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Titre Modélisation a fine échelle de la dynamique des communautés phytoplanctoniques

Résumé Les communautés de phytoplancton, composées d’algues photosynthétiques, peu-
vent comprendre plusieurs centaines d’especes nécessitant des ressources similaires, alors que
les modeles théoriques prédisent le plus souvent que le nombre d’espéces coexistant ne peut étre
beaucoup plus grand que le nombre de ressources. De nombreuses explications a ce « paradoxe
du plancton » ont été proposées, souvent basées sur les mémes hypotheses : les interactions sont
uniquement compétitives, la démographie n’integre qu'un seul stade de vie, celui de I'individu
flottant dans 'eau (le stade pélagique), et les individus sont distribués de fagon homogene dans
I'espace, avec des especes mélangées. Dans cette these, deux modeles indépendants ont été
construits afin de modifier ces hypotheses.

Dans un premier temps, un modele de dynamiques de communautés avec deux stades de
vie a permis de prendre en compte le stade dormant (la ‘graine’) dont la probabilité de survie
est plus importante que celle du stade pélagique, particulierement dans des conditions environ-
nementales défavorables. Dans ce modele, le stade pélagique permet de circuler entre 'océan et
la cote, tandis que les individus en dormance s’accumulent dans une banque de graines cotiere.
Le réseau d’interactions est inspiré par l'analyse de séries temporelles réelles et comprend de
la facilitation apparente en plus de la compétition. Nous montrons que la présence d’une
banque de graines permet le maintien des especes spécialistes, voire évite I'extinction totale de
la communauté dans des conditions environnementales difficiles. La facilitation ne promeut par
ailleurs pas la coexistence.

Dans le volet spatial de la these est développé un modele individu-basé avec des proces-
sus démographiques et hydrodynamiques a micro-échelle. La réplication d’un modele existant
en deux dimensions a permis d’expliciter son analyse numérique et mathématique, donnant les
fondations pour un modele en trois dimensions. Dans ce modeéle, les événements de naissance et
de mort sont représentés par un processus de branchement, chaque individu est transporté par
une marche aléatoire correspondant a la diffusion, et soumis a une advection issue d’'un modele
simplifié de la turbulence. Le modele est paramétré a partir des caractéristiques observées du
phytoplancton. Nous montrons qu’a des distances inter-individuelles pour lesquelles les inter-
actions sont possibles, les petits organismes (nanophytoplancton) sont principalement entourés
par des individus de la méme espéce, ce qui favorise leur coexistence, tandis que les espéces
plus grandes (microphytoplancton) sont plus mélangées, ce qui favorise la compétition inter-
especes. Nous discutons les mécanismes supplémentaires pouvant expliquer la maintenance de

la diversité du microphytoplancton.

Mots-clés coexistence, compétition, dormance, équations de moments spatiaux, facilitation,

modele individu-basé, phytoplancton, processus de points
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Title Fine-scale modelling of the dynamics of phytoplankton communities

Abstract Phytoplankton communities, made of photosynthetic algae, can include up to hun-
dreds of species requiring similar resources. Classical population dynamics models, however,
often predict that the number of coexisting species cannot be much larger than the number of
resources. Numerous explanations to this “paradox of the plankton” have been proposed, often
based on the same hypotheses: interactions are competitive, population dynamics are based
on a single life stage, corresponding to the organism floating in the water column (the pelagic
stage), and organisms are distributed homogeneously in space, all species being perfectly mixed
in the environment. In this thesis, we build two independent models which enable us to relax
these hypotheses.

Firstly, we establish a community dynamics model with two life stages, involving a dormant
one (a ‘seed’), which has a higher survival probability than the pelagic stage, especially in
adverse environmental conditions. In this model, pelagic organisms can move between the
ocean and the coast while dormant individuals remain in a coastal seed bank. The structure
of interactions is inspired by field data, and comprises facilitation in addition to competition.
The presence of a seek bank allows specialist species to survive in the community, and prevents
the extinction of all species in harsh environmental conditions. Facilitation does not seem to
promote coexistence.

In the spatial section of the thesis, we present an individual-based model including hydrody-
namic and demographic processes at the microscale. The replication of an existing single-species
model in two dimensions allowed us to develop the numerical and analytical methods which
serve as a foundation for a three-dimensional, multispecies model. In this model, birth and
death events are modeled by a branching process, and organisms are displaced by a random
walk representing diffusion, and by a simplified model of turbulence. Parameter values are
based on phytoplankton characteristics. We show that, for distances between individuals al-
lowing interactions to happen, small organisms (nanophytoplankton) are mostly surrounded by
individuals of the same species, which can favour coexistence, while larger species (microphy-
toplankton) are more mixed, which favours interspecific competition. We then discuss other

potential mechanisms that could explain microphytoplankton diversity maintenance.

Keywords coexistence, competition, dormancy, facilitation, individual-based model, phyto-

plankton, spatial moment equations, spatial point processes

Laboratoire d’accueil Institut de Mathématiques de Bordeaux UMR 5251, Université de
Bordeaux 351, cours de la Libération - F 33 405 TALENCE
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Résumé détaillé en francais

Contexte

Le phytoplancton est constitué d’algues photosynthétiques qui forment la base de la chaine
alimentaire dans les milieux aquatiques et représentent environ 50% de la production primaire
mondiale [121]. Ces organismes sont caractérisés par une grande diversité, qui couvre plusieurs
embranchements comprenant des centaines voire des milliers d’especes. Cette these est princi-
palement inspirée par les Bacillariophyceae (diatomées) et les Dinophyceae (dinoflagellés). Les
observations des milieux aquatiques, que ce soit en eau douce ou salée, révelent qu’en un seul
lieu, plus d’'une centaine d’especes appartenant a ces classes peuvent cohabiter. En un seul

prélevement de quelques dizaines de mL, jusqu’a 70 espeéces peuvent étre identifiées [331].

Ces observations semblent contredire les modeéles classiques de dynamique des communautés,
qui indiquent que le nombre d’especes coexistant ne peut étre beaucoup plus grand que le nom-
bre de ressources pour lesquelles les organismes sont en compétition. Cette opposition est
souvent nommeée le « paradoxe du plancton » [168]. De nombreuses propositions ont été for-
mulées au cours des années pour expliquer ce phénomene. Les fluctuations environnementales
font partie des hypotheses les plus précoces [168], mais il a été plus tard montré que des mécan-
ismes supplémentaires étaient nécessaires pour qu’elles assurent effectivement le maintien de la
biodiversité [125, 211] : le taux de croissance moyen des especes doit étre une fonction non-
linéaire et/ou non-additive des variables environnementales. Une pierre angulaire de la théorie
moderne de la coexistence de Chesson [74, 76], l'effet de stockage (storage effect), couple les
fluctuations environnementales a d’autres mécanismes pour expliquer le maintien de la biodi-
versité. Il nécessite en effet une réponse différente du taux de croissance de chaque espéce aux
variations environnementales, la covariation des effets de la compétition et de ’environnement,
ainsi que leur sous-additivité qui amortit les fluctuations du taux de croissance. Cependant,
d’autres modeles montrent que la diversité peut se maintenir méme dans un environnement
constant ; les fluctuations endogenes, parfois chaotiques, émergent alors des interactions entre
organismes, que ce soit dans des modeles comprenant uniquement du phytoplancton et quelques
ressources [165, 166], ou intégrant aussi des prédateurs [91]. La prédation peut aussi contrdler
la dynamique du phytoplancton via un processus de ‘suppression du gagnant’ (Kill The Win-
ner) : le prédateur transfere sa consommation principale vers ’espece la plus abondante [326].
Cela évite que la force de compétition de ’espece dominante pousse toutes les autres especes a
I’extinction.

Une partie des mécanismes décrits précédemment est associée, de fagon plus ou moins
explicite, a la théorie de la niche [206]. Si différents mécanismes se combinent pour que la
régulation soit plus importante au sein d'une méme espece qu’entre les especes, celles-ci peuvent

coexister. Cela se traduit par des interactions intraspécifiques plus fortes que les interactions



interspécifiques [29], bien que des relations plus complexes puissent apparaitre entre coefficients
d’interactions pour des communautés diverses [28]. Or, les modeles étudiant des communautés
de taille réaliste (au moins une dizaine d’espéces) sont moins fréquents que ceux focalisant sur
deux ou trois especes ou groupes fonctionnels. Bien que ces derniers étudient souvent plus
finement les mécanismes qu’ils présentent, ils risquent d’ignorer les propriétés émergeant avec
la multiplicité des especes.

En plus de la dimensionalité, certaines hypotheses sur lesquelles s’appuient régulierement
les modeles peuvent étre discutées a partir des observations de terrain. Ainsi, un seul stade
de vie du phytoplancton est utilisé, le stade pélagique, représentant I’'organisme en suspension
dans 'eau. On sait néanmoins depuis longtemps que le phytoplancton a aussi un stade dor-
mant (I’équivalent d’une ‘graine’) qui peut lui permettre de survivre plus longtemps et dans des
conditions environnementales plus difficiles que le stade pélagique [111]. La prise en compte
de plusieurs stades de vie a montré plusieurs fois son intérét pour la coexistence dans d’autres
écosystemes [131, 239] ; son application dans des communautés phytoplanctoniques diverses
reste a faire. Une seconde hypothese prévaut dans la majorité des modeles : les organismes
phytoplanctoniques sont censés n’interagir que via la compétition pour les ressources. Nos
é¢tudes de séries temporelles d’abondance de phytoplancton en milieu cotier ont néanmoins per-
mis d’inférer des interactions facilitatrices entre les especes, formant parfois la majorité des
interactions apparentes ([32] et [271], Appendice A). La facilitation reste un phénomene rel-
ativement peu étudié dans les modeles de coexistence au sein d’'un méme niveau trophique.
Cela peut s’expliquer par la complexité de ses effets : elle permet aux especes de se maintenir
ensemble, mais peut aussi déstabiliser la communauté via la rétroaction positive des especes
les unes sur les autres [228]. Il est donc important d’évaluer son impact sur un modele de
dynamique de communautés. Enfin, les variables d’état les plus souvent utilisées sont les con-
centrations, biomasses ou abondances des populations, qui supposent que les individus sont
omniprésents et bien mélangés. Cependant, de nombreuses observations montrent que la distri-
bution spatiale des individus est au contraire fragmentée : le phytoplancton forme des agrégats
(ou clusters) qui se retrouvent a toutes les échelles spatiales. Cette hétérogénéité spatiale du
phytoplancton peut s’expliquer par le type d’environnement dans lequel il évolue : mesurant
quelques dizaines de nm, les organismes pergoivent un environnement principalement visqueux
dans lequel les mouvements sont limités alors que la reproduction locale participe a la forma-
tion de clusters. L’agrégation intraspécifique favorise alors la coexistence en encourageant la
compétition intraspécifique.

Nous avons donc défini trois hypotheses dont le relachement pourrait affecter le maintien
de la diversité du phytoplancton. Nous étudions 'effet de ces modifications dans deux modeles
séparés. Un premier volet de la these couvre un modele de dynamique des communautés avec
une dizaine d’especes, des interactions positives et une banque de graines. Dans un deuxieme
volet, nous développons un modele individu-basé en deux puis trois dimensions a micro-échelle,

et étudions numériquement et analytiquement l'agrégation intraspécifique en résultant.
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Résumé détaillé en francgais

Modele incluant une banque de graines

Figure 1: Structure du modele incluant une banque de graines : les especes phytoplanctoniques
(dont les abondances sont indiquées par des cercles) sont présentes dans leur forme pélagique
le long de la cote (indice ¢) et dans 'océan (0), et dans leur forme dormante dans la banque de
graines (b). Les parametres contrdlant les processus principaux sont indiqués par leurs symboles
dans le schéma et définis dans le texte ci-dessous. Deux especes sont montrées dans ce schéma,
mais onze especes sont présentes dans le modele.

Modele Nous étudions dans le Chapitre 2 une communauté phytoplanctonique avec un mod-
ele en temps discret représentant des échanges entre la cote, 'océan, et la banque de graines
(Fig. 1). Pendant un pas de temps d'un jour, les abondances N évoluent selon un modele
de croissance Beverton-Holt multispécifique (Eq. 1, 2) puis les organismes sont déplacés en-
tre les différents compartiments (Eq. 3). Deux modeéles ont été retenus pour représenter les
interactions : le premier (modele I) est basé sur la loi d’action de masse et s’écrit

] _exp(ri(T)Neie )
Ntl,z,c - 1+Zj aijiNt,j,c thfMC

Nt@z,o - 1+Zj ai; Nt g0 th,Z,O . (1)
Npipv = Nyp(l—m—Q)

L’augmentation de 'abondance Ny ; ./, de 'espece i le long de la cote ou dans 'océan est
déterminée par son taux de croissance maximal exp(r;(7")), qui dépend de la température et
des préférences thermiques de I'espece, réduit par I'effet des interactions, ou «;; représente la
force per capita de l'interaction de l’espece j sur 'espeéce i. Le taux de perte par mortalité
naturelle, parasitisme ou prédation est représenté par le parametre [.

Le deuxieme modele (modele IT) prend en compte un effet de saturation dans les interactions
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inspiré par [279] :

eXp<Ti<T))Nt,i,c/o

aCNt,j,c/o aFNt,j,c/o
1 + ZJGC Hi]"‘l'Nt,j,c/o + ZJE]F Hij+Nt,j,c/0

Nt’,i,c/o = - th,i,c/o (2)
ol ac et ar sont les effets maximaux des interactions compétitives C et facilitatrices F,
respectivement, et H;; est la densité de demi-saturation de 'espece j affectant 'espece i.
La banque de graines est uniquement soumise a la mortalité des graines m et a leur en-
fouissement (.

Apres la phase de croissance est modélisée la phase d’échanges, durant laquelle

Nitiic = (1 — 8§ — e)Nt’,i,c + YNy ip +eNpio
Nit1io = (1—s;—€e)Npio+eNy,. . (3)
Nitiip = (1 —=7)Nyip + 5iNpic

Le passage des individus de la banque de graines cotiere a la surface est lié a la germination
et la remise en suspension v tandis que le flux inverse est paramétré par s;, qui représente
a la fois 'encystement et le taux de plongée spécifique a I'espece i. Enfin, la cote et 'océan

échangent via les marées avec un taux e.

Parametres Les valeurs des parametres sont basées sur la littérature de terrain, principale-
ment en milieu cotier. Ces valeurs étant fortement variables, une analyse de sensibilité a été
effectuée en prenant en compte plusieurs valeurs observées, et a confirmé que les résultats ne
changent pas significativement tant que I'on reste dans une gamme réaliste.

La communauté modélisée est inspirée par I'une des communautés analysées dans Picoche
& Barraquand, 2020 [271] (voir Appendice A). Les onze espeéces les plus fréquentes ont servi
de base pour les onze morphotypes modélisés, incluant leurs préférences thermiques et leurs
statuts de généralistes ou de spécialistes. Les interactions calculées dans [271], caractérisées
par une forte régulation intraspécifique comparée aux interactions interspécifiques, et 70% de
facilitation apparente, ont été adaptées a une formulation de type Beverton-Holt (avec ou sans

saturation), puis re-calibrées pour atténuer les différences entre structures de modeles.

Scénarios et résultats principaux Apres avoir confirmé la capacité du modele a produire
des dynamiques de population relativement proches des observations (survie de toutes les es-
peces et évolution cyclique avec des pics d’abondance saisonniers), deux scénarios ont été testés

avec et sans banque de graines pour en évaluer I'importance :

1. Les forces des interactions compétitives et facilitatrices ont été séparément diminuées puis
augmentées d'un ordre de magnitude pour représenter I'impact de variations biotiques,

ou de modifications des ressources dans ’environnement.
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Résumé détaillé en francgais

2. La moyenne et la variance de la température ont été modifiées pour approximer des

scénarios extrémes de réchauffement climatique.

Les deux modeles d’interactions ont des dynamiques similaires. En ’absence d’une banque de
graines, méme sans modification des parametres, la diversité chute de onze a quatre especes. Les
especes qui survivent sont les généralistes dont les abondances ont I'amplitude de variation la
plus faible, et la valeur minimale la plus élevée. L’effet de la banque de graines n’est pas notable
quand on modifie les forces d’interactions, tandis que, dans des conditions environnementales
difficiles (température élevée), la formation de graines permet le maintien d’au moins 9 especes,
méme quand ’absence de banque de graines ménerait a ’extinction totale de toutes les especes.

La variation des forces d’interactions permet de révéler I'effet déstabilisant de la facilitation.
Quand celle-ci est augmentée, ou quand la compétition est diminuée, la communauté est désta-
bilisée et peut perdre des espéces, plus particulierement dans le modele II. L’équitabilité de la
distribution des espéces, mesurée par 'inverse de l'indice de Simpson, diminue aussi, jusqu’a
étre divisée par trois, quand le poids de la facilitation s’accentue.

Ces résultats confirment I'importance de la banque de graines pour le maintien des especes
qui seraient plus susceptibles de disparaitre dans des conditions environnementales inadaptées
a leur niche thermique. Ils montrent aussi la nécessité de mieux comprendre l'effet de la

facilitation sur la dynamique des communautés.

Perspectives Le modele que nous présentons dans le Chapitre 2 permet d’évaluer I'importance
de la banque de graines quand on prend en compte un seul niveau trophique. Les interactions
entre organismes correspondent alors a un ensemble de phénomenes implicites : compétition
pour les nutriments, mais aussi régulation par les ennemis naturels, qui peut faire émerger une
facilitation apparente [1]. Il peut donc étre intéressant d’ajouter un niveau trophique supplé-
mentaire, représent I’exploitation par la prédation et / ou les parasites afin d’étudier leurs effets
sur la coexistence. La modification éventuelle des interactions modélisées pourrait alors éviter
la forte déstabilisation du systéme observée quand on augmente la force de la facilitation dans
la communauté. Le rajout de ce niveau trophique peut se faire de fagon implicite en ajoutant
des délais dans la formulation de la dynamique des populations, qui indiquerait le décalage
entre la croissance du phytoplancton et celle des prédateurs ou des parasites en réponse a une

augmentation d’abondance du phytoplancton.

L’article correspondant a été publié sous la référence suivante : C. Picoche & F. Barraquand
(2022) Seed banks can help to maintain the diversity of interacting phytoplankton species.
Journal of Theoretical Biology, 538, 111020.
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Modele spatialisé a micro-échelle

Modeéle : simulations numériques et analyse mathématique Nous avons développé un
modele spatial & partir du Brownian Bug Model (BBM, qui pourrait étre traduit peu élégam-
ment par ‘Modele de Microbe Brownien’) initialement présenté par Young et al., 2001 [345]. Ce
modele individu-basé en temps et espace continus permet de suivre le devenir d’organismes de
concentration C' qui se reproduisent (avec un taux de naissance \) et meurent (avec un taux de
mortalité p) dans un environnement visqueux et turbulent a I’échelle du plus petit tourbillon
possible dans un milieu océanique. Les organismes sont déplacés par la diffusion (de diffusivité
D) et la turbulence qui sépare deux organismes selon une loi exponentielle de parametre dry
ol d est le nombre de dimensions de I’espace. Pour les simulations numériques, le modele est
discrétisé dans le temps : les évenements de naissance et de mort sont représentés par un pro-
cessus de branchement, chaque individu est transporté par une marche aléatoire représentant

la diffusion, et soumis a une advection issue d’'un modele simplifié de la turbulence [274].

La publication [345] présente les résultats du modele en deux dimensions et pour une seule
espece. De plus, I'obtention des formules analytiques n’est pas explicitée. Dans un article de
réplication (Chapitre 3), nous avons retrouvé les résultats originaux, mais aussi re-démontré les
équations permettant de caractériser la distribution spatiale des organismes. Ainsi, ’agrégation
des organismes est quantifiée par la fonction de corrélation de paires g. Celle-ci peut étre définie
en considérant C?%g(r,t)dx dxpg la probabilité de trouver un individu dans la sphére dx 4 et un
individu dans la sphere dxp, la distance entre les centres de dx 4 et dxp étant égale a r ([169],
page 219). Quand les individus sont agrégés, g > 1. Nous montrons que la variation dans le

temps de g en d dimensions suit

dg 4 0 _,0g .0 dg 2\

2 —9D 1-d ¥ d-1%Y9 2N\ — 1-d ¥ d+1%9 iy ) 4

ot "o <T or + 2 g +r ar\' or + C (&) (4)
A partir de la formule précédente, et en supposant que la population est stable (A = ), nous

avons calculé les formules analytiques de g avec et sans turbulence, et confirmé I’agrégation des

individus due a la reproduction locale et la limitation des mouvements dans ’environnement.

Dans un deuxieme temps, afin de pouvoir étudier la coexistence du phytoplancton avec des
parametres plus réalistes, nous avons adapté le BBM en trois dimensions et pour plusieurs es-
peces (Chapitre 4). Nous avons aussi mis en place un autre indice dérivable a partir de g mais
plus facile a interpréter écologiquement : I'indice de dominance locale D; caractérise la compo-
sition du voisinage d'un individu de I'espece ¢ dans la sphere de rayon r I'entourant a partir du
ratio entre le nombre moyen d’individus de la méme espéce (conspécifiques) et le nombre total
d’individus. Quand les individus sont principalement entourés de leurs conspécifiques, D; — 1
tandis qu’il tend vers la fraction relative de I’abondance de ’espéce ¢ dans I’environnement %

quand les individus sont mélangés sans distinction d’espece. En ’absence d’advection,
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Résumé détaillé en francgais

C; [émn?» A (ﬁ _

brrd 4 25 (5 — Serf(f) (2 — 4Dt) — Y2Direr*/s01)|

Di(r,t) = 2 8Dt (5)
S5 Cfnrt+ 3 (2 — Fenl )7 — 4D — e

tandis qu’en présence d’advection,

i 3 3C;D V2D ¥ 2v2D

-2
gmng + Y (7’2 + VA arctan( 55T) X DIOg(Vﬁ—i—l) B \ﬁﬂr?’)]

Di(r) = (6)

T2 ’
S Chdmrd 4 A (2 4 Oy p) Dis(15541) _ yim
J=1 773 3D V2D 2 2v2D

La solution avec advection correspond au systeme a 1’état stable (% = O). S’il est possible
de calculer une formule équivalente en ’absence d’advection, la convergence vers 1’état stable
se fait dans un temps trop long pour que I'hypothese de stabilité reste fondée. C’est pourquoi
nous présentons dans I’équation 5 une formule dépendant du temps.

Afin de faire le lien entre l'indice de dominance locale et des processus biologiques, nous
considérons que les interactions entre individus sont uniquement dues a la compétition, et nous
définissons une sphere d’influence autour de l'individu dans laquelle celui-ci peut diminuer
la concentration de ressources par absorption. Le chevauchement des spheéres d’influence de
deux organismes permet de supposer qu’'une interaction est possible. Le rayon d’interactions
potentielles correspond a dix fois le diametre d'un individu [187]. On s’intéresse alors a la valeur
de l'indice de dominance a ce seuil afin de voir si un individu est plus susceptible d’entrer en
compétition avec des conspécifiques ou des hétérospécifiques (individus d’une espece différente).

Le volume de I'espace dans lequel les organismes évoluent correspond approximativement a
la taille du plus petit tourbillon (échelle de Kolmogorov) dans un milieu océanique, c’est-a-dire
quelques cm. L’effet de I'environnement est défini par la présence, ou non, du mixage par la
turbulence dont I'intensité est calculée a partir du nombre de Reynolds, égal a 1 a I’échelle de
Kolmogorov.

Nous représentons séparément deux types de communautés phytoplanctoniques : le mi-

L et une

crophytoplancton, ayant un diametre de 50 pm, un taux de croissance de 1 jour™
concentration de 10* cellules/L en moyenne, et le nanophytoplancton, ayant un diameétre de
3 pm, un taux de croissance de 2.5 jour™! et une concentration de 10° cellules/L en moyenne.
Nous calculons la diffusivité des organismes grace a la formule de Stokes-Einstein ([110], cité
par Dusenbery [104]). Au sein d’une méme communauté, toutes les especes ont la méme taille
et le méme taux de croissance. Nous évaluons d’abord la distribution spatiale dans une commu-
nauté simplifiée avec trois especes et la méme abondance moyenne, puis nous nous intéressons
a une communauté de 10 especes avec une répartition d’abondances asymétrique, plus proche
des observations. Les indices décrivant la distribution spatiale des individus calculés a partir

des simulations sont tres proches des valeurs prédites par I’analyse mathématique.

Le mélange des especes par la turbulence est confirmé : en I’'absence d’advection, les especes
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sont beaucoup plus agrégées entre elles qu’en sa présence. Néanmoins, il existe toujours un
rayon (parfois trés petit) pour lequel I'individu n’est entouré que de conspécifiques, c’est-a-dire
qu’il y a une agrégation intraspécifique. Les résultats sont plus nuancés a plus grande échelle.
Les espéces de nanophytoplancton tendent a rester agrégées au sein du volume d’interactions
potentielles (D; > 0.8 dans une communauté simplifiée), tandis que la composition du voisinage
du microphytoplancton est plus mixte (D; > 0.37 dans une communauté simplifiée). Ce résultat
est confirmé dans une communauté de 10 especes, dans laquelle 'indice de dominance du
microphytoplancton pour une distance égale au rayon maximal d’interactions potentielles varie
entre 0.34 et 0.033 tandis qu’il est compris entre 0.2 et 0.54 pour le nanophytoplancton.

On peut supposer a partir de ces constats que la coexistence du nanophytoplancton peut
s’expliquer par l'agrégation intraspécifique qui permet a l'espece de s’auto-réguler via la com-
pétition plus qu’elle ne régule les autres especes. En revanche, pour le microphytoplancton, la
moindre dominance observée semble indiquer que le maintien de la diversité ne peut s’expliquer

seulement par la compétition liée a la distribution spatiale des individus.

Perspectives Le modele que nous présentons dans les Chapitres 3 et 4 ne s’intéresse qu’a des
individus flottant dans la colonne d’eau sans capacités de mouvement volontaire, et sans inter-
actions. Il peut étre utilisé comme un modele nul auquel comparer les modeles caractérisant
le phytoplancton de maniére plus réaliste. Parmi les traits pouvant agir sur l'agrégation et la
force des interactions intra- versus interspécifiques, la colonialité d’un grand nombre d’espece
encourage fortement ’agrégation intraspécifique. La formation de colonies est renforcée par
la capacité du phytoplancton a se mouvoir de facon volontaire dans son environnement, po-
tentiellement vers ses conspécifiques, que ce soit dans les trois dimensions ou uniquement a la
verticale grace au controle de sa flottabilité.

Les interactions que nous avons envisagées au niveau individuel sont uniquement dues a la
compétition pour les nutriments. Cependant, il existe au moins un autre mécanisme de partage
de ressources qui pourrait modifier 'interdépendance entre organismes : les individus sont en-
tourés d’une phycosphére, une zone dans laquelle des échanges ont lieu entre phytoplancton et
bactéries, souvent pour des éléments favorables a leurs croissances respectives (cross-feeding).
Ainsi, une balance entre compétition et mutualisation de ressources pourrait émerger du rap-
prochement des individus.

L’ensemble des mécanismes présentés peut bénéficier a la coexistence des especes, parti-
culierement dans le cas du microphytoplancton, ce qui permettrait d’atténuer les différences

observées entre nano- et microphytoplancton.

L’article de réplication a été publié sous la référence suivante : C. Picoche, W.R. Young
& F. Barraquand (2022) [Re] Reproductive pair correlations and the clustering of organisms.
ReScience C, 8.

Le manuscrit correspondant au Chapitre 4 est en cours de rédaction, et vise Journal of

Mathematical Biology.
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Chapter 1

Introduction

1.1 Coexistence in phytoplankton communities

1.1.1 Phytoplankton ecology

Phytoplankton organisms are autotrophic entities which spend most of their life in quasi-
suspension in aquatic environments [285]. In the ocean, they sustain most of their ecosystem
food web and are responsible for approximately half the primary production on Earth [121].
The broad definition of these primary producers covers both prokaryote and eukaryote do-
mains, the latter being separated between 12 phyla, as well as several orders of magnitude in
dimension, from 0.1 to 10*> pm. Among eukaryotes, diatoms (Bacillariophyta) and dinoflagel-
lates (Dinophyta) are present in both freshwater and marine systems and sometimes amount
to 84 % of total diversity observed in samples [155]. We focus here on the microphytoplankton
size fraction (i.e., the portion of organisms between 20 and 200 pm), with a digression towards
nanophytoplankton (2-20 pm) at the end of this thesis. Microphytoplankton is of specific inter-
est, as it can be observed, and more importantly, identified by simple optical microscopy, which
enables us to draw from decades of observations and long-term monitoring when modeling
phytoplankton communities.

Phytoplankton diversity is surprisingly high. Based on the number of species already de-
scribed at the global scale, diatom diversity is estimated between 30,000 and 100,000 species
[221], and the number of known dinoflagellate species reaches 2,377 [135]. The recent TARA
Ocean survey, a 4-year, ocean-scale sampling which coupled metabarcoding and morphology-
based identification, revealed between 3,875 and 41,381 different diatom operational taxonomic
units (OTUs, a proxy for species in molecular surveys) in the microphytoplankton size range
[220, 66], compared to 256 morphology-based identifications performed on the same samples
[66]. With no size filtering, dinoflagellate’s OTU number reached around 18,000, and diatom’s,
around 15,000, with morphology-based values about 10 times lower [273].

This global diversity is also reflected at the local scale. In France, the National Phyto-
plankton and Phycotoxin Monitoring Network [284], also called REPHY monitoring, has been
following the abundance and diversity of microphytoplankton on a biweekly basis along the con-
tinental French coast for 20 to 30 years. Within most sites, 100 different phytoplankton genera,
or groups of genera, have been identified locally, among which at least 10 groups of genera
have remained present, and abundant, consistently through the years [271]. In a single 10 mL-

sample, up to 60 taxa (from species to groups of genera) could be identified, with an average of
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1.1. Coexistence in phytoplankton communities

22 [284]. Further north, between the English Channel and the North Sea, 47 different genera
of diatoms, and 30 genera of dinoflagellates were found in 19 years, with 8 taxa dominating
the community [155]. In England, a 28 year-long time series of phytoplankton abundances at
Plymouth Station L4 has enabled the identification of 111 diatom species (including 31 species
for a single genus, Chaetoceros) and 61 dinoflagellate species, ignoring organisms that could
not be identified below the genus level - which means that the total number of different species
and genera could be even higher [331]. In a single 200 mL sample, up 70 species of diatoms and
dinoflagellates could be identified in this monitoring, with an average of 35. At the global scale,
a compilation of 16 long-term environmental monitoring in 9 different countries showed that a
single sample could contain between 15 and 39 microphytoplankton species on average [73].
Phytoplankton abundance time series also reveal specific patterns of phytoplankton dynam-
ics: population abundances have a cyclic behaviour, correlated with seasonal variation. They
reach their minimum during winter, to the point that certain species seem to disappear, either
due to a real absence from the water column, or to sampling effects. When spring comes, abun-
dances increase up to potentially very high numbers. The peaks in abundances several orders of
magnitude above average values are called blooms; they can happen as early as spring (or even
late winter), last a few days, and are characteristic of phytoplankton communities in lakes,
polar and subpolar oceans, and coastal environments [38]. While all species do not bloom,
communities in these places always comprise a few species that do, and that can constitute up

to 90% of the total phytoplankton abundance during a bloom [155].

Such dynamics depend on both abiotic and biotic resources, whose fluctuations are corre-
lated with the variations in phytoplankton abundances. Being autotrophic organisms, the first
resource requirement of diatoms is light, which can also be used as an energy source by about
50% of dinoflagellates, more precisely the ones that contain plastids [135]. Among the many
elements required to maintain phytoplankters’ growth, nitrogen (N), phosphorus (P) and iron
(Fe), as well as silicon (S) for diatoms, whose cell walls (frustules) are made of silicic acid,
are the most well-known limiting factors [285]. These resources’ availability tends to be cyclic
due to light duration and nutrient stock dynamics, especially in coastal environments where
nutrient inputs vary with time. The hydrodynamic environment, which also depends on sea-
sonal phenomena, adds to variations in resource availability: water column mixing can help
phytoplankters remain in an illuminated zone and mix nutrients in the surface layer, but the
following stratification period can lead to nutrient depletion within the same layer, even though
sunlight maintains the potential for high phytoplankters’ growth rates [38, 39]. In addition to
these shared abiotic factors, phytoplankton populations are regulated by similar enemies, ei-
ther predators (mostly zooplankters, which can consume up to three-quarters of phytoplankton
production [69]), or parasites such as viruses [63] or fungi [129]. While bloom formation may
be partly initiated by light and nutrient meeting phytoplankton requirements, the increase in
abundance can trigger a delayed increase in predators’ and parasites’ abundances, which can in

turn reduce phytoplankton populations. The balance between bottom-up (nutrient and light
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1. Introduction

availability) and top-down (predation) control is debated, as different studies lead to different
conclusions regarding the most significant level in the trophic network [38]. Obviously, both

processes do matter in regulating phytoplankton dynamics.

This highly schematic description of phytoplankton population dynamics highlights one
of the major wonders of phytoplankton and coexistence studies, deemed the paradox of the
plankton: “how it is possible for a number of species to coexist in a relatively isotropic or
unstructured environment all competing for the same sorts of materials” [168]. Indeed, early
population dynamics models show that S species cannot coexist on much less than S resources,
niches or limiting factors, depending on the focus of the model (among the earliest works,
see [330], [219]), a finding which has later been called the ‘competitive exclusion principle’; or
Gause’s principle [145]. Even though the competitive exclusion principle has been debated ever
since its formulation [145, 16], the coexistence of such a high number of species still remains
surprising for ecologists. Several hypotheses have therefore been formulated to explain the

maintenance of the observed phytoplankton diversity.

1.1.2 Coexistence hypotheses

Hutchinson himself, in his seminal paper on the paradox of the plankton [168], proposed tem-
poral fluctuations as the main mechanism behind diversity maintenance. More precisely, he
suggested that it is an absence of equilibrium that allows all species to survive, which happens
when the time to extinction (i.e., the time necessary for competitive replacement in a constant
environment), remains comparable to the time for significant seasonal changes. Since then, Fox
(2013) [125] has recapitulated the arguments of many studies showing that temporal fluctua-
tions on their own are not sufficient to maintain diversity, but that species’ average per-capita
growth rates need to be nonlinear and/or nonadditive functions of fluctuating variables. Such
relationships have been found in experiments showing complex interactions between environ-
mental effects and growth rates. For instance, phytoplankton growth is affected by interactions
between nutrient availability and the presence of temperature fluctuations [134], and there is a
saturating relationship between growth and irradiance, which also varies with temperature [108].

The ‘modern coexistence theory’, developed by P. Chesson and colleagues, has built on the
role of environmental fluctuations, highlighting the interactions between environment and com-
petition [74, 76]. In this framework, the survival of a species in a community is characterized
by its ability to grow from low densities (invade) in the presence of the rest of the community.
Responding to Hutchinson’s theory, Li & Chesson (2016) [211] have shown that the focus on
time to extinction should be displaced to time for resource depletion (i.e., to resource dynamics,
see box 1.1). In this context, fast resource depletion leads to a stronger interaction between
environmental fluctuations and competition. Such mechanism is linked with the storage ef-
fect, a cornerstone of the modern coexistence theory, which requires species-specific responses

to the environment, covariance between environmental and competitive effects, and buffered
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1.1. Coexistence in phytoplankton communities

population growth; all conditions which have been found in experiments on a phytoplankton
community [96]. Interestingly enough, the storage effect does not necessarily rely on temporal
fluctuations: spatial variability can also create a spatial storage effect when the effect of com-
petition is greater for a species in a more favourable environment (there is a positive covariance
between environment quality and strength of competition [146]). Contrary to Hutchinson’s ini-
tial statement, phytoplankton densities are indeed not homogeneous: organisms tend to form

aggregates [24], potentially encouraging a spatial storage effect.

Box 1.1: Environmental fluctuation-based model }

The response of Li & Chesson to Hutchinson’s solution to the paradox of the plankton
[211] is described in eq. 1.1 (using the primary-producer version shown in the Appendix
of [211]).

G o= SePb(a;()R—my) )
&% = Sr(I - R[D+Za(t)P))

where P; is the biomass of phytoplankton species j, I is the resource, b; is the conversion
of resource uptake to production of new consumers of species j, a;(t) is the species’
resource uptake rate, m;, its maintenance rate, I is the resource supply rate, and D is
its decay rate. Note that environmental changes are represented in the time-dependence
of a;(t), not directly in R parameters. Sp and Sg are speed modifiers that can increase
population and resource turnover, respectively.

Ignoring speed modifiers for now, the environmental response E(t) is computed as the
ratio between the resource uptake of species j and its average over time (a;(t)/a;) and

the magnitude of competition C(t) is a measure of resource shortage (I — RD). The
1 dP;
bja;P; TtJ

growth rate r; = can therefore be written as

15 (15 02

where p; = m;/a;.

We note that this model is a good example of the storage effect, as it shows differential
responses to the environment (through values of a;(¢) in E(t)), covariance between the
627'3' O

arac < V-

The invasibility criterion, which defines the ability of a species to survive in a community;,

environment and competition, and a buffered growth rate

is defined as 7;, the average growth rate of a species invading the community. The growth

rate 7; has to be positive for a species to maintain. It is defined by

7 = (s — pi) + (Cov(E;, C) — Cov(E;, C)) (1.3)
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1. Introduction

where (s — ;) measures the difference in average fitness between a long-term resident
(subscript s) and an invader (subscript i), predicting the winner at equilibrium. The
difference ACov = Cov(Es, C') — Cov(E;, C) is the difference in coupling between com-
petition and species-specific environmental responses. Covariance between competition
and environment is therefore a key parameter to ensure the coexistence of a species, even
when this species should disappear in stable conditions (and in this case, ACov > p; — fus
to counterbalance the negative average fitness difference).

Li & Chesson prove that the time to exclusion as defined by Hutchinson is proportional
to the inverse of the phytoplankton population dynamics speed Sp, and does not depend
on resource dynamics speed Sg. They also show that ACov is most affected by resource
speed, as it directly impacts resource increase or decrease (and therefore, availability),
while phytoplankton speed first impacts population growth, and, in a second phase,
resource availability. According to them, coexistence is therefore mostly impacted by
resource speed, not by the time to exclusion linked to phytoplankton speed. These
results are robust to different types of fluctuations, either a white noise or a sinusoidal

(‘seasonal’) variation.

However, observations of a natural plankton community showed that, even in a constant
abiotic environment (e.g., constant input of nutrients), most of the species, and their cyclic
dynamics, could maintain [42]. Interactions such as competition or predation within a com-
munity can indeed create cylic or chaotic dynamics [232], especially, in a competitive system,
when intermediate resource requirements are coupled with high consumption rates ([165], see
box 1.2). Chaos also emerged in a planktonic predator-prey model [91], where the variability
in species composition, and overall maintenance of species over the years could be seen as a
seasonally entrained chaos corresponding to observed planktonic dynamics. Endogenous and

exogenous fluctuations are therefore non exclusive, but seem to both participate in coexistence.

Box 1.2: Endogenous fluctuation-based model }

Huisman & Weissing (1999) [165] have designed a model in which fluctuation-based co-
existence mechanisms emerge from a constant environment. Assuming a community of

S phytoplankton species and k resources, they write

b _ P; (min [p;(R1), ..., pri(Re)] — my 11
ddt ( [p1i(R1) Pri(R)] ) with pj; = [(TlRJR (1.4)
% = D(S; — R;j) — Xicji P (min [p1;(R1), - . ., pri(By)]) U
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1.1. Coexistence in phytoplankton communities

where P; is the abundance of phytoplankton species 7, R; is the availability of resource
J, ri is the maximum specific growth rate of species 7, Kj; is the half-saturation constant
of species i for resource j, m; is the specific loss rate of species 7, D is the ressource
turnover rate, S; is the supply of resource and c;; is the content of resource j in species
i (or efficiency of consumption). Kj; < K, means that species 1 is a better competitor
than species 2 for resource j, and c¢j; > c;jo means that species 1 consumes more of R;
than species 2.

The competitive exclusion principle states that S species can coexist only if S < k. With
S = k = 3, Huisman & Weissing (2001) [166] show that, if ¢; is maximal for intermediate
value of K ;), the system can either exhibit limit cycles (fixed-frequency, ‘permanent coex-
istence’) or heteroclinic cycles (‘impermanent coexistence’). In the latter case, the com-
munity cycles through a succession of quasi monocultures (only one abundant species),
until species that are too close to 0 finally disappear due to demographic stochasticity
- the identity of the survivor is thus difficult to predict. With S = k& = 5, a similar
situation leads to competitive chaos, and all species can coexist.

