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Comparaison et évaluation d’approches bioinformatiques et statistiques
pour ’analyse du pathobiome des plantes cultivées

Résumé : Les interactions entre micro-organismes sous-tendent de nombreux services écosystémiques, y compris
la régulation des maladies des plantes cultivées. Un acteur de cette régulation est le pathobiome, défini comme le
sous-ensemble des micro-organismes associés a une plante hote et en interaction avec un agent pathogene. L’'un
des défis actuels consiste a reconstruire les pathobiomes a partir de données de metabarcoding, pour identifier des
agents potentiels de biocontrole et pour surveiller en temps réel leurs réponses aux changements environnementaux.
Plusieurs verrous méthodologiques doivent cependant étre levés pour atteindre ces objectifs. Tout d’abord, il n’existe
pas de consensus concernant ’approche bioinformatique la plus fiable pour déterminer I'identité et I’abondance
des micro-organismes présents dans les échantillons végétaux. De plus, les réseaux microbiens construits avec les
méthodes actuellement disponibles sont des réseaux d’associations statistiques entre des comptages de séquences, non
directement superposables aux réseaux d’interactions écologiques entre micro-organismes. L’objectif de la thése était
donc de déterminer les approches bioinformatiques et statistiques les plus pertinentes pour reconstruire des réseaux
d’interactions microbiennes a partir de données de métabarcoding. Le modeéle biologique était la vigne (Vitis vinifera)
et 'oidium de la vigne, Erysiphe necator. Nous avons tout d’abord déterminé ’approche bioinformatique la plus
adaptée pour caractériser les communautés fongiques associées aux plantes, en comparant la capacité de 360 pipelines
a retrouver la composition d’une communauté artificielle de 189 souches fongiques. DADA2 est apparu comme
Poutil le plus performant. Nous avons ensuite évalué I'influence de la pratique culturale (viticulture conventionnelle
vs. biologique) sur les communautés fongiques des feuilles de vigne et évalué le niveau de réplicabilité des réseaux
microbiens construits avec une méthode d’inférence classique, SparCC. La réplicabilité était tres faible, jetant ainsi
un doute sur l'utilité de ces réseaux pour le biocontréle et la biosurveillance. Nous avons donc utilisé une nouvelle
approche statistique, le modéle PLN, qui permet de prendre en compte la variabilité environnementale, pour générer
des hypothéses d’interactions au sein du pathobiome d’Erysiphe necator. Une fraction de ces hypothéses ont été testée
par des co-cultures et par fouille automatique de la littérature. Quelques-unes ont été confirmées, ce qui indiquent
que les réseaux microbiens, inférés adéquatement, génerent des hypotheses plausibles d’interactions biotiques qu’il
convient de tester pour développer de nouvelles stratégies de protection des cultures.

Mots-clés : Ecologie microbienne, Réseaux écologiques, Métabarcoding, Inférence de réseaux, Biocontrole,
Pathobiome

Comparison and evaluation of bioinformatic and statistical approaches
for the analysis of the pathobiome of crop plants

Abstract: Interactions among microorganisms underpin many ecosystem services, including the regulation of crop
diseases. An actor in this regulation is the pathobiome, defined as the subset of microorganisms associated with
a host plant in interaction with a pathogen. One of the current challenges is to reconstruct pathobiomes from
metabarcoding data, in order to identify potential biocontrol agents and to monitor in real time their responses to
environmental changes. However, several methodological hurdles must be overcome to achieve these objectives.
First, there is no consensus on the most reliable bioinformatic approach to determine the identity and abundance of
microorganisms present in plant samples. In addition, microbial networks built with currently available methods
are networks of statistical associations between sequence counts, not directly related to networks of ecological
interactions between microorganisms. The objective of the thesis was therefore to determine the most relevant
bioinformatic and statistical approaches to reconstruct microbial interaction networks from metabarcoding data.
The biological model was grapevine (Vitis vinifera) and the fungal agent of grapevine powdery mildew, Erysiphe
necator. First, we determined the most appropriate bioinformatic approach to describe fungal communities associated
with plants, by comparing the ability of 360 pipelines to recover the composition of an artificial community of 189
fungal strains. DADA2 appeared as the most powerful tool. We then evaluated the influence of the cropping system
(conventional vs. organic viticulture) on foliar fungal communities of grapevine and assessed the level of replicability
of microbial networks built with a standard inference method, SparCC. Replicability was very low, casting doubt on
the usefulness of these networks for biocontrol and biomonitoring. We therefore used a new statistical approach, the
PLN model, which allowed us to take into account environmental variability, to generate hypotheses of interactions
in the pathobiome of Erysiphe necator. Some of these hypothesis were tested by co-cultures and by text-mining. A
few were confirmed, indicating that microbial networks, when properly inferred, provide plausible hypotheses of
biotic interactions that need to be tested to develop new strategies for crop protection.

Keywords: Microbial ecology, Ecological networks, Metarbarcoding , Network inference, Biocontrol, Pathobiome
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INTRODUCTION



1 Les micro-organismes associés aux
plantes forment des réseaux écologiques

1.1 Quels micro-organismes colonisent les plantes?

Les micro-organismes sont définis comme les étres vivants invisibles a I’ceil nu (MAczuLAK,
2011, p. 514) Comme les macro-organismes, les micro-organismes peuvent étre classés selon
une phylogénie, un arbre du vivant, qui indique les relations ancestrales entre eux (e.g., HuG
et al., 2016). On distingue ainsi trois grands domaines au sein du vivant : les bactéries, les archées
et les eucaryotes (e.g., HUG et al., 2016). Ces domaines sont les racines d’une classification
hiérarchique utilisée pour classer les organismes vivants selon les rangs taxonomiques suivants :
Domaine > Régne > Embranchement (ou Phylum) > Classe > Ordre > Famille > Genre >
Espéce. Les micro-organismes forment dans la nature des communautés. Selon la définition de
WHITTAKER (1975) une communauté est « . . . un ensemble de populations de plantes, d’animaux,
de bactéries et de champignons qui vivent dans un environnement et interagissent les uns
avec les autres, formant ensemble un systeme vivant distinct avec sa propre composition,
structure, relations environnementales, développement et fonction. » (voir MoriIn, 2011, pour
une discussion des définitions alternatives). Les micro-organismes qui colonisent les plantes
sont présentés dans les paragraphes suivants.

Les bactéries sont des micro-organismes unicellulaires procaryotes — sans noyau et organites
au sein de leur cellule — dont la taille est de 'ordre du micrométre, soit un milliéme de millimétre
(Maczurak, 2011, p. 76). Tous les compartiments des plantes — racines, feuilles, tiges, fleurs et
fruits — sont peuplés de bactéries et nombreuses sont celles qui sont retrouvées dans plusieurs
compartiments (AMEND et al., 2019; HAMONTS et al,, 2018; LUNDBERG et al., 2012; OTTESEN
et al., 2013 ; ZARRAONAINDIA et al., 2015). La densité bactérienne est estimée a pres d’un million
d’individus par centimétre carré sur les feuilles (Figure 1) (VORHOLT, 2012) et jusqu’a cent fois
plus au niveau des racines (BULGARELLI et al., 2013). Ces communautés sont dynamiques et leur
composition change tout au long du développement de la plante et de ses organes (COPELAND
et al., 2015; MAIGNIEN et al., 2014; SHADE et al., 2013). Parmi cette diversité microbienne
associée a la plante, les bactéries détectées fréquemment a la surface et au sein des tissus
végétaux appartiennent aux phylums des Actinobacteria, a— et y—Proteobacteria (HARDOIM
et al., 2015). Des communautés d’archées sont également associées aux plantes (BUEE et al.,
2009a; HASSANI et al., 2018 ; KNIEF et al., 2012 ; Mo1ssL-EICHINGER et al., 2017). L’absence de
détection d’agents pathogenes chez les archées pourrait expliquer pourquoi elles ont moins
été étudiées en association avec un hote, mais elles sont désormais de plus en plus incluses
(MorssL-EICHINGER et al., 2017).

Les champignons sont des micro-organismes eucaryotes pluricellulaires ou unicellulaires
(levures) qui tirent leur énergie de nutriments absorbés (hétérotrophie) puisqu’ils n’ont pas de
chlorophylle et ne réalisent pas la photosynthése (MAczuLak, 2011, p. 326). Les champignons
sont plus grands que les bactéries, avec des tailles comprises entre la dizaine et la centaine de
micrometres (Figure 2). Dans le langage commun, ils font référence aux organes de fructification
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FIGURE 1 - Bactéries en culture issues d’empreintes de feuilles de vigne (Vitis vinifera L. cv.
Pinot noir). Source : VIONNET et al. (2018).
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FIGURE 2 — Bactéries et champignons (notamment I’agent de 'oidium, Erysiphe necator) coloni-
sant la surface d’une feuille de vigne (Vitis vinifera L. cv. Neuburger) en microscopie électronique.
Source : VACHER et al. (2016a).
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visibles et comestibles dans les sous-bois (DUPONT et al., 2017), Le terme “levures” désignent
des champignons unicellulaires qui se reproduisent par bourgeonnement ou fission tels que
la levure de boulanger Saccharomyces cerevisiae (KURTZMAN et al., 2011). Les champignons
sont détectés dans les différents compartiments des plantes, notamment les racines ou les
mycorhizes forment des symbioses avec les racines de la majorité des espéeces de plantes,
et échangent nutriments du sol contre des sucres dérivés de la photosynthése (BONFANTE
et GENRE, 2010; PEAY et al., 2016). Ils sont détectés jusque dans le feuillage de la cime des
arbres les plus hauts du monde (HARRISON et al., 2016), dans les habitats variés des foréts
(BALDRIAN, 2017) et au sein de nombreuses plantes cultivées (CHEN et al., 2016 ; FISHER et
PETRINI, 1992 ; HERTZ et al., 2016 ; PANCHER et al., 2012 ; SAPKOTA et al., 2015). Contrairement
aux bactéries, il n’existe pas d’estimation de la densité des champignons dans les différents
compartiments des plantes, leur biomasse est néanmoins estimée entre 0.05 et 0.2% du poids
sec des tissus photosynthétiques (DAVEY et al., 2009). Les champignons associés aux parties
aériennes appartiennent principalement aux phylums Ascomycota et Basidiomycota tandis que
ceux associés aux racines sont majoritairement des Glomeromycota (HARDOIM et al., 2015 ; PEAY
et al, 2016).

Les oomycetes ont longtemps été classés parmi les champignons mais appartiennent dé-
sormais aux Straménopiles (dont font partie les algues brunes) (RUGGIERO et al.,, 2015). Les
oomycétes comprennent entre 800 et 1000 especes dont de nombreux agents pathogeénes des
plantes cultivées, comme par exemple Phytophthora infestans (mildiou de la pomme de terre),
Plasmopara viticola (mildiou de la vigne) ou Bremia lactucae (mildiou de la salade) (KamounN
et al., 2015). Des oomycétes non-pathogénes sont également détectés dans les échantillons
végétaux (AGLER et al., 2016 ; HASSANI et al.,, 2018 ; SCHLATTER et al., 2017).

Les virus sont des particules inframicroscopiques constituées d’acide nucléique entouré d’'une
couche de protéines et qui doivent infecter des cellules vivantes pour se multiplier (MACZULAK,
2011, p. 779). Leur appartenance aux micro-organismes ainsi qu’aux étres vivants divise la
communauté scientifique (PRADEU et al., 2016). Les virus associés aux plantes infectent les
cellules végétales ou les micro-organismes associés aux plantes (RoossINCK, 2019). La classe
des mycovirus englobe des virus capables d’infecter des cellules de champignons (PANDEY et al.,
2018), ce qui peut conférer a la plante une résistance accrue aux stress biotiques et abiotiques
(MARQUEZ et al., 2007 ; Nuss, 2005).

Des cortéges complexes de micro-organismes sont associés aux plantes, et ces micro-organismes
sont désignés comme épiphytes ou endophytes selon qu’ils colonisent I’extérieur ou I'intérieur
des tissus végétaux. Certains micro-organismes sont néanmoins capables de changer de com-
partiment (RODRIGUEZ et al., 2009).

Les micro-organismes sont si intimement et fréquemment associés aux plantes que la notion
qu’ils devaient étre étudiés ensemble s’est formée : ’holobionte (MARGULIS, 1991; ZILBER-
ROSENBERG et ROSENBERG, 2008). L’holobionte constitue 'ensemble d’un hoéte (plante ou animal)
et les micro-organismes qui le colonise (MARGULIS, 1991 ; ZILBER-ROSENBERG et ROSENBERG,
2008). L’ensemble des génomes de ’holobionte, ’hologénome, est parfois considéré comme
une unité de sélection en évolution (ZILBER-ROSENBERG et ROSENBERG, 2008). Cette théorie de
I'’hologénome suppose que les adaptations de ’holobionte aux changements de 'environnement
peuvent se faire grace aux organismes ayant les temps de générations les plus courts et donc
par les micro-organismes (BORDENSTEIN et THEIS, 2015). Certains aspects de cette théorie sont
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FIGURE 3 — Représentation des interactions écologiques entre deux espéces. Pour chaque
partenaire Iissue de l'interaction peut étre un gain (+) ou une perte (-) de fitness, ou bien étre
neutre (0). Adaptée de FAUST et RAEs (2012) et LIDICKER (1979).

critiqués et demandent a étre démontrés comme par exemple ’hérédité des micro-organismes
associés a un hote ou encore les effets positifs des micro-organismes sur la valeur adaptative
de I’hote - la fitness — (ROSENBERG et ZILBER-ROSENBERG, 2018). Cette théorie permet toutefois
de guider les études sur les plantes hotes et de ne pas omettre les micro-organismes qui en sont
une partie intégrante (VANDENKOORNHUYSE et al., 2015).

1.2 Comment interagissent-ils avec la plante hote et entre
eux?

Les micro-organismes ont tout d’abord interagit entre eux avant d’interagir avec les plantes
(HassANI et al., 2018). Ces interactions peuvent étre représentées par un réseau dans lequel les
noeuds représentent les micro-organismes et les liens représentent leurs interactions biotiques.

Les différents types d’interactions peuvent étre classés selon I'impact sur la fitness de chacun
des partenaires : positif (+), négatif (-) ou neutre (0) (Figure 3 FAUST et RAES, 2012 ; LIDICKER,
1979). Dans une interaction entre deux espéces, trois types d’interactions augmentent la fitness
d’une des deux especes : la coopération (++), le commensalisme (+0) et la prédation ou le
parasitisme (+-). A I'inverse, trois types d’interactions nuisent a 'une des deux espéces :
I’amensalisme (-0), la compétition (-), et la prédation ou le parasitisme (-+).

Les modeles d’écologie théorique montrent que la compétition stabilise les communautés
microbiennes, c’est-a-dire que les abondances retournent a leur équilibre aprés une pertur-
bation (CoYTE et al.,, 2015). En effet, I'introduction croissante d’interactions coopératives —
comme le mutualisme (Figure 3) — rend ces réseaux interdépendants et donc instables dés que
I’abondance d’une espece s’effondre (CoYTE et al., 2015). Ces prédictions issues de simulations
sont corroborées par des études expérimentales ou la compétition entre especes bactériennes
domine (FOSTER et BELL, 2012). Les micro-organismes qui nécessitent les mémes ressources —
sucres, acides aminés — entrent ainsi en compétition par exploitation lorsque ces ressources sont
limitées (GHOUL et MITRI, 2016). La nature d’une interaction entre deux partenaires peut varier
selon les conditions environnementales (HOEK et al., 2016). Dans une relation mutualiste dans
laquelle les acides aminés synthétisés par une levure bénéficient a une autre, le changement
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de concentration de ces acides aminés dans le milieu modifie leur interaction (HOEK et al.,
2016). Dans une relation mutualiste dans laquelle les acides aminés synthétisés par une levure
bénéficient a une autre, si ces acides aminées sont introduit dans le milieu, I'interaction est mo-
difiée (HoEK et al.,, 2016). Plus cette ressource augmente, plus il est coliteux de synthétiser pour
autrui, le coit du mutualisme augmente, et 'interaction passe du mutualisme a une compétition
menant a 'extinction d’une des deux levures (HOEK et al., 2016). Les micro-organismes peuvent
également déployer un arsenal chimique comme la synthése de composés anti-microbiens
chez les champignons pour rivaliser avec les bactéries. Cet arsenal induit de la compétition
par interférence ou a de ’amensalisme selon que les bactéries ripostent ou non (GHOUL et
MITRI, 2016 ; MCCORMACK et al., 1994; SOLIMAN et al., 2013). Une compétition apparente peut
survenir entre des espéces n’interagissant pas si ces espéces partagent un prédateur ou si elles
sont sensibles aux mémes composés anti-microbiens (HoLT et BONSALL, 2017). Des relations de
parasitisme au sein du méme domaine microbien se produisent aussi, par exemple lorsque des
pathogénes de plantes sont eux-mémes parasités par des champignons (mycoparasites) (Kiss,
1998 ; PARRATT et LAINE, 2016). Toutefois, des coopérations existent entre micro-organismes
que ce soit pour partager des nutriments (ZENGLER et ZARAMELA, 2018) ou se disperser. Par
exemple, les hyphes fongiques favorisent la dispersion et les échanges de matériel génétique
des bactéries dans le sol (BERTHOLD et al., 2016) et méme dans le fromage (ZHANG et al., 2018). 11
reste a démontrer dans ce cas précis s’il s’agit de mutualisme ou de commensalisme en évaluant
si les champignons bénéficient ou non de I'interaction. De telles relations pourraient exister a
la surface de la feuille également puisque le marquage par fluorescence des micro-organismes
en microscopie montre la présence de bactéries vivantes au sein des hyphes de champignons
isolés de plantes (HOFFMAN et ARNOLD, 2010). Les interactions bactéries-champignons ne se
limitent pas aux cas présentés et relevent de toute la gamme d’interactions (DEVEAU et al., 2018;
KoBayasHI et CROUCH, 2009, Figure 3)

La présence de bactéries ou champignons spécifiques peut bénéficier a la plante en la proté-
geant, en augmenteant sa croissance (CHEN et al., 2017 ; FAvARro et al.,, 2012), ou en induisant
une résistance plus importante a des facteurs abiotiques tels que la sécheresse (NAVEED et al.,
2014). Par exemple, I'inoculation de certaines bactéries sur les fleurs du colza influence la
visite des pollinisateurs et donc la fitness de ces plantes (FARRE-ARMENGOL et JUNKER, 2019).
Ces micro-organismes sont retrouvés sans inoculation sur les pollinisateurs qui servent leur
dispersion (RUSSELL et al., 2019). Les mycorhizes établissent une relation de mutualisme avec
la plante en lui fournissant des éléments minéraux (phosphate, azote) contre des composés
carbonés issus de la photosynthése (BONFANTE et GENRE, 2010). Une étude récente a démontré
que la présence de bactéries commensales dans les racines est nécessaire a la survie de Arabi-
dopsis thaliana et que cette survie dépend probablement de la compétition entre les bactéries
commensales d’une part et des champignons et oomycétes d’autre part (DURAN et al., 2018).
Mais les micro-organismes sont aussi les agents responsables de nombreuses maladies des
plantes (BUEE et al., 2009a), ce qui peut mettre en péril les plantes cultivées et les personnes qui
en dépendent (FISHER et al., 2012).

Le lien pathogene-hote a été étendu par le concept de pathobiome défini comme « un agent
pathogene intégré dans son environnement biotique » (VAYSSIER-TAUSSAT et al., 2014). BRADER
et al. (2017) ont reformulé ce concept sous la forme « d’un pathogene, son environnement
microbien et leurs interactions qui menent a ’état de maladie ». Bass et al. (2019) le définissent
comme « ’ensemble des organismes associés a I'hdte — comprenant les procaryotes, les euca-
ryotes et les virus — associés a un état de santé réduit (ou potentiellement réduit), en raison
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des interactions entre les membres de cet ensemble et ’hote ». Ces deux derniéres définitions
insistent sur le fait que ’état de santé de ’hote peut étre modulé par les membres du patho-
biome (KEMEN, 2014). Ainsi ce concept a initié ’émergence d’études plus holistiques prenant
en compte cet environnement microbien (CARMICHAEL et al., 2019 ; KERDRAON et al.,, 2019;
KoskELLA et al., 2017 ; LEBRETON et al., 2019; SupaA et al., 2009). Dans la suite du manuscrit,
le terme de pathobiome fait référence au sous-ensemble des micro-organismes associés a une
plante hote en interaction avec un agent pathogene (BRADER et al., 2017 ; VAYSSIER-TAUSSAT
et al,, 2014).

Ainsi, dés qu’un agent pathogene envahit un hoéte et interagit avec sa communauté mi-
crobienne, ils constituent un pathobiome. En cas d’invasion fructueuse, le pathogene peut
perturber la communauté microbienne, et certains auteurs postulent que cela pourrait induire
alors une plus grande hétérogénéité dans la communauté (ZANEVELD et al., 2017). Ce processus,
dénommé le principe Anna Karénine, provient de la lecture de I'incipit ! du roman de ToLsToi
par le prisme de I’écologie microbienne : « Tous les microbiomes sains se ressemblent, mais
chaque microbiome altéré I'est a sa facon » (ZANEVELD et al., 2017). Bien que la composition
du microbiote des plantes change entre les tissus sains et les tissus infectés, les compositions
bactériennes et fongiques semblent plus homogenes dans les tissus infectés d’apres des études
effectuées sur différentes plantes, i.e. concombre, arabette, marronnier, fusain, radis (AGLER
et al., 2016 ; KoskELLA et al., 2017 ; REzK1 et al., 2016 ; SupA et al.,, 2009 ; ZHANG et al., 2019). Ces
résultats remettent donc en question I'existence de le principe Anna Karénine chez les plantes
par rapport aux études reportées chez les animaux (ZANEVELD et al., 2017).

Le succes de I’établissement d’un pathogene sur une plante dépend de la plante et des condi-
tions abiotiques, notamment les niveaux d’humidité et de température, qui sont susceptibles de
varier fortement dans le cadre des changements globaux (ANDERSON et al., 2004 ; CAVICCHIOLI
et al., 2019). Ces conditions abiotiques seront favorables ou défavorables aux pathogenes selon
leur physiologie (CaviccHIOLI et al., 2019). Au-dela de conditions abiotiques défavorables,
I'invasion infructueuse d’un agent pathogeéne peut étre liée a un effet barriere de la commu-
nauté microbienne qui confere des fonctions immunitaires étendues a I'hote (VANNIER et al.,
2019). Les micro-organismes réalisent un effet barriere direct ou indirect via I’activation des
mécanismes de défenses des plantes (HACQUARD et al., 2017 ; LEE et al., 2017 ; VOGEL et al., 2016).
L’effet barriere direct peut étre lié a différents types d’interactions entre micro-organismes : la
compétition par interférence, la compétition indirecte pour la ressource (espace ou nutriments),
de la compétition apparente ou du parasitisme (ARNOLD et al., 2003 ; DURAN et al., 2018 ; KEMEN,
2014; L1 et al., 2019).

Une meilleure compréhension des mécanismes en jeu au sein des pathobiomes parait impor-
tante pour limiter les dégats causés par les pathogenes voire pour maintenir la survie des hotes
considérés notamment les plantes cultivées. Les hotes et leurs micro-organismes sont en effet
affectés par les changements globaux (CaviccHIOLI et al., 2019). Le maintien des interactions
hoéte-micro-organismes est donc crucial puisque les micro-organismes sont responsables de la
vie telle que nous la connaissons (FALKOWsKI et al., 2008 ; GILBERT et NEUFELD, 2014 ; SELOSSE,
2017).

1« Toutes les familles heureuses se ressemblent, mais chaque famille malheureuse I'est a sa fagon. » ToLsToi.
Anna Karénine, 1885.



2 Comment et pourquoi reconstruire les
réseaux microbiens ?

2.1 Comment identifier les micro-organismes ?

L’identification taxonomique des organismes basée sur la description de leurs morphologies
et habitats est plus difficile pour les micro-organismes que pour les macro-organismes. La
microbiologie a pour objectif d’identifier les micro-organismes via leur isolement depuis I’éco-
systeme étudié puis leur culture sur des milieux artificiels (CROWTHER et al., 2018). Mais ces
méthodes sont longues et laborieuses et nécessitent une forte expertise (HIBBETT et al., 2016).
De plus, les micro-organismes biotrophes obligatoires se nourrissent via les cellules vivantes
de la plante hote donc les milieux artificiels ne permettent pas leur croissance (KEMEN et JONEs,
2012). Seule une fraction, entre 0.1% et 50% maximum, des micro-organismes associés aux
plantes est ainsi considérée cultivable (MULLER et RUPPEL, 2014). Mais les innovations récentes
en microbiologie visent a augmenter cette fraction via des approches haut-débit (KEHE et al.,
2019; LAGIER et al., 2018). Ces méthodes de culturomique testent automatiquement plusieurs
milieux artificiels ainsi que des combinaisons de nutriments (LAGIER et al., 2018) ou d’especes
(KEHE et al., 2019).

Tout en reconnaissant ces progres, nous nous sommes basés pour cette thése sur une ap-
proche indépendante de la culture microbienne : le métabarcoding. Cette approche se base
sur I'identification d'un organisme par une séquence d’ADN représentative, un barcode ou
marqueur moléculaire (HEBERT et al., 2003). Elle est nommée métabarcoding lorsqu’elle est
appliquée a la communauté pour identifier plusieurs organismes simultanément(TABERLET
et al., 2018). La facilité d’acces croissante aux nouvelles technologies de séquencage haut-débit
a permis l'utilisation massive du métabarcoding pour étudier les communautés associées aux
plantes (D1 BELLA et al., 2013) (Figure 4). L’assignation d’une séquence a un rang taxonomique
se base sur la comparaison avec des banques de référence (RICHTER et ROSSELLO-MORA, 2009 ;
VARGHESE et al., 2015).

2.1.1 Des micro-organismes aux séquences d’ ADN

La premiére étape de I’approche de métabarcoding est la sélection du marqueur moléculaire.
Ce choix va contraindre la résolution taxonomique, a savoir quel groupe microbien sera
identifié et jusqu’a quel rang taxonomique. Un marqueur qui identifie correctement une espece
microbienne doit posséder une variabilité génétique au sein de I'espece inférieure a celle entre
especes (SCHOCH et al., 2012).

L’identification moléculaire des micro-organismes au sein du régne des bactéries repose sur
la petite sous-unité de ’ARN ribosomique dénommée 16S dont la longueur totale avoisine 1 500
nucléotides (nt) (KARST et al., 2018). La séquence de cette petite sous-unité est composée d’une
alternance de régions conservées et de courtes régions variables (YARzA et al., 2014). Ces régions
variables sont considérées comme des substituts moléculaires a ’espéce bactérienne (EDGAR,
2018 ; STACKEBRANDT et GOEBEL, 1994). Mais elles sont présentes aussi dans les chloroplastes,
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LE METABARCODING %rompt le lien micro-organisme -- ADN ¥ mais tente de le reconstruire
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FIGURE 4 - Principe du métabarcoding appliqué a I’étude des communautés de micro-organismes
associées aux plantes. La plante hote est échantillonnée (1) afin de caractériser ses communautés
composées de différents micro-organismes (2). L’approche de métabarcoding vise a recenser
les marqueurs moléculaires au sein de ’ADN des micro-organismes (3,4) comme un substitut
a leur observation. Mais cette approche se heurte a la rupture du lien micro-organismes et
ADN (symbolisée par un éclair) qui va nécessiter des traitements supplémentaires (en ligne
pointillée) pour retrouver la composition de la communauté.
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ces organites issus d’endosymbiose responsables de la photosynthése au sein des cellules
végétales (RasToal et al., 2010). Leurs séquences peuvent ainsi saturer les échantillons prélevés
sur des plantes et limiter 'identification des espéces microbiennes (RasToai et al., 2010). Pour
amplifier les communautés microbiennes des tissus photosynthétiques, une amplification
de PADN excluant les chloroplastes est nécessaire ou bien un blocage de leur amplification
(FrTzPATRICK et al., 2018). La caractérisation des ces communautés peut s’appuyer également
sur des marqueurs bactériens alternatifs comme les génes codant la sous-unité B de TADN
gyrase (gyrB) (BARRET et al., 2015) ou la sous-unité  de ’ARN polymérase (rpoB) (D1 BELLA
et al,, 2013).

A Tinstar des bactéries, une portion de 'ADN ribosomique est également utilisée pour
I'identification des champignons. La région Internal Transcribed Spacer (ITS) est située entre
les génes qui codent pour les deux sous-unités du ribosome : la petite sous-unité (voir SSU
Figure 5) en amont contenant le géne 18S et la grande sous-unité (voir LSU Figure 5) en aval
contenant les génes 5.8S et 28S (HALWACHSs et al., 2017). L'ITS est considéré comme le marqueur
moléculaire fongique de référence (ScHOCH et al., 2012) et est également utilisé pour la détection
des oomycetes (LEGEAY et al., 2019). La région ITS compléte a une longueur variable entre 150
et 800 nt environ (PALMER et al., 2018). Bien que ce marqueur moléculaire soit considéré comme
suffisamment résolutif pour identifier les champignons au niveau de 'espéce (KOLJALG et al.,
2013; Vu et al., 2019), certaines de ses spécificités peuvent compliquer 'identification correcte
des champignons (PALMER et al., 2018). La variabilité importante de la longueur de la région
ITS complete est due aux longueurs variables des deux régions la constituant : 'ITS1 (entre
le 18S et le 5.8S) et I'ITS2 (entre le 5.8S et le 28S) (PALMER et al., 2018 ; TEDERSOO et al., 2015).
La possibilité d’insertion d’un intron de grande taille au sein de la région ITS1 augmente la
variabilité de la longeur (TAYLOR et al., 2016). Ces variations de longueur associées a un taux
important de répétitions de nucléotides, les homopolymeéres, limitent également la possibilité de
construire un arbre phylogénétique (NI1LssON et al., 2019 ; PALMER et al., 2018) et donc d’utiliser
des outils basés sur les distances phylogénétiques comme UniFrac (LozuPONE et KNIGHT,
2005). La région 18S a été proposée comme marqueur fongique alternatif pour réaliser ce type
d’analyses phylogénétiques mais ce marqueur est faiblement résolutif (LINDAHL et al., 2013). Le
gene TEF1a a également été récemment suggéré pour combiner les avantages de la phylogénie
et de la résolution taxonomique a I'espece (STIELOW et al., 2015). L’existence de banques dédiées
aux séquences ITS expertisées comme UNITE (ABARENKOV et al., 2010) et son usage répandu
favorisant les comparaisons, font que la région ITS reste un marqueur moléculaire de choix
pour la majorité des études sur la diversité et la structure des communautés de champignons
(LiNDAHL et al., 2013 ; YAHR et al., 2016).

Une fois les échantillons récoltés, I’extraction de ’ADN microbien est réalisée conjointement
grace a des actions physiques (température, broyage etc...) et a une lyse chimique des cellules
(LinDAHL et al., 2013). Le protocole d’extraction va ainsi influencer la quantité et la qualité
de ADN extrait, et la détection de certains micro-organismes donc la composition de la
communauté étudiée (DOPHEIDE et al., 2019; MAROPOLA et al., 2015; PoLLOCK et al., 2018;
RITTENOUR et al., 2012).

Suivant I’extraction, une étape d’amplification, la polymerase chain reaction ou PCR, augmente
la quantité d’ADN microbien grace a une réaction en chaine cyclique qui sépare les brins d’ADN,
hybride les amorces et synthétise le marqueur ciblé (Saixi et al., 1988). Les amorces sont des
courts fragments d’ADN construits pour s’hybrider aux régions adjacentes conservées du
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marqueur ciblé comme le 18S et le 5.8S pour I'TTS1 (Figure 5) et limiter I'amplification de 'TADN
végétal (BELLEMAIN et al., 2010). Le choix des amorces est crucial pour identifier correctement les
micro-organismes et plusieurs couples d’amorces ont été proposés pour répondre au compromis
entre une détection large — avec des faux positifs — et trés ciblée — avec des faux négatifs — des
espéces étudiées (par exemple GARDES et BRUNS, 1993 ; [IHRMARK et al., 2012; TAYLOR et al.,
2016 ; TEDERsOO et al.,, 2015; WHITE et al.,, 1990). Lorsque suffisamment d’ADN microbien de
qualité est obtenu, le séquencage de '’ADN permet de révéler la composition en nucléotides
des marqueurs moléculaires (voir Figure 4) sous forme de séquences appelées reads ou lectures
(BALINT et al,, 2016 ; LINDAHL et al., 2013). La concentration d’ADN est préalablement ajustée
avant le séquencage via des dilutions pour étre similaire dans les différents échantillons. De
nombreuses technologies de séquencage existent et elles ont évolué rapidement au cours des
deux derniéres décennies (GOODWIN et al., 2016). Actuellement, les technologies disponibles
sont celles de deuxieme et troisiéme génération, qui générent respectivement des millions
de courtes lectures (150-300 nt, Illumina) ou des milliers de lectures plus longues (Oxford
Nanopore et Pacific Bioscience) (Figure 5; GooDWIN et al., 2016 ; N1LssON et al., 2019). Dans
cette thése, la technologie Illumina MiSeq a été utilisée. Il s’agit en effet de 'approche la plus
commune dans les études de métabarcoding (NILssoON et al., 2019), et plus particuliérement
dans sa version paired-end (bidirectionnelle), lorsque le marqueur moléculaire est séquencé
simultanément dans les deux sens, nommés forward et reverse, via des lectures de 250 nt qui
peuvent se chevaucher. Les ADN des différents échantillons sont préalablement marqués avec
un index, une étiquette moléculaire unique par échantillon, ce qui permet de les séquencer
simultanément sur un méme run de séquencage (LINDAHL et al., 2013). Le nombre de lectures
générées lors d'un run est une valeur fixe de 'ordre de 20 millions pour le MiSeq. Le nombre de
lectures par échantillon dénommé effort de séquencage est souvent variable entres les différents
échantillons composant le run malgré I’ajustement de la concentration en ADN (McMURDIE et
HoLMEs, 2014).

2.1.2 Analyses bioinformatiques : des séquences au relevé des micro-organismes

En écologie des communautés des macro-organismes, I’'observation directe de I’écosysteme
étudié permet d’obtenir un relevé des espéces présentes, voire leurs abondances, sur plusieurs
sites. Les approches de métabarcoding rompent le lien entre micro-organismes et séquences
d’ADN, ce qui implique des analyses supplémentaires (Figure 4). Les analyses bioinformatiques
appliquées aux données de séquences tentent de rétablir au mieux ces liens rompus a 1’aide
d’un ensemble d’étapes impliquant plusieurs programmes informatiques qui s’enchainent, et
dénommeés collectivement pipeline (BALINT et al., 2014 ; LINDAHL et al., 2013). Ces pipelines
produisent un relevé des micro-organismes présents a partir des séquences (BALINT et al., 2016).
Certains pipelines développés initialement pour I'analyse des séquences 16S ont été adaptés
par la suite pour I'utilisation des marqueurs ITS et sont désormais largement utilisés a travers
le monde. Parmi eux se trouvent des outils tels que mothur (ScHLOsS et al., 2009), QIIME 1 et 2
(BoLYEN et al., 2019 ; CAPORASO et al., 2010), FROGS (Escubpik et al., 2015; Escupit et al., 2018),
VSEARCH (ROGNEs et al.,, 2016) et DADA2 (CALLAHAN et al., 2016). D’autres pipelines ont été
développés spécifiquement pour ’analyse des séquences ITS tels que SCATA (DURLING et al.,
2011), CloVR-ITS (WHITE et al., 2013) et PIPITS (GWEON et al., 2015).
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FIGURE 5 - Principales étapes du métabarcoding illustrées pour les champignons. Une com-
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munauté fongique est échantillonnée, ’ADN est extrait puis un marqueur moléculaire issu de
I’ADN ribosomique est amplifié (petite, i.e. SSU, ou grande, i.e.LSU, sous-unité, ou encore ITS1
et/ou ITS2 illustrés par les fleches noires). Le séquengage a haut-débit (HTS) est ensuite réalisé
par des technologies de seconde (a gauche) et troisieme génération (a droite) qui produisent
chacune des séquences de tailles variables. Un grand nombre d’outils est ensuite nécessaire pour
traiter les séquences obtenues et identifier les micro-organismes présents. Source : NILSSON

et al. (2019).
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Les quatre étapes principales d’un pipeline pour caractériser les communautés microbiennes
sont :

Etape 1 le pré-traitement des séquences pour obtenir des séquences de qualité
Etape 2 I'analyse des variations génétiques des séquences de qualité
Etape 3 I'élimination des séquences artéfactuelles et des contaminants

Etape 4 l'incrément d’informations sur les séquences.

Etape 1 — Pré-traitement des séquences pour obtenir des séquences de qualité

Les fichiers bruts issus du séquenceur doivent étre traités afin d’attribuer les séquences a
chacun des échantillons en utilisant les index utilisés pour combiner plusieurs échantillons dans
un méme run (BALINT et al., 2014). Les amorces qui ont permis ’amplification spécifique du
marqueur moléculaire sont également séquencées et présentes (parfois partiellement, parfois en
plusieurs exemplaires) dans les séquences (BALINT et al., 2014). Certains auteurs recommandent
de les retirer afin de limiter I'inflation de séquences artéfactuelles (BALINT et al., 2014 ; LINDAHL
et al., 2013) et un outil répandu, cutadapt, réalise parfaitement cette tiche (MARTIN, 2011).

Dans le cas d’'un séquencage bidirectionnel, les lectures forward et reverse correspondent
a la méme séquence lue dans les deux sens, et ces deux paires peuvent étre assemblées pour
étre davantage sir de la séquence (NGUYEN et al., 2015). Pour les marqueurs moléculaires dont
la longueur est peu variable tels que les régions du 16S bactérien (PALMER et al., 2018), il est
possible de définir une longueur minimale attendue de chevauchement entre les paires comme
option des outils bioinformatiques, voire d’exiger un consensus complet entre les paires (EREN
et al,, 2013). Cependant, les variations de longueur des séquences d’ITS limitent I’établissement
de tels seuils fixes (TEDERsOO et al., 2015) et impliquent 'utilisation d’outils d’assemblage des
paires flexibles, tels que PEAR (ZHANG et al., 2014). Le marqueur est parfois tellement long que
les paires ne peuvent se chevaucher, ou tellement court que les paires dépassent le marqueur
moléculaire de chaque coté (ZHANG et al., 2014). L’absence d’assemblage des paires au profit de
I'utilisation d’'une des deux seulement peut se justifier dans le cas ot aucun chevauchement
entres les paires n’est possible ou si la qualité des séquences d’une des paires est trop faible
(NGUYEN et al., 2015).

