periods for the Cape Howe

ecoTeqgion.
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Figure S41 — Bar graph of the proportion of different clusters for the period 2008-2013 and
2015-2021 for sites that were sampled at least once in each of the two periods for the Bassian

ecoreqgion.
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Figure S42 — Bar graph of the proportion of different clusters for the period 2008-2013 and
2015-2021 for sites that were sampled at least once in each of the two periods for the Leeuwing

ecoreqgion.
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Tweed-Moreton ecoregion
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Figure S43 — Bar graph of the proportion of different clusters for the period 2008-2013 and 2015-
2021 for sites that were sampled at least once in each of the two periods for the Tweed-Moreton
ecoregion.
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CHAPITRE 4

Patterns of Co-occurrence and Spatial
Richness in Marine Habitats : Insights
from Large-Scale Modelling

Préambule

Grace au Chapitre 2, nous avons identifié¢ différents états d’habitats biogéniques a
I’échelle mondiale en appliquant une nouvelle méthode d’agrégation que nous avons appli-
quée a des données d’un programme de sciences participatives. Maintenant que les états
d’habitats ont été définis, ce chapitre vise a modéliser leur distribution a 1’aide d’une
approche spatiale semblable a celle utilisée dans le cadre des SDM. Nous avons choisi de
recentrer ces analyses du Chapitre 3 sur la région australo-pacifique, coeur géographique
historique du programme Reef Life Survey (GRAHAM & STUART-SMITH, 2009). L’objec-
tif premier est de comprendre les facteurs environnementaux et anthropiques influencant
leurs occurrences. En caractérisant les niches environnementales, un second objectif est
de déterminer les habitats partageant des niches similaires donc susceptibles de coexister
le long des cOtes australiennes. Dans ce contexte, ce chapitre vise a étudier la distribution

de 14 états d’habitats sur les cotes australiennes.

Nous avons utilis¢é un SDM de type Random Forest multivarié pour caractériser les
niches environnementales des états d’habitats en considérant comme prédicteurs des don-
nées environnementales (Bio-Oracle; Assis et al. (2018)), et des données de pressions an-
thropiques (Ocean Health Index; HALPERN et al. (2019)). Nos résultats indiquent que le
modele a un bon pouvoir explicatif, mais un pouvoir prédictif faible, laissant penser que

la transférabilité de notre modele dans le temps et 1'espace est restreinte. Nos résultats
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indiquent que les facteurs les plus importants régissant la distribution de ces différents
états d’habitats sont la température de surface de I'eau, 'intensité de la pression de péche
et les anomalies dans la fréquence des vagues de chaleur marine. Nous montrons égale-
ment dans ce chapitre que tous les états d’habitat identifiés ne pouvaient co-exister dans
le méme transect ce qui suggere que certaines combinaisons d’états d’habitats sont in-
vraisemblables (ou jamais observées a ce jour). Ce travail a permis également de mettre
en avant que les zones de transitions tempérées/tropicales sont susceptibles d’ abriter
un plus grand nombre d’états d’habitats. Cela peut impliquer que ces zones sont plus
exposées aux changements de régime, puisque la disparition de I’état dominant actuel
pourrait laisser place au développement d’un état d’habitat différent, notamment dans un
contexte de tropicalisation des zones tempérées chaudes des cotes est (VERGES et al., 2014 ;
VERGES et al., 2019) et ouest (WERNBERG et al., 2016) australiennes. Ces changements sont
d’autant plus importants a surveiller puisqu’ils pourraient avoir un impact important sur
la composition et les fonctions des communautés associées et par conséquent modifier le

fonctionnement méme des écosystemes.

4.1 Abstract

Benthic reef habitats serve as foundational structures in coastal ecosystems, facilitating
essential ecological processes and significantly amplifying biodiversity. However they are
increasingly subject to regime shifts that can be detrimental for marine ecosystem functio-
ning and biodiversity. In this study we aim to investigate the distribution and ecological
drivers of reef benthic habitat states across Australia, in order to understand and antici-
pate their potential /risk of ecological regime shifts in the face of changing environments
and anthropogenic impacts. Using random forest models applied to occurrences of reef
habitat states stemming from a previous analyses of the Reef Life Survey transect data,
we quantified the relative contribution of anthropogenic and environmental drivers in ex-
plaining their spatial distribution. Specifically, we focused on 14 reef states including turf,
kelp or coral reefs. Models showed a good explanatory power with AUC (mean = 0.87;
sd = 0.07). For most habitats, we found that SST, Fishing intensity and Marine Heat-
waves were the most important driver of their distribution while anthropogenic factors
only had a marginal influence. However, models presented a poor predictive power sug-
gesting limited transferability in time or space. On the calibration areas, we found that

several habitats (up to eight) can occur under similar environmental conditions, sugges-
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ting that the likelihood of state changes (including regime shifts) is spatially variable.
Overall, this approach makes it possible to highlight areas and environmental conditions

where the occurrence of alternative stable states is more likely.

4.2 Introduction

Regime shifts are persistent changes in the structure and/or the function of ecosystems
occurring more or less suddenly (SCHEFFER et al., 2001 ; SCHEFFER & CARPENTER, 2003).
Ecological regime shifts have been identified in many different ecosystems : forest to
savannahs (STAVER et al., 2011), tundra to boreal forests (SCHEFFER et al., 2012), coral
reefs to macroalgae dominated reefs (McMANUS & POLSENBERG, 2004), or fisheries collapse
(GARDMARK et al., 2015). Areas affected by regime shifts tend usually display profound and
lasting changes in the ecosystem services they provide to human populations (ROCHA et
al., 2015a), with economic impacts through the disappearance of certain activities (CREPIN
et al., 2012), and societal and cultural impacts through the loss of cultural and traditional
knowledge (MUSTONEN & SHADRIN, 2021). Thus, one of the common features of all these
regime shifts is that they drive the ecosystem under consideration towards a new state,

considered from a human perspective to be less desirable (SCHEFFER, 2009).

Multiple factors can trigger a change in ecological regime towards a new ecosystem
states (ROCHA et al., 2015b). These factors include climatic variations caused by global
climate change (ROCHA et al., 2015b), increase in the number of extreme climatic events
(WERNBERG et al., 2016), introduction of invasive species (KOTTA et al., 2018), increase
in anthropogenic pressure (HALPERN et al., 2019), and loss of biogenic habitats (AIROLDI
et al., 2008).

Biogenic habitats, formed by engineers’ species, play a crucial role in the functioning
of marine coastal ecosystems and in supporting components of biodiversity (Vozzo et al.,
2023 ; ALBERTSON et al., 2022). For instance, mangroves serve as a nursery for coral-reef
fish (NAGELKERKEN et al., 2002), coral act as a refuge from predators for many fish and
invertebrates species (ALMANY, 2004), marine seagrasses enhance water quality by for
instance increasing water pH (RICART et al., 2021), and their presence increases infauna
diversity (GONZALEZ-ORTIZ et al., 2016 ; BOYE et al., 2017). Because biogenic habitats are
also vulnerable to human pressures and natural disturbances (AiroLDI & BECK, 2007 ;

BUTT et al., 2022 ; WERNBERG et al., 2023), they play a central role in mediating the effects
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of current environmental changes on marine coastal ecosystems and biodiversity (SUNDAY
et al., 2017 ; BULLERI et al., 2018).

Over the last few decades, regime shifts involving persistent changes in biogenic benthic
habitats have been observed worldwide across temperate and tropical regions. Examples
include shifts from macroalgal forests to either sea urchin barrens (LING et al., 2015) or turf
(FILBEE-DEXTER & WERNBERG, 2018), from crustose coralline algae to turf (CORNWALL et
al., 2023), and also from coral-dominated reefs to macroalgae (McMAaNUS & POLSENBERG,
2004), or from seagrass to bare sediments (MAXWELL et al., 2017). These regime shifts share
in common that as the biogenic habitats degrade or change, novel ecological dynamics
take root to push and maintain the ecosystems into new states (NYSTROM et al., 2012).
As these new states are often undesirable from a management perspective while also dis-
playing hysteresis making it difficult to return to the initial state (NYSTROM et al., 2012),
substantial efforts have been devoted to identifying, predicting and preventing regime
shifts before they occur (Bicas et al., 2009). Detection of early warning signals of regime
shifts has been intensively investigated by analysing temporal ecosystem dynamics when
long-term time series are available (SCHEFFER et al., 2009), or spatial patterns emerging
from ecological dynamics (KEFI et al., 2014 ; N1JP et al., 2019 ; WARD et al., 2018). Although
promising theoretically based on numerical or mesocosm experiments, these data-greedy
methods remain of limited practical interest in real world ecosystems across large spatial
scales , as (i) they are often computed retrospectively after the shift has occurred (e.g.
Litzow et MUETER (2014)) and (ii) to date, no single metrics amongst the alternative
candidates (e.g. increasing variance, skewness, etc..) has proven reliable across all case
studies (HAsTINGS & WysHAM, 2010). An alternative that has gained increasing interests
is to identify the environmental thresholds beyond which ecosystems shift to new states
(KELLY et al., 2015). However, this approach has also proved challenging (TURNER et al.,
2020 ; HILLEBRAND et al., 2020). Process-based simulation models can for instance contri-
bute to estimating ecological thresholds and informing effective management strategies
(MARZLOFF et al., 2013 ; MARZLOFF et al., 2016) but they remain restricted to theoretical
cases or data-rich ecosystems. Overall, different strategies may be necessary to anticipate
regime shifts across ecosystems, depending on data availability and ecosystem properties
(e.g. non-linear responses, lags in response to effects of stressors; LiTzow et al. (2016);
TURNER et al. (2020)).