Huisman & Weissing [165] show that S > k species can maintain (‘supersaturated coex-
istence’) thanks to competitive chaos, as long as there are specific relationships between
parameters, summarized as “each species is an intermediate competitor for the resources
that most limit its growth rate”.

When parameters are random, supersaturation rarely happens, and only few species can
maintain [299]. However, new relationships were introduced in [164], including a trade-off
between competitive abilities (0 < K < 1 and mean(K)=0.5), and a cyclic relationship
between competitive abilities and resource contents (high ¢; leads to low K(;11).). In
this case, up to 115 species could survive on 3 resources with an average of 7 species.
Trade-offs between consumption and competitive abilities are likely [214], which argues
in favour of at least some relationships between parameters.

While these models remain mostly theoretical (parameters are not based on real data
[299], and some assumptions might seem a bit artificial), they still show that environ-
mental fluctuations are not necessary to maintain coexistence, which can also be due to

endogenous fluctuations and chaotic competition.

Environmental effects on population dynamics can be broadly classified into two types:
bottom-up effects, due to resource dynamics, which has supported the majority of the hy-
potheses presented above, and top-down effects, mostly due to regulation by natural enemies
including grazing by zooplankton. Three types of zooplankton responses to multiple resources
have been distinguished [133]: (a) absence of switching, i.e., preferential feeding on a resource is
density-independent, (b) passive switching, i.e., selection is density-dependent and associated

with the response to single resources due to, for example, resource vulnerability, handling time,
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nutritional content, and (c) active switching, i.e., active selection as behaviours change with
relative abundances of resources, such as rejection of the least abundant prey, or search activ-
ity focused on high-density patches. Diet switching, i.e., the fact that the proportion of the
phytoplankton species in a zooplankter’s diet shifts from less than expected to more than ex-
pected when its proportion in the environment increases, can enforce coexistence by providing
a refuge for rarer species, but it also controls the most abundant species, therefore keeping it
from exerting too strong a control on other phytoplankton species through competition. Pref-
erence, active switching and maximal ingestion (strong top-down control) can be combined in
a so-called Kill-The-Winner response (example in box 1.3), which has been shown to sustain
the highest number of phytoplankton species compared to other zooplankton responses in a

world-scale model [326], switching being the prevailing process for diversity [14].

Box 1.3: Top-down control: Kill-The-Winner hypothesis }

Active prey-switching and maximal feeding are not always well-represented by classical
multi-species functional responses. Vallina et al. [326] have designed a functional response
including both mechanisms. Defining G; as the ingestion rate upon species j, and G as

the total ingestion rate upon all prey items,

o PiP;  (Sipipi)®
GJ = Vinax Sipi0; k2 +(Sipipi)® (15)
G = ZjGj = Vma,xQ

where V. is the maximum ingestion rate, p; is the constant preference towards species
J, p; is the abundance of species j, 3 is the Hill coefficient which determines the shape
of the feeding probability (Type II or Type III response; in [326], 8 = 2) and kg, is the
half-saturation constant.

This model is able to maintain much more phytoplankton species than other functional

responses (up to 48 species out of 64).

Looking at the bigger picture, two main frameworks of coexistence should be considered.
Firstly, in the neutral theory of biodiversity [162, 288], communities are considered as ensembles
of identical individuals which differ only by their species labels. More precisely, equivalence in
fitness emerges from trade-offs in life-history traits; competition is therefore the same within
and between species, and coexistence is maintained by immigration, speciation and ecologi-
cal drift. While attempts have been made to find neutrality within diatom and dinoflagellate
communities based on data from the English station L4 [248], we showed the contrary in sev-
eral French stations in [32] and [271] (provided in Appendix A). Secondly, the opposed, more
traditional approach, is based on the definition of species-specific niches, i.e., the character-
istic set of optimal environmental conditions which maximize the growth rate of a particular

species. For example, phytoplankton species either have slightly different responses to light
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1.1. Coexistence in phytoplankton communities

wavelengths [296, 10], differ in their macronutrient metabolism pathways [6], and/or zooplank-
ters have different preference profiles for them [251]. Different responses to the environment
constitute one of the conditions for coexistence in [74, 76] mentioned above. Niche differen-
tiation also leads to an increase in intraspecific interaction strengths relative to interspecific
interaction strengths, as organisms of the same species (conspecifics) have more similar reg-
ulating factors than organisms of different species (heterospecifics): a stronger self-regulation
ensures that species control their own population more than they control, or outcompete, the
others. A high intra-to-interspecific interaction strength ratio is therefore a classical require-
ment in coexistence models [28, 29], and is a usual find in phytoplankton systems: in Picoche
& Barraquand, 2020 [271] (provided in Appendix A), we estimated interaction strengths based
on phytoplankton abundance time series, and found intraspecific interaction strengths an order
of magnitude higher than interspecific ones, as well as intra-to-inter ratios between 5 and 50
in other phytoplankton studies. These estimates, however, only reflect apparent interaction
strengths, without knowing which mechanisms and dimensions of the niche (e.g., which specific

requirements/regulating factors) are at work.

While neutral and niche models seem to be complete opposite, a middle ground has ap-
peared, coined emergent neutrality [160, 298]. In this framework, species do not evolve strictly
separate niches, but organize as several clumps along a niche axis, with niche differentiation
being the main mechanism maintaining different clumps, and neutrality governing dynamics
within a clump. This organization emerges as a very long transient in models [298, 301], but
also appears in observed phytoplankton communities [302]. Using parameters based on phy-
toplankton communities, we showed in a previous work that clumps along a given niche axis
(temperature), where quasi-neutrality is at play, could be maintained especially in the presence
of strong niche differentiation over other, non explicitly modeled, traits, when environmental
fluctuations were seasonal [270]. Whether the emergent neutrality hypothesis stands on its own,
or is a product of hidden niches, is still in debate [27], which calls for additional exploration of

coexistence mechanisms.

Some models incorporate most of the hypotheses presented above to describe the whole
dynamics of ecosystems, by taking into account nutrients, phytoplankton, zooplankton, and
sometimes even recycling through a detritus compartment. Such models are called NPZD
models (see box 1.4) and can either be local (no spatialisation) or in one to three dimen-
sions. Recent models distinguish diatoms, dinoflagellates and nanoflagellates [235], or separate
different niches related to, for example, light use [10], or resource consumption (uptake and
saturation) and edibility /nutritional value for zooplankton in addition to light [312]. In the
latter model, Spaak et al. showed that top-down control has a stronger effect than resource
competition and phytoplankton niche differences on community diversity, but final richness
was only between 1 and 5 species, even though simulations started with 20 phytoplankton
species. However, this model lacked temporal fluctuations. A world-scale model including a

Kill-The-Winner response and seasonal fluctuations of nutrients was able to maintain 48 species
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of phytoplankton on average, out of the intial 64 [326].

The role of hydrodynamic variations was shown in [209, 210], where a regional-scale model
was used to describe eddies and fronts at the mesoscale (=~ 100 km) in addition to nutrient,
light and zooplankton niches. Mesoscale eddies acted as shelters for less competitive species,
increasing the diversity in the regions they passed through, but eddy cores were less diverse,
as keeping species in a smaller space led to more competitive exclusion. Meanwhile, fronts
were diversity hot-spot. Overall, while local diversity increased when taking into account eddy
advection, regional diversity remained the same, and turbulence-induced variability could only
create different diversity patterns in space. The model was not able to maintain all of its species:
on average, only 20 out of 100 phytoplankton species remained at the end of the simulations. In
a model taking into account the same types of niches, the tidal cycle was introduced to induce
high-frequency temporal variability, leading to the survival of 45 species out 120 [68]. As the
timescales associated with the tidal cycle and phytoplankton growth are comparable, this tends

to support the hypothesis of diversity being strongly linked with non-equilibrium conditions.

Box 1.4: Nutrient-Phytoplankton-Zooplankton-Detritus model }

The basis for many phytoplankton models is the Nutrient-Phytoplankton-Zooplankton-
Detritus (NPZD) model [126, 282, 171], which schematically writes as eq. 1.6. It can
either be used in isolation, for theoretical purposes, or constitute the biogeochemical /
ecological part of a coupled physical-biological model of the ocean at global or regional

scales.

iy —f(I)g(N)P + k(D)D
ar _ F(I)g(N)P = h(P)Z —i(P)P (1.6)
% _ YZWP) - j(Z)Z

% = (P)P+j(2)Z+ (1 —~)h(P)Z — k(D)D
where N, P, Z, D represent nutrient, phytoplankton, zooplankton and detritus concentra-
tions respectively, f(I) is the phytoplankton response to irradiance (irradiance can be
replaced by another environmental parameter characterising the environment), g(N) is
the uptake of nutrients by phytoplankton, k(D) is the degradation of detritus, h(P) is the
grazing of phytoplankton by zooplankton, i(P) and j(Z) are loss terms due to excretion,
death and predation by other organisms for phytoplankton and zooplankton respectively,
and v is the growth rate of zooplankton. It should be noted that the NPZ formulation
(without detritus) tends to be more used than the NPZD one, which we mention here for

the sake of completeness.
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While NPZ(D) models can sustain a reasonably high number of species, this diversity is
still much lower than the observed one, by at least one order of magnitude. This might be due
to difficulties in parameterisation, but also to unknown phenomena or debatable assumptions

that could be relaxed in order to better understand phytoplankton dynamics.

1.1.3 Discussing common assumptions

All models need to rely on a series of simplifying assumptions, some of them being more
discutable than others in the model framework. In this thesis, we do not intend to question
the results of models presented in the literature up to now, but to build upon them and relax
some of these assumptions based on ecological considerations.

Population dynamics are usually considered with mean-field models: individuals are sup-
posed to be everywhere and well-mixed, so that simulations can be based on average concentra-
tions (or biomasses, abundances, etc.). These concentrations can vary in space when models are
spatialised, but remain homogeneous at the model scale. However, the heterogeneous nature of
phytoplankton spatial distributions has been shown for centuries. One of the first observations
of ‘streaks’ of a different colour in the ocean dates back to 1773, by Captain James Cook (as
reported by Bainbridge, 1957 [24]); they could have been the result of the accumulation of
either diatoms or flagellates. The formation of ‘bands, streams, lanes’ is a recurrent observa-
tion in sailing accounts, including by Darwin (1839). These elongated coloured shapes would
measure from 10 to 10® mi?, with streaks of only a few ft embedded within them [24]. New
techniques confirmed these first observations. Satellite data can now identify streaks of less
than 1 km in their longest dimension [252]. These patches can maintain for a while, and follow
the currents: satellites have been able to follow the displacement of a large phytoplankton
patch (approximately 50 km wide) which maintained for several months along an ~ 1,500 km
track in the ocean [204], and another, smaller one, which lasted for several days and moved
along a few-km coast [100]. At smaller scales, sampling has allowed the identification of cir-
cular patches measuring approximately 2 km in diameter [124]. Patches also appear along the
vertical axis (the water column). Precise in situ fluorescence revealed 10-cm wide patches of
higher abundances separated by tens of cm along the first m of the water column in the ocean
[101, 237]. Going even further down the length scale, samples of bacterioplankton reveal not
only microscale abundance patchiness, but also a patchy distribution of species: patches can
be highly dissimilar in their species composition, even along a few mm [217]. All these observa-
tions, with smaller and smaller patches embedded in larger patches, show that phytoplankton
organisms seem to have a somehow fractal distribution: the variance of concentrations follow a
power-law of the observation scale [95] (see Section 1.3.1). As spatial models usually cover large
distances, especially NPZD models which tend to focus on global or regional scales covering up
to thousands of km, these models cannot reach the cm-scale discreteness of phytoplankton, at

which competition for resource patches, or differential distributions of species leading to differ-
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ential interactions, can occur. Non-spatial models, or spatial models at too large a scale, which
rely on mean-field dynamics, can have very different results from spatial models focusing on the
individual scales and potential patchiness due to limited dispersal: even considering a single
species, population abundance can either increase or decrease drastically when comparing a
non-spatial and a small-scale spatial models [201]. This motivates us to model multispecies

communities at the microscale.

A second common assumption in phytoplankton literature is that all species compete to-
gether for different resources. Many models only consider competition for nutrients, which
might be too restrictive for different reasons: (a) nutrients may not always be limiting, (b)
other processes can modify observed interactions and (c) interactions are not necessarily com-
petitive. Firstly, the assumption that nutrients are limiting may depend on the type of envi-
ronment considered. Although there is some evidence for iron deficiency in the ocean [58], and
for -rare- phosphorus and nitrogen limitations in few oligotrophic lakes (Soto et al. 1994, Diaz
and Pedrozo 1996, cited by Reynolds, 2006 [285], p. 162), we have shown for a coastal envi-
ronment, benefiting from terrestrial inputs such as artificial agricultural inputs, that nutrients
do not limit phytoplankton growth [32]. Secondly, most of the models presented above focused
on competition. They either considered interactions through nutrient or light depletion, when
they modeled an explicit compartment for the limiting resource, or through phenomenological
interaction parameters reducing a species’ growth rate in response to other species’ abundance
or biomass increase, in absence of a resource compartment. This latter way of modeling relies
on so-called ‘apparent interactions’, which means that modeled interactions are an aggregate
of all processes taking place that could lead to a species affecting another species’ growth rate.
Among these processes, apparent interactions between phytoplankton species may result as
much from predation or parasitism as they do from competition. We mentioned above models
including predators which ended up with more diverse communities when taking into account
predator switching diet. Indeed, a predator switching its consumption towards the most abun-
dant species alleviates the pressure on less abundant species: what we finally observe is that
an increase in the abundance of species 1, which leads to a predator consuming more of species
1, lessens predation on a less abundant species 2, meaning that species 1 has a positive ef-
fect on species 2 [1]. This leads to the third point: apparent interactions can be facilitative.
This goes against the usual understanding of coexistence within a single trophic level: while
facilitative and mutualistic interactions are known to exist, they are often excluded from co-
existence theory, or only swiftly touched upon, so much so that many models do not consider
positive interactions between species to be possible. For instance, multivariate autoregressive
models, a common type of statistical models used to infer interaction strengths from long-term
time series of phytoplankton abundances, usually force interactions to be negative by setting
the positive estimates to 0 (among others, [175, 142]). When removing this assumption, we
found in previous works that there were positive apparent interactions between species in all

phytoplankton communities, and that these facilitative interactions could reach 70% of all in-
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teractions [32, 271] (the latter is provided in Appendix A). Coexistence might therefore be

dependent upon facilitation and mutualism, in addition to competition.

The third common assumption that we want to challenge here is based on demography.
Models in which a species’ population is defined through a single state variable (the biomass,
concentration or abundance of the species) presuppose that organisms are always in the same
physiological state, and have the same behaviour. This is, in fact, not true: the life cycle of
a phytoplankton organism actually comprises several steps. Recent reviews have shown that a
dormant stage, defined as a stage during which cells minimize their metabolic activity, often to
resist harsh environmental conditions, is widespread in phytoplankton life histories [21, 111].
The existence of this stage is not a new discovery: dormant cells of most common species have
been found for many years [234, 323] but their prevalence might have been overlooked, and
their longevity was most likely underestimated, as recent studies show that thousand year-old
cells can still be revived [294]. The accumulation of dormant cells at the bottom of the water
column creates a so-called ‘seed bank’, an analogy with terrestrial plants which form stocks of
seeds acting as a buffer through time. Phytoplankton dormant stages can be produced either
by sexual reproduction or asexual processes [111]. Sexual reproduction might be surprising
for organisms which spend most of their life reproducing by fission, but is actually common.
In addition to contributing to evolution through genetic recombination and mutation, sexual
reproduction is crucial for diatoms, whose silicon-based structure shrinks with mitotic divisions,
until they need to reproduce with another diatom to form a spore benefiting from the material
of both parents [105]. Sexual reproduction also happens as part of the classic life cycle of
dinoflagellates, creating cysts [136]. Asexual cyst and spore formation can happen in response
to environmental conditions (change in nutrients, irradiance, or temperature [136]), but also
without known triggers [111]. All types of dormant stages can have long-term effects on the
dynamics and survival of the populations: diverting part of the growing population to the seed
bank reduces short-term fitness, but ensures that part of the dormant cells will be able to
develop later on. This supports the maintenance of genetic material and diversity over long
periods of time, as well as ecosystem resilience. In a system where a species whose pelagic cells
have undergone competitive exclusion can reoccur in the environment after germination of its
spores or cysts, diversity is more likely to maintain than in a system where a species is extinct

when its pelagic cells have disappeared.

In this thesis, I aim to alleviate the aforementioned assumptions. Since they are of distinct
nature, the following chapters are not directly related to each other. In Chapter 2, I question the
effect of the seed bank on diversity maintenance, in a community where interaction strengths
are inspired by our previous statistical analyses of time-series of observed abundances ([271], in
Appendix A), and include facilitation. This model assumes mean-field dynamics and consider
population abundances rather than individuals. In Chapters 3 and 4, I study only the fraction

of organisms in suspension in the water column, and build a three-dimension, individual-based
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model of organisms being displaced by oceanic currents, in order to reproduce their patchiness
at the microscale. I then examine the potential effects of the spatial distribution on interactions

between individuals, and possibly on coexistence of different species.

In the following, I provide an overview of what is known about seed bank models, and spatial,
individual-based models, in theoretical ecology in general, and in phytoplankton communities in
particular. The aim is to familiarize the readers with concepts that are used, but less detailed,

in the following chapters.

1.2 Seed bank effect on coexistence

1.2.1 Diversity in terrestrial plant studies including a seed bank

Coexistence studies have shown multiple times, in many systems, the beneficial effect of mod-
eling different stages of the life cycle on diversity (e.g., [239, 131]). Different terrestrial plant
models have been designed to study the dormant life stage specifically; some of their main
results are described here. The seed stage is of specific interest for terrestrial plants because
seeds’ ecophysiology enables plants to maintain through time and disperse to invade new spaces.

Dormancy duration is key for many species. As defined in [5], we consider here that a
seed bank is formed when seeds can germinate several growing seasons after their formation,
which means that they outlast the generation time of the aboveground vegetation. In this case,
aboveground populations are the result of seed production through several previous seasons.
This introduces lags in the population dynamics, which, for a species taken in isolation, can in
turn stabilize the population by smoothing out the impact of any given year [261]. Plants that
divert part of their seed production to several growing seasons reduce their short-term fitness
and risk seed decay over time, but also increase their resistance to bad environmental condi-
tions during which the survival of the aboveground vegetation is compromised. This process is
called bet-hedging [81, 64]. Additional processes related to dormancy emerge in multispecies
communities, as diversity is not the simple result of isolated species maintenance. Seed bank
diversity arises from variations of regional aboveground diversity during potentially long pe-
riods of time, which means that the species composition of a seed bank does not necessarily
synchronize with the composition of the aboveground vegetation [139, 94]. The seed bank is
also less sensitive to long-term changes in community composition than its aboveground coun-
terpart [94]. This allows the survival of species in their seed form, even though they might be
filtered out at emergence when environmental conditions do not match their niches, or compe-
tition from already installed species is too strong. Models show that a species with a seed bank
competing with a species without a seed bank has a higher relative fitness, and is therefore able
to survive despite other less competitive traits [5, 207]. In communities where all species form

a seed bank, results are more ambiguous: while Pacala [261] found that dormancy does not

Phytoplankton modelling 13



1.2. Seed bank effect on coexistence

increase the invasibility potential of a species in a community when compared to a case with-
out dormancy, Ellner showed that different investements in seed production and survivorship
may maintain coexistence [112], which is another way life history strategies encourage diversity.
Furthermore, dormancy is a major player in the presence of environmental fluctuations, which
foster the storage effect. Field experiments show that the buffering effect of the seed bank,
higher germination in years of reproductive success (i.e., covariance between the effects of com-
petition and environment) and differential species responses to the environment are all present
for both annual and perennial plants [264, 117, 13], meeting the conditions for the storage effect
to maintain diversity through time. The spatial dimension of coexistence, however, should not
be forgotten.

For sessile organisms such as plants, the ability to colonize new environments via seed dis-
persal (before they are stored in the soil) is crucial to survive. Most populations are organized
in metacommunities (a set of communities which are linked together by movement, with dif-
ferent, potentially interacting, species) in which competition and dispersal are local, i.e., have
limited ranges of action. The competition-colonization hypothesis posits that coexistence can
emerge when the strongest competitor has a low colonizing ability [50]. The dominant species,
however, can have more reserves and take over a specific space once established. This is sup-
ported by the observed trade-off between seed size and seed production: a smaller seed disperses
more but has less reserves, which makes it less costly to produce in great quantity, but also a
lesser competitor [283]. In many plant communities, the ‘patch dynamics’ is able to explain the
community stability at the regional scale as an aggregate of non-equilibria at the patch scale.
A species which has been moved in an empty space, for example, would persist in a refuge
without suffering competitive effects from heterospecifics, even though, at the regional scale, it
is considered to cohabit with them [306, 11].

Dormancy can be seen as a temporal dispersal mechanism; the interaction of dormancy
and dispersal is therefore expected to be complex. Wisnoski and colleagues [336, 337] built a
metacommunity model which uncovered interactive, non-linear effects of temporal and spatial
dispersal on metacommunity diversity. For instance, under equal competition, local (alpha-)
diversity was a dome-shaped function of dispersal when seed survival was high, but remained
low with low survival. With niche differences, local diversity remained a saturating function of
dispersal, regardless of dormancy. In both competition regime, regional (gamma-) diversity was
a saturating decreasing function of dispersal but increased with seed survival [337]. Empirical
data show that dispersers that can enter dormancy are present in more sites than dispersers
lacking this ability [336], but also that different types of organisms have specific competition
structure, dispersal and dormancy abilities, which may lead to different diversity patterns [337].

Taking into account dormancy in terrestrial plant communities allows us to consider bet-
hedging strategies, buffering of environmental conditions, potential fostering of the storage
effect, and interaction with dispersal, all phenomena which can explain diversity at local or

regional scales. Similar mechanisms can be examined for aquatic plants such as phytoplankton.
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1.2.2 A short review of phytoplankton models with a seed bank

A few phytoplankton models including a seed bank exist, which are summarized here'. Most
of these models, however, tend to focus on a single species, sometimes on low-diversity commu-
nities. To my knowledge, they also tend to be less focused on theoretical mechanisms, and to
provide instead more applied studies which aim to capture the spatial and temporal dynamics
of toxic species forming harmful blooms.

Some single-species models are used to track the displacements of the pelagic cells after seed
germination, and highlight preferential zones for seed accumulation [229, 12, 340]. A bloom may
be able to emerge even when only a seed bank is present at the beginning of a simulation (no
pelagic cell in the water column) [340]. The removal of the seed bank, however, may lead to the
disparition of a species, confirming its role as an ‘insurance’ against environmental conditions
which can drive the pelagic population to extinction [152, 116]. A model of cyanobacteria was
also used to show a covariation between environmental conditions and germination: the par-
ticipation of newly germinated cells from the seed bank increased when environmental quality
decreased and there were less pelagic cells in the water column [153].

These results, however, do not give a lot of information on the way diversity may be main-
tained (or not) when many species compete. The multispecific phytoplankton models with a
seed bank describe only a few large functional groups, far from the diversity observed in field
data. In line with terrestrial plant studies, some of these models consider only one species with
a seed bank, and the others without, and they either have very different temperature, light and
nutrient niches [341] or plugged-in stabilizing interactions [116]. The contribution of the seed
bank to diversity is unclear because these models would likely have allowed for coexistence even
in the absence of any seed bank. In the NPZ+Virus model of [122], there are three different
groups of phytoplankton: two of them, including the only one that can form cysts, can be ex-
ploited by a virus whereas the third one cannot. This model is used to explain bloom dynamics;
specifically, the seed bank balances the effect of viral infection. Phytoplankton functional types
are nevertheless too different from one another to conclude on coexistence mechanisms when
all species have a seed bank. In [203], all three functional groups (diatoms, dinoflagellates
and cyanobacteria) have resting stages and compete for the same pool of nutrient. Diatoms
are characterized by a higher growth rate and lower germination rate than dinoflagellates. As
temperature increases, the time between germination and growth of dinoflagellates decreases,
allowing them to colonize the environment more efficiently than the diatoms. This model there-
fore makes use of the seed bank existence and germination over time as an explanation for the
species composition change with global warming. However, these functional groups remain too
large to study coexistence of more similar species.

There are common results in terrestrial and aquatic plant studies: the buffering effect of

T use the word seed to qualify cyst (for dinoflagellates) and spore (for diatoms) in the following paragraphs,
in order to keep in mind the parallel with other terrestrial plants.
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the seed bank, and the potential coexistence of species having different investments in their
seed bank. Meanwhile, they lack a focus on coexistence in diverse communities: phytoplankton
diversity can reach tens of species in any given sample, which is never reflected in models

including a seed bank. This is the goal of our first study (see Chapter 2).

1.3 Models of phytoplankton spatial distribution

This section is dedicated to phytoplankton spatial modeling: an overview of large-scale ap-
proaches and their limitations is used to support the potential of spatial individual-based models
operating at much smaller scales. Spatial statistics tools used to analyse them are introduced.

Existing spatial individual-based models designed for phytoplankters are then summarized.

1.3.1 Macro- and meso-scale approaches

Spatial phytoplankton models have described phytoplankton patches for more than half a cen-
tury at macro- (hundreds to thousands of km), meso- (tens of km) and submeso- (under a km)
scales. In any case, they take into account the balance between biological processes (e.g.,
growth) and hydrodynamics (turbulence observed in aquatic environment, see box 1.5) to rep-
resent the distribution of the phytoplankton biomass.

There are two main ways of describing fluid dynamics, here used for phytoplankton con-
centrations. The first approach is the Eulerian description, where concentrations are seen as
fields which vary in space and time. The other technique is the Lagrangian method which
focuses on the behaviour of a given phytoplankton parcel (an organism, or a collection of them
which share the same characteristics - in this case, we describe more specifically a Lagrangian-
Ensemble model) moving around. Macro- and mesoscale models are, most of the time, Eulerian
descriptions where phytoplankton concentrations are continuous functions of space and time
(but see [338, 265] for examples of Lagrangian-Ensemble models at the (sub)mesoscale). Among
the first attempts to model phytoplankton patchiness, the KISS model(s) (named after its au-
thors, Kierstead, Slobodkin and Skellam [308, 190]) has been used to define minimal sizes for
patches to maintain (see box 1.6), which vary with the processes taken into account (diffusion-
only, advection and diffusion, predation, etc.). The classical KISS model characterizes the size
of a single patch in the horizontal dimension only. The vertical structure, however, adds yet an-
other dimension to the complexity of phytoplankton distribution patterns [103]. Phytoplankton
patchiness along the vertical dimension is well-known: the so-called ‘thin layers’ are horizontal
strata of higher phytoplankton concentrations, whose thickness varies between a few cm and
a few m. Hydrodynamic processes, including vertical velocities, stratification and shears, are
among the mechanisms used in models to explain phytoplankton growth and concentration
increase at certain depths [103].

Generally speaking, the distribution of phytoplankton concentrations is well described in
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macro- and mesoscale models coupling physical and biological (e.g., temperature-dependent
growth rate, competition) processes. In these cases, concentrations most of the time follow the
abiotic patterns in the environment (see for instance [124, 230]; in [229], a decomposition of
the growth rate dependence on abiotic factors also shows this pattern), which is confirmed by
observations at the mesoscale [224]. Still, the dynamics of these models are not necessarily
adapted to much finer scale variability. While observations [276] have shown that the spectrum
of variance of chlorophyll (as a proxy for the variance of phytoplankton biomass) is a -5/3
power law of the wavenumber at the submesoscale, similar to the power law of turbulence,
theoretical considerations, supported by other data, show otherwise [95]. Denman & Platt [95]
have indeed uncovered a discontinuity in the variance spectrum, where the power coefficient
should fall from -1 to values between -2 and -3 for larger wavenumbers. The break happens at
a critical wavelength estimated between 0.2 and 20 km in the upper ocean, with an average of
1 km. The authors have suggested that the switch between turbulence and demography control
may happen at different critical wavelengths for species with different growth rates, which would
create spatial niches in favour of coexistence. They also consider that phytoplankton growth
rates have more control on spatial variability at larger scales. However, reviewing a series of
observations in the ocean, Daly and Smith [92] concluded that “biological processes may be more
important at smaller scales where behavior such as vertical migration and predation may control
the location and production of plankton”. When modeling at the microscale (i.e., at the scale of
the individual), encounter rates with predators vary with the relative speed of the organisms and
the intensity of turbulence [289, 192], reproduction balances out separation by turbulence [345],
phytoplankton voluntary movement may exceed passive advection or interact with turbulence
to create patches [102, 59]. Moreover, chlorophyll or biomass measures cannot account for
species diversity, nor can their variability distinguish intra- from interspecific aggregation. We
therefore need to model individuals, not only average concentrations or biomasses as a function

of space. This is the goal of individual-based models.
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Box 1.5: Turbulence and viscosity }

Big whirls have little whirls that feed on their velocity, and little whirls have lesser whirls

and so on to viscosity.

Lewis Fry Richardson [280]

While this is not the place for a comprehensive review of fluid hydrodynamics (the 1600
pages of [240] should deter from such attempt), we need to define, in very broad terms,
the most common concepts and numbers used to characterize the environment in which
phytoplankton dwells.
Turbulent and laminar regimes can be seen as the two ends of the fluid dynamics spec-
trum; they are not opposed, but depend on the scale of reference used to study a fluid.
Ocean currents, such as the Gulf Stream, observed at large scales, are turbulent: they are
made of eddies formed under the sheer stress of mechanic energy applied at the air-water
interface by the wind. Turbulence is characterized by its randomness, diffusivity (trans-
port of mass, heat, or momentum due to movement at scales several orders of magnitude
above molecular diffusion), and the presence of three-dimensional vorticity fluctuations
[318]. At the hydrodynamic level, its length and time scales of variation are much larger
than any molecular scale: turbulence is considered as a continuum, allowing continuous
equations of fluid mechanics to hold. The viscosity of the environment opposes the move-
ment imposed by turbulence, and mechanical energy eventually dissipates into internal
energy of the fluid (heat). The dissipative nature of turbulence is another of its main
characteristics, studied through the Kolmogorov spectrum. The kinetic energy generat-
ing turbulence decreases with the scale at which the fluid is considered, following a -5/3
power law of the wavenumber, as larger eddies cascade into smaller and smaller eddies
until they are overwhelmed by viscosity. When viscosity takes over, the fluid is mostly
laminar, which can be understood as parallel layers of fluid moving in the same direction
without mixing.
The ratio between turbulent and viscous forces is defined by the Reynolds number

Re — UVL (1.7)
where U is the flow speed (m s™'), L is the characteristic dimension (m) and v is the kine-
matic viscosity of the fluid (m? s™!). At 20°C, sea water viscosity is around 107% m? s~
Viscosity takes over for a Reynolds number equal or below 1, for dimensions equal or

below the smallest eddy size. The corresponding length scale is called the Kolmogorov

- (2)" ©

scale
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where ¢ is the dissipation rate of turbulent kinetic energy (m? s=3). In the open ocean, ¢
varies between 10710 and 107 m? s73 [33] (with extremes between 107! and 1075 m? s—3
[130]), leading to Kolmogorov scales between 1 mm and 1 em (Fig. 1.1).

The size of microphytoplankton, between 20 and 200 pm, is much smaller than the
smallest possible eddy in their environment, and their Reynolds number varies between
1072 and 1073 [187]. They therefore perceive the world as mostly viscous, while being
displaced by advective currents at a much larger scale. The movements and spatial
distributions of individuals are therefore determined within the referential of the smallest
eddy, keeping in mind that it is then moved around within larger eddies. Phytoplankton
organisms are still affected by turbulent conditions, whether it be through its effect on
predation, competition, or nutrient uptake [156, 269].

Concentration variations of nutrient, or any solute, happen at much lower scales than 7.

The smallest length of a nutrient patch, before diffusion, is the Batchelor scale

V_D2 1/4
B= ( m) | (19)

€

where D,, is the molecular diffusivity of the solute (m? s~1), which is around 107 m? s7*,

depending on the molecule considered. Batchelor scales in the ocean vary between 20
and 300 pm.
As mentioned before, turbulence can increase the transport of a solute; the Péclet number
Pe is used to quantify the effectiveness of advective transport compared to diffusive
transport for a given length scale r [187].
Ur

Pe=p— (1.10)

The Sherwood number Sh is then defined as the ratio between convective transfer and

diffusive transfer at a boundary surface and can be computed from the Péclet number
[187].
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Figure 1.1: Length scales associated with the Kolmogorov (1) and Batchelor (7,) scales as
a function of turbulent kinetic energy dissipation rates €, in different marine environments,
compared to phytoplankton size classes. (Reproduction of Fig. 1 in [33], with characteristic
values of turbulence in different environments from [130])
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Box 1.6: KISS model(s)

One of the first approaches of phytoplankton patchiness is the KISS model (named after
its authors, H. Kierstead & L.B. Slobodkin [190] and J.G. Skellam [308]), which focuses
on the minimal size of a viable patch. The framework is simple. In a one-dimensional
model, assume a patch of size L where there is a concentration P of phytoplankton and
where diffusion and growth take place while advection is ignored. The patch is assumed
to be surrounded by unsuitable water (P(0) = P(L) = 0); this could be due to resource
limitation or advection of phytoplankton outside of the patch. Starting at ¢ = 0 with
P(z) = f(x) (f(z) non specified), the spatial dynamics in one dimension follow
2
%f :Dé?hé)+aP (1.11)
where D is the diffusivity of the environment and « is the phytoplankton growth rate.
With this model, a phytoplankton patch can only maintain despite diffusion if L > ﬂ\/g .
In two dimensions, for a circular patch of radius R, R > 2.4048@. Scale-dependent
diffusivity can be added to the model, which means that the intensity of the diffusivity
parameter depends on the scale of the observation. This leads to minimum patch di-
mensions around 2 km for a = 1 division per day (Steele 1976, cited in [257]), which
correspond to observations at large scales (see Section 1.1.3).
This model is obviously highly simplified. If advection is added, using a fluid velocity U,
eq. 1.11 can be rewritten as
2

%f:Dg;;—l—Ug];—l—aP. (1.12)
If the flow converges to the center of the patch, this can greatly reduce the minimal size
of the patch, but if the flow diverges, even small velocity values (a few cm per second)
could prevent the patch maintenance [257].
Predatory control on the population can also be introduced to this model [258], as

9% — Dp%F +apP— BpPZ

9% - D,PZ 0,7+ p,PZ

(1.13)

with «, the phytoplankton growth rate, Sp its loss to predation by zooplankton, oz the
loss rate of zooplankton and (3 its growth rate due to phytoplankton consumption.

In this case, the system can either converge to the equilibrium densities they would
have had without diffusion (a7 /5 and ap/Sp for P and Z respectively), or to spatially
uniform temporal oscillations (no patch). This remains true in the presence of advection,
nonlinear interactions, and different initial conditions or boundary conditions (absorbing

or reflecting).

Phytoplankton modelling
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Finally, in the case of a community with S species, eq. 1.11 is modified to eq. 1.14 [258].

0P, 0P,
= U—— (PP 1,7=1,2,.. 1.14
at 181.2 +G’L( ]) (2 Z’j Y ? 75 ( )

where D; is the species-specific diffusivity and G;(P;) is the growth rate of species i in

presence of species j with concentration P;.

Dmin
Gmax (0)

the community in the absence of competitors.

This leads to a minimal size L = 7 with Gax(0) the maximal growth rate among

Note that defining minimal patch sizes does not give information on the distribution of

organisms within a patch.

1.3.2 (Spatial) individual-based models: definition and analysis

Definition Before focusing on individual-based models (IBMs) for phytoplankton communi-
ties, and the additional information they may provide, I need to define what IBMs are and how
their results compare with those of mean-field models in other classical systems.

An individual-based model, also known as an agent-based model, is a model which focuses
on the behaviour and/or dynamics of each organism forming part of a community, instead of
studying the dynamics of an ensemble of supposedly identical individuals. In an IBM, each
individual has its own properties, which usually include size, nutrient content, reproductive
characteristics — possibilities are endless, depending on the main interest of the study. Most
of the time, the goal remains to eventually study the system emerging at the population level
(abundance, biomass or density) from individuals’ stochastic functioning [150].

While the IBM approach has been debated for its potential lack of generality in ecological
theory, many studies have proposed situations justifying the rise of this relatively new approach
[167, 185, 216, 150, 151]. In the specific case of microbes, including phytoplankton, a review of
46 articles has shown that the main reasons for choosing individual-based modeling were pop-
ulation heterogeneity (intra-population variability of characteristics such as individual growth
rate or nutrient content), and emergence of new properties in the population from individual
behaviour (e.g., intracellular mechanics explaining variability and resource requirements at the
population level) [150]. IBMs are also supposed to better handle the chaotic behaviours of
ecological systems and the lack of population mixing leading to different interactions between
individuals (assuming interactions are local) [185]. A spatial dimension (from one to three) is
often introduced in IBMs, to consider distances between individuals and limited movements,
and therefore the effect of spatial heterogeneity.

Comparisons of spatial IBMs and non-spatial models have shown that spatial heterogene-
ity could sometimes lead to very different, sometimes opposite, population dynamics. In Law

et al., 2003 [201], a spatial IBM where individuals could only disperse over small distances and
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compete with organisms close to them (i.e., small dispersion and competition ranges) predicted
the extinction of a population, which was not expected to happen in a non-spatial setting. On
the contrary, increasing the dispersal range and maintaining a small competition range led to
a higher equilibrium abundance than in a non-spatial model. In Birch & Young, 2006 [47], the
strength of dispersal has also emerged as a key factor; in their case, weak dispersion was asso-
ciated with higher abundances than in an equivalent mean-field model. Spatial heterogeneity
can therefore partly determine the fate of a population. This heterogeneity can be quantified

with spatial statistics belonging to the field of point process theory.

Spatial statistics applied to IBMs I present here the basic elements of spatial statistics
applied to spatial IBMs. This section introduces tools that are reminded in the Methods in
Chapter 4, with additional details regarding the computation of some of these statistics (see
box 1.7).

The field of spatial statistics is well adapted to analyse spatial stochastic IBMs. The state of
a system generated by a spatial stochastic IBM can be described as a collection of S populations,
where the population of species ¢ is made of k; individuals randomly distributed in space, with
positions X; = [@1,, T2, ...k, ;). This corresponds to the realization of a spatial point process,
defined by Illian et al., 2008 [169] as a “mathematical model that describes the arrangement
of objects that are irregularly or randomly distributed in the plane or in space” (random
distributions can also be a function of time). There are many metrics developed to analyse a
spatial point process. One of the most common methods uses the moment measures (hereafter,
moments) of the process. These moments are the spatial statistic equivalents of the moments
of random variables: the first moment corresponds to the average number of points in space,
the second moment, to the variance of the positions in space, and so on. Evaluating moments
of a spatial point process can give a complete view of the expected behaviour of the model.

The moments of a spatial point process can often be derived analytically. The specific
case of an individual-based model including stochastic birth, death and movements satisfying a
Markovian property (i.e., rates of change at any given time depend only on the current state, not
on past states), constitutes a classical model in ecology, and the focus of Chapters 3 and 4. The
dynamics of the patterns of the corresponding model can be characterized by a master equation,
the rate of change of the probability density for a given distribution [99]. Moments can then
be derived from this equation. Other examples of moment derivations applied to IBMs with
birth-death-movements are numerous in the ecological literature (e.g., [52, 47, 254, 31, 275]),
and help to summarize the emerging patterns in spatial distributions [51].

In many models, the strength of competition between individuals (more precisely, the impact
on mortality, fecundity or establishment due to local densities) is a function of the distance
between points, often called the kernel of interactions [52, 201]. This is why metrics close
to spatial moments, which characterize the relative positions of particles, can be useful to

understand population dynamics. Ripley’s K-function K (r) (hereafter, K-function, or K') and
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the pair correlation function (hereafter, pcf, or g) are among the most well-known (for an
example of derivation, see box 1.7). Firstly, the K-function measures the expected number of

points that are located within a distance r of a given particle, i.e.,

Vr >0, K(r) = éE (N (b(o,)\{o})) (1.15)

where C'is the expected point concentration, and N (b(o,7)\{0}) is the number of points of

the process N in the (hyper)sphere of radius r centered on o, not counting o itself.