Un score de qualité est attribué par nucléotide pour chaque séquence. Ce score, dénommé
Phred score et noté Q, est défini tel que Q = —101log,, p ou p indique la probabilité d’erreur
de séquencage du nucléotide. Par exemple, un Phred score de Q = 30 refléte une probabilité
d’erreur de p = 0.001 (EwING et GREEN, 1998). A partir des scores de qualité, plusieurs approches
existent pour pré-traiter les séquences. Il est par exemple possible de retirer les séquences si
plus de 75% des nucléotides consécutifs sont de mauvaise qualité (Q < 3). Il est également
possible de tronquer les séquences si les nucléotides de mauvaise qualité représentent moins
de 75% de la longueur (BoxULICH et al., 2013). D’autres auteurs ont plutdt opté pour conserver
les séquences dans leur intégralité mais en calculant le nombre d’erreurs attendues dans une
séquence, noté E et défini comme E = }}; 1079/10 (EDGAR et FLYVBJERG, 2015). Les séquences
avec plus d’une erreur attendue sont ensuite retirées des données (EDGAR et FLYVBJERG, 2015).
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Une derniere étape possible de pré-traitement consiste a vérifier que les séquences corres-
pondent bien au marqueur ciblé en identifiant les sous-régions conservées et a centrer I’analyse
sur les sous-régions variables qui sont les plus informatives (BALINT et al., 2014 ; LINDAHL et al.,
2013). Dans le cas du marqueur ITS, ces régions conservées — 18S, 5.8S ou 26S — sont détectables
méme partiellement par 'outil ITSx grace a une base de données contenant des alignements de
ces régions (BENGTSSON-PALME et al., 2013). I'TSx réalise ensuite une extraction sélective de
sous-régions variables telles que I'TTS1 (BENGTSSON-PALME et al., 2013). Une extension récente
de cet outil conserve les scores de qualité des séquences pour chaque nucléotide permettant
leur utilisation par d’autres outils en aval du pipeline (RIVERs et al., 2018). L’outil metaxa2 est
similaire a ITSx mais a été développé pour les marqueurs bactériens (BENGTSSON-PALME et al.,
2015).

Etape 2 — Analyse des variations génétiques des séquences de qualités

A cette étape, les séquences similaires peuvent étre regroupées en unités bioinformatiques
nommeées Operational Taxonomic Unit (OTU; BALINT et al., 2016). Suivant la résolution taxo-
nomique du marqueur et le seuil de similarité choisis, ces entités sont considérées comme
des substituts bioinformatiques d’un genre ou d’une espéce de micro-organismes. La valeur
de 97% de similarité entre des séquences de 16S a été proposée comme un seuil séparant les
especes bactériennes (STACKEBRANDT et GOEBEL, 1994), puis augmentée a environ 99% grace a
des banques de séquences bien plus fournies (EDGAR, 2018). Chez les champignons, un seuil
fixe a 97% est fréquemment utilisé pour les deux régions ITS puisqu’il permet d’identifier
correctement les espéces dans des communautés artificielles (BAKKER, 2018 ; TEDERSOO et al.,
2015). Il est cependant possible que des séquences d’espéces distinctes — mais proches - soient
agglomérées entres elles avec ce seuil (RYBERG, 2015). Mais le choix exact du seuil n’a pas
d’effet sur les conclusions écologiques lorsqu’un processus structure fortement les commu-
nautés étudiées (BOTNEN et al.,, 2018). Certains auteurs soutiennent qu’un seuil variable selon
les groupes taxonomiques de champignons devraient tenir lieu de définition bioinformatique
de I'espéce, un systeme implémenté dans la banque de séquences ITS UNITE sous la forme
d’espéces hypothétiques, les species hypothesis (KOLJALG et al., 2013).

Trois stratégies existent pour générer des OTU a partir des séquences (Navas-MoOLINA et al.,
2013). La stratégie closed reference consiste a comparer les séquences obtenues avec une banque
de séquences existantes avec des OTU pré-définies telle que UNITE (KOLJALG et al., 2013) ou
SILVA (QUAST et al., 2012). A I'inverse, la stratégie de novo démarre des séquences directement
et rassemble les séquences similaires entre elles a un seuil donné pour générer des OTU selon
différents algorithmes possibles. Ces algorithmes de clustering tels que nearest, furthest or
average neighbor peuvent respectivement regrouper les séquences dans une OTU si la similarité
d’une séquence au moins, de toutes les séquences, ou des séquences en moyenne sont inférieures
au seuil fixé (NAvas-MoLINA et al.,, 2013 ; WESTCOTT et SCHLOsS, 2017). D’autres algorithmes
limitent les calculs coliteux — en temps et en mémoire — de ces approches en commencant
les comparaisons avec un type de séquences : les plus longues ou les plus abondantes comme
dans VSEARCH (ROGNEs et al., 2016). Finalement, la stratégie open reference est hybride et
applique une stratégie closed reference sur les séquences qui le peuvent suivie d’une stratégie
de novo sur les restantes. Dans le cas du marqueur fongique ITS, les stratégies closed reference
avec une banque de séquences parviennent mieux a identifier les especes fongiques dans une
communauté artificielle de séquences d’ITS de UNITE (HALwAcHSs et al., 2017) ou d’ADN
fongique séquencé (CLINE et al., 2017). Malgré ces avantages, les séquences représentatives
des OTU générées par cette stratégie dépendent de 'ordre d’apparition des séquences dans la
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banque de référence et les premiéres séquences sont favorisées (WESTCOTT et SCHLOSS, 2015).

Les distances entre séquences au sein d’'une méme OTU ne correspondent pas toujours
au seuil fourni pour les reconstruire mais la stratégie de novo ou 'algorithme de clustering
average neighbor présentent de bons résultats (WESTCOTT et SCHLOsS, 2015). D’autres approches
se développent donc pour définir les OTU de fagon alternative en prenant en compte cette
contrainte. Par exemple, OptiClust place initialement les séquences uniques au hasard dans
des OTU générées avec un seuil fixe (WESTCOTT et ScHLOSS, 2017). Ce placement est ensuite
réévalué en continu jusqu’a maximiser une métrique qui évalue si deux séquences doivent
bien étre regroupées dans la méme OTU, en sachant leur distance a toutes les autres séquences
(WESTCOTT et ScHLOSS, 2017). Swarm a été développé comme alternative aux approches de
novo nécessitant un seuil fixe. En effet, Swarm démarre avec des séquences uniques qui sont
connectées entre elles tant qu’elles possédent une seule différence de nucléotides (insertion,
substitution ou délétion) pour former les limites naturelles des OTU (MAHE et al., 2014 ; MAHE
et al., 2015). Les ensembles de séquences reliées entre elles sont ensuite pondérés par leurs
comptages respectifs pour identifier les séquences faiblements abondantes afin de séparer ces
ensembles en OTU au niveau de ces séquences (MAHE et al.,, 2014 ; MAHE et al., 2015).

Une unité bioinformatique supplémentaire nommée Amplicon Sequence Variants (ASV) a été
créée récemment. Elle regroupe les variants exacts de séquences, ce qui correspond a un seuil de
100% de similarité (CALLAHAN et al., 2017). Le principe consiste a identifier parmi la multitude
de séquences uniques celles qui comportent des erreurs afin de les éliminer et faire ressortir
la variabilité naturelle des marqueurs moléculaires (CALLAHAN et al., 2016). Plusieurs outils
permettent de générer ces unités tels que DADAZ2 (CALLAHAN et al., 2016), deblur (AMIR et al.,
2017) ou UNOISEZ2 (EDGAR, 2016), bien que ce dernier n’incorpore pas la qualité des nucléotides
durant 'identification des ASV.

La comparaison de DADA2, deblur, UNOISE2 et d’une stratégie open reference basée sur
VSEARCH indique que toutes retrouvent la composition attendue d’une communauté artificielle,
mais que le nombre d’unités incorrectement identifiées est bien supérieur avec 1'open reference
(NEARING et al.,, 2018). Les ASV permettent d’identifier les variants de facon unique a I’aide de
leurs séquences et donc sans banque de référence (CALLAHAN et al., 2017). Par conséquent, la
comparaison des occurrences de ces ASV entre différents habitats et études ne nécessitent pas
de devoir réanalyser la totalité des séquences (THOMPSON et al., 2017). De plus, la fine variabilité
génétique détectée par les ASV est de I'ordre des similarités entre marqueurs de la méme espece
- environ 99% - issues des analyses des banques de séquences bactériennes et fongiques (EDGAR,
2018; Vu et al., 2019). Toutefois, ni OTU ni ASV ne peuplent les communautés microbiennes
et le choix de I'unité bioinformatique doit dépendre principalement du rang taxonomique
concerné par la question scientifique (McCLAREN et CALLAHAN, 2018).

Etape 4 — Elimination des séquences artéfactuelles et des contaminants

L’amplification d’un brin d’ADN peut étre interrompue a mi-parcours par le détachement
des amorces et se poursuivre sur un brin d’ADN d’un autre micro-organisme, créant ainsi
un marqueur moléculaire hybride : une chimere. Ces séquences chimériques nuisent aux
analyses en créant des OTU ou des ASV artefactuels. La fréquence des chimeres, estimée sur des
communautés artificielles, est relativement faible (environ 0.2%) pour la région ITS (Aas et al.,
2017 ; BAKKER, 2018), mais beaucoup plus élevée (de 8 a 70%) pour la région 16S (Haas et al., 2011;
ScHross et al., 2011). La formation des chimeres est influencée par la nature de la polymérase
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et est contre-intuitivement diminuée avec des polymérases plus propices aux erreurs (BAKKER,
2018). UNITE compile et met a jour les séquences chimériques d’ITS (NiLssoN et al., 2015).
Plusieurs programmes bioinformatiques ont été développés pour essayer d’identifier et de
retirer les séquences considérées chimériques, comme UCHIME qui est également implémentés
dans VSEARCH et DADA2 (CALLAHAN et al., 2016 ; EDGAR et al., 2011 ; NILSSON et al., 2010;
ROGNEsS et al., 2016).

La grande sensibilité des technologies de séquencage haut-débit ainsi que le nombre élevé
de séquences générées (plusieurs milliers/millions) rendent nécessaire I'inclusion de différents
témoins — positifs et négatifs — lors d’un run afin de s’assurer de I’absence de contaminants
provenant des étapes d’échantillonnage, de biologie moléculaire ou encore du séquencage
(HorNUNG et al., 2019; PoLLOCK et al., 2018). GALAN et al. (2016) ont réalisé une exploration
pionniére du contenu de différents témoins (d’extraction, d’amplification, de séquencage) qui
leur a permis de développer une méthode de filtre de la table d’ASV. Dans cette méthode, les
seuils de contamination croisée T et de fausse attribution Try ont été utilisés pour retirer
les ASV de tous les échantillons ou leurs comptages comportent moins de séquences que I'un
ou l'autre seuil. Le seuil de contamination croisée Tc est défini comme le nombre maximal
de séquences de chaque ASV trouvés dans les échantillons témoins négatifs ou positifs. Le
seuil de fausse attribution Tra est défini comme Tra = N X Ry, ol Ry, indique le nombre de
séquences le plus élevé d’une souche témoin positif dans un échantillon non témoin, divisé
par le nombre total de séquences de la souche dans le run, et N le nombre total de séquences
de chaque ASV. Une autre méthode, decontam, identifie les contaminants comme des ASV
fréquemment détectés dans les échantillons avec une faible concentration d’ADN et dans les
échantillons témoins négatifs (Davis et al., 2018). Une autre méthode, decontam, identifie les
contaminants comme les ASV plus fréquemment détectés dans les témoins négatifs (Davis
et al., 2018). L’inclusion des quantités d’ADN de chaque échantillon avant le séquencage, si
elles sont disponibles, permet d’améliorer la détection des contaminants avec decontam (DAvis
et al,, 20138).

Apreés les étapes de nettoyage et filtrage des données présentées précédemment, les OTU
ou ASV obtenues dans les différents échantillons servent a la construction d’une table, qui
sera le point de départ de multiples analyses. La table d’OTU ou d’ASV est un tableau a double
entrée qui contient le nombre de séquences par OTU ou ASV, et par échantillon. Ces comptages
correspondent a une approximation biaisée de ’abondance des especes (LAMB et al., 2019).
Néanmoins, la fiabilité de ces comptages doit étre assurée au maximum. En effet, des erreurs
peuvent étre introduites dans les séquences par la polymérase utilisée lors de ’amplification
(SHAGIN et al.,, 2017) ou lors du séquencage (SCHIRMER et al., 2015) qu’il est nécessaire de
corriger — pendant I’analyse de variations de séquences (p. 15) — ou d’éliminer pour réaliser
des inférences écologiques de qualité (SOMMERIA-KLEIN et al., 2016). Postuler que les séquences
erronées sont beaucoup moins abondantes que les séquences microbiennes ciblées semble
raisonnable mais il reste cependant difficile de distinguer les séquences erronées des séquences
issues de micro-organismes “rares”, c’est-a-dire en faible abondance dans I’environnement
(LyncH et NEUFELD, 2015). A ’heure actuelle, il n’existe pas de consensus sur la maniére de
filtrer les ASV (ou OTU) dites rares, la méthode la plus communément utilisée étant d’enlever
les unités avec un faible nombre de séquences (1 a 10 séquences) ou une faible abondance
relative (inférieure a 0.005%) (BoxkuLicH et al.,, 2013 ; BRowN et al., 2015). Une approche récente,
LULU, propose de regrouper les OTU (ou ASV) potentiellement erronées avec les OTU (ou
ASV) parents dont ils sont issus (FR@SLEV et al., 2017). Cette méthode a permis d’accentuer la
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concordance entre le relevé de biodiversité effectué visuellement et via le métabarcoding sur
des plantes, et elle posséde I’avantage de conserver le nombre de séquences total de la table
d’OTU (ou ASV) et donc de limiter la perte d’information pour les analyses en aval (FR@SLEV
et al, 2017).

Etape 4 — Incrément d’informations sur les séquences

Une fois la table d’ASV (ou d’OTU) filtrée, I’étape suivante consiste a incrémenter les ASV ou
les OTU avec des informations complémentaires telles que leur taxonomie ou leurs fonctions
potentielles. Pour cela, les séquences sont analysées et comparées a des banques de séquences
de référence — telle que UNITE (KOLJALG et al., 2013) ou SILVA (QUAST et al., 2012) — grace a
différents outils et approches tels que BLAST (ArTscHUL et al., 1990), Ribosomal Database Project
(RDP) Classifier(WANG et al., 2007), metaxa2 (BENGTSSON-PALME et al., 2015); ou des approches
consensuelles entres plusieurs outils avec CONSTAX (GDANETZ et al., 2017). Concernant I’étude
des communautés fongiques, le RDP Classifier, qui utilise la composition en nucléotides des
séquences de la banque pour assigner les ASV (ou OTU) dans la hiérarchie taxonomique,
présente d’excellentes performances de classification sur I'ITS (BokuLicH et al., 2018). La
performance des outils dépend fortement de ’exhaustivité et de la qualité des banques de
référence (NILSSON et al., 2017). Des approches récentes tentent ainsi de limiter une confiance
excessive dans I’assignation taxonomique donnée par un outil en incluant I'incertitude sur les
banques de référence sous la forme d’une probabilité qu'aucune séquence représentative ne soit
dans la banque (ABARENKOV et al., 2018 ; SOMERVUO et al., 2016 ; SOMERVUO et al., 2017). Une
fois une taxonomie établie pour les ASV ou OTU, il est possible d’inférer les fonctions et roles
potentiels des especes identifiées en comparant leur taxonomie a celle d’autres espéces dont les
fonctions sont documentées dans la littérature. Les base de données FUNGuild (NGUYEN et al.,
2016) et FAPROTAX (Louca et al., 2016a) documentent les liens taxonomie-fonction pour les
champignons et les bactéries.

2.1.3 Analyses statistiques : extraire de I'information du relevé des micro-organismes

Les comptages de séquences obtenus par ASV (ou OTU) correspondent a des proportions
par rapport au nombre total de séquences (effort de séquencage) de I’échantillon considéré
(voir le dernier §, section 2.1.1, p. 12; GLOOR et al.,, 2017). Ces données sont contraintes par
une somme fixe et sont dites compositionnelles (AITCHISON, 1982; QUINN et al., 2018). Les
nombres de séquences des unités (ASV ou OTU) d’'un méme échantillon ne sont donc pas
indépendants. Par exemple si la proportion d’'un ASV augmente, les proportions des autres
ASV seront mécaniquement diminuées (GLOOR et al., 2017). De plus, 'effort de séquencage
varie entre échantillons pour de multiples raisons : la difficulté d’ajuster uniformément la
concentration d’ADN, le choix de la technologie de séquencage ou encore de facon aléatoire
(GLoor et al., 2017 ; N1LssoN et al., 2019). La compositionnalité des données ainsi que la variation
de l'effort de séquencage entre échantillons sont des caractéristiques des données de séquencage
a considérer obligatoirement dans les analyses ultérieures de diversité ou de réseaux (BALINT
et al., 2016 ; McMURDIE et HOLMES, 2014).

La diversité a correspond a la diversité des espéces dans un échantillon (LEGENDRE et
LEGENDRE, 2012, p. 258), et plusieurs indices permettent de I’estimer (DALY et al., 2018). Par
exemple, la richesse spécifique est définie comme le nombre d’espéces présentes dans un
échantillon. Dans le cas des analyses de communautés microbiennes, la richesse correspond au
nombre d’unités taxonomiques (OTU ou ASV) dans un échantillon. L’abondance relative des
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especes peut étre incluse dans I'estimation de la diversité. De nombreux autres indices existent
et ponderent différemment les especes rares et dominantes (HiLL, 1973 ; Lucas et al., 2017). Par
exemple, I'indice Inverse Simpson 2D est défini suivant la notation unifiée proposée par Hill
(HiLL, 1973) comme “D = 1/Y}; p? ou p; indique la proportion de I'espéce i dans la communauté
(S1mPsoON, 1949). Cet indice offre ’avantage d’étre interprétable directement comme le nombre
effectif d’espéces d’'une communauté en donnant plus de poids au especes dominantes qu’aux
rares (JosT, 2006). Ainsi, une communauté de trois especes dont les abondances relatives sont
49%,49% et 2% a un indice Inverse Simpson de 2D = 2.08, indiquant la dominance de deux
especes. Enfin, une autre mesure de la diversité communément utilisée est I’équitabilité qui
indique la répartition de ’abondance des especes dans la communauté (P1ELoU, 1966). Une
équitabilité de 0 et de 1 indique, respectivement, une communauté avec une unique espéce
dominante et une communauté avec des abondances homogenes entre espéces (PIELOU, 1966).
Richesse, diversité et équitabilité sont des indices reliés, une communauté avec une équitabilité
totale aura ainsi une diversité égale a la richesse (H1LL, 1973; JosT, 2006).

La diversité f correspond a la variation de la composition des espéces entre échantillons
(LEGENDRE et LEGENDRE, 2012, p. 258). La variation de composition est quantifiée pour chaque
paire d’échantillons a I'aide d’indices de dissimilarité calculés a partir du nombre d’espéces
communes, noté a, a la paire d’échantillons et du nombre d’espéces uniques a chacun des deux
échantillons notés b et ¢ (CHAO et al., 2006). Par exemple, la dissimilarité binaire de Jaccard
est définie comme (b + ¢)/(a + b + ¢) (JACCARD, 1900 ; LEGENDRE et DE CACERES, 2013). C’est
une dissimilarité utile en raison de sa capacité a détecter les groupes d’échantillon similaires
(Kuczynski et al.,, 2010) et parce qu’elle est invariante au nombre total d’espéces par échan-
tillon, contrairement a 'indice de Bray-Curtis (LEGENDRE et DE CACERES, 2013). Une version
quantitative de la dissimilarité de Jaccard est définie comme (U X V)/(U +V — U X V) ou
U et V indiquent respectivement la somme des abondances relatives dans chacun des deux
échantillons pour les espéces communes (CHAO et al., 2006). L’utilisation combinée des ver-
sions quantitative et binaire de cette dissimilarité donne des informations complémentaires
puisque la version binaire donnent une importance égale aux espéces rares (CHAO et al., 2006 ;
JAcCARD, 1900). La dissimilarité appliquée a toutes les paires d’échantillons forme une matrice
de distance entre échantillons (LEGENDRE et DE CACERES, 2013). Elle est classiquement analysée
avec un test statistique, la Permutational Multivariate ANalysis Of VAriance (PERMANOVA ;
ANDERSON, 2001) qui permet d’évaluer I'effet des variables sur les différence de compositions
entre échantillon. De plus, une analyse de dispersion a partir de la méme matrice de distance
permet d’évaluer I’hétérogénéité au sein d’un groupe d’échantillons en comparant les dis-
tances de chaque échantillon au centroide de son groupe, ce qui permet de vérifier également
I’homogénéité de variance des groupes qui est postulée dans la PERMANOVA (ANDERSON,
2006).

Il est possible d’utiliser ces analyses tout en prenant en compte la compositionnalité des don-
nées en ayant recours a la transformation des données (L1 et al., 2016). En effet, la transformation
des données de comptage avec le log ratio centré puis 'utilisation d’une distance euclidienne
permet d’analyser les différences entre échantillons en prenant en compte cette caractéristique
(GLoOR et al., 2017). Cependant, cette transformation n’admet pas de comptages nuls a cause de
la transformation au log. Différentes méthodes de remplacement des zéros ont été suggérées par
GLOOR et al. (2017) et sont proposées dans les librairies R zCompositions (MARTIN-FERNANDEZ
et al,, 2015) ou ALDEx2 (FERNANDESs et al., 2014). Elles considerent que les comptages nuls sont
dus a un échantillonnage limité et non a des absences (MARTIN-FERNANDEZ et al., 2015). Un
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pseudo-comptage — de 0.5 — est ajouté aux comptages puis de multiples ré-échantillonnages
de ces nouvelles abondances relatives sont réalisés par échantillon pour estimer la probabilité
de détecter ces comptages nuls avec I'effort de séquencage de I’échantillon (FERNANDES et al.,
2014 ; MARTIN-FERNANDEZ et al., 2015).

Si une différence de composition entre échantillons est mise en évidence, il est naturel
d’identifier les micro-organismes différentiellement abondants entre échantillons. Il s’agit
plus exactement d’identifier les ASV (ou OTU) dont les comptages sont changeants entre
conditions et plusieurs approches ont été développées a cette fin. Les comparaisons de ces
approches indiquent qu’il n’existe pas d’outil universel, utilisable dans toutes les situations,
car la performance des approches dépend du nombre d’échantillons par condition et de la
différence d’effort de séquencage (THORSEN et al., 2016 ; WEiss et al., 2017). Ainsi, la librairie R
DESeq2 (LoVE et al., 2014) est recommandée lorsque moins de 20 échantillons sont disponibles
par condition car elle posséde une bonne capacité de détection des différences entres conditions,
qui correspondent a des estimations du log ratio des comptages entre les conditions (WEIss
et al., 2017). La librairie ALDEx2 (FERNANDES et al., 2014) permet de prendre en compte la
compositionnalité et fournit des résultats robustes et peu de faux-positifs (FERNANDES et al.,
2018 ; THORSEN et al., 2016).

2.2 Comment identifier les interactions?

2.2.1 Principe de reconstruction des réseaux microbiens

Les interactions biotiques et les exigences abiotiques de '’environnement causent des fluc-
tuations spatio-temporelles dans ’abondance des espéces (HAWKES et CONNOR, 2017). Ces
fluctuations peuvent étre mesurées par des relevés quantitatifs des espéces présentes a différents
temps et différents sites (Figure 6) grace au métabarcoding. L’inférence de réseau consiste donc
a établir des associations statistiques entre les comptages des séquences des OTU (ou ASV)
obtenues avec le métabarcoding (FAUST et RAEs, 2012 ; VACHER et al., 2016b). L’identification
correcte des noeuds (OTU ou ASV) est donc un prérequis a 'inférence des associations qui
doivent se baser sur des comptages fiables et sur une résolution taxonomique précise des OTU
ou ASV (BERRY et WIDDER, 2014 ; CORDERO et DATTA, 2016 ; MCLAREN et CALLAHAN, 2018).
Une large gamme d’outils d’inférence de réseaux dédiés aux données de séquencage ont été
développés (revus dans FAUST et RAES, 2012 ; LAYEGHIFARD et al., 2017 ; ROTTJERS et FAuUsT,
2018) bien qu’'un nombre plus restreint d’outils soient utilisés dans les études des communautés
microbiennes en raison de leur rapidité, précision ou encore leur facilité d’utilisation.

2.2.2 Barrieres a la reconstruction

Les réseaux d’associations inférés posseédent souvent deux types de liens : positifs ou négatifs
(voir AGLER et al., 2016; DURAN et al., 2018 ; FAUST et al., 2015 ; JAKUSCHKIN et al., 2016). Cer-
taines interactions biotiques directes, comme la compétition par interférence ou le mutualisme,
induisentdes associations négatives ou positives (Figure 7). Mais des interactions biotiques
indirectes causent également des associations (Figure 7). Par exemple, dans la compétition
apparente entre deux especes qui partagent un prédateur peut induire des associations négatives
(Hort et BoNsALL, 2017; L1 et al., 2016). Ainsi cette classification binaire des liens — positif et
négatif- ne rend pas compte pleinement des différentes interactions biotiques (Figure 7; WEIss
et al., 2016). De plus, si deux micro-organismes partagent les mémes exigences abiotiques,
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FIGURE 6 — Principes de reconstruction des réseaux d’interactions entre espéces a partir des
profils d’abondance des especes. La structure des réseaux d’interaction entre les especes et les
variations de I'environnement abiotique causent des variations spatiales et temporelles dans
I'abondance des especes. Ces variations peuvent étre détectées en échantillonnant plusieurs sites
géographiques a une date (encerclé), en échantillonnant un site a plusieurs dates (encadré) ou
en combinant les deux plans d’échantillonnage (non montré). Le défi consiste a reconstituer le
réseau d’interaction des espéces (totalement ou partiellement inconnu) sur la base des variables
et des relations qui peuvent étre mesurées (en gris), comme les associations statistiques entre
les abondances des espéces et les variables environnementales abiotiques. Source : DEROCLES
et al. (2018) et Annexe 1, p. 167.
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des associations positives ou négatives peuvent étre générées selon que ces exigences sont
similaires ou opposées (Figures 6, 7; ARMITAGE et JONEs, 2019). Au-dela de la capture de signaux
biotiques et abiotiques, des associations peuvent étre générées par des biais méthodologiques
ce qui indique que plusieurs barrieres méthodologiques demeurent et renforcent le décalage
entre réseaux inférés et réseaux d’interactions (VACHER et al., 2016b).

La compositionnalité des données de séquencage induit des associations statistiques falla-
cieuses qui se retrouvent dans les réseaux inférés (CHIQUET et al., 2019; FANG et al., 2015;
FRIEDMAN et ALM, 2012; L1 et al., 2016 ; WEIss et al., 2016). Dans une communauté simulée
de 5 especes par exemple, ou deux especes n’interagissent pas entre elles, leurs abondances
sont associées négativement par la corrélation de Pearson une fois converties en abondances
relatives (L1 et al., 2016). La présence de nombreux zéros dans les comptages des tables d’ASV
(ou d’OTU) induit des corrélations positives fallacieuses entre certaines paires d’ASV (ou OTU)
a cause de nombreux zéros assortis (LI et al., 2016 ; ROTTJERS et FAUST, 2018). Les simulations
indiquent que la précision des méthodes de reconstruction de réseaux est trés faible lorsque la
table contient plus de 50% de zéros (WEIss et al., 2016). Pouvoir tester ou non les corrélations
dépendrait de la prévalence des deux ASV (ou OTU) d’aprés des travaux théoriques indiquant
que les valeurs extrémes des statistiques de ces tests dépendent des prévalences (CouGouL
et al., 2019a).

L’inférence est difficile puisque les données de séquencage sont de grandes dimensions,
c’est-a-dire que le nombre d’ASV (ou d’OTU) est bien plus élevé que le nombre d’échantillons :
des miliers ou plus d’ASV (ou OTU) détectées dans des centaines (parfois moins) d’échantillons
(BALINT et al., 2016 ; KurTz et al., 2015). Toutefois les simulations indiquent que les performances
des méthodes d’inférence se stabilisent au-dela de 200 échantillons mais en ne considérant que
50 especes (HIRANO et TAKEMOTO, 2019). Une sélection des ASV (ou OTU) a inclure est donc
nécessaire avant 'inférence de réseau mais il n’existe pas de recommandations claires entre
conserver les ASV (ou OTU) abondantes, prévalentes ou les deux (ROTTJERS et FAUST, 2018).
Souvent, les ASV (ou OTU) sont conservées pour I'inférence si elles sont : présentes dans au
moins 20% ou 25% des échantillons (BERRY et WIDDER, 2014 ; DURAND et al., 2017), ou encore
dans au moins dans 2 (DURAN et al., 2018), 5 (POUDEL et al., 2016) ou 10 échantillons (AGLER
et al., 2016). L’absence d’un seuil consensuel de prévalence a partir duquel les espéces doivent
étre conservées peut provenir d’une réticence a filtrer les ASV (ou OTU) peu fréquentes ou rares
qui pourraient étre des spécialistes ou avoir un réle important (HARRISON et al., 2019; LYNCH et
NEUFELD, 2015). Ainsi une approche alternative conserve les ASV (ou OTU) dans la table mais
certaines associations entre paires d’ASV (ou d’OTU) sont interdites (et non inférées) basées
sur leur testabilité calculé sur la prévalence des ASV (et d’OTU) de chaque paire CoucouL et al.
(2019a).

Des associations indirectes entre ASV (ou OTU) peuvent se manifester lorsque les réseaux
sont denses et créer des associations potentiellement fallacieuses dues a 'interdépendance
entre ASV (ou OTU) (BERRY et WIDDER, 2014; L1 et al., 2016; ROTTJERS et FAausT, 2018). Si
deux espéces A et B sont chacune en compétition avec une troisieme espece C, les abondances
de A et B seront associées (HOLT et BONSALL, 2017) mais identifier cette association comme
indirecte nécessiterait de connaitre I’abondance de I'espéce C. Ce méme principe opere si des
ASV (ou OTU) ne sont pas sélectionnés pour I'inférence de réseaux ou bien lorsque qu’ils ne
sont pas observés. L’absence d’observation d'une ASV (ou OTU) peut résulter (1) d’'un pipeline
de métabarcoding inadéquat a au moins une étape (voir p. 12) tel qu’un filtre trop drastique,

22



Comment et pourquoi reconstruire les réseaux microbiens ?

NEGATIVE ASSOCIATION
POSITIVE ASSOCIATION

Opposite abiotic requirements SPECIES L. L .
PP 1 Similar abiotic requirements
- . . ASSOCIATION
irect ecological interaction c c . 7
8 NETWORK Direct ecological interaction

e Interference competition ()
e Predation”
e Parasitism”

e Mutualism

e Commensalism
| e Predation”

Indirect ecological interaction /. e Parasitism”

e Exploitative competition

~ Indirect ecological interaction
e Apparent competition

e Apparent mutualism

Compositional bias e Indirect facilitation

FIGURE 7 - Les réseaux d’associations d’especes ne sont pas des réseaux d’interactions d’espéces.
Des associations significatives entre les abondances des especes peuvent étre engendrées par
des interactions écologiques mais aussi par les exigences abiotiques des espéces et les biais
méthodologiques. De plus, il n’est pas facile de relier le signe d’association statistique au type
d’interaction écologique (*les cas de prédation et de parasitisme sont discutés dans le texte).
Ces obstacles doivent étre surmontés pour reconstituer les réseaux d’interactions entre espéces
a partir des données sur ’abondance des especes, comme celles obtenues a ’aide d’approches
de métabarcoding. Adapté de DEROCLEs et al. (2018) et Annexe 1, p. 167.

(2) d’un faible effort de séquencage empéchant sa détection, (3) d’'une absence d’amplification,
(4) ou encore d’un regne microbien non inclus dans ’approche de métabarcoding. Le régne
manquant peut méme étre non microbien tel les acariens qui consomment le mycélium des
champignons foliaires (ENGLISH-LOEB et al., 2007).

2.2.3 Meéthodes de reconstruction des réseaux
Meéthodes basées sur les corrélations

Les méthodes de co-occurrences ou de corrélations ont été les approches initialement utilisées
pour l'inférence de réseaux a partir des comptages de séquences issues du métabarcoding
(BARBERAN et al., 2012; CHAFFRON et al., 2010). L’inclusion de liens dans le réseau dépend
par exemple de la significativité du test exact de Fisher ou du test de la corrélation des rangs
de Spearman (BARBERAN et al., 2012; CHAFFRON et al., 2010). Les associations peuvent aussi
étre incluses si leur score de corrélation est supérieur aux scores de corrélations obtenus sur
des tables de comptages permutées aléatoirement (CONNOR et al., 2017). Cependant, la nature
compositionnelle des données de séquencage induit des corrélations fallacieuses (FRIEDMAN et
A1Mm, 2012; L1 et al., 2016 ; WEiss et al., 2016). Une autre approche, robuste a la compositionnalité,
SparCC, contourne ce probléeme en prenant pour chaque paire d’ASV le logarithme du rapport
des comptages des ASV de la paire puisque ce rapport est égal au rapport des “vraies“ abondances
inconnues (AITCHISON, 1982; FRIEDMAN et ALM, 2012). Les corrélations entre paires d’ASV
(ou d’OTU) peuvent étre estimées a partir de la variance de ces rapports sous réserve que de
nombreux ASV (ou OTU) soient inclus dans I'inférence et que le réseau microbien est sparse
c’est-a-dire qu’il possede peu de liens (FRIEDMAN et ALM, 2012). D’autres méthodes d’inférence
postulent également que les réseaux microbiens sont sparse et donc que les matrices obtenues
possedent peu de valeurs non-nulles (e.g., CHIQUET et al.,, 2019; KUrTz et al., 2015). CoNet ne
présume rien de tel sur le réseau et cette méthode implémente les mesures de corrélation -
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comme Pearson ou Spearman —, et ajoute des mesures de dissimilarités, telles que Jaccard, non
pas entre échantillons (voir p. 19) mais entre les comptages des ASV (ou OTU) pour réaliser
un consensus des méthodes par un systéme de vote (FAUST et RAES, 2016). La pertinence des
liens dans cette approche est ensuite établie par permutation des données. Les simulations
de communautés microbiennes ont permis de comparer les performances de ces approches
corrélatives (WEIss et al., 2016). Les résultats indiquent qu’il n’existe pas de méthode universelle
et que les caractéristiques du jeu de données, telles que le nombre effectif d’espéces ou le type
de données — multi-sites ou temporelles (Figure 6) — doivent guider le choix de la méthode,
voire d’un ensemble de méthodes a combiner (WEiss et al., 2016). Les enseignements tirés de
cette étude completent des recommandations sur le nombre d’échantillons nécessaires — au
moins 25— ou leur similarité -20% d’ASV communes— pour réaliser des inférences de réseaux
fideles aux simulations (BERRY et WIDDER, 2014).

Meéthodes basées sur les corrélations partielles

D’autres approches ont pris le parti de déméler les associations indirectes qui pouvaient po-
tentiellement fausser les réseaux inférés. Ces approches sont basées sur des modéles graphiques
gaussiens qui modélisent p variables aléatoires gaussiennes notées Xy ; ., définies comme
X ~ Np(u,X) et ol la matrice de variance-covariance ¥, de taille p X p décrit les dépendances
entres ces variables aléatoires (CHIQUET et al., 2019; LAURITZEN, 1996 ; LAYEGHIFARD et al.,
2017). Deux propriétés des modeles graphiques gaussiens sont intéressantes pour I'inférence de
réseau. Premiérement, une fois la matrice X inversée telle que Q = X1, une valeur nulle dans
la matrice Q indique I'indépendance entre les variables (CHIQUET et al., 2019). Deuxiemement,
une corrélation partielle p;; peut étre calculée entre les variables i et j et est définie comme
pij = —Qij//QiiQj; (CHIQUET et al., 2019). Cette corrélation partielle indique la corrélation
entre deux variables toutes choses égales par ailleurs, et donc élimine les associations indirectes
(Kurtz et al., 2015; LAYEGHIFARD et al., 2017). Mais ces propriétés ne sont valides que lorsque
les variables considérées sont gaussiennes. Or ce n’est pas le cas des comptages de séquences
utilisés pour l'inférence de réseaux microbiens.

Plusieurs méthodes se basent sur ces propriétés de la matrice de covariance et contournent
le probleme des variables non gaussiennes en transformant les données (VACHER et al., 2016b).
Par exemple, SpiecEasi applique la transformation du log-ratio centré a la table d’ASV pour se
rapprocher du cas gaussien (KURTZ et al., 2015). Cette transformation divise chacun le nombre
de séquences par ASV par la moyenne géométrique des comptages de I’échantillon et applique
le logarithme a chacun de ces ratios (GLOOR et al., 2017; L1 et al., 2016). Ensuite, la sélection
des paires d’ASV (ou OTU) non indépendantes est réalisée griace a une procédure nommée
Least Absolute Shrinkage and Selection Operator (LASSO) qui vise a forcer les coefficients de la
matrice a tendre vers 0 en appliquant une gamme de pénalités de plus en plus forte (TIBSHIRANI,
1996). Dans le cas de SpiecEasi, c’est la matrice de covariance inverse Q qui est pénalisée suite
au postulat que les réseaux microbiens possédent peu de liens et donc que la matrice Q est
sparse (KurTz et al., 2015). Le LASSO peut étre appliqué a Q en entier pour reconstruire le
réseau dans son ensemble (FRIEDMAN et al., 2008), ou a chaque entrée p de Q pour identifier les
liens de chaque nceuds pour finalement les réconcilier et produire un réseau complet (Kurtz
et al., 2015). Toute la difficulté de cette stratégie réside dans le choix de la pénalité optimale A
comprise entre une pénalité maximale A, résultant en un réseau sans lien et une pénalité
minimale A,,;, résultant en un réseau dense. SpiecEasi identifie la valeur de la pénalité optimale
a l'aide de 'approche Stability Approach to Regularization Selection (StARS) qui consiste a
sous-échantillonner aléatoirement '’ensemble des données, reconstruire les réseaux et identifier
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la valeur de A générant un réseau avec une faible variabilité (L1u et al., 2010).

De fagon similaire a SpiecEasi, les méthodes d’inférence suivantes sont basées sur la transfor-
mation des comptages et I'inversion de la matrice de covariance : CCLasso (FANG et al., 2015),
REBACCA (BaN et al., 2015) ou encore MPLasso (Lo et MARCULESCU, 2017). Néanmoins dans
le cas de MPLasso, I'identification des associations les plus probables peut étre facilitée par
I'incorporation d’informations a priori sur les associations entres micro-organismes provenant
par exemple de la littérature (Lo et MARCULESCU, 2017). Cet apport d’informations est inclus
en augmentant la pénalité A des associations pour lesquels aucune co-occurrence significative
dans la littérature n’est démontrée. A 'inverse, la pénalité est diminuée si la littérature supporte
une telle co-occurrence voire décrit une interaction connue. L’ajustement de ces pénalités pour
guider 'inférence améliore les réseaux reconstruits en comparaison avec d’autres méthodes
(Lo et MARCULESCU, 2017).