In the case of coral reefs, defining and modelling the occurrence of alternative reef
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states have improved our understanding and ability to predict the impact of anthropo-
genic pressures on reef states (JOUFFRAY et al., 2015; JOUFFRAY et al., 2019; DONOVAN et
al., 2018). After identifying potential reef states (e.g. DONOVAN et al. (2018) ; Chapitre 2),
modelling their spatial distribution can indeed help assess the relative importance of dif-
ferent environmental drivers (including climate-driven or local anthropogenic pressures),
evaluate the extent to which drivers have synergistic or antagonistic effects on ecosystem
states, and also characterise potential non-linear ecosystem responses across environmen-
tal gradients (JOUFFRAY et al., 2015; JOUFFRAY et al., 2019). All these elements are key
to guide anticipatory strategies and define management actions (LiTzow & HUNSICKER,
2016 ; TURNER et al., 2020). An unexplored avenue concerns the potential for distribution
models to identify areas where multiple ecosystem states are possible and hence, where
supposedly changes in ecosystem states are more likely. To date however, such modelling
strategy has only been led on coral reefs at a local scale (JOUFFRAY et al., 2019) so its

transposability to other ecosystems across larger areas remains untested.

In this context, Chapter 2 defined habitat states using the Reef Life Survey (RLS) da-
tabase, which provides a solid basis for a modelling exercise on a regional scale. Building
on the dataset of reef states occurrences around Australia consolidated in Chapter 2, this
study aims to explain and predict their distribution using SDM approaches, with the spe-
cific goals of (1) assessing the influence of biophysical factors and anthropogenic pressures
on the occurrence of the different reef habitat states, (2) determining the transferability
of these SDMs in order to quantify the predictability of reef habitat states at large scales,
(3) identify reef states that share similar environmental niches and can potentially coexist,
and (4) identify areasthat may host several states, as these areas are the most likely to

undergo state changes.

4.3 Materials & Methods

4.3.1 Datasets
Biotic dataset

In this study, we used the dataset produced in Chapter 2 from the RLS citizen science
program where 50-m diver transects were classified into different habitat states based on

percentage cover estimates of major benthic habitat groups. As a reminder of Chapter

205



Chapitre 4 — Patterns of Co-occurrence and Spatial Richness in Marine Habitals :
Insights from Large-Scale Modelling

2, we used a clustering pipeline composed of two distinct algorithm UMAP (MCINNES et
al., 2020) for dimension reduction and HDBSCAN (MOULAVI et al., 2014 ; MCINNES et al.,
2017) to classify the RLS benthic habitat relative cover (estimated through underwater
dives; for further details see EDGAR et STUART-SMITH (2014)) for 6,554 transects into 17
distinct states. These 17 reef states include iconic biogenic habitats such as kelp forests,
encrusting red algae, corals, and seagrass beds, as well as alternative degradation states
of these habitats (i.e. branching coral vs. turf algae). Out of the 6,554 transects classified,
5,122 were sampled in Australian waters, which are the focus of this study. Not that
this classification methodology excludes certain observations considered as noisy. Thus,
from this dataset, we removed all transects classified as “noisy” (935 transects) while
also removing transects for which at least one covariate had missing value due to the
immediate proximity of the coastline (871 transects). Thus, the following analyses are
based on 3,316 transects. As our goal in this study is to understand the distribution of
biogenic habitats, we merged three out of the 17 initial habitat states (i.e. “Unconsolidated
substrat”, “Bare substrat” and “Sand”) into a single group that corresponds to non-
living substrate (“Substrate” hereafter). In addition, since turf algae can trap sediments
and produce chemical substances preventing the recruitment of canopy-forming species
(BUREK et al., 2018), we decided to merge the initial group “Sand and Turf algae” with
the group “Turf algae”. Overall, 14 reef states are modelled in this study (See appendix
A, Table S1 for their description and Fig. S1 for their distribution across the dataset).

Predictors dataset

The predictors used for model fitting were extracted from two sources : Bio-Oracle
(Assis et al., 2018) for biophysical predictors and Ocean Health Index (HALPERN et al., 2019)
for anthropogenic pressures. Bio-Oracle provides aggregated data for the period 2000-2014
at a resolution of 0.083° (9.28 km at the equator). From this database, we extracted the
mean values of four biophysical predictors known to be important for coastal ecosystems
(Table 4.1).

The Ocean Health Index database provides yearly estimates for 14 predictors for the
period 2003-2013 at a resolution of 0.0083° (928 m at the equator). We extracted yearly
data for the eight predictors known to impact coastal ecosystems and computed the mean
for all predictors. We also computed the standard deviation for the predictors linked

to fishing activity (i.e. Artisanal fishing, Fishing High and Low Bycatch, Fishing Non-
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Destructive High and low Bycatch) . We then performed a principal component analysis on
all predictors related to fisheries so as to synthesise the core information related to fishing
impacts. The first two axes explained 44.3% and 21.3% of the variability, respectively.
The first axis mostly describes variation in the intensity of destructive fishing activity
for marine benthic habitats, whereas the second axis is related to non-destructive fishing
activity (See Fig. S2 appendix A). In addition, we ensured that the selected predictors
were not too highly correlated with each other (all absolute values of Pearson’s correlations
< 0.7; Fig. S3 in appendix A).

Table 4.1 — Environmental variables extracted from Bio-Oracle and anthropogenic variables ex-
tracted from Ocean Health Index. See Assis et al. (2018) for a detailed description of the

Bio-Oracle variables and their acquisition method and Table S1 to S3 in HALPERN et al. (2019)
for detailed description and acquisition method of anthropogenic variables

Data source Variable Metric

Current velocity
) Diffuse attenuation
Bio-oracle _ o Mean
Primary productivity
Sea Surface Temperature
Artisanal Fishing
Fishing High Bycatch
Fishing Low Bycatch PCA axis on Mean and Standard deviation
Fishing Non Destructive High
Ocean Health Index
Bycatch
Fishing Non Destructive Low
Bycatch
Direct Human Disturbance !
Nutrient Pollution Mean

Marine Heatwaves Anomaly 2

Since the Bio-Oracle and Ocean Health Index datasets have different resolutions and

1. Coastal density population within a 10 km radius of the coastline. See Table S1 and S2 in HALPERN
et al. (2019) supplementary information for more details.

2. Marine Heatwaves Anomaly is calculated by subtracting the count of extreme sea surface tempe-
rature weeks during a five-year period from the count of extreme sea surface temperature weeks during
a baseline five-year period (1985-1989). See Table S1 and S2 in HALPERN et al. (2019) supplementary
information for more details.
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projections, all predictors were reprojected to a common projection (EPSG:4326) and a
common resolution of 0.0083°, which is the highest resolution offered by Ocean Health
Index. Hence, bio-oracle predictors were downscaled to match the Ocean Health Indices

resolution.

4.3.2 Statistical analyses
Model fitting and evaluation

We modelled habitat states using a multivariate Random Forest model (BREIMAN, 2001)
fitted using the Python library Scikit-Learn (PEDREGOSA et al., 2011). The Random Forest
model was trained on 163,800 combinations of hyperparameters “maz_depth”, “max_ fea-
tures”, and “n__estimators” (see Table S2 in appendix B). For each combination of hyper-
parameters, we binarised the probabilities obtained from the Random Forest model accor-
ding to reef state-specific thresholds that maximized the True Skill Statistic (MaxTSS;
ALLOUCHE et al. (2006)), and only retained combination of hyperparameters having the
highest MaxTSS on the explanatory folds (see below for the train/test split of the dataset).

To address the proximity of some transects and the resulting spatial autocorrelation, we
used a 3-fold cross-validation procedure with spatial blocks for model training. Using the
blockC'V R package (VALAVI et al., 2019), the autocorrelation range of the presences and
absences between the different habitats states was estimated as 524 km?, which was then
used to split our study area into 37 blocks of that size (equal area across blocks) to ensure
that the spatial correlation between any two blocks was negligible. Finally, each block and
all the transects it contains were randomly assigned into three folds. This whole procedure
ensured that spatially close transects were not used to both train and validate the model
(See Fig S5. in appendix A). Using this method, we allocated the 3,316 transects into
three folds that were used for training (and assessing explanatory power) as well as for
estimating predictive power (training with two folds to predict the remaining one, in a
classical cross-validation scheme). The distribution of different habitat states within the

different training and test folds is presented in Fig S6 in appendix A.