The K-function, being an integral of all points within a volume, can be sensitive to specific
regions of high or low density, which can eclipse smaller variations at specific scales. This is
why the pcf g(r), is recommended [169, 188], since it focuses on the pairs of points that are at

a distance exactly r from each other. It is defined as

K'(r)

Vr >0,9(r) = W>

(1.16)

where by is the volume of the unit ball in R? [169]. Organisms are said to be aggregated
(respectively, segregated) if the pef of their distribution is above (respectively, below) 1, the

expected value under the uniform distribution assumption.

Box 1.7: Derivation of K and g for a classical point process }

We use here the derivation of the formula for Ripley’s K-function and the pair correlation
function in three dimensions, for the Thomas point process, as a didactic example to
familiarize the reader with these metrics. A Thomas distribution is generated in two steps:
(a) ‘parents’ are distributed uniformly in space, with intensity A,, then (b) ‘daughter’
points are distributed around each parent point, their locations following a Gaussian
distribution centered on the parent with standard deviation ¢. The number of daughter

points per parent follows a Poisson distribution with intensity c.

Ripley’s K-function In [88], the K-function for a Neyman-Scott point process such

as the Thomas one is defined as

7#%rd  B(N(N —1))F(r)

K pu—
2 T(1+4) ’ ApC”

(1.17)

where E(N) = ¢, F(r) is the cumulative distribution function (cdf) of the distance
between two events in the same cluster, and I'(z) = [;° z* le *dx.

First, we have E(N(N — 1)) = E(N?) — E(N) = Var(N) + (E(N))* — E(N). With a
Poisson distribution, Var(N) = ¢, so E(N(N — 1)) = ¢, which leads to
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K(r)= (1.18)
r1+9%) X
Thus, in three dimensions,
4 F
K(r) = 2ar 4 £ (1.19)
3 Ap

Let us compute the mean squared distance between two points belonging to the same
cluster p; and py at (1,91, 21)" and (22,2, 22)". Following the definition of the Thomas
point process, z. ~ N (0,02), y. ~ N(0,0%) and 2, ~ N(0,0%). As variances are additive,
(1 — 22)® ~ N(0,0% + 0?), ie, % ~ N(0,1). The reasoning is the same for y
and 2. We can define w = ﬁ\/(xl —29)2+ (y1 — y2)% + (21 — 22)? with W ~ x(3) the
corresponding variable; the distance between p; and py is r = v/2ow. The cdf for W,
F3(w), is defined as

F3(w) = F(;/2)7(3/2,w2/2) (1.20)

where v(a,z) = [; t*"te~!dt is the incomplete gamma function. Thus,

2 w? /2
Fg(w):ﬁ i Ve tdt. (1.21)

Let us define 22 =t = dt = 2zdz, then integrate eq. 1.21.

F(w) = % f(;“"/\/5 V22 2dz
— % fg”/ﬂz (ze*ZQ) dz
w3 .
= ({—éze_zqo/ + 3 o V2 6_52d2> (1.22)
w —’u)2 T w
= F(hge T af(y))
= erf (%) = %we‘wz)/2

where erf(z) = % J& e=**dz is the error function.
The cdf of the distance r can then be defined as

r 1 2
Fry=erf(—) - ~(r/20)", 1.2
(r)=er < ) gﬁre (1.23)

K(r) = %77’3 - ! (aﬁerf (;;) - re_<22)2) : (1.24)
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Pair correlation function By definition, g(r) = ZT(TZ). Derivation is simple, and we
obtain
1 1 - r“i,)
gir) =14+ ————e \*"/. 1.25
) =14 5 i (129

While egs. 1.15 and 1.16 are written for a single population (distances are computed between
all pairs of individuals regardless of their species), the metrics can also be written as bivariate
functions, which then characterize the distribution of individuals of a given species around an
individual of another species. This is particularly interesting if we are to compare intraspecific
and interspecific spatial patterns.

Keeping the hypothesis of distance-dependent interaction strengths, computation of ex-
pected spatial associations can in turn be related to classical coexistence theory, especially if
distance distributions between conspecifics and heterospecifics differ. When computing K or
g leads to predictions of aggregation of conspecifics, but not of heterospecifics, we might in-
fer stronger intraspecific interactions than interspecific interactions, corresponding to a spatial
niche (however, see [246, 245] for a more nuanced view, if interaction ranges differ between

heterospecifics and conspecifics).

I have described here a class of mathematical models that are able to represent individuals
distributed in space, going through stochastic processes, and the tools to analyse such models.
I now need to determine how these models have been applied in phytoplankton communities

to potentially pinpoint missing information regarding diversity maintenance.

1.3.3 Application of spatial IBMs to phytoplankton modelling

Some spatial individual-based models have been developed to study specifically phytoplankton
dynamics and distributions in their environment at the microscale (corresponding to the size of
microphytoplankton) in two or three dimensions. They can be seen as Lagrangian approaches of
phytoplankton distributions, as opposed to the Eulerian description often used in larger-scale
models. A particularity of IBMs for phytoplankton is that they must describe their ever-
changing hydrodynamic environment: turbulence (advection and viscosity) always affects the
particles’ movements. The main differences between spatial phytoplankton IBMs then emerge
from the way they model hydrodynamics and their focus on different ecological processes, which
we summarize here. While different species are sometimes modeled, monospecific models are

the most common. All models show at least some kind of particle clustering.

Hydrodynamics Hydrodynamic processes include both fluid velocity (advection) and vis-
cosity of the environment, and can determine the way particles are displaced. There are two

main ways to describe the velocity field, either based on the exact Navier-Stokes equations,
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or on a simpler, less computationally costly, approximation of a turbulent flow (synthetic tur-
bulence, or kinematic simulation, first proposed by Kraichnan [199]). In the first case, direct
numerical simulations can describe the dynamics of the flow [59, 53]. In the second case, the
turbulent velocity field is represented as a truncated Fourier series of wave vectors with am-
plitudes chosen to follow the turbulent energy spectrum, a method which can produce similar
results to the Navier-Stokes equation [59]. At the lowest end of the turbulent energy spectrum,
the Kolmogorov length scale, where turbulence collapses into viscosity, advection by turbulence
can be approximated by a single mode, corresponding to the smallest wavelength [274, 345].
Individuals can also be displaced by diffusion, following a Brownian motion [345]; this is
actually the only hydrodynamic process modeled in [47, 55]. Advection by synthetic turbulence
and species-specific diffusion are modeled in Chapters 3 and 4, based on Young et al., 2001 [345].
Organisms are displaced passively by the mechanisms described above. However, the or-
ganism’s voluntary movements and/or inertia can interact with the fluid velocity; in this case,
the Maxey-Riley equation is used to compute its acceleration [41, 53, 19]. Most of the models
which consider phytoplankton motility do not take into account ecological processes: organisms
do not reproduce nor die. In this case, aggregation emerges either from common responses to
the environment (e.g., buoyancy increases or decreases when turbulence increases in [53, 19]),
or from active movements. Organisms can indeed modify their orientation in response to other
particles’ presence in their detection range, and aggregation increases when the strength of
interaction increases [59]. Phytoplankton motility itself can have an ‘unmixing effect’ (increas-
ing patchiness) [102]. Phytoplankton patchy distribution can therefore be at least partially

attributed to movement regulation only.

Ecological processes Some models take into account the demography of phytoplankton
with different degrees of precision, including reproduction and death only [345], competition
modeled as the increase in death rate with local density [47, 55|, and potential cooperation
between organisms [56]. Most of the time, local reproduction, competition and dispersal lead
to aggregation.

In the set of single-species models proposed by Bouderbala and colleagues, where both
interactions and motility are taken into account, the balance between chemo-attraction and
competition leads to different patterns in organism aggregation. The intensity of competition
itself is an important factor: in [55], weak-to-medium competition entices clustering while
high competition prevents aggregates from maintaining. Implicit top-down effects are assumed
in [56], where local densities reduce division due to competition, but decrease mortality due
to predation (the assumption being that predators can more easily ingest small cells rather
than large aggregates). Chemo-attraction then encourages cluster formation while reduction in
mortality maintains the cluster. Results are similar when adding self-shading and diel vertical
migration [57].

In a multi-species model coupling inertial forces in a chaotic flow to birth and death, Benczik
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and colleagues [41] show that up to five species can coexist using only one resource. Species with
lower fitnesses (modeled by higher death rates) still maintain thanks to chaotic flows displacing
them differently: organisms of different species (characterized by their inertia) therefore occupy
specific regions of the environment. This study is the only example of a community of more

than two coexisting groups including hydrodynamics and ecological processes.

What can we learn on coexistence mechanisms from these models? Most models
focus on the distribution of a single population, and therefore give no information on the way
different aggregation or segregation patterns between species could affect a community. Models
which consider different functional groups, and find intragroup aggregation, often describe
completely opposite hydrodynamic traits: increased vs decreased buoyancy with turbulence
[53, 19] or motile vs non-motile organisms [102] (see [41] for a slightly more refined description
of inertia-related traits). However, field observations of rich communities show that traits such
as size, related to hydrodynamics properties, are similar between species [302]; and coexistence
of similar species is still not studied.

Overall, results are numerous for single-species patchiness, but an analytically-supported
study of aggregation patterns in a rich community at the microscale, taking into account both

hydrodynamics and demographics, is still missing. This is the endeavour of Chapters 3 and 4.
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Seed banks can help to maintain the di-
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Abstract

Seed formation is part of the reproductive cycle, leading to the accumulation of resistance stages
that can withstand harsh environmental conditions for long periods of time. At the community
level, multiple species with such long-lasting life stages can be more likely to coexist. While the
implications of this process for biodiversity have been studied in terrestrial plants, seed banks are
usually neglected in phytoplankton multispecies dynamics models, in spite of widespread empir-
ical evidence for such seed banks. In this study, we build a metacommunity model of interacting
phytoplankton species, including a resting stage supplying the seed bank. The model is pa-
rameterized with empirically-driven growth rate functions and field-based interaction estimates,
which include both facilitative and competitive interactions. Exchanges between compartments
(coastal pelagic cells, coastal resting cells on the seabed, and open ocean pelagic cells) are con-
trolled by hydrodynamical parameters to which the sensitivity of the model is assessed. We
consider two models, i.e., with and without a saturating effect of the interactions on the growth
rates. Our results are consistent between models, and show that a seed bank allows to maintain
all species in the community over 30 years. Indeed, a fraction of the species are vulnerable to
extinction at specific times within the year, but this process is buffered by their survival in their
resting stage. We thus highlight the potential role of the seed bank in the recurrent re-invasion
of the coastal community, and of coastal environments in re-seeding oceanic regions. Moreover,
the seed bank enables populations to tolerate stronger interactions within the community as well
as more severe changes to the environment, such as those predicted in a climate change context.

Our study therefore shows how resting stages may help phytoplanktonic diversity maintenance.

Keywords: dormancy; phytoplankton; coexistence; competition; facilitation
Published in Journal of Theoretical Biology (2022) doi:10.1016/j.jtbi.2022.111020
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2.1 Introduction

How the high biodiversity of primary producers maintains is still an unresolved question for
both experimental and theoretical ecology. Terrestrial plants and phytoplanktonic communi-
ties can present hundreds of species relying on similar resources, a situation where Gause’s
principle implies that a handful of species should outcompete the others. Some degree of niche
differentiation, perhaps hidden to the human observer, is generally expected for coexistence to
maintain [74]. However, a complex life-history structure can further increase the likelihood of
coexistence (e.g., [239, 131]), and so does the response of life history traits to variation in the
environment [77, 161].

Analyses of coexistence in terrestrial plant communities sometimes take into account several
life stages (e.g., [, 85, 79]), though many models consider only a single life-stage (see, among
others, [112, 207, 226]). When considering at least two stages, seeds/seedlings and adults,
several mechanisms that can contribute to long-term coexistence in spatially and/or temporally
fluctuating environment have been uncovered [306, 79].

The storage effect, a major paradigm in modern coexistence theory [74, 76], which involves
a positive covariance between the strength of competition and favourable environmental varia-
tion as well as buffered population growth, is one of them. It has been shown to arise from a
combination of interspecific competition and a long-lived dormant stage, together with a tem-
porally variable recruitment rate [67], which often arises when recruitment is a direct function
of environmental conditions [75]. The presence of a seed bank may therefore lead to a storage
effect [13], though not systematically [5]. However, although the storage effect usually captures
theoreticians’ attention, the contribution of seeds to coexistence may be much larger than their
potential contribution to the storage effect. A long-lived seed bank can help coexistence by
other, simpler means. For instance, in the meta-community model of Wisnoski et al. [336],
when dormancy and dispersal are present (without seed dispersal), local diversity increases in
temporally fluctuating environments. In their model, adding a dormant stage could increase
species diversity both at the local and regional scales. These results suggest that consider-
ing a seed stage in dynamical models can profoundly alter our understanding of community
persistence (see also [176]).

Although there is some awareness of the role of cryptic life stages in shaping terrestrial
plant coexistence, the effect of such dormant life stages on aquatic plant communities, and
more specifically that of phytoplanktonic algae, is often ignored. Such a gap is even more
surprising that phytoplankton organisms constitute one of the most important photosynthetic
groups on Earth, being responsible for half the global primary production [121], and are the
very basis of marine food webs. The classical view behind phytoplankton dynamics is that their
blooms (peaks in abundances several orders of magnitude above their baseline level) are due
to seasonal variation in light, temperature and nutrients, as well as hydrodynamic processes

[285]. In this mindset, differential responses to environmental signals ensure the coexistence
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of multiple species [223, 309], while always assuming that vegetative cells are already present
in the environment, or immigrating from a nearby water mass. Momentary disappearances of
a species are viewed as sampling issues at low density. However, a complementary hypothesis
suggests that resuspension and germination of phytoplanktonic resting cells is another major
player allowing re-invasion from very low or locally zero population densities [268, 222]. This
long-standing hypothesis is supported by recent reviews [21, 111] which confirm that life history
strategies including dormant individuals are widespread in phytoplankton (see [234, 323] for
extensive lists of species with known resting stages). Formation of a resting cell can either be
part of the life cycle of phytoplankton species and result from sexual reproduction or result from
asexual processes triggered by specific environmental conditions [111]. Hereafter, when using
the term ‘seed banks’, we refer to the accumulation of all types of resting stages in the seabed,
either sexual (dinoflagellate cysts) or asexual (diatom spores or resting cells). A variety of
models have endeavoured to explain and predict amplitude, timing and/or spatial distribution
of blooms by explicitly modeling multiple stages in the life cycle of a particular species, but
without interactions with other organisms (see for example [229, 153, 152, 340]). Two-to-four
species [341, 116, 203] models also exist, but include a single species or compartement having
a resting stage. This state of affairs means that we currently have no clear understanding
of how the resting stage might help maintaining biodiversity in species-rich communities. In
the present paper, we demonstrate the potential role of seed banks using a phytoplankton

community dynamics model.

Phytoplankton communities in coastal environments may benefit from seed banks even more
than the oceanic communities (see, for example, [229]), as the distance to the sea bottom is
smaller, which favours recolonization from the sea bottom, something that is impossible in
the deep ocean. Moreover, ‘horizontal’ exchanges between oceanic and coastal pelagic phyto-
planktonic communities are usually observed. A flow from the ocean to coastal communities
has been noticed for dinoflagellates especially [319, 34]. Conversely, in many other bloom-
forming species, the shallower coastal areas might function as a reservoir for biodiversity in the
ocean. Indeed, resting cells are able to germinate again after dozens of years [233, 111] or even
thousands of years [294] of dormancy. Therefore, we consider in this study three interlinked
compartements: the coastal pelagic environment, the seed bank, and the pelagic open ocean.
The coastal pelagic environment acts as a bridge between the seed bank and the open ocean.

Our model is parameterized from field data (growth and interaction rates within the phyto-
plankton community), and includes biotic and abiotic constraints (e.g., particle sinking). In our
analyses, we examine how seed banks may influence the maintenance of biodiversity, including
under changing biotic interactions or changing environmental conditions. We either add or
remove the dormant compartment, which allows to pinpoint its contribution to coexistence.
We find that the presence of resting stages prevents the extinction of several species. Seed
banks also allow a community to maintain its richness even with strong disturbances of its

interaction network, unless facilitative interactions completely eclipse competitive interactions.
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Changes in the environment, here represented by an increase in the mean temperature, can also
be buffered by seed banks. Finally, we discuss what information would be required to further

more accurate modeling of resting stages in phytoplankton community dynamics.

2.2 Methods

Models

Our models (Fig. 2.1) build atop recent models developed by Shoemaker & Melbourne [307] and
Wisnoski et al. [336], although they diverge in several aspects developed below (e.g., possibility
for facilitative interactions). These discrete-time models are designed for metacommunities with
multiple interacting populations. Any discrete-time model requires an ordering of events; in our
models, these unfold as follows: first, populations grow or decline according to a Beverton-Holt
(BH) multispecies density-dependence (eqs. 2.1 and 2.3), and then, in a second step, exchanges

occur between the different compartments or patches constituting the metacommunity (eq. 2.4).

Figure 2.1: Structure of the model. Phytoplanktonic species (represented by circles) are present
in the coast (subscript c), the ocean (0) and the seed bank (b). Parameters governing demogra-
phy, interactions between organisms and exchanges between compartments are defined in Table
2.1. Only two species are shown here for the sake of simplicity but 11 species are present in
the model.

In this paper, individuals are phytoplanktonic cells that move between the upper layer of
coastal water, its bottom layer where a seed bank accumulates in the sediment, and the oceanic
zone surrounding the coastal water masses (hereafter “the ocean”). Only oceanic and coastal

pelagic cells are subject to BH-density dependence. Resting cells in the seed bank are only
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affected by mortality m and burial due to sedimentation (. Parameters and state variables are
defined in Table 2.1.

Parameter Name Value (unit) Status
Niicjoip | Abundance of species i at time ¢ in the coast (c), ocean (0), or coastal bank (b) NA (Number of cells) Dynamic
T Temperature NA (K) Dynamic
ri(T) Intrinsic growth rate of species i NA (day™?) Dynamic
b; Thermal decay of species ¢ Field-based (K?) Calibrated
U Optimal temperature for species i Field-based (K) Calibrated

d Daylength 50 (%) Fixed
aj Interaction strength of species j on ¢ in model I Field-based (Cells™!) Calibrated
ac/ap Maximum competitive/facilitative interaction strength in model II Field-based (NA) Calibrated
H;; Half-saturation for the interaction strength of species j on ¢ in model II Field-based (Cells) Calibrated

S Sinking rate of species i’s resting cell {0.1;0.3; 0.5} x Beta(0.55,1.25) (day~!) Fixed

e Exchange rate between ocean and coast {0;0.4; 0.9} (day™!) Fixed

l Loss rate of pelagic phytoplanktonic cells {0.04;0.1;0.2} (day™!) Fixed

m Resting cell mortality rate 107° (day™!) Fixed

¢ Resting cell burial rate {107%,1072,107'} (day™!) Fixed

v Germination (1) x Resuspension (7,) rate {107%,1072,107!} x {107°,1073,107!} (day!) Fixed

Table 2.1: Definition of main state variables and model parameters. State variables and fluctu-
ating parameters are indicated in the last column as “Dynamic”. Parameters that are constant
through time are either “Fixed” (directly obtained from literature) or “Calibrated” (obtained
through model fitting, with initial values arising from previous studies at the study site). When
a range of values is given, the bold numbers indicate the reference values while the others are
used for sensitivity analysis. Beta(0.55,1.25) is the Beta distribution with parameters 0.55 and
1.25. For ~, germination values for sensitivity analysis were multiplied by the reference value
for resuspension, and conversely.

The Beverton-Holt (BH) formulation of multispecies population dynamics, sometimes called
Leslie-Gower [90], is a Lotka-Volterra competition equivalent for discrete-time models, and is
often used to represent terrestrial plant community dynamics. In our implementation of the
model, the population growth rate is modified by both competitive and facilitative interac-
tions, which translates into positive and negative a;; coefficients, respectively. We present
two different interaction models. We first use the classical multispecies BH model (model I,
eq. 2.1), also present in the original models of Shoemaker & Melbourne [307] and Wisnoski et al.
[336]. However, the high number of facilitative interactions characterizing the modeled phyto-
plankton community [271] combined to the mass-action assumption could have very irrealistic
destabilizing consequences, which have been likened to an “orgy of mutual benefaction” [228]:
populations grow to infinity because there is no saturation of beneficial effects when density
increases. In model I, we therefore forbid the realized growth rate to go above the intrinsic
growth rate (its theoretical limit), by setting a minimum value of 1 to the denominator of the
BH formulation. We subsequently define saturating interactions, inspired by Qian & Akcay
[279], in our model II (eq. 2.3). Model II provides a more process-orientated solution to the is-
sue of excessive mutual benefaction (but at the cost of added parameters). Setting a miminum
value of 1 to the denominator is still required for large increases or decreases in interaction

strengths.

In our framework, the first step of model I can be written as
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() Nes
Ny = SRlWuic gy,
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where the intrinsic growth rate 7;(T") is a species-specific function of the temperature (see
eq. 2.2), the interaction coefficients «;; are per capita effects of species j on species ¢, and the
loss term [ accounts for lethal processes such as natural mortality, predation or parasitism. First
estimates of interaction coefficients are inferred from a previous study of coastal community
dynamics with Multivariate AutoRegressive (MAR) models [271]. We later calibrate these

coefficients for model I, since MAR models were applied at a different timescale.

The intrinsic growth rate r;(T) is defined through a modified version of the formula used
by Scranton & Vasseur [301] (eq. 2.2), which classically decomposes r;(T) in two parts: the
species-independent metabolism part F(7T') and the species-specific niche part f;(7):

ri(T) = E()fi(T) (2.2)
where E(T) = d x 0.81¢%0031(T-273.15)
and f;(T) = exp(-T =~ TP/, T T
exp(—5|T — TP fby), T > T,

The metabolism part describes the maximum achievable intrinsic growth rate based on
Bissinger et al. [48]. This maximum daily intrinsic growth rate is weighted by the daylength d
as no growth occurs at night. The realized niche part f;(T") describes the decrease in growth
rate due to the difference between the temperature in the environment and the species-specific
thermal optimum 77", and is controlled by the species-specific thermal decay b;, which depends
on the niche width. It is important to note that unlike F(T'), which models direct effects of
temperature on metabolism, f;(T) is a phenomenological construct including all indirect effects
of temperature, mediated by environmental variables correlated to temperature (light, nutrient
inputs, predation, among other environmental conditions). In other words, f;(7") corresponds
to a realized niche, pertaining to a given environment, which can be much more narrow than

the fundamental thermal niche. Parameterisation is further detailed in Section 2.S1 of the SI.

In model II, oceanic and coastal dynamics are governed by eq. 2.3:

eXp(n’(T))Nt,i,c/o

aCNt,j,c/o aFNt,j,c/o
1 + ZJGC Hij"l'Nt,j,c/o + ZJG]F Hij""Nt,j,c/o

Nt’,i,c/@ = - th,i,c/o (23)
where ac and ap are the maximum competition and facilitation strengths, respectively, with
C and F the sets of competitors and facilitators of species i. We use here similar notations to

Qian & Akgay [279], but use different parameters that vary between species. Indeed, the half-
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saturation coefficients H,;; vary between species, as opposed to the maximum rates in Qian &
Akcay [279]. It did not make sense biologically for H;; to be fixed (e.g., in a resource competition
context, different species are expected to feel resource limitations at different concentrations of
nutrients and at different numbers of competitors). How to shift from MAR- to BH-interaction
matrices in model I, and to use the parameter estimates of model I to specify parameters in
model II is described in Section 2.52 of the SI.

After growth and mortality processes occur, exchanges take place between the three com-

partments, which constitutes the second step of the model (eq. 2.4):

Nittice = (1—=8;—€)Npic+vNyiv+eNp,io
Nitiio = (1—s;—€e)Nyio+eNy,. (2.4)
Nejrip = (1 —=Y)Nyip + 5Ny e

Each compartment (ocean, coast, coastal seed bank) contains 103 cells at the beginning
of the simulation, and the dynamics are run for 30 years with a daily time step. We model
the temperature input as a noisy sinusoidal signal with the same mean and variance as the
empirical data set described below: the amplitude of the sinusoid is 12.4°C and the standard

deviation of the noise is 0.25°C.

Parameterization of the models

Literature-derived parameter values

Loss rate The loss rate [ of vegetative cells can be attributed to natural mortality, predation
or parasitism. This rate is quite variable in the literature: the model of Scranton & Vasseur

I while a review by Sarthou et al. [295] indicates a

[301] considered a rate around 0.04 day~
grazing rate of the standing stock between 0.2 and 1.8 day~! and an autolysis rate between
0.005 and 0.24 day~' (in the absence of nutrients, or because of viral charge). A maximum
value of 0.2 is fixed for the model, as a balance between using a high loss rate (probable because
of predation) and keeping all species in the community in the reference model (see Section 2.53

of the SI for more details).

Sinking rate Phytoplanktonic particles have a higher density than water and cannot swim
to prevent sinking (although they are able to regulate their buoyancy [285]). Sinking is mostly
affected by hydrodynamics, but at the species-level, size, shape, density-regulation and colony-
formation capabilities are key determinants of the particle floatation. In this model, the sinking
rate of each species resting cells is drawn from a Beta distribution with a mean value of 9%,
and a maximum (Sp,.x) around 30%, that is s «~ 0.35(0.55, 1.25) (see Fig. 2.54), adapted from
observations by Passow [267] and Wiedmann et al. [332].
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Exchange rate The exchange rate e between the ocean and the coast depends on the shape
and location of the coast (estuary, cape, ...). Our calibration site is located at an inlet. The
flow at the inlet leads to a renewal time of the coastal area water evaluated between 1 and 2.5

days [20], which corresponds to a daily exchange rate between 40 and 100 %.

Mortality and burial in the seed bank Loss from the seed bank is the result of cells’
mortality m and their burial by sedimentation (. Mortality values range between 107° and
10~* per day (more details on the approximation of mortality rates from [233] are given in
Section 2.53 of the SI). However, burial by sedimentation is the prevailing phenomenon. Indeed,
once resting cells have been buried, they are not accessible for resuspension even if they could
still germinate. Burial depends on the hydrodynamics of the site, but also on biotic processes
(i.e., bioturbation) and anthropogenic disturbances such as fishing or leisure activities (e.g.,
jet skiing). This parameter is thus heavily dependent on the environmental context and varies

here between 0.001 and 0.1 per day.

Germination/resuspension Both germination (1) and resuspension (72) are needed for
resting cells to contribute to the vegetative pool in the water column (v = resuspension X germination).
As actual rates of germination are not easily deduced from the literature, a set of credible val-
ues has been tested (1%, 0.1%, 0.01%). Similarly, resuspension values are seldom computed for
phytoplanktonic cells, but models for inorganic particles can be used (see Section 2.53 of the
SI for literature and details). In this paper, we explore values between 107° (stratified water

column) to 0.1 (highly mixed environment).

Initial interaction matrix

Initial values of interaction strengths between species are based on Multivariate AutoRegressive
(MAR) model estimates [271]. MAR(1) models relate the log-abundance of each of the S phyto-
plankton species at time ¢ + 1 to log-abundances of all species at time ¢, through an interaction
matrix, and effects of abiotic variables at time ¢ + 1 (see Section 2.52 of the SI). Interactions
are estimated only between species within the same trophic level, and are independent from
the environmental variables that were included in the MAR model estimates as covariates, such
as temperature in our case. This allows to remove at least some of the confounding factors,
such as seasonality. A phylogeny-based interaction matrix resulted in a better fit to model the
community dynamics, i.e., pennate/centric diatoms only interact with other pennate/centric
diatoms, respectively, and dinoflagellates only interact with dinoflagellates.

The MAR model can only estimate apparent interaction strengths: complex processes can be
at work behind values of competition and facilitation, either from abiotic (e.g., hydrodynamics)
or biotic (e.g., consumption by predators or parasites) variables. For more consideration on
apparent interactions detected in phytoplankton communities with the MAR model, we refer

the reader to Barraquand et al. [32]. In the present model, while we tune interaction strength
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values (see below), the type of interaction (competition, facilitation or absence of interaction)

remains the same as computed in Picoche & Barraquand [271].

Parameter calibration

As explained above, we use initial interaction estimates from our previous time series modelling
([271], see Section 2.53 of the SI for the equations), which are then calibrated to the time series
(thus possibly re-estimated, see below), to take into account the differences in model structure
and timescale between this study and Picoche & Barraquand [271]. In Section 2.52, we present
the formulas relating the MAR interaction coefficients to the Jacobian matrices of the Beverton-
Holt multispecies models, as these formulas allow to obtain proper o;; coefficient values.

The calibration procedure consists in launching 1000 simulations, each characterized by
a specific set of interaction coefficients. More precisely, for each simulation, an interaction
coefficient (a;; in model I, H;; in model II) has probability 1/5 to keep its present value,
probability 1/5 to increase by 10% , 1/5 to decrease by 10%, 1/5 to be halved and 1/5 to be
doubled. The numbers of coastal pelagic cells (which are the ones measured empirically) are
then extracted over the last 2 years of the simulation, and compared to observations using the

following summary statistics:

o average abundance f; = \/ % ZZS (Mi,0bs — Ti,sim) 2 Where S is the number of taxa and n; is

the logarithm of the mean abundance of taxon 7.

« amplitude of the cycles fo = \/é S5 [(max (1 ops) — Min(140ps)) — (MAX (1 girn) — MIN(14 55 ))] 2

where n; is the logarithm of the abundance of taxon .

o period of the bloom. The year is divided in 3 periods, i.e., summer, winter and the
spring/autumn group (as taxa blooming in these periods can appear in either or both
seasons). We give a score of 0 if the simulated taxon blooms in the same period as its

observed counterpart and 1 otherwise.

Simulations with taxon extinction (i.e., the taxon is absent for more than 6 months in a com-
partment) are discarded, as extinctions are not observed in the field data. Parameter sets are
then ranked according to their performance for each summary statistic, and we select the set

of interactions minimizing the sum of the ranks.

Sensitivity analysis

Parameters taken from the literature may be site- or model- specific, or vary over several orders
of magnitude in the literature, e.g., rates of sinking s, resuspension/germination v, seed burial
¢, and loss of pelagic cells [. We therefore performed a sensitivity analysis to these highly
uncertain parameters. The set of tested values for each parameter is given in Table 2.1. We
used average abundances and amplitudes at the community and taxon levels for the last 2 years

of simulations as the major model diagnostics.
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Empirical dataset used for calibration

The models are calibrated using time series of phytoplanktonic abundances that have been
monitored biweekly for 21 years in the Marennes-Oléron Bay, on the French Atlantic Coast (the
Auger site analysed in [271]). We stress that we are not trying to model precisely this particular
community, but rather to constrain our models with an empirically-derived interaction network
and species-specific thermal niches, which helps to produce lifelike patterns of phytoplankton
community dynamics resembling observable data (seasonal dynamics, high-amplitude blooms,

differences in average abundances matching data).

Scenarii

The effect of the seed bank on biodiversity and community dynamics can be evaluated through
the response to disturbance with and without the resting-stage compartment. Mortality in
the seed bank is set to 100% to effectively remove the compartment. We evaluate two main

disturbances:

1. increase or decrease in interaction strength

2. temperature change, either in mean value or variability

In the first scenario, interaction strengths are multiplied or divided by a factor ranging between
1 and 10. In order to differentiate the effects of facilitative and competitive interactions on
coexistence, we vary only one type of interactions at a time. Here, both intra and interspecies
interactions are modified; we present in Section 2.56 of the SI additional simulations with a
change in interspecies interactions only.

In the second scenario, five different climate change trajectories are assessed. In the first
three, the average temperature is increased by 2, 5, or 7°C [54]. In the next two, keeping the
reference average temperature, the total variance of the temperature, including seasonality and
noise, is either decreased or increased by 25%. Each climate change trajectory is run 5 times
to account for the intrinsic stochasticity of the temperature signal.

In both scenarii, simulations are run for 30 years for both population growth models, with
and without a seed compartment, and only the last 2 years are considered to evaluate effects
of changes in parameters and in temperature. The code for all simulations is to be found at
https://github.com/CoraliePicoche/SeedBank.

2.3 Results

Phytoplankton dynamics

The classical mass-action (model I) and saturating interaction (model II) formulations of multi-

species dynamics both reproduced the main characteristics of observed phytoplankton dynam-
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Figure 2.2: Simulated phytoplankton dynamics for a year in model I (time in days). Each
panel corresponds to a cluster of interacting taxa: centric diatoms (a), pennate diatoms (b)
and dinoflagellates (c¢). Taxa only interact within their cluster of related taxa (see Methods).
The orange line in the third panel indicates the temperature.

ics. They produced one or two blooms during the year and a range of abundances covering
several orders of magnitude, with the right timing of the blooms. At the Auger site that was
used for calibration, abundances increase in spring and can last over part of summer, or start
a new bloom in autumn, which is what we observed as well in the models. Annual mean

abundance of the various species was also well reproduced. That said, in some cases, abun-
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dances could be lower than expected and the variation in abundances due to seasonality was
underestimated (Fig. 2.2). In all cases, saturating interactions led to higher abundances than

mass-action interactions throughout the year (Fig. 2.55).
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Figure 2.3: Sensitivity of the model to variation in parameters, measured as the difference
between the reference simulation metric and the metric for the simulation including a change
in parameter. The two metrics used were the decimal log average abundance (a) and the
decimal logarithm of the ratio between maximum and minimum abundance (b) of the coastal
phytoplanktonic community. The x-axis is divided in three rows: the symbol of the parameter
defined in Table 1 (first row), values used in the sensitivity analysis (second row) and values
used in the reference simulation (third row). Numbers in red in the top panel are the final
number of species in the ocean and dots correspond to simulations in which at least one species
abundance reached 0 at one point but the species did not disappear.

Phytoplankton abundances were not strongly affected by changes in the parameter values
(Fig. 2.3). As parameters were varied in their plausible range, the average change in mean
abundance on the coast between the reference simulation and the sensitivity simulations varied
between -4.6 and 1.9% for model I and between -4.4 and 1.7% for model II, with similar
deviations (same sign and magnitude) in the two models.

In the two models, the decrease in mortality rate of vegetative cells [ had the highest

impact on the final average abundance, leading to an increase in abundances. The exchange
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rate between the ocean and the coast had a much lower effect on the coastal average abundance.

On the other hand, the amplitude (i.e., decimal logarithm of the maximum to minimum
ratio of abundance) was more affected by changes in parameters and could vary by -39.6 to
18.8% in model I, and between -39.6% and 18.8% in model II. Results were qualitatively the
same in the two models, with a decrease in resting-stage burial being the main driver of the
decrease in amplitude, and a decrease in resuspension leading to an increase in amplitude.

In three cases (burial rate set to 0.1, resuspension set to 107° or exchange rate set to 0), the
final richness of the oceanic community decreased from 11 to 4. Extant species were the same in
all simulations (CHA, THP, NIT, PLE, i.e., temperature generalist species; the correspondence
between codes and groups of species is given in Section 2.54 of the SI). When resuspension was
set to 0.001, a species periodically disappeared from the ocean, to be subsequently re-seeded
by the coastal population.

For all parameters, except the sinking rate, an increase in mean abundance was associated

to a decrease in amplitude.

Scenarii of environmental change

Two scenarii were designed to test the buffering effect of the seed bank against disruption. In
both cases, it consisted in removing the seed bank by setting resting-stage mortality to 100%
per day. Without any other disturbance to the system, this led to a decrease in richness from 11
to 4 species at the end of the simulation (Fig. 2.4) while the total abundance of phytoplankton
was not strongly affected (around 10° in all cases). The inverse of the Simpson index (the
second Hill number) decreased from approximately 3 to 1, showing that the disappearance of

the seed bank did not affect only the rarest species.

Biotic effects

Our first hypothesis was that the absence of the seed bank would cause the community to
be more affected by a higher competition strength. Counter-intuitively, our results (Fig. 2.4)
showed that an increase in competition strength only had negative effects with model I, and
for high competition values (6 times the reference ones at least), shifting from 4 to 3 species
in the oceanic compartment of a community without a seed bank. By contrast, an increase
in competition strength did not affect the richness of a community with a seed bank. On the
contrary, a decrease in competition (from a factor 0.5 and lower) or an increase in facilitation
(starting from a factor 2 and higher) led to much smaller communities in model II in the
presence of a seed bank.

The inverse of the Simpson index was also affected by the changes in interaction strengths,
with similar patterns to richness, as it was lowest for high facilitation or low competition. Some
species reached very high growth rates in these scenarios, which then fed back onto community

dynamics, generating lower diversity in the end.
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Figure 2.4: Measures of biodiversity in the ocean at the end of the simulation: a-b) richness and
c-d) inverse of the Simpson index, with (dashed line) and without (solid line) a seed bank, as
a function of the strength of competition and facilitation with a classical Beverton-Holt (black
lines) or a saturating interaction (grey lines) formulation. The x-axis shows the factor by which
each interaction coefficient was multiplied, e.g., the value 0.1 indicates that the interaction
strengths in the simulation are 10 times lower than the interaction strengths in the reference
simulation. Note the logarithmic scale.

Species which disappeared were characterized by a lower minimum abundance, a higher
amplitude of fluctuations and a small niche (Fig. 2.5). However, their interactions were not

qualitatively different from the other species.

Abiotic effects

Our second hypothesis was that the absence of a seed bank would reduce the ability of a
community to withstand changes in its abiotic environment, here represented by variation in
the temperature. This was true for both models (Fig. 2.6), as the communities without a seed
bank could not maintain their richness with an increase in temperature above 2°C, as opposed
to communities with a seed bank, which could only be affected by a 7°C increase (scenario SSP5
8.5 in [54]). In all cases however, the total abundances were not strongly affected. Indeed, the

total abundance of a community is driven by a small number of numerically dominant species,
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Figure 2.6: Variation in richness and total abundance with and without a seed bank as a
function of the mean (left) and variance (right) of the temperature with a mass-action (black
line, model I) or a saturating interaction (grey line, model II) formulation.

which did not disappear. High total abundances tended to correspond to the abundance of

only one or two species. Model II consistenly led to higher abundances, as was already the case
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in the reference simulations.

The variance of the temperature did not affect richness nor total abundance of communities
with a seed bank. This was also true without a seed bank. The presence of resting stages did
increase total abundance though.

Some additional simulations were made to better understand the functioning of the model,
during which the temperature was kept constant (equal to the average temperature of the
fluctuating environment). For a constant and average temperature, the presence of a seed bank
did not change the final richness of the communities. There were 9 extant species at the end of
the constant-environment simulations, whether there was a seed bank or not. The two specialist
species whose thermal optima were farthest from the constant temperature went extinct even
when the seed bank was present, since the environmental fluctuations allowing them to benefit
from cold or warm temperature were removed. The other species benefited from the constant
environment, as 9 species instead of 4 persisted in the case where the seed bank was removed
(see below for a discussion). The high persistence in a constant environment (9 out of 11)
translates the stabilizing, data-driven interaction structure of our model. For both models I
and II, the dynamical system reached a fixed point equilibrium in absence of the fluctuations

induced by a variable temperature.

2.4 Discussion

Using a meta-community model which accounts for exchanges between the ocean and the
coast, as well as movements between the top and the bottom of the coastal water column,
we were able to show that a resting stage, leading to the formation of a seed bank, can help
maintain biodiversity. Our phytoplanktonic community dynamics model was parameterized
based on literature, field-based phenology, and interaction strength estimates. It was then
calibrated on phytoplankton community time series. Our model was able to simulate realistic
community dynamics (both mean abundances and temporal patterns), while including the
effects of both positive and negative interactions on community dynamics. When removing the
seed bank, biodiversity decreased drastically. The total abundance of the community decreased
as well. This was true for the reference parameter values, as well as when species interaction
strengths and environmental fluctuation levels were altered, in which cases the seed bank’s
buffering influence disappeared. Moreover, when faced with a biotic or abiotic perturbation,
communities where species could divert part of their population to a dormant stage were less
prone to species loss and could maintain their biomass through the years. These results were
consistent for the two interaction models that we considered, with and without progressive
saturation in interaction strengths. Our results therefore demonstrate the major potential role
of phytoplanktonic resting stages in maintaining biodiversity. These results align with the
findings of previous theoretical studies, that have put forward similar effects of dormant stages

in other taxa, such as plants [207, 176], invertebrates [336] or (smaller) microbes [184].
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The positive effect of a seed bank on species diversity in our model is contingent upon
environmental fluctuations. Indeed, in a constant environment, the absence of a seed bank
did not alter persistence, and final richness was higher than in a fluctuating environment (9
species in a constant environment vs. 4 species in a variable environment, both without a seed
bank). The absence of abiotic perturbations of the intrinsic growth rates enabled species which
were not too far from their thermal optima to maintain. This might be surprising for readers
acquainted with Hutchinson’s nonequilibrium theory [168]. However, the theoretical literature
on persistence in variable environments has shown that additional mechanisms (reviewed in
[125]) are needed to maintain diversity in the long run, such as relative nonlinearities or the
storage effect, which is at least absent from the pelagic part of our model due to the absence of
buffered growth (see Section 2.58 in SI). There is a clear destabilizing effect of environmental
variation in our model without the seed bank, which is probably heightened by the fact that
environmental variation is positively autocorrelated through seasonality [270, 300]. Although
the storage effect could manifest itself when combining pelagic and seed bank parts of our model,
it is very unlikely to be at play here as environmental conditions do not impact recruitment
rates in our model, while this is usually a requirement for the storage effect to manifest in such
models [75].