D’autres approches considérent que les comptages de séquences proviennent de variables
dites latentes ou cachées comme alternative a la transformation des comptages. Les associations
directes, comme la corrélation partielle, sont définies entres les variables latentes (non observées)
et les comptages de séquences (observés) sont générés conditionnellement a ces variables
latentes (CHIQUET et al., 2019; WARTON et al.,, 2015a). C’est le cas de MInt (Biswas et al., 2016)
qui est un modele hiérarchique Poisson-Normal multivarié ou les variables latentes, une par
ASV (ou OTU) suivent des distributions gaussiennes et les comptages des séquences des ASV
(ou OTU) suivent des distributions de Poisson en sachant ces variables latentes. La matrice de
covariance entre les variables latentes capture donc les associations entre les ASV (ou OTU)
et Pestimation des liens est ensuite réalisée via la pénalisation de la matrice de covariance
inverse (Biswas et al., 2016). Une approche similaire modélise conjointement les comptages de
la table d’ASV a I'aide du modele Poisson Log-Normal (PLN; ArrcHisoN et Ho, 1989). PLN
considere que les comptages sont issus de distributions de Poisson dont la moyenne est fonction
de I'effort de séquencage, des covariables et des variables latentes gaussiennes (CHIQUET et al.,
2017 ; CHIQUET et al.,, 2019). Comme pour Mlnt, la matrice de covariance entre les variables
latentes gaussiennes informe sur les associations entre les ASV (ou OTU) (CHIQUET et al., 2017;
CHIQUET et al., 2019). Le choix de la pénalité optimale dans PLN peut se faire grace a ’approche
StARS comme dans SpiecEasi ou bien a I’aide du critére Bayesian Information Criterion (BIC)
courant en statistiques mais adapté aux données en grandes dimensions (CHEN et CHEN, 2008).
gCoda est similaire a CCLasso mais suppose que les abondances absolues des micro-organismes
sont latentes, donc non observées, et suivent une distribution logistique normale, qu’il s’agira
d’estimer afin d’informer sur les associations entre OTU (ou ASV) retrouvées grace a I'inversion
de la matrice de covariance (FANG et al., 2017). MAGMA se base sur des variables latentes
gaussiennes mais considére les comptages générés par des distributions négatives binomiales
avec inflation de zéros (Coucout et al., 2019b).

Une approche alternative, FlashWeave, fournit des corrélations partielles mais n’est pas basée
sur I'inversion de matrice de covariance mais plutot sur l'identification pour chaque noeud
de prédicteurs suffisants et nécessaires de ses comptages transformés tels que les comptages
d’autres ASV (ou OTU) ou les variables environnementales (TACKMANN et al., 2019). Une fois
les prédicteurs de tous les noeuds identifiés, le réseau est reconstruit en indiquant un lien entre
deux nceuds si au moins un est prédicteur de 'autre (TACKMANN et al., 2019). OVASKAINEN
et al. (2017) a défini un ensemble de modeles a variables latentes, Hierarchical Modelling of
Species Communities (HMSC), applicable a plusieurs types des données tels que des comptages
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de séquences ou des données de présence-absence. Cette approche permet notamment de
prendre en compte les relations phylogénétiques entre espéeces et les traits associés a chacune
d’elles en plus de leurs occurrences et des variables environnementales (OVASKAINEN et al.,
2017). D’autres méthodes développées récemment modélisent les abondances absolues des
micro-organismes (X140 et al., 2017; YooN et al., 2019) qui ne sont malheureusement pas
disponibles a partir des abondances relatives obtenues par le séquencgage. Pour estimer les
abondances absolues, les cellules microbiennes peuvent étre dénombrées par la cytométrie en
flux. La quantité d’ADN peut étre estimée par fluorescence avec la quantitative PCR (QPCR)
ou par des méthodes de micro-fluidiques plus récentes comme la digital droplet PCR (ddPCR)
(HinDsoN et al., 2013 ; PORTER et HAJIBABAEI, 2018). Mais ces abondances absolues concernent
les cellules ou les ADN et ne sont pas directement superposables aux abondances relatives des
ASV (ou OTU) suite au nombre de copies variables du marqueur ciblé dans les cellules et dans
le génome (GANLEY et KoBAYASHI, 2007 ; REBOLLAR et al., 2017). Ces deux types de données
peuvent étre combinées soit en multipliant les abondances relatives des ASV (ou OTU) par les
abondances absolues (DANNEMILLER et al., 2014 ; Props et al., 2017 ; VENTURELLI et al., 2018) ou
soit en ré-échantillonnant conjointement les deux (VANDEPUTTE et al., 2017).

Meéthodes non corrélatives

L’inférence de réseaux microbiens n’est pas limitée aux approches corrélatives entre comp-
tages de séquences et d’autres approches proposent d’identifier autrement les interactions entre
ASV (ou OTU). Une approche de machine-learning basée sur la logique considere les données
d’entrée comme une série d’exemples, ou de programmes logiques, qui doivent étre prouvés
en utilisant les connaissances préalables (BoHAN et al., 2011; Ma et al., 2019; TAMADDONI-
NEzHAD et al.,, 2013). En introduisant les traits nécessaires a la prédation comme connaissances
préalables, I’approche a pu identifier des liens trophiques connus et inconnus a partir des
abondances (BOHAN et al., 2011; DAVEY et al., 2013), mais elle reste a étre utilisée sur des
comptages de séquences. De plus, les connaissances préalables des traits d’interactions dans le
cas des interactions microbiennes peuvent faire défaut. Ainsi le meta-interpretive learning (MIL),
propose de déduire les régles d’interactions a partir des données d’entrée et des connaissances
préalables (s’il y en a) et éventuellement en inventant de nouvelles regles (TAMADDONI-NEZHAD
et al., 2015). HARRIs (2016) suggere d’utiliser des réseaux de Markov construits a partir de
données de co-occurrence, présence-absence, afin d’estimer efficacement les interactions entre
quelques especes sous la forme de probabilités de co-présence. Cependant, cette approche reste
a étre évaluée dans le contexte de haute dimension des données de séquencage puisque cette
inférence de réseaux repose sur de nombreux échantillons et se limite a 25 espéces au maximum
(HaRRris, 2016). Certaines méthodes issues de domaines éloignés de I’écologie sont également
utilisées pour tenter d’identifier des interactions. Ainsi, des auteurs ont tenté de reconstruire
des réseaux proie-prédateur via I’approche des k plus proches voisins, mais en se basant sur
des données de présence-absence et les traits des prédateurs, malheureusement avec un succes
minime (DESJARDINS-PROULX et al., 2017). VERNY et al. (2017) proposent de reconstruire des
réseaux basés sur la théorie de I'information en dtant sélectivement au regard de I'information
que le lien apporte. Cette approche a été appliquée a plusieurs types de données biologiques
binaires pour générer des réseaux de causalité, parfois méme dirigés, mais cette approche n’a
pas encore été appliquée a des données de séquencage.
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2.2.4 Surmonter les barrieres

La plupart des méthodes présentées ci-dessus peuvent gérer la compositionnalité des données
de séquencage, souvent par la transformation des comptages — SparCC, SpiecEasi, MPLasso,
gCoda, CCLasso, REBACCA ou FlashWeave — ou en incluant I'effort de séquencage en tant
qu’offset dans le modele - HMSC, MAGMA ou PLN. Une comparaison récente de méthodes
d’inférence de réseaux a néanmoins révélé que les méthodes robustes a la compositionalité
n’étaient pas plus performantes que les corrélations de Pearson ou Spearman sur des simulations
de communautés (HIRANO et TAKEMOTO, 2019). Les auteurs avancent que ces résultats contra-
dictoires a la théorie (e.g., BAN et al,, 2015; FANG et al,, 2015; KurTz et al., 2015) pourraient
étre dus a la nature des simulations (HIRANO et TAKEMOTO, 2019).

Surmonter les associations induites par les réponses conjointes ou disjointes des micro-
organismes a leurs habitats peut se faire en introduisant des variables environnementales qui
décrivent ces habitats : les covariables (VACHER et al., 2016b). Ne pas inclure les covariables
lorsqu’elles ont un effet sur les comptages entraine des inférences de réseaux inadéquates par
rapport aux simulations (Biswas et al., 2016 ; CHIQUET et al., 2019; Coucoul et al., 2019b;
TACKMANN et al., 2019). Plusieurs méthodes d’inférences de réseaux —CoNet, MInt, HMSC,
FlashWeave, MAGMA et PLN- sont capables d’inclure de telles covariables. CoNet ou Fla-
shWeave les incluent explicitement comme des noeuds du réseau tandis que MiInt, PLN et
MAGMA prennent en compte leurs effets au moment de générer les comptages depuis les
variables latentes en modifiant la moyenne de la distribution de Poisson (MInt et PLN) ou
Négative Binomiale (MAGMA). Les associations indirectes liées a I'interdépendance entre les
ASV (ou OTU) inclus durant 'inférence peuvent étre retirées avec les approches de corrélations
partielles (L1 et al., 2016).

2.3 Applications potentielles

L’évaluation et la surveillance des écosystemes sont classiquement basées sur des espéces
indicatrices dont la présence et ’abondance refletent le fonctionnement de I’écosystéme (BAIRD
et HAjiBABAEIL, 2012; CORDIER et al., 2018b). Les relevés des micro-organismes a partir de
données de métabarcoding sont désormais effectués a I’échelle planétaire (THOMPSON et al.,
2017) et permettent de considérer des approches de bio-surveillance a plus grande échelle et
automatisées (BOHAN et al., 2017 ; CORDIER et al., 2018b). Certains auteurs ont donc proposé
d’inclure les réseaux microbiens reconstruits a partir de ces données, notamment leurs proprié-
tés (DELMAS et al., 2019), comme des indicateurs du fonctionnement de I’écosystéme (BoHAN
et al., 2017; KariMI et al., 2017). Ces approches de bio-surveillance ne peuvent s’imaginer
que dans un contexte de partage de données et de protocoles établis (voir Annexe 1, p. 167;
DEROCLES et al., 2018) et leur succes doit reposer sur des approches de métabarcoding fiables et
des méthodes de reconstruction de réseaux robustes.

Une fois reconstruits, les réseaux microbiens indiquent des hypothéses d’interactions entre
ASV ou (OTU) qu’il reste a vérifier expérimentalement (CARR et al., 2019; ROTTJERS et FAusT,
2018). Les expériences de co-cultures de micro-organismes confirment qu’une partie des liens
reconstruits refletent des interactions biotiques (DAs et al., 2018 ; TipTON et al., 2018 ; WANG
et al., 2017). Par exemple, une association positive dans un réseau de co-occurrence prédite
comme une symbiose potentielle entre eucaryotes microscopiques a été confirmé ensuite par
microscopie (LIMA-MENDEZ et al., 2015). De méme, le réseau de corrélations obtenu entre
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différents réegnes microbiens colonisant les racines — bactéries, champignons et oomycétes—
a permis de guider des expériences futures et de mettre en évidence un antagonisme inter-
regne, des bactéries vers les champignons et oomycetes, nécessaire a la survie de la plante
hote (DURAN et al,, 2018). Ainsi, la capacité potentielle des réseaux microbiens reconstruits
a détecter des interactions biotiques pourrait étre mise a profit pour identifier des agents de
biocontrole, c’est-a-dire des micro-organismes capables d’antagonisme envers des pathogénes
de plantes (POUDEL et al., 2016). En 2019, la France autorise I'utilisation de moins d’une centaine
de produits de biocontrole basés sur des micro-organismes (ANONYME, 2019a). L’identification
de nouveaux candidats potentiels est fastidieuse et obtenir des autorisations de mise sur le
marché peut étre long. Les approches basées sur les réseaux microbiens pourraient permettre,
a terme, d’obtenir une liste réduite d’agents de lutte biologique potentiels afin que la mise en
évidence de leurs propriétés et les tests in planta puissent étre au coeur des recherches et non
leur identification.

Si les réseaux microbiens peuvent étre effectivement reconstruits de maniere exhaustive et
robuste, les micro-organismes clés de votite, avec un effet structurant fort sur la communauté,
pourraient étre identifiés sur la base de I’analyse des réseaux (AGLER et al., 2016 ; BANERJEE et al.,
2018). Ces micro-organismes pourraient ensuite étre inoculés pour modifier les communautés
microbiennes associées aux plantes cultivées et favoriser des communautés qui limitent les
maladies de I’hote ou stimulent sa croissance (Toju et al., 2018).
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3 Objectifs de la these

L’objectif de la thése est d’identifier les approches bioinformatiques et statistiques les plus
pertinentes pour reconstruire les réseaux microbiens associés aux plantes a partir de données
de métabarcoding, afin de pouvoir utiliser ces réseaux dans les domaines du biocontroéle et de la
bio-surveillance. Pour atteindre cet objectif, trois taches ont été identifiées. Elles constituent la
division des travaux présentés dans ce manuscrit. Premierement, il est nécessaire de caractériser
le plus précisément possible la communauté microbienne qui colonise la plante hote. J’ai
donc comparé la capacité de plusieurs centaines de pipelines bioinformatiques a identifier les
espéces fongiques associées aux plantes a partir de données de métabarcoding (Chapitre II).
Deuxiémement, il est nécessaire d’évaluer la réplicabilité des réseaux inférés et leur aptitude a
détecter des changements environnementaux. J’ai donc reconstruit, en utilisant une méthode
classique d’inférence (FRIEDMAN et ALM, 2012), des réseaux microbiens répliqués et j’ai évalué
leur réponse a un changement de pratique culturale (Chapitre III). Enfin, il est nécessaire
d’évaluer 'aptitude des réseaux microbiens reconstruits a générer des hypotheses plausibles
d’interactions entre micro-organismes, et plus particulierement entre les pathogenes et le
reste de la communauté microbienne. En utilisant une méthode récente d’inférence de réseaux
(CHIQUET et al.,, 2017; CHIQUET et al., 2018), j’ai donc généré des hypotheses d’interactions
entre micro-organismes et je les ai confrontées a des expériences de co-cultures (Chapitre IV).
Le modeéle biologique au centre de la thése est le pathosystéme vigne (Vitis vinifera) - oidium
de la vigne (Erysiphe necator), mais les approches bioinformatiques et statistiques évaluées
sont génériques et peuvent étre appliquées a d’autres écosystemes microbiens.
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4 Modele d’étude : 1a vigne

Le modeéle d’étude au coeur de cette thése est la vigne, Vitis vinifera, une plante grimpante
pérenne du genre Vitis. La vigne et sa culture sont mentionnées depuis les premiers écrits
et alimentent les mythologies (Avara, 2011). Des régions viticoles telles que Saint-Emilion,
sont méme désormais inscrites au patrimoine culturel mondial reconnu par 'UNESCO . La
domestication de la vigne pour la production de vin est estimée entre 5000 et 9000 ans avant
notre ére (AYALA, 2011) et des milliers de variétés appelées cépages, existent désormais (MYLES
et al, 2011). La vigne est aujourd’hui cultivée mondialement pour la consommation de ses fruits
mais surtout pour leur transformation en vin suite a la fermentation microbienne des baies. La
viticulture occupait une surface de 792 533 ha en 2018, soit 79% des cultures permanentes en
France métropolitaine (ANONYME, 2019b, p. 40).

Tous les organes de la vigne sont peuplés de micro-organismes : les feuilles, la surface des
baies de raisin, les bourgeons, les fleurs, les graines, les rameaux, I’écorce, le bois et les racines
(par exemple COMPANT et al., 2011; CORTESI et al., 2008 ; DISSANAYAKE et al., 2018 ; MARTINS
et al,, 2013 ; MORRISON-WHITTLE et al., 2017 ; ZARRAONAINDIA et al., 2015). Ces communautés
fongiques et bactériennes sont détectées tout au long de la saison végétative (FORT et al., 2016;
PINTO et al., 2014). Certains micro-organismes persistent sur cette plante pérenne jusqu’a la
saison suivante dans les baies non vendangées qui se momifient sur les ceps (S1piczki, 2016),
dans les bourgeons et également sur I’écorce et les feuilles mortes (CORTESI et al., 2008). Dans
le cas de la vigne, I'importance des micro-organismes associés va au-dela de la plante et de ses
fruits puisque la vaste majorité des raisins collectés en France sont destinés a la production
viticole (ANONYME, 2019b, p. 39). Dans ce contexte, la nature des micro-organismes détectés
sur les baies est importante. Les pathogénes peuvent endommager les baies et provoquer
des pertes de récolte et une altération du gotit des vins (KASSEMEYER, 2017). Des levures non
pathogénes dites "indigenes" sont également présentes a la surface des baies (Sun et al., 2009;
ZotT et al., 2010). Celles-ci peuvent se retrouver dans les mofts et participer a la fermentation
spontanée (SUN et al., 2009) si elles résistent aux conditions abiotiques : produits phytosanitaires
appliqués a la vigne (KoskL et al., 2019), les fortes concentrations en sucres, puis en alcool suite
a la fermentation et a I’ajout de sulfites (DUPONT et al., 2017 ; GRANGETEAU et al., 2017). Les
communautés fongiques du mott sont initialement plus similaires aux communautés de la
surface des baies, mais une fois la fermentation effectuée, elles ressemblent aux communautés
de I’écorce (MORRISON-WHITTLE et GODDARD, 2018). Il reste a démontrer si les espéces de ces
communautés sont ubiquistes ou si elles sont transférées des compartiments jusqu’au produit
fini (MORRISON-WHITTLE et GODDARD, 2018).

Les micro-organismes les mieux caractérisés parmi les colonisateurs de la vigne sont ceux qui
causent des maladies (ARMIjO et al., 2016). La vigne, comme beaucoup d’autres plantes cultivées,
est en effet soumise a des pressions importantes de maladies parasitaires liées a des insectes ou
des micro-organismes (BLANCARD, 2019). Trois maladies majeures de la vigne sont causées par
des organismes fongiques et oomyceétes : les champignons Botrytis cinerea (pourriture grise)
et Erysiphe necator (oidium) et 'oomycete Plasmopara viticola (mildiou) (ArMIjo et al., 2016).
Ces maladies affectent principalement les feuilles puis les baies causant leur éclatement et une

https://whc.unesco.org/fr/list/932
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FIGURE 8 — Cycle biologique de I'agent causal de I'oidium de la vigne (Erysiphe necator). A
partir d’une feuille contaminée (en bas a gauche), le cycle de reproduction asexuée via la survie
dans les bourgeons meéne a la formation de conidies (cercle extérieur). Autrement, le pathogéne
peut réaliser une reproduction sexuée et avoir hiverné sous forme de cléistothéces menant a la
formation d’ascospores (cercle intermédiaire). Ces deux sources d’inoculum primaire induisent
une contamination des tissus verts (en bas a droite) et le développement des symptomes.
Les conidies sur ces tissus servent de source d’inoculum secondaire tout le long de la saison
végétative (cercle interieur) via leur dispersion aérienne favorisant la propagation de la maladie.
Source : PEARSON et GOHEEN (1988) et adaptée d’apres les sites https://ohioline.osu.edu et
https://www.syngenta.fr.

sensibilité accrue a d’autres maladies (ArRMIJO et al., 2016). De plus, la flavescence dorée est une
maladie fatale pour la vigne due a une infection incurable causée par une bactérie sans paroi,
un phytoplasme, qui est transportée par un insecte vecteur du nom de cicadelle. La déclaration
de cette maladie est obligatoire afin de mitiger sa propagation sur le territoire et seul des
traitements contre 'insecte vecteur sont disponibles 2. De facon similaire, la maladie de Pierce
causée par la bactérie Xylella fastidiosa est devenue une priorité épidémiologique au vu de sa
récente détection dans le sud de la France et en Corse et des dégats qu’elle a déja causés aux
vignobles californiens (ALMEIDA et al., 2019). La vaste majorité des traitements phytosanitaires
en viticulture francaise concerne la lutte contre le mildiou et I'oidium (Simonovict, 2019, p. 10).

Au cours de cette these, je me suis plus particulierement focalisé sur ’agent causal de
loidium de la vigne (Erysiphe necator) et les communautés associées a ce champignon. Nous
avons mis 'accent sur les communautés fongiques afin de pouvoir caractériser conjointement
le pathogeéne et la communauté associée a 'aide du méme marqueur moléculaire lors de

Zhttp://ephytia.inra.fr/fr/C/6070/Vigne-Phytoplasme-de-la-flavescence-doree
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I’approche de métabarcoding. Erysiphe necator est un champignon biotrophe obligatoire, c’est-
a-dire qu’il ne peut survivre sans un hote vivant duquel il tire ses nutriments (ArRMIjoO et al.,
2016 ; GADOURY et al., 2012; KEMEN et JoNEs, 2012). A la suite d’une infection de la plante
hote durant la saison végétative, le pathogene survit a ’hiver sous deux formes possibles : de
mycélium dans les bourgeons ou sous forme de cléistothéces dans I’écorce, les rameaux et
les feuilles au sol (Figure 8; BLANCARD, 2019). Le mycélium d’E. necator (a droite au milieu
de la Figure 8) se forme a partir de la forme de reproduction asexuée du champignon : les
conidies. Ce mycélium s’étend sur la surface des tissus végétaux puis développe une structure
dénommée appressorium permettant I’entrée mécanique dans les cellules de I’hdte en quelques
heures (p. 66 Cor10-CoSTET, 2007). Une fois la cuticule perforée et ’appressorium dans les
cellules, une autre structure spécialisée se développe, I’haustorium, qui permet a E. necator
d’absorber les nutriments tels que sucres, acides aminés et vitamines (ArRMIjo et al., 2016;
BLANCARD, 2019). Une fois sa nutrition assurée, le pathogéne développe d’autres structures
telles que les conidiophores qui portent les conidies (Figure 8) et dont la densité importante
forme une poudre grise visible sur les feuilles fortements contaminées (Cor1o-COSTET, 2007 ;
GADOURY et al,, 2012). Suite a I'infection, les feuilles peuvent se déformer et méme tomber,
et les conidiophores sur les feuilles servent de source d’inoculum secondaire pour les autres
organes de la vigne (Figure 8), comme les rameaux ou bien les baies qui seront plus acides
et moins sucrées suite a I'infection (CALONNEC et al., 2004 ; Cor10-COSTET, 2007 ; GADOURY
et al., 2012). La reproduction sexuée est possible chez E. necator via les cléistotheces (au centre
de la Figure 8) qui comportent plusieurs asques (de 4 a 6). Ces structures contiennent les
ascospores (de 2 a 8) qui une fois libérées permettent de contaminer les tissus verts de la vigne
(Figure 8; Cor10-COSTET, 2007). Les cléistothéces sont de plus des structures tres résistantes
qui permettent a E. necator d’hiverner dans les rameausx, le sol ou I’écorce afin de coloniser la
vigne a la saison suivante (BLANCARD, 2019; Cor10-COSTET, 2007).

L’aire d’origine de ce pathogéne est les Etats-Unis, et son introduction en France en 1848 a
causé d’importants dégats dans les vignobles. Cette crise sanitaire a causé une chute massive
de la production viticole qui n’a pu étre rétablie a un niveau pré-infestation que dix années
apreés, grace a 'introduction du soufre comme moyen de lutte (Cor1o-CosTET, 2007, p. 57).
Aujourd’hui encore, le soufre est un moyen de lutte largement utilisé sous différentes for-
mulations puisqu’il constitue avec le cuivre, les rares produits phytosanitaires autorisés par
les directives européennes pour la viticulture biologique (EuROPEAN COMMISION, 2007). La
viticulture conventionnelle peut utiliser ces mémes produits et peut les compléter avec un
éventail plus large de produits phytosanitaires (EUROPEAN CoMMISION, 2009). Ces fongicides
possédent des mécanismes plus ciblés, tels que I'inhibition de la synthése des stérols, mais
Erysiphe necator développe des résistances a 'encontre de ces stratégies (Cor1o-COSTET, 2007 ;
Durour et al.,, 2011). D’autres approches ont donc été développées sur la base de la résistance de
certains cépages a 'oidium (ArMmrjo et al., 2016 ; COR10-COSTET, 2007 ; DOSTER et SCHNATHORST,
1985) ou sur la lutte biologique qui vise a contrdler les niveaux d’abondance du pathogéne
grace a d’autres organismes (COMPANT et MATHIEU, 2016 ; COR10-COSTET, 2007). Par exemple,
le champignon Ampelomyces quisqualis est capable de parasiter E. necator et de limiter sa crois-
sance, une propriété qui a rendu possible sa commercialisation (ANGELI et al., 2009 ; K1ss, 1998 ;
NEMETH et al.,, 2019). D’autres micro-organismes ont été mis en évidence comme des potentiels
agents de lutte contre ce pathogeéne : des bactéries du genre Bacillus (B. subtilis ou B. pumilus®),
des champignons (Penicillium chrysogenum, Verticillium lecani ou Trichoderma afroharzianum),
et des acariens se nourrissant de mycélium (Cor10-CosTET, 2007 ; ENGLISH-LOEB et al., 2007;

Shttps://ephy.anses.fr/ppp/sonata
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SAWANT et al., 2017). L’'usage des produits de biocontrole est modeste et représente en moyenne
14% de I'indice de fréquence de traitement (IFT), c’est-a-dire le nombre de doses de référence
utilisées par hectare au cours d'une campagne culturale (SiMoNovIct, 2019, p. 9). Mais cet usage
varie en fonction de la région viticole (StmoNovict, 2019, p. 13).

Les viticultures conventionnelle et biologique visent a produire des vins de qualité, et la
comparaison de la qualité des baies collectées entre ces pratiques culturales n’indique pas de
différence majeure (DORING et al., 2019; PROVOST et PEDNEAULT, 2016). La pratique culturale
influence néanmoins la vigueur et le rendement des plantes, qui sont souvent diminuées en
viticulture biologique par rapport a la viticulture conventionnelle (DORING et al., 2019). Plusieurs
méta-analyses indiquent que la pratique culturale a des effets sur la biodiversité. Celle-ci est en
effet moins altérée par I'agriculture biologique que par I’agriculture conventionnelle (MUNERET
et al., 2018 ; SEUFERT et RAMANKUTTY, 2017 ; Tuck et al.,, 2014). La pratique culturale doit donc
étre prise en compte dans I’étude des pathobiomes des plantes cultivées, puisque la biodiversité
microbienne (CAMPISANO et al., 2014 ; KERNAGHAN et al., 2017 ; PANCHER et al., 2012) et les
pathogenes peuvent étre influencés (LINDER et al., 2006).

33



L’EXACTITUDE DES DONNEES SUR LES COMMUNAUTES
FONGIQUES DES PLANTES ET DU SOL DEPEND
FORTEMENT DU PIPELINE DE METABARCODING

34



1 Abstract

BIOINFORMATICS MATTERS : THE ACCURACY OF PLANT AND SOIL
FUNGAL COMMUNITY DATA IS HIGHLY DEPENDENT ON THE
METABARCODING PIPELINE
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Fungal communities associated with plants and soil influence plant fitness and ecosystem
functioning. They are frequently studied by metabarcoding approaches targeting the ribosomal
internal transcribed spacer (ITS), but there is no consensus concerning the most appropriate
bioinformatic approach for the analysis of these data. We sequenced an artificial fungal com-
munity composed of 189 strains covering a wide range of Ascomycota and Basidiomycota, to
compare the performance of 360 software and parameter combinations. The most sensitive
approaches, based on the USEARCH and VSEARCH clustering algorithms, detected almost all
fungal strains but greatly overestimated the total number of strains. By contrast, approaches
using DADAZ2 to detect amplicon sequence variants were the most effective for recovering the
richness and composition of the fungal community. Our results suggest that analyzing single
forward (R1) sequences with DADA?2 and no filter other than the removal of low-quality and
chimeric sequences is a good option for fungal community characterization.

Keywords : Bioinformatics, Environmental DNA, Fungi, [llumina MiSeq, Internal transcribed
spacer (ITS), Metabarcoding, DADA2, USEARCH, VSEARCH, LULU.
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2 Introduction

Fungal communities associated with soil and plant tissues have a significant impact on plant
fitness and ecosystem function (BALDRIAN, 2017; BUEE et al., 2009a; DiGHTON et al.,, 2005;
RODRIGUEZ et al., 2009 ; VACHER et al., 2016a; VANDENKOORNHUYSE et al., 2015). Identification of
the fungal species present is a prerequisite for understanding these complex communities, but
this task is challenging, due to the cryptic nature, microscopic characters and morphological
variability of many fungal species (HIBBETT et TAYLOR, 2013; YAHR et al., 2016). Sequence-
based taxonomic identification of fungal community members, or metabarcoding, has been the
standard technique for the last 10 years (BUEE et al., 2009b; CORDIER et al., 2012a; HIBBETT
et al., 2009 ; HIBBETT et TAYLOR, 2013 ; HIBBETT et al., 2016 ; JUMPPONEN et JONES, 2009 ; OPIK
et al,, 2009; ScHMIDT et al., 2013) The internal transcribed spacer (ITS) region is now recognized
as the universal barcode for fungi (ScHocH et al., 2012), and is conventionally used to sequence
fungal communities (BALINT et al., 2014; LINDAHL et al., 2013), in combination with large
taxonomic reference databases, such as UNITE (ABARENKOV et al., 2010 ; KOLJALG et al., 2013).

Despite their widespread use, metabarcoding approaches suffer from various biases due to
the sampling process, molecular biology steps and bioinformatic analyses used (BALINT et al.,
2016 ; LINDAHL et al., 2013 ; PALMER et al., 2018 ; ScHMIDT et al., 2013 ; SOMMERIA-KLEIN et al.,
2016). These biases can prevent accurate recovery of the fungal community. For instance, the
fungi identified may differ according to the barcode region chosen and the primers used for
its amplification (TEDERsOO et al., 2015), the sequencing platform (MoTOOKA et al., 2017), the
method used to assemble reads (NGUYEN et al., 2015), the sequence clustering method (CLINE
et al., 2017; HALwACHS et al,, 2017) and the filters subsequently applied to the operational
taxonomic unit (OTU) table (BokULICH et al., 2013 ; BROWN et al., 2015). Fungal ecologists thus
face difficult decisions at every stage in metabarcoding studies (ALBERDI et al., 2018).

Many pipelines have been developed that can be used for processing fungal ITS sequence
data. These pipelines include MOTHUR (ScHLoss et al., 2009), QIIME (Caporaso et al., 2010),
SCATA (DURLING et al., 2011), CLOVR-ITS (WHITE et al., 2013), VSEARCH (RoGNEs et al., 2016),
FROGS (Escupit et al., 2018), PIPITS (GWEON et al., 2015) and DADA2 (CALLAHAN et al., 2016).
However, the variable length of fungal ITS sequences between taxa and high levels of sequence
variability render analysis and interpretation of the data particularly difficult (HALwWACHS et al.,
2017; PALMER et al,, 2018 ; TEDERSOO et al., 2015). Fortunately, comprehensive guidelines have
been developed, to help fungal community ecologists to make the most appropriate choices
(BALINT et al,, 2016 ; BALINT et al., 2014; LINDAHL et al.,, 2013). These guidelines suggest, for
example, that sequence clustering yields the best results with ITS extraction tools such as
ITSx (BALINT et al., 2014 ; BENGTSSON-PALME et al., 2013 ; LINDAHL et al., 2013). The removal
of rare OTUs, which may be artifacts, is also generally recommended (BALINT et al., 2016),
but there is no consensus concerning the threshold number of sequences below which an
OTU can be considered rare. The proposed thresholds range from 1 to 10 sequences (BROWN
et al.,, 2015) or depend on the relative abundance of OTUs (BokuLicH et al., 2013). Fungal
mock communities have also recently been used for the development of guidelines (BAKKER,
2018; CLINE et al., 2017 ; NGUYEN et al.,, 2015). NGUYEN et al. (2015) showed, for example, that
single forward reads could be used to recover all of the 25 well-amplified species of their mock
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community, whereas only 23 of these species were recovered with assembled paired-end reads.
The clustering algorithm of USEARCH (EDGAR, 2010) has also been recommended, based on
the demonstration that it recovered the expected number of mock species (CLINE et al., 2017).

There is currently no clear consensus in the scientific community concerning the most
appropriate bioinformatic approach for analysis of the fungal ITS regions sequenced on Illumina
MiSeq platforms. We aimed to fill this gap, by creating and sequencing a mock community
of 189 Dikarya strains commonly found in agricultural and forest soils and in plant tissues.
As advised by (NGUYEN et al., 2015), this mock community had a large taxonomic breadth
and some genera were represented by several closely related strains (Figure 1). We compared
the ability of 360 combinations of bioinformatic softwares and parameters to recover the
fungal strains present in this mock community, in the expected proportions. In particular, we
investigated whether clustering-free software packages that identify exact sequence variants
of amplicons (ASVs) rather than clustering similar sequences into OTUs (CALLAHAN et al.,
2016) outperformed conventional clustering approaches, by fully exploiting molecular barcode
resolution (CALLAHAN et al., 2017).

We also tested novel post-clustering curation tools (FR@SLEV et al., 2017). We provide new
guidelines, based on our results, for researchers using metabarcoding approaches for the
analysis of fungal community richness and composition.
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Phylum: ] . .
Kingdom Phylum Class Order  Family Genus Species
Basidiomycota 4 ©
ITS1 sequences of the ITS1 sequences recovered
Mucoromycma mock community by the recommended approach

F1GURE 1 — Taxonomic composition of the artificial fungal community. The terminal nodes
of the tree are the ITS1 sequences (n = 175) of the fungal strains (n = 189) that constitute
the mock community. The ITS1 sequences that were not present in the raw Illumina dataset
are indicated with a cross and those that were recovered by the recommended bioinformatic
approach (Si5, Table 3) are indicated with a black circle.
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3 Materials and methods

3.1 Fungal mock community

The mock community consisted of an equimolar mixture of DNA extracted from 189 pure
fungal strains isolated from soils, sporocarps or plant tissues. All the strains belonged to the
superkingdom Holomycota (TEDERSOO et al., 2018) : 87 Ascomycota strains, 99 Basidiomycota
strains and 3 Mucoromycota strains, corresponding to 181 different species, 97 genera, 67
families, 30 orders and 11 classes. Altogether, 30 genera were represented by several species
and 4 species were represented by several strains (Figure 1 and Table S4).

Fungal DNA was obtained from the inner flesh of sporocarps, or from aerial mycelium scraped
aseptically from the surface of pure cultures grown on PDA (Potato Dextrose Agar), MA (Malt
Agar) or Pachlewski’s medium (MARTIN et al., 1983). The mycelium was lyophilized for 24 h in
an Edwards Modulyo 4K lyophilizer (Edwards, United Kingdom) and 100 mg of lyophilized
mycelium was then placed in a Fast-Prep tube (2 mL) containing 130 mg glass beads (4.5 mm in
diameter ; Dutscher, France) and ground with a FastPrep®machine (MP Biomedicals, France) for
30 s at maximum shaking frequency. DNA was extracted with a DNeasy Plant Minikit (Qiagen,
France), in accordance with the manufacturer’s instructions, except that the incubation time
was extended to 1 h at 65°C, and the volumes of buffers AP1 and P3 were doubled. DNA from all
strains was quantified with a Qubit®2.0 Fluorometer (Life Technologies, USA) and pooled in an
equimolar mixture. Pooling was performed three times (replicates A, B and C). The fungal ITS1
region was amplified from each replicate with the ITS1F (5-CTTGGTCATTTAGAGGAAGTAA-
3’, GARDEs et BRUNs, 1993) and ITS2 (5’-GCTGCGTTCTTCATCGATGC-3’, WHITE et al., 1990)
primers. These primers are considered as universal fungal primers and are commonly used
in fungal community analyses (BUEE et al., 2009b; CORDIER et al., 2012a; NGUYEN et al., 2015;
PALMER et al., 2018). They are known to amplify Ascomycota, Basidiomycota and Mucoromycota
(BELLEMAIN et al., 2010; ScHOCH et al., 2012). PCR was performed with a GeneAmp PCR System
2700 (Applied Biosystems, USA). The reaction mixture (20 pL final volume) consisted of 1x of
PCR buffer, 0.56 mg mL™ of bovine serum albumin (A2153-10G, Sigma, USA), 0.2 mM of each
dNTP, 0.2 uM of each primer, 0.05 U uL™! Taq DNA polymerase (D1806, Sigma-Aldrich) and
5 ng of DNA template. The following cycling parameters were then used for amplification :
enzyme activation at 94°C for 3 min; 35 cycles of denaturation at 94°C for 30 s, annealing at
53°C for 30 s, extension at 72°C for 45 s, and a final extension at 72°C for 10 min. The quality
of the PCR products was checked by electrophoresis on 2% agarose gels. PCR products were
purified (CleanPCR, MokaScience), multiplex identifiers and sequencing adapters were added,
and library sequencing on an Illumina MiSeq platform (v3 chemistry, 2x250 bp) and sequence
demultiplexing (with exact index search) were performed at the Get-PlaGe sequencing facility
(Toulouse, France).

Full-length ITS sequences were also obtained by Sanger sequencing for the 189 fungal strains.
PCR was performed with the ITS1F and ITS4 (5-TCCTCCGCTTATTGATATGC-3’,, WHITE
et al., 1990) primers, with the same PCR mixture as described above. The PCR program consisted
of an initial denaturation at 95°C for 3 min, followed by 30 cycles of denaturation at 95°C for
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30 s, annealing at 55°C for 30 s, and elongation at 72°C for 45 s. Sequencing reactions were
performed by Genewiz (Takeley Essex, UK) and sequences from both strands were assembled
with MultAlin (CorpET, 1988) and manually curated.

3.2 Bioinformatics approaches

We analyzed the MiSeq sequences with 360 combinations of bioinformatic softwares and
parameters (referred to hereafter as bioinformatic approaches). These approaches differed in
(1) the paired-end read assembly algorithm used (Assembly), (2) the fungal ITS1 extraction
method (Extraction), (3) the method of sequence variation analysis (Variation), (4) the treatment
of chimeric sequences (Chimeras) and (5) the final filtering of the community (Filtering). The
various steps of the bioinformatic analyses are described below and in Figure 2.

3.2.1 Paired-end read assembly algorithm (Assembly)

Two paired-end read assembly algorithms were compared (Figure 2). Paired-end sequences
were joined with the FASTQ-JOIN function of QIIME v1.8.0 (Assembly=FASTQ-JOIN_OL) or
with PEAR v0.9.10 (Assembly=PEAR_OV) (CAPORASO et al.,, 2010; ZHANG et al., 2014). For each
algorithm, three minimum overlapping lengths (OLs) between forward and reverse sequences
were tested (50 bp, 100 bp and 150 bp). For the FASTQ-JOIN algorithm, no mismatch was
allowed in the overlap region. We also considered the use of single forward (R1) sequences
(Assembly=QUALITY_R1) (Figure 2).

3.2.2 Fungal ITS1 extraction (Extraction)

The ITS1 region was either extracted (Extraction=YES) from the high-quality sequences
with ITSx v1.0.10 (BENGTSSON-PALME et al., 2013), or not extracted (Extraction=NO) (Figure 2).
ITSx uses an alignment of conserved ribosomal genes to identify and delineate highly variable
regions, such as the ITS1 region, accurately. The minimum length of the region between the
binding sites for the ITS1F-ITS2 primers is about 100 bp (MoToOKA et al., 2017), but the ITS1
region sensu stricto (as defined by ITSx) is shorter, as it does not include portions of the 18S
and 5.8S flanking regions. We thus discarded sequences of less than 100 bp in length in cases in
which the ITS1 region was not extracted, or 50 bp in cases in which it was extracted.