The performance of explanatory power and predictive power were evaluated using a
set of complementary metrics including the maximum of the True Skill Statistic (Max
TSS; ALLOUCHE et al. (2006)), the Fl-score, the Area Under the Precision-Recall Curve
(AUPRC; FracH et KuLL (2015)) and the AUC (FAWCETT, 2006). Because model predictive
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power was poor, tThe best hyperparameter combination based on explanatory power was
then used to fit the model on the whole dataset.

Model predictions

The most important variables in explaining the distribution of each reef habitat state
were identified using the SHAP (SHapley Additive exPlanations) framework (LUNDBERG
& LEE, 2017). is a framework rooted in cooperative game theory (SHAPLEY, 1953) that
quantifies the contribution of each predictor to model predictions (LUNDBERG & LEE,
2017). SHA P values were then averaged across states to identify the three most important
variables across all states. Then, for each habitat state, we modelled their dependence
against these three most influential variables using Partial Dependence Plots (i.e. marginal

response curves; MOLNAR (2022)) across the observed range of our predictors.

Then, we investigated whether certain environmental conditions could be suitable for
multiple habitats. To this end, we used the threshold that maximised the TSS for each
habitat state during the hypertunning of the parameters of the Random Forest model (Fig.
S7), to binarise occurrence probabilities into presences and absences. We then stacked
these binary predictions across habitats to compute the number of states predicted as
present in each pixel/set of environmental conditions. As performed for individual reef
states, we explored the response of this number of predicted states against the three most

influential variables, identified above, using Partial Dependence Plots.

From the stacked predictions, we also identified the habitat states that can co-occur in
the same transect. We calculated the relative frequency with which each habitat state was
associated with zero, one, two or more of the other habitat states. In order to study the
spatial distribution of the number of predicted habitat states, we further calculated the
minimal, median and maximum number of habitat states per spatial block. That scale was
chosen since spatial blocks were built to be uncorrelated (and therefore independent) spa-
tial units. Using a linear regression, we then investigated whether these spatial summary
statistics varied depending on the coordinates of the spatial blocks (using the centroid
of the block), and the number of transects within each spatial block. Quadratic effects
were included for the latitude and longitude of the spatial blocks in order to account for

potential non-linear effects.
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4.4 Results

4.4.1 Model Performance & Predictors importance

The models with the selected hyperparameters showed good explanatory power (mea-
sured on the fold on which the model was trained) with an average Max TSS across all
habitat states of 0.78 + 0.03 (mean + standard deviation ; Fig. S6 in appendix B). AUC
values ranged from 0.89 to 0.99 (Fig. S8-21 in appendix B), while AUPRC values ranged
from 0.48 to 0.71 (Fig. S22-35). The best explanatory power according to maxTSS was
obtained for “Soft coral and gorgonians” (T'SS = 0.94), while the worst was obtained for
“Turf” (TSS = 0.49). The predictive power (calculated on the fold not used for model
training) was significantly worse, with a mean Max TSS of 0.13 + 0.04 (mean + standard

deviation).

Our results show that habitat states usually respond to a set of weak predictors
(i.e. most predictors contributed similarly to the explanatory power, although with some
slight differences; Fig. 4.1). The three most important variables were Sea Surface Tem-
perature, Fishing PC1 and Marine Heatwave anomalies (see Fig. S36-50 in appendix C).
Although these three variables were the most important considering all habitats, the oc-
currence of certain habitats was best predicted by other covariates. For example, Primary
Productivity appeared as a relevant predictor of Crustose coralline algae distribution,
whereas Current Velocity was important for both Filamentous algae (Fig. S42 in appen-
dix C), and Seagrass (Fig. S47. in appendix C). Overall, Direct Human Disturbance had

a low explanatory power for all habitat states.

4.4.2 Habitat states patterns

Overall, stacking predictions showed that most conditions are suitable to multiple ha-
bitat states, with a richness (i.e. number of predicted reef states for a given set of envi-
ronmental conditions) of 3.43 + 1.50 (mean + standard deviation) ranging from one to
eight potential habitat states occurring per transect. The richness varied differently along
environmental gradients (Fig. 4.2 a) : for instance, large variations around an average rich-
ness value of 4 were observed for Sea Surface Temperature whereas a global (non-linear)

decrease was observed when fishing pressure or Marine heat-wave anomalies increased.
Changes in habitat state richness along environmental gradients depends on the res-
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Figure 4.1 — Heatmap of the relative contribution of variables to the Random Forest explanatory
power. The variables are colour coded according to the type of predictor (blue : abiotic conditions,
green : fishing pressure, orange : other anthropogenic pressures). The relative contribution of each
variable for a given state is expressed relative to the sum of all variable’s contributions for that
state.

ponse of the 14 reef habitat states along these gradients (Fig. 4.2 b). Indeed, the relative
stability of habitat state richness along the mean temperature gradient does not reflect
a stability in the response of the different states but rather that some states are repla-
cing others at certain temperature values. For instance, when Sea Surface Temperature
exceeds 20°C, the model predicts a strong decrease in the probability of occurrence of Ca-
nopy Forming algae and Bushy Fucoid states but an increase in the probability of states
dominated by Crustose coralline algae with and without Turf and by Green calcified al-
gae. Above that same 20°C threshold, the probability of occurrence of the Turf state is
maximal. With regards to fishing pressure, the probability of occurrence of Large canopy
forming algae increases with fishing pressure. For Marine Heatwaves, while the probabi-

lity of occurrence Green calcified algae decreases as the frequency of Marine Heatwaves
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increases, the opposite is observed for Bushy Fucoid like states.
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Figure 4.2 — Partial Dependence Plots of the a. Habitat states richness b. probability of each of
the 14 habitat states against the three most important variables identified previously for these
habitat states, namely : Sea Surface Temperature, Fishing PC1 (Fishing pressure increases as
Fishing PC1 increases) and Marine Heatwaves Anomaly. For all plots, the X-axis is expressed
in the original unit of the variables. For graphical representation, we only plot here the [0% ;
90%] values of Fishing PC1, ecluding the few positive extreme values.

Among the 3,316 transects analysed, 222 (~6.5%) are predicted to be only suitable to a
single habitat state while 71% exhibit favourable conditions to accommodate two to four
different habitat states (Fig. 4.3 a). Out of the 16,384 possible combinations of occurrence
and co-occurrence of the 14 habitat states, we predict only 302 (~2%) combinations of
co-occurring habitat states. Among these combinations, 12 comprised one habitat state
(note that Brown algae as well as Soft coral and gorgonians were never predicted to occur

alone), while a maximum of 112 combinations were observed in transects predicted to be
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suitable for three different habitat states.

Interestingly, some reef habitat states (e.g. Turf or Large canopy forming algae) are
more likely to occur in conditions suitable for only a few habitat states (one or two
habitat states) while others (e.g. Filamentous algae, Red algae, Brown algae and Other
Sessile invertebrates) are more likely to occur in conditions supposedly favourable to a
large number of habitat states (Fig. 4.3 b).

Futher, our results indicate a preferential association between certain habitat states
(Fig. 4.3 ¢). For instance, some iconic reef habitat states such as Branching coral are
mainly predicted in areas that are also favourable to Turf (19% of the time) and Large
Canopy Forming algae (14%). Other reef states such as Bushy Fucoid like are mainly
associated with Large canopy forming algae (15%), Turf (12%), Substrate (11%), and
Filamentous algae (11%).

4.4.3 Spatial distribution

At the Australian geographical scale, different spatial patterns of richness (i.e. number
of predicted reef states) were observed depending on the region (Fig. 4.4). Most spatial
blocks around Australia have transects where only one unique habitat state can occur
(Fig. 4.4 a). The majority of spatial blocks have a median richness of 3 (Fig. 4.4 b). One
has a richness of 6, but the number of transects in this spatial block is relatively low, with
only seven transects sampled. On the east coast of Australia, in the Tweed-Moreton and
Manning-Hawkesbury ecoregions, two ecoregions at the transition between temperate and
tropical zones, the max richness was 8 whereas the median value of the adjacent temperate
or tropical zones was lower. Over 73% of spatial blocks can accommodate up to seven or
eight different reef habitat states (Fig. 4.4 c¢). Only the maximum of predicted reef states
showed a significant relationship, albeit weak (linear coefficient of 0.007), with the number

of transects carried out (p < 0.01).
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4.5 Discussion

In this study, we built upon Chapter 2 to explain and predict the spatial distribution
of multiple reef benthic habitats. Overall, the random forest multivariate modelling ap-
proach we have used showed substantial explanatory power but a low predictive power,
suggesting poor transferability. Despite evidence for a good explanatory power, all pre-
dictors presented a similar contribution to the variance explained precluding us to clearly
identify the drivers of the spatial distribution of most habitats. Partial dependence plots
highlighted some meaningful relationships and showed a differential response of habitats
along environmental gradients that may ultimately trigger the emergence of alternative
stable states. Importantly, some environmental conditions appeared to be suitable for se-
veral habitats suggesting that the current existence of an habitat in a given area may be

due to historical contingencies and/or biotic settings.