Even in the absence of a storage effect, however, the high longevity of the resting stage
itself can explain the effect of the seed bank in a fluctuating environment. Such longevity is
due to dormancy, which has long been observed in field and experimental data, including for
phytoplanktonic organisms [109], and has been theorized to be an important and neglected
process in the wider microbiology literature [215, 184]. It allows recolonization of a community
where counts of pelagic cells alone would suggest that some species have gone extinct. This
colonization-in-time may of course combine with present recolonization from other spatial ar-
eas, as is known for plants [306]. In our case, our focus on phytoplankton led us to assume that
organisms moved between the coast and the ocean, which were largely synchronous environ-
ments. Spatial recolonization was therefore less important than temporal recolonization; the
relative importance of the two processes may vary depending on the organisms and the degree
of spatial synchrony of their environment (in plankton, see [242, 12]).

The specificities of phytoplankton resting stages, that usually fall to the ocean bottom
in coastal areas, led us to assume that only the “vegetative” stage (here, the classic pelagic
form of planktonic cells) disperse. In some other metacommunity models with dormant seed
banks (e.g., [336]), the dormant stage can disperse as well. This would be true for most plants
too (and perhaps some phytoplankters in situations where they are transported by animals).
However, the restriction about which stage can move did not change the general conclusion
already stated by Wisnoski et al. [336]: the combination of spatial dispersal and dormancy
through seed banks greatly helps biodiversity maintenance. In our study, this main result was
also robust to changes in exchange parameters and mean interaction values in the community.

Species persistence varied between the coastal and oceanic compartment. Temporary species
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disappearance could happen periodically in the ocean but species were able to reinvade from the
coast, thanks to the connection of the coast to the seed bank. Local extinction in the absence of
a seed bank confirms conclusions from Hellweger et al. [152] on a single species. This suggests
that some species may be locally transient: they are filtered out from certain patches, but can
reinvade more or less periodically the environment (as found by [139], for grasslands).

Survival probabilities of species within the community in the absence of a seed bank also
depended on their characteristics — and therefore species rescued by the seed bank also have
specific characteristics. While extinct species growth rates tended to be less affected by inter-
actions for average densities (Fig. 2.57 in SI), such species had higher amplitudes of population
variation as well as a smaller niche width. Specialist species, growing at specific temperatures,
therefore typically benefit the most from a seed bank.

Despite the evidence for seed bank effects that we and others uncovered, phytoplanktonic
community models designed to explain biodiversity usually avoid modelling seed banks. In
our view, this may decrease the possibility of spontaneous re-colonization at the coast (at very
low densities initially), which can then spill to the open ocean by progressive dispersal by the
currents. Ignoring the seed bank may also decrease overall persistence, as fitting models I and II
without a seed bank does not allow all species to persist here. If the goal of a community-level
model is very short-term prediction (days, weeks), this recolonization can probably be neglected,
and there are no risks of extinction over these short time frames. However, over multiple years,
ignoring cryptic life stages allowing recolonization could strongly bias downwards our view of
long-term coexistence. Long-term phytoplankton coexistence modelling (over multiple decades
or more) likely requires that we take into account resting stages, whose influence may become
only more important as the timescale increases, due to the very long possible dormancies that
have been evidenced [111, 294]. When modelling different stages of the life cycle in a detailed
manner — as done here — is impractical, the recolonization could perhaps be simplified to
a stochastic immigration term (as done in [313] in a single-species context). This technical
suggestion certainly extends to models of (terrestrial) plant community dynamics.

More research on dormant stages may be needed to parameterize truly predictive mecha-
nistic phytoplankton models with multiple life stages, in particular to inform parameters such
as the sinking rate of resting cells, as well as burial and resuspension parameters. These pa-
rameters are all linked to hydrodynamics [341, 340] and may locally vary. Sinking rates show
an interesting conflict between short- and long-term survival: in coastal areas, a fraction of
sinking cells contribute to the seed bank, increasing the odds of species long-term survival at
the cost of short-term individual cell survival. But high sinking rates are essentially “wasted”
in the open ocean — whether different sinking rates can be selected, to some degree, by such
different environments could be quite revealing. How cells get up rather than down in the water
column might be as interesting but more difficult to study. The likely idiosyncratic nature of
recolonization by resting cells — due to the contingency on local hydrodynamics — means that

experimentation might be the only manner in which the frequency of reinvasion can be assessed.
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Currently, one of the only recolonization-related parameters measured in the field is the rate
of survival of the cells found in the sediment [241, 310]. While very important, this parameter
is a necessary not sufficient condition for reinvasion of the population at future times. We
need more information about the abilities of resting cells buried in the sediment to come up
to the pelagic zone, which is required for recolonization to actually occur. Many factors may
contribute: bottom currents, benthic animals,... We therefore encourage both experiments and
field observations to follow actual seed trajectories, in order to help us understand this cryptic

part of the diversity maintenance process.
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2.S Supplementary Information

2.S1 Intrinsic growth rate modeling

The intrinsic growth rate can be decomposed in 2 elements:

ri(T) = E(T) fi(T) (2.51)

with E(T) the response to temperature common to all species and f;(T") the species-specific

response. This section provides detailed information regarding F(7T') and f;(T) estimates.

Common response to temperature

Phytoplanktonic growth rates cover a broad range of values: between 0.2 and 1.78 day~! for

!in the meta-analysis of 308 experiments

diatoms in Reynolds [285], even reaching 3 day~
by Edwards et al. [107]. These values are often computed from measurements on isolated
species or on small communities in laboratory conditions, in a constant environment. A broader
perspective is therefore necessary to understand general responses to changes in the environment
[48, 108], especially temperature.

We first used the equation by Scranton & Vasseur [301] as a starting point, but it was not
able to reproduce the observed values found in Edwards et al. [107] (see low values of the growth
rate in Fig. 2.S1a, between 0.05 and 0.8, in place of values between 0.2 and 3 day~!). In this
context, we decided to use the formula by Bissinger et al. [48] to compute the maximum growth
rate response to the temperature. There are two reasons for this choice. First, their model is
a general function that can be applied to all species. Second, Bissinger et al. [48] is an update
of the seminal work of Eppley [114] (which was used in [301], but might be outdated).

The relationship between temperature and growth rate is then E(T) = 0.81 exp?0031(T=273.15)
with 7" in Kelvin degrees. In this case, growth rates vary between 0.81 and 3.9 day~! for tem-
peratures between 0 and 25°C, in line with previous observations. However, these daily growth
rates need to be proportional to the daylength as no growth occurs at night: we therefore divide

E(T) by two in our models.

Species-specific response to temperature

The niche part of the growth rate f;(7") is mainly defined by two parameters which drive the
phenology of a species: the thermal optimum 77" and a proxy of the niche width b; (eq. 2.52).

exp(—|T = TP /o), T <T™
£(T) = t t (2.52)
exp(=5|T = T;"'[°/b;), T >T7"
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Figure 2.51: Decomposition of the Scranton & Vasseur [301] growth rate formula (a). The
black line indicates the final growth rate with their model. The blue line corresponds to the
species-specific response to temperature for a thermal optimum of 15°C and the green line is
the maximum achievable growth rate, a composite of the metabolic theory of ecology (MTE)
and the formula by Eppley [114]. This formula is shown by black crosses in (b) and compared
to the Eppley [114] curve in blue and Bissinger et al. [48] formula in purple. Horizontal lines
show limits found in the literature [285].

The annual dynamics of phytoplanktonic organisms is usually characterized by a blooming
period and a lower concentration during the rest of the year. The bloom can be triggered
by a combination of nutrient and light input, as well as a sufficient temperature. All these
variables being more or less correlated to the seasonal rythm, it is reasonable to restrain this
study to the effect of one variable, temperature. Thus, the niche computed here is not the
fundamental thermal niche, but a composite of all environmental conditions covarying with
the temperature and promoting population growth. Such environmental conditions of course
include solar irradiance which is strongly correlated to temperature in the field, but could also
account for other factors, such as predation, that have a seasonal rythm which is partly captured
by temperature. The niche part of the growth rate f;(T") therefore describes the realized niche

of species 7, not its fundamental niche.

We base our estimates of T/ and b; on field observations. For each taxon and each year,
we define the beginning of the bloom as the date when the taxon abundance exceeds its median
abundance over the year. The duration of the bloom is the number of days between the
beginning and the date where abundance falls below the median value. Taxa are then separated
into two groups. In the field, generalists are characterized by one long bloom in the year or
several blooms during which the abundances oscillate around their median. Specialists tend to

appear only once or twice in the year for shorter amounts of time. A genus is therefore defined
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as a generalist if the duration of its cumulated bloom days over a year is above the average
duration of all blooms (137 days) for at least 15 years over the 20 years of the time series, and
as a specialist if it falls below this threshold.

In the models, we assume that generalists have a niche width between 15 and 30° and
specialists, between 5 and 10°. In order to compute b;, we make the additional assumption
that temperatures outside of this range lead to a growth rate at least 10 times inferior to the
growth rate obtained at their thermal optimum (exp(—|7.5|%/b; = 0.1 for a niche width of 15°).
This leads to values of b; between 180 and 1500 for generalists, and 7 and 55 for specialists.
A set of b values is drawn from a uniform distribution within these boundaries. Meanwhile,
taxa are ordered as a function of the mean cumulated bloom length and larger niche values are
attributed to longer mean bloom length, i.e., > L; > ij = b; > b; where L is the mean over
20 years of the annual cumulated bloom lengths.

The thermal optimum 77 " was first defined as the mean minimum temperature of the bloom
throughout the whole time series. However, this value led to blooms occuring mainly in the
winter and needed to be increased by 5° in order to simulate realistic phytoplankton cycles.

It should be noted that a variation in niche width also affects the final shape of thermal
preferences. Indeed, when b; increases, the niche term f; has smaller variation in values around
the thermal optimum. In this case, the final value of the growth rate is driven by the metabolism

part of the equation (Fig. 2.52).

a b
N | — o _|—— Growth rate
- —_ A Niche part
—_— - =+ Metabolism part
o | — \ o |
— | —
— |
e | — ©
F o o
Z
2
c Q] — © |
- o o
B
o
< <
© S S
N N
o o
o | o |
o o
T T T T T T T T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Temperature Temperature

Figure 2.52: Relationship between daily growth rates and temperature with different values
of niche width b (whose values are indicated in the legend, corresponding to specialist and
generalist species) and the same thermal optimum, 15°C, indicated by the solid black line (a).
On the right panel, only the two extreme values of b (10 and 1500) are shown in blue and red
respectively. Solid lines then correspond to the final growth rate, points correspond to f;(T)
values (see eq. 2.51) and the dotted line corresponds to E(T") values.
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(Fig 2.93).
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2.S2 Initial estimates of interaction values

Model I: Lotka-Volterra interactions

Interactions between taxa have previously been computed with a Multivariate AutoRegressive
model (eq. 2.53, [271]).

n,1 = Bn, + Cu,g +e,6, ~ Ns(0,Q) (2.83)

where S is the number of taxa, n; is the S x 1 vector of log-abundance of phytoplankton taxa,
B is the S x S interaction matrix with elements b;; (the effect of taxon j on taxon @), C is
the S x V' environment matrix describing the effects of variables u;,; on growth rates and e;
is a S x 1 noise vector following a multivariate normal distribution with a variance-covariance
matrix Q. The interaction model we use in the present paper is a Beverton-Holt multispecies
model (eq. 2.1 in main text), also called at times Leslie-Gower. In the Supporting Information
of [271], we showed that MAR and BH interaction coefficients, respectively b;; and a;;, could

map once abundances at equilibrium NV are defined.

_ —aiiNY
b“ = H‘Zz i Ny
—O!ijN;
bijiti = TS~y
+Zl Qg 1

Let’s define Eij with b; = b; — 1, and fa(i) = > N}

bij(1+ fa(i)) = —a; N7

We then sum on columns (on j):

J J
Z'Ez]
<~ fA(Z) = — J
(1 + Zj bw)
1 - S by
LNy L4205 by
1 b
S = %

N7 1+ 225 bij
This gives an exact correspondence between a;; and b;;. In the multispecies BH model, the

presence of mutualistic interactions can lead to an orgy of mutual benefaction [228]. We impose
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a minimum value of 1 to the denominator of the BH formulation, meaning that the growth rate

cannot be higher than the maximum growth rate calculated, r;(T).

Model II: saturating interactions
We now move to a model with saturating interactions between taxa:

T‘i(T)N .
N1y = C Tt (2.94)

acNtyj aFNt,j
1 + Z_]/(IE(C Hij+Ntyj + Zj/aEF Hij+Ntyj

where coefficients ac and ar are the maximum interaction strengths for competition and facil-
itation, respectively, H;; is the abundance of taxon j to reach half of the maximum effect of
taxon j on taxon 7, and C and [ are the sets of competitive and facilitative interactions. This
formula can be linked to the Unique Interaction Model by Qian & Akgay [279], i.e., each taxon
provides a unique type of benefit or disadvantage to the focus taxon.

There is no single solution for matching the B matrix of the MAR model to model II
including H;j, ac and ap. We approximate the maximum interaction strength ac as the average
sum of all taxon effects a;;N; exerted on a given taxon if all interactions were competitive (eq.
2.55). To compute ar, we make two assumptions: on average, a) there is 70% facilitation in
our dataset and b) the realized growth rate on a log-scale should not exceed r;(T), as in model
I. We consider that the relationships that apply to individual interactions «;; should also apply
to the saturation point (eq. 2.56), so that:

1
ac = SZ( ‘ ‘aij|Nj,max> (285)
i J
(1-0.T)ac+0.7ap = 0 (2.56)

where Nj .y is the maximum observed abundance of species j. We use N;max and the absolute
value of interactions |a;;| (i.e., all interactions are considered competitive in this case) to make
sure that we maximise ac.

At low abundances, we can consider that interactions are far from saturation. Taking the
ac/

a correction factor that takes into account the fact that the slope at origin for the type II

tangent of the function at this point, H;; can be approximated by f , Where f = 2 is

response is likely higher than the slope for a linear effect of density.

2.83 Choice of parameters derived from literature

This section contains additional information on “fixed” parameter definitions (i.e., parameters
not estimated from field data) and their chosen values. Note that these values are then subjected

to sensitivity analysis, where by definition they are modified.
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Loss rate The loss rate corresponds to multiple mortality processes. The Lotka-Volterra
model of Scranton & Vasseur [301] considered a rate around 0.04 day~'. In Jewson et al. [182],
washout (0.5%), parasitism (4% of cells are infested and die) and grazing still remained low
(about 0.05%) when compared to growth rates. Li et al. [212] found values between 0.02 and
0.1 day~! for natural mortality only, while a review by Sarthou et al. [295] indicated a loss
of daily primary productivity around 45% due to grazing only, while cell autolysis only can
lead to a loss rate between 0.005 and 0.24 day~! (in the absence of nutrients, or because of
viral charge). Cumulating both natural mortality (cell autolysis) and grazing, we know that
maximum rates should be above 0.24 day~!. Trying to make a compromise emerge from the
literature above, given that we are not always at the maximal loss rates, we set the reference
value to 0.2 day~!. This strikes a balance between acknowledging all sources of mortality and

the need to keep all species in the reference model.

Sinking rate Among the hydrodynamics processes that drive the sinking rate, turbulence
and eddies — themselves driven by tidal currents, the shape of the coast or wind conditions —
are influential in keeping the cells at the top of the water column. For that reason, laboratory
experiments on sinking rates are not sufficient to calibrate a field-based model. We therefore
chose sinking rate values from field studies. In the Gotland Basin (central Baltic Sea), Passow
[267] measured a large variability in sinking rates, even within the same genus (e.g., between
1 and 30% for Chaetoceros spp.). However, a pattern could be highlighted, with a small
number of genera that sank more than the rest of the community. The mean sinking rate for
Chaetoceros and Thalassiosira was around 10% while it was around 1% for the other species.
Sinking rate values around 10% are consistent with the loss rates in Kowe et al. [197] in a river
and Wiedmann et al. [332] in an estuary (mouth of Adventfjorden). When estimating changes
of the sinking rate over time, values between 4 and 50% were obtained [182]. We therefore
chose to represent the sinking rates with a Beta-distribution (Fig. 2.54) which accounts for
observed maximum and mean values, while still allowing a highly skewed distribution of sinking
rates between species. High sinking rates are attributed to the morphotypes corresponding to
Chaetoceros (CHA) and Thalassiosira (THP).

Mortality and burial in the seed bank McQuoid et al. [233] present maximum and mean
depth of sediment at which germination of diatoms and dinoflagellates could still occur when
incubated. The authors also present sediment datation according to depth. Depth can therefore
be related to maximum and mean age of phytoplankton resting cells before death. Assuming
m is the probability of mortality and survival follows a geometric law, the life expectancy of
a resting cell is % S om o= Lmlean

viability. Another way to look at the process is that life expectancy L follows the distribution

where Ljean is the average duration of the dormant cell

p(L > 1) = e~™. We arbitrarily chose that for the oldest dormant cells (i.e., the ones buried the

deepest), p(L > lyax) = 0.05. Following this, m = —InO9) where [y derives from maximum

ltnax
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Figure 2.54: Assumed Beta-distribution of sinking rates

depth values (for each species) in McQuoid et al. [233]. For both methods, m varies between
107° day " and 10~* day ™" for all species considered.

As we highlight in the main text, burial is a very important process that controls the
availability of resting cells, conditional to their survival in the sediment. However, burial rate
is almost entirely dependent on the local sedimentation and no generally applicable literature
could be found. We varied the burial rate ¢ between 0.001 and 0.1 per day.

In scenarios where we remove the seed bank, we set m + ¢ to 100% (for simplicity, we do

not eliminate resting stage formation, only resting stage survival).

Resuspension As mentioned in the main text, resuspension values are mostly taken from
models or data for inorganic particles. Rates vary greatly from one publication to another:
in Fransz & Verhagen [127], in a coastal area, the resuspension rate of sediments is evaluated

1in winter and decreases in summer, with a relationship between re-

around 5 x 107° day~
suspension and the light extinction coefficient. In Kowe et al. [197], the resuspension rate of
diatoms is evaluated around 1.9 x 1075 day~!. In Le Pape et al. [202], resuspension rate of
sediments and dead diatoms is 0.002 day~!. In this paper, we explore values between 107°
(stratified water column) to 0.1 (highly mixed environment).

Finally, it should be noted that burial, sinking rate and resuspension are all highly contingent

upon the local hydrodynamics and therefore are intermingled processes.
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2.S4 Phytoplankton taxa at the calibration site

Code Taxa
CHA Chaetoceros
DIT Ditylum
GUI Guinardia
LEP Leptocylindrus
NIT Nitzschia+Hantzschia
PLE Pleurosigma+Gyrosigma
PRO Prorocentrum
PRP  Protoperidinium+Archaeperidinium+ Peridinium
PSE Pseudo-nitzschia
SKE Skeletonema
THP Thalassiosira+Porosira

Table 2.51: Name and composition of the phytoplanktonic groups used in main text, see Picoche
& Barraquand [271] for more information on these taxa.
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2.S5 Phytoplankton time series with model 11
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Figure 2.55: Simulated phytoplankton time series for a year in model II (with saturating inter-
actions). Each panel corresponds to a cluster of interacting taxa: centric diatoms (a), pennate
diatoms (b) and dinoflagellates (¢). Taxa only interact within their cluster (see Methods in
main text).
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2.S6 Scenario: changing interspecific interaction strengths but not

intraspecific interaction strengths
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Figure 2.56: Measures of biodiversity in the ocean at the end of the simulation: a-b) richness
and c-d) inverse of the Simpson index, with (dashed line) and without (solid line) a seed bank,
as a function of the strength of competition and facilitation with a classical Beverton-Holt
(black lines) or a saturating interaction (grey lines) formulation, keeping the same values for
the intraspecific interaction strengths. The x-axis shows the factor by which each interaction
coefficient was multiplied, e.g., the value 0.1 indicates that the interaction strengths in the
simulation are 10 times lower than the interactions strengths in the reference simulation. Note
the logarithmic scale.

When intraspecific interaction strengths do not change, reducing the values of interspe-
cific competition has very little effect on both richness and the inverse of the Simpson index.
Increasing facilitation finally destabilizes the community and leads to the observed diversity
decrease in the absence of a seed bank. We do stress, however, that this scenario is more of a
thought experiment changing niche differentiation rather than anything mimicking an environ-
mental perturbation, where the factors that change the degree of competition between species

will likely change competition within species too.
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2.S7 Growth rates and survival without a seed bank

In order to investigate the relationships between population dynamics and survival probabil-
ities, we computed the realized per capita growth rates (PCGR; = exp(r;(T))/C;, where the
competition C; is defined in Section 2.58) of each species in simplified conditions (Fig. 2.57):

o when all species abundances are set to 1, so that there is nearly no competition

o when all species abundances are set to their average abundance in the environment, as a

proxy of competition endured by each species throughout the year
« when temperature is set to the average temperature of the environment
o when temperature is either optimal for each species, or too high for all species

The population grows when PCGR,; > 1 + [, with [ the loss rate.

It should be noted that the realized growth rate is not computed using long-term simulation,
but for a set of fixed environmental and competition values, in the abovementioned conditions.
Growth rates are then related to the probability of survival in the ocean without a seed bank
when varying interaction strengths (scenario 1 in the main text). Probability of survival is itself
computed over different values of interaction strengths.

Extinction in the absence of the seed bank is mostly due to a narrow niche: extinct species
are always specialists (Fig. 2.5), even though these species should be able to invade a typical

environment (Fig. 2.57 a) and tend to be less regulated than surviving species (Fig. 2.57 ¢, d).
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Figure 2.57: Probability of survival in the absence of a seed bank, as a function of the realized
per capita growth rates (PCGR) of each species in different conditions. We consider (a) mean
temperature and low densities, i.e., temperature is set to 15°C and all species densities are
1 cell/L, or (b) mean temperature (15°C) and average densities, i.e., all species are at their
simulated average density values; or (c) optimal temperature for each species and average
densities, or (d) suboptimal temperatures (30°C) and average densities. Red points correspond
to species which have a high growth rate at low density but still go extinct.

2.S8 Absence of a storage effect in the model

The first step of our model (egs. 2.1 and 2.3 in main text) describes the increase in abundance
of coastal and oceanic populations due to both environmental fluctuations and interactions
with other organisms. The formula may be interpreted by certain readers as already including
a storage effect, as shown by Miller & Klausmeier [236] for a similar continuous-time model, or
due to its apparent similarity to the model of Chesson [75] in discrete time. We show below
why the results of the cited analyses do not apply here and that the intra-compartment growth

in discrete-time model does not lead to a storage effect.

The storage effect requires three elements: (a) a positive covariance between good envi-

ronmental conditions and competition, (b) species-specific environmental responses and (c)
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subadditivity of environmental and competitive effects on the growth rate [75]. Condition (a)
is met as covariance may be created by temporally correlated fluctuations in the environmental
signal [300]. Condition (b) is also met, as shown in Figure 2.53. Condition (c), however, is not
met. Subadditivity of environmental and competitive effects can be mathematically expressed
as % (g—g) < 0 where g is the growth rate, and E and C' are the effects of the environment

and competition on the growth rate respectively.

In model I, the growth rate of a population is defined by the following equation:

(1)) Nyi
Niy1; = exp(r(T)Nei _ IN;.
1 + Zj CkithJ‘

Here E;(t) = exp(r;(T)) and C;(t) = 14 3, a;; Ny ;. Therefore,

Nit1s
’o ()
_ exp(ri(T))
= log (sz i Ne l
= log (% — l) .
Miller & Klausmeier [236] consider instead a per capita growth rate (fitness) in continuous
time Ni dgi.

While the discrete-time formula is at first sight very similar to the one in Chesson [75],
we wish to draw the reader’s attention to the fact that, contrary to Chesson [75], interaction

strengths do not depend on environmental effects, nor are they linearly correlated.

If we take derivatives with regards to competition effect C"

9 _ _ 1 E
- 2 E

aC C?E
- __E
~ ~ CE-iC

Finally, we take a derivative with respect to F:

i(@) __CE-IC—EC
oE \oC ) — (CE-IC)?
_ ic
- (CE-IC)?"

1 G’CN j,c/o0 aFN ic/o .
As C' =1+, a;;N,; in the first model, or C' =1+ 3 jcc sz/c/o + Yjer Wjj/c/o in

the second model, which is never negative and always above 1, we always have a% (g—g) > 0.
There is no buffered growth in the effective growth rate itself, and therefore no storage effect

in the coastal or oceanic compartment dynamics.

Now we highlight a more delicate point, in models that include the seed bank compartment.
The storage effect could also be due to the presence of the seed bank, whose exchanges with
other compartments are described in the second step of the model (eq. 2.4 in main text). The
presence of a seed bank is indeed often associated with a storage effect maintaining coexistence

[13], even though models show that this association is not systematic [5]. However, for the
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storage effect to happen due to the seed bank, theory currently highlights that environmental
variations have to affect the recruitment rate, i.e., in our case, the germination and resuspension
rates [75]. In our model, neither environmental nor competition effects affect the exchanges
with the seed bank: the sinking and germination/resuspension rates are fixed and independent
from both past and current environmental conditions. The storage effect is therefore unlikely
to happen in our model. A thorough analysis of the storage effect based on simulations, as
described by Ellner et al. [113], would however be needed to conclude with complete certainty,
as the presence of three distinct compartments may create non-obvious non-additivities or

non-linearities.
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Chapter 3

Replication: Reproductive pair correla-

tions and the clustering of organisms

3.1 Foreword: the reproducibility crisis

We present in this chapter the replication of Young et al., 2001 [345]. Such type of studies is be-
coming more and more important as questions regarding reproducibility intensify. I recapitulate
here some of the arguments that have been made in favor of reproduction in science.

The ‘reproducibility crisis’ qualifies the increasing wariness stemming from the inability to
repeat the findings of published research (note that the mere existence, or, at least magnitude,
of this crisis remains disputed [179, 119]). Reproducibility is a pillar of science: observations and
experiments should be “inter-subjectively testable” [277], in order to avoid as much as possible
personal bias, potential mistakes, or outright voluntary deceit. Two types of reproductions
can be distinguished!: ‘from-scratch’ replications which require the production of new data
and computer program (if necessary) following the methods described in the original paper,
or reproductions which use data and software provided by the original authors to ensure final
results are the same [290]. The reader should however be aware that these definitions of
replication and reproduction remain disputed between fields.

The failure to reproduce or replicate a published study is a common experience: large-scale
surveys show that approximately 70% of scientists are confronted at least once to this difficulty
[46, 26], with more than 50% of scientists not being able to replicate their own experiments
[26]. When formal replication projects are developed, results are striking: for instance, only
11% of oncology [37] and 40% of psychology studies [25] could be successfully replicated. The
implications of such results are grim, as the potential distrust towards non-reproduced articles
finally extends to the rest of scientific research (the provocative title ‘Why Most Published
Research Findings Are False’ [170] is an extreme example — the content of the article itself
being more constructive).

There can be many reasons behind reproduction or replication failure?. Debatable experi-
mental design or analysis by the original laboratory, either due to lack of means, experimental

or methodological formation, and/or questionable research practices [128], constitute the core

L An adjacent type of reproduction puts the focus on the conclusions of a study, which can be either confirmed
or falsified by a different experiment. It therefore does not require to repeat the focus study.

2While ‘pressure to publish’ is often cited as a factor contributing independently to poor reproducibility
[46, 26], it could be argued that it constitutes an underlying phenomenon for most of the other factors presented
here.
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of the issues according to the majority of scientists [26]. In many scientific fields, the focus
has been put on null hypothesis significance testing and the (over-)use of p-values to establish
findings, from its methodological limitations and potentially misinformed uses [255, 147], to the
emergence of practices such as ‘p-hacking’ [149, 266]. This has become a subject in and of itself
which we need to be mindful of, but which exceeds, by far, the scope of this section. Missing
information from published studies (encompassing unavailable raw data, insufficient method
description — from missing parameter values to assumptions or details deemed futile or obvious
at the time of writing —, or absence of code when applicable) is another important obstacle.
While it seems easier to prevent, it can still constitute up to 45% of the replication difficulties
[46]. In ecology for instance, data and code are not always available: in a survey of 174 articles
in 2018-2019, if 79% of the articles provided their data, only 30% of them gave access to the
corresponding code despite code-sharing policies of a rising number of journals [89]. Even when
codes are available, computational reproducibility is hindered by the use of proprietary software
and the lack of maintenance and user support [157]. Finally, ‘honest mistakes’, cases where
the code used in the analysis does not correspond to the written (and intended) methods, are

probably another common source of replication failure.

In light of this assessment, more work should be put into replicating and reproducing pub-
lished results. This is however not encouraged by the current state of science. As written in
[259], “innovative findings produce rewards of publication, employment, and tenure; replicated
findings produce a shrug”. Even when accepting to spend time on a less ‘rewarding’ replication,
researchers may be faced with many barriers when contacting journals to address errors [9].
And when falsification is proven, this does not mean that the original research and its conclu-
sions will not remain a classical reference as a so-called ‘zombie paper’, retracted but still cited

as proof [43]; replicable publications also tend to be cited less than nonreplicable ones [37, 303].

In recent years, tools have been developed to overcome these issues. Among other checklists,
the ‘Tools for Transparency in Ecology and Evolution’ offer guidelines for data, methods and
material archiving, as well as reporting of methods, pre-registration of studies and analyses, and
replication [266]. Reproducibility initiatives emerge, such as the collaboration between different
scientific journal and tools®, or joint challenges such as the ‘Ten Years Reproducibility Chal-
lenge’™, during which scientists were encouraged to try and re-run their own code 10 years after
publication. In addition to ‘journals of negative results’, meant to encourage publications that
would not nurture the bias towards positive results [118], journals dedicated to replication now
exist: ReScience C and ReScience X are both academic journals which only publish replications
and reproductions for computational and experimental research respectively [290]. Having a
place to publish partly defuses the feeling of an ‘unrewarding’ work, as there is a publication to

highlight the work done. Finally, the ‘Retraction Watch’ organization® has started a database

3http://validation.scienceexchange.com/reproducibility-initiative, last accessed June, 17th 2022
‘https://rescience.github.io/ten-years/, last accessed June, 20th 2022
Shttps://retractionwatch.com, last accessed June, 20th 2022
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of retracted works that can be used as a qualitative survey of current issues.

In the replication we present, we not only confirm the results of Young et al., 2001 [345], but
also make the corresponding program available for future users, and provide further information
on mathematical analyses. These mathematical proofs were indeed absent from the original

paper and had to be performed again.
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3.2 Introduction

In the present work, we replicate the results of Young et al. 2001 “Reproductive pair correlations
and the clustering of organisms” [345], an analysis of the formation of aggregates in an otherwise
homogeneous environment mimicking marine small-scale hydrodynamics. Using an individual-
based model of independent, random-walking particles (also called “Brownian bugs”), they
show that reproduction by fission in a turbulent [318] and viscous flow leads to the formation
of elongated clusters. Spatial patterns therefore depart from the usual, homogeneous solution
of the advection-diffusion-reaction equation for a large population.

Due to their size, phytoplankton organisms experience a mostly viscous environment in a
laminar shear field, with random but homogeneous changes in directions due to turbulence [104,
269]. Reproduction and limited movement of daughter cells, which occur at the phytoplankton
scale, interact with these hydrodynamic processes and can lead to aggregates. In this context,
a better understanding of the interactions between demography and small-scale hydrodynamics
could provide further explanation for observed spatial distribution of phytoplankton species,
and perhaps even their coexistence. This motivated us to revisit Young et al. 2001 [345].

In addition to replicating the numerical and mathematical results of Young et al. 2001,
we also wished to present the mathematical derivations that were missing from the original
paper, which should make this replication article more accessible to most readers, especially

those without a fluid mechanics background.

3.3 Brownian bug model

The Brownian bug model is defined as an individual-based model in continuous space and time,
here presented in its 2D formulation. For efficient computer simulation, it is implemented in

discrete time [345]. Each particle is characterized by the vector of its Cartesian coordinates
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x
xr = "] and its original position on the y-axis at ¢ = 0 (a child particle inherits this at-
T2

tribute), this last characteristic being used only for representation purposes. Space is a L x L
square with periodic boundary conditions. Each timestep, of duration 7, is divided into three

substeps: (1) demographic processes, (2) diffusion, and (3) advection.

Demographic processes take place during the first substep (1). Each organism has a fixed
probability (p) of reproducing, dying (g), or remaining unchanged (1 —p—¢). When an individ-
ual reproduces, a new organism appears on top of the parent. In the following, p = ¢ = 0.5.
Diffusion is then modeled as a Brownian motion (2), i.e., '(t) = x(t) + dx(t) where each
component of dz(t) follows a Gaussian distribution N(0, A?) where D = g—j is the diffusivity.
The discrete-time Markov chain presented here approximates the continuous-time Brownian
bug model, which can be thought of as a spatial birth-death or branching process (described
in Section 3.S1 in the Supplementary Information), step (1) being referred to in Young et al.
[345] as a Galton-Watson process. Finally, (3) the turbulent flow governing advective stirring

follows the Pierrehumbert random map [274].

r(t+71) = 2i(t)+ (UT/2) cos[kah(t) + ¢(t)] (3.1)
zo(t+7) = ah(t) + (Ur/2) coslkzy(t + 7) + 6(t)] (3.2)

where ¢(t) and 6(t) are random phases uniformly distributed between 0 and 27, & = 2x/L

and U is the stretching parameter.

Unless otherwise specified, each simulation is initialized with Ny = 20,000 particles uni-

formly distributed in a 1 x 1 square and run for 1000 timesteps.

Pair density function G(r,t)

The pair density function G(z;, x;,t) is defined so that G(z;, x;,t)dA;dA, is the probability
of finding a pair of Brownian bugs with one member in the area dA; around x; and the other
in the area dA; around x;. Defining £ = x; — x;, G(§,t) is actually called the pair correlation
function in [345]. The radial density function g(r,t) is defined as G(&,t) = C?g(r,t) where C

is the concentration of bugs and r = |€|. As the pair correlation disappears when r — 0o, g — 1.

Derivation of G(r,t)

All details of the derivation of G(r,t) are to be found in Section 3.S1 in the Supplementary

Information. We finally obtain:
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d+1aG

o >+2/\05(§) (3.3)
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where d is the number of dimensions, A\ is the birth rate A7) and p is the death rate

(q = pr).

We focus on the case d = 2 and A = p, which means Eq. 3.3 can be reduced to

G 2D8<8G>+78( e

ot r or\ or ror\ or ) 2200(8). (3:4)

The value of 7 is computed from simulations (see Section 3.52 in the Supplementary Infor-

mation).

Analytical solution with advection

CP and FB could only find the analytical solutions of G(r,t) with and without advection with
the indications of WY. In the presence of advection (y # 0), a steady-state solution can be
found; without advection, there is no steady-state and the solution changes through time. Let

us first examine the steady-state solution, given by

2D8<(’3G>+78< Nie

r Or r or r Or or ) +22C0(€) =

200 ((9G\ 70 (406
9 (0G0 (,0G -

We can then integrate Eq. 3.5 over a small area centered on a particle, with radius p. Let us
first note that

/R? d(x)dx =1

o /0 " /0 " 5(r)6(0)rdrds = 1

21 /Op d(r)rdr = 1. (3.6)

Using Eq. 3.5 and 3.6, we can integrate between 0 and p,

0=2m <2DpaaG +yp %G> +2\C
oG 1 20\C

= — . 3.7
op 27 2Dp + vp3 (3.7)
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Eq. 3.7 can now be integrated between p and oo, knowing that G(co) = C*:

PSS N 2\ CI
2= Glp) = —5 /p 3Dy (3.8)

—4D

Using the variable change u = 27127 + 7, with du = =3=dr, the integral writes

— 2 AC
— 02 47rD [ln ’LL] 203_1_7 (39)

= (C?— 47rD (ln() 111(27?—1—7))
= C? 4 ¢ 1n(2D+;W2).

vp

Finally, the pair correlation function g = G/C? is defined as

o) = —2 I <2D+7’”2> 41 (3.10)

A DC ~yr?

Analytical solution without advection

When U = 0, v = 0 and there is no steady solution in 2D. We can get back to Eq. 3.4:

oG 2D8((’9G

= ar>+2xca(g> (3.11)

Assuming an isotropic environment (and switching to the Cartesian coordinate system),

this means

%(f — 2DAG = 2\C5(8) (3.12)

where A = V2 is the Laplacian operator.

We therefore have
G(&,t) =20C4(€) (3.13)

where L is the linear differential operator 0, — 2DA.
We can use a Green’s function H, defined with LH = §(§,t) = 0(§)d(t).

By definition, we know that G(y) = [ H(y, s)2ACd(s)ds (where y = (&,%)) is a solution to
Eq. 3.13.

Gty =C [ | [ (g~ €.0)5(€)de e
—o\C /0 "H(e, )t (3.14)
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Eq. 3.14 can be used in Eq. 3.11:

gt (2)\0 /0 tH(g,t’)dt’) —  2D2ACA /0 CH(E, ()dt +2005(8)  (3.15)
- t (Méf;t') _ 2DAH(£,t’)> @ = 6 (3.16)
[ C5(€)8()de — 5 (3.17)

which is true.

A solution for the Green’s function using £ = 0; — 2DA in 2 dimensions is

1 —r?
H(r,t) = . 3.18
(D) = Txapt &P (4 x 2Dt> (3.18)

G(r,t) can then be computed:

G(r,t) = 2\C

B (s55)]'
S ] (3.19)

0

where Ey(z) = [° < dt is the exponential integral. Using G(r,0) = C? and lim, ,, o E; = 0

z Tt

in Eq. 3.19, we finally obtain

£y (87;1?) 2
A B (87;;)
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3.4 Results

We were able to reproduce the three figures of Young et al. [345] highlighting the spatial

distributions of Brownian bugs.
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Figure 3.1: Distribution of Brownian bugs at different times in a simulation with A = 1072 and
U = 0: initial conditions with a Poisson spatial distribution (a), t = 1007 (b) and ¢ = 10007
(c). Each particle is identified by a color which corresponds to the initial position on the y-axis
of its ancestor at ¢ = 0.

In Fig. 3.1, the model has been run without the advection component and we can see the
clumping of organisms due to reproduction. In Fig. 3.2 a), the model has been run without
its demographic component, but with advection and diffusion, confirming that hydrodynamics
alone cannot ensure cluster formation, while in Fig. 3.2 b), advection, diffusion and demography

are present, in which case organisms form elongated aggregates.
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Figure 3.2: Distribution of Brownian bugs in a simulation with advection and A = 1073,
Ut/2 = 0.1: without demographic processes at t = 307 (a), and with demographic processes
at t = 10007 (b). Each particle is identified by a color which corresponds to the initial position
on the y-axis of its ancestor at t = 0.
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Figure 3.3: Logarithmic (a) and linear (b) plots of g(r,t) versus r/A, with A = 1077 and
Ur/2 =0,0.1,0.5,2.5 at t = 10007. To compute simulation-based values of g(r) with a large
number of points (Ny = 200, 000) and avoid sampling issues, we replicated the 1 x 1 square 10
times, so that its length is v/10 while keeping L = 1 and k = 27/L in eq. 3.1 and 3.2. Solid
lines result from simulations, dotted lines correspond to analytical solutions and the solid grey
line indicates the =2 scaling predicted by Eq. 3.3.
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Fig. 3.3 proved much more challenging. Retrieving the analytical solutions of Eq. 3.4 was
difficult as there was no other equation than Eq. 3.3 in the original paper. We also encountered
issues when computing the pair correlation functions on simulations: for large values of r/A,
we observed zero values (absent pairs) of the pcf when U = 0. This is a sampling effect as pcf
values get very low for large distances without advection, even though we multiplied the study
area by 10 to produce Fig. 3.3 and counter such effects. Despite the missing values, we can
confirm that simulated and analytical pcf match (Fig. 3.3), with a slight underestimation by
the simulations. The numerical pcf also got closer to 1 than the analytical predictions for large

values of r.