3.2.3 Sequence variation analysis (Variation)

Two clustering algorithms were compared (Figure 2). Fungal ITS1 sequences displaying
more than 97% similarity were clustered into OTUs with the popular USEARCH v7.0 program
(Variation=USEARCH) (EDGAR, 2010) or with the open-source alternative VSEARCH v2.5.2
(Variation=VSEARCH) (ROGNEs et al., 2016). A similarity threshold of 97% was chosen as this
threshold is commonly used in fungal metabarcoding studies (e.g. BAKKER, 2018; DURAND
et al., 2017) and has been shown to perform well on a mock community (TEDERsOO et al., 2015),
despite its tendency to aggregate closely related species (BALINT et al., 2016 ; RYBERG, 2015). All
other settings were left to default. Sequences with a Phred score greater than 30 over 75% of
the read length were included in the clustering process. Quality filtering was performed with
the QIIME script split_libraries_fastq.py (Figure 2).
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FIGURE 2 — Overview of the 360 bioinformatic approaches compared in this study. The Illumina
MiSeq sequences were (1) assembled with FASTQ-JOIN (Caroraso et al.,, 2010) or PEAR
(ZHANG et al.,, 2014) with three minimum overlapping lengths (50 bp, 100 bp or 150 bp), or
not assembled. In this latter case, single forward (R1) reads were used. After quality filtering,
(2) the ITS1 region was extracted from the reads with ITSx (BENGTSSON-PALME et al., 2013),
or not extracted. (3) Sequence variations were then analyzed with DADA2 (CALLAHAN et al.,
2016), USEARCH (EDGAR, 2010) or VSEARCH (ROGNEs et al., 2016) and (4) chimeras were either
retained or removed. (* : for USEARCH, chimera detection was performed before clustering).
Finally, (5) the datasets were either filtered by removing rare or erroneous OTUs (or ASVs), or
left unfiltered. Filtering thresholds (T) were based on the number of sequences per OTU, or
on their relative abundance (RA), or OTU curation was performed using the LULU algorithm
(FrosLEV et al., 2017). § : When DADA2 was used, an alternative method of read processing
(CUTADAPT_MERGED) was included.
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We also used the R package DADA2 (CALLAHAN et al.,, 2016) to correct sequencing errors
and to infer exact amplicon sequence variants (Variation=DADAZ2) (Figure 2). We retained
only reads with less than one expected error (given the quality scores; EDGAR et FLYVBJERG,
2015). Quality filtering was performed with the fastgFilter function. Quality data were lost
during the extraction step. We therefore applied DADAZ2 only to the fungal ITS1 sequences
not extracted with ITSx. This analysis strategy is different from that recommended in the
DADAZ2 tutorial (http://benjjneb.github.io/dada2/tutorial. html). We, therefore, also included an
approach adhering to the strategy described in the tutorial (Assembly=CUTADAPT_MERGED)
(Figure 2). Primers were removed from both forward and reverse reads, with Cutadapt v1.13
(MARTIN, 2011). The forward and reverse reads were then truncated (at 200 bp and 180 bp,
respectively) and we retained only reads with fewer than two expected errors (as in the default
parameters of the filterAndTrim function). Reads were merged after the inference of sequence
variation as described in the tutorial.

3.2.4 Treatment of chimeric sequences (Chimeras)

The chimeric sequences identified were either removed (Chimeras=Removed) or retained in
the dataset (Chimeras=Retained) (Figure 2). Detection with QIIME script identify_chimeric_seqs.py
was performed on the demultiplexed reads before USEARCH clustering (Figure 2), as recom-
mended in the QIIME tutorial (http ://qiime.org/scripts/identify_chimeric_seqs.html). Following
VSEARCH clustering, we combined de novo and reference-based strategies for chimera de-
tection. The de novo strategy used the UCHIME (EDGAR et al., 2011) algorithm implemented
in VSEARCH. The reference-based strategy used the ITS1-only UNITE-UCHIME dataset v7.2
(as of 2017-10-10) as a reference (N1LssoON et al., 2015). Following DADA2 sequence variation
analysis, chimeric sequences were removed with the removeBimeraDeNovo function, using the
consensus option.

3.2.5 Final filtering of the community (Filtering)

Finally, we filtered the OTU and ASV tables (Figure 2). Five filtering methods were compared :
Filtering=1 involved removing OTUs (or ASVs) composed of a single sequence; Filtering=10
involved removing OTUs (or ASVs) for which less than 10 sequences were obtained when
all three replicates were considered; Filtering=RA involved removing OTUs (or ASVs) with
a relative abundance lower than 0.005% of the total number of sequences; Filtering=LULU
used the LULU curation algorithm (FrR@SLEV et al., 2017) to collapse erroneous OTUs (or ASVs)
into their parent OTUs; Filtering=All involved keeping all OTUs or ASVs, regardless of the
number of sequences obtained. Representative sequences were assigned to taxa with the QIIME
script assign_taxonomy.py, with BLAST v2.2.22 (ALTscHUL et al., 1990) and default QIIME
parameters (e-value < 0.001; identity > 90%) against the local database of Sanger sequences for
the fungal strains of the mock community. The LULU curation algorithm was applied with both
default settings and a set of parameters adjusted to the features of the mock community. Three
parameters can be tuned in LULU : the minimum sequence similarity between a ‘potential
daughter’ and its ‘potential parent’ (default 84%), the minimum ratio of parent OTU abundance
to daughter OTU abundance in all samples (default 1) and their minimum co-occurrence rate
across samples (default 95%). Increasing the first parameter is only advised when the barcode
region has little variation or when few PCR and sequencing errors are expected, and changing
the second parameter is generally not recommended (FR@SLEV et al., 2017). Therefore we tuned
the third parameter. We lowered its value to 66.6% to account for the small number of samples
in our study (3 replicate samples per bioinformatic approach).
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3.2.6 Comparison criteria

We defined three criteria for comparisons of the ability of the bioinformatic approaches to
recover the mock community : sensitivity, precision and compositional similarity. Sensitivity
and precision were defined as the true positive rate TP/(TP + FN) and the positive predictive
value TP/(TP + FP), respectively, where TP is the number of true-positive OTUs (or ASVs), FN
is the number of false-negative OTUs (or ASVs) and FP is the number of false-positive OTUs
(or ASVs). True-positive OTUs corresponded to fungal strains present in the mock community
and identified by the bioinformatic approach considered. False-negative OTUs corresponded to
fungal strains present in the mock community but not detected by the bioinformatic approach
considered. False-positive OTUs corresponded to all other OTUs. If several OTUs were assigned
to the same fungal strain of the mock community (i.e. ‘split’ OTUs), only the most abundant
was considered to be a true-positive OTU, the others being considered false-positive OTUs.
Compositional similarity was defined as the Bray-Curtis similarity (Opum, 1950) between
the community recovered and the mock community. It was calculated as 1 — BC, where BC
is the Bray-Curtis dissimilarity obtained from the vegdist function of the R vegan package
(OKSANEN et al., 2018), assuming a uniform distribution of sequences between the fungal strains
in the mock community. The expected number of sequences per fungal strain in the mock
community was calculated for each replicate and each bioinformatic approach as the total
number of high-quality sequences (obtained after the Filtering step) divided by the total number
of fungal strains in the mock community. Ribosomal RNA gene copy number information was
not available for each strain and was not used to adjust the expected number of sequences.

All three criteria theoretically range between 0 and 1. They equal 1 when the algorithm
successfully identifies all members of the mock community. However, maximum sensitivity
may be below 1 if the sequences of some fungal strains are absent from the raw Illumina
dataset. We, therefore, estimated the total number of strains present in the raw dataset, by
aligning the forward and reverse MiSeq sequences with the ITS1 Sanger sequences, with a
similarity threshold of 100% and an alignment length threshold of 90% of the length of the
shorter sequence. Alignments were performed with VSEARCH (--usearch_global) (ROGNEs et al.,
2016), using the following parameters : --id 1 —userout --userfields query+target+qcov+tcov+id
--maxaccepts 20 —top_hits_only.
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4 Results

4.1 Assessment of maximum sensitivity

The manually curated Sanger database contained the ITS1 sequences of the 189 fungal strains
of the mock community (Figure 1 and Table S 4). Several strains had identical Sanger sequences
for ITS1 : two strains from the genus Alternaria, six from the genus Botrytis (B. calthae, B.
pseudocinerea, B. ranunculi and three strains of B. cinerea), two strains from two different
species of Colletotrichum (C. destructivum and C. higginsianum), two strains of Craterellus
cornucopioides, four pairs of strains from the genus Fusarium (F. acuminatum and F. avenaceum,
F. langsethiae and F. sporotrichioides, F. oxysporum and F. commune, F. verticillioides and another
species of the F. fujikuroi species complex), two strains from two different species of Lepista (L.
irina and L. nuda) and two strains from the genus Zymoseptoria. The Sanger database, therefore,
contained 175 unique ITS1 sequences.

Only 160 of these 175 unique ITS1 sequences were detected in the raw Illumina MiSeq dataset
(Table S 4), suggesting that the other 15 strains were either not amplified by the ITS1F-ITS2
primer pair, not sequenced or were sequenced with errors. Eleven of these strains were detected
in the [llumina data when the similarity threshold between Sanger and Illumina sequences was
lowered to 93.5% (Table S 4), suggesting that their apparent absence was caused by mismatches
between the Sanger sequence and the Illumina sequences. Four of these eleven strains had
ambiguous bases in the Sanger sequence, preventing a perfect match with Illumina sequences.
These ambiguous bases might be due to the within-strain polymorphism of the ITS region that
exists for some fungi (FIERs et al., 2011). The other four ITS1 sequences absent from the raw
[llumina dataset came from the following species : Lepiota clypeolaria, Mycena abramsii, M.
galopus and Panellus stipticus. The first species was successfully amplified with the ITS1F-ITS4
primer pair before Sanger sequencing and possessed the exact sequence of the ITS2 primer,
suggesting that its absence from the Illumina dataset was caused by DNA pooling biases rather
than lack of amplification. In contrast, the sequence of the ITS2 primer was detected with some
mismatches for the three last species. Their absence could be due to a lack of amplification by
the ITS1F-ITS2 primer pair (Table S 4). The maximum sensitivity attainable by any bioinformatic
approach (that is, the maximum proportion of fungal strains that could actually be found)
therefore ranged from 84.7% to 90.1%. The lower bound was obtained by considering that the
raw [llumina dataset contained the ITS sequences of 160 strains (of 189), while the upper bound
also took into account the nine strains sequenced with some errors.

4.2 Influence of Assembly, Extraction, Variation, Chimera

and Filtering on sequencing data

4.2.1 Influence of Assembly

In total, we obtained 143873 paired-end Illumina reads of 250 bp each (Table S5). We obtained
43352, 56406 and 44115 sequences for the three replicates. The mean quality of the forward (R1)
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FIGURE 3 - Richness estimates for the top four approaches. (A) Total number of OTUs (or
ASVs) retrieved by the most sensitive approach (Sel; Table 1), the most precise approach (P1;
Table 2), the approach with the best performance in terms of compositional similarity to the
mock community (Sil; Table 3) and the bioinformatic approach recommended in this study
(Si5; Table 3). The black horizontal line indicates the expected richness. (B) Total number of
OTUs (or ASVs) per bioinformatic approach depending on OTU (or ASV) category. TP = true
positives, FN = false negatives and FP = false positives. Results were averaged over the three
replicates and rounded for clarity.

reads was slightly higher than that of the reverse (R2) reads (35.59 versus 34.31, respectively)
(Table S5).

The choice of paired-end read assembly algorithm strongly influenced the number, length and
quality of the consensus sequences (Table S5 and Figure S1). FASTQ-JOIN retained on average
53.1% of the raw reads (whatever the minimum overlapping length), whereas PEAR retained
on average 96.3% of the raw reads (Table S5). Mean sequence quality was also higher for PEAR
than for FASTQ-JOIN (Table S5 and Figure S5). More than 90% of assembled reads passed the
quality filter, whatever the assembly algorithm used (Table S6). Thus, PEAR generated twice as
many high-quality assembled reads as FASTQ-JOIN (Table S6).

4.2.2 Influence of Extraction

The extraction of the ITS region with ITSx (BENGTsSSON-PALME et al., 2013) retained 97%
to 99% of the assembled reads, but only 59% of the forward reads (Table S7). Reads were 118
nucleotides shorter, on average, after extraction. Most reads were between 200 and 300 bp long
before extraction (Table S5), versus 100 to 200 bp after extraction (Table S7).
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TABLE 1 — List of the 10 most sensitive approaches. Sensitivity, precision and similarity values
were averaged over the three replicates for each bioinformatic approach. Richness is defined as
the mean number of OTUs identified by the bioinformatic approach.

Approach Assembly Extraction Variation Chimeras Filtering Richness Sensitivity Precision Similarity
Sel QUALITY_R1 No VSEARCH Retained All 892 0.875 0.186 0.362
Se2 QUALITY_R1 No USEARCH Removed All 878 0.873 0.188 0.36
Se3 QUALITY_R1 No USEARCH Retained All 949 0.871 0.174 0.3608
Se4 QUALITY_R1 No VSEARCH Removed All 577 0.871 0.286 0.366
Se5 PEAR_50 No USEARCH Retained All 1410 0.869 0.117 0.354
Se6 PEAR_100 No USEARCH Retained All 1413 0.866 0.116 0.355
Se7 PEAR_50 No VSEARCH Retained All 1257 0.866 0.131 0.357
Se8 PEAR_100 No VSEARCH Retained All 1246 0.862 0.131 0.357
Se9 PEAR_50 No USEARCH Removed All 1287 0.861 0.127 0.354
Se10 QUALITY_R1 No VSEARCH Retained 1 612 0.861 0.266 0.364

4.2.3 Influence of Variation and Chimera

The total number of OTUs (or ASVs) varied by several orders of magnitude, depending on the
method used to analyze sequence variation. For example, USEARCH identified 878 non-chimeric
OTUs and 71 chimeric OTUs on average with the following parameters, Assembly=QUALITY_R1
and Extraction=No. VSEARCH identified 577 non-chimeric OTUs and 315 chimeric OTUs with
the same parameters. DADA2 identified 157 non-chimeric ASVs and 40 chimeric ASVs. These
striking differences were found for all mock replicates (Figure S6).

4.2.4 Influence of Filtering

The final filtering step also strongly influenced the number of OTUs. For instance, removing
OTUs with less than 10 sequences (Filtering=10) reduced the number of non-chimeric OTUs
identified by USEARCH from 878 to 329, and the number of non-chimeric OTUs identified
by VSEARCH from 577 to 257, for Assembly=QUALITY_R1 and Extraction=No. The LULU
curation algorithm reduced even more the number of non-chimeric OTUs but, in contrast to
other filtering methods, it did not lose any sequence (Table S8). ASV tables were more robust
than OTU tables to variations in the filtering methods (Table S8).

4.3 Comparison of the bioinformatic approaches on the

basis of sensitivity, precision and compositional similarity
criteria

Bioinformatic analyses generated 360 matrices containing the number of sequences per OTU
(or ASV) for the three replicates (Figure 2). The matrices differed considerably. For example,
the mean number of OTUs (or ASVs) per replicate ranged from 57 to 1562, depending on the
bioinformatic approach used (Table 9). Sensitivity, precision and compositional similarity values
were calculated at replicate level. The ranking of approaches according to these criteria differed
between the three mock replicates (Table S9), but the approaches that performed very well
according to a given criterion for one replicate generally also performed well for the other two
replicates. We, therefore, used the mean value of the criteria over the three replicates to rank
the bioinformatic approaches.
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The sensitivity of the 360 bioinformatic approaches ranged from 22% to 87% (Table S9). The
10 most sensitive approaches are listed in Table 1. All used USEARCH or VSEARCH to cluster
sequences into OTUs and did not extract the fungal ITS1 region with ITSx. All these approaches
produced very large numbers of OTUs, up to seven times more than the actual number of
fungal strains in the mock community (Table 1 and Figure 3A). They, thus, recovered most
of the fungal strains of the mock community but also generated many false-positive OTUs
(Figure 3B). The precision of these approaches was, therefore, very low (Figure 4). However,
they displayed a high degree of compositional similarity to the mock community despite the
large number of false-positive OTUs (Table 1).

Precision (the proportion of OTUs (or ASVs) corresponding to true strains), ranged from 9%
to 98% (Table S9). The 10 most precise approaches are listed in Table 2. All used DADA2 to
identify amplicon sequence variants (Figure 4), did not extract the ITS region with ITSx and
used the LULU curation algorithm. The 8 first approaches used assembled reads as input data
(Table 2). Removing chimeras with DADA2 before LULU curation appeared to be unfavourable,
as it slightly reduced the sensitivity of all these top-ranking approaches (Table 2). Adjusting
the minimum co-occurrence threshold of the LULU algorithm did not influence the results
(data not shown). Unlike the most sensitive approaches, the most precise approaches yielded
fewer ASVs than there were fungal strains in the mock community (Table 2) and produced
very few false-positive ASVs (Figure 3B). However, they did not recover all mock strains. The
most precise approach, P1, recovered only 36% of the fungal strains of the mock community
(Table 2 and Figure 3B).

Compositional similarity to the mock community ranged from 0.15 to 0.396 (Table S9). The 10
best approaches according to this criterion are listed in Table 3. Like the most precise approaches,
these 10 approaches used DADA2 to identify amplicon sequence variants (Figure 2) and did not
extract the ITS region with ITSx. However, unlike the most precise approaches, most used non-
assembled reads as input data and they did not use the LULU curation algorithm. The approach
with the best performance according to the similarity criterion (Sil) used R1 reads as input data,
retained chimeras and applied no filters to the final ASV table. This approach recovered 77.4%
of the fungal strains from the mock community but had a relatively low precision (Table 3).
In contrast, the Si5 approach, which used the same options but with the removal of chimeras,
had a precision increased by 17%. This is because chimera removal efficiently discarded false
positive ASVs, lowering their number from 51 to 13 (Figure 3B). As a side effect, chimera
removal triggered the loss of 3 true positive ASVs, slightly reducing the sensitivity of the Si5
approach (Figure 3B). The removal of primers (as recommended in the DADA2 tutorial) did not

TABLE 2 — List of the 10 most precise approaches. Sensitivity, precision and similarity values
were averaged over the three replicates for each bioinformatic approach. Richness is defined as
the mean number of ASVs. LULU was applied with default settings.

Approach Assembly Extraction Variation Chimeras Filtering Richness Sensitivity Precision Similarity
P1 PEAR_150 No DADA2 Retained LULU 69 0.358 0.976 0.215
P2 PEAR_150 No DADA2 Removed  LULU 67 0.347 0.976 0.212
P3 CUTADAPT_MERGED No DADA2 Retained LULU 100 0.515 0.973 0.271
P4 CUTADAPT_MERGED No DADA2 Removed  LULU 98 0.504 0.973 0.268
P5 FASTQJOIN_150 No DADA2 Retained LULU 61 0.312 0.973 0.187
P6 FASTQJOIN_150 No DADA2 Removed  LULU 59 0.302 0.972 0.182
P7 PEAR_100 No DADA2 Retained LULU 96 0.49 0.969 0.251
P8 PEAR_100 No DADA2 Removed LULU 94 0.48 0.968 0.249
P9 QUALITY_R1 No DADA2 Retained LULU 107 0.547 0.966 0.278
P10 QUALITY_R1 No DADA2 Removed  LULU 105 0.536 0.965 0.275
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TaBLE 3 — List of the 10 approaches with the best performances in terms of compositional
similarity to the mock community. Sensitivity, precision and similarity values were averaged
over the three replicates for each bioinformatic approach. Richness is defined as the mean

number of ASVs. The bioinformatic approach recommended in this study (Si5) is shown in
bold.

Approach Assembly Extraction Variation Chimeras Filtering Richness Sensitivity Precision Similarity
Si1 QUALITY_R1 No DADA2 Retained All 197 0.774 0.743 0.396
Si2 QUALITY_R1 No DADA?2 Retained 1 197 0.774 0.743 0.396
Si3 QUALITY R1  No DADA?2 Retained RA 192 0.758 0.75 0.396
Si4 QUALITY_R1 No DADA?2 Retained 10 187 0.739 0.751 0.396
Si5 QUALITY_R1 No DADA2 Removed All 157 0.758 0.915 0.395
Si6 QUALITY_R1 No DADA?2 Removed 1 157 0.758 0.915 0.395
Si7 QUALITY_R1 No DADA2 Removed RA 152 0.743 0.921 0.395
Si8 QUALITY_ R1  No DADA2 Removed 10 148 0.723 0.924 0.394
Si9 PEAR_50 No DADA2 Retained All 212 0.765 0.684 0.391
Si10 PEAR_50 No DADA?2 Retained 1 212 0.765 0.684 0.391

improve the performance of these two top-ranking approaches. It slightly lowered the precision
of the Si1 approach (Table S7). The compositional similarities of the Sil and Si5 approaches
were 0.396 and 0.393, respectively (Table 3). These values were among the highest obtained,
but were far from the maximal value of 1 indicating an exact match between the observed
and expected community. This difference resulted from the huge variability in the number of
sequences per ASV, contrasting with the expected uniform distribution of reads between fungal
strains (Figure S7). The expected number of reads for each fungal strain was then multiplied
by the number of fungal strains with an identical ITS1 sequence (Figure S7), which increased
compositional similarity values (Table S9) but did not change the ranking of the bioinformatic
approaches (Spearman p = 0.99; p <2.2e-16).

Finally, comparison of the bioinformatic approaches revealed that some steps that are com-
monly recommended, such as ITS extraction and chimera removal, can have positive effects but
also negative ones. For instance, the extraction of the ITS1 region with ITSx before USEARCH
and VSEARCH clustering increased significantly precision but it decreased sensitivity (Fi-
gure S8), suggesting that ITS extraction discarded some false-positive OTUs but also some
true-positive OTUs. Similarly, bioinformatic approaches that kept chimeras after DADA2 se-
quence correction (Si1-Si4 in Table 3) were slightly more sensitive than approaches that remove
chimeras (Si5-Si8 in Table 3), indicating that chimera removal discarded some true-positive
OTUs. This negative effect of chimera removal also occurred in the USEARCH and VSEARCH
pipelines, but to a lower extent (Figure S6).
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FIGURE 4 - Values of precision and (A) sensitivity or (B) compositional similarity to the mock
fungal community, for all 360 bioinformatic approaches. Each dot corresponds to the mean
value obtained for an approach over the three replicates. The methods used to analyze sequence
variation (DADA2, USEARCH or VSEARCH) are highlighted with different colors and symbols.
Sel (Table 1), P1 (Table 2) and Si1 (Table 3) correspond to the most sensitive approach, the
most precise approach and the approach with the best performance in terms of compositional
similarity to the mock community, respectively. The bioinformatic approach recommended in
this study is Si5 (Table 3).
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5 Discussion

Metabarcoding approaches have revolutionized fungal ecology over the last decade (HIBBETT
et al., 2009) and have become the gold standard for describing the richness and composition of
communities and the networks of associations between community members (BALINT et al.,
2016). They have been so successful that fungal ecologists are struggling to cope with the
boom in sequencing platforms, bioinformatic pipelines, taxonomic databases and community
analysis tools. Benchmark studies and methodological reviews are required to help them
make the most appropriate choices (e.g. BALINT et al,, 2016; LINDAHL et al., 2013 ; PoLLock
et al., 2018; WEIss et al.,, 2016). In this study, we focused on one aspect of the metabarcoding
approach, bioinformatic analysis, assessing its effect on the recovery of community richness
and composition. We compared the ability of 360 bioinformatic approaches to recover a mock
community of fungal strains commonly found in soils and plants and including 97 genera
from subkingdom Dikarya. This mock community was much larger than the fungal mock
communities analyzed in previous studies (AMEND et al., 2010 ; BAKKER, 2018 ; CLINE et al,,
2017 ; ITHRMARK et al., 2012; NGUYEN et al., 2015; TAYLOR et al., 2016) and covered both the
Ascomycota and Basidiomycota clades (Figure 1).

We selected three criteria for comparing bioinformatic approaches : sensitivity, precision and
compositional similarity to the mock community. The first two criteria are related to the number
of OTUs (or ASVs) recovered and are commonly used in benchmark studies (see WEiss et al.,
2016). The third takes relative abundance into account and has been used by BAKKER (2018).
We believe that this third criterion is very important, particularly if the fungal metabarcoding
data are to be used to reconstruct fungal association or interaction networks for biocontrol
(HassaNI et al., 2018 ; POUDEL et al., 2016 ; VACHER et al., 2016b) or biomonitoring applications
(BoHAN et al., 2017 ; DEROCLES et al., 2018 ; KarimI et al., 2017). Indeed, network inference
requires the most accurate possible recovery of microbial species and their abundances (BERRY
et WIDDER, 2014 ; FAUST et RAEs, 2012 ; FRIEDMAN et ALM, 2012 ; WEISsS et al., 2016).

Our comparison revealed huge discrepancies between bioinformatic approaches, thereby
confirming the importance of carefully selecting the most appropriate method for the analysis
of fungal metabarcoding data (ANSLAN et al.,, 2018 ; CLINE et al., 2017 ; NGUYEN et al., 2015). The
number of operational taxonomic units (OTUs) or amplicon sequence variants (ASVs) identified
by the bioinformatic approaches compared ranged from 57 to 1562, even though there were
only 189 strains in the mock community. These results confirm that fungal community analyses
should not focus on absolute values of richness estimated from metabarcoding data, but rather
on the relative changes in richness between samples (CLINE et al., 2017). The percentage of
fungal strains recovered by the bioinformatic approaches ranged from 22% to 87.5%. This second
value may be considered a very good result, because we estimated the maximum sensitivity
attainable by a bioinformatic approach, given our data, at 90.1%. Indeed, not all the strains in
the mock community could be distinguished on the basis of their ITS1 sequences, and several
strains were either not amplified at all or not accurately amplified. Our analyses revealed that
four fungal species (Lepiota clypeolaria, Mycena abramsii, M. galopus, and Panellus stipticus)
were absent from the sequence dataset (Figure 1), suggesting a lack of amplification by the so-
called “universal” primers (BELLEMAIN et al., 2010 ; TEDERSOO et LINDAHL, 2016) or a sequencing
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failure (NGUYEN et al., 2015 ; PALMER et al., 2018).

DADAZ2, a clustering-free software package (CALLAHAN et al., 2016), effectively recovered
the composition of the mock community. The top ten bioinformatic approaches in terms of
performance for the compositional similarity criterion all used DADA2 to identify amplicon
sequence variants. The total number of ASVs generated by these 10 approaches ranged from 148
to 197, which was therefore of the same order of magnitude as the total number of strains in the
mock fungal community (i.e. 189). We highlighted several options for increasing the efficiency
of DADAZ2 for fungal metabarcoding datasets. Firstly, our results confirm that the use of single
forward (R1) reads as input data is a good option (NGUYEN et al., 2015). This made it possible to
ensure that strains with longer ITS regions (such as those of the genus Cantharellus, for instance;
FEIBELMAN et al., 1994) were not excluded. Based on our results, we also recommend retaining
the primers for fungal communities amplified with the ITS1F-ITS2 primer pair. Indeed, we found
that primer removal did not improve the recovery of mock community composition. These
findings may be accounted for by the absence of degenerate nucleotides in the ITS1F-ITS2 primer
pair. Primer retention may be relevant in this case, because non-degenerate primers have no
impact on the denoising step of DADA2. The merging of reads after sequence variation inference,
as recommended in the DADAZ2 tutorial (http://benjjneb.github.io/dada2/tutorial.html), did not
improve the recovery of the mock community either.

The Si5 approach represented one of the best trade-offs between the three selection criteria
among the 360 bioinformatic approaches compared. The Si5 approach used single forward
(R1) reads as input. Quality filtering, sequence variation analysis and chimera removal were
performed with DADA2 (CALLAHAN et al., 2016). ITS1 extraction (BENGTSSON-PALME et al.,
2013) and downstream OTU table filtering were not required. The Si5 approach recovered
the ITS1 regions of 80 out of 87 Ascomycota strains, 83 out of 99 Basidiomycota strains and
all 3 Mucoromycota strains (Figure 1), suggesting that there was no detection bias against
Ascomycota strains despite the intron insert downstream of the ITS1F primer binding site
that might impair their amplification (see TAYLOR et al., 2016). We recommend the use of this
simple bioinformatic approach in ecological studies of fungal communities, for the following
reasons : (i) it did not overestimate the number of fungal strains, (ii) it was among the ten best
bioinformatic approaches in terms of recovery of the composition of the mock community and
(iii) it performed very well according to the two other criteria used for comparison (precision and
sensitivity). Based on these results, the Si5 approach appears to be an appropriate bioinformatic
approach for studies involving whole-community profiling and network inference.

By contrast, the clustering algorithms of USEARCH (EDGAR, 2010) and VSEARCH (ROGNEs
et al., 2016) should be favored in studies in which species detection is the main goal. These
clustering algorithms generally overestimated the actual number of fungal strains, but were able
to retrieve almost all detectable strains. Their sensitivity was close to the maximum value. The
most sensitive approach, Sel, used single forward (R1) reads as input and clustered them with
the VSEARCH algorithm. ITS1 extraction (BENGTSSON-PALME et al., 2013), chimera removal
and downstream OTU table filtering were not required. In general, our comparison revealed
that the steps of ITS extraction and chimera removal can eliminate fungal strains that are
actually present in the community and should not be systematically used. The second most
sensitive approach, Se2, used the USEARCH clustering algorithm. These two highly sensitive
bioinformatic approaches are potentially useful for the early detection of invasive species
(CoMTET et al., 2015), including fungal pathogens (MuNck et BONELLO, 2018), for the detection
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of emerging pathogens accounting for the decline or death of host populations (RicciarpI
et al., 2017), and for exploring environmental reservoirs of pathogens (AGTMAAL et al., 2017).
On the other hand, if the purpose of a study is to focus only on fungal species present with
high certainty (i.e. on a precise but incomplete community), then DADA2 and LULU (FR@SLEV
et al., 2017) should be combined and applied to assembled sequences. The Pi3 approach, that
merges reads after sequence variation inference as recommended in the DADA2 tutorial, seems
to be a good compromise in this case.

Overall, our study highlights the importance of carefully selecting the bioinformatic ap-
proach to be used according to the objective of the metabarcoding study. Indeed, the ability of
bioinformatic approaches to recover fungal strains and the relative abundances of the strains
recovered varied greatly. Some approaches detected almost all strains of the mock commu-
nity but overestimated community richness, whereas others retrieved the actual richness and
composition of the mock community more accurately. The former are more appropriate for
the detection of target species, whereas the latter are more appropriate for community eco-
logy studies. However, none of the bioinformatic approaches compared recovered the mock
community perfectly. In particular, none of the approaches found the expected distribution of
sequences between fungal strains. This may be due to differences in the number of ribosomal
RNA gene repeats between fungal species (GANLEY et KoBAyasHI, 2007), and imperfections
in equimolar pooling of DNA samples, together with biased amplification for pooled species
(PALMER et al., 2018). Because of these biases, current fungal community analyses should not
focus on the within-sample distribution of taxa abundance, but rather on the changes in taxa
abundance between samples. Future methodological developments should focus on reducing
biases caused by molecular biology steps (N1cHOLS et al., 2018 ; PORTER et HAJIBABAEI, 2018) and
on improving the bioinformatics pipelines to better recover the abundances of fungal strains.
Our comparison of bioinformatics approaches could be extended, since the 360 bioinformatic
approaches compared here constitute only a small fraction of the approaches that could be
used to analyze fungal metabarcoding data. Other approaches may give better results, and
their ranking may vary with sequence data quality (NGUYEN et al., 2015). Future bioinformatic
approach comparisons should therefore be based on multiple mock communities sequenced
independently. They could also include error-correction methods alternative to that of DADA2,
such as UNOISE2 (EDGAR, 2016), or recent clustering approaches, such as OptiClust (WESTCOTT
et ScHLOsS, 2017) or SeekDeep (HATHAWAY et al., 2018), or consider reference-based clustering
approaches (CLINE et al., 2017 ; HALwWACHS et al., 2017) but see WESTCOTT et ScHLOsS (2015).
All the data required for the extension of our methodological comparison are provided.

Data Availability

The raw sequence data were deposited in Dataverse and are available in the FASTQ format
at https://doi.org/10.15454/8CVWRR.
The code is available as an archive at https://doi.org/10.15454/VKTWKR.
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Informations supplémentaires

TABLE 4 — List of the fungal strains of the mock community and their ITS Sanger sequences.
The following properties of the mock strains are also indicated : the uniqueness of their ITS1
sequence (Unique_ITS1_Sanger Sequence), whether the exact ITS1 sequence was present or
not in the raw MiSeq data (Present_in_Raw_MiSeq_Data) and the putative cause of absence
(Putative_Cause_Absence). Absences were attributed either to the presence of ambiguous
bases in the Sanger sequence preventing a perfect match with the MiSeq sequence (AB), or to
sequencing errors preventing a perfect match between MiSeq and Sanger sequences (SE), or
to lack of amplification due to an imperfect match with the ITS2 primer sequence (LA) or to
the loss of the strain during DNA pooling (DP). In the case of AB and SE, the percentage of
similarity between the Sanger sequence and the closest MiSeq sequence is given into brackets.
To assign the strain to the LA category, the sequence of the ITS2 primer was searched for in
both the Sanger sequence and the closest NCBI sequence (given into brackets). Strains that
were absent but did not fall into the three first categories were classified into the DP category.

Attached as a .csv file
https://ars.els-cdn.com/content/image/1-s2.0-S1754504818302800-mmc2.csv

TABLE 5 — Sequence summary statistics for the raw data and the assembled reads, before quality
filtering. Values were averaged over the 3 replicates for each pipeline.

Assembly Mean number | Mean | Median | Min/Max | % reads % reads % reads % reads
of reads quality | length length | [0,100 nt[ | [100, 200 nt[ | [200, 300 nt[ | > 300 nt

RAW_R1 47958 35.59 250 250/250 0 0 100 0
RAW_R2 47958 34.31 250 250/250 0 0 100 0
FASTQJOIN_50 26209 37.77 267 250/444 0 0 97.85 2.15
FASTQJOIN_100 26132 37.77 267 250/400 0 0 97.85 2.15
FASTQJOIN_150 23972 37.78 266 250/350 0 0 97.85 2.15
PEAR_50 47439 39.01 267 50/447 0.04 0.1 97.78 2.08
PEAR_100 47283 39.02 267 100/400 0 0.1 97.82 2.09
PEAR_150 43835 39.13 265 150/350 0 0.06 97.85 2.09

TABLE 6 — Sequence summary statistics for the raw data and the assembled reads, after quality
filtering. The first two columns correspond to sequence with a Phred score higher than 30
on 75% of length (Q30). The last two columns correspond to sequences with less than one
expected error according to error probabilities obtained from quality scores (EE). For the
CUTADAPT_MERGED assembly method, reads with less than two expected errors were
retained. Percentages of reads passing quality filter were computed over the total number of
raw reads.

Assembly Mean number | % of reads | Mean number | % of reads
of reads (Q30) (Q30) of reads (EE) (EE)

QUALITY_R1 | 38356 80% 37441 78.1%
FASTQJOIN_50 | 24499 93.5% 25857 98.7%
FASTQJOIN_100 | 24425 93.5% 25821 98.8%
FASTQJOIN_150 | 22277 92.9% 23832 99.4%
PEAR 50 | 45283 95.5% 44707 94.2%
PEAR 100 | 45162 95.5% 44657 94.4%
PEAR 150 | 42080 96% 41970 95.7%
CUTADAPT MERGED | NA NA 38058 79.4%
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TaBLE 7 — Number and length of sequences after extraction of the ITS1 region with ITSx.
Percentages of reads extracted were computed over the total number of quality reads (Q30)

(Table S6).
Assembly Mean number | Mean | Median | Min/Max | % reads % reads % reads % reads
of reads quality | length length | [0,100 nt[ | [100, 200 nt[ | [200, 300 nt[ | > 300 nt
QUALITY_R1 22622 59 % 0.84 99.12 0.04 0
FASTQJOIN_50 24155 98.6% 0 82.91 17.09 0
FASTQJOIN_150 22144 99.4% 0 90.36 9.64 0
FASTQJOIN_100 24121 98.8% 0 82.95 17.05 0
PEAR 50 44109 97.4% 0.49 86.47 13.04 0
PEAR_100 44065 97.6% 0.49 86.5 13.01 0
PEAR_150 41443 98.5% 0.52 91.97 7.51 0

TABLE 8 — Number of OTUs (or ASVs) and sequences in the final OTU (ASV) table according to
the method of sequence variation analysis and the filtering option, when QUALITY_R1 reads
without ITS1 extraction and without chimeric sequences were used. Values were averaged over
the 3 replicates for each bioinformatic approach. LULU was applied with default settings.

Variation | Filtering Mean number Mean number
of OTUs (or ASVs) | of sequences
DADA2 All 157 34991
DADA2 1 157 34991
DADA2 10 148 34950
DADA2 RA 152 34978
DADA2 LULU 105 34991
USEARCH All 878 38245
USEARCH 1 660 38027
USEARCH 10 329 37408
USEARCH RA 437 37688
USEARCH LULU 298 38245
VSEARCH All 577 37760
VSEARCH 1 428 37611
VSEARCH 10 257 37293
VSEARCH RA 311 37444
VSEARCH LULU 253 37760

TABLE 9 - Sensitivity, precision and similarity values for all bioinformatic approaches.

Attached as a .csv file

https://ars.els-cdn.com/content/image/1-52.0-S1754504818302800-mmc3.csv

TaBLE 10 — Effect of primer removal on the sensitivity, precision and similarity values for the
Sil and Si5 pipelines.

Pipeline | Primers | Richness | Sensitivity | Precision | Similarity
Si1 Retained 197 0.774 0.743 0.396
Si1 Removed 200 0.774 0.735 0.396
Si5 Retained 157 0.758 0.915 0.393
Si5 Removed 157 0.758 0.913 0.393
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FIGURE 5 — Mean quality score along raw reads and assembled reads before quality filtering.
The total number of sequences (N) is indicated for each category of reads.

DADA2 USEARCH VSEARCH
90 (0)
1000 - - 63 (0) 364 (1)
61(1) I 291 (1)
Non-chimericoTu [ °°% 84 290 (0)
[ Chimeric OTU 832
750
[72]
=]
=
o
© 585 599
5 500 546
K]
£
=]
Z
250 - 51 (3)
41(3) 30 (3)
I
151 160 159
0 p
A B c A B c A B c
Replicate

FIGURE 6 — Total number of OTUs (or ASVs) per replicate as a function of the method for
analyzing sequence variation, when using QUALITY_R1 reads without ITS1 extraction. The
number of True Positives OTUs present in the Chimeric OTUs is indicated in brackets.
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FIGURE 7 - Variability of sequence counts among the true positive ASVs generated by the Si5
approach. Dots correspond to the observed number of sequences per ASV (averaged over the 3
replicates). The horizontal black plain line indicates the expected number of reads per ASV,
under the assumption of a uniform distribution of sequences between fungal strains of the
mock community. Under this assumption, the expected number of reads per ASV is defined as
the final number of sequences obtained with the bioinformatic approach Si5 divided by the
total number of strains in the mock community. The black dashed line indicates the expected
number of reads per ASV multiplied by the total number of fungal strains (with identical ITS1
sequences) corresponding to an ASV. Deviations from this expectation are indicated with blue
and red bars.
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FIGURE 8 - Sensitivity, precision and compositional similarity obtained for all the bioinformatic
approaches using USEARCH and VSEARCH, as a function of the extraction of the ITS1 region
with ITSx. Values were averaged over the 3 replicates for each bioinformatic approach and
compared using paired t-tests.
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1 Abstract

INFERRED MICROBIAL NETWORKS LACK REPLICABILITY :
CONSEQUENCES FOR NEXT-GENERATION BIOMONITORING

Charlie Pauvert!, Jessica Vallance®?, Laurent Deliére®*, David A. Bohan®, Marc Buée®, Corinne Vacher!”