4.5.1 Explanatory and predictive power of the model

Our model demonstrates some explanatory power, especially when it comes to elucida-
ting the distribution of the rarest habitat states in the dataset such as Branching coral or
Soft coral and gorgonians (See Fig. S1 in appendix A and Fig. S6 in appendix B). This
outcome suggests that the model is able to decipher the reason why habitat states are ab-
sent and gives us insight about the complex relationships between environmental factors
and habitat states. This strongly contrasts with the model’s predictive power, which is
quite low overall. Several factors may contribute to the low transferability of the models.
First, the reef habitat states defined in Chapter 2 are derived from cover data of about
50 substratum types defined accordingly to the CATAMI benthic imagery classification
scheme (ALTHAUS et al. (2015); for further details, see EDGAR et al. (2020)), merged into
24 functional group. Hence, the initial reef state categorisation is based on cover data of
morpho-types that does not take into account the identity of the underlying species. As
a result, some reef states may have large environmental niches in our model while they
are in fact driven by species with much narrower niches and located in different areas.
For example, the diversity of Crustose coralline algae is estimated at several hundred
different species (DEAN et al., 2015; TWIST et al., 2019), which can be found in both tem-
perate and tropical zones (SissINI et al., 2022). The same goes for Turf, which is a rather
loosely defined functional group (CONNELL et al., 2014). Turf can include nearly a hun-

dred different species, sometimes with a lack of consistency in its definition across space
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(CONNELL et al., 2014). Hence, while Turf can be found in both tropical and temperate
zones, the underlying species and their ecology may greatly differ across different areas
(FILBEE-DEXTER & WERNBERG, 2018). Furthermore, it’s empirically observed that ben-
thic assemblages exhibit more reliable and quantifiable spatial patterns compared to fish
assemblages. This distinction has considerable implications when it comes to delineating

appropriate management zones (SANDIN et al., 2022).

Furthermore, discrepancies in predictor resolutions and misalignment with habitat
states pose additional hurdles (POTTER et al., 2013). Our environmental dataset operates
at best at a resolution of 1 km?, while the photo quadrats from RLS transects, cover an
approximate area of 20 m?2. This spatial disparity hampers the models to make accurate
predictions (CONNOR et al., 2018; MOUDRY et al., 2023), the estimation of environment-
species relationships may be flattenned (MEYNARD et al., 2023), resulting in an incorrect
estimation of environmental niches. Variability of sampling effort per spatial block and
differences in habitat states prevalence could be another potential explanatory factor for
the model’s limited predictive power. Variations in data collection intensity across dif-
ferent spatial blocks or habitats could introduce bias and affect the MaxTSS threshold
and thus model prediction performances (SoMobI et al., 2017 ; LEROY et al., 2018). However,
it is unlikely that our predictive performances were particularly affected by the choice of
metrics, since for the others the predictive power was also very low. Finaly, prevalence
issues in sampling data hampered our predictive power in two ways. Firstly, The most
prevalent groups are more prevalent by orders of magnitude. Turf, Canopy forming algae,
Fucoid like algae represent respectively 24%, 17% and 13%, comparatively to Brown al-
gae, Branching coral and Soft cora and gorgonians that represent only 2% and 1% each
for the last two in the whole dataset (Fig. S1).

In light of these challenges, it is important to recognise that while our model apparently
performs well in explaining the distribution of habitat states, its practical utility for
making precise predictions is rather limited. Nonetheless, there are strategies for enhancing
predictive power, such as improving predictor resolution to be closer to the scale at which
transects are sampled, increasing sampling in the less well sampled spatial block, or the
use of machine learning techniques to over-sample less prevalent habitats or under-sample
more prevalent ones (HE & GARcIA, 2009). This latter strategy has not been applied in this
study, as it is could be an alternative to the spatial-block approach that we used in this

study (GAUL et al., 2022) especially when the data come from a citizen science program
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(ROBINSON et al., 2018; ROBINSON et al., 2020). All the avenues presented here could be
used to improve the predictive power of this type of model, but further studies are still
needed to assess the extent to which each of the approaches presented, such as upscaling
methods (e.g. MEYNARD et al. (2023)) or over/under-sampling, can improve the predictive
power of SDMs.

4.5.2 Influence of biophysical factors and anthropogenic pressures

The most important variables identified for the different habitat states were, in order,
Sea Surface Temperature, Fishing PC1 and Marine Heatwaves Anaomaly. Conversely,
the variables manifesting the least influence across all habitat states were anthropogenic
pressures, specifically Nutrient Pollution and Direct Human Disturbance. Our findings
align with those of JOUFFRAY et al. (2019), yet it is crucial to acknowledge a limitation
that both our study and theirs share. Certain anthropogenic pressures, such as Nutrient
Pollution, can be highly localized, posing challenges for regional models to accurately
capture. Consistent with the observations of JOUFFRAY et al. (2019), our model underscores
the critical role of Sea Surface Temperature in shaping habitat states. This aligns with
previous literature emphasizing temperature’s significance in predicting benthic diversity

patterns, as evidenced by BELANGER et al. (2012).

Response curves provide insights into the relationships between environmental factors
and certain habitat states. Overall, the response curves we have generated exhibit a com-
mendable degree of consistency with the existing literature. For instance, we confirm that
Filamentous algae tend to thrive in areas less exposed to marine currents (QUINTANO et
al., 2015), while Branching coral are more prevalent in warm temperate waters (HiGucHI
et al., 2015). These patterns provide valuable ecological insights and corroborate our un-
derstanding of the response of these habitats along environmental gradients. However, it
is important to recognise that not all relationships exhibit such consistency. Notably, the
positive link between fishing pressure or marine heatwaves and the prevalence of Large
canopy forming algae, is less straightforward and even seems contradictory (WERNBERG
et al., 2016). It is crucial to contextualise these findings within the framework of our model-
ling approach. The SDM model employed in this study is correlative by essence (SHABANI
et al., 2016), only capturing statistical associations between environmental variables and
habitat states. While these correlations can reveal important ecological patterns, they do

not establish causal relationships. Understanding the drivers behind these relationships
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requires a nuanced perspective. For example, the observed positive correlation between
Large canopy forming algae and commercial fishing activity may be the result of the high
fishing commercial value of kelp forests, where approximately $30,000 of fish products are
extracted per hectare and per year (EGER et al., 2023). Similarly, the relationship between
marine heatwaves and the probability of occurrence of Large canopy forming algae should
be interpreted in the context of ecological dynamics that Australian shores recently expe-
rienced. Indeed, major episodes of marine heatwaves occurred in 2011 and 2015 (Hobday
et al. 2018) that have led to the decline of kelp, a common large canopy-forming species,
in the following years (WERNBERG et al., 2016). This may lead to a spurious correlation
in our dataset, since transect may have been sampled in these areas before the kelps di-
sappeared. Furthermore, Large Canopy Forming algae contains more than just temperate
macroalgae, some species of tropical fleshy macroalgae such as Sargassum spp. have been
incorporated as Large canopy forming categories. This kind of fleshy macroalgue can be
found growing on the top of coral reef after a regime shift to a macroalgae dominated reef
(SMITH et al., 2022), especially if the coral reef has been degraded due to marine heatwaves
(DONOVAN et al., 2021).

4.5.3 Co-occurrence patterns

Our exploration of co-occurrence patterns among reef habitat states has yielded intri-
guing findings shedding light on the ecological dynamics of these underwater ecosystems.
It’s striking to note that only a mere 2% of the possible combinations among the 14 habi-
tat states were observed in our data. This limited co-occurrence of habitat states within
transects suggests a complex interplay of ecological factors governing their distribution.
Certain habitat states exhibit weak co-occurrence patterns with others, implying distinct
environmental responses or the ability for these states to thrive in inhospitable conditions.
For instance, Branching coral and Soft corals and gorgonians rarely co-occur (Fig. 4.3 c.),
this can be explain by the small number of corals habitats states in our dataset (see Dis-
cussion in Chapter 2). It can also be a manifestation of niche differences between the two
differents groups, although competition between these two groups may also contribute to

this pattern (SAMMARCO et al., 1983).