3.5 Discussion

We successfully replicated both the numerical results and analytical solutions of Young et al.
[345]. Even though stochasticity prevents us from replicating exactly the same spatial point
patterns as those seen in the original Fig. 3.1 and Fig. 3.2, we considered the patterns to be
close enough to validate the replication. Fig. 3.3 was also very close to the one shown in the
original article, despite a slight underestimation of the pcf in simulated data.

The most challenging part of the replication was actually not to replicate the numerical
results, but to find back the analytical expression of the pair density function G(r,t) dynamics
from first principles. How to derive such dynamics was indeed briefly explained in words in the
original article, but the many intermediate steps involved (see Supplementary Material) make
the additional mathematical derivations presented here worthwhile in our opinion. In addition
to providing critical information to CP and FB regarding how to obtain the pair correlation
dynamics, WY also communicated the required mathematical steps to find back the analytical
solutions for G(r, t) plotted in Fig. 3.3. We hope that the additional material on the derivation
of G(r,t) dynamics (as Supplementary Material) as well as the provided analytical solutions
of such dynamics (now presented in the main text) will help readers through both the original
and replication articles.

The original article did not provide quantitative values exactly matching marine microbes
ecology; we thus wondered about the time and spatial scales that could be used for a realistic
phytoplankton model. The length of the square side, L, is defined roughly as the Kolmogorov
scale [318], the scale at which viscosity starts dominating turbulence (we use L = 1 cm as
an upper bound). Here, we consider k the smallest wavenumber corresponding to the largest
length scale L, i.e., k = 2w/L. The chosen length scale defines the Reynolds number which

then allows to obtain U, the velocity difference between two points separated by a distance L.
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U
Re = — 3.22
e . (3.22)
UL
1 = 2
= 5o (3.23)
2
sU = % (3.24)

2 1

where v = 1079 m? s7! is the kinematic viscosity for water. These numerical values lead to
U = 6.3 x 107* m s~!. Note that U is the speed in the frame of reference of the small square
area considered here, which might itself be embedded within larger spatial structures (e.g.,

large eddies) moving at higher speeds in the ocean or any large waterbody.

To determine the diffusivity of small organisms, we use the Stokes-Einstein equation [110]:

_RT 1
N, 6mna

D (3.25)
where R = 8.314 J K~! mol™! is the molar gas constant, 7' = 293 K is the temperature
of the environment, N, = 6.0225 x 10% is Avogadro’s number, n = 107 m~! kg s™' is the
viscosity of water and a is the radius of the organism considered. We apply this formula to

microphytoplankton organisms of diameter 50 pm, keeping 7 outside of the equation for now:

A - V3Dr (3.26)

2DT1
RT 1
= - 3.27
\ Na 3mna ( )

8.314 x 293 1
- 3.28
6.0225 x 1023 3w x 10~3 x 25 X 10—6ﬁ (3.28)
= 1.3x1077y/7 m. (3.29)

To compute 7, we can consider a phytoplankton doubling rate of 1 d=! [48], which means,
with p = 0.5, that 7 = 0.5 d.

This leads to Ur/2 ~ 5.4 x 10° cm d™' and A ~ 5 x 10™° cm. These two values are much
higher than those used in Fig. 3.3 (0.1 < Ut/2 < 2.5 and A =1077). A thorough discussion of
the parameters is therefore necessary before extrapolating these results to real phytoplanktonic

systems.

As the Brownian bug model is currently fairly theoretical in its 2D formulation, a logical next
step would be to consider similar dynamics in a 3D model, which would render the comparison

to real data easier. Using actual concentrations of phytoplanktonic organisms (e.g., diatoms),
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between 10% and 10° cells L™, this would lead to 1 to 10% organisms if we kept L = 1 cm.
We might therefore need to increase the size of the considered square, or apply the model to
small bacteria only. With a closer match between field and simulated concentrations, the model
could provide us with a better picture of the likely fine-scale spatial structure of phytoplanktonic

populations.
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3.S Supplementary Information

3.S1 Derivation of G(r,t)

Diffusion and birth/death processes

In this section, we aim to find back from first principles Eq. 2 in Young et al. [345], i.e., Eq. 3.3
in our manuscript. We will first focus on the diffusion and birth/death processes, corresponding

to the evolution equation for the pair density:

= _9oppltd L
" or

oG 0 Ld-1 %
ot or

) + 20\ — p)G + 20C05(8). (3.51)

We first define an ensemble of k identical Brownian bugs in a d-dimensional space. The bug
number p is located at &, = [, T, ...74). At time ¢, the space is defined by (a) the number of
Brownian bugs k£ and (b) the vector of their locations X = [@1, @2, ...x]. This is also called
the Fock space [47].

The probability distribution over the state space is given by the functions Py(Xy,t) such
that
Pre( Xk, t)d X, = Pr{k bugs, with a bug in dx;,a bug in dx,, etc.}. (3.52)

As bugs are indistinguishable, we can exchange x, and x, (permutation symmetry):

Pre(@1, .. Ty Xy o Tk, U) = Pr(®1, . gy o Ty, T, ). (3.53)

The normalization is
Po(t) + /Pl(Xl, t)da, + //Pg(Xz, t)dwrdas + ... + /Rk Po(Xp, )dX 5+ ... = 1, (3.54)
because having k individuals at time ¢ defines a partition of the sample space for £k = 0,1, 2, ....

We define by(x,t) = [ Pr(x, Xi_1,t)dX 1, i.e., bi(x,t)dx is the probability that there are k

bugs and bug number 1 is in dx.
The density of points is defined as
plx.t) = kby(a,t) =3k / P, Xoo1,1)dX 1. (3.95)
k=1 k=1

The pair correlation function is then

oo

Gla,y,t) = Y k(k—1) [ Pel@,y, Xi2,)dX s 2. (3.56)

k=2
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We define the two particle distribution functions cx(x,y,t) = [Pr(x,y, Xi_2,t)d X _o.
Note that G(x,y,t) = Y02, k(k — 1)eg(z, y, t).

Proposition

The time derivative of ¢, is given by

E(w, y,t) = DVic, (3.57a)
— k(A + p)ex (3.57b)
+ (k+ 1) pck (3.57¢)

A k—2)(k+1

Proof

We write the evolution of Py (X}, t):

OP

8tk = DV;Ps (3.58a)
— k(A + 1) Py (3.98b)
+(k+1) ,U/Pk—H X, y,t)dy (3.S8c¢)

?T‘\y

try 2 0@ = m)Pea(Xup) (3.58d)

q=1,q

where V2 612 + ay2 + ..+ 3:1:2 + a o7 in two dimensions and Xy, = X without x,,.

Here, Eq. 3.58a is the diffusion part of the process, Eq. 3.S8b corresponds to the rate at
which realizations with k& bugs lose a bug by mortality or gain a bug through birth, Eq. 3.S8c
corresponds to the rate at which realizations with £ + 1 bugs lose a bug. Finally, a realization

with £ bugs can also be produced by a birth in a realization with k£ — 1 bugs.

Combining the time derivative of Pr(X,t) with the definition of ¢, we obtain

0
S @y t) =D [ ViPu(@,y, X2 )X (3.59)
— k(A + p) / Pru(a,y, X o, )dX 5o (3.59b)
+ (k+1) M/Pkﬂ x, Y, Xi_o,2,t)dX ) _odz (3.59¢)
/Z Z 6(xp — Tg) Pr—1(X i) dX 2. (3.59d)
p=1q=1,q#p

We will treat one term after the other.
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Diffusion term (3.S9a)

D / V2Pu(@,y, Xp2,8)dX o = DV / Pu(®,y, Xoo,1)dX s (3.910a)
— DV2 / Pru(a,y, X o, )dX s (3.510D)
= DVicy (3.510c)

because we already integrate over k — 2 coordinates (and thus Laplacians for these coordinates

are zero).

Second term (3.S9b)

KO\ + ) /Pk(w, Y, X0, D)dX 2 = k(A + 1)cn. (3.511)

Death term (3.S9c¢)

(k + 1)u/73k+1(a:,y, X9, 2, 0)dX yodz = (k + 1)/J/73k+1(a;, v, Xo_1,0dX 41 (3.512a)
= (k4 1)pcky1. (3.512b)

Birth term (3.S9d)
In this section, we assume x = x; and y = @, (the reasoning is the same for different
positions of  and y due to permutation symmetry).

We can decompose the double sum, starting with p = 1.

k
Z (1 — g)Pr-1(xa, ..., 2, t) = 0(x1 — T2) Pr—1 (2, . .., Tk, 1) (3.513a)
q=2
-+ (5(.’1}'1 — wg)Pkfl(.’Bg, ey, L,y t) (3813b)
_ (3.813¢)
+ 0(x1 — 1) Pr—1 (2, . .., ks ). (3.513d)

We integrate over the last k& — 2 coordinates.

k
/Z 01 — xy)Pro1(2, . .., 2, t)dxs . .. doy, (3.514a)
q=2
= / (x1 — @2)Pr-1(x2, ..., T, t)dxs . .. dxy, (3.514b)
+ /5(:1:1 —x3)Pr_1(xa, ..., 2, t)dxs .. dep + . .. (3.514c)
+ / 5(21 — ) Pr_r (2o, . .., p, t)dms .. . ds (3.914d)
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which leads to

/i 0y — xy)Pro1(22, . .., 2, t)dxs . .. doy, (3.515a)
=2
=0(x; — x9) /Pk_l(a:g, T, U)des . . dxy, (3.515b)
+ /Pk_l(w2,a:1, o T, Ddaey . deg . (3.515¢)
+ /Pk_l(wg, ..y, t)des . .. day (3.515d)
=d(x; — x9) /Pk,l(a:g, @, t)des . dxy, (3.515¢)
+/Pk,l(ml,a;Q,kag,t)kafg+... (3.515f)
[P, Xis dX s (3.515g)
=0(xy — x2)bp_1(x2) + (kK — 2)ck—1 (3.515h)

By symmetry, if p = 2, we obtain 6(x1 — @2)br_1(x1) + (k — 2)cp_1.

Now, we need to use p > 3.

k
Z 0xp — ) Pra(T1, ..., Tpo1, Tpi1, - - - Ti, U)dxs .. . dxy, (3.516a)
q=1,q#p
= / 0y — 1) Pea(1, - Tpo1, Tpia, - -, Tk, T)dxs . .. dy, (3.516h)
+ /5(:1:p — X)) Pr1(®1, ..., Tpo1, Tpi1s - -, Tk, t)dXs . . dXg+ (3.516¢)
+ /(5(azp —x3)Pr1(®1, .-, Tpo1, Tpi1y - - - T, t)dXs . dXy + . (3.516d)
+ /(5(93p — @) Pr-1(T1, ..o, Tp1, Tpi1, - - - T, U)dTs . . dxg, (3.S16e)
= / d(x, — acl)dacp/Pk_l(ml, T, Ly 1, Lpt1, ..., L, t)dTs . . de, 1dT, ... dxy

(3.516f)

+ /5(33p — :cg)da:p/Pk_l(a:l, o, .o Lp1, Tpits- ., Ly, t)dxs ... dxy,_1dXyiy ... dxy
(3.S16g)
+ /Pk,l(wl, Lo, Tpy oo, Lp1, Lpil, .-, T, t)dxy .. dxp + ... (3.516h)
+ /Pk,l(azl, L2y .oy Lp—1,Lpt1, ..., Lp, t)dfl?g c. dwk,1 (38161)
:2/73k_1(:c1, o, Xk_g,t)ka_g (3816])
4 (k—3) / Pror(@1, 9, Xog,t)dX s (3.516K)
:2ck_1 + (/{3 - S)Ck_l (38161)
=(k — 1)cg-1. (3.516m)
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Thus, 2223 Zq?gp f 5(mp — wq)Pk_l(Xk|p)ka_2 = (k) — 2)(]{3 — 1)Ck_1.

Finally, the birth term is

A A k—2)(k+1
- (26(:c—y)bk1(:c)+2(k—2)ck1+(/€—2)(k—1)ck1) _ 2k6(w—y)bk1(w)+)\( >/<;( ) eos.
(3.517)
Combining all terms, we obtain the expected result:
C%k 2
E(w7 Y, t) = szck (3818&)
— k(A + p)e (3.518b)
+ (kK + 1)pcg (3.518c¢)
A k—2)(k+1

Proposition
In Cartesian coordinates, the pair density admits the following evolution equation:

%f(a: y,t) = DV5G +2(\ — )G + 2)\6(x — y)p(x). (3.519)

Proof

Using the definition of G(x,y,t) and Eq. 3.57a-3.57d:

%(t; (x,y,1) Z k(k —1)DVacy =T1 (3.520a)
— Z k(k k(X + ey, =172 (3.520b)
+ Z k(k —1)(k + 1) pcki =73 (3.520¢)
+ Z k(k—1 225 (x — y)bp_1(z) =T4 (3.520d)
S k(e — 1) E= )k(’“ L = T5 (3.520¢)
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T3
T3=> k(k—1)(k+ 1)ucrs (3.521a)
k=2
= > (K = 1)(K = 2)K pew with &' =k +1 (3.521b)
k=3
= > (K = 1)(K = 2)K pew ifk' =2,k —-2=0 (3.521c)
T4
T4 =2\(x —y) Z(k: — 1)bg—1() (3.522a)
= 2/\(5 CU — Z k)”bk// with k’// =k—1 <3S22b)
k=1
=2)0(x — y)p(x) (3.522¢)
T5
> E—=2)k+1
5= A3 k(k— 1) )k( D (3.923a)
k=2
=\ Z E'(K" — 1) (K" + 2)cpn with ¥/ =k — 1 (3.523b)
k=1
A K - 1)K+ 2)e iR =1,k —1=0 (3.923¢)
k=2
T2+T34T5

T24+T1T3+T5= i —k(k—1DkA+ p)ex + (k= 1)(k — 2)kucg + k(k — 1)(k + 2) ey,

. (3.524a)
i — Der(=kA+p) + (k= 2)p+ (k+2)A) (3.524b)
=2\ — ) Z k(k —1)cy (3.924c)
=20\ — )Gy (3.524d)
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T14+T24T34+T44T5 Combining all terms, we have

%f (x,y,t) = DV3G (3.525a)
+2(\ — 1) G (3.925b)
+2X0(x — y)p(x). (3.525¢)

We can now write the diffusion term in Eq. 3.S25a, DV3G where V3 = 8% + 8%2% +
% + a%’ with a more classical Laplacian operator. Hereafter, we use the notations x and
y for coordinates, as opposed to positions  and y. We define two points at positions p; =
(z1,151)T and py = (22, 2)7, and the vectors € = p; — p2 and X = (p; + p2) /2. Along z, the

correspondence between coordinates is as follows:

b mmoa )0 2 (3.526)
X, = ml—gw2 Ty =X, — %E
which can be derived as
0 0 1 0 0? 0 1 0° 0?
9 _ 1 o _9 2 52
0r, 06, 120X, 022 0 ' 40X2 ' 06,0X, (3:527)
and
0 0 1 0 0? 0% 1 02 0?
= - S . - . .82
0rs 06, T20X, 013 02 10X2 960X, (3.528)
Therefore
0? 0? 0 1 0?
5 * 901 = 292 T 2% (3.829)
With the same arguments,
0? 0? 0% 1 0?
ST - 3.930
o o3 oe ' 20x: (3.530)
and, finally,
0? 0? 0? 0? 0? 0? 1 /[ 02 0?
=2 —=+ = — . 3.531
97: " o | o2 ' o2 <a§3 * agg) T3 (axg * axg) (3:831)

: - oG _ 9°G _ 9G _ G _
As the environment is homogeneous, 73~ = oX2 = 9x, — 0x3 = 0.

We can thus write DV3G(py, pa,t) = 2DV?G(&,t). The Laplacian formulation we have

used above corresponds to Cartesian coordinates. Its equivalent in polar coordinates is V2G =

19 le) iaZG . s . 092G o . .
By (7“ 87‘) + -3 55 - As the process is isotropic, 557 = 0. Finally, we can write
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2DV*G(€,t) = 2? ;r (#25) (3.832)

with r = [€].

Advection process

The stretching of line elements considered by Kraichnan [200] leads to the following term for

the advection process:

0G a0 [ 410G
5 =1 ( o) (3.533)

We show below that this equation corresponds indeed to the convection of passive scalars in
the Batchelor regime envisioned by Kraichnan [200]. Let r(t) be the distance between two points
as a function of time, which follows a geometric Brownian motion as we are in the Batchelor
regime, and ¢(t) = log(r(t)/r(0)). Kraichnan defines ()(¢) as the probability distribution of q.
We have @ = r?G, leading to

oG 0 1 0Q i
= (Q/rt) = i TQ(=d)r d-1, (3.534)
Now oG 0Q Q
dz - = — = —_— _— =
vl vt L < dQ) (3.535)
We have Zﬁ = ; so that using 8Q = 883 31‘{ we obtain
0Q _ 0Q *Q 99
ot oq <8q Q) "o %oy (3.536)

which is the Fokker-Planck equation with diffusion coefficient v (noted ¢ in [200], and also called
the stretching parameter) and drift yd (noted < a > in [200]). Eq. 3.536 leads to Kraichnan’s
solution for pair separation (Eq. 2.31 in [200]), with drift and diffusion coefficients linked by
Eq. 2.27 and 2.33 in [200].

Combining Eq. 3.533 with Eq. 3.51, we obtain Eq. 3.3.

3.52 Stretching parameter v

7 is computed with simulations, using the formula r(t) o exp(ydt) — 3 In(r(t)) =t if d = 2,

with r the separation between pairs of particles. ~ is estimated as the slope of

(In(r(t))) = f(#)

N | —
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with (In(r(¢))) the average obtained from 800 pairs of particles.

Vi, (In(r(t))) = 8(1)0 Z:lln(r(wlp(t) — Z3(1)))

where 7(21,(t) — x2,(t)) is the distance between a particle 1p at position @y, and its coun-

terpart 2p, initialized with r(0) = 107" Vp (see Fig. 3.S1 for v estimates).
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Figure 3.51: Estimates of v for different Ut /2.
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Chapter 4

Local intraspecific aggregation in phy-
toplankton model communities: spatial
scales of occurrence and implications for

coexistence
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Abstract

The coexistence of multiple phytoplankton species despite their reliance on similar resources
is often explained with mean-field models assuming mixed populations. In reality, observa-
tions of phytoplankton indicate spatial aggregation at all scales, including at the scale of a few
individuals. Local spatial aggregation can hinder competitive exclusion since individuals then in-
teract mostly with other individuals of their own species, rather than competitors from different
species. To evaluate how microscale spatial aggregation might explain phytoplankton diver-
sity maintenance, an individual-based, multispecies representation of cells in a hydrodynamic
environment is required. We formulate a three-dimensional and multispecies individual-based
model of phytoplankton population dynamics at the Kolmogorov scale. The model is studied
through both simulations and the derivation of spatial moment equations, in connection with
point process theory. The spatial moment equations show a good match between theory and
simulations. We parameterized the model based on phytoplankters’ ecological and physical char-
acteristics, for both large and small phytoplankton. Defining a zone of potential interactions as
the overlap between nutrient depletion volumes, we show that local species composition—within
the range of possible interactions—depends on the size class of phytoplankton. In large phyto-
plankton, individuals are surrounded by cells from other species, while in small phytoplankton,
individuals remain in mostly monospecific clusters. Spatial structure therefore favours intra-
over inter-specific interactions for small phytoplankton, which likely contributes to coexistence
mechanisms. Other factors behind diversity maintenance must be examined for large phyto-

plankton.

Keywords: aggregation; coexistence; individual-based model; phytoplankton; spatial moment

equations; spatial point process
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4.1. Introduction

4.1 Introduction

Phytoplankton communities are among the most important photosynthetic groups on Earth,
being at the bottom of the marine food chain, and responsible for approximately half the
global primary production [121]. Their contribution to ecosystem functions is only matched by
their contribution to biodiversity. Indeed, phytoplankton communities are characterized by a
surprisingly high number of species. For example, a single sample as small as a few mL can
contain up to seventy species [284, 331]. This observation is usually called the “paradox of the
plankton” [168], which refers to the conflict between the observed diversity of species competing
for similar resources in a seemingly homogeneous environment, and models predicting that only
a few species will persist by outcompeting the others [219, 165, 299]. Phytoplankton models for
coexistence are now almost as diverse as their model organisms [282], but they often describe
only a handful of species, which does not correspond to the diversity observed in the field.
When modeling rich communities (> 10 species), classical answers to the plankton paradox
involving temporal fluctuations (e.g., [211, 76]) are not sufficient to maintain a realistic diversity.
For instance, we found that a phytoplankton community dynamics model with environmental
fluctuations and storage effect still requires extra niche differentiation for coexistence, which
manifests in stronger intraspecific than interspecific interactions [270]. However, it is not clear
that we should resort to hidden niches to explain phytoplankton coexistence, as most models
also make hidden simplifying assumptions that could be relaxed. One that we relax here is
mean-field dynamics at the microscale. Indeed, field observations have revealed phytoplankton
patchiness for more than a century [24, 314], from the macro- to the micro-scale [205, 101, 124].

Phytoplankton patchiness can at least be partly explained by the hydrodynamics of their
environment: the size of these organisms is mostly below the size of the smallest eddy (i.e.,
the Kolmogorov scale). In a typical aquatic environment such as the ocean, phytoplankton
individuals are embedded in viscous micro-structures [269] while phytoplankton populations
are displaced by a turbulent flow at slighly larger scales [225, 278]. Phytoplankton organisms
therefore live in an environment where fluid viscosity dominates at the scale of an individual
but turbulent dispersion dominates on length scales characteristic of a small population of those
individuals [115, 278].

This leads us to consider demography in the context of this environmental variation created
by hydrodynamic processes. Individual-based models provide a convenient depiction of popu-
lation dynamics and movement at the microscale [150]. In this framework, population growth
is a result of individual births and deaths. Aggregation of individuals can emerge from local
reproduction coupled with limited dispersal, which can happen in a fluid where turbulence and
diffusion are not strong enough to disperse kin aggregates [345]. The resulting local aggrega-
tion can then affect the community dynamics at larger spatial scales, even when all competitors
are equivalent (i.e., with equal interaction strengths irrespective of species identity). Indeed,

the combination of local dispersal after reproduction and local interactions leads to stronger
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intraspecific interactions than interspecific interactions at the population level [97]. This mech-
anism stabilizes the community as a high intra-to-interspecific interaction strength ratio makes
a species control its abundance more than it controls the abundance of other species, which is
associated with coexistence in theoretical models [206, 29] and often observed in the field at
the population level [4, 271]. Therefore, the microscale spatial distribution of individuals likely
affects the interaction structure within a community [140], and may sustain diversity.

Existing models of phytoplankton populations near the Kolmogorov scale — between 1 mm
and 1 cm in an oceanic environment [33] — focus on a single species and the clustering of its
individuals [345, 47, 55, 59]. They share similarities to dynamic point process models [201, 52,
275] developed initially with larger organisms in mind. When phytoplankton individual-based
models consider multiple types of organisms, they focus for now on how organisms with opposite
characteristics (e.g., increase versus decrease in density with turbulence in [53, 19]) segregate
spatially, or on coexistence for species that have contrasting trait values (e.g., size in [41]).
This is useful as an explanation of how species with marked differences might coexist. The
difficulty of the coexistence problem, however, is that we have to explain how closely related
species or genera (e.g., within diatoms), many of whom have similar size, buoyancy, chemical
composition, etc., manage to coexist within a single trophic level. This requires modelling
similar species in a spatially realistic environment and objectively quantifying whether they
aggregate or segregate in space.

To do so, we build a multispecies version of the Brownian Bug Model (BBM) of Young et al.
[345], an individual-based model which includes an advection process mimicking a turbulent
fluid flow, passive diffusion of organisms, as well as stochastic birth and death processes. The
initial version of this model [345] coupled limited dispersal and local reproduction with ocean-
like microscale hydrodynamics, and showed spatial clusters of individuals of the same species.
The original BBM was limited to a single species and was illustrated with two-dimensional sim-
ulations. The model was not strongly quantitative [272] in the sense that parameters were not
informed by current knowledge on phytoplankton biology (numbers of cells per liter, diffusion
characteristics, etc.). As phytoplankton organisms live in a three-dimensional environment, in-
forming the model with more realistic parameters requires us to shift to three dimensions. We
also extend the model to multiple species, and consider two size classes for our phytoplankton
communities, which are either made of nanophytoplankton (3 pm diameter, ~ 106 cells L™1)
or microphytoplankton (50 pm, & 10* cells L™'). We populate each community with 3 to 10
different species.

The Brownian Bug model (in its original single-species form as in the multispecies version
considered here) is related to spatial branching processes. Without advection, it combines a
continuous-time, discrete-state model for population growth and a continuous-time, continuous-
space Brownian motion for particle diffusion [47]. Tt is further complexified by a turbulent flow
in Young et al. [345], Picoche et al. [272] as well as here. In spite of this complexity, it remains

possible to derive the dynamics of pair density functions, which quantify the degree of intra- and
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interspecific clustering of organisms, via correlations between positions of organisms (see next
section). Thus we can understand emergent spatial structure in analytic detail and compare
these predictions to the results from three-dimensional simulations. Furthermore, because we do
not consider direct interactions between organisms, the multispecies spatial point process that
represents the stable state of the BBM is a random superposition of spatial point processes for
each species [169]. This enables us to derive, in addition to pair correlation functions, analytical
formulas for the species composition in the neighbourhood of an individual, which are more

readily ecologically interpreted than pair density or correlation functions.

4.2 Model and spatial statistics

Brownian Bug Model

The Brownian Bug Model (BBM) describes the dynamics of individuals in a turbulent and
viscous environment, including demographic processes. The model is continuous in space and
time. Here we extend the mostly two-dimensional, monospecific version in Young et al. [345],
to three dimensions and S species.

Each individual is characterized by its species identity i and its position x* = (z, y, ). The
population dynamics are modeled by a linear birth-death process with birth rate \; and death
rate p;. FEach individual independently follows a Brownian motion with diffusivity D;, and is
advected by a common stochastic and chaotic flow modelling turbulence. The model applies
in the Batchelor regime, which means that the separation s(t) between two individuals k and
[ grows exponentially with time with stretching parameter v, i.e. s(t) = In (|&x — x;|(t)) o< 37t
[200, 345].

Within a given community (the set of all individuals of the S species), all species share the
same parameters: \;, u; and D; values can change between communities, as we later consider
small and large phytoplankton, but are set to common values within a community. On the
contrary, v describes the environment and is not community-specific, i.e., all individuals are
displaced by the same turbulent stirring. For numerical simulations, time needs to be discretized
(this is required for diffusion and advection modelling). The approximated model advances

through time in small steps of duration of 7. During each interval, events unroll as follows:

1. Demography: each individual can either reproduce with probability p; = A\;7 (forming
a new individual of the same species i at the same position x as the parent), die with

probability ¢; = p;7, or remain unchanged with probability 1 — p; — ¢;.

2. Diffusion: each individual moves to a new position x(t') = x(t)+0x(t), with t < ¢ < t+7.
The random displacement 0x(¢) is drawn from a Gaussian distribution N (0, A?) with
D; = A?/27 the diffusivity. This diffusive step separates the initially coincident pairs

produced by reproduction in step 1 above.
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3. Turbulence: each individual is displaced by a turbulent flow, modeled with the Pierre-
humbert map [274], adapted to three dimensions following Ngan & Vanneste [253]. Thus

given the position at time ¢’ the updated position at time ¢ 4 7 is

x(t+71) = x(t') + UT cos (ky(t') + ¢(t))
y(t+7) = y(t') + G cos (k2(t') + 6(1)) (4.1)
2(t+7) :z(t’)+%cos (kx(t+7')+1b( ) -

Above, U is the velocity of the flow, k = 27 /L, is the wavenumber for the flow at the length
scale Ly (see below) and ¢(t), 6(t), ¢ (t) are random phases drawn from a uniform distribution
between 0 and 27; these phases remain constant during the interval between ¢ and ¢ + 7.
The shift from continuous to discrete-time turbulence modelling is described in Section 4.51
in the Supplementary Information. The velocity U is related to 7. As the separation between
two points grows exponentially with parameter 3y due to turbulence, the exponent v can be
estimated as the slope of 1/3 (In(s(t))) = f(t) in the absence of diffusion and demography
[345, 272].

Individuals are distributed in a cube of side length L, with periodic boundary conditions.
The cube dimensions are determined to balance computing costs and realistic concentrations

of individuals; they represent the accumulation of a few volumes of scale L.

Characterization of the spatial distribution

Let W be the observation window (in our case, the whole cube, which we never subsample
hereafter). The state of the system at time ¢ can be described as a collection of S populations,
where the population of species 7 is made of n; individuals randomly distributed in W, with
positions X;(t) = [@x1,(t), x2:(t), ...@n, i(t)]. X(t) = [X1(t),..., X s(t)] arises from a stochas-
tic and spatial individual-based model changing through time, but can also be analyzed as a
spatial point process at time t. We note that the point distributions remain the same for all
spatial translations & (i.e., the point process described by the set X = [@1, @o, ...a] is the same
as X¢ =[x + & 22+ &, ...x), + &]): the process is stationary.

A useful method to characterize a spatial point process is the use of spatial moments (illus-
trated in Section 4.52 of the SI for simple spatial point processes). These can be theoretically
derived and used to check simulations. The spatial moments of a process are, however, merely
statistical indicators which then need to be related to more easily ecologically interpretable

quantities. This is the role of the dominance index, which we present below.

Phytoplankton modelling 89



4.2. Model and spatial statistics

Spatial moments

The first-order moment is the intensity of the process, or mean concentration of individuals,

whose empirical estimate is C; = ]‘\?((MV,V)), where N;(WW) is the empirical number of individuals

of species i in the cube W and V(W) = L? is the volume of the cube; it does not give any
information regarding the spatial distribution of individuals, and their spatial correlations.
The second-order product density, or pair density G(r,t), is the expected density of pairs of
points separated by a distance r [201]. A similar characteristic can be used for marked spatial
point process. In our case, the marks are the species’ identities, and we can define G;;(r,t), so
that Gy;(r,t)dxadxp is the probability of finding an individual of species i in volume dx4 and
an individual of species 7 in volume dxp, with the distance between the centers of dx, and
dxp equal to r (pages 219 and 325 in [169]). We define £ as the vector connecting the center of
dx 4 to the center of dxp, while r = |£| is the radial distance. We show in Picoche et al. [272]

that the intraspecific pair density G;;(r,t), in three dimensions, is a solution of

_ Y O (140G Lo G - anCS(E). 49
; (’f’, t) 2 oy (T o ) 2 (T I > (/\z ,uz) i )\1015(5) ( )

The pair correlation function g;;(r,t), or pcf, can be derived from the pair density and is defined

as

Gij(r, t)
CiC;

The pcf is equal to one when the spatial distribution of species ¢ individuals is random relative

Gij(r,t) = (4.3)

to species j individuals. To compute the intraspecific pef g;;(r, t) at steady state, considering a

population at equilibrium, we integrate Eq. 4.2 (see Appendices, Eqs. 4.19-4.30) with \; = p;

/\i ng‘ T ™
i) =14+ -—2r 2 ¢ -2, 4.4
gii (1) + Dol < . + arctan (EB,) 2) (4.4)

where (5 ; = /2D, /v approximates the Batchelor scale for species i.

The system converges rapidly to the solution in Eq. 4.4 in the presence of advection.

and obtain

However, when there is no turbulent advection, convergence is much slower, to the point that
an equilibrium assumption requires unrealistically long timeframes (see Section 4.S3 in the SI).
We therefore need a time-dependent formula for the pcf in the absence of advection, which can
be obtained in the case where v = 0 using a Green’s function (see derivation in the Appendices,

Eqgs. 4.31-4.37),
Ai

galrt) =1+ b {1 — erf (ﬁ) } . (4.5)

The above equations match when v — 0 and ¢ — +o0.
As populations of different species do not directly interact, each population is an indepen-
dent realization of a point process, which means that the distribution of all individuals within

the community at time t is a random superposition of stationary point processes and thus
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gij(rt) = 1ifi#j ([169], p. 326, eq. 5.3.13).

Related to the pair correlation function is Ripley’s K-function K(r). Using its marked
version, C;K;;(r) is the average number of points of species j surrounding an individual of

species ¢ within a sphere of radius r [169], i.e.,

1
Vi 20, Ki(r) = B (N; (o, )\ {o), (1.6

J
where E; is the expectation with respect to individuals of species i and N; (b(o,7)\{o}) is the
number of individuals of species j in the sphere of radius r centered on o, not counting o itself.

K;;(r) is related to g;;(r) as

K;(r)
dmr?
Combining Eq. 4.7 and, when U > 0, Eq. 4.4, we can show that (see Appendices, Egs.
4.38-4.44)

gij<7") = (4-7)

3 r2
4 i3 lp; lpilog (ZZ T 1) r ™
Ki(r) = =mr® + ————— | 24 B tan | — | — = | . 4.8
<T) 37TT + 3D10¢€BJ T + 27’3 +arctan ‘gB,i 2 ( )

When U = 0, we need a time-dependent solution corresponding to our simulation duration,
i.e. (see Appendices, Eq. 4.46-4.51)

4 Nr? (1001 r 4D; V2Dt _ 2
Ki(r,t) = -mr® + —— | = — - erf <1 — Zt) — —e 8Dt | 4.
(r ) 37TT + CZ 1)7, (2 2 o ( 82)1t> 7’2 \/7_1'7' € > ( 9)

For random superposition of stationary point processes, K;;(r,t) = %m”?’ if ¢+ # 5 ([169], p.

324, eq. 5.3.5).

Dominance index

The dominance index (defined in Table S1 in the Supporting Information of [333]) is the ratio
between the number of conspecifics and the number of individuals of all species surrounding a
given individual.

Let M;;(r) be the average number of individuals of species j within a circle of radius r around
an individual of species 4, which can also be written with Ripley’s K-function as M;;(r) =
C;K;;(r). M;(r) corresponds to the conspecific neighbourhood and M;,(r) = Z;-q:l,#i M;;(r)
corresponds to individuals of all other species. We can then define D; as

_ Mii(r)
D; (T) T My(r)+Mio(r)

__CiKii(r) (4.10)
> CiKij(r)
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When individuals of the same species ¢ tend to cluster, D;(r) tends to 1 while it tends to the
proportion of individuals of species 4 in the whole community when the distribution is uniform
(Section 4.52 of the SI).

Using Eq. 4.9 and 4.10, we obtain the formula for the dominance index in the presence of

advection as

2
Z%ﬂ. log<é+1) A
= + arctan ( L ) -5 | +37C;

A B _r_
3D'LZB,7L A + 2r3 gB,i
Di(r) 2 (4.11)
\ ' @%72. log (ZQ+1) S
i B.i B, _r)y_ T ] .
3Dl | ¢ T 23 + arctan (zB,i) 5 | T 251 370

In the absence of advection (U = 0,7 = 0), we use the time-dependent dominance index,

computed similarly:

i (4= (i) (1= 84) = e ) + 4
Di(ﬁ t) = . (4.12)

2
D, <5 — yorf () (1 - 45) — 2 SD“) + 3521 37C;

Parameters

We model two types of organisms: microphytoplankton (defined by a diameter between 20 and
200 pm, here 50 pm) and nanophytoplankton (defined by a diameter between 2 and 20 pm, here
3 num). These two groups are characterized respectively by a low diffusivity, slow growth and
lower concentration vs. high diffusivity, fast growth and higher concentration. Organisms are
displaced by a turbulent fluid whose velocity defines the time scale of the discretized model: we
give here the reasoning behind parameter values, keeping in mind that our model parameters

are only approximate. Main parameter definitions and values are given in Table 4.1.

Advection

We first consider the advection process, due to the turbulence of the environment. We only
consider the Batchelor-Kolmogorov regime, i.e., the size of the volume W is below the size of
the smallest eddy, but above the smallest length scale of fluctuations in nutrient concentrations.

The defining scale of the environment therefore corresponds to a Reynolds number

Re= — ~ 1 (4.13)

where v = 107°% m? s7! is the kinematic viscosity for water. The smallest wavenumber k

corresponds to the largest length scale Ly (Kolmogorov scale), i.e., k = 27/ Lg, with Ly ~ 1 cm
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in the ocean [33]. The definition of the Reynolds number leads to

1 = ULs
U o (4.14)
= ~ T. "

This means that U = 6.3 x 107* m s7'=5.4 x 10* ¢cm d~*. Using U7/3 = 0.5 cm as in
Young et al. [345], we have 7 = 2.8 x 107* d = 24 s. When U7t/3 = 0, the environment is only
diffusive, we keep the same value for 7. For Ur/3 = 0.5 cm, v = 1231 d~ 1.

Diffusion

If we use the Stokes-Einstein equations ([110], cited from [104]), diffusivity can be computed

with
_RT 1

D; = —
N4 6mna;

(4.15)

where R = 8.314 J K~! mol™! is the molar gas constant, 7" = 293 K is the temperature,
Ny = 6.0225 x 10?3 is Avogadro’s number, n = 1072 m~! kg s7! is the dynamic viscosity of
water and a; is the radius of the organism considered.

2
i

Using D; = %, we find that

Ai = QTDZ
_ RT 1
& A = ,/N—A?mai.

We consider a, = 1.5 pm for nanophytoplankton individuals and a,, = 25 pm for micro-

(4.16)

phytoplankton individuals, which allows us to compute A, and A,, (see Table 4.1).

Ecological processes

We study the community at equilibrium, with the birth rate equal to the death rate, i.e.,
pi = ¢; Vi. We use a microphytoplankton doubling rate of 1 d~! [48] and consider the fastest-
growing nanophytoplankton species, corresponding to a diameter of 3 pm [36], for which the
doubling rate is between 2 and 3 d=! (set to 2.5 d™! here).

Parameter Definition Value

D> Gm Probability of reproducing/dying for microphytoplankton individuals 2.8 x 1074
Dns n Probability of reproducing/dying for nanophytoplankton individuals 6.9 x 1074

U Turbulent advection speed {0, 0.06} cm.s™*
A, Diffusion parameter for microphytoplankton individuals 6.4 x 1075 cm
A, Diffusion parameter for nanophytoplankton individuals 2.6 x 107% cm

Table 4.1: Definitions and values of the main parameters used in the three-dimensional BBM,
assuming the duration of a time step 7 is 24 seconds.
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Range of interaction

As we examine individual aggregation and its potential effects on interactions between species,
we have to ascertain the volume in which an individual can be affected by the presence of other
individuals, or affect other individuals. We only consider here interactions due to competition
for nutrients, and therefore need to define a nutrient depletion volume. We approximate this
volume as the sphere of radius r where C'(r) < 90%C+ with Cy, the background concentration
of the nutrient. The radius of this nutrient depletion volume is maximized when the individual
is in stagnant water so that diffusion is the only hydrodynamic process. In this case, the
depletion radius corresponds to 10 times the radius of the individual [186, 187]. We define the
maximum distance which allows for potential interactions (due to competition for resources)
between two individuals of radius a; and a; as dinreshold, and the corresponding volume of

potential interactions around an organism as Viy, = 4/37d2 eqnola With
dinreshold = 10a; + ]_OCLj. (417)

We consider this maximum value as our baseline, keeping in mind that turbulence reduces the
size of the nutrient depletion volume and increases the nutrient flux to the cell [18]. We caution
that determination of the shape of the nutrient depletion volume in the presence of turbulence

is too complex to be addressed here [187].