1- BIOGECO, INRA, Univ. Bordeaux, 33615 Pessac, France. 2 - INRA, UMR 1065 Santé et Agroécologie du Vignoble,
ISVV, F-33882 Villenave d’Ornon, France. 3— Université de Bordeaux, Bordeaux Sciences Agro, UMR 1065 SAVE,
F-33175 Gradignan, France. 4— INRA, UE 1442 Vigne Bordeaux, F-33883 Villenave d’Ornon. 5- Agroécologie,
AgroSup Dijon, INRA, Université Bourgogne, Université Bourgogne Franche-Comté, Dijon, France. 6— INRA, UMR
1136 Interactions Arbres/Micro-Organismes, F-54280, Champenoux, France.

* Correspondence : Dr. Corinne Vacher (corinne.vacher@inra.fr)

Plant-associated microbial interaction networks protect plants against disease. There is, there-
fore, a need to monitor in real time their responses to environmental changes to predict disease
risk and adjust crop protection strategies. Next-Generation Biomonitoring (NGB) proposes to
reconstruct automatically these networks from metabarcoding data, to complement ecological
community properties commonly used for ecosystem health assessment. This study aimed to
evaluate the benefits and shortcomings of community-level and network-level properties for
biomonitoring. We specifically investigated whether microbial networks inferred from meta-
barcoding data show robust responses to agricultural practices, using the grapevine microbiota
as a study system. Our results demonstrate a strong footprint of the agricultural practice on
the metabarcoding data, when analyzed at the community level. The richness, diversity and
evenness of fungal communities were significantly higher in organic than conventional plots.
The cropping system also affected the composition of grapevine foliar fungal communities
significantly. Contrary to our expectations, microbial networks were less sensitive to changes
in agricultural practices than microbial communities, confirming that NGB should not only
consider network-level properties but also community-level properties. Moreover, we found
that microbial networks lacked replicability within a cropping system but that consensus net-
works, built from several network replicates, could generate relevant hypotheses of microbial
interactions. As things stand, community-level properties appear to be a more reliable and
statistically powerful monitoring option than network-level properties. Future developments,
especially in network inference methods, are likely to challenge our findings and help to
improve the monitoring of the ecosystem services provided by the plant microbiota.

Keywords : Agricultural practices, Community ecology, Ecosystem services, Microbial net-
works, Network inference, Pathobiome.

Available as a preprint at https://doi.org/10.1101/642199
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2 Introduction

Interactions among organisms and with their abiotic environment regulate the ecological
processes underlying ecosystem services (MACE et al., 2012). Ecological interactions among
organisms (e.g. predation, mutualism, parasitism) at a single point in space and time are usually
represented as a network, with the organisms as nodes and the interactions as links (Pocock et
al., 2012). Current challenges focus on understanding how and why these networks vary in space
and time (PELLISSIER et al., 2018 ; P1LOSOF et al., 2017), and which network properties should be
conserved or enhanced to sustain ecosystem services (MONTOYA et al., 2006 ; RAIMUNDO et al.,
2018 ; TYLIANAKIS et al., 2010). Next-Generation Biomonitoring (NGB) proposes to reconstruct
ecological networks on top of community structures from Next-Generation Sequencing (NGS)
data, and to analyze network and community variations in space and time for detecting and
explaining changes in ecosystem functions and services (BAIRD et HAJIBABAEI, 2012 ; BoHAN
et al., 2017 ; DEROCLES et al., 2018).

NGB requires the reconstruction of replicated networks of ecological interactions as (DELMAS
et al., 2019; PELLISSIER et al, 2018; Po1soT et al, 2012; TYLIANAKIS et MORRIs, 2017). By
analogy with the a- and S-diversity of ecological communities, these frameworks define «-
and f-properties for ecological networks as whole-network metrics (e.g. connectance) and
dissimilarities between pairs of networks, respectively (PELLISSIER et al., 2018). These metrics
can be used to assess the impact of global environmental changes on the identity and abundance
of the species forming ecological communities and on the type and strength of their interactions
(PEcL et al., 2017 ; SCHEFFERS et al., 2016). They can for instance be used to evaluate the impact of
agricultural practices, which are a key driver of global change (TiLMAN et al., 2002), on species
diversity (Tuck et al., 2014) and on pest and disease regulation services supported by species
interactions (Ma et al., 2019; MACFADYEN et al., 2009; TYLIANAKIS et al., 2007). Organic farming
provides indeed lower levels of pests (MUNERET et al., 2018) but others outcomes of such
agriculture remains uncertain (SEUFERT et RAMANKUTTY, 2017). Network metrics (PELLISSIER et
al., 2018) could provide further insights into the footprint of agricultural practices, like organic
farming, on the functioning of ecological communities and associated ecosystem services.

Networks of interactions among microorganisms are a natural target for NGB, because NGS
techniques are the rule for studying microbial communities (BALINT et al., 2016), and because
microbial networks are crucial to human life and well-being (GILBERT et NEUFELD, 2014). Net-
work ecology, which originates from the study of trophic links between macroorganisms (INGs
et al., 2009), initially ignored interactions with and among smaller organisms (LAFFERTY et al.,
2006) despite evidence of the contribution of microbial interactions to biogeochemical cycles
(FaLkowskKI et al., 2008), plant diversity and productivity (van der HEIJDEN et al., 2008) and
disease regulation (BERENDSEN et al., 2012). It is now recognized that microbial networks are
particularly important for the health of animals and plants (i.e. holobionts; ZILBER-ROSENBERG
et ROSENBERG, 2008) because resistance to pathogens is mediated by direct antagonistic inter-
actions between the residential microbiota and the pathogen species (i.e. the barrier effect;
ARNOLD et al., 2003 ; KaMADA et al., 2013 ; KEMEN, 2014 ; KocH et ScHMID-HEMPEL, 2011 ; LAUR
et al., 2018). and by indirect interactions due to the activation of the host immune system
by the residential microbiota (i.e. the priming effect; HACQUARD et al., 2017 ; KAMADA et al.,
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FIGURE 1 - Experimental design. Foliar fungal communities were characterized in three conven-
tional (CONV) and three organic (ORGA) vineyard plots by a metabarcoding approach. We
analyzed 20 foliar samples per plot. For each plot, we thus obtained 20 community profiles
(described in terms of amplicon sequence variants (ASV)) and one association network (inferred
with the SparCC software developed by FRIEDMAN et ALMm (2012)). More networks were then
obtained by varying network reconstruction parameters (Figure 5). The effects of cropping
system (CONV versus ORGA) on the grapevine foliar microbiota were assessed with both
community and network a- and S-properties.

\—MM— Metabarcoding

2013 ; PERAZZOLLI et al., 2012 ; RITPITAKPHONG et al., 2016 ; VOGEL et al., 2016). The subset of a
host-associated microbial network consisting of a pathogen and its interacting partners has
been termed the pathobiome (BRADER et al., 2017 ; VAYSSIER-TAUSSAT et al., 2014). NGB of plant
and animal health will require elucidation of the microbial interactions forming pathobiomes
(DURAN et al., 2018), identification of the intrinsic network properties that hinders invasion by
pathogens (AGLER et al., 2016 ; MURALL et al., 2017 ; POUDEL et al., 2016) and assessment of the
changes in these properties (CREAMER et al., 2016 ; KarimI et al., 2017 ; MORRIEN et al., 2017).

The success of NGB approaches will depend on our ability to automatically reconstruct
networks that are similar to real ecological networks (BoHAN et al., 2011). Classically, ecological
networks have been built on the basis of observations of ecological interactions. Metabarcoding
approaches are now providing additional information (Evans et al., 2016), and making it
possible to generate hypotheses about cryptic interactions such as those of microorganisms
(BERRY et WIDDER, 2014 ; FAUST et RAES, 2012). Hypotheses for microbial interactions can be
formulated on the basis of co-abundance data derived from environmental DNA metabarcoding
data (i.e. the sample X taxa matrix) via statistical or machine-learning approaches (VACHER
et al., 2016b). The representation of all positive and negative statistical associations between
abundances for microbial taxa typically gives rise to a network resembling a hairball (ROTTJERS
et FausT, 2018) and the challenge is to go beyond networks of this type, by removing spurious
associations not due to microbial interactions and linking the remaining positive and negative
associations to possible interaction mechanisms (DEROCLEs et al., 2018). The first source of
spurious associations is the compositional nature of metabarcoding data. In a metabarcoding
dataset, the total number of sequences per sample is arbitrary, imposed by the sequencer.
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Sequence counts contain only relative abundance information for species. Comparisons that
do not take this feature into account can result in the identification of artifactual associations
(GLOOR et al., 2017). Early methods of microbial network inference, such as SparCC (FRIEDMAN
et ALm, 2012) attempted to overcome this bias using log ratios of counts. A second source of
spurious associations is the joint response of microbial taxa to abiotic or biotic factors, creating
indirect associations that reflect taxon-specific environmental requirements (ARMITAGE et JONES,
2019; ROTTJERS et FAUsT, 2018). Early studies dealt with this issue by first using regression to
eliminate environmental effects from the sequence counts and then inferring networks from
the residuals (Biswas et al., 2016 ; JAKUSCHKIN et al., 2016) and several methods integrating
environmental covariates, such as HMSC (OvASKAINEN et al., 2017), PLN (CHIQUET et al., 2017;
CHIQUET et al., 2019), FlashWeave (TACKMANN et al., 2019) and MAGMA (CoucouL et al.,
2019b), have since been developed. Finally, the taxonomic resolution of the nodes should be fine
enough to discern the variation in ecological interactions between microbial strains (ROTTJERS
et FAusT, 2018). This has led to the generation of novel bioinformatics approaches that more
fully exploit the resolution of molecular barcodes, such as DADA2 (CALLAHAN et al., 2016).
Despite these advances, however, the inference of microbial networks from metabarcoding data
remains nascent (LAYEGHIFARD et al., 2017), and inferred interactions should be interpreted
with care (BARNER et al., 2018 ; FREILICH et al., 2018 ; ROTTJERS et FAUsT, 2018 ; WEIss et al,,
2016; ZURELL et al., 2018), because few validation experiments have been conducted to date
(e.g. Das et al, 2018; DURAN et al., 2018 ; WANG et al., 2017).

In this study, we investigated whether the impact of agricultural practices on microbial
networks might be detected by combining current metabarcoding and network inference
approaches. We first assessed the influence of conventional versus organic agriculture on
plant-associated microbial communities using community-level properties and secondly using
network-level properties. Furthermore, we checked whether microbial networks can generate
robust hypotheses concerning microbial interactions. We inferred microbial networks from
environmental DNA sampled from replicated agricultural plots and processed in DADA?2
(CALLAHAN et al., 2016) and SparCC (FRIEDMAN et ALM, 2012). Grapevine was the model plant
species because effects of organic farming were detected on associated microbial communities
(CASTANEDA et al,, 2018 ; KERNAGHAN et al., 2017 ; PANCHER et al., 2012; ScHMID et al., 2011;
VARANDA et al., 2016) but remain to be assessed on networks. We focused on the fungal
component of the foliar microbiota as it contains major pathogens (ArRMIjo et al., 2016).
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3 Materials and methods

3.1 Study site and sampling design

Samples were collected in 2015, from an experimental vineyard (Figure 1) located near
Bordeaux (INRA, Villenave d’Ornon, France; 44°47°32.2"N 0°34°36.9"W). The experimental
vineyard was planted in 2011 and was designed to compare three cropping systems : sustainable
conventional agriculture (CONV), organic farming (ORGA) and pesticide-free farming (RESI)
(DELIERE et al., 2014). The Vitis vinifera L. cultivar Merlot noir grafted onto a 3309 C rootstock
was used in both the CONV and ORGA cropping systems. RESI used a disease-resistant cultivar
and was not included in this study. The experiment had a randomized block design (SCHIELZETH
et NAKAGAWA, 2013) consisting of three blocks, each composed of three plots, one for each of
the cropping systems tested. Each plot covered an area of 2100 m? and was composed of 20
rows of 68 vines each, with a 1.60m? between rows and 0.95m? between vines in a single row.

CONYV plots were managed according to the general principles of integrated pest management
(IPM), as listed in Appendix III of the 2009/128/EC Directive (EUROPEAN COMMISION, 2009).
ORGA plots were managed according to European Council Regulation (EC) No 834/2007
(EuroPEAN COMMISION, 2007). ORGA plots were treated with copper and sulfur-based products,
whereas additional phytosanitary products were allowed in CONV plots (Table S4). The cropping
systems differed in terms of the types of pesticides applied and the timing of applications, but
not in terms of doses (Table S4). All products and active ingredients were applied between
the end of April and mid-August of 2015. Grapes were harvested on September 10, 2015. The
disease incidence and severity at harvest were higher in CONV plots than in ORGA plots
for both powdery mildew (caused by the fungal pathogen Erysiphe necator) and black rot
(caused by the fungal pathogen Guignardia bidwellii). Downy mildew symptoms (caused by
the oomycete pathogen Plasmopara viticola) did not differ significantly between the cropping
systems (Table S5).

Grapevine leaves were collected a couple hours before grape harvest, from 20 vines per plot
in the CONV and ORGA plots (Figure 1). We attempted to avoid edge effects by selecting the
20 vines from the center of each plot. The third leaf above the grapes was collected from each
vine, placed in an individual bag and immediately transported to the laboratory. In total, 120
leaves, corresponding to 1 leaf X 20 vines X 3 plots X 2 cropping systems, were collected. Leaves
were processed on the day of collection, with sterilized tools in the sterile field of a MICROBIO
electric burner (MSEL France). Three contiguous discs of 6 mm diameter were cut from the
center of each leaf, approximately 2 cm from the midrib. They were placed in the well of a
sterile DNA extraction plate. The leaf disks were then freeze-dried overnight (Alpha 1-4 DA
Plus, Bioblock Scientific).

3.1.1 DNA extraction and sequencing

Leaf disks (Figure 1) were ground with a single-glass ball mill (TissueLyser II, Qiagen) and
DNA was then extracted with a CTAB chloroform/isoamyl alcohol (24 :1) protocol. A dozen
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“empty” wells (i.e. containing nothing but extraction reagents) were included on each plate as
negative control samples for DNA extraction. Three of these negative control samples were
randomly selected and pooled before sequencing. Three replicates of a fungal mock community,
each consisting of an equimolar pool of DNA from 189 pure fungal strains, were also included
as positive control samples (PAUVERT et al., 2019a).

The nuclear ribosomal internal transcribed spacer (ITS) region, which is considered to be the
universal barcode region for fungi (ScHocH et al., 2012), was then amplified with the ITS1F (5’-
CTTGGTCATTTAGAGGAAGTAA-3’, GARDEs et BrRuNs, 1993) and ITS2 (5°-GCTGCGTTCTT-
CATCGATGC-3°, WHITE et al., 1990) primers primer pair, which targets the ITS1 region. PCR
was performed in an Eppendorf thermocycler (Eppendorf), with a reaction mixture (25 pl final
volume) consisting of 0.04 U Taq polymerase (SilverStar DNA polymerase, Eurogentec), 1X
buffer, 2 mM MgCl2, 200 uM of each dNTP, 0.2 uM of each primer, 1 ng.ul! bovine serum
albumin (New England BioLabs) and 2 ul DNA template. A pseudo-nested PCR protocol was
used, with the following cycling parameters : enzyme activation at 95°C for 2 min; 20 (1%* PCR
with regular primers; Table S6) and then 15 (2" nested PCR with pre-tagged primers; Table S6)
cycles of denaturation at 95°C for 30 s, 53°C for 30 s, 72°C for 45 s; and a final extension phase
at 72°C for 10 min. “Empty” wells (i.e. containing nothing but PCR reagents) were included
on each plate as a negative control for PCR. Three negative control samples were randomly
selected and pooled before sequencing. In addition, the six PCR products corresponding to
the 24 leaf of the six plots under study (three CONV plots, three ORGA plots) were split in
two, with each half of the sample sequenced independently to serve as technical replicates for
sequencing.

We checked the quality of all the PCR products by electrophoresis in 2% agarose gels. PCR
products were purified (CleanPCR, MokaScience), multiplex identifiers and sequencing adapters
were added, and library sequencing on an Illumina MiSeq platform (v3 chemistry, 2x250 bp) and
sequence demultiplexing (with exact index search) were performed at the Get-PlaGe sequencing
facility (Toulouse, France).

3.2 Bioinformatic analysis

Based on the mock community included in the sequencing run, we found that analyzing single
forward (R1) sequences with DADA2 (CALLAHAN et al., 2016) was a good option for fungal com-
munity characterization (PAUVERT et al., 2019a). Using DADA2 v1.6, we retained only R1 reads
with less than one expected error (based on quality scores; EDGAR et FLYVBJERG, 2015) that were
longer than 100 bp, and we then inferred amplicon sequence variants (ASV) for each sample.
Chimeric sequences were identified by the consensus method of the removeBimeras function.
Taxonomic assignments were performed with RDP classifier (WANG et al., 2007), implemented in
DADAZ? and trained with the UNITE database v. 7.2 (UNITE CoMMUNITY, 2017). Only ASVs assi-
gned to a fungal phylum were retained. The ASV table was then filtered as described by GarLan
et al. (2016) with a script (https://gist.github.com/cpauvert/1ba6a97b01ea6cde4398a8d531fa62f9)
that removed ASVs from all samples for which the number of sequences was below the cross-
contamination threshold, defined as their maximum number in negative control samples. Finally,
we checked the compositional similarity of the technical replicates (Figure S7), retaining the
sample with the largest number of sequences for each replicate. The final ASV table contained
1116 ASVs, 112 samples and 4,760,068 high-quality sequences.
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TABLE 1 — Most abundant amplicon sequence variants (ASVs) in grapevine foliar fungal com-
munities according to cropping system. The relative abundances (RA, in %) and ranks of ASVs
were calculated for all leaf samples (TOTAL; n = 112) and for samples collected from organic
(ORGA ; n = 55) and conventional plots (CONV; n = 57).

ASV taxonomic assignment TOTAL ORGA CONV

Rank | RA | Rank | RA | Rank | RA
Aureobasidium sp. 1 61.4 1 55.8 1 66.7
Cladosporium delicatulum 2 6.3 4 6.9 2 5.8
Filobasidium sp. 3 5.1 2 9.7 9 0.7
Alternaria sp. 4 4.4 5 3.9 4 5.0
Epicoccum nigrum 5 4.1 7 2.7 3 5.4
Cladosporium ramotenellum 6 3.5 3 7 46 | <0.1
Mycosphaerella tassiana 7 3.3 8 1.8 5 4.8
Didymella sp. 8 1.4 6 2.7 33 0.1

Erysiphe necator 9 1.1 38 | <0.1 6 2
Vishniacozyma victoriae 10 0.9 9 1.6 17 0.3

3.3 Statistical analyses

Statistical analyses were performed with R software v3.4.1 (R Core TEAM, 2014), with the
packages Ime4 (BATEs et al., 2015), vegan (OKSANEN et al., 2018), permute (SIMPSON, 2016),
phyloseq (McMURDIE et HOLMEs, 2013) including the DESeq2 extension (LOVE et al., 2014), and
igraph (CsaArDpI et NEPUSZ, 2006). Data were manipulated and plots were created with reshape2,
plyr and ggplot2 (WickHAM, 2007 ; WICKHAM, 2009 ; WICKHAM, 2011), cowplot (WILKE, 2018),
ggraph (PEDERSEN, 2018) and VennDiagram (CHEN, 2018).

Effect of cropping system on community a-diversity Generalized linear mixed models
(GLMMs) were used to test the effect of cropping system on the richness, diversity and evenness
of fungal communities. The models included the cropping system as a fixed treatment effect,
the block and its interaction with the cropping system as random factors, and the sampling
depth (defined as the total number of raw sequences per sample) as an offset s(BALINT et al.,
2015; McMURDIE et HOLMES, 2014). Community richness was defined as the number of ASVs
per sample. We used a logarithmic link function to model these count data, assuming a negative
binomial distribution to deal with overdispersion (ZUUR et al., 2009). Community diversity
was measured with the Inverse Simpson index (S1MpsoN, 1949) and modeled with a Gaussian
distribution and the logarithmic link function. Evenness was estimated with Pielou’s index
(P1ELOU, 1966) and modeled with a Gaussian distribution and the logarithmic link function. The
offset was transformed according to the link function. The significance of the fixed treatment
effect was finally assessed with the Wald y? test (BOLKER et al., 2009).

Effect of cropping system on community S-diversity Permutational analyses of variance
(PERMANOVAs; ANDERSON, 2001) were used to evaluate the effect of cropping system on
compositional dissimilarities between fungal communities detected with the quantitative and
binary versions of the Jaccard dissimilarity index (CHAO et al., 2006 ; JaccARD, 1900). The models
included cropping system, sampling depth (log-transformed) and their interaction as fixed
effects. Permutations (n = 999) were constrained within blocks. ASVs differing in abundance
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F1GURE 2 - Effect of cropping system — conventional (CONV) versus organic (ORGA) - on the
a-diversity metrics of grapevine foliar fungal communities. (A) Community richness, defined
as the number of ASVs. (B) Community diversity, measured with the inverse Simpson index.
(C) Community evenness, measured with Pielou’s index. Differences in a-diversity metrics
between cropping systems were evaluated in Wald y? tests (* p<0.05; **p<0.01; ***p<0.001).

between cropping systems were identified with DESeq2 (LoVE et al., 2014), by calculating the
likelihood ratio between a full model including block and cropping system as fixed effects and a
simplified model including only the block factor. The estimated fold-changes in abundance were
considered significant if the p-value was below 0.05 after Benjamini and Hochberg adjustment.

Effect of cropping system on network a-properties Fungal association networks were
inferred at plot level (Figure 1) with the SparCC algorithm (FRIEDMAN et ALM, 2012) implemented
in FastSpar (WATTs et al., 2019) with default SparCC values. Ten networks per plot were
constructed by varying the percentage P of ASVs included in the network (with P ranging
from 10% to 100% of the most abundant ASVs in the plot). Networks had ASVs as nodes and a
positive or negative link between ASVs in cases of significant associations between abundance.
Six a-properties were calculated for all networks : number of links, network density, number of
connected components, diameter of the largest component, mean node degree and proportion
of negative links (Table S7). The effect of cropping system on these properties was investigated
by performing Wilcoxon rank-sum tests for all values of P. The Benjamini-Hochberg procedure
was used to correct p-values for multiple testing.

Effect of cropping system on network f-properties The topological distance between
networks was calculated for all pairs of networks, with the D index defined by SCHIEBER et al.
(2017) for binary networks. The dissimilarity of associations between networks, fwn according
to the framework described by Po1soT et al. (2012), was then calculated for all pairs of networks
with the binary Jaccard dissimilarity index. fiyn was then partitioned into two components
(Po1sort et al., 2012) : the dissimilarity of associations between ASVs common to both networks
(Bos) and the dissimilarity of associations due to species turnover (fst). PERMANOVA was
used to evaluate the effect of cropping system on the topological distance between networks
(D) and the dissimilarity of associations between networks (B, Bsr and fos). The models
included cropping system, P and their interactions as fixed effects. The permutations (n = 999)
were constrained within blocks. Consensus networks were built to identify robust associations
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FiGUre 3 - Effect of cropping system - conventional (CONV) versus organic (ORGA) —-on
the p-diversity metrics of grapevine foliar fungal communities. Principal coordinate analyses
(PCoA) were used to represent dissimilarities in composition between samples, as assessed
with the (A) quantitative and (B) binary Jaccard indices. The effect of cropping system on both
p-diversity metrics was significant (Table 2). Green circles, squares and triangles correspond to
samples collected in the ORGA1, ORGA2 and ORGA3 plots, respectively. Orange circles, squares
and triangles correspond to the CONV1, CONV2 and CONV3 plots, respectively (Figure 1). (C)
Log-transformed ratio of ASV relative abundance in CONV plots over that in ORGA plots, for
14 ASVs identified as differentially abundant between cropping systems by DESeq2 analysis
followed by Benjamini-Hochberg adjustment (LOVE et al., 2014).
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that could indicate biotic interactions between fungal strains.
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4 Results

The foliar fungal communities were dominated by Ascomycota in both ORGA (87.2% of
sequences) and CONV (96.8%) plots. They were largely colonized by an ASV assigned to the
Aureobasidium genus. More than half the sequences belonged to this ASV (Table 1), whatever
the cropping system. The causal agent of grapevine powdery mildew, Erysiphe necator, was
among the 10 most abundant fungal species. The proportion of sequences assigned to this
pathogen species was higher in CONV than in ORGA plots (Table 1), consistent with the visual
records of disease symptoms (Table S5).

4.1 Effect of cropping system on community «- and S-
diversity

Fungal community richness, diversity and evenness were significantly higher in ORGA than
CONV plots (Wald y? = 4.74, p=0.029; Wald y? = 8.28, p=0.004; Wald y* = 12.88, p < 0.001,
respectively ; Figure 2). The composition of foliar fungal communities differed significantly
between cropping systems (Table 2), in terms of both the relative abundance (Figure 3A) and
presence-absence of ASVs (Figure 3B). DESeq2 analysis revealed that four ASVs, including the
fungal pathogen Erysiphe necator, were significantly more abundant in CONV plots, whereas
10 other ASVs, including several yeast species (from the genera Vishniacozyma, Sporobolomyces
and Filobasidium), were significantly more abundant in ORGA plots (Figure 3C). Principal
coordinate analysis (PCoA) with the Jaccard quantitative index (Figure 3A) revealed large
differences in the relative abundances of ASVs between samples within a cropping system. The
first axis of the PCoA accounted for 32.5% of the variance in community composition but did
not discriminate between cropping systems. It was significantly correlated with the relative
abundance of the dominant ASV (assigned to the Aureobasidium genus) (Spearman p = 0.96;
p < 0.001).

4.2 Effect of cropping system on network a- and -properties

In total, we obtained sixty fungal association networks, corresponding to the ten values of P
(Figure 4A) for each of the six plots (Figure 1). None of the six network a-properties (Table S7)
differed between cropping systems (Table S8), but all were significantly correlated with the
percentage P of ASVs included in the network (Table S9). The total number of links and the
mean node degree increased with P, whereas the number of connected components, network
diameter, connectance and the proportion of negative links decreased (Figure 4B ; Table S9).
Similarly, the topological distance between networks did not differ between cropping systems,
but was influenced by P (Table 3). By contrast, cropping system had a significant effect on the
overall dissimilarity of associations (fwy) and the dissimilarity of associations between shared
ASVs (Pos; Table 3 and Figure 5). However, fungal association networks varied considerably
between plots within a cropping system (Figure 4A and Figure 6). When all ASVs were used
for network construction (P = 100%), only two associations were common to all three network
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TaBLE 2 - Effect of cropping system — conventional versus organic — on the S-diversity metrics
of grapevine foliar fungal communities. Dissimilarities in community composition between
samples were assessed with both the quantitative and binary Jaccard indices. The effects of
sequencing depth (SD, log-transformed) and cropping system on composition dissimilarities
between communities were evaluated in permutational analyses of variance (PERMANOVA).
The number of permutations was set to 999 and permutations were constrained by block.

Dissimilarity Index PERMANOVA
Variable Df | F R2 | Pr(>F)
Sequencing_Depth (SD) | 1 4.49 | 0.04 | <0.01
Quantitative Cropping_System (CS) | 1 9.42 | 0.08 | <0.01
Jaccard SD x CS 1 1.17 | 0.01 | 0.26
Residuals 108 0.854
Total 111 1
Variable Df | F R2 | Pr(>F)
Sequencing_Depth (SD) | 1 1.05 | 0.01 | 0.29
Binary Cropping_System (CS) | 1 5.21 | 0.05 | <0.01
Jaccard SD x CS 1 1.03 | 0.01 | 0.41
Residuals 108 0.937
Total 111 1

replicates of the ORGA system (Figure 6A ; Figure S8A) and only six were common to all three
network replicates of the CONV system (Figure 6B ; Figure S8B). The two associations replicated
in the ORGA system were negative associations between the dominant ASV (assigned to the
genus Aureobasidium) and Cladosporium ramotenellum, and between Vishniacozyma victoriae
and Neofusicoccum parvum (Figure S8A). Five of the six associations replicated in the CONV
system were positive, the remaining negative association being that between the dominant
ASV (assigned to the genus Aureobasidium) and Epicoccum nigrum (Figure S8B). No association
common to all six networks was identified (Figure 6C).
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F1GURE 4 - Effect of cropping system — conventional (CONV) versus organic (ORGA) - on
the a-properties of grapevine foliar fungal networks. (A) Association networks inferred from
fungal metabarcoding data with SparCC (FRIEDMAN et ALM, 2012). A total of 60 networks
were inferred, corresponding to 2 cropping systems X 3 replicates (blocks) X10P values, with P
the percentage of most abundant ASVs used for network inference. Only four values of P are
shown on the figure. (B) Variations in network a-properties. The following properties (Table S7)
were calculated for each network : the number of links (L) and connected components (CC),
the network diameter (DIA) and connectance (C) and the mean degree (DEG) and negative
link ratio (NLR). The percentage P of ASVs used for network reconstruction had a significant
influence on all properties (Table S9), whereas cropping system did not (Table S8).
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F1GURE 5 - Effect of cropping system — conventional (CONV) versus organic (ORGA) - on
the f-properties of grapevine foliar fungal networks. Principal coordinate analysis (PCoA)
representing dissimilarities between networks, measured with the fos index (Po1isor et al.,
2012) calculated with the binary Jaccard index. fps measures the dissimilarity between two
networks in terms of the presence-absence of associations between shared ASVs. The centroids
for each cropping system are represented by gray circles. The effect of cropping system on fos
was significant (Table 3).
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5 Discussion

Plant-associated microbial interaction networks protect plants against disease (HASSANI
et al., 2018; KEMEN, 2014). Their responses to environmental changes, such as changes in
agricultural practices, must be monitored in real time to better forecast disease risk. The
concept of Next-Generation Biomonitoring (NGB) proposes that this could be done via the
automatic reconstruction of ecological networks from metabarcoding data (BoHAN et al., 2017).
Therefore, we investigated whether automatically-reconstructed microbial networks have
robust responses to agricultural practices (conventional versus organic agriculture). Using
grapevine foliar fungal communities as study system, we found a strong footprint of the
agricultural practice on the metabarcoding data, when analyzed at the community level. The
richness, diversity and evenness of fungal communities were significantly higher in organic
than conventional vineyards, consistent with the recent findings of KERNAGHAN et al. (2017) (but
see CASTANEDA et al., 2018). The cropping system also significantly affected the composition of
grapevine foliar fungal communities, as reported in previous studies (CASTANEDA et al., 2018;
KERNAGHAN et al., 2017 ; PANCHER et al., 2012 ; ScHMID et al., 2011 ; VARANDA et al., 2016). For
instance, Erysiphe necator, the causal agent of grapevine powdery mildew, was significantly
more abundant in conventional than in organic plots. The cause for such contrast in the
pathogen abundance remains unknown given the absence of difference in dose and number of
treatments. These results are, however, consistent with visual assessments of disease symptoms,
indicating that, despite their numerous biases, metabarcoding data do contain some quantitative
information useful for monitoring plant disease development (JAKUSCHKIN et al., 2016 ; MAKIOLA
et al., 2018 ; SAPKOTA et al., 2015). Several yeast strains, assigned to the genera Vishniacozyma,
Sporobolomyces and Filobasidium, were significantly more abundant in organic plots. These
yeast genera are frequently detected on leaf surfaces due to their tolerance of irradiation and
they might influence plant growth by producing plant hormone-like metabolites (KEMLER
et al.,, 2017). In addition, Vishniacozyma victoriae (ex Cryptococcus victoriae) was reported as
a biocontrol agent on postharvest diseases (LUTz et al., 2013). Others yeasts possess wanted
features of such agents like killer activities for some Sporobolomyces yeasts (KLASSEN et al., 2017).
The yeasts Vishniacozyma victoriae and Filobasidium wieringae (ex Cryptococcus wieringae)
were also reported as moderate antagonists of several filamentous fungi (HILBER-BODMER et al.,
2017). Future research should investigate the interactions between these yeast species and
grapevine foliar pathogens, including powdery mildew.

Contrary to our expectations, microbial networks were less sensitive to changes in agricul-
tural practices than microbial communities, suggesting that NGB should not only consider
network-level properties but also community-level properties. The a-properties of microbial
networks (i.e. whole-network metrics; PELLISSIER et al., 2018) did not differ between cropping
systems. Their variation was correlated with the network inference parameter, P, a metho-
dological parameter corresponding to percentages of the most abundant taxa included in the
network. Only two fB-properties of microbial networks differed significantly between cropping
systems, revealing a difference in microbial associations between organic and conventional
vineyards. These differences remained significant when network pairwise comparisons were
based on shared taxa only, suggesting that the differences between organic and conventio-
nal networks were due to re-associations of fungal taxa rather than a turnover of taxa. The
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FIGURE 6 - Venn diagrams showing the number of fungal associations common to network
replicates. (A) Associations common to the three network replicates inferred for the organic
cropping system (ORGA1, ORGA2, ORGA3) and (B) the three network replicates inferred for
the conventional cropping system (CONV1, CONV2, CONV3), regardless of the sign of the
association, in the situation in which all ASVs were used for network construction (P = 100%).
(C) Associations common to the six networks.

functional redundancy of fungal taxa might account for the difference between networks.
Taxonomically different communities, involving different interactions between members, may
have similar functions (Louca et al., 2016b) and protect plant health in a similar way. However,
differences between networks might also be due to methodological hurdles that are discussed
below and will have to be overcome in future NGB developments.

In our study, replicate microbial networks for the same cropping system had very few associa-
tions in common, revealing that the microbial networks we inferred from metabarcoding data
lacked replicability. Three methodological parameters might account for this result. First, each
network was built from 20 samples. Increasing the number of samples per network, to at least
25 (BERRY et WIDDER, 2014), might improve the replicability of microbial networks. Second,
network nodes were amplicon sequence variants (ASVs) of the fungal ITS1 region, sequenced
on an Illumina MiSeq platform. Despite their fine-scale taxonomic resolution (CALLAHAN et al.,
2017), ASVs may group together fungal strains with different interaction traits (MCLAREN
et CALLAHAN, 2018). A finer taxonomic resolution, achieved through the third-generation
sequencing of the full ITS region (NiLssoN et al., 2019), might improve the reliability of mi-
crobial networks (KENNEDY et al., 2018). Third, our method of network reconstruction did not
account for spatial variations in environmental conditions (i.e. microclimate or leaf traits) that
could compromise inferences (ARMITAGE et JONES, 2019). We did not measure environmental
variations in our experimental system because the sampling design limited such variations.
The vineyard plots were adjacent to each other and planted with grapevine clones. Moreover,
we collected all leaves in less than two hours and controlled for the position of the sampled
leaf on the vine. Our results suggest that this type of control might not be sufficient. Future
developments of NGB approaches will have to include a higher number of samples per net-
work, long-read sequencing and methods of network inference allowing the integration of
environmental covariates (CHIQUET et al., 2017 ; CHIQUET et al., 2019; CoucouL et al., 2019b;
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OVASKAINEN et al., 2017 ; TACKMANN et al., 2019).

Finally, our results show that consensus networks, built from several network replicates, can
generate relevant hypotheses concerning microbial interactions. In our study, two negative
associations were found to be common to all three replicates of the organic system. These
negative associations were relevant according to current ecological knowledge. They involved
two plant pathogens, Neofusicoccum parvum (commonly associated with grapevine trunk
diseases; BRUEZ et al., 2014) and Cladosporium ramotenellum (commonly associated with
brown rot; SWETT et al., 2016), and two other species known to have antagonistic effects on
plant pathogens, Vishniacozyma victoriae and Aureobasidium sp. (Lutz et al., 2013 ; PERTOT et al.,
2017). These results suggest that network inference is a promising tool to generate hypotheses
that once tested will allow us to better understand disease regulation and perhaps discover
biocontrol agent candidates (POUDEL et al., 2016). Future research will however first have to
determine whether it is better to build one big network with all samples or to merge several
networks each based on a subset of the samples. In any case, confidence estimates of the links
will have to be computed (ROTTJERS et FAUsT, 2018).

Despite these promising findings, this study indicates that the properties of NGS-based
microbial networks cannot be used yet for monitoring the disease regulation services provided
by the microbiota and that NGS-based microbial networks should be interpreted with caution
(CARR et al., 2019). The replicated microbial association networks inferred from metabarcoding
data were highly variable within each set of environmental conditions and generated only a few
robust hypotheses concerning interactions between fungi, limiting for now their use to monitor
the barrier effect of microbial interactions against pathogens. By contrast, community-level
metrics revealed clear-cut changes in the plant microbiota in response to environmental change
and reflected the disease status of the plant. Moreover, they were more statistically powerful than
network-level metrics, because many samples were required to infer each microbial network
replicate. Replicability of microbial networks is however likely to be improved in the near
future, notably through developments in third-generation sequencing techniques and network
inference methods, so microbial networks still hold promises for a reliable biomonitoring
options (KarimI et al., 2017). Community-level data and network-level data, both analyzed
using machine-learning approaches (e.g. CORDIER et al., 2018a), could even offer complementary
insights into the ecosystem services provided by the plant microbiota.
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TaBLE 3 — Effect of cropping system — conventional versus organic — on the f-properties of
grapevine foliar fungal networks. The D index quantifies the topological dissimilarity between
networks (SCHIEBER et al., 2017) whereas the other three metrics (Bwn, fos and fsr), which
were calculated with the binary Jaccard index, quantify differences in associations between
networks (Porsort et al., 2012). The effect of the percentage P of the most abundant ASVs
used for network inference, and the effect of cropping system on the dissimilarities between
networks were evaluated in permutational analyses of variance (PERMANOVA). The number
of permutations was set to 999 and permutations were constrained by block.