Another interesting observation concerns Large canopy forming algae, and Turf that are
frequently predicted alone. While this pattern could be the result of a bias in our model

where the differential prevalence of habitat states combined with the variable number of
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transects per spatial block could influence the joint occurrence probabilities predicted by
the model in each observational unit, an ecological explanation is also possible. Specifically,
we found that other habitat types presenting similar characteristics with wide ecological
niches and a high prevalence (e.g. Bushy Fucoid-like, Crustose coralline algae ; Fig. S1 in
appendix A) do not exhibit similar patterns (Fig. 4.3 b), this observation suggests that
the influence of the this bias may be less pronounced than initially perceived, indicating
the potential involvement of other underlying factors. For Turf it may be due to areas
that have already undergone a regime shift (i.e. the original habitat has disappeared and
has been replaced by Turf; JOUFFRAY et al. (2015)), regime shift that struck hundreds
of kilometres of Australian coastline (FILBEE-DEXTER & WERNBERG, 2018). For Large
canopy forming algae, it may be due to a bias in the RLS sampling method, which,
with its photoquadrat, does not take into account understory habitat, such as Red algae,
Brown algae and Crustose coralline algae, thus underestmating the niche of the low-profile

understory habitat states.

4.5.4 Richness Spatial Patterns

Our examination of spatial richness patterns within spatial-blocks has unveiled insights
into the distribution of habitat states along the Australian coast. This analysis raises im-
portant questions about the ecological significance of these patterns and their potential
implications for the region’s marine ecosystems. One notable observation is that the ma-
jority of spatial-blocks predominantly exhibit a single ecological status. This phenomenon
highlights the prevalence of specific habitat types in various regions, which can be either
desirable, such as areas characterised by Large canopy forming, Bushy Fucoid like, or
seagrass (COLEMAN & WERNBERG, 2017 ; FILBEE-DEXTER & WERNBERG, 2018 ; JANES et al.,
2021), or less desirable, such as those dominated by Turf (FILBEE-DEXTER & WERNBERG,
2018). This raises an intriguing question : do these unique habitat states persist in areas
that have remained largely unaffected by regime shifts, or do they represent remnants
of past ecological transformations? Understanding the historical context and ecological

drivers behind these spatial patterns is crucial to unravelling their significance.

Intriguingly, the eastern Australian transition zone stands out with a greater median
habitat diversity. This may be linked to the ongoing process of tropicalisation occurring in
the region (FIGUEIRA & BooTH, 2010). As the climate warms, there is increasing evidence

of shifts in marine ecosystems, including the expansion of tropical species into temperate

220



4.6. Conclusion

zones (VERGES et al., 2014). This phenomenon could potentially lead to regime shifts in
the near future (VERGES et al., 2019), making the eastern Australian transition zone a
focal point for monitoring and research. Furthermore, it’s worth noting that a substantial
number of spatial blocks exhibit the maximum number of habitat states. This intriguing
finding suggests the possibility of ongoing or impending state changes across the entire

Australian coast.

4.6 Conclusion

Our study delves into the spatial distribution of multiple reef benthic habitats and
highlighted that some areas are more prone to exhibit multiple habitat states based on
environmental niche similarities. Yet while our model provides some insights in explaining
the distribution of habitat states and its associated ecological drivers, its predictive power
appeared limited for several reasons including resolution mismatch between response and
predictor variables or the way habitats were clustered. Despite these limits, which are
mostly tailored to the datasets used, this approach could prove useful to identify the
conditions under which multiple habitats can be found, and therefore the areas where

regime shifts are more likely to take place.
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Appendix A - Datasets

Table S1 — Habitat states identified in the Chapter 2 and their description included in this study.

Habitat States

Description

Branching coral
Brown algale
Bushy Fucoid
like

Crustose
coralline algae
Crustose
coralline algae
and turf
Filamentous
algae

Green calcified
algae

Large canopy
forming algae
Other Sessile
invertebrates
Red algae

Seagrass

Soft coral and
gorgonians
Substrate
Turf

Branching coral of the Acroporidae familly
Brown foliose algae

Bushy algae with a morphology similar to that of Fucus spp.

Crustose (nongeniculate) coralline algae forming a thin calcerous
cruste
Crustose (nongeniculate) coralline algae forming a thin calcerous

cruste with turf algae (see below)
Long filamentous epiphytic algae growing over large algae

Green calcified algae of the Halimeda genus with a green calcified
thallus

Large canopy forming algae as species of genus Laminaria,
Macrocystis, Sargassum, Durvillaea, Ecklonia and others

Other sessile invertebrates like mussel beds, oyster reefs

Red foliose algale

Marine angiosperms of various famillies as Cymodoceaceae,
Posidoniaceae, Potamogetonaceae, Ruppiaceae, Zannichelliaceae and
Zosteraceae

Soft coral and gorgonians

Substrate including bare substrate, sand and unconsolidate substrate
Small algae (2cm < in hight) forming dense and tangled mats or

carpets on marine substrates
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Figure S1 — Occurrence of the different habitat states in the dataset
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4 Artisanal_Fighing_std
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Figure S2 — PCA biplots of the fishing data.
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Figure S3 — Pearson’s correlation matriz of selected predictors.
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along the Australian coast. c. Map of spatial block allocation in one of the three folds.
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2
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Figure S5 — Number of occurrences of each habitat state per training and test fold. The colour
is based on the proportion represented by each habitat state within the considered fold.
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Appendix B - Model fitting & Evaluation

Model Fit

Hyperparameter tunning

Table S2 — Description of the hyperparameters tuned and their values according to the scikit-learn
documentation.

Hyperpa-

rameter

name Description Values

n_estima- The number of trees in the forest. {100, 200, 300, . .., 3000}
tors

maz__fea-  The number of predictors to consider when looking for {2,3,4,...,8}

tures the best split.

maz__depth The maximum depth of each tree. If co, then nodes are ~ {5,10,15,...,100, 00}
expanded until all leaves are pure or contain less than 2

samples
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Figure S6 — Confusion Matriz of the explanatory power.
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Probability distribution of habitat states
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Figure S7 — Distribution of occurrence probabilities for each habitat state. The dotted line repre-
sents the threshold optimised by MaxTSS to binarise the predictions.
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Figure S8 — AUC curves of the explanatory power for the Branching coral.
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Train - Brown algae
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Figure S9 — AUC curves of the explanatory power for the Brown algae.
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Figure S10 — AUC curves of the explanatory power for the Bushy Fucoid like.
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True Positive Rate

Train - Crustose coralline algae and turf
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Figure S11 — AUC curves of the explanatory power for the Crustose coralline algae and turf.
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Train - Crustose coralline algae
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Figure S12 — AUC curves of the explanatory power for the Crustose coralline algae.
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Train - Filamentous algae
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Figure S13 — AUC curves of the explanatory power for the Filamentous algae.
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Figure S14 — AUC curves of the explanatory power for the Green Calcified algae.
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True Positive Rate

Train - Large canopy forming algae
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Figure S15 — AUC curves of the explanatory power for the Large canopy forming algae.
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Train - Other Sessile invertebrates

1.0 [ — — /"
/
7/
/7
/
/7
7/
/7
/
/
/7
/7
,/
0.8 e
/
/7
/
/7
/
/
/7
/7
/
/7
/7
/7
,/
0.6 A
o ,
) ’
/7
= s
() 7/
(o] /
o ,/
= 0.4 - e
/
/7
7/
/
/7
/7
/
/7
/7
0.2 /’
’ —— QOther Sessile invertebrates Fold 1 (AUC = 0.93)
—— Other Sessile invertebrates Fold 2 (AUC = 0.91)
—— Other Sessile invertebrates Fold 3 (AUC = 0.91)
Other Sessile invertebrates All (AUC = 0.89)
, —==- Chance level (AUC = 0.5)
00 T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure S16 — AUC curves of the explanatory power for the Other Sessile invertebrates.
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Train - Red algae
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Figure S17 — AUC curves of the explanatory power for the Red algae.
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Train - Seagrass
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Figure S18 — AUC curves of the explanatory power for the Seagrass.
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True Positive Rate

Train - Soft coral, gorgonians
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Figure S19 — AUC curves of the explanatory power for the Soft coral and gorgonians.
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Train - Substrate
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Figure S20 — AUC curves of the explanatory power for the Substrate.
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Figure S21 — AUC curves of the explanatory power for the Turf.
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AUPRC Curves
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Figure S22 — AUPRC curves of the explanatory power for the Branching coral. The grey lines
represent isolines of F1-score.
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RF Train - Brown algae | Mean AP = 0.45
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Figure S23 — AUPRC' curves of the explanatory power for the Brown algae. The grey lines
represent isolines of F1-score.
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RF Train - Bushy Fucoid like | Mean AP = 0.63
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Figure S24 — AUPRC curves of the explanatory power for the Bushy Fucoid like. The grey lines
represent isolines of F1-score.
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RF Train - Crustose coralline algae and turf | Mean AP = 0.56
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RF Train - Crustose coralline algae | Mean AP = 0.62
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Figure S26 — AUPRC curves of the explanatory power for the Crustose coralline algae. The grey
lines represent isolines of F1-score.
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RF Train - Filamentous algae | Mean AP = 0.55
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Figure S27 — AUPRC curves of the explanatory power for the Filamentous algae. The grey lines
represent isolines of F1-score.
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RF Train - Green calcified algae | Mean AP = 0.71
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Figure S28 — AUPRC curves of the explanatory power for the Green Calcified algae. The grey
lines represent isolines of F1-score.
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RF Train - Large canopy forming algae | Mean AP = 0.67