We consider a total volume of 1000 cm?® for microphytoplankton and 10 cm?® for nanophy-
toplankton (volumes are adapted to balance realistic concentrations and computation time)
with periodic boundary conditions. Individuals are uniformly distributed in the cube at the
beginning of the simulation. We run an idealized simulation with 3 species with an even
abundance distribution of about 10% cells L™ for microphytoplankton [271] and 10° cells L™!
for nanophytoplankton individuals [106]. We then model a more realistic community with 10
species having a skewed abundance distribution (between 55,000 and 400 cells L= for microphy-
toplankton, according to observations of field abundance distributions in [271], and multiplied
by 10% for nanophytoplankton). All simulations are run for 1000 time steps of duration 7 (cor-
responding to approximately 6h40). The computation of g and K of simulated distributions is
explained in Section 4.54 of the SI. The code for all simulations and analyses can be found at

https://github.com/CoraliePicoche/brownian_bug 3D.
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4.3 Results

We show an example of nanophytoplankton spatial distributions with and without advection
at the end of a simulation in Fig. 4.1: clustering is not visible to the naked eye, even when
zooming in on the observation volume, in the presence of advection, but removing turbulence
helps visualising small aggregates of conspecifics. Microphytoplankton distributions are not
so easy to analyse as no clusters can be detected from visual observations (although it may
actually be present), whether advection is included or not (Section 4.S5 of the SI). Statistics

are therefore needed to go further in detecting patterns of aggregation.
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Figure 4.1: Spatial distributions of a 3-species community of nanophytoplankton with and
without advection with density C' = 103 cells cm ™2 after 1000 time steps. Each color corresponds
to a different species. On the left-hand side, only a zoom on a 0.5 x 0.5 x 0.5 cm?® cube is shown,
and its projection on the x-y plane is shown on the right-hand side.
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Ripley’s K-functions extracted from numerical simulations match theoretical formula (Fig.
4.2) for both types of organisms, which also indicates that dominance indices extracted from

the simulations match theoretical expectations.
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Figure 4.2: Comparison of theoretical and simulated Ripley’s K-functions as a function of
distance (in cm) for microphytoplankton (a-b) and nanophytoplankton (c-d) in a 3-species
community with even abundance distributions after 1000 timesteps, with (a, ¢) and without
(b, d) advection. Each color represents a different species. Intraspecific K-functions are shown
with dashed (theoretical values) and solid (simulated values) lines. Interspecific K-functions
are shown with dotted lines (theoretical values) and circles (simulated values). The black dash-
dotted line corresponds to the threshold considered as the maximum distance for nutrient-based
competition.

Dominance indices all follow a similar pattern (Fig. 4.3 and 4.4). The dominance index is
close to 1 for small distances: there is always a scale at which an organism is surrounded almost
only by conspecifics. The index then decreases sharply to converge at large distances (close to

1 cm) to the proportion of the focus species in the whole community, as it would for a uniform
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spatial distribution. Patterns differ at intermediate ranges of distances between organisms.

In the presence of advection, the dominance index starts decreasing for a distance between 5
and 10 times smaller than when advection is absent, which indicates that organisms are closer
to heterospecifics when their environment is turbulent. A quasi-uniform distribution is also
reached for smaller distances with advection than without. Microphytoplankton species start
mixing for distances larger than for nanophytoplankton species irrespective of the hydrodynamic
regime surrounding them.

In a 3-species community with the same initial abundances, in the presence of advection,
microphytoplankton dominance indices are between 0.37 and 0.47 at the distance threshold for
potential interactions, while they are between 0.80 and 0.94 for nanophytoplankton species. In
the absence of turbulence, dominance indices are all above 0.98 when the distance threshold
is reached (Fig. 4.3). Microphytoplankton organisms are therefore as likely to share their
depletion volume with conspecifics as they are with heterospecifics, but only when turbulent
advection is accounted for, whereas nanophytoplankton organisms always have almost only

conspecifics around them.
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Figure 4.3: Dominance indices as a function of distance (in c¢cm) for microphytoplankton (a)
and nanophytoplankton (b) in a 3-species community with even abundance distributions (final
proportions in the community are indicated in the figure) after 1000 timesteps, with (circles)
and without (lines) advection. Each color represents a different species. The black dashed line
corresponds to the threshold considered as the maximum distance for nutrient-based competi-
tion.

More mixing in microphytoplankton than nanophytoplankton, and more mixing with advec-
tion, also holds when considering a 10 species-community with a skewed abundance distribution

(Fig. 4.4), but dominance indices are overall lower in communities with more species and with
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less even abundances. In the presence of advection, microphytoplankton dominance indices at
the distance threshold are between 0.34 (for the most abundant species) and 0.033 (for one of the
least abundant species), while they are between 0.90 and 0.85 when advection is not taken into
account. Nanophytoplankton species, too, are more mixed than in the 3 species-community:
dominance indices vary between 0.54 and 0.2 when the depletion threshold is reached (with an
exception of 0 for one particular species which had no conspecific for distances below 1072 cm)
when organisms are displaced by turbulence, while the same quantity is between 1 and 0.97

when they are only subject to diffusion.
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Figure 4.4: Dominance indices as a function of distance (in cm) for microphytoplankton (a)
and nanophytoplankton (b) in a 10-species community with a skewed abundance distribution
(final proportions in the community are indicated in the figure) after 1000 timesteps, with
(circles) and without (lines) advection. Each color represents a different species. The black
dashed line corresponds to the threshold considered as the maximum distance for nutrient-based
competition.

Differences in spatial distributions are not only due to organism sizes, which determine their
demographic and hydrodynamic properties, but also to their abundances (here set through
initial values). In the presence of turbulence, the threshold distance at which dominance falls
below 95% is smaller for more abundant species (Fig. 4.5 a-b). Abundant species tend to be
present nearly everywhere when they are mixed in the environment. Therefore, they are also
more likely to be close to a heterospecific, but still have more conspecifics close to them than
the less abundant species (D (dinreshola) increases with abundance, Fig. 4.5 c-d). However, this
increase is less marked for nanophytoplankton than for microphytoplankton (Fig. 4.5 c-d).
When turbulence is absent, the relationships with abundance are unclear, possibly affected by

sampling effects, and we refrain from interpreting them.
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Figure 4.5: Minimum distances (in cm) between points for dominance to drop below 95% (a
and b) and dominance at a distance corresponding to the threshold for competition (¢ and d) as
a function of abundances (note the logarithmic scale on the x-axis) for microphytoplankton and
nanophytoplankton. We consider cases with and without advection in a 10-species community
with a skewed abundance distribution.

4.4 Discussion

We designed a stochastic, three-dimensional, individual-based model of the spatial distribution
of multiple species in a viscous and turbulent flow. We conducted both mathematical analyses
and numerical simulations to quantify spatial correlations in the distribution of organisms.
We focused on the pair correlation function and Ripley’s K-function, for which numerical and
theoretical analyses showed a good agreement, and extracted a more ecologically-oriented metric
from them, i.e., the dominance index. This statistic is the local average ratio of conspecifics,
i.e., the number of organisms of the focal species in the neighbourhood of an individual of the
same species, divided by the total number of organisms in that neighbourhood. Intraspecific

clustering corresponds to a dominance index close to 1, which decreases when interspecific
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mixing increases. The choice of this index was motivated by two reasons: (1) it is at its
core a proportion of a focus species in a certain volume, i.e. a scale-dependent, localized
metric bounded between 0 and 1 as opposed to other statistics whose values are less directly
interpreted, and (2) it is easy to relate to coexistence theory as it describes the environment of
an organism in terms of heterospecifics and conspecifics, which can, under certain hypotheses
that we discuss below, be related to interspecific and intraspecific interactions. Comparing the
distributions of organisms of different sizes, we showed that the presence of turbulence always
increased mixing (results are robust to slight modifications in the computation of advection
velocity U, shown in Section 4.S7 of the SI). The species composition around an organism
depended on its size, which mechanically determines its hydrodynamic properties (diffusivity),
and is linked with its ecological characteristics (growth rate and density). Microphytoplankters
(20 to 200 pm), larger cells with lower diffusivity, growth rate and abundance, were on average
further away from other cells, due to their lower concentrations (Figure 4.510 of the SI), than
nanophytoplankters (2 to 20 pm). However, they were surrounded by more heterospecifics than
conspecifics within a volume of potential interactions, whose radius is defined as the maximum
distance for which nutrient depletion volumes of two different individuals may overlap. If we
consider that interactions between species (not modelled directly here because of timescale
issues, see below) could occur with equal probability at all distances within the volume of
potential interactions, we would conclude that microphytoplankters are more likely to interact
with individuals from other species than with individuals of their own species. This affirmation
is, however, conditional upon interactions at 10 cell diameters from an individual being equally
likely than at 1 diameter from an individual. If we keep in mind that interactions are more likely
or stronger at very short distances, microphytoplankters may still experience more frequent

effects of conspecifics than heterospecifics.

To see this, let us first focus on the smallest distances between organisms. The nearest neigh-
bour of an organism was always an organism of the same species, and the minimum distance
between conspecifics was always lower than expected for a uniform distribution (Section 4.56
of the SI). The dominance index remained close to 1 for distances below 1072 ¢cm or 1073 ¢cm
for microphytoplankton and nanophytoplankton respectively. There was therefore always some
intraspecific aggregation, i.e. conspecifics were always closer than heterospecifics at the smallest
distances. This is due to the prevalence of demographic processes at individual scales, because
an individual acts as a source point for other organisms of the same species, and hydrody-
namic processes do not separate conspecifics fast enough to prevent aggregation. If we consider
that interaction strengths are a smoothly decaying function of distance, a common assumption
in spatial coexistence models (e.g., [52, 201]), this implies that population-level intraspecific
interactions could be stronger than interspecific interactions due to intraspecific micro-scale
aggregation. However, the mechanisms of competition at this scale are poorly known, likely
relying on multiple types of resources with different distributions in the environment, effects

on the cell, uptakes, etc. Rather than weighting much more heavily the potential interactions
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with the closest neighbour(s) through an interaction kernel, we therefore chose conservatively to
define a maximum distance for two organisms to possibly affect the concentrations of elements
in the environment of each other. We consider that, at all distances below this threshold, inter-
actions could happen between organisms. We continue the discussion with that simplification

in mind, and explicitly mention when it is relaxed.

Dominance indices began to decrease at distances above 1072 cm, still below the maximum
distance for interactions. At this distance and above, the balance between heterospecifics and
conspecifics was much more sensitive to different phytoplankters’ demographic and hydrody-
namic traits. The species composition of an organism’s neighbourhood depended on its size:
nanophytoplankton organisms mainly shared their volume of potential interactions with con-
specifics (the dominance index remained close to 1, even near the distance threshold, i.e. the
maximum distance for the overlap of nutrient depletion volumes) while microphytoplankton
organisms could affect both conspecifics and heterospecifics (the dominance index was often
below 0.5 at the distance threshold, i.e. an individual’s depletion zone probably overlapped
with more heterospecifics’ than conspecifics’). Microphytoplankters were therefore more likely
to share their depletion volume with heterospecifics than nanophytoplankters. The rate of
production of new microphytoplankton conspecifics was not sufficient to compensate for the
mixing induced by turbulence and diffusivity, even though the diffusivity of microphytoplank-
ters was smaller than that of nanophytoplankters. There may therefore be different mechanisms
at play at the community level for microphytoplankton and nanophytoplankton to maintain
coexistence. For nanophytoplankton, the spatial structure likely leads to more interactions
between conspecifics than between heterospecifics. The spatial distribution of microphyto-
plankton species, on the contrary, encourages more interactions between heterospecifics. If we
consider that local interaction strengths are equal within the volume of potential interactions,
scaling to the population level, we would likely observe stronger intra- over interspecific inter-
actions for nanophytoplankton (a key factor in coexistence theory, [29]) but not necessarily so
for microphytoplankton. Using a timescale separation argument, we show in Section 4.S8 in
the ST how stronger interactions at population level than individual level may arise in a Lotka-
Volterra model whose spatial structure is summed up by the dominance indices evidenced here.
Stronger intra- than interspecific competition may arise at population level even when assuming
that all local interaction strengths between individuals are equal, regardless of the identity of
competitors.

All of the above discussion is based on a microphytoplankter’s neighbourhood in its nutrient
depletion volume. To simplify the computation, we used maximum volumes of potential inter-
actions, corresponding to a diffusive-only flow of nutrient particles. But when fluid turbulence
increases, nutrient uptake increases, and the size of the depletion zone decreases [187]. The pro-
portion of change in the depletion volume increases with the size of organisms: a 10 pm-diameter
organism might not experience any change, while the uptake of a 100 pm-diameter organism

would increase by at least 50% [187]. Therefore the volume of potential interactions shrinks
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in the presence of turbulence for microphytoplankton, but not necessarily for nanophytoplank-
ton. This could be one additional reason why microphytoplankers might still be surrounded by
conspecifics at ecologically meaningful distances and interacting more frequently with them.

Up to now, we have only focused on the dominance index, a localized proportion of con-
specifics. However, interactions also depend on the absolute densities of individuals. Me-
chanically, when density decreases, the distances between neighbours increase, which explains
that the distances between the low-abundance microphytoplankters tended to be greater than
distances between the more abundant nanophytoplankters (Section 4.56 of the SI). Explicit
mathematical models using pair densities to express interaction rates (e.g., [201, 275]) may be
able to incorporate those effects; however, as we highlight below, the timescales and spatial cor-
relations that are seen in such models may not necessarily represent faithfully phytoplankton
community dynamics.

Contrary to other similar models (e.g., [47, 55]), we did not consider explicit effects of local
density on survival and fertility rates. Outside of simply maintaining analytical tractability,
we had another, more biological reason to do so: we cannot be sure that these local density-
dependencies make sense in our phytoplankton context. To understand why, consider that
even if a species abundance is locally tripled, competition might not directly ensue at the time
scales covered by our model (= 7h), if nutrient depletion has not had time to set in yet. Even
if we considered longer time frames, we would need lagged local density-dependencies, which
are to our knowledge not leading to tractable spatial branching or dynamic point processes.
We could, of course, directly model nutrients, perhaps as resource “points” with a dynamics
of their own [244, 254], which in turn change the reproduction or death rate of individuals.
If the resource points risk being depleted, this entails a negative spatial correlation between
organisms and their resources [244, 30]. And that is where such models might be inadequate.
The phycosphere, a micro-environment at the periphery of a phytoplankton organism where
communities of bacteria interact [304], can also impact phytoplankton fitness, both positively
(cross-feeding) and negatively (algicidal activities of bacteria). This can sometimes lead to an
accumulation of key resources close to the phytoplankter. This will lead to positive spatial
correlations between consumers and their resources, and we currently do not have theoretical
models to represent this process (short of modelling precisely the spatial distribution of these
bacteria).

Our model should be viewed as a first model of spatial distributions of multiple phytoplank-
ton species in a realistic, three-dimensional environment at the microscale, describing only basic
hydrodynamic and demographic processes. Using this model, we were able to predict whether
phytoplankters could be in contact with individuals of their own or other species, and emit
reasonable conjectures regarding potential intra vs interspecific interactions between species,
emerging at the population level through spatial distributions [97]. It is worthwhile to keep
in mind that there are many remaining features of phytoplankton physiology and life histories

which we do not address here, but which may affect spatial distributions. Many phytoplankters
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are able to move actively in three dimensions, which can favour cluster formation [59]. Even
those who are believed to move passively actually often move along the vertical dimension by
regulating their buoyancy [285], and can at times aggregate to form pairs [123]. Finally, a part
of spatial structure is explained by the partially colonial nature of microphytoplankton [193].
This clearly calls for viewing our model as a null model to which more complex mechanistic

models and their spatial outputs can be compared.
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4.5 Appendices

Derivation of the spatial characteristics of the Brownian Bug Model

We show here how to compute the monospecific pair correlation function and Ripley’s K-
function of the Brownian Bug Model (see [345] and [272] for a detailed derivation of the master
equation). As these formula only apply to intraspecies pairs, we ignore species’ index in the
following for the sake of clarity. Similar formula for well-known spatial point processes are given
in the Supplementary Information, for readers who want to understand better the properties

of these spatial statistics.

Proof of Eq. 4.4 and Eq. 4.5

In three dimensions, when the birth rate A is the same as the mortality rate p, the pair density

G/(r) is a solution of

oG 2D 0 ( 2@@) v 0 <r48G

= () + 2 m) +2XCH(E). (4.18)

Steady-state solution We first compute the steady-state solution, i.e.

2D 0 (106 7 0 (.06
0= r2 Or (T 8r> - r2or (T 87") F20C0(E)
e (D0 (120G 7 (06
0= dnr <r2  \" o +r28r "3, +2XC0(€)
B 0 [ ,0G 0 ( ,0G 5
0=d4n <2Dar (7’ E)r’) +7§ (T 87“)) + 4mr2ACH(€). (4.19)
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We can then integrate Eq. 4.18 over a small sphere centered on an individual, with radius p.
Let us first note that

[, 0€)dg =1

o | " [ [ 896(8)6(6) sin6)drdodn = 1
& An /Op S(r)ridr = 1. (4.20)

Using Eq. 4.19 and 4.20,

0::4w<2prﬂﬂ;+~wAaG>-+2Ac

or or
oG 1 20C
5 —=——"———. 4.21
or A 2Dr? + yrd (421)
We can integrate Eq. 4.21 between p and oo. As G(o0) = C?,
AC oo 1
c* -G :——/ ——dr. 4.22
(v) 2 Jp 2Dr? + 1t " (4.22)
We first compute the primitive A = [ mdr.
A= | L (4.23)
= ————dr :
72 (2D + ~r?)
1 gl
= — d 4.24
/2Dr2 2D (2D + vr?) " (4:24)
1 0% / 1
L dr. (4.25)
2Dr 2D J 4p (1+( 273702)
With a change of variable u = /557, using [ Hﬁ = arctan(u), we have
1 /7 arctan (%)
A= — +K (4.26)
2Dr 2v/2DV/D
where K is a constant. We can know compute B = [A]%°.
VP
B VAT 1 /7 arctan (ﬁ) ‘ (1.27)

- +o——+
4v2DVD ~ 2Dp 2v2DVD
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This leads to
\C

G(p) =C* + 5B (4.28)
o M| N /7 arctan (%) AL (4.29)
- o | 2Dp 22DV D 42DVD | '

Finally, the pair correlation function g = G/C? is defined as

9(p) =

A (yerctan (55) PV (4.30)
- 47CD ' ‘

V2D P 2v2D

Time-dependent solution In the absence of advection by turbulent diffusion (U = 0, v =
0), convergence to the steady-state solution can be very slow (more than a week, see Section 4.53
in the SI). In order to keep a realistic timeframe, we need to compute a time-dependent solution.
We can get back to Eq. 4.18 with v = 0, which yields

oG 2D 0 ( ,0G
—_— = —_— 2ACH(E). 4.31
ot r28r<r 07’)+ colg) (431)
Assuming an isotropic environment, this means

aaf — 2DAG = 2)\C§(€) (4.32)

where A = V2 is the Laplacian operator. We therefore have
LG(E,t) =2XC0(&) (4.33)

where L is the linear differential operator 0; — 2DA.

Using the Green’s function theory, we know that G(y) = [ H(y, s)2AC(s)ds where H(y, s) =
H(y — s) is the Green kernel (heat kernel). We can therefore write

GEt) = 2AC fos Jy H(E — €,1)0(&)dE dr s
& GEt) = 2NC' [Y H(€,t))dt'. '
A solution for the Green’s function using £ = 0; — 2DA in 3 dimensions is H(r,t) =

3/2
(87r117t) / exp(g—;). G(r,t) can then be computed as

—erf ( L )
— _ " \V8tD/
G(r,t) =2)\C ( S~Dr + K) (4.35)
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where erf is the error function. Using G(r,0) = C? and lim,_, ., erf(z) = 1 in Eq. 4.35,

C? = 20C + K
o . (8 Dr ) (4.36)
= 22~ 8xDr K.
We can finally compute G(r,t):
erf(\/%) c 1
G<T’ t) = 2MC | - 8w Dr + 2X + 8Dmr
4.37)
_ AC r (
- 47 Dr {1 —erf (\/SDt)} + ¢
& g(rt) = ﬁ{l—erf( th)}+1‘
Proof of Eq. 4.8 and Eq. 4.9
We can integrate the pcf formula to compute Ripley’s K-function, as g(r) = ZFEQ
Steady-state solution From Eq. 4.30,
ﬂrQ arctan( Vil ) 2
_ A r V2D ok
K(p) = 4m [+ 25 |55 + DT — 4\/;13\/5 dr. (4.38)
We define A = [§r?dr , B = [§ 55dr, C = [§ r?arctan (%) dr and E = [J 4\‘;;}
A= %p3.
B= Z. (4.39)
E— a7
12v2DVD"
We can also compute C' = [§r?arctan (%) dr. We first change variable, with u = \/;—D,
dr = v/2Ddu, and obtain
C = (2D)%? fop/@ u? arctan(,/yu)du. (4.40)
We can integrate by parts, with f = arctan(,/yu) and ¢’ = u?, which leads to
3 \/7 u3
C = (2D)*? (3(21%)3/2 arctan(, /55 p) — fp/ w2+1)du) _ (4.41)
We then substitute v = yu? + 1, du = ﬁd“» and have
V2D 3 2/2D+1 4
I’ Gurrn @ = I P etdy
2
z}yz TP Ly (4.42)

= =0 - 10g(72D+1))
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Going back to C, we obtain

3 arctan(y/ 55 0) 2
C = LEEENVEE oDy YTL (507 — log(v4 + 1))

4.43)
p3 arctan(y/ 5% p) 3/2 2 (
= FYEDE 2P 2 2B log (45 + 1),
Combining all equations,
4_ 3 o [ p2 VAp® arctan(y/ 55 p) 2 log (7%+1) NGl
K(p) = 570"+ i+ sampr ~Bb T 6 T vip/b
2 (4.44)
. Ve arctan(y /55 p) log ('yéniDJrl) VTP
= 5T’ + 30 (D + N ~ ~ 2v2DVD | -
Note that in the absence of advection,
g(T) = 47TéD7‘ +1
= K'(r) = 45+ 4mr? (4.45)

2CD

Time-dependent solution In the absence of advection (U = 0,y = 0), we need to compute

a time-dependent solution. From eq. 4.37,

K(p) = )\ACQfop r{l - e (\/@)} +47”’2d (4.46)
= & (L —fr F

We first compute the primitive for [§r x erf ( ) dr. We define u = \/ﬁ, dr = /8Dtdu,

then

forxerf( )dr = 8thp/ru><erf( ) du. (4.47)

We can integrate by parts, with f = erf(u) and ¢’ = u, and obtain

8thp/\/7u><erf(u)du = 8Dt (pQIerf( fp/\/i 2= du ) (4.48)

8Dt )

We integrate by parts again, this time with f = u and ¢’ = ue™*, which leads to

/uze_UQdu = 2/ ~du = — \/_erf( ) (4.49)

4
If we use Eq. 4.49 in Eq. 4.48,

p/V/8Dt _ erf(257) 1 _22
8D xert (w)du = 8Dt (4 shy ent () = I 4 L EE)
< fF rxerf( )d’r = ferf(ﬁ)(p —4Dt) + V\Q/?pe—ﬁ.
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We can now compute K (p):

2 v o’
K(p) = &y (% -~ beri(o) (o2 — D0 — PBecdn ) 1 dmph. (451)
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4.S Supplementary Information

4.S1 Derivation of the turbulent map

We show here how to derive a discrete-time map for turbulence from the continuous-time
formula. We consider that the velocity field u” = (uy, u,, u.) at position z? = (x, y, 2)

alternates between the three dimensions during a period 7, so that

(U cos(ky + ¢),0,0) fornt <t < (n+ %)’7’
u’(@,t) = (0,Ucos(kz +0),0) for (n+ )7 <t<(n+2)r (4.51)
(0,0,U cos(kx + 1)) for (n+2)7 <t < (n+1)r.

The discrete-time map can be obtained by computing the displacement over a period, be-
tween t = n7 and t + 1 = (n + 1)1, with 2(t + 1) = =(t) + ["*V"u(z, t)dt, and knowing the
initial position x(¢). This can be solved in three steps (eqs. 4.52, 4.53 and 4.54). We start
with

a(t+7/3) = a(t) + 4 cos(ky(t) + ¢)

y(t+7/3) = y(t) (4.52)
2(t+71/3) = 2(t).
Then,
z(t+27/3) = z(t+17/3)
y(t+27/3) = y(t) + 5 cos(kz(t) + 0) (4.S3)
2(t+27/3) = 2(t).
And finally,
r(t+71)= x(t+171/3)
y(t+71) = y(t +27/3) (4.54)

2(t+7)= 2(t) + Y cos(kz(t +7) + ).

In the third step, we need z to be a function of x(t47), not x(t), so that the volume is conserved

(the determinant of the Jacobian matrix is equal to 1).

4.S2 Characteristics of standard spatial point processes

In order to get the reader acquainted with the spatial point process metrics that we use in the
main text, we present here the analytical formulas and corresponding figures (Fig. 4.S1 and
4.52) for the pair correlation function, Ripley’s K-function and dominance index for well-known
point processes. We focus on the uniform distribution, i.e. the Poisson point process, and a
clustered distribution, the Thomas point process. The Thomas point process is the result
of a two-stage mechanism: a Poisson point process generates “parent points” around which

“daughter points” are scattered, their locations following a Gaussian distribution centered on
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the parent location, with standard deviation ¢. The numbers of parents and daughters per
parent follow two Poisson distributions with mean N, and N, respectively. All solutions are

given for three-dimensional spatial distributions.

Pair correlation function

In the case of a Poisson point process,
Vr >0, giu(r) = 1. (4.S5)

For a Thomas point process, the expected value of the pcf is

— 1 4o 4

where C, = N,/V is the concentration/intensity of the parent process in the volume V.

For a random superposition of stationary point processes with marks (species) i and j,
Vi # j,¥r >0, g;;(r) =1 [169, p. 326, eq. 5.3.13].

Ripley’s K-function

In the case of a Poisson point process,

Vr >0, Ky(r) = ;171'7’3. (4.57)

For a Thomas point process,

Ky(r) = %71'7“ + c \/_ (O’\/7_Tel"f <27:;) - re<22)2> . (4.98)

For a random superposition of stationary point processes, K;;(r) = f7rr [169, p. 324, eq.
5.3.5].

Dominance index

In the Poisson point process, K;;(r) = K;;(r), which means that the dominance index can be

reduced to ratios of concentrations:

Di(r) = (4.59)
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In the Thomas process, using eq. 4.58,
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Figure 4.51: Example of spatial distribution (a) and theoretical pair correlation function (b),
Ripley’s K-function (c¢) and dominance index (d) for a Poisson point process in 3-species com-
munities with different intensities (10000 cm™3, 1000 cm ™2, 5000 cm™3; proportions in the
community are given in the figure).
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Figure 4.52: Example of spatial distribution (a) and theoretical pair correlation function (b),
Ripley’s K-function (c¢) and dominance index (d) for a Thomas point process in 3-species
communities with different parent intensities (200 cm™2, 100 cm™3, 100 cm™2), and different
children per parent intensities (50, 10, 50; final proportions in the communities are given in the
figure), with o = 0.01.

4.S3 Convergence in time of the spatial characteristics of the BBM

The theoretical formulas of g, K and D can be used to study the behaviour of the BBM. In
the absence of advection, convergence cannot be reached in a reasonable timeframe: even a
week is not long enough for the steady-state solution to be reached (see blue line in Fig. 4.53).
However, the population-at-equilibrium hypothesis that we use cannot hold for such a long
amount of time, which led us to use the time-dependent formulas shown in Eqs. 4.5, 4.9 and

4.12 in the main text.
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Figure 4.53: (Caption next page.)
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Figure 4.53: Intraspecific pair correlation function (a, b), Ripley’s K-function (c,d) and dom-
inance index (e,f) as a function of distance (in cm) for microphytoplankton and nanophyto-
plankton in the absence of advection, for a single species in a 3-species community with an
even abundance distribution. Shorter timeframes are shown with light grey lines while longer
ones are shown with darker shades. The theoretical value at steady state is shown in red. The
duration currently used in the simulations (¢ = 10007) is shown with dashed black lines. A
duration corresponding to a week is shown with solid blue lines. Dotted orange lines correspond
to the distance threshold for interaction.

In a similar fashion, we can show with the dominance index (Fig. 4.54) the progressive
clustering of individuals with time when advection is absent, and compare it to the steady
state this time with advection. We see that even after a short period of time (¢ = 1007), the
dominance index without advection is larger than with advection, and this spatial aggregation

only grows with time in absence of turbulent advection.
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Figure 4.54: Theoretical dominance indices as a function of the distance (in cm) from a particle
of a given species, for a microphytoplankton (a) and nanophytoplankton (b) 3-species commu-
nity with an even abundance distribution, with (red line) and without (grey to black lines,
with darker lines for longer simulations) advection. The vertical dashed line corresponds to the
distance threshold for interaction.
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4.S4 Computation of the pair correlation function and Ripley’s K-

function

The algorithm for the pcf computation was adapted from the function pcf3est in spatstat
2.2-0 [22] and slightly modified to compute the interspecific pcf (i.e., the pef for marked point
processes).

The pcf estimate §;;(r) is computed via the use of the Epanechnikov kernel xz with band-

width 9, i.e.

9ii(r) = &g o Lrei Liey e(r — ||loe — @l Jw (@, ) (4.511)

where w(axy, x;) is the Ohser translation correction estimator [256] and the kernel is defined as
follow.
3 (1—ﬁ) for —6<x<§

45 52

kp(z) = (4.512)

0 otherwise.

The estimate §;;(r) is therefore very sensitive to the bandwidth: if it is too small, the
estimate is noisy and may even be missing several pairs of points; if it is too large, the smoothing
might be so important that values are strongly underestimated. In spatstat 2.2-0 [22], the
bandwidth default value is 6 = 0.26C~/%. The pcf computation function was first tested on
standard distributions (with the default bandwidth), then on the Brownian Bug Model (with
different bandwidths, see Fig. 4.57).

Estimates of the Ripley’s K-function were also computed with the Ohser translation cor-
rection estimator but did not require any kernel smoothing. The same computation could be
done using wrapped-around boundary conditions (for pcf estimation; for simulation we always

consider periodic boundary conditions).
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Figure 4.55: Intra- and inter-specific Ripley’s K-function and pair correlation function values
as a function of distance (in cm) for 3 species following a Poisson process with intensity 10
cm ™3, in a volume of 1000 cm?. Values computed from our simulations (circles and solid lines
for intra- and interspecific values, respectively) are compared with theoretical formulas (dotted
lines). Note that theoretical values are the same for intra and interspecific indices for the
Poisson distribution. Colors correspond to the different species (red for species 0, blue for

species 1, grey for species 2).
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Figure 4.56: Intra- and inter-specific Ripley’s K-function and pair correlation function values
as a function of distance (in cm) for 3 species following a Thomas process with parent intensity
C, = 200 cm™?, number of children per parent N. = 50, in a volume of 1 cm?® o = 0.01
and 0 ~ 0.012. Values computed from our simulations (circles and solid lines for intra- and
interspecific values, respectively) are compared with theoretical formulas (dashed and dotted
lines for intra- and interspecific values, respectively). Colors correspond to the different species
(red for species 0, blue for species 1, grey for species 2).
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Brownian Bug Model

While the pcf was one of the first indices that we intended to use, we quickly realized that
the combination of the large range of distances we wanted to explore (from 107 to 1 ¢cm) and
the low density of individuals, at least for microphytoplankton, made the estimation difficult
as the choice of the bandwidth was critical. We give an example of the sensitivity of the pcf
computation to the bandwidth below (Fig. 4.57).
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Figure 4.S7: Intraspecific pair correlation function as a function of distance (in cm) computed
for the Brownian bug model with microphytoplankton individuals, after 1000 time steps, with
different values of the bandwidth §. The dashed line indicates the theoretical pcf.

We decided, realizing that it would be very challenging to obtain a non-noisy pcf curve
matching the theoretical expectation, to focus on Ripley’s K-function whose cumulative nature
helps the estimation process, which enabled us to compute the dominance index without having
to calibrate a bandwidth beforehand.
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4.S5 Spatial distributions
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Figure 4.S8: Spatial distributions of a 3-species community of microphytoplankton with and
without advection with density C' = 10 cells cm ™2 after 1000 time steps. Each color corresponds
to a different species. On the left-hand side, only a zoom on a 2 x 2 x 2 cm?® cube is shown,
and its projection on the x-y plane is shown on the right-hand side.
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4.S6 Minimum distances between individuals

Theory

One of the reasons why estimating K (r), and even more so g(r), is difficult is that for small
distances (below 1072), we can find very few observations of pairs of points. In order to better
understand at which distance ranges we should expect some estimation difficulties, we wanted
to compute the minimum expected distance between points (distance to the nearest neighbour,
DNN) when they are uniformly distributed.

In d dimensions, the probability distribution of the distance r to the nearest-neighbour
follows f(r) = dbgCr® ' exp(—byriC)) where C' is the intensity of the process. If we want to
find the distribution of the minimum DNN between n realized points of a Poisson process with

intensity C', we can write

P(min(Ry,...,R,) >r) = P(Ry >r,..,R, >71)
I'P(R, > 1)
= IIPexp(—byriC)
= exp(—bgrXlC).

(4.813)

We can then conclude that the distribution of the minimum distance follows the same
distribution as the DNN, but with intensity nC'.

Clark & Evans [80] show that a variable with probability distribution (with notations

changed to fit our own) f(r) = W#QXP(_(;WS/QICI) = dCbri-1! eXp(_Obdrd) has an ex-
d 1/d 1 ) (z+1)
pected value of py = (F(E?l))dﬂlg(aﬂ)_
(P(¢+1)" (L +1)

With intensity nC', we can write (nOY a7

In three dimensions,

pa = (nc)-1/3 LG /2 e
= ()™ (3003/2) 4T /3) (1514
~ 0.554 7.

This needs to be taken into account when defining C'. For microphytoplankton, using
C =10 cells cm™ and n ~ 10*, the expected smallest NN distance for a uniform distribution
is 1.2 x 1072 ¢cm. For nanophytoplankton, using C' = 10? cells cm™ and n ~ 10%, it is reduced
to 2.6 x 1072 cm

Simulations

We can compute the simulated distance to the nearest neighbour in the BBM and compare

it to what we should obtain with a uniform distribution: the simulated mean distance to the
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nearest organism, regardless of its species, is close to the expected value for a uniform spatial
distribution, but the minimum distance to a conspecific is much lower than expected (Fig. 4.59

for microphytoplankton, results are similar for nanophytoplankton).
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Figure 4.59: Mean and minimum distance (in ¢cm) to the nearest neighbour for 10 microphyto-
plankton species with density C' = 10 cells cm ™2, with and without advection, after 1000 time
steps, compared to predictions for a uniform distribution. Horizontal lines show the average
distance to the nearest neighbour (grey line) and the expected minimum distance to the nearest
neighbour with the actual number of realizations (black line). Circles and triangles represent
mean and minimum distance to a conspecific, respectively. Boxplot corresponds to the dis-
tribution of mean (grey outlines) and minimum (black outlines) distances to a heterospecific.
Colors correspond to different species.
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Relationship with densities

In the case of a uniform distribution, an increase in density leads to a decrease in distance to
the nearest neighbour (eq. 4.514). Mechanically, we can indeed expect that if the number of
particles increases within the same volume, they likely get closer to each other. We confirm

that this is also the case in the Brownian Bug Model.
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Figure 4.510: Mean distance (in cm) to the nearest conspecific (filled circle) or heterospe-
cific (empty square) as a function of density in the environment for both microphytoplankton
(black) and nanophytoplankton (grey) communities with a skewed abundance distribution, in
the presence of advection.

4.S7 Sensitivity to the computation of the advection parameter

To compute the value of the maximum velocity of an organism in our model at the Kolmogorov
scale, we used the formula Re = U/kv ~ 1 where k is the smallest wavenumber associated with
turbulence. However, we could compute the Reynolds number with another, slightly different

formula, using the equivalent sphere diameter (L,) of our system (eq. 4.515). In this case,
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Re=UL,/v and

() = I
s L, = 2L(2)"” (4.515)
& L, = 1.24 cm.

Ifweuse U =~ v/L,, U ~81x107°ms~!. Using Ur/3 = 0.5 cm, we have 7 = 185 s = 2.1x 1073
d. This means that v = 164 d~1. As could be expected, when the flow velocity decreases, mixing
decreases (Fig. 4.511).
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Figure 4.511: Dominance indices as a function of distance (in cm) for one species in a mi-
crophytoplankton (a) and nanophytoplankton (b) 3-species community with even distributions
after 1000 timesteps with (circles) and without (lines) advection for different durations of the
timesteps, with reference parameters (black) and lower flow velocity (grey).

4.S8 Relationship between the dominance index, relative strengths

of interactions and coexistence in Lotka-Volterra models

In this section, we evaluate the potential relationship between local dominance, ratios of intra-
to-interspecific interaction strengths observed at the population level, and their consequences in
a spatial, dynamic point process Lotka-Volterra framework. Let us define y; the average growth
rate of a typical individual of species i. Assuming it is linearly dependent on the abundances

of the individual’s conspecifics and heterospecifics within a neighbourhood of radius r,

pi(rt) = b+ Buki(r,t)Ci(t) + BioXjridij(r, t)Cj(1)

(4.516)
= bz + BuMz(rv t) + BioMi (Tv t)
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where b; is the intrinsic individual growth rate, and (3;/5;, are individual-level interaction co-

efficients with a conspecific / heterospecific, respectively. C;(t)K;;(r,t) is the expected number

of individuals of species j around a typical individual of species ¢ within a sphere of radius r cen-

tered on the focal individual at time ¢t. M;;(r,t) = K;(r,t)C;(t) and M;o(r,t) = X;4K;(r, t)C;(t).
If we are close to an equilibrium at the local scale, and intra- and interspecific interaction

strengths are equal at the individual level (B; = Bi, = ), on average,

bi + 5Mii(7“, t) -+ 5Mio(r7 t) =~ 0. (4817)

We can now focus on the dynamics at the community level. We denote o;; the interactions at
population level (by contrast to f3;; at individual level, as in 334). Assuming that all interspecific
population-level interactions are similar to one another so that a;; = oy, if j # ¢, the per capita

growth rate

dc; -
L0~ p 0 Cilt) + aiColt) & 0. (4.518)
We can then write the approximate equalities «o;; ~ 5 c” (Zt and o, ~ 6 C“’ Z)t) by matching

Eqs. 4.516 and 4.518, and obtain the population-level interaction strength ratio

Qo ~~  Mio(r,t) Ci(t)
@i M) Co(t)” (4.519)

Using the formulation for the dominance index

D;(r,t) = _Murt)
LA 11(7’ t)'f‘Mw(T t)

o Molt) _ (D) (4.520)
M;i(r,t) D('rt) :

Thus the population-level interaction strength ratio can be written out as a function of the

dominance index and of the ratio of conspecific to heterospecific density:

o (1= Difr,1) Gt
Qi Di(r,t)  Co(t) .

(4.521)

Let us first focus on microphytoplankton in a 3-species community with an even dis-
tribution of abundances. We know that D(dpresnola) =~ 0.4 at equilibrium. In this case,
%ga(& 0.75. For nanophytoplankton, D(direshora) = 0.9, thus %2 = 0.06. Both

ratios of population-level interaction strength are below 1, in spite of the §;; = (5;, = 8 assump-

tion, and therefore meet a necessary condition for diversity maintenance in a Lotka-Volterra
model. Similar calculations for the 10-species communities, combining small dominance indices

to low average concentrations, lead to % < 1, compatible with coexistence [28].
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Chapter 5

Conclusion and perspectives

The models built in this thesis were intended to alleviate some of the common hypotheses used
in classical phytoplankton community dynamics models, i.e., competitive-only interactions,
single life-stage demography and homogeneous spatial distribution. These assumptions were
not challenged all at once, leading to two separate models with different levels of precision in
the life cycle and state variable (population or individual), as well as different time and spatial
scales. In both cases, we endeavoured to model a semi-realistic biodiversity by describing more
than two or three species, as is often done in other coexistence models. While these smaller
models are helpful to decompose diversity maintenance mechanisms, they may nevertheless
miss phenomena emerging from the increased dimensionality we described. In Chapter 2, we
used a classical, mean-field, community dynamics model but added a dormant stage to the
phytoplankton life cycle, as well as facilitative interactions. We showed that the presence of a
dormant stage enabled specialists to maintain and allowed more species to coexist in adverse
environmental conditions. Facilitation, on the contrary, tended to destabilize communities.
We then replicated the results of the Brownian Bug Model, an individual-based model of
phytoplankton in a turbulent and viscous environment at the microscale, for a single species
and in two dimensions in Chapter 3, to later develop a three-dimension, multispecies version in
Chapter 4. This model focused on relative positions of organisms in the smallest possible eddy
in a typical oceanic environment, but did not explicitly represent interactions or life stages.
Spatial heterogeneity emerging from local reproduction and limited-range movement gave us
some insight into the way phytoplankton distribution could partially explain coexistence. As
is always the case, these models are far from definitive depictions of reality. In this section, we
discuss some of the other, ‘real-life’ mechanisms that are absent from this thesis but could have
a significant effect on model behaviours and our understanding of coexistence in phytoplankton

communities.