Dissimilarity Index PERMANOVA
Variable Df | F R2 Pr(>F)
Topological Percen.t_ASV (P) 1 57.75 | 0.50 | <0.01
dissimilarity Cropping_System (CS) | 1 1.72 | 0.01 | 0.19
(Schieber’s D) P xCS 1 0.65 | 0.01 0.51
Residuals 56 0.48
Total 59 1
Variable Df | F R2 Pr(>F)
P Percent_ASV (P) 1 241 |0.04 | <0.01
Ovce)l;;li jszf;?;ﬁ‘?ty Cropping System (CS) | 1| 5.0 | 0.08 | <0.01
P xCS 1 2.21 0.03 <0.01
(Bun) Residuals 56 0.85
Total 59 1
Variable Df | F R2 Pr(>F)
Dissimilarity of associations Percent ASV (P) ! 053 | 001 |06l
between shared ASVs Cropping_System (CS) | 1 11.07 | 0.16 | <0.01
P x CS 1 0.56 | 0.01 0.57
(Pos) Residuals 56 0.798
Total 59 1
Variable Df | F R2 Pr(>F)
Dissimilarity of associations Percent_ASV (P) ! 130 | 0.02 | <0.01
due to ASV turnover Cropping_System (CS) | 1 0.27 | <0.01 | 1.00
P x CS 1 1.30 0.02 <0.01
(Psr) Residuals 56 0.95
Total 59 1
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Informations supplémentaires
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FIGURE 7 — Dendrogram plot of compositional dissimilarities between technical replicates for
sequencing. Technical replicates were created by splitting six lots of PCR products in half and
sequencing the two halves independently. The PCR products used were those corresponding
to leaf 24 (L24) of the six plots studied (ORGA1, ORGA2, ORGA3, CONV1, CONV2, CONV3;
see Figure 5). Compositional dissimilarities between samples were computed with the binary
Jaccard index. The dendrogram was built using a hierarchical clustering algorithm (complete
linkage method). Compositional dissimilarities between the two technical replicates of the
same sample were significantly smaller than the dissimilarities among samples (PERMANOVA :
F =39.98; R2 =0.97; p = 0.001).
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FiGUre 8 — Consensus fungal networks for (A) the organic (ORGA) and (B) the conventional
(CONV) cropping systems. Network nodes represent fungal ASVs and links represent significant
positive (+) or negative (-) associations common to the three network replicates (Figures 6A

and 6B, respectively). The fungal ASVs absent from a network are indicated in gray.

TABLE 4 — List of phytosanitary products and active ingredients applied in the year of the
sampling campaign, together with the normalized dose or the treatment frequency index. PM
= powdery mildew (caused by the fungal pathogen Erysiphe necator) and DM = downy mildew
(caused by the oomycete pathogen Plasmopara viticola). Leaf sampling was performed on
September 10, 2015 (more than one month after the last phytosanitary treatment and a couple
of hours before grape harvest). The treatment frequency index did not differ between cropping

systems (ANOVA : df = 21; F = 0.436; p = 0.516).

Date C;;izgg Fungicides Active ingredients 'I;J/Iget dlls)(;,:/l.[se
2015-04-30 ORGA Heliocuivre® Copper 0.145
2015-04-30 ORGA Citrothiol DG© Micronized sulfur 0.371
2015-05-07 CONV Chaoline® Fosetyl aluminum + metirame 0.292
2015-05-07 CONV Dynali© Cyflufenamid + difenoconazole | 0.289
2015-05-13 ORGA Heliocuivre© Copper 0.167

2015-05-13 ORGA Citrothiol DG© Micronized sulfur 0.400
2015-05-19 CONV Cabrio Top©® Metirame-zinc + pyraclostrobin | 0.500
2015-05-28 ORGA Citrothiol DG© Micronized sulfur 0.800
2015-05-28 ORGA | Bouillie Bordelaise RSR® Disperss® NC Copper 0.533
2015-06-04 CONV Vivando®© Metrafenone 0.833
2015-06-04 | CONV Chaoline® Fosetyl aluminum + metirame 0.708
2015-06-09 ORGA Bouillie Bordelaise RSR® Disperss® NC Copper 0.533
2015-06-09 ORGA Citrothiol DG© Micronized sulfur 0.600

2015-06-25 ORGA Citrothiol DG© Micronized sulfur 0.600

2015-06-25 CONV Citrothiol DG© Micronized sulfur 0.600

2015-07-01 ORGA Bouillie Bordelaise RSR® Disperss® NC Copper 0.533

2015-07-01 CONV Cabrio Top© Metirame-zinc + pyraclostrobin | 0.750

2015-07-17 ORGA | Bouillie Bordelaise RSR® Disperss® NC Copper 0.400

2015-07-17 ORGA Heliocuivre© Copper 0.083

2015-07-17 CONV | Bouillie Bordelaise RSR® Disperss® NC Copper 0.400

2015-07-17 CONV Heliocuivre© Copper 0.083

2015-08-03 ORGA | Bouillie Bordelaise RSR® Disperss® NC Copper 0.533
2015-08-03 CONV | Bouillie Bordelaise RSR® Disperss® NC Copper 0.533
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TaBLE 5 - Effect of cropping system —conventional (CONV) versus organic (ORGA) — on
the incidence and severity of foliar disease symptoms at harvest time (2015-09-07). Disease
incidence is defined as the percentage of leaves displaying symptoms, whereas disease severity
is defined as the percentage leaf damage. Symptom incidence and severity were estimated
visually on 40 grapevines for each plot (40 X 3 per cropping system). The mean values are
reported for each cropping system as a percentage. Wald y? tests were used for comparisons
after linear mixed model analysis with cropping system as a fixed effect and block as a random
effect.

Disease ORGA (%) | CONV (%) | x* | p-value
Downy | Incidence 0.749 0.688 0.57 | 0.450
Mildew | Severity 0.037 0.030 1.93 0.164

Powdery | Incidence 0.113 1.346 12.49 | <0.001
Mildew | Severity 0.003 0.102 7.97 0.005

Black | Incidence 0.188 0.354 19.02 | <0.001
rot Severity 0.007 0.014 5.49 0.019

TABLE 6 — Primer pairs used to amplify the fungal ITS1 region

1st PCR with regular primers (bold)
Forward | ITS1F : 5-CTTGGTCATTTAGAGGAAGTAA-3’
Reverse | ITS2 : 5’-GCTGCGTTCTTCATCGATGC-3’
2nd nested PCR with pre-tagged primers (italics)
Forward | ITS1F-pre-tag : 5’-CTTTCCCTACACGACGCTCTTCCGATCTCTTGGTCATTTAGAGGAAGTAA-3’
Reverse | ITS2-pre-tag : 5-GGAGTTCAGACGTGTGCTCTTCCGATCTGCTGCGTTCTTCATCGATGC-3’

TaBLE 7 — List of network a-properties calculated in this study

Network metric Definition Reference
Number of links (L) Total number of links
Fraction of the total number of possible
links actually realized
Number of connected Number of groups of nodes
components (CC) connected together
The longest of all the shortest paths
between two nodes

Connectance (C) COLEMAN et MORE (1983)

MARTINEZ (1992)

Diameter (DIA) BARABAsTI et al. (2000)

Mean node degree Mean number of
(DEG) links per node MARTINEZ (1992)
Proportion of Proportion of links for which
negative links (NLR) the SparCC correlation is negative FAUST et al. (2015)
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TaBLE 8 — Effect of cropping system on the a—properties of fungal association networks.
Properties (as defined in Table S 7) were compared between cropping systems for every value
of the percentage P of the most abundant ASVs used for network inference. The U and p-values
of Wilcoxon rank-sum tests are reported. The p-value is not available (NA) for situations in
which property values were equal for all networks. The p-values after Benjamini-Hochberg
adjustment are not reported because all were equal to one.

P (%) L cC DIA C DEG NLR

10 [U=3;p=0658| U=5;p=1 |U=6;p=0505| U=3;p=0663|U=2;p=0383| U=5;p=1
20 | U=1;p=019 |U=65;p=048 | U=8;p=0157 | U=2;p=0383 | U=1;p=0.19 | U=9; p=0.081
30 | U=1;p=019 | U=45;p=NA |U=6;p=0619 | U=1;p=019 | U=1;p=0.19 | U=6; p = 0.663
40 | U=1;p=019 | U=45;p=NA | U=7;p=0302 | U=2;p=038 | U=1;p=019 | U=5;p=1
50 | U=3;p=0663| U=45;p=NA |U=7;p=0302 | U=3;p=0663 | U=3;p=0663 | U=6;p=0.663
60 |U=2;p=0383| U=45;p=NA | U=45;p= U=2;p=0383| U=1;p=019 | U=5;p=1
70 | U=3;p=0663| U=45;p=NA | U=9;p=0047 | U=2;p=0383 | U=2;p=0383 | U=5;p=1
80 |U=3;p=0663| U=45;p=NA | U=6;p=0505| U=4;p=1 |U=3;p=0663| U=4;p=1
90 U=4;p=1 | U=45p=NA | U=6;p=0505| U=4;p=1 | U=3;p=0663| U=3;p=0.663
100 |[U=3;p=0663| U=45;p=NA | U=45;p=NA | U=2;p=0.383 —4;p=1 U=4;p=1

TaBLE 9 — Effect of the percentage P of the most abundant ASVs used for network inference
on the a—-properties of fungal association networks. Spearman’s correlation coefficient and
the results of Spearman’s rank correlation tests are reported for each network property. The
\textit{p}-values are reported after Benjamini-Hochberg adjustment.

Property | Correlation (p) S p-value
L 0.98 862 <0.001
CC -0.61 | 57987 <0.001
DIA -0.85 | 66635 <0.001
C -0.67 | 60144 <0.001
DEG 0.95 1635 <0.001
NLR -0.56 | 56116 <0.001
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1 Abstract

MICROBIAL ASSOCIATION NETWORKS GIVE RELEVANT INSIGHTS
INTO PLANT PATHOBIOMES
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Plant growth and health depend on their associations with a large number of microorganisms
that interact with each other. The networks of interactions between plant pathogens and
other microorganisms, termed pathobiomes, regulate disease development. Our aim was to
investigate whether microbial association networks inferred form metabarcoding data and
environmental covariates contain signals of ecological interactions, despite methodological
biases associated to sampling and molecular biology. Grapevine (Vitis vinifera) and the causal
agent of powdery mildew (Erysiphe necator) were used as a model system. We used Poisson
Lognormal Models to highlight direct associations among fungal species on grapevine leaves,
and tested some these associations using co-cultures and text-mining. Our results suggested
that the abundance of E. necator covaried with that of 23 other fungal species, forming its
putative pathobiome. None of these associations were known as interactions in the literature,
but one of them was confirmed by our experiments. The yeast Buckleyzyma aurantiaca altered
pathogen growth rate and morphology, in line with the inferred negative association. Another
association, involving two yeast species, was also supported by co-cultures. Moreover, our
results showed that the foliar fungal community was robust to invasion by E. necator but
significantly influenced by the cropping system. This latter could hence be used to promote
beneficial microbial interactions highlighted by microbial networks. Together, these findings
indicate that microbial networks, when properly inferred, provide plausible hypotheses of
ecological interactions that can be useful to develop microbiome-based strategies for crop
protection.

Keywords : Anna Karenina principle, Biocontrol, Community ecology, Microbial networks,
Network inference, Pathobiome.
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2 Introduction

Plant growth and health depend on their associations with a large number of microorganisms
that interact with each other (HAassANI et al., 2018; VANNIER et al., 2019). Among all these
microorganisms, those that interact with pathogens and regulate diseases are particularly
important and have recently been defined as the plant’s pathobiome (Bass et al., 2019 ; BRADER
et al., 2017 ; VAYSSIER-TAUSSAT et al., 2014). Some pathobiome members form a barrier that limit
pathogen development through direct antagonistic interactions (ARNOLD et al., 2003 ; DURAN
et al., 2018 ; KEMEN, 2014; L1 et al,, 2019), while others can prime the plant immune system
(Hacquarbp et al., 2017; LEE et al., 2017 ; VOGEL et al., 2016). In turn, successful pathogen invasion
can disrupt the plant microbiota, triggering, in some cases, more heterogeneity (ZANEVELD
et al., 2017). This increase in heterogeneity among infected microbiotas is often termed the
Anna Karenina principle, based on the first sentence of Leo Tolstoy’s book : “Happy families
are all alike; every unhappy family is unhappy in its own way”. In microbiology, the Anna
Karenina principle means : “all healthy microbiomes are similar; each dysbiotic microbiome is
dysbiotic in its own way” (ZANEVELD et al., 2017).

Deciphering microbial interactions within pathobiomes, and determining what environ-
mental factors shape those interactions, is a step towards plant health protection. A better
understanding of plant pathobiomes will allow us to reduce agriculture reliance on chemical
pesticides, through the discovery of novel biocontrol agents (PENNINGTON et al., 2018) and
cultural practices fostering the protective microbiota (HARTMAN et al., 2018). To reach this aim,
research at the interface between plant pathology, microbial community ecology, culturomics,
metagenomics and big data analytics is needed. Metabarcoding approaches can for instance be
used to describe culturable and unculturable microorganisms associated with plants (ABDELFAT-
TAH et al., 2018 ; N1LssON et al., 2019), provided that rigorous methods are used from sampling
to bioinformatics (PAUVERT et al., 2019a; ZINGER et al., 2019). Network inference methods can
then be used to reconstruct microbial association networks from microbial community data
(FAuUsT et RAEs, 2012; LAYEGHIFARD et al., 2017 ; VACHER et al., 2016b). These networks, in
which nodes correspond to microbial taxa and links to statistical associations between their
sequence counts, can be interpreted as hypotheses of microbial interactions (CARR et al., 2019;
JAKUSCHKIN et al., 2016 ; POUDEL et al., 2016). Microbiology experiments can then be performed
to validate interaction hypotheses (e.g. Biswas et al., 2016 ; Das et al., 2018 ; DURAN et al., 2018;
LiMA-MENDEZ et al., 2015; T1pTON et al.,, 2018 ; WANG et al., 2017).

However, the application of network inference methods to pathobiome research is still in
its infancy. Several methodological issues must be overcome to generate robust hypotheses
of microbial interactions from metabarcoding data (PAUVERT et al., 2019b), because statisti-
cal associations between sequence counts do not directly reflect ecological interactions (e.g.
competition, parasitism) between microorganisms (DEROCLES et al., 2018 ; ROTTJERs et FAUST,
2018; WEiss et al., 2016). For instance, the compositional nature of metabarcoding data in-
duces statistical associations between sequence counts that are not related to any ecological
process (FRIEDMAN et ALM, 2012 ; GLOOR et al., 2017). Moreover, environmental filtering can
generate statistical associations between microbial taxa abundances, that are not triggered
by ecological interactions but environmental variations (BERRY et WIDDER, 2014 ; DEROCLES
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et al,, 2018 ; ROTTJERS et FAUST, 2018 ; VACHER et al., 2016b). Several recent methods of network
inference deal with these two issues : HSMC (OVASKAINEN et al., 2017), PLN (CHIQUET et al.,
2017 ; CHIQUET et al., 2019), FlashWeave (TACKMANN et al., 2019) and MAGMA (CoucGoul et al.,
2019b). Their relevance to pathobiome research remains to be demonstrated.

The aim of this study was to deepen our knowledge of plant pathobiomes by testing the
following hypotheses : (H1) successful infection events destabilize plant-associated microbial
communities and increase their heterogeneity (Anna Karenina principle), (H2) interactions
among microorganisms within pathobiomes can be detected by inferring microbial networks
from metabarcoding data and environmental covariates, and (H3) cropping systems influence
the abundance of microorganisms forming pathobiomes. These hypotheses were tested using
Grapevine (Vitis vinifera) and the causal agent of powdery mildew (Erysiphe necator; ARMIJO
et al., 2016 ; GADOURY et al.,, 2012), as a model system. To maximize the diversity of grapevine
microbial communities and thus the possibility of discovering microbial antagonists of this
fungal pathogen, the experiment was conducted in an untreated vineyard. Powdery mildew was
inoculated on several vines at the beginning of the growing season, to ensure the production
of abundant and evenly distributed inoculum. Under these conditions, spatial variations in the
level of secondary infections were likely to be caused by variations in the barrier effect of the
pathobiome, rather than variations in the abundance of the inoculum. The fungal component of
the pathobiome of Erysiphe necator was then analyzed by combining metabarcoding approaches,
network inference methods and co-culture experiments. The habitat of the fungal species
belonging to the pathobiome was characterized by analyzing fungal communities of bark,
ground cover and upper soil, in addition to that of vine leaves. Their response to inter-row
cover cropping was also assessed.
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3 Materials and methods

3.1 Study site and sampling design

The study was conducted in an experimental vineyard located near Bordeaux (INRA, Ville-
nave d’Ornon, France; 44°47°24.0"N 0°34’33.6"W ; Figure 1A). This experimental vineyard was
planted in 1991 with Vitis vinifera L. cv. Merlot grafted onto 101-14 rootstock, at a density of
5350 vines ha™ (1.7mx1.1m). The study was performed on a sub-plot of 5 almost untreated
rows (Figure 1B) where, since 2006, only few chemical treatments had been applied in case of
strong epidemics (Table S4). In this sub-plot, two cropping systems (Figure 1C) were compared :
(i) perennial cover crop in the inter-rows (i.e. cover crop : CC) and (ii) chemical weed control
with glyphosate (i.e. no cover crop : NCC). Eight experimental units were considered across
the sub-plot : four units in NCC areas and four units in CC areas, an experimental unit being
defined as a group of 5 adjacent vines in the same row (Figure 1D).

In 2016, each experimental unit was artificially inoculated with the powdery mildew agent
Erysiphe necator to ensure a uniform intensity of primary infection. Inoculation was performed
on April 22, on the central vine of each experimental unit (Figure 1E). The inoculum consisted
in a monoconidial isolate collected in a greenhouse in INRA precincts (Villenave d’Ornon,
Bordeaux, France) that year (strain S16). Leaves were then regularly checked for powdery
mildew colonies. The first symptoms appeared on May 5 for the inoculated leaves, and around
May 20 for other leaves. Leaf age was monitored in all experimental units based on biweekly
records of newly grown leaves. In addition, a weather station located on the edge of the
vineyard allowed us to monitor local variations in air temperature and humidity throughout
the experiment.

Grapevine leaves were sampled on three dates : 40 (June 1), 62 (June 23) and 77 (July 5)
days post-inoculation (Figure 1F). Four infected (I) and four non-infected (NI) leaves were
collected in each experimental unit on each date (Figure 1G). A total of 192 leaves, corresponding
to 8 leavesx3 datesx8 experimental units, were thus collected. Sampling dates were chosen
according to current knowledge on powdery mildew cycle (CALONNEC et al., 2009 ; CALONNEC
et al., 2006). All sampled leaves were approximately 20-day old and had received secondary
inoculum before the onset of ontogenic resistance (21-28 days see GADOURY et al., 2012). The
percentage of lower leaf surface covered with powdery mildew was visually assessed for each
infected leaf collected. The position of each sampled leaf within the canopy was recorded as
well as its distance to potential environmental sources of microorganisms. Three distances
were measured : distance to the ground, distance to the cordons and distance to the artificially
inoculated leaf on the central vine of the experimental unit.

Sampled leaves were placed in individual sterile plastic bags (Whirl-Pak®, USA) and taken
to the lab in a cooler with ice. Foliar tissues were sampled on the day of collection in the sterile
environment of a MICROBIO electric burner (MSEIL France). Tissues were collected from three
tissue types of leaf blade : the healthy zones of non-infected (HNI) and infected (HI) leaves,
and the center of disease spots of infected leaves (DI) (Figure 1E). For each leaf, two foliar discs
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FIGURE 1 — Experimental design. The study took place in an experimental vineyard located
near Bordeaux, France (A), in a sub-plot of 5 almost untreated vine rows (B) with two cropping
systems differing in the presence or not of cover crop (CC versus NCC) in the inter-rows (C).
Sampling occurred in eight experimental units each composed of five adjacent vines (underlined
in green) (D). The causal agent of grape powdery mildew, Erysiphe necator, was inoculated on
the central vine of each experimental unit (E) and we performed three sampling campaigns
40, 62 and 77 days post inoculation (F). For each campaign, leaves with and without visible
symptoms were collected to analyze healthy foliar tissues and foliar tissue from diseased spots

G).
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of 6 mm diameter were collected in each zone and placed together in a collection microtube of
a 96-well plate (QIAGEN), with two autoclaved glass beads. The processed leaves were kept on
ice in individual closed plastic bags to avoid water loss. Leaf fresh weight and surface were
then measured using the WinFOLIA®software (Regent Instrument, Canada). Dry weight was
measured after drying the leaves in an oven at 65°C for 72h.

On the last date of sampling (July 5), additional environmental samples were collected in
each experimental unit. Two old leaves (approximately 70 days old) were collected from the
central vine of each experimental unit, close to the place where the inoculation had been
performed, and placed in a sterile plastic bag (Whirl-Pak®, USA). The inoculated leaf was
collected if it was still attached to the vine. Small pieces of bark (including mosses and lichens)
were collected on three vines of each experimental unit and stored in 50mL sterile Falcon tubes.
Fragments of ground cover (including upper soil) were also collected beneath three vines of
each experimental unit and stored in 50mL sterile Falcon tubes.

Finally, the sub-plot phytosanitary status and canopy vigor were assessed on July 11. The
severity (% of lower leaf surface infected) of four diseases, i.e. powdery mildew (E. necator),
downy mildew (Plasmopara viticola), black rot (Guignardia bidwellii) and grape erineum mite
(Colomerus vitis), was visually evaluated on 468 leaves randomly chosen within the 8 expe-
rimental units (12 leaves per vine). The vigor of the vines was defined as the product of the
number of shoots per vine by the number of leaves on the longest shoot.

3.2 DNA extraction and [llumina MiSeq sequencing

Leaf discs were cold ground at 1500 rpm with the Geno/Grinder®for 30 s, then 1 min and 1
min again, with manual shaking between each grinding step. Plates were then centrifuged for
1 min at 6000 g. Total DNA was then extracted using the DNeasy Plant Mini Kit (Qiagen, USA)
following the manufacturer’s instructions, except that DNA extracts were eluted twice with 50
ul of elution buffer (10 mM Tris-Cl, 0.5 mM EDTA ; pH 9.0). The ITS1 region of the fungal ITS
rDNA gene (Schoch et al. 2012) was amplified using the primers ITSIF-ITS2 (GARDES et BRUNs,
1993 ; WHITE et al., 1990). To avoid a two-stage PCR protocol, each primer contained the Illu-
mina adaptor sequence and a tag (ITS1F : 5- CAAGCAGAAGACGGCATACGAGATGTGACTG-
GAGTTCAGACGTGTGCTCTTCCGATCTxxxxxxxxxxxXCTTGGTCATTTAGAGGAAGTAA-3’;
ITS2 : 5°- AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTC-
CGATCTxxxxxxxxxxxXGCTGCGTTCTTCATCGATGC-3’, where “x” is the 12 nucleotides tag).
The PCR mixture (20 pL of final volume) consisted of 10 pL of 2X QIAGEN Multiplex PCR Master
Mix, 2 uL each of the forward and reverse primers (1 uM), 4 L of water, 1 pL of 10 mg.ml™' BSA
and 1 uL of DNA template. PCR cycling reactions were conducted on a Veriti 96-well Thermal
Cycler (Applied Biosystems) using the following conditions : initial denaturation at 95 °C for
15 min followed by 35 cycles at 94°C for 30 s, 57°C for 90 s, 72°C for 90 s with final extension
of 72°C for 10 min. ITS1 amplification was confirmed by electrophoresis on a 2% agarose gel.
Each PCR plate contained one negative extraction control, one negative PCR control, and one
positive control. The negative extraction control corresponded to a microtube left empty on
the collection plate. The negative PCR controls were represented by PCR mix without any
DNA template. The positive PCR controls were composed of an equimolar mixture of the DNA
of two marine fungal strains — Candida oceani and Yamadazyma barbieri — (BURGAUD et al.,
2011; BURGAUD et al., 2016), kindly provided by Dr. Gaétan Burgaud (LUBEM EA 3882 — ESIAB,
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Plouzané, France). These strains were chosen as positive controls as they were unlikely to
be found in the grapevine samples. PCR products were purified (CleanPCR, MokaScience),
quantified (QuBit) and equimolarly pooled (Hamilton robot). Library sequencing on one run of
an [llumina MiSeq platform (v2 chemistry, 2x250 bp) and sequence demultiplexing (with exact
index search) were performed at the PGTB sequencing facility (Genome Transcriptome Facility
of Bordeaux, Pierroton, France).

Environmental samples collected on the last sampling date (old leaves, bark and ground cover
samples) were processed separately following the protocols described in ForT et al. (2019). They
were manually ground in liquid nitrogen, amplified using a two-step PCR and then sequenced
on a separate MiSeq run at the GetPlaGe sequencing facility (Toulouse, France).

3.3 Fungal DNA quantification by ddPCR™

Fungal DNA was quantified with digital droplet PCR assays (ddPCR™ ; HiNDsoN et al., 2011)
using the universal fungal primer pair ITS1F (5-TCCGTAGGTGAACCTGCGG-3’) and 5.8S
(5-CGCTGCGTTCTTCATCG-3’), developed and validated by FIERER et al. (2005). Assays were
carried out with the QX200 Droplet Digital PCR (ddPCR™) System from Bio-Rad at the PGTB
sequencing facility (Pierroton, France). The PCR reactions were carried out in a final volume
of 20 ul using the ddPCR™ EvaGreen Supermix (Bio-Rad, USA). The reaction mix consisted
of 1X of EvaGreen Supermix, 2.5 yL of each primer at 1.2 uM and 3.3 uL of DNA template
or ultrapure water in the negative control. The mix containing the sample was partitioned
into droplets with the QX200 Droplet Generator and then transferred to 96-well PCR plates.
A thermocycling protocol [95°C x 5 min; 40 cycles of (95°C x 30 s, 53°C x 1 min 30 s), 4°C x 5
min, 90°C x 5 min] was undertaken in a Bio-Rad C1000 (Bio-Rad, USA). QX200 droplet reader
analyzed each droplet individually to detect the fluorescence signal. The number of copies of
the target DNA sequence per pl of sample was determined from the number of positive droplets
(out of an average of ~20k droplets per sample) estimated from fluorescence signals of both
samples and negative controls using the Umbrella procedure implemented in R (Jacoss et al.,
2017). Total fungal abundance was then obtained by multiplying the obtained concentration by
the mix volume and after adjusting for the 1/100 dilution of the DNA extract.

3.4 Bioinformatic analysis

We used DADAZ2 v1.8 (CALLAHAN et al., 2016) to describe fungal communities in terms of
Amplicon Sequence Variants (ASV, CALLAHAN et al., 2017), because bioinformatic approaches
based on DADA2 were shown to recover accurately the composition of an artificial commu-
nity of 189 fungal strains (PAUVERT et al., 2019a). We followed the DADA2 ITS workflow
(https://benjjneb.github.io/dada2/ITS_workflow.html) except on the read assembly step. Only
forward reads in which the primer sequence was found exactly by cutadapt (MARTIN, 2011)
were processed with DADAZ2. Quality filtering retained sequences with less than one expected
error and longer than 50 bp. ASV were subsequently inferred for each sample. Chimeric se-
quences were then identified using the consensus method of the removeBimeras function. ASV
identical in sequence but not in length were finally combined with the collapseNoMismatch
function. Taxonomic assignments were then performed using the RDP classifier (WANG et al.,
2007) implemented in DADA2 and trained with the latest UNITE database (CommUNITY, 2019).
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ASV table and taxonomic assignments were imported in R through the phyloseq package
(McMuURrDIE et HoLMEs, 2013). Only ASV assigned to a fungal phylum were kept. Positive
and negative controls were then used to remove contaminants (GALAN et al., 2016). The two
ASV corresponding to the marine strains contained in the positive controls (Candida oceani
and Yamadazyma barbieri) were identified after aligning the ASV sequences with the corres-
ponding Genbank reference sequences (C. oceani KY102240 and Y. barbieri LT547714) using a
similarity threshold of 100% with usearch_global function of VSEARCH (ROGNEsS et al., 2016).
The cross-contamination threshold (Toc) was defined as the maximal number of sequences
of each ASV found in negative or positive control samples. The false-assignment threshold
(Tra) was defined as Tr4 = N X Ry, where Ry, is the highest sequence count of a positive
control strain in a non-control sample, divided by the total number of sequences of the strain
in the whole run and N is the total number of sequences of each ASV. ASV were removed from
all samples where they harbored fewer sequences than either threshold (Tr4 or Tec) using a
custom script (https://gist.github.com/cpauvert/1ba6a97b01ea6cde4398a8d531fa62f9). The ASV
table was finally aggregated at the species level and ASV that could not be assigned at the
species level were removed.

3.5 Hypothesis testing

Before testing the three hypotheses, we checked that foliar tissue samples considered as
infected based on visual symptom assessment, had a higher fungal load and a higher relative
abundance of Erysiphe necator than samples considered as healthy. Variations in fungal total
abundance (log-transformed) and in Erysiphe necator sequence counts (CLR-transformed) were
analyzed using linear regressions performed with the Im function (R Core TEamMm, 2018). The
models had cropping system (CC or NCC), sampling date (40, 62 or 77 dpi), tissue type (HI,
HNI or DI) and their interactions as fixed effects. ANOVA F-tests were used to assess the
significance of the fixed effects and post-hoc pairwise comparisons were performed for the
significant interactions using Tukey’s adjustment method with the emmeans R package (LENTH,
2018).

Test of H1 : Successful infection events destabilize plant-associated microbial communities and
increase their heterogeneity (Anna Karenina principle)

To test H1, we first investigated whether infection altered the composition of foliar fungal
communities, using a permutational analysis of variance (PERMANOVA ; ANDERSON, 2001)
performed with the adonis function of the vegan R package (OKSANEN et al., 2018). The model
had tissue type, cropping system, sampling date and their interactions as fixed effects. The
analysis was performed using CLR-transformed data, as advised by GLOOR et al. (2017). A total
of 128 CLR-transformed species X samples matrices were generated using the aldex.clr function
of ALDEx2 (FERNANDES et al., 2014) and averaged. Euclidean distances among samples of the
average matrix were then used to test differences in community composition among conditions.
These analyses were performed twice, with and without removing the ASV corresponding to
the pathogen Erysiphe necator.

Then, we investigated whether compositional heterogeneity was larger among infected
samples than among healthy ones, using tests of homogeneity of multivariate dispersions
(ANDERSON, 2006) performed with the betadisper function of the R vegan package (OKSANEN et
al., 2018). Compositional heterogeneity within a group of samples (i.e. dispersion) was measured
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using the distances between each sample and the centroid of its group. Dispersion was calculated
for every combination of sampling date and tissue type. Differences in dispersion among groups
were tested using ANOVA F-tests. Post-hoc pairwise comparisons were performed with Tukey’s
adjustment method with the emmeans R package (LENTH, 2018).

Test of H2 : Interactions among microorganisms within pathobiomes can be detected by inferring
microbial networks from metabarcoding data and environmental covariates

To test H2, we first inferred the foliar microbial network from metabarcoding data and
environmental covariates, and then tested some of the associations using co-culture experiments
and text-mining. Joint variations in sequence counts between fungal species were modelled
with the Poisson Log-Normal model (PLN, ArrcuisoN et Ho, 1989) to account for uneven
sequencing depth among samples and for environmental covariates potentially explaining
variations in the sequence counts per fungal species across the dataset. Associations between
species were then inferred from the residual covariance matrix using graphical-lasso under the
sparsity assumption, by using the PLNmodels R package (CHIQUET et al., 2019). The extended
BIC criteria (CHEN et CHEN, 2008) was used to perform model selection among a 40-size grid of
penalties (CHIQUET et al., 2017 ; CHIQUET et al., 2019). The stability of each association of the
BIC network was then defined as its selection frequency in the bootstrap subsamples of the
StARS procedure (L1u et al., 2011). Species included in the network reconstruction were selected
based on their prevalence rather than their relative abundance (ROTTJERS et FAusT, 2018). Based
on the theoretical work of CouGouL et al. (2019a), we chose to include only species present in
more than 20% of the samples of any experimental unit (Methods S6.1). Covariates included
several foliar traits and climate variables known to influence fungal development : leaf age, leaf
water content, specific leaf area and average vapor pressure deficit experienced by the leaf since
unfolding (Table S5). These covariates were introduced in the model to get rid of fungal species
associations triggered by similar habitat requirements. The distance between the sampled leaf
and environmental sources of microorganisms (old leaves, bark, ground cover) was also included
as a covariate to get rid of fungal associations triggered by joint colonization events. Only the
distance between the sampled leaf and old leaves was introduced in the model as all three
distances were significantly correlated (Figure S6). To account for additional, non-measured
environmental variations associated with the experimental design, we also included the three
main factors of the experiment (sampling date, experimental unit and tissue type) as covariates.
Finally, sequencing depth (log-transformed) was included as an offset in the model to get rid
of spurious associations triggered by compositionality. A subset of the fungal network was
then tested using co-cultures, to determine whether the statistical associations among fungal
species were triggered by ecological interactions. Co-cultures investigated the interactions
among eight yeast strains, and between these eight yeast strains and one strain of the pathogen
Erysiphe necator. The eight yeast strains were chosen among the most abundant fungal species
found on grapevine leaves. They were all present in the inferred fungal network. They were
also available in the CBS collection (Westerdjik Fungal Biodiversity Institute, Utrecht, The
Netherlands) and could grow on PDA (Potato Dextrose Agar, Biokar diagnostics, France) at 25°C
Buckleyzyma aurantiaca CBS 8074, Cystofilobasidium macerans CBS 9032, Dioszegia hungarica
CBS 7091, Filobasidium oeirense CBS 8681, Filobasidium wieringae CBS 1937, Udeniomyces
pyricola CBS 6754, Sporobolomyces roseus CBS 486 and Vishniacozyma victoriae CBS 9000.
Strains were revived following the CBS instructions and further maintained in collection
on MEA and PDA media (Malt Extract Agar : Malt 15 g.L'!, Agar 20 g.L'!; Potato Dextrose
Agar : Potato Extract 4 g.L'!, Dextrose 20 g.L”!, Agar 15 g.L'!). To produce inoculum for the
co-culture experiments, yeast strains were grown in liquid ME medium (Malt Extract, 15 g.L'!)
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TaBLE 1 - Effects of date, cropping system (CS) and tissue type (TT) on pathogen abundance
(A), total fungal load (B) and community composition (C). Significant effects (p < 0.05) are in

bold.

A. Pathogen B. Total fungal C. Fungal community
abundance abundance composition
Variable Df F Pr(>F) F Pr(>F) F R2 Pr(>F)

Date 2 | 55.29 | 1.00E-20 54.27 | 2.10E-20 5.1 | 0.0336 0.001
CS 1 0.1 | 7.50E-01 0.76 | 3.90E-01 1.5 0.005 0.021
TT 2| 70.82 | 3.10E-25 50.87 | 2.40E-19 1| 0.0068 0.377
Date x CS 2 0.29 | 7.50E-01 1.42 | 2.40E-01 9.7 | 0.0642 0.001
Date x TT 4| 6.89 | 2.80E-05 17.9 | 5.50E-13 1.1 | 0.0148 0.13
CSxTT 2 1.08 | 3.40E-01 0.34 | 7.10E-01 1.2 | 0.0079 0.114
Date x CS x TT 4 1.11 | 3.50E-01 1.72 | 1.50E-01 1.1 | 0.0148 0.13
Residuals 258 NA NA NA | 0.8529 NA
Total 275 NA 1 NA

at 22°C for 48h. The number of yeast cells was then count using a hemacytometer before being
homogenized at the same concentration. E. necator strain S19 was isolated in a greenhouse in
INRA precincts (Villenave d’Ornon, Bordeaux, France) in 2019. As it is an obligate biotroph
parasite of grapevine (i.e. requires a living host), its preservation was carried out every 2 weeks
on sterilized grapevine leaves by blowing spores from sporulating leaves (approx. 1000 conidia
per cm? of leaf). Inoculated leaves were then incubated for 10-14 days at 22°C with a 16 h day/
8 h night photoperiod following the procedure DUFOUR et al. (2013).

To investigate whether the statistical associations among the yeast species were triggered by
ecological interactions, the eight yeast strains were confronted with each other using spot-on-
lawn assay (ADDIS et al., 2001; POLONELLI et MORACE, 1986). Inoculations were performed on
MEA medium buffered at pH 4.5 with 0.5 M phosphate-citrate buffer (HEARD et FLEET, 1987).
Approximately 10° CFU.mL™" of each strain was suspended in 15 ml of sterile MEA medium
(pH 4.5) maintained at 45°C and then poured into sterile Petri dishes. For each strain, five
replicates were made, totalizing 40 plates. Each of the eight strains was then drop-inoculated
(50 pl at 10° CFU.mL™) (adapted from POLONELLI et MORACE, 1986) onto the surface of each
of the Petri dishes prepared as described above. Once the drops dried, the plates were sealed
with Parafilm®and incubated at 22°C. Yeast growth was visually assessed 4 and 7 days after
inoculation. We considered that the MEA-included strain inhibited (or promoted) the growth
of a drop-inoculated strain, if the latter had a reduced (or increased) growth relative to its own
confrontation.

In addition, the subset of the fungal network involving E. necator (i.e. its putative pathobiome)
was checked for in the literature using a custom R script (Methods S6.2). First, every pair of
fungal species belonging to the pathobiome was replicated using obligate and anamorph
synonyms of species names, queried from the MycoBank webservice (ROBERT et al., 2013). For
each pair, co-occurrences of species names were then searched for in the Scopus database (that
includes article titles, abstracts, keywords and references) using its API through the rscopus
R package (MuscHELLI, 2019). The corresponding articles were read carefully to search for
experimental evidence of ecological interaction between the selected species.
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Test of H3 : Cropping systems influence the abundance of microorganisms forming pathobiomes

To test H3, we investigated whether the fungal species belonging to the putative patho-
biome of E. necator differed in abundance between CC and NCC cropping systems. ALDEx2
(FERNANDES et al., 2014) was used to detect species differentially abundant between systems
as this method is suitable for compositional data (GLOOR et al., 2017) and outputs very few
false-positives with default values (THORSEN et al., 2016). Species with a false discovery rate
below 0.1 after Benjamini-Hochberg adjustment were considered as differentially abundant. To
better understand the ecology of the fungal species belonging to the pathobiome of E. necator,
we also searched for their presence in the environmental samples. Finally, to assess more
broadly the effects of cropping systems, we compared grapevine canopy vigor and disease
severity between CC and NCC experimental units. Differences in canopy vigor or in disease
severity between cropping system were assessed using a single t-test for the former and one
test for each of the four recorded diseases for the latter.
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among tissue types over time. Tissue types consisted in Healthy tissue in Non Infected leaves
(HNI), Healthy tissue in Infected leaves (HI), and Diseased tissue in Infected leaves (DI).
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4 Results

Grapevine foliar fungal communities were composed of 4 148 fungal ASV (totalizing 10
195 266 sequences), among which 1454 could be assigned at the species level (totalizing 7 276
628 sequences). These ASV corresponded to 547 fungal species (306 Ascomycetes and 241
Basidiomycetes). The pathogen Erysiphe necator was among the ten most abundant species
(Table S6). The relative abundance of E. necator was significantly higher in tissues considered
as infected based on visual assessments (DI), than in tissues considered as healthy (HI and
HNI), except on the last sampling date (Table 1A and Figure 2A). On the last sampling date, the
pathogen was highly abundant in all tissue types (Figure 2A). The sequences assigned to E.
necator represented 39%, 39.6% and 65.5% of all the fungal sequences on the three sampling
dates, respectively. The total fungal abundance also varied significantly with tissue type and
sampling date (Table 1B). As expected, the total fungal abundance was higher in infected tissues,
except on the last sampling date (Figure S7).