1.0 A
0.8 4
0.6
c
2
(9]
O
4]
T
0.4 4
021
Large canopy forming algae Fold 1 (AP = 0.69) 1
—— Large canopy forming algae Fold 2 (AP = 0.68) f1=0.2
—— Large canopy forming algae Fold 3 (AP = 0.66) fle0.1
Large canopy forming algae All (AP = 0.66) -
=== Chance level (AP = 0.18)
0.0 T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure S29 — AUPRC curves of the explanatory power for the Large canopy forming algae. The
grey lines represent isolines of F1-score.
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RF Train - Other Sessile invertebrates | Mean AP = 0.48
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Figure S30 — AUPRC curves of the explanatory power for the Other Sessile invertebrates. The
grey lines represent isolines of F1-score.
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RF Train - Red algae | Mean AP = 0.55
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Figure S31 — AUPRC curves of the explanatory power for the Red algae. The grey lines represent
isolines of F'1-score.
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RF Train - Seagrass | Mean AP = 0.52
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Figure S32 — AUPRC curves of the explanatory power for the Seagrass. The grey lines represent
isolines of F1-score.
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RF Train - Soft coral, gorgonians | Mean AP = 0.55
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Figure S33 — AUPRC curves of the explanatory power for the Soft coral and gorgonians. The
grey lines represent isolines of F1-score.
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RF Train - Substrate | Mean AP = 0.61
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Figure S34 — AUPRC curves of the explanatory power for the Substrate. The grey lines represent
isolines of F1-score.
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RF Train - Turf | Mean AP = 0.71
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Figure S35 — AUPRC' curves of the explanatory power for the Turf. The grey lines represent
isolines of F'1-score.
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Appendix C - Model Explanation
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Figure S36 — a. Bar plot of the three most important variables according to the SHAP framework
for Branching coral habitat state. The bars are coloured according to the type of pressure. b. to
d. Partial Dependence plot of these three most important variables.
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Figure S37 — a. Bar plot of the three most important variables according to the SHAP framework
for Brown algae habitat state. The bars are coloured according to the type of pressure. b. to
d. Partial Dependence plot of these three most important variables.
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Figure S38 — a. Bar plot of the three most important variables according to the SHAP framework
for Bushy Fucoid like habitat state. The bars are coloured according to the type of pressure. b.
to d. Partial Dependence plot of these three most important variables.
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Figure S39 — a. Bar plot of the three most important variables according to the SHAP framework
for Bushy Fucoid like habitat state. The bars are coloured according to the type of pressure. b.
to d. Partial Dependence plot of these three most important variables.
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Figure S40 — a. Bar plot of the three most important variables according to the SHAP framework
for Crustose coralline algae and turf habitat state. The bars are coloured according to the type
of pressure. b. to d. Partial Dependence plot of these three most important variables.
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Figure S41 — a. Bar plot of the three most important variables according to the SHAP framework
for Crustose coralline algae habitat state. The bars are coloured according to the type of pressure.
b. to d. Partial Dependence plot of these three most important variables.
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Figure S42 — a. Bar plot of the three most important variables according to the SHAP framework
for Filamentous algae habitat state. The bars are coloured according to the type of pressure. b.
to d. Partial Dependence plot of these three most important variables.
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Figure S43 — a. Bar plot of the three most important variables according to the SHAP framework
for Green calcified algae habitat state. The bars are coloured according to the type of pressure.
b. to d. Partial Dependence plot of these three most important variables.
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Figure S44 — a. Bar plot of the three most important variables according to the SHAP framework
for Large canopy forming algae habitat state. The bars are coloured according to the type of
pressure. b. to d. Partial Dependence plot of these three most important variables.
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Figure S45 — a. Bar plot of the three most important variables according to the SHAP framework
for Other Sessile invertebrates habitat state. The bars are coloured according to the type of
pressure. b. to d. Partial Dependence plot of these three most important variables.

275



Chapitre 4 — Patterns of Co-occurrence and Spatial Richness in Marine Habitats :
Insights from Large-Scale Modelling

a Type of pressure b
I Environmental W Fishing mm Anthropogenic Red algae
¥ 0.038
Sea Surface Temperature "
% 0.036 1
o
E} 0.034 A
3
Diffuse attenuation £ 0.032 1
>
¥ 0.030 A
&
— 0.028 1 E[Probal]
(1o
. . o
Fishing PC1 g 0.026 1 _f_j
o
I T T T T T T T 0.024 L T T T T T r T
0.000 0.001 0.002 0.003 0.004 0.005 0.006 0.007 125 150 17.5 20.0 225 250 275 30.0
mean |SHAP value| Sea Surface Temperature
C d.
Red algae Red algae
0,050 ﬂ
s 0.036
S 0.045 A °
c o
2 2 0.034 1
; 0.040 1 'E
2 = 0.0321
8 0.035 2
o e
o £ 0.030 1
£ 0.030 1 =
T U E[Proba] ElProba]
4 roba
0.025 0.028 Y | iy
0.00 005 010 0.15 0.20 0.25 0.30 0 1 2 3 4 5

Diffuse attenuation Fishing PC1

Figure S46 — a. Bar plot of the three most important variables according to the SHAP framework
for Red algae habitat state. The bars are coloured according to the type of pressure. b. to d. Partial
Dependence plot of these three most important variables.
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Figure S47 — a. Bar plot of the three most important variables according to the SHAP framework
for Seagrass habitat state. The bars are coloured according to the type of pressure. b. to d. Partial
Dependence plot of these three most important variables.

277



Chapitre 4 — Patterns of Co-occurrence and Spatial Richness in Marine Habitats :
Insights from Large-Scale Modelling

a Type of pressure b
BEE Environmental WM Fishing WM Anthropogenic Soft coral, gorgonians
v
S 0.012
Sea Surface Temperature ‘é
g 0.011 A
5
IS J
o 0.010
Fishing PC1 € 0.0094 E[Probal
3
& 0.008 {
g 4
Diffuse attenuation € 0.007
& 0.006 1
0.0000 0.0005 0.0010 0.0015 0.0020 0.0025 125 150 175 200 22.5 250 275 30.0
mean |SHAP value| Sea Surface Temperature
(o d.
Soft coral, gorgonians Soft coral, gorgonians
0.011 4
T =
_ £ 0.025 1
- ©
£ 0.010 2
2 £ 0.020 A
@ 2
= 5.009 4 E[Probal £
© 5 0.015 1
S =
< 3
w [=}
0.008 % 0.010 W\\'k E[Proba]
T T T T T T 0.005 T T T T T T
0 1 2 3 4 5 0.00 0.05 0.10 0.15 0.20 0.25 0.30
Fishing PC1 Diffuse attenuation

Figure S48 — a. Bar plot of the three most important variables according to the SHAP framework
for Soft coral and gorgonians habitat state. The bars are coloured according to the type of pressure.
b. to d. Partial Dependence plot of these three most important variables.
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Figure S49 — a. Bar plot of the three most important variables according to the SHAP framework
for Substrate habitat state. The bars are coloured according to the type of pressure. b. to d. Partial
Dependence plot of these three most important variables.
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Dependence plot of these three most important variables.
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CHAPITRE 5

Discussion Générale et Perspectives

L’objectif général de ce travail de these est d’améliorer notre compréhension des proces-
sus régissant la distribution des habitats benthiques biogéniques et de leurs communautés
associées. Pour ce faire, dans le premier chapitre de ce manuscrit, j’ai étudié les regles d’as-
semblage dans une communauté benthique structurée par deux habitats distincts; dans
le second chapitre, j’ai identifié et caractérisé des états d’habitats biogéniques a 1’échelle
du globe et enfin, dans le dernier chapitre j’ai identifié les facteurs qui contrélent la dis-
tribution spatiale de ces états d’habitats. Etant donné le réle important de ces habitats
pour maintenir la biodiversité des écosystemes cotiers, ces travaux permettent de mieux
envisager leur réponse face aux changements environnementaux en cours et les effets cas-
cades qui peuvent en découler sur la biodiversité et le fonctionnement des écosystemes

cotiers.