Natural enemies Phytoplankton populations exist within a complex food web, which is
often taken as a major driver in NPZ models. The community dynamics model developed
with a dormant stage in Chapter 2 only models phytoplankton, i.e., presents only one trophic
level. Intra and interspecific regulation by competition for nutrients and by natural enemies
are implicitly included in ‘apparent’ interaction strengths. However, a slightly more mecha-
nistic model could be considered, as apparent interactions are the result of different processes,
including consumption / exploitation by natural enemies. Predation, for instance, can regulate

most abundant species via the ‘kill-the-winner’ mechanism [14]. In addition to the exploiters
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usually modeled (mainly zooplankton, sometimes larger filter-feeders), viruses are also part
of phytoplankton natural enemies, are numerous in marine environments [60] and can affect
population dynamics through host lysis. They interact with other trophic levels by diverting
part of the phytoplankton biomass from upper trophic levels (e.g., zooplankton) to dissolved
organic matter (a mechanism called ‘viral shunt’ [335]). The contrasting functioning of viruses
and zooplankton may lead to different effects on the observed co-variation of phytoplankton
abundances. Viruses have a faster growth rate than zooplankton (=~ days vs weeks), and there-
fore a shorter delay in their response to phytoplankton abundance increase. They also tend to
be specific to certain hosts [63] and may therefore have a higher effect on apparent intraspecific
regulation while zooplankton, with their generalist profile, may have a similar impact on all
phytoplankton species. A more mechanistic model could allow us to explore the effects of these

differences on phytoplankton.

Exploiters can also be implicitly modeled by introducing delays in phytoplankton dynamics
in the seed bank model. Considering this modification raises two main questions: (1) how
impactful is exploitation on apparent interactions between organisms? and (2) what is the
effect of the exploiter’s specificity? The two ends of the exploitation spectrum (though this
is a somewhat exaggerated presentation), virus infection and zooplankton predation, offer a
good framework to study these questions. The answer to the first question, the effect of
exploitation on observed interactions, determines the way parameters can be modified in the
model. The effect of natural enemies can indeed be described in at least two ways: (la) they
can directly define interactions between organisms, i.e., interactions are considered to emerge
from exploitation only, which could be observed, for example, in a nutrient-rich environment, or
(1b) they can alter loss rate, i.e., interactions are due to other processes, such as competition or
auxotrophy, and phytoplankton biomass is lost to exploitation in addition to natural mortality.
In both cases, either strength of interactions or loss rate would be modified by the value
of phytoplankton in the past, that is the value which has actually impacted zooplankton or
virus abundances. Thus, Nyy; depends both on N; (the current phytoplankton population)
and N;_, (which determines the kill rate of the exploiter), with 7 depending on the speed
of the dynamics of the exploiter (7 being smaller for viruses than for zooplankton). Natural
enemies can also be (2a) specialists or (2b) generalists. In the second case, an exploiter can
consume all species in the community and is therefore sensitive to the total abundance of the
community Nyr = ¥;N; ;. We can therefore propose approximate formulas for four different
models accounting for exploitation: interaction strength or loss rate of the focus species 7

depends either on N;_.; (specialist exploiter) or N, r (generalist exploiter).

Remember that, in model II of the seed bank model (Eq. 2.3),

exXplr; T NZ
Nyons = p(ri( ))a']é;j — IN,; (5.1)

1+ Zje(C,JF H;j+Ny ;
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where Y icc g mi\fw quantifies the saturating effect of competitive C and facilitative F

interactions on the growth rate of species i, and [ is the total loss-rate.
If interactions are only related to species-specific parasitism,

exXplr; T NZ
Nirni = p(a’N(t’j)) t —IN,,. (5.2)

. L ac . ’
1+ ZJE(C’]F’HAZ H;j+Ny ; + H;i+Ny Nt_T’l

If interactions are only related to generalist predation,

exp(ri(T)) Ny

1 + #C;NMNT(t - T)

Nt-i—h,i - - th,i' (53)

If exploitation impacts the loss rate, a new formulation can be considered, i.e.,

lm xN —T,% : N : :
met=nt - for species i-specialists
[t t—7) = ¢ i (5.4)
max{Vt—7,T :
i Ne o for generalists

The delayed models are meant to express that a more exploitation-driven view of interactions
may have led to different representations than those of Chapter 2. Such models would require to
search for new values of interaction coefficients. As predation can lead to apparent facilitation
[1], this might be of interest in the community we modeled based on observations, where
up to 70% of apparent interactions were facilitative ([271], provided in Appendix A). Without
actually running simulations, however, it is difficult to predict if the populations would be more
resistant to facilitation increase than in the case we presented in Chapter 2. Dependence on
delayed abundance could also accentuate the phytoplankton cycles that are currently observed.
While we do think dynamics would be modified and give us information on the different effects
of exploiters’ dynamics, we do not expect an increase or decrease in community resistance to

harsh environmental conditions.

There already exists a variation of a NPZ-model which takes into account nutrients, natural
enemies (viruses and zooplankton) and cysts [122]. This model confirms that interactions
between (grazing and lysis of phytoplankton) and within (competition for nutrients) trophic
levels regulate the blooming events (duration and intensity) which characterize phytoplankton.
It also indicates that viruses control phytoplankton succession and that cysts provide a refuge
for phytoplankton types which would otherwise go extinct due to parasitism. Oscillations and
chaotic behaviours emerge in a constant environment as endogenous fluctuations take over.
However, as is usually the case in this type of model, the phytoplankton community only
comprises three functional types (with only one type being able to form cysts), therefore does
not give much information on the way closely related species can survive together in a diverse
community. It may be useful in the future to compare the results of these two models, as we
use 11 species, all with a seed bank but with slightly different thermal niches. We could thus

study different resistances to environmental conditions in addition to endogenous (exploitation-
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related) fluctuations.

The spatial component of this thesis gives a mostly physics-based depiction of organisms
in an aquatic environment. Spatial distributions are the product of passive displacements of
individuals. While this offers a first approach of phytoplankton distributions at the scale of a
few individuals, this lacks many biological traits of phytoplankton, some of which could have a
great impact on spatial distribution. We propose that the version of the Brownian Bug Model
presented here could be seen as a point of comparison (a ‘null’ model) to test the effect of other

mechanisms.

Coloniality The first trait that should be taken into account when modeling phytoplankton
aggregation is their ability to combine in colonies, defined in [136] as protist bodies “consisting
of a group of cells held together by mucilage or cell wall material”. Colonies often take the shape
of a filament, or ‘chain’. Approximately 25-30% of microphytoplankton (diatoms and dinoflag-
ellates) and nanophytoplankton taxa are colonial ([315, 281], but this number reached 70% in
experimental cultivations of 63 species of coastal diatoms [61]). Chains increase the apparent
size of phytoplankters, sometimes by several orders of magnitude (an extreme —and rare— ex-
ample is the 50 cm-long tube formed by ~ 30 pm-long Navicula thallodes [196]). Colonies seem
to be most abundant during blooms [189], but studies of environmental conditions encouraging
chain formation do not always concur. Predation and nutrient availability are among the most
common factors mentioned in relation with coloniality. The size increase resulting from aggre-
gation in colonies is often thought to reduce consumption by copepods but it also increases the
predation risk as detection is facilitated [35, 293]. Some species may therefore decrease their
chain length in response to grazer cues [44, 49], which partially contradicts the “defence against
predation” hypothesis (but see [218], which summarizes some observations of grazer-induced
colony formation). Nutrient availability may also be a driver of chain formation: diffusive nutri-
ent transport is reduced around a chain when compared to a solitary cell [263, 35], which makes
long chain formation more likely in nutrient replete conditions. This is true in experiments but
not necessarily in the field [316], and some observations either show no relationship between
the number of chains and nutrient concentrations [189], or longer chains in depleted nutrient
conditions in the field [311]. In addition to diffusive transport, turbulence around a chain can
also affect advective transport of nutrients. Strong turbulence may balance the limitation in
diffusive transport and enable chain maintenance even with low nutrient concentrations [93].
Due to their size, colonies occupy a slightly different hydrodynamics regime than single cells
(Fig 1.1), which may encourage coexistence of single life and colonial forms [223]. Finally, chain
formation has an effect on the group buoyancy, even if it is not clearly resolved: chains may
sink faster due to their size, but their sinking speed is slower than expected for single cells of
the same volume [285].

Colony formation is therefore a key process in phytoplankton ecology. By encouraging
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aggregation, it likely increases intraspecific competition for nutrients, except when turbulence
is strong enough to balance out diffusion limitation. However, aggregation partially protects
the individuals from other loss mechanisms, due to predation (note that it might not be the
case for viruses, which likely benefit from clustered hosts). In our model, adding a mechanism
of chain formation would likely increase intraspecific aggregation while not necessarily affecting
interspecific distances. It would thus augment the dominance of a colonial species at scales
corresponding to the expected chain length. We expect difficulties in modeling this process, as
chains only extend in one dimension. Heterospecifics can easily get close to the cells along the
other two dimensions, and partly balance intraspecific aggregation along the chain. Turbulence
would have to be modified around these chains, and the diffusivity of individuals in a colony
should be reduced, at least along the chain, due to their stickiness (chain flexibility should
actually interact with turbulence, but this would require much more changes in the model,
maybe switching to a different representation of the diatom, from points to solids, e.g., [247,
344]).

Motility Motility, sometimes modeled in other IBMs, is another important feature of phy-
toplankton. In our model, we followed the simplest, classical idea that microphytoplankton
organisms are passively transported in their environment. However, many observations show
that this is not the case, as species have evolved numerous ways to regulate their movements
(e.g., gliding, swimming, regulation of their buoyancy). Motile diatoms and dinoflagellates can
represent more than half of the taxa observed in the field [315, 281]. Movements can be moti-
vated by photosensitivity [83], or the presence of toxic elements [84]. It can also be coupled to
coloniality, enabling organisms to come together. Phytoplankters can indeed sense and affect
each other’s movement. As mentioned in Section 1.3.3, there are some models of organisms
interacting in this way, eventually leading to patchy distributions [59, 56]. Buoyancy modifi-
cation in response to turbulence, which can be considered as a movement regulation along the
vertical axis, can also increase clustering of organisms [53, 19]. Motility characteristics were not
shown as continuous variables in these models (e.g., no displacement speed variation, but rather
‘motile or not’), and therefore the ‘communities’ considered did not exceed two species. Thus,
we have no information on the intensity of intraspecific clustering compared to interspecific
distributions in a rich community:.

Adding motility to our model would be of interest if taking into account incentives: it can
either be by adding resource points, or, implicitly, by biasing the random walk of individuals
towards their conspecifics (in the case of colonial organisms). This would likely require com-
puting the local intensity of attraction exerted on every individual by surrounding neighbours,
as a function of their distance. Technically, this means that kernels of attraction should be
computed at every time step, a highly computation intensive process (see paragraph ‘Com-
putational optimization’ below). Buoyancy regulation poses another issue by differentiating

the vertical dimension from the horizontal dimensions: up to now, dimensions in our model
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are commutable without affecting the properties of the system. With these changes, we ex-
pect intraspecific aggregation to become stronger, as results from other models always show

aggregation due to motility (e.g., [102, 59, 56]).

Phycosphere When trying to infer potential interactions between organisms based on their
distance from each other in Chapter 4, we only took into account competition for nutrients.
The separation between individuals was compared to the maximum size of the concentration
boundary layer in a diffusive environment, and we assumed that competition might happen
if distances were lower than this threshold. Phytoplankton organisms, however, are able to
modify their direct environment in more than one way; the formation of a phycosphere is one
of these fundamental interfaces [304]. The phycosphere is the volume surrounding an individual
where exchanges of many chemicals take place between the phytoplankton cell and bacteria.
To summarize multifarious interactions comprising commensalism, mutualism, competition,
antagonism and parasitism, phytoplankton leak, but also actively exude, organic compounds
used by bacteria, which in turn release both detrimental (e.g., algicidal substances) and benefi-
cial compounds (e.g., vitamins). Competition for nutrients does happen, but bacteria can also
increase the affinity for limiting nutrients (e.g., iron). Overall, cross-feeding seems to dominate:
association with bacteria mostly contributes to phytoplankton growth [304, 183]; conversely,
phytoplankton dynamics partly control bacteria community composition in their surroundings
[305]. The ‘marketplace’ [304] that represents the phycosphere is therefore another volume of
resources around a phytoplankter that we can take into consideration. The major change from
the nutrient depletion zone is that the gradient of resources is reversed (Fig. 5.1): whereas
nutrients become more depleted when getting closer to the surface of the cell, the phycosphere
resource concentrations likely increase as phytoplankton exude elements, and bacteria are often
fixed on the cells. In the case of nutrient depletion, nutrient and phytoplankton concentrations
are negatively correlated, but in the phycosphere case, a positive correlation between phyto-
plankton and resources is likely. A higher density of phytoplankton increases the concentrations
of substrates used by bacteria, potentially creating a positive feedback loop. Clusters, either
made of close singular cells or colonies, may thus promote growth instead of increasing density-
dependent competition. As bacteria community composition seems to partially depend on their
host’s species, aggregation may be more important for conspecifics than for heterospecifics [40].
The second difference between the nutrient boundary layer and the phycosphere lies in the
effect of turbulence. Although strong turbulence increases nutrient uptake [187], it can thin
the phycosphere layer to the point of mixing its compounds in the environment [304].

The effect of the phycosphere, though, varies with the size of the organism. The phyco-
sphere volume is partly determined by the volume of the focal individual [177]: larger cells
leak more organic matter, which increases the distance of detection by a bacteria, and there-
fore their encounter rate with phytoplankton. Nanophytoplankton, however, have a nearly

negligible phycosphere which remains undetectable by bacteria [304]. This is not to say that
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nanophytoplankton phycospheres do not exist, but they might be less dense, and less impactful
on their dynamics. The phycosphere is therefore an additional mechanism that differentiates
microphytoplankton and nanophytoplankton, and that may explain the divergence between size

classes observed in potential interaction distributions.

C1 C2

C3
Nutrient
boundary Phycosphere
layer

Figure 5.1: Schematic view of phytoplankton cells (green circles) with their spheres of influ-
ence (nutrient boundary layer on the left-hand side and phycosphere on the right-hand side).
Lighter and darker shades of grey correspond to lower and higher concentrations of elements,
respectively. Cells C1 and C2 share their spheres of influence and may be able to affect each
other: an interaction is possible. Cell C3 is too far from the other cells to be affected by them.

I have reviewed until now mechanisms that encourage intraspecific aggregation and likely
modify intraspecific interactions. Indeed, when motile organisms sense conspecifics nearby, they
can be motivated to get closer and form colonies. Increased interactions may ensue, especially as
organisms both compete for nutrients and potentially share elements from their phycospheres,
which result in both positive and negative effects on organism growth. I now turn to more
technical questions: how to define a more complex turbulence structure, and how to overcome

potential computational limitations that could hinder model modifications.
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Larger scales The BBM was first built with the Kolmogorov scale in mind, and approximates
the distribution of individuals within the smallest possible eddy in the ocean. This allowed us
to use a single wavenumber model of the flow. However, we could consider bigger volumes and
slightly higher Reynolds numbers (as done in [102; 59], with 20 < Re < 101). To do so, we

could complexify the Pierrehumbert map with N wavenumbers, leading to

w(t+7)  =z{t')+ EEN a, cos (kay(t') + én(t))
yt+7) =yt) + TN a, cos (k,z(t) + 6,(t)) (5.5)
2(t+7) =z2(t') + GEN ay cos (knx(t+7) + Un(t))

2m
Lg

that all k£, would be multiples of the wavenumber we used in Chapters 3 and 4. Amplitudes

In this case, k, = ns~ with Lg corresponding to the smallest wavelength: this means
a, can be specified as a,, = kP, where p is selected to model any spectral slope we want to
represent (usually in oceanography, a -5/3 power law). This model remains extremely simplistic,
but would at least turn the observation window from a single eddy embedded in the ocean
to a collection of eddies of different sizes. Both observations and numerical simulations at
the mesoscale (= 1-10 km) have shown that eddies could generate a structure in organism
sizes: larger organisms tend to be kept outside of the circulation gyre while smaller organisms
are concentrated in its center [124]. At the submesoscale (=~ 100 m), differences in inertia
and buoyancy allow phytoplankton to remain within an eddy, while denser zooplankton are
drawn out of it [339]. Thin layers are also often observed at smaller scales (few cm) along the
vertical axis [103]. For such structure in size to be observed, we would however need to add
inertial effects to our model, and thus strongly modify its formulation. Above a few cm, the
environment is not isotropic anymore: light, a crucial element for photosynthetic organisms,
strongly decreases with depth. Attenuation of light by water and self-shading can affect the
growth ability of the organisms located at the bottom of the water column. Motility, in this
case, is even more important as individuals can regulate their floatability in response to light
cues [83]. The model might therefore show a patchy distribution preferentially along the vertical
axis; the ability to swim would certainly be a major trait explaining differential distributions
and potentially aggregation. Similarly to motility, this would require to differentiate the vertical

dimension with the horizontal dimensions.

Computational optimization Increasing the size of the space woud lead to an increase
in the number of individuals considered, as would modeling blooming conditions, even in a
small environment. In any case, this would drastically increase the computational cost of
numerical simulations. Furthermore, when discussing the effect of motility, we mentioned that
movements could be determined by computing every distances between pairs of individuals at
every time step. A naive algorithm would run in polynomial time — O(n?) with n the number
of individuals —, which can become very time consuming if taking into account 10° cells L™! for

a microphytoplankton bloom, maybe more for nanophytoplankton. The mechanisms we could
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model are therefore also a function of the available computing power and time. There exists
ways to overcome this issue, however. One of them would be to try and compute the master
equation corresponding to the new model, and work mostly with theoretical formulas. This
might prove difficult, as introducing density-dependences involve the introduction of the third
moment in the second moment equation, the fourth moment in the third moment equation,
and so on; developing moment closures are needed to approximate the final formula [201, 31].
If using numerical simulations, we would advocate for slight changes in the model formulation
instead of trying to optimise the computation of the distance matrix at every time step, at the
cost of potential gross approximations. Finally, a Lagrangian-Ensemble description could also
be considered. In this type of model, the focus ‘individual’ (hereafter called agent to avoid any
confusion with an actual individual corresponding to a single organism) is made of a collection
of organisms. The agent is therefore characterized, among other properties, by its size/number
of organisms which change over time [338, 265]. In [291], agents are aggregates, which can
grow, divide, joint, and move: this allows to compute an aggregate size-spectrum, and a patchy
spatial distribution. If modeling a bigger volume, we might want to use this method to see how
a community (= an agent) in a given eddy may be moved around by larger eddies, and analyse
the corresponding spatial distributions. This would obviously only offer a much coarser model

than the one we were aiming for in this thesis.

Links between models The community dynamics model for mean concentrations of inter-
acting species with a daily time step presented in Chapter 2 is extremely different from the
individual-based model at the scale of a few seconds in the smallest possible eddy for indepen-
dent particles described in Chapters 3 and 4. One might then wonder if there is any possible
link that can be made between the two models. One lesson that can be drawn from the seed
bank model is the fact that populations are partly maintained by immigration from the seed
bank. This can help justify the ‘population at equilibrium’ hypothesis used in Chapter 3 and 4.
Conversely, the heterogeneity observed in spatial distributions at the microscale can be used
to explain why intraspecific interactions can be much stronger than interspecific interactions,
which is what we parameterized in the seed bank model. If we were to consider an explicit
coupling or, at least, some interactions between models, we would need to work on the spatio-
temporal differences between models. Currently, many processes forbid direct coupling. For
instance, the seed bank turn-over is much longer than the time frame we study in the spatial
model: it would not make sense to introduce explicit spatial movements through seed forma-
tion and immigration in the IBM. Also, the tidal exchanges in the seed bank model (and the
corresponding changes in turbulence) modify the equilibrium hypothesis of the spatial model.
For now, we can only inform one model with the other, but they cannot interact directly.

We hope nonetheless that these models will encourage others to challenge some of the
hypotheses of classical phytoplankton models, as we did, and to build upon our results to

analyse new coexistence mechanisms, at their specific spatial and timescales.
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Abstract

1. The persistence of phytoplanktonic diversity in spite of competition for basic resources
has long been a source of wonder and inspiration to ecologists. To sort out, among the
many coexistence mechanisms suggested by theory and experiments, which ones actually

maintain diversity in natural ecosystems, long-term field studies are paramount.

2. We analysed a large dataset of phytoplankton abundance time series using dynamic, mul-
tivariate autoregressive models. Phytoplankton was counted and identified down to the
genus level, every two weeks over twenty years, at ten sites along the French coastline.
Multivariate autoregressive models allowed to estimate biotic interaction networks, while
also accounting for abiotic variables that may drive part of the phytoplankton fluctuations.
We then analysed the ratio of intra- to inter-taxa interactions (a measure of niche differen-
tiation), the frequency of negative vs positive interactions, and how stability metrics (both
at the network and genus level) relate to network complexity and genus self-regulation or

abundance.

3. We showed that a strong self-regulation, with competition strength within a taxon (genus)
an order of magnitude higher than between taxa, was present in all phytoplanktonic inter-
action networks. This much stronger intragenus competition suggests that niche differenti-
ation - rather than neutrality - is commonplace in phytoplankton. Furthermore, interaction
networks were dominated by positive net effects between phytoplanktonic taxa (on average,
more than 50% of interactions were positive). While network stability (sensu resilience)
was unrelated to complexity measures, we unveiled links between self-regulation, intergen-
era interaction strengths and abundance. The less common taxa tend to be more strongly

self-regulated and can therefore maintain in spite of competition with more abundant ones.

4. We demonstrate that strong niche differentiation, widespread facilitation between phyto-
planktonic taxa and stabilizing covariances between interaction strengths should be com-

mon features of coexisting phytoplankton communities in the field. These are structural
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properties that we can expect to emerge from plausible mechanistic models of phyto-
plankton communities. We discuss mechanisms, such as predation or restricted microscale

movement, that are consistent with these findings, which paves the way for further research.

Keywords: phytoplankton; coexistence; facilitation; mutualism; niche theory; time series;
networks
Published in Journal of Ecology (2020) doi:10.1111/1365-2745.13410

A.1 Introduction

How species or close genera can coexist together in spite of competition is one of the main puzzles
of community ecology, especially for primary producers that seemingly share the same basic
resources [168]. Many theoretical studies of competition models have shown that competitive
exclusion is likely in those circumstances, unless mechanisms involving spatial or temporal
variation are at play [15, 16, 78, 166, 211, 76]. Neutral theory models, assuming that all
individuals have equal birth and death rates and exert equal competitive pressure on conspecifics
and heterospecifics alike, produce instead a non-equilibrium coexistence maintained by dispersal
from a regional pool. They have been proposed as a solution to the puzzle presented by highly
diverse communities [162, 288].

However, the evidence gathered from terrestrial plant communities starts to suggest that,
in fact, niche rather than neutral processes may be paramount to explain coexistence, with
intraspecific competition dwarfing interspecific competition in most cases [2, 4]; see also [329].
Whether these conclusions drawn mostly from studies of terrestrial plants apply to other ecosys-
tems and taxa is currently little known (but see [249]).

Moreover, competition may not be the rule: the meta-analysis by Adler et al. [4] reported
a large number of facilitative interactions (30%) and several reviews [62, 231, 191] have high-
lighted that facilitation may be much more widespread than ecologists usually tend to think.
Although some theoretical studies suggest that facilitative interactions can be destabilizing
(sensu resilience) and therefore undermine coexistence in Lotka-Volterra models [87], multiple
other modelling [138, 279] and empirical [62, 70] studies have suggested that facilitative inter-
actions can to a large degree benefit coexistence, especially when multiple interaction types are
considered simultaneously [243, 132, 279].

Here, we analyse a spatially replicated, long-term community-level dataset, consisting of ten
multivariate time series of phytoplankton abundance along the French coastline. We do so using
multivariate autoregressive (MAR) models, that allow to estimate interactions between genera.
Although many ecological studies focus on interactions between species, competition has been
shown experimentally to occur between different genera of phytoplankton [321, 96]. The genus
level is also a rather fine taxonomic scale for phytoplankton interaction studies, as most studies

are restricted to interactions between different classes or even phyla [175, 142, 137]. Studying
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interactions between different genera of phytoplankton therefore both makes empirical sense
in light of competition experiments and allows to estimate better-resolved networks. We focus
here on genera that belong mostly to diatoms and dinoflagellates. To put our results into a more
general context, we then compare our interaction strength estimates to previously published
interaction networks produced under the same statistical framework, both in plankton and

other empirical systems.

A.2 Material and methods

Sampling methods

All phytoplankton samples were collected by Ifremer coastal laboratories as part of the National
Phytoplankton and Phycotoxin Monitoring Network [284]. Since 1987, this monitoring program
has required the sampling of 26 sites along the French coastline every 2 weeks within 2 hours
of high tide to document both biotic (phytoplankton counts) and abiotic (water temperature,
salinity) variables. We focused on sites which had the longest time series. We also excluded
time series which had missing data for over 6 months or an average delay between sampling
dates above 20 days. This reduced the number of study sites to 10 sites nested within 4 regions
(Brittany, Oléron, Arcachon and the Mediterranean Sea; Fig. A.S1 and Table A.S1 in the

Supporting Information).

Abiotic variables (temperature, salinity) were measured directly from the boat during the
sampling process while water samples for biotic analyses were fixed with a Lugol’s solution
and examined later. Phytoplankton cells above 20 pm were identified at the lowest possible
taxonomic level and counted with the Utermohl method using an optical microscope [325].
Throughout the years and sites, more than 600 taxa were identified at different taxonomic
levels. We aggregated them at the genus (or group of genera when not possible) level based on
previous work (Table A.S2; [154, 32]), except for cryptophytes and euglenophytes in Arcachon,
which could not be identified below the family level. Although the taxonomic resolution used
here may seem coarse in comparison to land plants, it is in fact more refined than 86% of the
MAR(1) studies of phytoplankton listed in Table A.S4.

For each region, the MAR(1) analysis focused on the most abundant and most frequently
observed genera to avoid most of the gaps in the time series. When gaps did not exceed a
month, missing values were linearly interpolated; remaining missing values were replaced by a
random number between 0 and half of the lowest observed abundance [143]. Time series are
plotted in Fig. A.52. We tested extensively this and other methods to deal with missing data in
a previous publication on a subset of this dataset [32]. All time series were scaled and centered
before MAR analyses.
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MAR(1) models

Multivariate autoregressive (MAR) models are used to determine the interspecific interactions
and abiotic effects shaping a community’s dynamics [175]. MAR(1) models are based on a
stochastic, discrete-time Gompertz equation which relates the log-abundance of each of the
S taxa at time ¢ + 1 to log-abundances of the whole community at time ¢, with possible
interactions between taxa, and effects of V' abiotic variables at time ¢ + 1. These assumptions

are encapsulated in eq. A.1:

n.1 = Bn, + Cug +e,6, ~ Ns(0,Q) (A1)

where n; is the S x 1 vector of log-abundance of phytoplankton taxa, B is the S x S
community (interaction) matrix, C is the S x V environment matrix describing the effects of
V' variables (stacked in vector u;1) on growth rates, with V' = 2 in our case (temperature
and salinity). The noise e; is a S x 1 vector, following a multivariate normal distribution
with a variance-covariance matrix Q. Q is diagonal and we have previously showed that this
parsimonious choice did not affect qualitatively the results [32]. We used the MARSS package
v3.9 [159, 158], in R v3.3.2 [280], to estimate parameters with a maximum likelihood procedure.

Our previous analysis of the Arcachon region, for which more covariables were available [32],
revealed that hydrodynamics and hydrology had more influence on phytoplankton dynamics
than nutrients on the two-week timescale. Because temperature and salinity, in addition to
their direct effects, sum up seasonal changes in light and hydrology (salinity is inversely related
to freshwater inflow), they represent the two key drivers needed to account for abiotic influences
[297]. They are therefore used to summarize the abiotic environment in the remainder of the
article.

The analysis of real data in Barraquand et al. [32] was complemented by that of simulated
data mimicking the study design, which confirmed the ability of MAR(1) models to infer biotic
interactions and abiotic forcings. Fitting a more sophisticated model (threshold autoregressive
model) did not reveal extra non-linearities or a storage effect in the Arcachon subset of the
data [32]. Other aspects of the MAR(1) modelling are likewise quite robust: using two abiotic
variables (temperature and salinity) in this study rather than the full set used in Barraquand
et al. [32] led to almost identical covariate effects and interaction estimates for the Arcachon
study sites. Even if some departures from the true data-generating model may not always be
detectable through MAR(1) diagnostics (e.g., residuals), the analysis of nonlinear simulations
has showed that MAR(1) models are in general robust to nonlinearities if the inference focuses
on interaction sign and order of magnitude of model coefficients [71], which is how these models
are used here. For ease of interpretation of MAR(1) interaction coefficients, we also highlight
how intra- and inter-taxa interaction strengths in a MAR(1) model map to their counterparts
in a multispecies Beverton-Holt model, i.e., a discrete-time Lotka-Volterra model [90], in the

Supporting Information.
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In this study, the number of phytoplankton taxa (S) and the community composition vary
slightly between regions but sites share on average 67% of their taxa. In order to have compa-
rable models across sites, we keep the same 2 covariates, water temperature and salinity, that
were measured at all study sites. Therefore, the dimension of the dynamical system depends on
the (square of the) number of phytoplankton taxa we study, which ranges between 7 (Mediter-
ranean Sea) and 14 (Brittany). The smallest system still requires 63 parameters to be estimated
(49 for the 7 x 7 interaction matrices and 14 for the 7 x 2 environment matrices) if we consider
all possible interactions between taxa. To reduce this dimensionality and remove unnecessary
parameters, we built different ‘interaction scenarios’ based on known phylogenetic information
(as suggested in [328, 250]). The null interaction scenario assumed no interaction between gen-
era (diagonal interaction matrix) and was compared to four other interaction scenarios. The
first interaction scenario assumed that interactions could only occur between phylogenetically
close organisms, i.e., within a class (groups were then diatoms, dinoflagellates, and other phyto-
planktonic organisms) while the second interaction scenario further differentiated pennate and
centric diatoms. The third interaction scenario considered the reverse hypothesis, that only
unrelated organisms could interact (i.e., a diatom could only interact with a dinoflagellate or a
cryptophyte, but not with another diatom), and the last interaction scenario did not constrain
the interactions at all (full interaction matrix). We selected the best scenario by comparing
BIC (Fig. A.S3), which proved to be satisfactory in our previous analyses of both real data and
similar simulated datasets ([32], Appendix 2). The second interaction scenario, hereafter called
the pennate-centric scenario, had the lowest BIC for all sites (Fig. A.S3). This parsimonious

scenario was therefore chosen as the basis for further investigations of network structure.

Analysis of interaction strengths

The interaction matrix obtained from MAR(1) analyses can be used to determine the stability
of a discrete-time dynamical system [172, 175]. To investigate stability-complexity relation-
ships, we compared the maximum modulus of the eigenvalues of the pennate/centric matrices
for each site to network descriptors. The maximum modulus is analogous to the real part of the
leading eigenvalue for continuous time models, and measures resilience while still accounting
for some variability properties [172]. However, because most theory on stability-complexity
has been developed in continuous time (e.g., [8]), we numerically checked that the maximum
modulus of the eigenvalues in a discrete-time interaction matrix and its continuous-time model
counterpart yield similar information in the Supporting Information. We then compared this
resilience measure to complexity metrics, such as the interaction strength distribution (sign,
mean and variance) and weighted connectance [45]. Weighted connectance is a measure of the
proportion of realized links compared to all possible links, taking into account the shape of the
flux distribution. This metric is adapted to weighted interaction matrices but cannot accom-

modate for both positive and negative coefficients: we therefore chose to focus on interaction
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strength only (absolute values of the coefficients), irrespective of interaction sign. In contrast,
mean and variance of the off-diagonal coefficients, which can affect the stability of a community
[8], are computed on raw values of the coefficients. Interaction coefficient variance is multiplied
by the number of taxa, according to theory [8].

In addition to these network-level metrics, we also computed the average vulnerability (av-
erage effect of other taxa on a focal taxon, eq. A.S5) and the average impact (average effect of
a focal taxon on other taxa, eq. A.S6), on both raw and absolute values of the interaction co-
efficients. Such vulnerability and impact scores can be related to in-strength and out-strength
in the meta-analysis of Kinlock [191]. We then compared these to the regulation a focal species
exerted on itself. Vulnerability computed on raw coefficient values indicates the average effect
that can be expected on the growth rate of a taxon from the rest of the community (i.e., is
the effect of others mostly positive or negative?), while vulnerability computed on absolute
coefficient values characterises the strength of all types of interactions on a taxon (i.e., is a
taxon strongly affected by the others?). A similar reasoning applies to the impact score.

Finally, we compared the observed ratio between mean self-regulation (intrataxon interac-
tion strength) and mean intertaxa interaction strength to other published studies based on a
MAR(1) model. A list of references is given in Table A.S4. Authors usually reported only
coefficients that were significant with a 5% significance level, thus ignoring potentially many
weak effects, which we had to set to 0. There are therefore two ways of computing the mean
intertaxa interactions, i.e., taking the mean value of all coefficients outside of the matrix di-
agonal, including zeroes (which decreases the estimated mean intertaxa interaction strength,
Fig. A.4), or taking the mean value of statistically significant intertaxa coefficients only (which
increases the estimated mean intertaxa interaction strength, Fig. A.S9). We considered both;
a detailed description of these different ways to compare intra- and inter-taxa interactions can

be found in the Supporting Information.
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A.3 Results

Interaction estimates
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Figure A.1: (Caption next page.)
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Figure A.1: Interaction matrices estimated at 10 sites along the French coastline.
The sites are distributed in 4 regions: (a) Brittany, (b) Oléron, (d) Arcachon, from north to
south on the Atlantic coast and (e) Mediterranean (see Supporting Information for a map).
Taxon j (in columns) has an effect on taxon i’s growth rate (in rows) proportional to the bar
height, which corresponds to the B — I matrix (community composition in Table A.S2, most
parsimonious interaction scenario presented). The scale for the coefficient values is given at
the bottom left of panel (a). Coefficients significantly different from 0 (o = 5%) are marked by
asterisks (*). The fraction of positive interactions in each matrix is given by points in (c) while
the dashed (resp., dotted) line represents the ratio of interactions remaining positive (resp.,
negative) for all sites of a given region.

Using MAR(1) autoregressive models, we produced interaction matrices [175, 141] — i.e., Ja-
cobian community matrices on the logarithmic abundance scale [175]. Best-fitting models
corresponded to a phylogenetically-structured interaction scenario, where interactions only oc-
curred betwen closely related genera (Fig. A.S3). This led to sparse, modular matrices that
have two main features. First, we observed a strong self-regulation for all sites (Fig. A.1, diag-
onal elements of all matrices), a feature that we had previously highlighted in a more detailed
analysis on one of the considered study regions [32]. The ratio of mean intragenus to intergenera
interaction coefficients varied between 6 and 10, not counting coefficients set to 0 before the
estimation process. When we included the zeroes in the interaction matrix in the computation
of the intra/inter mean interaction strength (see the Supporting Information for details of that
computation), the ratio rose to 21-43. Therefore, intragenus interactions were on average one

order of magnitude stronger than intergenera interactions.

Second, although the percentage of facilitative interactions varied among sites (between
40% and 71% of interactions in the selected models), facilitation remained predominant in
9 sites out of 10 (only Lazaret, in the Mediterranean Sea, has 60% negative interactions).
Our observational setup being nested, with sites within regions, we could examine whether lo-
cally positive interactions remain positive in a regional context: the percentage of consistently
positive interactions at the regional level varied between 30% and 53%, higher than the per-
centage of similarly defined negative interactions (between 15% and 40%), except for sites in

the Mediterranean Sea.

We found that the percentage of true mutualism (+/+) was substantial: averaged over all
sites, 32% of all interactions were (+/+) while only 12% of them were (-/-), see also Fig. A.Sb.
The sign correspondence was not always maintained between regions: the only interaction that
was non-zero in the 10 sites (CHA/SKE) was mutualistic in Men er Roue only (Brittany) and
mixed (4/-) in all other sites. Within the same region, however, interactions measured in
different sites tended to keep the same sign. In the 3 sites of Oléron, for instance, there were 4
interactions which remained positive for both taxa involved (CHA /GUI, DIT/GUI, LEP/THP,
SKE/THP), 3 of them being also mutualistic in some of the Brittany sites. This contradicts

previous observations that mutualistic interactions tend to be more context-dependent than
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competitive interactions [72].

Interaction network analysis

The stability (sensu resilience, Ives & Carpenter 173) of all interaction matrices was not strongly
affected by the percentage of positive interactions or the mean and variance of the interactions
between taxa (Fig. A.2). There was a slight increase in stability with weighted connectance,
with a drop in eigenvalue modulus for weighted connectances between 0.09 and 0.1. The
maximum modulus of the interaction matrix eigenvalues remained between 0.65 and 0.80.

Given that a direct complexity-stability (sensu resilience) link was not obvious, we investi-
gated whether the matrix coefficients had some particular structure that could help theoretical
ecology to make better null models of joint community dynamics and interactions [180]. Re-
lations between intra- and inter-taxa interactions emerged (Fig. A.3): genera that were more
self-regulating also had a higher average vulnerability score. Those two influences are likely
to trade-off: a high degree of self-regulation somehow buffers the effect of outside influences
on population dynamics. Taxa that were less self-regulating were also more likely to have a
stronger effect onto other taxa. As these genera tended to be more abundant (Fig. A.S7), this
could be mediated by the average density of a genus. It is important to note, however, that
these trends are weak and there is therefore a considerable amount of randomness dominating
the interaction matrix: many scenarios of self-regulation vs limitation by others are therefore
possible.

Aside from the trade-offs of Fig. A.3, we found no remarkable patterns of covariation be-

tween matrix elements (Fig. A.S5) other than a mean-variance scaling of interaction coefficients

(Fig. A.S6).

Phytoplankton modelling 143



A.3. Results

a) b)
o
@ .
o Brittany
« Oléron
Arcachon
10 + Mediterranean ° °
~ O
=
] ° °
E o
~N e .
o
L] [ ]
3 . .
© 40 45 50 55 60 65 70 0.070 0.080 0.090 0.100
0 % positive values d) weighted connectance
o
@
o
o) [ L
™~
—~ O
=<
] ° °
E o
™~ 2 L 2
o
[ ] [ ]
Sle .
© -0.004 0.000 0.004 0.008 0.005 0.010 0.015 0.020
mean off-diagonal coefficients S x off-diagonal coefficient variance

Figure A.2: Relation between stability and complexity of the interaction networks.
The maximum modulus of the eigenvalues of the interaction matrix B, plotted on the y-axis,
indicates stability sensu resilience. Complexity metrics are (a) the fraction of positive coeffi-
cients, (b) weighted connectance, (c) the mean intertaxa coefficient and finally (d) the variance
of intertaxa coefficients, scaled by the number of taxa. Off-diagonal coefficient variance is mul-
tiplied by the dimension of the network, that is the number of species in the region. Each color
or shape corresponds to a given region. The formula for weighted connectance is given in the
Supporting Information.

Literature comparison

Finally, we sought to put these results in a broader context by compiling the mean intrataxa
vs mean intertaxa interaction estimates of previous MAR(1) studies of long-term observational
count data (listed in Table A.S4). We found that the order of magnitude of intra/inter in-
teraction strengths considered here is not particularly above those found for most planktonic

systems to which MAR(1) models have been fitted, considering that our systems are relatively
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Figure A.3: Relation between vulnerability /impact and self-regulation. Average vul-
nerability (effects of others on the focal taxon growth rate, a and b) and impact (effects of
the focal taxon on others’ growth rates, ¢ and d), as well as self-regulation, are computed for
untransformed (a-c) or absolute (b-d) values of the coefficients of the interaction matrix (B —1I)
for the 10 study sites. Each color corresponds to a given region (Fig A.S1). Linear regressions
are shown as black lines.

high-dimensional and that the higher the number of taxa, the larger the intraspecific regulation
[29]. We included in Fig. A.4 not only plankton studies but also a couple of vertebrate or
insect studies on less diverse communities, where interactions are stronger, in order to provide
lower bounds for the intra/inter ratio. The conclusion from this comparison seems to be that,
unlike small communities that can be tight-knit, any diverse field system of competitors and
facilitators has evolved large niche differences making on average intrataxon competition much

larger in magnitude than intertaxa interactions.