Infection does not destabilize the microbial community (no Anna Karenina principle)

In contrast to H1, infection did not trigger any significant change in fungal community
composition (Table 1C). Fungal community composition did not differ among healthy and
infected tissues, but it differed between cropping systems and, to a greater extent, between
sampling dates (Table 1C and Figure S8). While there was a significant difference in community
heterogeneity among healthy and infected tissues (ANOVA : df = 8; F = 37.7; p < 0.01), the
heterogeneity was not higher among infected samples than among healthy ones (Figure 2B) . It
was even lower in infected samples on the first sampling date (Figure 2B). The same results
were obtained when E. necator was removed from the fungal community data (not shown),
confirming the absence of Anna Karenina principle.

Inferred microbial networks give relevant insights into the pathobiome

The fungal association network inferred from metabarcoding data and environmental co-
variates using PLN model was composed of 61 fungal species and 702 statistical associations
(Figure 3A). Within this network, E. necator was negatively associated with 15 species and
positively associated with 8 species (Figure 4). All associations, except two, were robust to
subsampling (Table S7). These 23 species are hereafter considered as the putative pathobiome
of E. necator.

The 8 yeast species selected for microbiology experiments were linked by 7 positive asso-
ciations in the PLN network (Figure 3B). In contrast, spot-on-lawn experiments (Figure 3C)
revealed 3 growth-promoting interactions and 12 growth-inhibiting interactions (Figure 3D)
among the 7 yeast strains that grew in the experimental conditions (all strains but D. hungarica).
The statistical association network (Figure 3B) and the in vitro interaction network (Figure 3D)
shared two links, one between C. macerans and U. pyricola and another between F. oeirense and
C. macerans. The positive association between C. macerans and U. pyricola was upheld by the
spot-on-lawn assay as U. pyricola enhanced the growth of C. macerans. In contrast, the link
between F. oeirense and C. macerans was found as a positive association with PLN, while the
growth of C. macerans was inhibited by F. oeirense in the spot-on-lawn assay.
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mm  Negative mmm  |nhibited
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FIGURE 3 — Association network versus in vitro interaction network among eight yeast spe-
cies. First, an association network (A) was obtained with PLN from metabarcoding data and
environmental covariates. The node corresponding to the pathogen Erysiphe necator is labelled
En. A subset of the association network involving 8 yeast species was extracted. It consisted
only in positive associations (B). We confronted this network with spot-on-lawn experiments
(C) where a single yeast species was seeded in a Petri dish and further inoculated by spots of
8 yeast species to evaluate their interaction. Growth-promoting and -inhibiting interactions
were represented as an interaction network (D). The yeast species consisted in Buckleyzyma
aurantiaca (B), Cystofilobasidium macerans (C), Dioszegia hungarica (D), Filobasidium oeirense
(Fo), Filobasidium wieringae (Fw), Udeniomyces pyricola (P), Sporobolomyces roseus (S) and
Vishniacozyma victoriae (V).
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FIGURE 4 — Putative pathobiome of the grapevine powdery mildew agent, Erysiphe necator.
The subset of the association network (Figure 3A) involving the pathogen was extracted. It
consisted of 25 species with positive or negative associations with the pathogen. Node shape
indicate whether these species were significantly favored by cover cropping (black circles), by
the absence of cover (white circle) or neither (cross). Green, yellow and brown circles indicate
whether the species were detected in other microbial environments (old leaves, ground cover
and bark, respectively).
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Among the 8 yeast species selected for microbiology experiments, 3 were part of the putative
pathobiome of E. necator : B. aurantiaca, F. wieringae and V. victoriae (Figure 4). The three species
were negatively associated with the pathogen in the PLN network (Figure 4). Microbiology
experiments supported the antagonistic effect of B. aurantiaca on E. necator. The supernatant
of B. aurantiaca centrifuged liquid culture, when applied as a curative treatment, reduced
the growth of E. necator by about 30% (Table 2) and significantly increased the prevalence
of collapsed conidia (Table 3 and Figure 5). The pellet of U. pyricola culture also inhibited E.
necator growth when applied as a curative treatment (Table 2) but there was no association
between the two species in the PLN network.

Finally, literature-mining identified 9 abstracts in which E. necator and at least one species of
its putative pathobiome were mentioned (Table S8). None of these articles provided experimental
evidence of an interaction between E. necator and the species found in the abstracts.

Overall, network inference provided a list of 15 fungal species that might be antagonists
of E. necator (Figure 4). Literature mining showed that these interactions have never been
studied experimentally so far. We tested experimentally three of these putative interactions
and validated one of them, involving the yeast species B. aurantiaca (Tables 2, 3 and Figure 5).
Hence, in accordance with H2, interactions among microorganisms within the pathobiome
can be detected by inferring microbial networks from metabarcoding data and environmental
covariates.

Cropping systems impact the pathobiome

Differential abundance analyses revealed that 25 fungal species were favored by cover
cropping (Table S9). Among them, 9 fungal species belonged to the putative pathobiome of E.
necator and were all putative antagonists (Figure 4). The yeast B. aurantiaca was part of the
species favored by cover cropping. Six of the putative antagonists favored by cover cropping,
including B. aurantiaca, were generalist fungal species found in grapevine leaves but also on
bark and ground cover (Figure 4). These findings indicate that cropping systems do modulate
pathobiomes, in accordance with H3. Interestingly, only the pathogen E. necator was favored
by the absence of cover crop according to differential abundance analyses (Table S9), a pattern
which might be accounted for by the drastic increase in vine vigor in the absence of cover crop
(Figure S9A). However, visual disease severity assessment performed mid-July did not confirm
the higher abundance of E. necator in the absence of cover crop (Figure S9B).
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TABLE 2 - Percent increase in Erysiphe necator (En) growth triggered by preventive or curative
treatments with yeast strains or exposure to benzothiadiazole (BTH). Significant effects of the
treatments (p < 0.05) are in bold.

Preventive treatment

Curative treatment

Pellet Supernatant Pellet Supernatant

Yeast strain En(;g;(;:};fth p-value En(;g;(;:};fth p-value En(;g;(;:};fth p-value En(ig;(;j;th p-value
Control (BTH) -98.62 0 -90.62 0 -85.62 | 1.70E-14 -86.25 0
B. aurantiaca -1.87 0.33 2.25 0.99 -19.63 0.18 -31.25 0
U. pyricola -1 0.85 6 0.83 -32.5 0 -3.75 0.97
V. victoriae -0.37 0.99 7.63 0.67 -10 0.79 3.88 0.97
D. hungarica 0.25 1 0.63 1 -5 0.98 -10.62 0.44
F. wieringae 0.5 0.98 6.38 0.8 -10.63 0.75 -1.87 1
S. roseus 0.88 0.9 0.13 1 -6.88 0.93 -5.25 0.91
F. oeirense 1.13 0.78 -4.5 0.93 -19.38 0.19 -0.87 1
C. macerans 1.38 0.64 6.25 0.81 -10.63 0.75 5 0.93
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5 Discussion

Dealing with pathogens is a matter of host survival, and in the case of crops, it also concerns
the species that depend on them, including human beings. Among the range of disease control
strategies is the exploitation of ecological interactions between pathogenic microorganisms
and microorganisms that inhabit the host plant (BRADER et al., 2017 ; KosKELLA et al., 2017).
These interactions, termed the pathobiome (VAYSSIER-TAUSSAT et al., 2014), were studied here
using a metabarcoding approach, with grapevine powdery mildew (Erysiphe necator; ARMIJO
et al., 2016; GADOURY et al., 2012) as a model system. Fungal communities sampled from
visually healthy and infected foliar zones did not differ in terms of composition, contrasting
with the results obtained for oak powdery mildew (Erysiphe alphitoides; JAKUSCHKIN et al.,
2016). Furthermore, we had no evidence of the presumed Anna Karenina principle, which
predicts more heterogeneous microbial communities following infection (ZANEVELD et al.,
2017). These findings parallel other studies on plant pathogens (AGLER et al., 2016 ; KOSKELLA
et al., 2017; Rezk1 et al,, 2016; Supa et al., 2009; ZHANG et al., 2019), suggesting that the
Anna Karenina principle is not the rule for plants. To discover fungal species with potential
antagonistic activity against the pathogen, we sampled hosts in both healthy and diseased
conditions (ELL1s, 2017 ; POUDEL et al., 2016) and used a new statistical approach, the PLN
model (CHIQUET et al., 2017 ; CHIQUET et al., 2019), which allowed us to take into account
environmental variability. We were able to generate new hypotheses in the form of a network
of associations between microorganisms and some of these hypotheses were tested using
co-cultures. Interestingly, the yeast Buckleyzyma aurantiaca was found to reduce pathogen
colonization and even alter the structure of asexual reproduction organs, the conidia. These
findings upheld a negative association between the abundances of B. aurantiaca and E. necator
across foliar samples collected in the field, which makes this yeast a potential biocontrol
candidate worthing further investigations. Moreover, our results revealed that B. aurantiaca
and eight other putative antagonists of E. necator were favored by cover cropping, suggesting
that cropping systems can be used to favor protective plant microbiota. Finally, another positive
association, involving the yeast species Cystofilobasidium macerans and Udeniomyces pyricola,
was also supported by co-cultures. These findings prove that network inference methods can
detect relevant signals of interactions between microorganisms and be useful tools for the
development of microbiome-based crop protection strategies.

Although informative, all these results are only a glimpse of the complex processes that occur
in planta and in natura. The destructive sampling of foliar tissues prevented us to monitor fungal
communities continuously over time and to generate times series that could better inform us
on microbial interactions (e.g. CARR et al.,, 2019). We relied on cross-sectional data with a large
number of samples instead. In this study, 276 samples were used to reconstruct the fungal
network, which is in line with the recent recommendation by Hirano et TAkEMOTO (2019) of
at least 200 samples per network, and the inferred associations were robust. To complete this
association network, future studies will have to collect data on bacteria, oomycetes, viruses
and even insect communities because inter-kingdom interactions influence the structure and
dynamics microbial networks (DURAN et al., 2018 ; JAKUSCHKIN et al., 2016 ; TipTON et al., 2018).
This additional information will also improve the inference of fungal associations because
missing species can generate indirect associations (e.g. L1 et al., 2016). Prior information on

102



Discussion

FIGURE 5 — Pictures of E. necator conidia in the E. necator-yeast strains confrontation test.
Unaltered conidial chains on control foliar discs treated with sterile distilled water (A), collapsed
conidia on foliar discs treated with B. aurantiaca in the preventive assay (B).

interactions gathered from literature could also be used to improve network inference (Lo et
MARCULESCU, 2017).

In conclusion, microbial networks are no silver bullet but like any other methods provide an
insight into the complex processes at play in ecosystems. The field of metabarcoding approaches
is now mature enough to be aware of its pitfalls (e.g. ZINGER et al., 2019). We suggest that
the difficult hurdles to overcome should not prevent microbial network inferences but rather
be an incentive for cautious interpretations and additional experiments in line with recent
recommendations (ARMITAGE et JONES, 2019; CARR et al,, 2019). Better insights into microbial
ecosystems may not necessarily require more metabarcoding samples but more complementary
evidence (WIDDER et al., 2016).
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TaBLE 3 — Effect of yeast strains on the conidia of E. necator. The number of foliar discs (out of
8) with altered conidia were counted in different co-culture conditions. Bold entries indicate
significant differences in the number of altered conidia relative to the negative control using
Fisher exact test. No conidia were observed with the positive control (benzothiadiazole) which
was thus not included.

Preventive treatment

Curative treatment

Pellet Supernatant Pellet Supernatant

Yeast strain Altered p-value Altered p-value Altered p-value Altered p-value
conidia conidia conidia conidia

V. victoriae 4 0.141 4 0.141 1 0.7667 1 0.7667

B. aurantiaca 3 0.2846 5 0.0594 5 0.0594 8 | 0.0007

D. hungarica 1 0.7667 1 0.7667 4 0.141 0 1

U. pyricola 1 0.7667 0 1 5 0.0594 0 1

S. roseus 1 0.7667 1 0.7667 5 0.0594 1 0.7667

C. macerans 0 1 2 0.5 3] 0.2846 0 1

F. oeirense 0 1 5 0.0594 3 0.2846 0 1

F. wieringae 0 1 0 1 3| 0.2846 1| 0.7667
Negative control 1 1 1 1
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FIGURE 6 — Relationships among the distances between sampled leaves and the closest environ-
mental sources of microorganisms. The distances (D, in cm) to old inoculated leaves, bark, and
ground cover were measured. Spearman’s rank correlation and test are presented (*p <0.05;
**p <0.01; ***p <0.001).
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FIGURE 8 — Variations in fungal community compositions among sampling dates (DPI), cropping
system (CS) and tissue types (TT). The first two axes of the Principal Component Analysis
(PCA) were used to represent the dissimilarities in composition, from left to right, among
samples across sampling dates (in days post inoculation, DPI), cropping systems (Cover crop,
CC, and no cover crop, NCC) and tissue types (Healthy tissue in Non Infected leaves, HNI,
Healthy tissue in Infected leaves, HI, and Diseased tissue in Infected leaves, DI). PCA was
performed from the Euclidean distance on clr-transformed sequence counts.
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FIGURE 9 — Canopy vigor and disease pressure indexes per cropping system (CS), i.e. with (CC)
or without cover crop (NCC). Vigor was estimated on ~20 grapevines per cropping system (A).
Grapevine diseases severity were monitored on 468 leaves randomly distributed among the
two cropping systems (B) (* p <0.05; **p <0.01; ***p <0.001).

TABLE 4 — Pesticides (active compounds) used on the sub-plot since 2006 according to the pest
targeted. D : Downy mildew (Plasmopara viticola); P : Powdery mildew (Erysiphe necator),
E : European grapevine moth (Lobesia botrana) and S : Flavescence dorée vector (Scaphoideus
titanus). Applications were done in the 5 rows between May and July 2006-2012.

Pesticide active compounds | Pest Year (date)
Chlorpyriphos-ethyl T, S | 2006 (7/3); 2009 (5/20, 7/6)
Copper compounds D | 2008 (7/30)

Fosetyl + Folpet D | 2008 (7/21)
Lambda-cyhalothrin S | 2009 (6/16)

2006 (5/23, 6/9); 2007 (6/11);
2008 (5/28, 6/6, 6/26);

Mancozeb + Cymoxanil D 2009 (6/26): 2011 (5/19);
2012 (6/22, 7/2)

Quinoxyfen P | 2008 (6/6); 2011 (5/19)

Spiroxamin P | 2008 (6/26, 7/21)
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TaBLE 5 — List of covariates included in the network inference. Covariate fluctuations can be
tied positively (), negatively (\\|) to their effect on foliar fungi or without a definite sign ().
Bold entries indicate references concerning our biological models Vitis vinifera or Erysiphe
necator (En). The VPD relates to the gap between a water saturated air to the actual air given
the temperature (see CORDIER et al., 2012b, for more details on the function f).

References
SANCHEZ-AZOFEIFA et al. (2012)
EscHEN et al. (2010)

Osono (2008)

Definition
1 - (D/F) with fresh (F)
and dry (D) leaf weight

Covariates
Leaf water
content (LWC)

Effects on fungi
/" with endophytic fungal richness
oc the occurrence of endophytes
/" with endophytic fungal richness

Type

Leaf age Days since - - -
. . (LA) leaf unfolding /" with endophytlc fungal richness LOPEZ-GONZALEZ et al. (2017)
Foliar traits and number of isolates
\\ the susceptibility to En CALONNEC et al. (2018) et GADOURY et al. (2012)
\, the development of mildew
Specific Leaf and rust pathogens ITAGAKI et SHIBUYA (2017) et TOOME et al. (2010)

S/D -
Area with leaf surface (S) \, the establishment of endophytes

NEZHAD et GEITMANN (2013)

microbial sources

(SLA) and hence o fungal abundance
S /" collected water and hence
oc the infection susceptibility BRADLEY et al. (2003)
.S /l Wlth the log number of ANDREWS et al. (1987)
individuals fungi
L Vapor f(RH x T) with relative | RH X T o with spore density CRANDALL et GILBERT (2017)
Climatic 1 p -
variables Pressure humidity (RH) and \, with fungal richness TALLEY et al. (2002)
Deficit (VPD) temperature (T) and abundance ’
s with the incidence CARROLL et WiLcoOX (2003)
and severity of En
Dist t
Dispersal Distance istances to \, with microbial invasion MIura et al. (2017)

Experimental Sampling date

o the fungal
community composition

This study ; FORT et al. (2016) et PINTO et al. (2014)

design Experimental

o the fungal

This study; SETATI et al. (2012)

unit community composition
o the fungal
community composition

Tissue type This study ; BRUEZ et al. (2014)

TABLE 6 — Most abundant species in grapevine foliar fungal communities in the sampled foliar
tissues. The relative abundances (RA, in %) and ranks of species were calculated for all leaf
samples (TOTAL; n = 276) and for samples collected from healthy zones of non-infected (HNI;
n = 93) and infected (HI; n = 92) leaves, and the center of disease spots of infected leaves (DI;
n=91).

TOTAL HNI HI DI

Rank | RA | Rank | RA | Rank | RA | Rank | RA
Erysiphe necator 1] 35.1 3| 149 1] 22 11 68.9
Mycosphaerella tassiana 2178 11262 2| 20.2 3 7
Filobasidium wieringae 3] 13.9 2| 155 31198 41 6.2
Sporobolomyces roseus 41 9.2 41 99 41103 2| 74
Udeniomyces pyricola 5| 44 5| 63 5| 53 5| 1.6
Vishniacozyma victoriae 6| 19 71 19 6| 26 6| 12
Erysiphe euonymicola 7| 1.6 6| 23 7 1.7 8| 0.6
Dioszegia hungarica 8| 1.2 8| 1.6 8| 1.3 91 0.6
Itersonilia pannonica 9 1 10| 1.2 91 1.2 7| 0.7
Symmetrospora coprosmae 10 | 0.8 11| 1.2 11 1 16 | 0.2
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TaBLE 7 — List of the species associated with Erysiphe necator (Figure 4). Associations are
described with the partial correlation provided by PLN and with the stability, which is the
fraction of bootstrap subsamples that contained this association. The detection of theses species
in other microbial environments (ME) such as old leaves (OL), ground cover (GC) or bark (BK)
is indicated or left blank if undetected. Their significant differential abundance in either one of
the cropping systems (CS) (i.e. cover crop CC or no cover crop NCC) is indicated or left blank if
insignificant.

Species Correlation | Stability | Other ME | CS
Dioszegia butyracea -0.087 0.96 OL/GC | CC
Cladosporium ramotenellum -0.074 0.94 | OL/GC/BK
Sawadaea bicornis -0.071 0.96 OL
Taphrina carpini -0.059 0.96 | OL/GC/BK | CC
Stereum hirsutum -0.043 0.84

Buckleyzyma aurantiaca -0.035 0.82 | OL/GC/BK | CC
Erythrobasidium hasegawianum -0.03 0.76 | OL/GC/BK | CC
Taphrina deformans -0.02 0.56 OL/GC | CC
Erysiphe euonymicola -0.015 0.58 CcC
Fomes fomentarius -0.011 0.6 BK
Bullera crocea -0.011 0.68 | OL/GC/BK | CC
Filobasidium wieringae -0.01 0.52 | OL/GC/BK
Neodevriesia capensis -0.01 038 | OL/GC/BK | CC
Vishniacozyma victoriae -0.005 0.62 | OL/GC/BK | CC
Itersonilia perplexans -0.003 0.38

Ascochyta manawaorae 0.011 0.52 | OL/GC/BK
Taphrina inositophila 0.017 0.68 | OL/GC/BK
Vishniacozyma dimennae 0.02 0.64 | OL/GC/BK
Botrytis caroliniana 0.035 0.86 | OL/GC/BK
Apiotrichum domesticum 0.038 0.8

Filobasidium stepposum 0.055 1

Bulleromyces albus 0.149 1| OL/GC/BK
Pseudopithomyces chartarum 0.158 1| OL/GC/BK
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TABLE 8 — Literature mining of the pathobiome. The following papers were reported by the
text-mining approach because both the pathogen Erysiphe necator and the name of the potential
antagonists presented in the Figure 4 were found in abstracts, titles, keywords or references
of the Scopus database. This search also included fungal synonyms through a custom script

(Methods 6.2).

Pathogen

Potential antagonist
searched for

References

Erysiphe necator

Erythrobasidium hase-
gawianum

Mueller, G. M,, Bills, G. F., & Foster, M. S. (Eds.). (2004).
Biodiversity of fungi : inventory and monitoring methods.
Amsterdam ; Boston : Elsevier.

Erysiphe necator

Fomes fomentarius

Tabata, J., De Moraes, C. M., & Mescher, M. C. (2011).
Olfactory Cues from Plants Infected by Powdery Mildew
Guide Foraging by a Mycophagous Ladybird Beetle. PLoS
ONE, 6(8), €23799. doi : 10.1371/journal.pone.0023799

Erysiphe necator

Sawadaea bicornis

Kiss, L. (1998). Natural occurrence of ampelomyces in-
tracellular mycoparasites in mycelia of powdery mil-
dew fungi. New Phytologist, 140(4), 709-714. doi :
10.1046/j.1469-8137.1998.00316.x

Erysiphe necator

Taphrina deformans

Chang, H.-X., Noel, Z. A., Sang, H., & Chilvers, M. 1. (2018).
Annotation resource of tandem repeat-containing secre-
tory proteins in sixty fungi. Fungal Genetics and Biology,
119, 7-19. doi : 10.1016/j.fgb.2018.07.004

Erysiphe necator

Taphrina deformans

Kiies, U., Khonsuntia, W., & Subba, S. (2018). Com-
plex fungi. Fungal Biology Reviews, 32(4), 205-218. doi :
10.1016/j.fbr.2018.08.001

Erysiphe necator

Taphrina deformans

Caubel, J., Launay, M., Lannou, C., & Brisson, N. (2012).
Generic response functions to simulate climate-based pro-
cesses in models for the development of airborne fungal
crop pathogens. Ecological Modelling, 242, 92-104. doi :
10.1016/j.ecolmodel.2012.05.012

Erysiphe necator

Taphrina deformans

Weete, J. D., Abril, M., & Blackwell, M. (2010). Phylogene-
tic Distribution of Fungal Sterols. PLoS ONE, 5(5), €10899.
doi : 10.1371/journal.pone.0010899

Erysiphe necator

Taphrina deformans

Mysyakina, L. S., & Funtikova, N. S. (2007). The role of ste-
rols in morphogenetic processes and dimorphism in fungi.
Microbiology, 76(1), 1-13. d0i :10.1134/S0026261707010018

Erysiphe necator

Taphrina deformans

Hernandez, A., Cooke, D. T., Lewis, M., & Clarkson, D. T.
(1997). Fungicides and sterol-deficient mutants of Usti-
lago maydis : plasma membrane physico-chemical charac-
teristics do not explain growth inhibition. Microbiology,
143(10), 3165-3174. doi :10.1099/00221287-143-10-3165
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TaBLE 9 — List of the species differentially abundant between cropping systems. Species were
assigned to a preferred cropping system : either no cover crop (NCC) or cover crop (CC)
depending on the sign of the effect size generated by ALDEx2. Selection of the species was
based on the false discovery rate (FDR) after Benjamini-Hochberg correction using the default
threshold of ALDEX2 (FDR < 0.1).

Species CS | Effect size | FDR (BH)
Erysiphe necator NCC 0.45 2.80E-07
Udeniomyces pyricola CC -0.17 6.90E-02
Taphrina caerulescens CcC -0.17 7.10E-02
Blumeria graminis CcC -0.18 6.10E-02
Symmetrospora gracilis CC -0.21 4.00E-02
Filobasidium oeirense CcC -0.22 9.30E-02
Articulospora proliferata CcC -0.25 2.60E-02
Gelidatrema spencermartinsiae | CC -0.26 3.10E-02
Dioszegia butyracea CC -0.26 3.50E-02
Erythrobasidium hasegawianum | CC -0.26 1.30E-02
Limonomyces culmigenus CC -0.27 1.60E-02
Vishniacozyma victoriae CC -0.3 4.90E-04
Dioszegia hungarica CcC -0.3 4.80E-04
Neodevriesia capensis CC -0.3 3.00E-02
Taphrina deformans CC -0.31 1.60E-03
Bullera crocea CcC -0.32 6.10E-03
Erysiphe euonymicola CC -0.39 1.70E-07
Buckleyzyma aurantiaca CC -0.46 2.30E-05
Curvibasidium cygneicollum CC -0.46 5.60E-05
Mycosphaerella tassiana CcC -0.51 6.80E-08
Taphrina carpini CC -0.51 7.20E-06
Cystofilobasidium macerans CC -0.55 5.10E-07
Mycosphaerella punctiformis CcC -0.57 3.50E-07
Angustimassarina acerina CC -0.62 1.70E-08
Itersonilia pannonica CC -0.74 5.40E-12
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6.1 Methods S1

Species selection needs to be done prior to network inference (ROTTJERS et FAusT, 2018).
However, there is reluctance to filter out infrequent species, or rare, that could be specialists or
possess an important role (HARRISON et al.,, 2019; LyNcH et NEUFELD, 2015). ROTTJERS et FAUST
(2018) have highlighted the importance of removing infrequent ASV prior to network inference,
as they can cause spurious associations due to matching zeros. Others have previously indicated
the removal of infrequent species but without consensus on the prevalence threshold at which
to keep species : present in at least 20% of the samples (BERRY et WIDDER, 2014), at least in 2
(DURAN et al.,, 2018), 5 (POUDEL et al., 2016) or 10 samples (AGLER et al., 2016). Indeed, the more
sparsity in the ASV table, the less reliable are the inferred networks and no more than 50%
of zeroes was suggested (WEiss et al., 2016). A recent study did not trim species but suggest
instead that associations between pairs of rare species should not be inferred but those between
more abundant species and rare species could be (Coucoul et al,, 2019a). They provide a
test based on the prevalence of the two species to determine whether the association could
be inferred and their approach improved the inference of networks according to simulations
(Coucout et al., 2019a).

However, the method we used to infer the network at the time did not allow for discarding
associations a priori and left us with the option of trimming species. But we decided to evaluate
the testability of the associations to guide us for species trimming. Moreover, we performed
the species selection for each experimental unit (Figure 1D) separately to ensure that both
ubiquitous and locally-distributed species were kept.

Therefore, we assessed the testability of every ASV pairs in the table for different minimum
values of ASV prevalence. We started from 1 sample minimum and increased to the maximum
number of samples containing two ASV. We used the fraction of testable pairs over the total
number of pairs as a trade-off criterium to identify the threshold. Keeping species in the network
inference if they were detected in 20% of the samples considered, seemed to well balance in
each experimental unit (Figure 10) the testability of associations and the number of species.
The final network inference was conducted with the ASV table of all samples but only with the
species present in at least 20% of the samples of any experimental unit.

6.2 Methods S2

### TEXT-MINING OF PUTATIVE ASSOCIATIONS WITH SYNONYMS SEARCH
### Charlie Pauvert
### 2019-05-31

### SYNONYMS SEARCH

# Extracting fungal synonyms from MycoBank (unpublished)
# based on the API documented here

# http://www.mycobank.org/Services/

# Generic/Help.aspx?s=searchservice
get_synonyms<-function(species){
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FIGURE 10 — Fraction of testable associations depending on species prevalence in each ex-
perimental unit. The dashed vertical line indicates the species prevalence threshold of 20%,
which appeared as a good trade-off between testability and species number. Several metrics are
provided (minimum number of samples, final number of species and testability value) for this

threshold

require (xml2)
base_url<-paste("http://www.mycobank.org/",
"Services/Generic/SearchService.svc/",
"rest/xml?layout=14682616000000161&filter=name CONTAINS")
# Sanitize species name and url
url<-pasteO(base_url,’ "’ ,gsub("_"," ",species),’"’) # Add the quotes!
url<-gsub(" ","%20", url)
message ("Checking for ", species)
# Fetch XML from MycoBank
x<-read_xml (url)
# Get the obligate synonyms
oblig<-xml text(xml find first(x,"//obligatesynonyms pt_"))
anamo<-xml_text(xml find first(x,"//anamorph pt_"))
# Extract the name
f<-function(x) gsub(".*<Name>([A-Z] [a-z]+ [a-z]+)</Name>.*", "\\1",6x)
# Output
c("CurrentName"=gsub("_"," ", species),
"ObligateSyn"=f (oblig),
"AnamorphSyn"=f (anamo)

X
# List of lists of synonyms! Empty strings when unavailable
# The fungal name can have space or underscore

(examples.syn<-lapply(
c("Erysiphe_necator","Mycosphaerella tassiana"), get_synonyms))
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# [[1]]

# CurrentName ObligateSyn AnamorphSyn

# "Erysiphe necator" "Uncinula necator" "0Oidium tuckeri"

#

# [[2]]

# CurrentName ObligateSyn AnamorphSyn

# "Mycosphaerella tassiana" "Davidiella tassiana" "Helmisporium vesiculosum"

# Function to restore the current name if looking at a synonym
get_current<-function(sp,synonyms){
# Find in which sublists the species belongs
i<-sapply(synonyms, function(bar) sp %in% bar)
# and get its name
synonyms [1] [[1]] [["CurrentName"]]
+
get_current ("0idium tuckeri",examples.syn)
# [1] "Erysiphe necator"

### TEXT-MINING OF PUTATIVE ASSOCIATIONS

# Construct a List of lists of synonyms!

# Empty strings when unavailable

patho.syn<-lapply(V(patho.net)$name, get_ _synonyms)

# Reduce to a single vector

patho.syn.vec<-Reduce(c,patho.syn) %>% unique() %>% .[.!=""]

# Generate pairs between (Erysiphe necator and its synonyms) AND the others

patho.pairs<-expand.grid(patho.syn.vec[1:3],patho.syn.vec[-c(1:3)],
KEEP.QUT.ATTRS = F,stringsAsFactors = F)

# Basd on rscopus library
# to be installed using devtools::install_github("muschellij2/rscopus")
library(rscopus)
rscopus: :set_api_key("INSERT SCOPUS API KEY HERE")
# Needs a data.frame Varl Var2 with all the combinations
# of species wanted to be searched for
text_cooccurrence<-function(pair){
# Abbreviate the species name like E. necator
i<-function(x) gsub("([A-Z]) [a-z]+ ([a-z]+)","\\1. \\2",x)
# Build query
query<-pasteO(’ALL("’,pair$Varl,’" OR "’,i(pair$Vari),’") 7,
>AND ALL("’,pair$Var2,’" OR "’,i(pair$Var2),’")’)

message ("Querying ",pair$Varl," vs. ",pair$Var2)
r_search <- scopus_search(query = query,view = "STANDARD",
field = "dc:title,prism:doi",verbose = F,

max_count = 25,count = 25)
gen_entries_to_df (r_search$entries)$df
+
# Apply the search function to all pairs constructed earlier
patho.tm.scopus<-adply(patho.pairs,1, text_cooccurrence)
# Rename back the species to current name to build a summary of the search
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patho.tm.scopus %>/

mutate (
Varl = gsub(" ","_",sapply(Varl,get_current,synonyms = patho.syn)),
Var2 = gsub(" ","_",sapply(Var2,get_current,synonyms = patho.syn))

) %>% group_by(Vari,Var2) %>%
dplyr::summarise( n = length(na.omit(unique(‘prism:doi‘)))) %>%
ungroup() %>% filter(n > 0) %>% data.frame()
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1 Points forts et limites des approches
utilisées dans la these

Les résultats de cette thése soulignent plusieurs points importants a considérer pour recons-
truire les réseaux d’interactions entre micro-organismes associés aux plantes. Le chapitre I
(p. 35) a mis en évidence que différents pipelines bioinformatiques produisent différents relevés
des micro-organismes. Ces résultats sont importants car la détermination des micro-organismes
— futurs nceuds - est un prérequis a la construction de réseaux microbiens basés sur ces relevés.
Mais choisir une approche bioinformatique dépend du critere a optimiser : la sensibilité de
détection des especes, un faible taux de faux positifs ou encore une composition similaire a
la composition réelle. Le chapitre II propose un pipeline bioinformatique performant pour
les trois critéres évalués. A 'aide de ce pipeline, j’ai pu établir avec confiance un relevé des
champignons sur les feuilles de vigne dans le chapitre III (p. 60). J’ai pu mettre en évidence
que les communautés fongiques sont influencées par la pratique culturale. Mais que cet effet
n’est pas détecté sur les propriétés des réseaux microbiens. Les réseaux d’associations étaient
distincts entre pratiques culturales mais ils étaient surtout distincts entre parcelles d’'une méme
pratique indiquant une faible réplicabilité. Un nouveau réseau microbien a été reconstruit dans
le chapitre IV (p. 85) en augmentant le nombre d’échantillons et en mesurant des covariables
environnementales pouvant expliquer les variations de comptages de séquences. Ce réseau
inféré a généré des hypotheses d’interactions entre champignons grace a une nouvelle méthode
— PLN - apte a inclure ces covariables. Deux associations prédites ont pu étre confirmées par
co-cultures. Par exemple, la levure Buckleyzyma aurantiaca a réduit la colonisation de ’agent
causal de I'oidium de la vigne et méme modifié sa morphologie. Ces résultats confirment une
corrélation négative partielle, toutes choses égales par ailleurs, entre B. aurantiaca et E. necator
obtenue avec PLN. Ceci suggere que les signaux d’interactions entre micro-organismes peuvent
étre détectés par les méthodes d’inférence. L’ensemble de ces résultats est prometteur pour
I’étude des pathobiomes des plantes cultivées. Les points forts et les limites des approches
utilisées dans la thése sont discutés dans les paragraphes suivants.

Les communautés artificielles — mock — sont un atout majeur pour les approches de méta-
barcoding ou les multiples décisions prises ont une influence sur la communauté microbienne
observée (e.g., ALBERDI et al., 2018; VORHOLT et al., 2017). Elles permettent de contourner
les biais documentés - liés a I’échantillonnage ou I'extraction et 'amplification de '’ADN -
afin de se concentrer sur une étape clé : les pipelines bioinformatiques. NGUYEN et al. (2015)
recommandent que les communautés artificielles assemblent des especes éloignées pour couvrir
un large éventail taxonomique. La communauté artificielle du Chapitre II (p. 35) est relativement
complexe et réaliste avec 181 especes fongiques couramment détectés dans les sols agricoles
et forestiers ainsi que dans les tissus végétaux. Elle est d'une complexité intermédiaire entres
les communautés artificielles plus petites (10 — 30 especes, e.g. AMEND et al., 2010 ; BAKKER,
2018 ; NGUYEN et al., 2015) — et les échantillons environnementaux (10% — 103 especes, PEAY
et al., 2016). Les petites communautés artificielles permettent plus facilement des analyses
complémentaires telles que la qPCR pour identifier le nombre de copies de 'I'TS et pouvoir
vérifier 'homogénéité des concentrations d’ADN avant le séquencage (BAKKER, 2018). Mais la
forte variabilité génétique des marqueurs moléculaires bactériens et fongiques (EDGAR, 2018;
Vu et al.,, 2019) nécessite des communautés artificielles qui imitent — méme partiellement — une

119



Points forts et limites des approches utilisées dans la these

telle complexité (VORHOLT et al., 2017). Sur les 181 especes de la communauté artificielle utilisée
dans le chapitre II, 8 espéces ont plus d’une souche représentative ce qui permet d’introduire
de la complexité. Les ADN de la communaut¢ artificielle sont malheureusement épuisés ce qui
limite son partage pour étre réutilisée par d’autres (mais voir BAKKER, 2018). Toutefois, il est
possible de repartir des séquences qui sont disponibles publiquement. Il serait méme possible
d’intégrer les séquences de cette mock complexe dans le mockrobiota (BokULICH et al., 2016).
Cette ressource publique met a jour une liste d’'une dizaine de communautés artificielles de
domaines variés — bactéries, archées et eucaryotes — analysées par séquencage a haut-débit
de marqueurs moléculaires (BoxuULICH et al., 2016). La comparaison des pipelines aurait pu
se faire avec une de ces communautés artificielles. Néanmoins, les deux seules communautés
artificielles fongiques disponibles dans mockrobiota au début de la thése correspondaient a
des séquences d’ITS obtenues avec la technologie Illumina HiSeq générant des séquences plus
courtes que le MiSeq utilisé dans la these (GoopwiIN et al., 2016). La communauté artificielle du
chapitre II était plus adaptée a I’étude des pathobiomes des plantes et comprenait notamment
le champignon Erysiphe necator.

Le marqueur moléculaire fongique de référence — ITS — a été utilisé dans les trois chapitres
(ScHoCH et al., 2012). Sa qualité de référence implique la disponibilité de banques de séquences
fournies et toujours croissantes, facilitant la comparaison entre les études (HIBBETT et al.,
2016; KoLjaLG et al,, 2013; YAHR et al,, 2016). Le couple d’amorces utilisé — ITS1F-ITS2 -
amplifient certes préférentiellement les séquences d’ITS1 taxons ciblés — les Ascomycota plus
que les Basidiomycota — et d’autres non ciblés comme les plantes (BELLEMAIN et al., 2010).
Néanmoins, ces phylums fongiques sont ceux qui prédominent les communautés associées aux
parties aériennes des plantes (HARDOIM et al., 2015; PEAY et al.,, 2016). L’analyse de milliers
de séquences d’ITS expertisées indiquent que le marqueur I'TS1 est résolutif a I’espece grace
a des variations de quelques nucléotides (VU et al., 2019). Notre approche dans cette thése a
exploité correctement cette variabilité génétique en analysant les séquences obtenues avec une
méthode - DADA2 - adaptée a cette finesse (CALLAHAN et al.,, 2016).

Les approches basées sur DADA2 pour ’analyse de variations des séquences se classaient
parmi celles avec le moins d’ASV faux-positifs et avec les richesses et compositions les plus
similaires a celle de la communauté artificielle d’apres le comparatif du chapitre II. Ce comparatif
ambitieux a évalué 360 combinaisons unique d’outils et de parameétres mais ne couvre pas
hélas la myriade d’outils bioinformatiques développés pour ’analyse des séquences issues du
métabarcoding. En effet, le comparatif n’incluait pas d’autres outils comme Swarm (MAHE et al.,
2014 ; MAHE et al., 2015), ou des pipelines complets comme mothur (ScHLOsS et al., 2009). ANSLAN
et al. (2018) ont évalué les performances de pipelines complets — tels que QIIME 2 ou PIPITS
(BOLYEN et al., 2019; GWEON et al., 2015) — sur des séquences fongiques environnementales
et concluent également a des différences importantes de richesses entre pipeline a partir du
méme jeu de données. Ils suggerent pour limiter les différences de ne conserver que les ASV
(ou OTU) avec des assignations fongiques ou non-artéfactuelles, avec plus de 10 séquences
par échantillon et les ASV (ou OTU) conservés apres la procédure LULU (ANSLAN et al., 2018).
Néanmoins la richesse réelle des communautés séquencées est inconnue dans leur cas et nos
résulats indiquent que des filtres trop drastiques omettent des ASV (ou OTU) présentes dans
la communauté (Chapitre II). Parmi les différentes approches qui génerent des ASV, nous
n’avons inclus que DADA2 dans notre comparatif du chapitre II, mais les résultats mis en
évidence dans ce chapitre sont confirmées par une autre étude basée sur une communauté
artificielle bactérienne. NEARING et al. (2018) ont en effet noté que la richesse, c’est-a-dire
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le nombre d’ASV ou d’OTU, était tres dépendante de I’approche bioinformatique utilisée. Ils
confirment également que les méthodes basées sur I’agrégation des séquences en OTU sont
une approche plus sensible que les méthodes basées sur les ASV (NEARING et al., 2018). Ces
résultats soulignent qu’il n’existe pas de pipeline “miracle” mais que le critére a maximiser
dans I’étude — une détection sensible, précise ou une communauté similaire — doit guider le
choix du pipeline (Chapitre II).