5.1 Améliorer les Capacités Prédictives des Modeles de Dis-

tribution d’Especes

L’un des principaux objectifs de cette these était de comprendre et de prédire les ré-
ponses des communautés benthiques coticres. A cet effet, j’ai employé deux méthodes
distinctes de prédictions. Dans le premier chapitre, j'ai adopté I'approche “prédire et ag-
gréger simultanément” selon FERRIER et GUISAN (2006) en utilisant un jSDM (WARTON
et al., 2015). Dans le deuxieme et troisieme chapitre, j’ai employé une approche “grouper,
puis prédire”. Ces stratégies ont chacune montré leurs avantages et leurs limites. Les ré-
sultats du premier chapitre ont indiqué que I'intégration d’informations supplémentaires,
comme la phylogénie ou d’autres espéces associées, renforcait la performance prédictive.

Cependant, ’'ajout de traits fonctionnels n’a pas consolidé les performances prédictives de
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I’approche, allant au contraire de ce qui est attendu dans ce genre de modele (OVASKAINEN
et al., 2017 ; OVASKAINEN & ABREGO, 2020). Cela semble suggérer que les traits sélectionnés
pour la communauté de polychetes n’étaient pas suffisamment en lien avec les conditions
environnementales du modele et que par conséquent, les liens traits-environnement ne per-
mettaient pas d’informer suffisamment le modele pour améliorer ses prédictions. Ainsi,
savoir si I'on a utilisé les “bons” traits d’especes reste encore une question cruciale pour
obtenir le meilleur pouvoir prédictif d'un SDM ou jSDM (VEsK et al., 2021).

Face a des résultats prédictifs qui ne répondaient pas a mes attentes et a une interpré-
tabilité limitée par le nombre d’especes en jeu, j’ai formulé une nouvelle méthode dans les
chapitres 2 et 3. Au lieu de chercher a prédire la totalité de la communauté, j’ai considéré
I'utilisation de proxys pour améliorer le pouvoir prédictif des modeles. J’ai ainsi choisi
I’approche “grouper, puis prédire” de FERRIER et GUISAN (2006) en me servant des habi-
tats biogéniques et de leurs états possibles comme proxys des communautés benthiques
et de la biodiversité cotiere (PELLETIER et al., 2020). L’étendue des habitats biogéniques
est depuis longtemps utilisée comme proxy de I'état des écosystemes marins, a 1’échelle
globale (BUTCHART et al., 2010), mais leur étendue seule n’est pas suffisante, car, selon
leur état, ces habitats n’abritent pas le méme niveau de diversité (SUNDAY et al., 2017).
J’ai donc exploré la prédictibilité et la réponse aux changements environnementaux de
ces habitats biogéniques et de leurs différents états possibles. Cependant, cette tentative
n’a pas non plus rencontré le succes escompté. Au-dela des questions soulevées par le
chapitre 2 quant aux méthodes pour définir et classifier les habitats benthiques et leurs
états, le chapitre 3 a montré que la prédictibilité de ces états d’habitats reste faible. Le
chapitre 3 discute des facteurs qui peuvent limiter la prédictibilité d’états écologiques,
mais il convient de revenir sur des points transverses avec le chapitre 1, car il existe des
facteurs qui limitent la prédictibilité et transférabilité de tous modeles de distribution

d’especes (YATES et al., 2018).

Prédire en écologie s’avere complexe, notamment lors de ’étude de communautés en-
tieres ou a de vastes échelles spatio-temporelles. Néanmoins, cette these a mis en lumiere
diverses pistes de réflexion pour optimiser les prédictions. Une préoccupation majeure est
la résolution des données environnementales relativement a 1’écologie des espéces modé-
lisées. En effet, les données environnementales utilisées comme co-variables sont souvent
disponibles a des échelles grossieres et trop larges relativement a la taille des organismes

étudiés (POTTER et al., 2013). Par exemple, les données environnementales terrestres béné-
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ficient d’une résolution d’environ 1 km, a I'instar de la base de données Chelsea (KARGER et
al., 2017), cette résolution n’est que d’environ 9 km pour Bio-Oracle en milieu marin (Assis
et al., 2018), alors que 'ordre de grandeur des especes associées aux écosystemes étudiées
dans cette these ont des ordres de grandeur inférieurs au metre. Cette discordance limite
les capacités prédictives des modeles en réduisant la variabilité spatiale des conditions
environnementales qu’expérimentent réellement ces especes. Ainsi, lors de I'entrainement
des modeles de distribution d’especes, nous n’avons acces qu’a une partie tronquée de
leurs niches réalisées. Une piste prometteuse serait d’intégrer les conditions microclima-
tiques qui expérimentent les communautés. Pour ce faire, il est possible d’envisager des
loggeurs in situ (LEMBRECHTS et al., 2019), mais cette solution n’est pas réalisable pour
les suivis a grande échelle spatiale. Des approches numériques pourraient améliorer notre
appréhension des variations climatiques a une échelle spatiale bien plus fine : a 'aide
d’approches numériques, via des approches mécanistiques telles que celles présentées par
MACLEAN et al. (2019) ou des approches par réseaux de neurones telles que celles présen-
tées par HuU et al. (2023), il est possible de reconstruire les conditions climatiques a fine
échelle, de I'ordre de 100 m?, voir jusqu’a 10 m? (MACLEAN, 2020). Ces approches ont déja
été testées sur certains écosystemes terrestres (STARK & FRIDLEY, 2022) et semblent une
piste prometteuse pour améliorer nos capacités de prédictions (LEMBRECHTS & LENOIR,
2020) et pourraient étre appliquées aux deux approches de modélisation mise en oeuvre

dans cette these.

Pour I'approche “grouper, puis prédire”, plusieurs méthodes peuvent optimiser le pou-
voir prédictif. Une stratégie efficace consisterait a réviser la création des états d’habitats.
Les travaux de cette these ont démontré que ces états sont actuellement basés sur des mor-
photypes. Cependant, cette classification regroupe parfois des especes aux niches environ-
nementales distinctes — par exemple, certaines laminaires des zones tempérées froides et
des sargasses tropicales — dans une méme catégorie, malgré des niches écologiques claire-
ment séparées, notamment en termes de température de ’eau. Cette généralisation élargit
artificiellement les niches environnementales, conduisant a des prédictions inexactes. Pour
affiner cette classification, il serait pertinent d’intégrer des informations sur les communau-
tés associées, en s’éloignant de la simple identification basée sur la couverture habitat pour
prendre en compte les assemblages benthiques, comme 1’a proposé DONOVAN et al. (2018).
Cette approche d’état couvrant différents compartiments de 1’écosysteéme se rapprocherait
ainsi de la définition de régimes écologiques (DONOVAN et al., 2018). La méthode UMAP,

utilisée dans cette these, est particulierement adaptée a cette tache. En effet, UMAP
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génere une représentation topologique avant de procéder a la réduction dimensionnelle
(MCINNES et al., 2020). En combinant plusieurs représentations UMAP d’un méme objet
— dans ce cas, une représentation de I’écosysteme basée sur les couvertures d’habitats et
une basée sur la faune associée (p. ex. abondances spécifiques ou diversité fonctionnelle)
—, il est possible de réaliser des opérations d’union ou d’intersection des graphes associés
pour ne produire qu'une seule et méme représentation en faible dimension représentant
les principales variations observées lors de la combinaison de I'habitat et la faune associée
(MCINNES et al., 2018). Combinée a 1’algorithme de groupement HDBSCAN, cela permet-
trait de découvrir des groupes plus “fins” en termes de représentation écologique, comme
pour une méme configuration de couverture d’habitat qui abriterait pour autant une faune
tres différente. Cela permettrait par exemple d’illustrer les récifs coralliens dont le fonc-
tionnement est tres différent, car la diversité fonctionnelle de poissons associés y est tout
autre (BELLWOOD et al., 2019), ce qui ne ressort pas dans nos états basés seulement sur les
couvertures d’habitats. Bien que cette nouvelle représentation ne simplifie pas nécessaire-
ment la modélisation dans ’ensemble, les régimes alors identifiés auraient probablement
un lien plus étroit avec les conditions environnementales ainsi que des niches environne-
mentales mieux séparées, ce qui améliorerait la modélisation d'un plus grand nombre de

régimes.