Phytoplankton modelling 145



A.4. Discussion

g _ Me2¢
3 QAL
o oMel 7a® o8t
” o4a olla 01380 58
Olle Br2gsrs
®7b
o3a
g 11b bam
é o 4c < mla
% S 4boe m6b 1bm
E ® 2a SbO
] 2be
8ae
o  sparsity<0.65
- m  0.65 < sparsity<0.75
e9a 10a & sparsity=0.75
T T T T T T I
2 4 6 8 10 12 14

Number of taxa

Figure A.4: Ratios of mean intrataxa to mean intertaxa interaction strength in
Multivariate AutoRegressive (M AR) models. The reference for each study is given in
Table A.S4. Codes beginning with letters correspond to the present study (Ar: Arcachon; Ol:
Oléron; Br: Brittany; Me: Mediterranean Sea). The symbol color and shape correspond to the
sparsity of the interaction matrix (e.g., the proportion of null interactions in the matrix). Red
dots correspond to terrestrial and /or low dimension predator-prey systems, giving a lower bound
for the intra/inter ratio. Intertaxa interactions were set to 0 when they were not specified in the
articles (in most cases, authors removed non-significant interactions at the 5% level; Fig. A.S9
is the same figure taking into account only significant interactions).

A.4 Discussion

Strong self-regulation and facilitation

We found very large niche differences between genera, translating into much higher intragenus
than intergenera effects on growth rates, together with a high degree of facilitative net interac-
tions.

The intra/intertaxa interaction strength ratio [206] that we found, from 6-10 to above 20,
depending on whether one includes interactions set to zero before the estimation process, could
appear very high in light of previous intra/interspecific competition strength estimates of 4 to
5 by Adler et al. [4]. Additional estimates using the unconstrained interaction matrix yielded
ratios between 8 and 11 depending on the site (Table A.S3 and Fig. A.S8 in the Supporting

Information), but weak intertaxa effects are likely to be inflated in the full model. Therefore,

146 Coralie PICOCHE



A. Strong self-regulation and widespread facilitative interactions in phytoplankton
communities

a intra/inter ratio of 10 seems like a conservative estimate. It is twice that of Adler et al. [4]
who use a different model, i.e., a Lotka-Volterra competition model. We outline how to relate
a MAR(1) model to a discrete-time Lotka-Volterra equivalent in the Supporting Information;
even though there is a relationship between intra/inter ratios in both models, the relationship
is not trivial when abundances vary greatly between species. Hence, to some degree, intra/inter
ratios can differ between model frameworks or ways of measuring density-dependencies (e.g.,
a high measurement error due to using proxies of densities for plants can result in bias in
interaction coefficient estimates [98]). However, a ratio intra/inter at least twice larger than
the ones previously found may call for other explanations. One could also argue that our high
intra/inter ratio arises because we consider the genus as our baseline taxonomic unit, rather than
the species. It is logical that niche differentiation increases as one gets up the phylogenetic tree,
and that getting down to the species level could slightly decrease that ratio (but see [250], in
which phylogenetic closeness decreases competition strength). However, taxonomic resolution
is unlikely to be the sole explanation for the high intra/inter ratio of interaction strength found
here, for two reasons. First, phytoplankton species belonging to different genera are often
found to compete in experiments [321, 320, 96]. In the field-based dataset studied here, the
same genera that are considered in experiments are found not to compete (or only weakly),
hence there must be some niche differentiation occurring in the field but not in the lab. Second,
the only other study that managed to provide MAR(1) estimates down to the species level for
phytoplankton, that of Huber & Gaedke [163], provides an intra/interspecific strength ratio
similar to ours (point 7a in Fig. A.4). Strong self-regulation seems therefore a genuine feature
of field phytoplanktonic communities. We discuss below possible mechanistic interpretations.

Another main finding of our study is the large frequency of positive interactions, with 30%
truly mutualistic (+/+4) interactions and between 40 and 70% facilitative effects. Although
a seasonal environment can generate some positive covariation between taxa, those effects
have already been filtered out by the inclusion of our 2 abiotic covariates (Fig. A.S4). The
facilitative effects shown here are therefore residual effects, once abiotic trends are accounted
for. Between 40 and 70% of facilitation can be compared to the meta-analysis by Adler et al.
[4] who also found facilitative interactions, but less than here (=30%). However, Adler et al.
[4]’s review contains many experiments while the plant literature is replete with field examples
of facilitation [62, 231], so that plant facilitation could be more prevalent in the field. At the
moment, it is therefore unknown how the predominance of facilitative interactions that we
found in phytoplankton compares to facilitation in terrestrial plants. We note that several
authors using MAR(1) models previously forbade positive interactions within the same trophic
level, so that the fraction of facilitative interactions in plankton cannot be computed from
literature-derived MAR(1) estimates.

The large niche differences and facilitative interactions that arise when considering a single
trophic level are an emergent property, resulting from hidden effects of resource or predator

partitioning/sharing [76]. In our previous publication investigating in detail the Arcachon study
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sites [32], we have argued that for phytoplankton, the strong intrataxon density-dependence
could arise from effects of natural enemies [148]. Natural enemies could also very well create
apparent mutualism between prey species [1, 292]. We believe this to be likely for the present
study, given that the study regions (Arcachon, Oléron, Brittany, Mediterranean) have similar
predators (zooplankton, e.g., [181, 238, 322]) and parasites (viruses, e.g., [260]; fungi). Though
natural enemies are good candidates to explain the observed niche differences and emerging
facilitation, one must bear in mind that other known drivers of phytoplankton dynamics such
as allelopathy [120], auxotrophy [317] or hydrodynamics [208] can all, in theory, help create
different niches and an emerging facilitation (see last subsection of the Discussion). Finally,
resources that are usually considered limiting for all species might in fact not always be: Bur-
son et al. [65] show that phytoplanktonic taxa specialize on different components of the light
spectrum. This constitutes an example of fine-scale resource partitioning of one resource, light,

that all species and genera are usually thought to compete for.

No complexity-stability relationship but connections between self-

regulation and interactions between taxa

There was no relation between the complexity of the communities (measured as either the
weighted connectance or the interaction coefficient variance) and their stability (measured by
the largest modulus of the eigenvalues, which quantifies the return time to a point equilibrium,
i.e., resilience). This result is conditional upon our model being a good approximate description
of the system (i.e., no multiyear limit cycles or chaotic attractors as the mapping between
eigenvalues and actual stability is distorted in that case [71]). However, we already showed on
a subset of this data that a fixed point in a MAR(1) model, perturbed by seasonality and abiotic
variables, is an accurate description of the system [32]. Therefore, we are confident that the
absence of complexity-resilience relationship found here is not a mere artefact of an inadequate
model. This absence of direct link between complexity and stability could be an actual feature
of empirical systems, as shown previously by Jacquet et al. [178] using a different technique.
This result seems to contradict theory based on random matrices, especially for competitive
and/or mutualistic networks [7]. However, one must bear in mind that such result could also be
generated by the limited size of our networks, as random matrix theory relies on asymptotics
[8]. We should also mention that our interaction matrices (based on a discrete-time model) are
not strictly analogous to the ones used most frequently in theoretical ecology (continuous-time
model), though the spectral radius (largest modulus) is here tightly related to the real part of
the lead eigenvalue in equivalent continuous-time models (see Supporting Information). Thus
while the jury is still out regarding the absence of complexity-resilience relation found here, it
may well be a genuine absence. We also found that the percentage of mutualistic interactions,
that is thought to affect the stability of a network, either positively or negatively [243, 87, 132],

does not in fact have a major impact on our networks’ resilience.
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In addition to weighted connectance and interaction variance, indices at the genus level
(vulnerability and impact) approximate the average effects exerted and sustained by any given
taxa in the different study sites. While network structure did not affect resilience, a relation
emerged between self-regulation, necessary for coexistence, and genus-level indices. We found
that the more a genus is self-regulated, the more it tends to be vulnerable to other genera’s
impacts and the less it impacts other genera. We examined whether vulnerability and impact
could be affected by phylogenetic correlations; they were not, as on Fig. A.3, points were
not clustered according to genus, family or phylum. High self-regulation usually indicates
large niche differences with the rest of the community, and it makes therefore sense that a
species/genus whose needs strongly differ from the others only marginally impacts the resources
of the other coexisting species. This is what we expect under strong niche partitioning. A
low self-regulation was also correlated with high average abundance, which echoes findings by
Yenni et al. [343] who demonstrated that rare species usually show stronger self-regulation.
This correlation between relative rarity and self-regulation could explain the lesser impact of
highly self-regulated species/genus: a taxon which dominates the community composition can
have a major effect on the others, especially as they usually cover more space, while it is
harder for the less common taxa to have large impacts. In contrast, it was more difficult to
explain the relationship between self-regulation and vulnerability: a genus that is more self-
regulated and less common was found here to be on average more vulnerable to other genera’s
increases in densities. Such relation implies greater stability (sensu resilience [175], and also
invariability [17]) for the network as a whole, because the taxa that are the more vulnerable
to other taxa’s impacts are also those whose dynamics are intrinsically more buffered. By
which mechanisms this could happen is so far unclear. As a final note on relationships between
interaction matrix coefficients, we caution that the trends evidenced are all relatively weak:

considerable stochasticity still dominates the distribution of interaction matrix coefficients.

Ghosts of competition past and present

Overall, the dominance of niche differentiation in observational plankton studies — based on
our analysis of the REPHY dataset and re-analysis of the MAR(1) literature — is similar to
what has been recently found in plant community studies [4] or empirically parameterized food
webs including horizontal diversity [29]. Large niche differences might be due to the ghost of
competition past, i.e., competition has occurred in the past, leading to strong selection and
subsequent evolution, and then to progressive niche separation. In this scenario, species have
evolved niches that allow them not to compete or to interact only weakly. The likely predator
effects that we highlighted above could be comprised within such niche differentiation sensu
largo: specialized predators can make strong conspecific density-dependence emerge [23, 86],
while switching generalists can also promote diversity [326]. Both predators and resources

have often symmetrical effects and can therefore contribute almost equally to such past niche
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differentiation [76].

An intriguing new possibility, dubbed the “ghost of competition present” [324], suggests
by contrast that spatial distributions in relation to abiotic factors might have a large impact
on the interaction strengths inferred from temporal interaction models such as ours. Recent
combinations of model fitting and removal experiments have shown that model fitting usually
underestimates the effect of competitors that are uncovered by removal experiments [324, 3].
This could occur for instance if species are spatially segregated (at a small scale) because each
species only exists within a domain where it is relatively competitive (Pacala’s spatial segre-
gation hypothesis [262]), while a focal species could spread out if competitors were removed.
This means that a species can be limited by competitors, but act so as to minimize competition
(a little like avoidance behaviour in animals) and maximize opportunities for positive interac-
tions, which implies that competition is in effect hard to detect when all species are present.
This mechanism would require some spatial segregation between phytoplankton species at the
scale of interactions, i.e., at the microscale. At the moment, while it is known that fine-scale
hydrodynamics generate inhomogeneities at the microscale [33, 59] it is yet quite unclear how
they might affect multivariate spatial patterns of species distributions (sensu Bolker & Pacala
[52] or Murrell & Law [246]). Moreover, even with some microscale spatial segregation between
species, a “ghost of competition present” mechanism might not work in phytoplankton as in
terrestrial plants, because the turbulent, ever-changing aquatic environment imposes additional

constraints on the spatial distribution of organisms.
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A.S Supplementary Information

A.S1 Sampling

Study sites are shown on Fig. A.S1 and the characteristics of each site are given in Table A.S1;
they are part of the REPHY monitoring network by Ifremer coastal laboratories [284]. The
mean temperature at each site mostly depends on its latitude, reflecting the climate of the
region, while salinity is also influenced by more local factors such as evaporation and terrestrial

inputs from rivers.
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Figure A.S1: Location of each study site in their region: Brittany (A), Oléron (B),
Arcachon (C) and the Mediterranean Sea (D). The common scale of the panels is given in the
left corner of D.

At each site, water samples were collected below surface (between 0 and 1m depth) in a

Niskin bottle, from which 10mL were taken for phytoplanktonic counts. We focus on phyto-
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planktonic taxa between 20 and 200 pm, the so-called microphytoplankton fraction [285]. The
scaling between the volume sampled and the size of individual organisms means that approxi-
mately up to 1000 cells could be lined up (in a thought experiment) along one single dimension
of an equivalent cubic sample. In other words, the volume sampled is approximately 1000 body
sizes to the power three. We therefore consider samples to be representative of local community

competition, if not of the spatial structure of the community.

Name of site Location Region N. samples Temperature (° C) Salinity (g/L)

Men Er Roue  47°32° N / 3°5’ W Brittany 503 144 +/- 3.7 335 +/-1.9
Loscolo 47°27' N / 2°32 W Brittany 463 14.9 +/- 4.0 32.0 +/- 3.0
Croisic 47°18 N / 2°30° W Brittany 500 14.7 +/- 3.9 31.8 +/- 3.1
L’Eperon 46°16° N / 1°14 W Oléron 460 15.3 +/- 4.8 32.1 4/-3.2
Cornard 46°3’ N / 1°7" W Oléron 491 15.6 +/- 4.8 32.7 +/- 2.4

Auger 45°47 N / 1°12° W Oléron 524 15.4 +/- 4.4 32.7 +/- 1.8
Buoy 7 44°32' N / 1°15° W Arcachon 311 15.2 +/- 3.8 34.74+/-0.7
Teychan 44°40' N / 1°90 W Arcachon 494 15.5 4+/- 4.6 325 4+/-1.9
Antoine 43°22' N / 4°50’ E  Mediterranean Sea 539 16.8 +/- 5.1 323 +4/-3.9
Lazaret 43°5’ N / 5°54’ E Mediterranean Sea 512 174 +/- 4.2 35.9 +/- 2.4

Table A.S1: Summary of study sites characteristics, including the mean and standard
deviation of the two main environmental parameters (temperature and salinity).
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A.S2 Phytoplankton dynamics

© 1 N i . LEP
éq’ ‘\ e i\ F/\ \l »M il \h‘ J , 1 e M Fer
] f il A Ly 1K . SKE

& i " A U’ w ) 4 " % "! W\, "l 'X ' o A "M' A ‘h‘\ [ i "Wv“ “ - RHI

5~ q ‘ /M\M n‘ r I b I Pt () ‘*.e bt

2 Vi ly L J ") | L f fyw il 1 ¥ i i1 el . THP
oA [

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
] , . LEP

o 1 ﬁ t ‘ ,. * !‘ m “ ’"’( '!‘ ‘ ‘ PSE

S < A ey i 14 Lo « THP

N "t il u Ay AR U s S

ERE! 4 l al Wy KL . PRO
o]

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
© \ N . CHA

o 1 il | 1 \ y ] LEP

21 M / | ’ |’ A VL ‘e bi ‘ h . SKE

g ’”“V ‘v" m ‘, ; u.k, .r\v ‘ ‘ T ¥\ ‘ ) \; _,,,, h’(‘w} M\ ,,, \ m ‘/M. | sKe

] il ‘rt N& .+ PSE
o]
1956 1957 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 202 2013 2014 2015 2016 2017
. SKE

] »A b Dol i

M W MM Al e M ) i* il W )l - cha

il I i w X ‘ “ WL ¥ ' N IR R/ 1 - LeP

=R w '. % "! ﬁ‘ 4 ' ‘ 4 “" M W i “ %“'av" « NIT
o |

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
©4q A A .« THP
1 \ A w\"-\

s M Al Ao My ok SKE

g7 ’ \ A k vh oA ‘-“ AR AT d \ i x* . CHA

c | " g\ M ‘ " e b A ‘Lb ‘F ‘1 L‘ ‘ ) H\‘

i \ A i . LEP

I oo g diharoadhiiaig 2
(=2 i

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
o] N .« CHA
] }\ Al i N q LEP
\) 2

S <4 \ o KA \/ 0} o

N w‘ ‘ ’a " Y ",ﬁ ,‘l k\ -/““"a TR AR 4\ 4§ \ N n.'n | l + THP

3 AT A } \ i ,,‘ “

2 (] il ‘ i N P u/ ' T 4‘ M v i %; it . SKE
o o | ﬁ h \w L" JP‘ h i \l’ v ‘ “; “.. vl ‘ w‘ L ? . PSE
o]

1996 1997 1998 1999 2000 2001 2002 20! ‘03 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
© - 2. « CRY
< ] ] " m 'y \, h\, “ “ ik \,./ ‘ M hw‘ A p ”\ AST

" ww ﬁ i il A L,' ¥ Pyt ooPe AR

P r @ . LEP
o]

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
o « CRY
CHA
~ ¥ . LEP

5 . PSE
"] < NIT
ol

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
] 1N ,\ .« CHA
r

o ) SKE

£ l 'I / ) i % W y ‘ ﬁ]‘ | . PSE

N m 4,“ il ¢‘*“ "u l\” % i ﬁ' J’ f “ ) «'“y s

g 1 + M Ay e
o]

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
©4q N ) .« CHA
= 1 A y w SKE
g1 M ‘\‘ ‘ V “ er P w i (‘J l ) (L ‘x* /J\J ﬂﬂ ‘ '}mﬁ 4\ HT ‘ \4 N.‘ . PSE

s P ;‘f. Ay 7 X ( uh\’(\ 1 et ‘\ A 7 ) A 0y L'v /A‘ - PRO

So] ' xiw ‘(* o ik e 4“ I i" iy 4». uM 'W' w ‘. 2y ( D ‘#‘n T aom
ol

1996 1997 1998 1999 2000 20‘01 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Figure A.S2: Time series of the 5 most abundant phytoplanktonic genera at each

site.

Phytoplankton modelling

153



A.S. Supplementary Information

Code Taxa

AST Asterionella+ Asterionellopsis+Asteroplanus
CHA Chaetoceros

CRY Cryptophytes

DIT Ditylum

EUG Euglenophytes

GUI Guinardia

GYM Gymnodinium+ Gyrodinium

LEP Leptocylindrus

NIT Nitzschia+Hantzschia

PLE Pleurosigma+ Gyrosigma

PRO Prorocentrum

PRP Protoperidinium~+ Archaeperidinium+ Peridinium
PSE Pseudo-nitzschia

RHI Rhizosolenia+Neocalyptrella

SCR  Scrippsiella+Ensiculifera+Pentapharsodinium+ Bysmatrum
SKE Skeletonema

THL Thalassionema+Lioloma

THP Thalassiosira+Porosira

Table A.S2: Name and composition of each phytoplanktonic group. We generally refer
to those groups as taxa, though we sometimes use genera to emphasize that they are above the
species level (even though some are stricto sensu groups of genera). This taxonomic grouping
is based on Hernandez Farinas et al. [154].

A.S3 MAR(1) models

We selected the most parsimonious interaction matrices using BIC. Not only the best-ranking
model, but also the overall ranking of interaction scenarios were similar for most sites (Fig. A.S3).
Based on these results, we considered the model selection to be quite robust, and focused on
the pennate-centric scenario to analyze interaction matrices, as this scenario corresponded to
the best fitted models that still allowed interactions between taxa. However, in order to be as
comprehensive as possible, we also present results for the full /unconstrained matrix in a section
below (“Comparison with a full interaction matrix”).

We inspected the Hessian matrices (i.e., Hessians of the negative log-likelihood which is the
observed Fisher Information Matrix) for interaction parameters in order to check that results
presented in Fig. A.3 of the main text could not be due to statistical constraints. Correlation
matrices (derived from the Hessian matrices) showed that the mean absolute value of the cor-
relation was 0.02 (hence on average there were no correlations), few of those were noticeable
(75% were below 0.1 in only 1 site, even lower in the 9 other sites) and even the very few large

ones were never above 0.5 in absolute value.

For all coefficients, significance was estimated by parametric bootstrapping with 1000 sam-

ples.
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Figure A.S3: Comparison of the BIC of different interaction scenarios, compared to the
null scenario (diagonal interaction matrix, allowing only intrataxon (intragenus) interactions),
at 10 sites in 4 different regions, separated by dashed lines (Brittany, Oléron, Arcachon and
the Mediterranean Sea). Different interaction matrices may allow interactions between all taxa
(unconstrained), only interactions within pennate diatoms, centric diatoms, dinoflagellates, or
other phytoplanktonic taxa (pencen), only interactions within diatoms, dinoflagellates or other
taxa (diatdin), or only interactions between taxa belonging to these different groups (inter).
As time series lengths differ between sites/regions, bars of the same color but from different
sites should not be compared.

In addition to the coefficients of the interaction matrix, MAR(1) models allowed us to
estimate the effect of environmental variables. The regression coefficients reveal abiotic effects
such as phenology (temperature, related to insolation) or responses to hydrological changes
such as salinity variation (Fig. A.S4). Overall, temperature tended to have more effect on
phytoplankton dynamics than salinity, which is logical since it integrates seasonal variation
in received solar energy. The absolute effect of temperature was on average 3.5 times higher
than salinity effects and temperature coefficients were significant at the 5% level for 68% of
all estimates, as opposed to 16% for salinity effects. Temperature had a positive effect in 80%
of all estimates while salinity had a negative effect for 66% of them. The sign of significant
temperature effects on a given species remained the same between regions, except for SKE,
which was negatively affected by temperature in Brittany and Oléron but positively affected

by temperature in the Mediterranean Sea.
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Figure A.S4: Effects of environmental variables (temperature, TEMP or salinity,
SAL) on phytoplankton genera in Brittany (a, b), Oléron (c, d), Arcachon (e, f) and in
the Mediterranean Sea (g, h). Each color corresponds to a different site. Error bars correspond
to the 95% confidence interval around the estimated coefficient. All variables were normalized
before estimation.
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A.S4 Network analysis

Computation of intra/inter-taxa interaction strength ratios from interaction coef-

ficients

We present in the main text ratios between intra and inter-taxa mean interaction strengths,

mean|b;; |

K= eanlbuy i) in several places. These are computed from three sets of intertaxa interaction
17,7 1
coefficients:
o bj;, coefficients significantly different from 0 at the 5% level

e bj;, coefficients not significantly different from 0

o Y.

> coefficients set to 0 before the estimation process.

Some coefficients are indeed set to 0 before the estimation process, in order to reduce the
dimensionality of the system (see section above). There are therefore different estimates of &,

depending on the set of b;; chosen for the denominator.
o {bi;} = {bj;} U{bj;}, leading to an observed ratio x between 6 and 10.
o {bi;} = {bj;} U{bj;} U{b;}, leading to a ratio s between 21 and 43.

o {bi} = {b};} U{b;;} U{b;} where bj; := 0 for comparisons with literature-based MAR(1)
coefficients, as results in the literature rarely differentiate between non-significant coeffi-
cients and coefficients that were set to 0 beforehand. This corresponds to Fig. A.4 in the

main text.
o {bij} = {bj;}, illustrated in Fig. A.S9.

Unless otherwise stated, all analyses presented in the main text and below are based on

{bi} = {bj;} L {05}
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Interaction types
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Figure A.S5: Pairs of coefficients at each study site. The effect of species 7 on j is given
as a function of the effect of species j on species 7. The black circle indicates the first quartile
of the interaction values, under which we can assume that the effect is weak or null. Beyond
the circle, they are competitive, mutualistic or mixed (+/-) links. Close to the vertical and
horizontal lines, one of the coefficient might be essentially zero.

Metrics

We characterised each interaction network with 3 quantitative descriptors: the mean and vari-
ance of the intra- and inter-taxa coefficients (i.e., on and off the matrix diagonal) and the
weighted connectance of B — I. The mean of absolute values of intrataxon coefficients was
approximately 8 times higher than the mean of absolute values of intertaxa interactions. The
intrataxon interactions’ variance was about 4 times higher than the variance of intertaxa inter-
actions (Fig. A.S6).

The intrataxon interaction strength could be related to the mean abundance of each taxon
(i.e., each genus or groups of genera) as the most self-regulated genera were also the least
abundant (Fig. A.S7).

Weighted connectance is described in Bersier et al. [45]. It is based on the average of vul-

nerability and generality in the network. More precisely, diversity measures of the interactions
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Figure A.S6: Relationship between mean and variance of the intra- and inter-taxa
interaction coefficients. The variance of the coefficients in the interaction matrix (B-I)
increases with the mean, at 10 sites in 4 regions, with a model allowing interactions only within
clads (within centric or pennate diatoms, dinoflagellates, or other taxa). The mean-variance
relation was either computed with raw values of intertaxa interactions (a) or absolute values
of the intertaxa coefficients (b). We did not take the absolute value of intrataxon coefficients
since they were all negative.
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Figure A.S7: Relationship between abundance and self-regulation (intragenus interac-

tion coefficients). Mean abundance is computed for each taxon/genus at 10 sites in 4 regions and
intragenus interaction strengths are the diagonal coefficients of the interaction matrix (B-I).

from (Hpy) and to (Hyy) the phytoplanktonic taxon k can be computed as:
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5 bin bik

S bkz bkz
Hpp=—) —log (A.S2)
b by.

i=1 ks
where by, is a coefficient of the interaction matrix (B-I), by, = Y5, by is the sum of all
coeflicients over row k and S is the number of taxa in the network. These indices are then

averaged for the whole network as the linkage density LD (eq. A.S3).

S
LD = ; (Z I;’“ 2Hk 4 Z 2HPk> (A.S3)

k=1

where b, = ZS L 271 bji is the sum of all coefficients of the interaction matrix (B-T).

Weighted connectance C' is then defined as:

LD
= — A.S4
C == (A8

Contrary to linkage density, weighted connectance accounts for the dimension of the interac-

tion matrix and can be used to compare network in different regions, with different dimensions.

In addition to this network-level metric, we also considered metrics for each phytoplanktonic
taxon. We measured both its average vulnerability score (mean strength of the interactions
that are applied to a taxon, eq. A.S5) and its average impact score (mean strength of the

interactions the taxon applies to other taxa, eq. A.S6) in each network.

v bri A.S5
£ Zf 1 lbkﬁéo zzl . ( )
er = Z bik (A.S6)

Z zk 750 =1

where Zle 1p,.40 is the number of interactions which are different from 0 in row £.

A.S5 Comparison with a full interaction matrix

We checked that, by choosing the model with the lowest BIC, we did not miss interactions
which would have changed our conclusions. To do so, we examined the full (unconstrained)
model results for all study sites. We present those results below (Fig. A.S8 and Table A.S3).
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Figure A.S8:

Interaction matrices estimated at 10 sites along the French coastline.

Four regions are distinguished: Brittany (a), Oléron (b), Arcachon (d) and the Mediterranean
Sea (e). There is no constraint on the structure (modularity) of the interaction matrices. The
fraction of positive interactions in each matrix is given by points in ¢) while the dashed (resp.,
dotted) line represents the ratio of interactions remaining positive (resp., negative) for all sites
of a given region.
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signif outside positive ratio intra/inter ratio in/out block transfo sign

Men er Roue 0.09 0.57 11.06 3.03 0.04
Loscolo 0.14 0.56 8.42 2.65 0.07
Croisic 0.13 0.52 10.15 2.89 0.09

LEperon 0.13 0.59 8.78 2.75 0.04
Cornard 0.08 0.51 10.32 3.64 0.06
Auger 0.07 0.55 9.66 3.10 0.06
Antoine 0.10 0.47 11.18 5.21 0.00
Lazaret 0.18 0.37 8.67 4.30 0.00
Teychan 0.11 0.55 10.46 3.68 0.14
B7 0.11 0.50 8.29 3.59 0.14

Table A.S3: Descriptors of coefficients in unconstrained interaction matrices and comparison
to best-fitting pennate-centric structures: ratio of coefficients significantly different from 0 out-
side of the pennate-centric blocks vs total number of coefficients in the unconstrained matrix,
proportion of positive interactions in the unconstrained matrix, ratio of mean intrataxon inter-
action strength and mean intertaxa interaction strength in the unconstrained matrix, ratio of
mean interaction strengths inside the pennate-centric modules vs outside the pennate-centric
modules in the unconstrained matrix, and proportion of interactions changing sign between the
two matrix structures.

Thus, even if we chose to select the full interaction model, there would be no difference in
our main conclusions: intrataxon interactions are much stronger than intertaxa interactions and
positive interactions are still the rule. There is at most 18% of interactions significantly different
from zero outside of the pennate and centric blocks and those interactions are on average 3.5

times lower than the interactions inside the pennate and centric blocks (Table A.S3).

A.S6 MAR references and analysis

We present here the MAR references we used to compare the effects of intra- and intertaxa
interactions (Table A.S4, Fig. A.59). We add information on the biome and taxa used in
the study as they tend to be linked to the estimated parameters (Fig. A.S10). We should
mention two potential biases associated with this comparison across the published literature.
First, low-dimensional matrices tended to be more complete (less sparse) than high-dimensional
matrices, as these small interaction matrices were used to study known interactions (observed
predation between organisms, for instance). In fact, we add a handful of predator-prey systems
(in red) mainly to give a scale to the plot. Conversely, the number of parameters to estimate
increases as the square of the number of interacting taxa, leading most authors to reduce this
set before the estimation process for large interaction matrices. There is therefore a positive
correlation between sparsity and dimensionality (Fig. A.S10). A second caveat is that, while we
informed our model selection by phylogeny, several authors have instead reduced the number of
estimated parameters by an automated procedure, usually based on the comparison of hundreds

of randomly chosen interaction matrices by AIC [174]. The latter choice is likely to bias high
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non-zero interactions in the literature. This is why we decided to present in the main text
intra/inter ratios including intertaxa coefficients set to zero (see Fig. A.4 in the main text),
which should be less sensitive to the model selection method and therefore make comparisons
across studies possible. In Fig. A.S9, mean interaction strengths were computed as the mean
absolute value of the set of coefficients which were deemed significant at the 5% level in the

B-1I matrix (see the “Computation of intra/inter-taxa ratios” section above for details).

Phytoplankton modelling 163



A.S. Supplementary Information

Code Ref Dimension Type of organisms Taxonomic level System T
la Ives et al. [174], CLS 9 Zooplankton Species and functional groups Lake 100
1b Ives et al. [174], TLS 9 Zooplankton Species and functional groups Lake 100
2a Klug et al. [195] 2 Phytoplankton Phylum Lake 100
2b Klug et al. [195] 3 Zooplankton Species Lake 50
3a Klug & Cottingham [194] 4 Functional groups of plankton NA Lake 300
3b Klug & Cottingham [194] 5 Taxonomic groups of plankton Phylum/division Lake 300
4a Ives et al. [175] 4 Plankton Zooplankton v. phytoplankton, size classes Lake 100
4b Tves et al. [175] 4 Plankton Zooplankton v. phytoplankton, size classes Lake with high planktivory 100
4c Ives et al. [175] 4 Plankton Zooplankton v. phytoplankton, size classes Lake with low planktivory 100
Ha Hampton & Schindler [144] 14 Plankton Phylum (phytoplankton), genus (zooplankton) Lake 300
5b Hampton & Schindler [144] 14 Plankton, growing season Phylum (phytoplankton), genus (zooplankton) Lake 200
6a Hampton et al. [143] 13 Plankton Phyum (phytoplankton), genus (zooplankton) Lake 400
6b Hampton et al. [143] 7 Simpler web, plankton Phylum (phytoplankton), genus (zooplankton) Lake 400
Ta Huber & Gaedke [163] 10 Ciliates Genus and species Lake 300
b Huber & Gaedke [163] 10 Phytoplankton Genus and species Lake 300
8a Yamamura et al. [342] 3 Insects Species Terrestrial 50
9a Vik et al. [327] 2 Lynx/Hare Species Terrestrial 100
10a Lindegren et al. [213] 3 Fish Species Baltic Sea 30
11a Griffiths et al. [137] 7 Phytoplankton Phylum Coastal site 1000
11b Griffiths et al. [137] 7 Phytoplankton Phylum Offshore site 700

Table A.S4: Studies used when comparing |intra|/|inter| ratios in Fig. A.4 in main text. 7" is the approximate number of sampling dates

in each time series.
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Figure A.S9: Ratios of intra- to inter-taxa mean interaction strength in MAR(1)
studies. Only significant values are taken into account and missing values in the matrix are
not considered (e.g., not replaced by 0 as they are in the main text). The color and shape of
each point are a function of the sparsity of the interaction matrix B—1I and the relation between
the ratio and the sparsity of the matrix is given in the right panel. Red dots correspond to
terrestrial and/or low dimension, predator-prey systems, giving a lower bound for the intra/inter
ratio. Corresponding studies are described in Table A.S4. Annotations beginning with letters
correspond to the present study.
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present study.
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A.S7 Connection to continuous-time models

The relation between complexity and stability in community models has been debated for
decades in theoretical circles [227, 8]. In theoretical ecology, random matrix theory has been
mostly applied to continuous-time interaction models (Allesina & Tang [8], but see Cohen &
Newman [82]). Here, we intend to connect our statistical discrete-time models to the continuous-
time models of stability theory. The discrete-time log-linear model writes x;1; = Bx; in the
main text. This model can only approximate continuous-time, possibly non-linear dynamics.
There are at least two ways to relate discrete-time models to continuous-time dynamics.

The first approach is to linearize continuous-time dynamics (dx = Axdt where A is the
continuous-time community matrix) and to integrate the system over time. In this case, the
map from one time-step to the next can be written x,,; = eAx;. The discrete-time equivalent

A is a matrix exponential and log(B) the

of the community matrix A is then log(B) where e
reciprocal of e with B defined as above.

The second approach is to first integrate a continuous-time model over a time-step and then
linearize the system. In this case, the equivalent matrix A = B — I because it describes the
effects of densities on population growth rates (by contrast B describes effects of log-densities
at time ¢ on log-densities at time ¢ + 1). The second approach is illustrated in more detail in

the next section of the Supporting Information.

Moreover, the measure of resilience differs in discrete- and continuous-time models. In
discrete-time models, and therefore in this study, resilience is measured as the maximum mod-
ulus of the eigenvalues of the community matrix (max(|Ag|)), through the dominant eigenvalue
of B. In continuous-time models, resilience is linked to the maximum real part of the eigen-
values (max(Re(\4))), i.e., the real part of the leading eigenvalue of A. There is therefore a
link to be made between these metrics. We present in Fig. A.S11 the relationship between
resilience metrics max(|Ag|) and max(Re(A4)) to make sure that our results in discrete-time
are consistent with continuous-time theory.

We see in Fig. A.S11 that:

 leading eigenvalues of A are similar for A = B — I and A = log(B) (the difference in
real parts is around 0.04 for values between -0.45 and -0.2). Hence, B — I is a simpler

approximation of A (Fig A.S11 a),

o the modulus of the dominant eigenvalue of B is strongly correlated to the real part of the
leading eigenvalue of A = B —T and A = log(B) (> 0.99 in both cases), which means

that our results are compatible with continuous-time theory (Fig A.S11 a)

o there is no apparent relationship between the continuous-time equivalent metric for sta-
bility /resilience and complexity (the latter being measured as the number of taxa times

the variance of the intertaxa interaction coefficients, Fig A.S11 b).
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Figure A.S11: Stability metrics in discrete vs continuous time. Relationship between
discrete-time and continuous-time stability metrics in (a); relationship between max(Re(A4))
and an index of complexity in (b), that is, the variance of the off-diagonal coefficients weighted
by the number of taxa in each community.

The link between stability and complexity that we study here is therefore of a similar nature
to that studied in continuous-time stability theory, and the relation between stability and
complexity was found to be non-existent using both discrete-time metrics and equivalent metrics
mimicking continuous-time. The absence of relationship between complexity and stability sensu

resilience therefore appears to be genuine.

A.S8 Connection to Lotka-Volterra competition dynamics

The Beverton-Holt multispecies competition model, whose variants are widely used for mod-
elling plant community dynamics [206, 198], is the closest discrete time equivalent to the
continuous-time Lotka-Volterra model (see [90]; although the mapping is not perfect for S > 3

[287]). The Beverton-Holt multispecies competition model writes

e’ Ni,t

_ A.S7
1+ Zj aiij,t ( )

Nz’,t+1 -

where N;; is the abundance of species 7 at time ¢, 7; is its growth rate and «;; is the effect
of species j on species 7. Here, we show how the interaction strengths «;; map to those of the
MAR(1) models used in the main text.

We start with a 2 species model for simplicity, and we note the equilibrium values of species

1 and 2 as Ny and N, (without time subscript). We re-write the model at equilibrium.
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Ry = a1 Ny + app V- Ri= e"—1
! e 12 , with ! (A.S8)
RQ == Oé21N1 + OZQQNQ RQ = e?2 -1
ag Ry = aga11 Ny + agaia Ny (A 89)
ajrRy = apag Ny + araga Ny
N, — -—cazRo—ahy
<:> 1 Q12021 —Q22(11 (AS].O)
N, = ag1 Ri—aj Ry
Q12021 —Q22011
Setting n = log(N), eq. A.S7 is equivalent to
N1 = 11+ n1—In(l+ o011 Nig + a12Nay) (A.S11)
Nog1 = T2+ Ny — In(1 4+ ag Ny + aNay).
We want to compute J, the log-scale Jacobian matrix of the model.
Let us note X = In(1 + a3; Ny + a12No) and Y = In(1 4+ a9 N7 + agaNo).
J = Loy oy | (A.S12)
8711 8712
0X _ 90X ON; __ «a ny o a :
We have o = AN Ony = TranNtanmC = TranN roni, Ny, which leads to
1 a]ilel Ny 1 a]ifQNQ N
_ _ +a “+a +a +a
J—1= B e B PO I (A.S13)
1+ag1 N1+a22 N2 1+a21 N1+a22 N2
For this demonstration, we consider diffuse competition, that is
Qi = ka
. (A.S14)
Oéz‘j = Q, \V/’L 7£ j
If we combine eq. A.S10 and eq. A.S14, we have
Ni= SR (A.S15)
Ny = o855
and
1 kkj.\éle Ny 14k OJéVNZ N
— +kaNi+a +kaNi+a
J—1= B o B P (A.S16)
1+aNi+kaNs 1+aNi+kaNy
(J = Dy = — 5 (Ra—kR1)
T 9k (Ry—kR1)+—5 (Ri—kR2) Ry — kR,
= T Dy — (k) = =D = le — kRg(J ~ Dha (ASIT)
(J =T = 1+ £ (Re—kR1)+ 5 (R1—kR2)
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communities

By symmetry, we can also write

Ry — kR,

J—1I)gy = k"2
(=D =kp 3R,

(J = I)a1. (A.S18)

The same reasoning can actually be applied with S species as the Jacobian has a similar

form:

—a; N
1+ 37, aiN;
—kaN;
L+ kaN; + 32, iz aN;

(J— 1)y =
(A.S19)

and

—uiNj
L+ 232 aalNi
—aN;
L+ kaN; + 32 aN,
alN;
kaN;
1 N,

= Z(J = D)
P Dy

(A.S20)
- (J =D

[(J—D)iil
[(J=1)i;]7
numerator and the denominator. To build a relationship between k and s, we denote b;; =

However, in the main text, we use the ratio x =

with average quantities in the

(J —1)ij, Np = X7, N;. In this simple diffuse competition case, all b;; have the same negative

sign. Therefore,

S
here by; =—) by )
where - ; (A.S21)
L 1 S S
db;, =—— bi;.
ane o n(n—l).z,z.w

Using eq. A.S20, we obtain
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>
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Il
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1 S Ny 18
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1 1S, Ny —
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5D (5505 %)
Coupling eq. A.S21 and A.522, this leads to
by L _ 1 (L&balNe o (A.523)
by Kk k(S—1) S = by N; ' '

Thus, even in the simple case of diffuse competition, the ratio intra/inter might change
to some degree between MAR(1) and BH competition, as a function of relative abundances.
For even communities, the mapping between Lotka-Volterra and MAR(1) interaction strength
ratios is good; the combined effect of variance in self-regulation strength and realistic levels of
community uneveness may change this. Also, diffuse competition is a simplification: mapping
such interaction strength ratios in the general many-species case is a non-trivial endeavour, and
further deviations between the two frameworks could be expected (see [71], for the two-species

case).
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