Une étude complémentaire qui prendrait en compte les traits fonctionnels des commu-
nautés associées pourrait offrir une perspective enrichissante pour mieux comprendre leur
état de santé (VILLEGER et al., 2010) et définir des régimes écologiques incorporant les
deux aspects de I’écosysteme. Dans cette optique, les travaux de DONOVAN et al. (2018)
représentent un cas d’étude pertinent. En se concentrant sur les coralliens de 1’archipel
d’Hawai, ces travaux ont mis en lumiere plusieurs régimes écologiques distincts dont trois
sur les cing nous intéressent précisément dans le cadre de cet exemple. Certains récifs
présentent des caractéristiques non dégradées (c.-a-d. caractérisées par une forte couver-
ture en corail et forte biomasse de poisson), d’autres sont dans un état intermédiaire
(c.-a-d. forte couverture de corail, biomasse de poisson moyenne ou couverture moyenne
de corail et forte biomasse de poisson) et la troisiéme catégorie est celle des récifs dé-
gradés (c.-a-d. caractérisées par une forte couverture en algue gazonnante et une faible
biomasse de poisson) (DONOVAN et al., 2018). Ainsi, méme dans le scénario le moins favo-
rable ou les capacités prédictives resteraient mauvaises avec une plus fine granularité de
régime écologique, cette approche UMAP-HDBSCAN nous offre le cadre idéal pour (1)

caractériser les différents régimes écologiques a I’échelle du globe (2) identifier les états ou
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I'habitat est dégradé, mais les communautés associées intactes et vice-versa et enfin (3)
identifier au long terme les transitions entre les différents régimes écologiques. Le point
2 est particulierement intéressant, car il nous permettrait d’identifier les compartiments
de la biocénose qui pourraient étre des candidats a Iidentification de signaux précoces de

changements de régime.

5.2 Modélisation des Niches Environnementales : Entre At-

tentes et Reéalités

Les chapitres 1 et 3 grace a l'utilisation de méthodes de distribution d’especes nous
ont permis d’estimer une portion de la niche réalisée des objets d’études : les especes
de polychetes associées a deux habitats dans le cas du chapitre 1 et les états d’habitats
dans le chapitre 3. Dans les deux approches, les niches estimées étaient cohérentes avec
notre connaissance de ces écosystemes. Dans 'approche de modélisation par jSDM mis
en place dans le chapitre 1, nous nous sommes particulierement intéressés a la variabi-
lité des niches environnementales estimées par les différentes configurations du modele.
Contrairement a nos hypotheses, la majorité du signal que les différentes formulations des
modeles arrivaient a capturer ne provenait pas des variables environnementales incluses
dans les modeles, puisqu’en étudiant la forme des courbes de réponse, je me suis rendu
compte que parmi les neuf formes de courbes de réponses possibles décrites par RIGAL et
al. (2020), la majorité de celles que j'observais était plate. Une grande partie de la variance
expliquée par les différents modeles provenait en réalité des effets aléatoires. Or parmi les
effets aléatoires, 'importance des herbiers de zosteéres restait faible, notamment comparée
aux variations spatiales (Fig. 5.1). Ce manque d’effet structurant des herbiers de zosteres
sur les communautés benthiques semble surprenant au regard de la littérature (BosTROM
et al., 2006). Cet effet pourrait étre expliqué par I'importance dans cette zone des effets
neutres dans la structuration des communautés de polychetes (BoyE et al., 2019). Une
autre raison pour le manque d’effet des variables environnementales sur les especes est la
raison citée ci-dessus, a savoir le manque de résolution des variables environnementales
pour caractériser la niche écologique des especes modélisées. Le chapitre 3 quant a lui a
permis une bonne caractérisation des niches des états si I'on se fie au bon pouvoir ex-
plicatif du modele. Cela pourrait s’expliquer grace (1) a I'importante couverture spatiale
des données du RLS et (2) a la force des relations non linéaires que peut apprendre une

méthode non paramétrique comme les Random Forest (VAYSSIERES et al., 2000 ; VALAVI et
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al., 2021). Cependant, le pouvoir prédictif limité et la capacité a bien prédire les absences
laissent supposer que la encore les niches environnementales estimées sont tronquées, ce

qui peut expliquer pourquoi le modele prédisait mieux les absences que les présences.
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5.8. Analyse des états d’habitats marins a ’échelle du globe : avancées et perspectives

5.3 Analyse des états d’habitats marins a I’échelle du globe :

avancées et perspectives

L’identification des états d’habitats a I’échelle du globe constitue une avancée en éco-
logie en nous permettant de mieux caractériser les habitats a ces grandes échelles et nous
donnant une indication sur leur état de santé. Cependant, I’approche mise en place dans
cette these n’éclaire pas sur 1'état de santé des communautés que ces états d’habitats
abritent. En exploitant une approche de groupement, HDBSCAN (MCINNES et al., 2017),
associée a une nouvelle technique de réduction de dimension UMAP (MCINNES et al.,
2020), j’ai discerné plusieurs ensembles distincts, que j’ai définis comme des “états d’habi-
tat”. Ces états d’habitats se distinguent par leur composition variée en especes végétales
(fucoides, laminaires, algues brunes, rouges, etc.) et animales (invertébrés sessiles, coraux
branchus, coraux mous, gorgones...), ainsi que par la présence de divers substrats nus
(comme le sable, le gravier ou la roche nue). Ces états d’habitats apportent un éclairage
nuancé sur ’état de santé des zones dans lesquelles on les trouve, car, parmi ces ensembles,
certains correspondent & des habitats emblématiques (tels que les coraux branchus ou les
foréts de laminaires), tandis que d’autres représentent des états dégradés ou des états
alternatifs (Fig. 3.7). Nos recherches, élaborées dans les chapitres 2 et 3, révelent que
les régions de transition entre les zones tempérées et tropicales, en particulier le long
des cotes est et ouest de I’Australie, exhibent une plus forte richesse d’états d’habitats.
Ces zones, actuellement en cours de tropicalisation (processus ou les especes typiques des
eaux tempérées cedent la place a des especes tropicales; VERGES et al. (2014) ; VERGES
et al. (2019)), pourraient étre a ’aube d’un changement de régime. Ces changements de
régime sont probablement en train de se produire actuellement, puisque nos observations
indiquent une homogénéisation progressive des fonds marins, caractérisée par la prédomi-
nance croissante de I’état d’habitat “turf” depuis le milieu des années 2010, un phénomene
qui corrobore les études antérieures menées sur les cotes australiennes (PESSARRODONA
et al., 2022), et les tendances en cours a échelle globale (FILBEE-DEXTER & WERNBERG,
2018).

5.4 Implications des travaux entrepris dans cette these

Les travaux réalisés au cours de cette these ont non seulement marqué certaines avancées

méthodologiques, mais ont également enrichi notre compréhension des habitats benthiques
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a I’ére de I’Anthropoceéne. Dans le premier chapitre, j’ai élaboré un cadre d’analyse adaptée
aux modeles SDM et jSDM, facilitant et standardisant ’analyse de ces modeles et de leur
capacité a inférer les déterminants et a prédire les multiples facettes de la biodiversité.
Appliqué a un jeu de données de suivi long-terme de la macrofaune au sein de deux habitats
marins cotiers a une échelle régionale, cette analyse a clarifié les mécanismes d’assemblages
de ces communautés. Les différents modeles réalisés ont confirmé une influence limitée des
filtres environnementaux sur ces communautés (peu d’influence des variables évaluées,
peu de lien avec les traits des espéces) et mis en lumieére pour la premiere fois dans ces
habitats un role important des co-occurrences entre especes, qu’il conviendra d’examiner
plus en détail. Cette analyse a aussi mis en avant les limites de ce cadre de modélisation
pour des communautés riches, dont les principaux déterminants ne semblent pas étre les
filtres abiotiques, mais des processus neutres (BoYE et al., 2019) ou des processus biotiques
(interactions entre especes). Poursuivant cet élan, les chapitres suivants ont introduit
des méthodes novatrices de réduction de dimension des données et de groupement pour
analyser les données en écologie et décrypter la complexité des habitats, notamment en
étudiant leurs patrons de distribution a 1’échelle du globe. Cette exploration a levé le
voile sur les facteurs environnementaux et anthropiques qui influencent la distribution
des habitats et de leurs états, fournissant ainsi des clés pour interpréter et projeter les
transformations futures de ces habitats biogéniques dans un contexte d’environnement
changeant dii a 'anthropocene. Les résultats de ces recherches indiquent notamment une

homogénéisation des habitats avec un accroissement de la couverture du “turf”.

En somme, cette theése souligne le réle crucial des habitats biogéniques pour les éco-
systemes marins et fournit de nouveaux outils pour mieux comprendre et prédire a la
fois leur réponse aux changements environnementaux et les impacts en cascade que cela
peut générer sur la faune qui leur est associée. Considérant les services essentiels que ces
systemes fournissent a I’humanité, ainsi que la valeur écologique intrinseque des habitats
biogéniques, les résultats de ces recherches mettent en relief la dégradation et la dispari-
tion de ces habitats biogéniques comme une tres forte menace pesant sur les écosystemes
(IPBES, 2019). En réponse, l'urgence de programmes de surveillance étendus, tant dans
I’espace que dans le temps, est indéniable pour mieux comprendre le fonctionnement des
écosysteémes marins et I'importance des habitats sur la structure des communautés, no-
tamment pour mieux appréhender les perturbations écologiques futures liées a I'impact

anthropique.
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