Dans cette theése, les communautés fongiques ont été caractérisées en priorité. Ces com-
munautés comprennent les pathogénes majoritaires de la vigne (Armrjo et al., 2016) d’ou
I'importance d’évaluer la réponse a un changement de pratique culturale dans ces communau-
tés (Chapitre III). L’empreinte de la pratique culturale detectée sur les communautés fongiques
est en accord avec celles de la littérature (CASTANEDA et al.,, 2018 ; KERNAGHAN et al., 2017 ;
PANCHER et al., 2012 ; SCHMID et al., 2011; VARANDA et al., 2016). Mais les communautés bacté-
riennes associées peuvent aussi étre impactées par les pratiques viticoles, ce qui peut influencer
les réseaux microbiens (BURNS et al., 2016 ; CAMPISANO et al., 2014 ; KECSKEMETI et al., 2016;
LIKAR et al., 2017 ; LUPATINI et al., 2017). De plus, les communautés fongiques étaient robustes
a l'infection par E. necator (Chapitre IV) mais d’autres communautés microbiennes peuvent
y répondre différemment. D’autant plus que les champignons responsables de 1'oidium chez
plusieurs plantes sont supposés interagir avec d’autres micro-organismes (PANSTRUGA et KUHN,
2019). Par exemple, les bactéries associées aux feuilles sont sujettes a des perturbations lors
de 'infection par 'oidium du concombre (Supa et al., 2009). De méme, la baisse de virulence
déclenchée par certains virus — notamment le genre Mitovirus — infectant les champignons
pathogeénes des plantes (Nuss, 2005) pourrait étre une alternative a explorer dans le biocontréle
d’Erysiphe necator (PANDEY et al., 2018) et plus généralement des champignons phytopathogénes
des plantes (RoossINCK, 2019). Cependant, peu d’études incluent les virus dans 'inférence de
réseau (mais voir CHOW et al.,, 2014). Il n’existe pas de marqueur conservé entre les nombreuses
especes de virus qui pourrait étre ciblé lors du séquencage (RoossINck, 2019). Certains motifs
protéiques détectés lors du séquencage non ciblé de ’ADN (shotgun) pourraient servir ’OTU
virales (LEFEBVRE et al., 2019). D’autres études ont initialement inclus des données de méta-
barcoding issues de plusieurs régnes du vivant (bactéries, champignons et oomycetes) pour
construire un réseau de corrélation inter-régnes (AGLER et al., 2016 ; JAKUSCHKIN et al., 2016).
DURAN et al. (2018) ont montré expérimentalement que ces interactions inter-régnes étaient
fondamentales pour la survie de la plante. Malgré ces résultats encourageants, il est impératif
de tenir compte de la différence de séquencage entre les regnes dans I'inférence de réseaux. Les
marqueurs moléculaires ont des longueurs différentes par regne, ce qui implique souvent des
runs de séquencage distincts. Or les différences entre runs de séquencage existent (SONG et al.,
2018) et les variations d’effort de séquencage doivent étre prises en compte avant d’inférer
des associations inter-régnes. Les auteurs de SpiecEasi (KUrTz et al., 2015) ont récemment
implémenté cette fonctionnalité, et mis en évidence que les nceuds fongiques stabilisaient les
réseaux bactériens chez ’homme (T1pTON et al., 2018). La méthode d’inférence PLN (CHIQUET
et al., 2017 ; CHIQUET et al., 2019) peut nativement inclure les différences d’effort de séquencage
entre especes et donc prendre en compte les différences possibles entre les communautés issues
de regnes distincts. La combinaison de regnes microbiens implique néanmoins un décalage
de résolution taxonomique entre les différents marqueurs utilisés nécessitant potentiellement
d’agglomérer les nceuds au genre par exemple pour unifier 'analyse (ROTTJERS et FAUsT, 2018).

Les analyses des diversités « et 8 classiquement appliquées aux communautés ont également
été appliquées dans le chapitre III aux réseaux en suivant le cadre théorique de comparaisons
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des réseaux (PELLISSIER et al., 2018 ; Po1soT et al., 2012). La comparaison des liens — diversité
B — permet d’aller au-dela de la comparaison des propriétés des réseaux — diversité a — plus
fréquemment utilisés (e.g., DURAND et al., 2017; FAUST et al., 2015; KarIMmI et al., 2019). De
plus, cette comparaison a mis en évidence une réplicabilité faible entre les réseaux inférés au
sein de la méme pratique culturale (Chapitre III). Les réseaux sont fréquemment reconstruits a
partir de tous les échantillons de I’étude (e.g., AGLER et al., 2016 ; DURAN et al., 2018) ou tous
ceux d’'un compartiment (e.g., DURAND et al., 2017 ; KERDRAON et al., 2019) et il existe peu
d’études avec des réplicats de réseaux (mais voir Karimi et al., 2019). Dans le chapitre I, des
réseaux répliqués ont été reconstruits a partir d’échantillons — une feuille par cep — issus de
parcelles de vigne proches. Il est possible que la faible réplicabilité des réseaux mise en évidence
provienne d’une variabilité des comptages de séquences entre feuilles d'un méme bloc. En effet,
une variabilité intra-parcelle dans les communautés de levures des grappes de vigne a déja été
mise en évidence (SETATI et al., 2012). Une telle variabilité pourrait induire de la variabilité dans
les comptages de séquences obtenues dans le chapitre III et donc une variabilité des réseaux.
Deux analyses possibles permettraient de préciser si un tel effet existe. L’utilisation du modeéle
HMSC permettrait de partitionner la variance des comptages a I’échelle de la parcelle et de la
pratique indiquant potentiellement une forte contribution de la parcelle a la variance (Annexe
2 et OVASKAINEN et al., 2017). Il serait possible de reconstruire les réseaux différemment par
exemple avec PLN pour évaluer cet effet. Si 'on postule que la structure de dépendance est
similaire au sein d’une pratique culturale, on pourrait regrouper les échantillons issus des
trois parcelles pour réaliser 'inférence de réseau. Avec PLN on peut introduire une covariable
"parcelle” pour controler pour les différences de comptages moyens entre parcelles et générer
un réseau par pratique culturale. Dans le cas ou le coefficient "parcelle” est trés variable pour
toutes les especes incluses dans le réseau cela pourrait indiquer que le manque de réplicabilité
observée avec SparCC est dii a la trop grande fluctuation des comptages des espéces entre les
parcelles.

L’absence de réplicabilité pourrait étre due a un nombre limité d’échantillons par réseau.
CoRDERO et DATTA (2016) soulignent qu’il est nécessaire d’avoir un maximum d’échantillons
répliqués et a la plus petite échelle possible pour mettre en évidence des associations se rappro-
chant des interactions. Le nombre minimum d’échantillons nécessaires pour reconstruire des
réseaux a été évalué par simulations et les auteurs indiquent qu’avec moins de 25 échantillons
le nombre de liens faux positifs s’accroit (BERRY et WIDDER, 2014). Dans le chapitre III, le point
fort a été de réaliser des réseaux répliqués mais le nombre d’échantillons par réseau est devenu
légérement en deca de cette limite. L’inférence réalisée dans le chapitre IV est plus robuste
et provient de 276 échantillons ce qui place cette étude dans la gamme des recommandations
récentes : n > 200 pour un réseau de 50 nceuds (HIRANO et TAKEMOTO, 2019).

Dans cette these, les deux méthodes d’inférence de réseaux utilisées — SparCC et PLN
(CHIQUET et al, 2019; FRIEDMAN et ALM, 2012) — ont permis de surmonter certaines des
barriéres a la reconstruction de réseaux (voir 2.2.2, p. 20). La premiére a été choisi sur les
recommandations d’'une comparaison de réseaux et pour sa robustesse a la compositionnalité
des données (WEIss et al., 2016). La seconde méthode plus récente est également robuste a la
compositionnalité, produit des corrélations partielles entre les comptages et permet surtout
d’inclure des covariables environnementales (CHIQUET et al., 2019).

L’inférence robuste réalisée avec PLN a généré des hypotheses d’interactions entre champi-
gnons qui ont pu étre confrontées a des expériences de co-cultures dans le chapitre IV. Tester les
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hypotheses avec des expériences supplémentaires est une force pour aller au-dela des réseaux
corrélatifs (CARR et al., 2019). Or les ASV obtenus sont des unités bioinformatiques et ne sont
pas des micro-organismes cultivables (MCLAREN et CALLAHAN, 2018). Mais leur assignations
jusqu’au niveau de ’espece grace au RDP Classifier et a la banque de référence UNITE nous
a permis de relier tout de méme ASV et souches fongiques cultivables (KOLjALG et al., 2013;
WANG et al., 2007). Les souches utilisées dans les co-cultures ont été commandées depuis la
souchothéque du Westerdijk Institute et pourrait étre différente de celles associées au feuilles
de vigne du chapitre IV. Ce décalage entre les souches peut entrainer des différences dans leur
adaptation aux feuilles, leur métabolisme et leurs potentiels traits liés au biocontréle. Afin de
limiter ce décalage, I'inférence de réseau dans le chapitre IV a été réalisé apres avoir agglo-
méré les ASV au niveau de 'espéce en se basant sur la taxonomie. Cette étape va néanmoins
a Pencontre de recommandations sur la précision taxonomique nécessaire dans 'inférence
de réseaux (BERRY et WIDDER, 2014) et met de coté de plus les comptages potentiellement
informatifs d’ASV avec des assignations seulement au genre.

L’échantillonnage dans le chapitre IV a été conduit pour mettre en évidence de potentiels
agents de biocontrole. Ainsi des feuilles ont été prélevées sur des hotes sains et malades
conformément aux recommandations (ELL1s, 2017 ; POUDEL et al., 2016). De plus une inoculation
en parcelle a été réalisée, combinant les avantages des approches de manipulations et des
approches in planta. Une date supplémentaire d’échantillonnage permettrait de caractériser la
communauté juste avant I'inoculation du pathogéne et évaluer la robustesse des communautés
fongiques a I'infection. La collecte de deux échantillons dans les tissus sains des feuilles sans
symptomes visuels permettrait d’évaluer les différences de communautés au sein d’'une méme
feuille. Néanmoins, I'inférence de réseau réalisée avec cet échantillonnage a mis en évidence
une association négative entre B. aurantiaca et E. necator confirmée par 'effet négatif sur la
croissance et la morphologie de E. necator (Chapitre IV).

Cette levure B. aurantiaca est ubiquiste et colonise des milieux aquatiques, des sédiments
ainsi que racines et feuilles (BuzzinI et al., 2017). Les résultats encourageants présentés dans le
chapitre IV permettent de considérer de nouveau réle pour cette levure. En effet, les antagonistes
potentiels ne se limitent pas a cette levure. Le réseau inféré a également identifié la levure
Vishniacozyma victoriae comme un antagoniste potentiel bien que les expériences de co-cultures
ne le confirme pas (Chapitre IV). Les fonctions de cette levure sont plus documentés que B.
aurantiaca. La levure V. victoriae est considéré comme une levure foliaire et ubiquiste (Buzzint
et al., 2017 ; GLusHAKOVA et CHERNOV, 2010), elle est également détectée a la surface des baies
de raisins (MARTINS et al., 2014) et associée aux glands du chéne (Annexe 2). La levure V.
victoriae est utilisée comme agent de lutte biologique contre les maladies causées par des
champignons apres la récolte des fruits (Lutz et al., 2013) et inhibe moyennement la croissance
de champignons filamenteux (HILBER-BODMER et al., 2017). D’ailleurs, une association négative
a été détectée de facon robuste dans le chapitre IIl entre V. victoriae et Neofusicoccum parvum
un champignon associé aux maladies du bois de la vigne (BRUEZ et al., 2014). Ce qui suggere
que les réseaux microbiens pourraient détecter des signaux d’interactions biotiques utile au
biocontole (POUDEL et al., 2016).
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2.1 Quel échantillonnage pour inférer les réseaux micro-
biens?

Plusieurs auteurs ont insisté sur I'importance d’échantillonner a I’échelle appropriée pour les
interactions entre micro-organismes (ARMITAGE et JONES, 2019 ; CORDERO et DATTA, 2016). Mais
cette échelle est difficile a déterminer. Une étude pionniere a déterminé I’échelle a laquelle deux
especes de bactéries se partagent la surface des feuilles (EsSER et al., 2015) et indiquent que la
sphére d’influence des bactéries est estimée a environ 10 ym (REMUS-EMSERMANN et SCHLECH-
TER, 2018). Mais ce type d’étude reste a étre appliqué aux champignons associés aux plantes.
LoDGE et al. (1996) ont montré que des especes tres différentes de champignons endophytes
dominaient des rectangles de 1 X 2 mm en utilisant des méthodes de cultures, suggérant une
hétérogénéité des communautés fongiques a la surface de la feuille. Le champignon Aureobasi-
dium pullulans colonise en effet principalement les veines de la feuille mais recouvre ensuite la
totalité de la feuille (McGRATH et ANDREWS, 2006). Cette colonisation serait plut6t due a des
substances promouvant la croissance dans ces régions qu’a une incapacité a coloniser ou croitre
ailleurs (McGRATH et ANDREWS, 2007). Déterminer I’échelle des interactions sur les feuilles
pourrait se faire en combinant ces études avec la méthodologie de EssER et al. (2015) en ajoutant
d’autres champignons en compétition avec A. pullulans. Ce champignon est en effet capable
de fortes compétitions pour I’espace et les nutriments (Bozoupr1 et TsaLTAs, 2018; PERTOT
et al., 2017). Néanmoins, les échantillons prélevés sur des tissus végétaux pour étre séquencés
sont de 'ordre de quelques millimetres (e.g., chapitres III et IV; KERNAGHAN et al., 2017).
Echantillonner en dega du millimétre pour se rapprocher des échelles supposées d’interactions
pose des problémes techniques. A ces échelles microscopiques, la quantité de micro-organismes
est mécaniquement moindre ce qui complique 'obtention de quantité suffisante d’ADN mi-
crobien pour le séquencage, au risque de devoir multiplier les cycles d’amplification et in
fine le nombre d’erreurs induites par la polymérase. De plus, la faible concentration d’ADN
complique la caractérisation de la communauté en augmentant le risque de contamination
(SALTER et al., 2014). En diluant des mocks bactériennes pour imiter de faibles concentrations
d’ADN, CaRruso et al. (2019) montrent que les approches qui produisent des ASV ne sont pas
suffisantes pour retirer les contaminants. Mais ces approches distinguent mieux les séquences
de contaminants des séquences erronées par rapport aux approches produisant des OTU ce qui
facilite I'utilisation d’outils (voir p. 17) pour les identifier et les retirer (CARUSO et al., 2019).
L’échantillonnage actuel des communautés (quelques millimetres) constitue un bon compromis
quantité d’ADN et représentativité dans I’attente de progres technologique.

L’utilisation de données temporelles est souvent proposée comme une approche permettant
d’inférer les interactions entre micro-organismes (e.g., FISHER et MEHTA, 2014; GAo et al,,
2018 ; MOUNIER et al., 2008 ; VENTURELLI et al., 2018). Mais ces études ne se basent pas sur des
communautés microbiennes associées aux plantes. Bien que ces dernieres soient également ca-
ractérisées dans le temps, la fréquence d’échantillonnage adaptée est inconnue (e.g., COPELAND
etal., 2015; HErTZ et al., 2016 ; SHADE et al., 2013). Or cette fréquence doit suivre les dynamiques
microbiennes et les interactions qui les maintiennent et tout décalage pourrait révéler des
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associations trompeuses (CARR et al., 2019). La colonisation de champignons endophytes a
récemment été suivie sur des disques foliaires a ’aide d’outils de microscopie (HUANG et al.,
2018). Différentes dynamiques ont été mises en évidence : la souche de Cladosporium s’est
développée sur les disques dés 6 heures apreés I'inoculation, alors que les souches de Penicillium
et de Trichoderma se sont respectivement développées apres 48 et 72 heures (HUANG et al., 2018).
Méme si une fréquence d’échantillonnage adéquate était déterminée, les protocoles actuels
détruisent les tissus végétaux pour 'extraction d’ADN. Ceci limite fortement le suivi temporel
des communautés associées aux plantes pour mettre en évidence des interactions. Cette des-
truction limite également I'utilisation d’analyses complémentaires, telles que la microscopie sur
les mémes échantillons. Choisir la stratégie d’échantillonnage idéal des communautés associées
aux plantes, méme destructive, nécessiterait une comparaison détaillée entre multi-site ou
temporelle (Figure 6, p. 21).

Quelque soit la stratégie d’échantillonnage utilisée un nombre suffisant d’échantillons (mi-
nimum 25 et idéalement 200) est nécessaire pour reconstruire les réseaux (BERRY et WIDDER,
2014 ; HIraNO et TAKEMOTO, 2019). Les résultats du chapitre III vont également dans le sens de
cette recommandation puisque un nombre limite d’échantillons pourrait expliquer la faible
replicabilité observée. Bien que les échantillons doivent étre suffisamment homogénes (BERRY et
WIDDER, 2014), les comptages de séquences doivent étre également fluctuants et contrastés pour
pouvoir détecter des signaux d’interactions (ARMITAGE et JONES, 2019). Ces recommandations
sont faisables dans un run MiSeq de séquencage d’échantillons environnementaux qui inclurait
aussi des témoins positifs et négatifs (voir chapitre IV).

2.2 Comment réduire les biais moléculaires?

L’identification précise des nceuds du réseau est primordiale. Le marqueur moléculaire
utilisée nécessite donc la plus fine résolution taxonomique possible. L’ITS et le 16S constituent
actuellement les marqueurs fongiques et bactériens — principalement via leurs régions courtes
et variables respectives — de référence et les banques sont alimentées de milliers de séquences
(Kérjarg etal., 2013; QuasT et al., 2012). Augmenter la longueur des séquences de ces marqueurs
promet une meilleure identification taxonomique pour les ITS fongique (MoToOKA et al., 2017;
WURZBACHER et al.,, 2018) et les bactéries (CALLAHAN et al., 2019) d’apres des comparaisons sur
des communautés artificielles. Ces longueurs étendues sont obtenues avec des technologies de
séquencage de troisiéme génération tels que le MinION ou le PacBio (GoopwiN et al., 2016). Mais
elles souffrent de taux de chimeéres ou d’erreurs élevés, et leur faible débit a méme été critiqué
comme une limite a 'inférence d’hypothéses robustes (KENNEDY et al., 2018). Le faible nombre
d’échantillons ou de séquence obtenues entrave I'inférence de réseau. Ce probleme difficile
nécessite de se baser sur des technologies de séquencage déja éprouvées. Une comparaison
de réseaux inférés a partir de séquences PacBio ou MinION versus [llumina serait un plus
pour aider a la décision. Néanmoins, la précision taxonomique des approches de troisieme
génération les rendent toutes indiquées plutdt pour identifier quelques espéces, par exemple
pour caractériser rapidement des pathogénes de plantes (Lo1T et al., 2019) que pour I'inférence
de réseau.

La région I'TS complete n’est pas accessible avec le séquencage MiSeq (TEDERSOO et LINDAHL,
2016). Néanmoins la région ITS2 est recommandée comme une alternative valide pour obtenir
une taxonomie proche de celle obtenue avec 'ITS complet (YANG et al., 2018) et les amorces
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suivantes — gITS7ngs ou ITS3ngsmix en forward et ITS4ngsUni — ont été recommandées
pour 'amplifier correctement (TEDERSOO et LINDAHL, 2016). L’idéal pour minimiser les biais
moléculaires serait de se passer de I’étape d’amplification comme dans une approche récente
qui capture les ARN ribosomiques via sélection de longueur permettant le séquencage de
séquences ribosomiques de bactéries, archées et eucaryotes (KARsT et al., 2018). Dans I’attente
de la généralisation de ces méthodes, le séquencage Illumina MiSeq avec une région résolutive
a l'espece — comme I'ITS1 (VU et al., 2019) — génére des données en quantité sur lesquelles
les erreurs sont connues et les pipelines sont adaptés permettant d’obtenir un relevé des
micro-organismes présents utilisable pour 'inférence.

L’approche de métabarcoding n’est pas tout a fait quantitative et fournit des données com-
positionnelles (GLOOR et al., 2017 ; LAMB et al., 2019). L’obtention d’abondances absolues des
micro-organismes a été suggérée pour améliorer I'inférence de réseaux (BERRY et WIDDER, 2014;
ROTTJERS et FAUST, 2018 ; WIDDER et al., 2016). Des approches de communautés synthétiques
avec une dizaine de souches identifient effectivement des interactions biotiques a partir de ces
données absolues et de modeles de Lotka-Volterra (FRIEDMAN et al., 2017 ; MOUNIER et al., 2008 ;
VENTURELLI et al., 2018). Les abondances totales des ADN ou des cellules sont obtenues avec
gPCR, ddPCR ou cytométrie en flux mais le couplage de ces données avec les données de com-
munautés n’est pas trivial (voir chapitre 2, p. 26). Nous avons besoin d’une méthode qui puisse
tenir compte adéquatement des covariables et traiter les abondances absolues obtenues pour
chaque taxon. X140 et al. (2017) se basent sur les abondances absolues des micro-organismes
obtenues a I’état stationnaire du systeme étudié pour inférer des interactions. Il est cependant
difficile de pouvoir dire si I’échantillonnage d’une communauté dans I’environnement est a
I’état stationnaire et leur méthode ne propose pas de moyen d’inclure des covariables. La
méthode proposée par Biswas et al. (2016) ne se base pas sur les données compositionnelles
mais sur des comptages issus d’'un processus de Poisson. Cette méthode permet d’inclure
les effets de différentes covariables et est implémenté dans une librairie R MInt. YooN et al.
(2019) ont proposé une nouvelle méthode appelée SPRING pour inférer les réseaux a partir de
données quantitatives et de compositions, mais elle n’inclut pas les covariables pour le moment.
L’intégration de données compositionnelles et de données d’abondance absolues n’est donc pas
directe et semble nécessiter un axe de recherche statistique spécifique afin d’éviter de propager
des erreurs liées aux différentes méthodes.

2.3 Comment réduire les biais statistiques?

En absence de réplicats de réseaux, une approche intéressante pour évaluer la réplicabilité
de la méthode d’inférence de réseaux utilisée sur ses propres données est suggérée par les
développeurs de MPLasso (Lo et MARCULEsScU, 2017). Elle consiste a reconstruire un réseau
avec la totalité du jeu de données, puis de générer une vingtaine de réseaux a partir d'un sous-
échantillonnage aléatoire du jeu de données et quantifier les liens communs entre le réseau total
et ceux issus des sous-échantillons (Lo et MARCULEscU, 2017). Cette approche non automatisée
se rapproche de 'approche de sélection de la pénalité A StARS (L1u et al., 2010) utilisée par
SpiecEasi et PLN (voir p. 24). En plus d’appliquer cette procédure robuste de sélection, PLN
permet d’extraire pour chaque lien du réseau inféré la proportion de sous-échantillons dans
lesquels ils ont été identifiés (CHIQUET et al., 2019). Cela donne une estimation de la fiabilité
des liens et permet de trier les hypotheses a tester (ROTTJERS et FAUsT, 2018).
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Limiter les associations dues aux exigences environnementales nécessite de pouvoir inclure
des covariables durant I'inférence de réseaux. Les approches issues de I’écologie statistique
telles que HMSC impliquent de modéliser conjointement les abondances de chaque ASV de
la communauté (OVASKAINEN et al., 2017 ; WARTON et al., 2015b). La covariance estimée dans
ces modeles une fois les facteurs environnementaux et méme phylogénétiques pris en compte,
indique les associations entre ASV (WARTON et al., 2015a). L’utilisation d’un tel modéele - HMSC
— a permis de mettre en évidence des associations entres micro-organismes, soutenus par
ailleurs dans la littérature (voir Annexe 2, p. 168). Un arbre de décision guide 'interprétation
écologique des résultats de ces modeles (D’AMEN et al., 2018) ce qui permettrait de faciliter
I'utilisation de ces approches peu appliquées aux données de séquencage dans le cadre de I’étude
des pathobiomes. Ces approches sont capables de prédire qualitativement des interactions de
compétition ou de mutualisme au sein d’environnements homogenes simulés (ZURELL et al.,
2018). La capacité de ces modeles a capturer les signaux des interactions biotiques au sein
d’échantillons hétérogenes reste encore a étre évaluée, notamment dans le cas de données
issues du séquencage.

La méthode de reconstruction PLN (CHIQUET et al., 2019) parait étre une bonne option pour
générer des réseaux a partir de données de séquencage. Elle est capable de prendre en compte
la compositionnalité des données, d’inférer des corrélations partielles entre ASV, d’inclure des
covariables, d’estimer la répétabilité des associations, d’intégrer différents runs de séquencage
microbiens et d’étre utilisable rapidement sur R quelque soit le systéme d’exploitation. De
plus elle offre la possibilité de forcer 'inclusion ou I'exclusion de certaines associations lors de
I'inférence en modifiant la matrice de pénalités . Des associations peuvent étre exclues si elles
sont entre des ASV détectés dans peu d’échantillons (voir la méthode de filtre proposé par
Coucoul et al., 2019a) ou bien incluses s’il existe un a priori sur elles (Lo et MARCULESCU, 2017).
Néanmoins, I’absence d’un ou plusieurs nceuds au moment de I'inférence peut générer des liens
fallacieux, que ce soit faute d'un ASV (ou d’OTU) non détecté ou mis de c6té pour 'inférence.
Une approche récente de modeles graphiques gaussiens basées sur les structures en arbres
propose de quantifier le nombre de nceuds manquants au réseau inféré (RoBIN et al., 2018).
Cette méthode, hélas, ne prend pas en compte les comptages, ni les comptages spécifiques issus
du séquencage.

2.4 Comment mieux valider les interactions prédites?

Contrairement aux pipelines bioinformatiques (voir section 1, §2, p. 119), les méthodes d’infé-
rence de réseaux ne disposent pas d’équivalent de communauté artificielle ou des interactions
entre micro-organismes seraient assemblées artificiellement puis la communauté produite
serait séquencée (ROTTJERS et FAUsT, 2018). Les réseaux inférés sont souvent comparés a des
simulations. Ces simulations peuvent provenir de modeéles de Lotka-Volterra généralisés qui
décrivent I’évolution des abondances des espéces au cours du temps en fonction de leur taux
de croissance et des interactions entre elles (GONZE et al., 2018). Les principales études de com-
paraison de réseaux citées dans cette theése se basent sur ces approches (e.g., BERRY et WIDDER,
2014 ; HiraNoO et TAKEMOTO, 2019 ; WEISs et al., 2016). Les simulations peuvent démarrer d’'une
matrice de covariance — servant de réseau de référence — pour échantillonner des comptages
selon différents modéles statistiques et en introduisant des biais pour imiter les données de
séquencage (e.g., Biswas et al,, 2016; CHIQUET et al., 2019; FANG et al.,, 2015; KUuRrTzZ et al,,

https://github.com/jchiquet/PLNmodels/issues/44
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2015). Les méthodes d’inférence sont comparées avec ces deux types de simulation mais il
n’est pas clair a quel point ces simulations refletent les interactions microbiennes (ROTTJERS
et FausT, 2018). L’assemblage de communautés microbiennes synthétiques pour mieux com-
prendre leurs interactions n’est pas neuf (e.g., FRIEDMAN et al., 2017 ; HOEK et al., 2016; L1 et al.,
2019; MOUNIER et al.,, 2008 ; VENTURELLI et al., 2018). Mais la plupart de ces études mesurent
les abondances des micro-organismes par densité optique ou cytométrie de flux et non avec
des techniques de séquencage, ce qui ne permet pas de les utiliser comme un jeu de données
expertisé pour évaluer I'inférence de réseaux. Plusieurs auteurs soulignent qu’'un tel jeu de
données permettrait de comparer de maniere reproductible les méthodes actuelles et de guider
les nouveaux développements (HIRANO et TAKEMOTO, 2019 ; ROTTJERS et FAUsT, 2018). L’étude
de VENTURELLI et al. (2018) avec le suivi temporel de 12 bactéries dans pres de 600 échantillons
pourrait servir de base mais le réseau proposé par les auteurs nécessite d’étre validé par des
études indépendantes.

Les réseaux prédits sont souvent validés par des expérimentations de cultures des micro-
organismes sur des milieux synthétiques (e.g., Das et al., 2018; TipTON et al., 2018; WANG
et al., 2017). Des approches automatisées se développent pour surmonter la longueur de ces
taches et permettre de tester de multiples combinaisons de nutriments et d’espéces (KEHE
et al., 2019; LAGIER et al., 2018). Des stratégies complémentaires visent a étendre les approches
réductionnistes de culture en réintégrant la plante, soit dans les approches in vitro avec des
plantes sur des puces miniatures (STANLEY et van der HEIJDEN, 2017), ou encore avec des
boites de Petri moulées sur la microstructure de la surface des feuilles (SOFFE et al., 2019). Ces
approches sont réductionnistes et ne peuvent mimer la totalité des conditions abiotiques (UV,
température, etc.) et biotiques (les micro-organismes non inclus), mais elles permettent au
moins de déméler la complexité des mécanismes qui opérent dans les écosystémes (CROWTHER
et al., 20138).

L’approche de cette thése s’inscrit dans les approches — dites top-down — qui caractérisent
les communautés naturelles (top) et cherchent a inférer et a valider les interactions qui la
constitue (down; VEGA et GORE, 2018). Une approche complémentaire — dite bottom-up (VEGA
et GORE, 2018) — évalue d’abord les interactions paires a paires (bottom) dans des communautés
synthétiques d’une dizaine de micro-organismes, puis des interactions avec plus de membres
afin de reconstruire un réseau d’interactions complet (up; e.g., FRIEDMAN et al,, 2017; L1
et al., 2019; VENTURELLI et al.,, 2018). Ces deux approches ne sont pas incompatibles. Par
exemple, la reconstruction de réseaux top-down peut s’allier d’expériences d’inhibition paires a
paires, d’assemblage de communautés synthétiques et d’inoculations contrdlés pour déduire
des interactions nécessaires a la survie de la plante (DURAN et al., 2018). En dehors de plantes
modeles et de micro-organismes associées, 'approche bottom-up est plus difficile a mettre
en ceuvre et 'approche utilisée ici (top-bottom) pourra étre utilisée sous réserve de tests
supplémentaires.

En définitive, identifier les interactions dans les pathobiomes des plantes est important
particulierement lorsque ces interactions influencent I’état de santé de I’hote. Mais comprendre
des systémes aussi complexes que ces communautés microbiennes nécessite plusieurs échelles
et méthodes complémentaires (CORDERO et DATTA, 2016 ; WIDDER et al., 2016). Parmi elles, les
approches de métabarcoding fournissent un type de relevé des micro-organismes présents avec
ses limites certes, mais ces approches sont suffisamment matures pour que des recommandations
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soient formulées (e.g., ZINGER et al., 2019). Reconstruire les réseaux d’associations constitue une
approche pour identifier de la structure dans les comptages de ces relevés microbiens. Mais les
réseaux d’associations doivent étre considérés pour ce qu’ils sont : des générateurs d’hypotheses
(CaRRr et al., 2019; ROTTIERS et FAausT, 2018). Dans ’attente d’'une communauté artificielle de
réseau microbien standardisée, il est nécessaire d’étre vigilant lors de la reconstruction — e.g.
en ayant suffisamment d’échantillons homogenes. Ceci permettra de générer les hypotheses
les plus plausibles possibles dés lors qu'une méthode apte a surmonter les barriéres est utilisée
(e.g. PLN). Ces approches ne sont qu'une pierre a I’édifice scientifique interdisciplinaire qui
vise a mieux comprendre les mécanismes en cours au sein des holobiontes et notamment des
pathobiomes.
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Ecological network analysis (ENA) provides a mechanistic framework for describing complex
species interactions, quantifying ecosystem services, and examining the impacts of environmen-
tal change on ecosystems. In this chapter, we highlight the importance and potential of ENA
in future biomonitoring programs, as current biomonitoring indicators (e.g. species richness,
population abundances of targeted species) are mostly descriptive and unable to characterize
the mechanisms that underpin ecosystem functioning. Measuring the robustness of multilayer
networks in the long term is one way of integrating ecological metrics more generally into
biomonitoring schemes to better measure biodiversity and ecosystem functioning. Ecologi-
cal networks are nevertheless difficult and labour-intensive to construct using conventional
approaches, especially when building multilayer networks in poorly studied ecosystems (i.e.
many tropical regions). Next-generation sequencing (NGS) provides unprecedented opportu-
nities to rapidly build highly resolved species interaction networks across multiple trophic
levels, but are yet to be fully exploited. We highlight the impediments to ecologists wishing to
build DNA-based ecological networks and discuss some possible solutions. Machine learning
and better data sharing between ecologists represent very important areas for advances in
NGS-based networks. The future of network ecology is very exciting as all the tools necessary
to build highly resolved multilayer networks are now within ecologists reach.

Keywords : Ecological network, Food web, Next-generation sequencing, Molecular approach,
Metabarcoding, Machine-learning, Ecosystem services, Environmental changes, Robustness,
Biomonitoring
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Summary

e Trees, as foundation species, play a pivotal role in the species interaction networks that
constitute forest ecosystems. From the seed stage, they interact with microbial communities
that affect their growth, health and fitness. Despite their eco-evolutionary importance, the
processes shaping seed microbial communities in natural forests have received little
attention.

e To unravel these processes, we analyzed the microbial communities of seeds collected in
populations of sessile oak (Quercus petraea) growing along elevation gradients. We
focused on the fungal communities as this group includes seed pathogens. Ecological
processes shaping the communities were quantified using joint species distribution models.

e Fungi were present in all seed tissues, including the embryo. Fungal communities differed
significantly among oak populations along the elevation gradients, and among mother trees
within the same population. These maternal effects remained significant after seed fall,
despite colonization by fungal species on the ground. Associations between tree pathogens
and their antagonists were detected in the seeds.

e Our results demonstrate that both maternal effects and environmental filtering shape seed
microbial communities of sessile oak. They provide a starting point for future research
aimed at identifying the seed extended phenotypic traits that influence seed dispersal and

germination, and seedling survival and growth across environments.

Keywords
Microbial ecology; disease ecology; community genetics; ecological networks; joint species

distribution models; endophyte; host-parasite interaction; vertical transmission
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Introduction

Seeds are colonized by a wide range of microorganisms that positively and negatively influence
plant growth, health and fitness. They associate with many endophytic and epiphytic
microorganisms that foster the growth of seedlings and protect them against natural enemies (Baker
& Smith, 1966; Nelson, 2004; Links, et al. 2014). For example, the seed-borne endophytic fungus
Epichloé festucae limits pest attacks and pathogen development by producing alkaloids (Clay &
Schardl, 2002; Faeth, 2002). Seeds are also colonized by pathogens that reduce germination rate
(Nelson, 2017) and seedling survival (Kremer, 1987; Gilbert, 2002). For example, the fungal
pathogen Ciboria batschiana, the causal agent of acorn black rot, can damage up to 80% of acorns
when conditions are wet (Prochazkova et al., 2005). By affecting the early stages of the plant life
cycle, seed pathogens have significant impacts on natural ecosystems, including forests in which
they shape tree species diversity and spatial structure (Janzen, 1970; Gilbert, 2002). Understanding
how pathogens and other microorganisms are acquired and transmitted to the seeds of foundation
tree species (i.e. tree species that structure and stabilize forest communities and ecosystem
processes; Whitham et al., 2006), and how these microorganisms associate to regulate seed
germination and seedling development, is thus crucial to our ability to predict and manage the

regeneration of forest ecosystems.

Up to now, processes of seed microbiota assembly have received more attention in crop plants than
in natural ecosystems. In crops, microorganisms are transmitted by the mother plant to its seeds at
the floral and during early seed development stages, through vascular tissues or contact between
vegetative and reproductive organs (Maude, 1996). They can also be transmitted from the pollen
of the father plant, insect vectors, or bioaerosols (Escobar Rodriguez et al., 2018; Frank et al.,
2017). Once seeds fall on the ground, epiphytic microbial communities coalesce with microbial
communities of litter and upper soil (Rillig et al., 2015). Germinating seeds then release molecules
that attract soil microbes, surrounding themselves with a microbiologically active soil area called
the spermosphere (Nelson, 2004; Schiltz et al., 2015). The emergence of the plant radicle creates
cracks in the seed tegument, enabling microbes to colonize internal tissues (Nelson et al., 2018).
These events lead to intense biotic interactions among microorganisms (Nelson, 2004) and drastic
changes in seed microbiota composition and function (Ofek et al., 2011; Yang et al., 2017; Torres-

Cortés et al., 2018). Recent studies suggest that seed colonization by soil microorganisms
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represents the most influential microbial acquisition for seedling growth and health (Nelson et al.,
2018).

The seed microbiota is therefore a dynamic entity that is shaped, like all ecological communities,
by four fundamental processes: selection by the abiotic environment (environmental filtering) and
biotic interactions (biotic filtering), dispersal, ecological drift and evolutionary diversification
(Vellend, 2010; Nemergut et al., 2013; Ovaskainen et al., 2017; Zhou & Ning, 2017). Unraveling
these assembly processes is particularly important because they govern seed and seedling extended
phenotypes (defined as the diversity and composition of associated communities; Whitham et al.,
2006), as well as the performance and eventually fitness of the plant host (Compant et al., 2010;
Truyens et al., 2015; Brader et al., 2017). Some processes are deterministic and depend on taxon-
specific functional traits (Minard et al., 2019), such as the response to selection. Other processes
are partly or purely stochastic (Zhou & Ning, 2017; Rezki et al., 2018) and generate divergences
among communities occupying identical environments (Chase & Myers, 2011). The dispersal
process is particular in the case of seed microbial communities because seeds are mobile.
Microorganisms are recruited from a sequence of species pools: first from the microbiota of the
mother tree’s aboveground organs, and later from surrounding microbial sources such as
bioaerosols, litter and soil (Barret et al., 2016). The microorganisms that are directly transferred
from the vascular system of mother plant to the seedlings through seeds are termed vertically-
transmitted (Truyens et al., 2015), while the others are called horizontally-acquired. Vertically-
transmitted microorganisms can trigger maternal effects (defined as the causal influence of the
maternal genotype or phenotype on the offspring phenotype; Wolf & Wade, 2009) in seed and
seedling extended phenotypes (Vivas et al., 2015).

To gain insight into processes of seed microbiome assembly in natural ecosystems, we analyzed
the microbial turnover among acorns of sessile oak (Quercus petraea) populations growing along
elevation gradients. We collected acorns in the canopy and on the ground beneath individual trees,
and used Hierarchical Models of Species Communities (HMSC; Ovaskainen et al., 2017) to
quantify the ecological processes shaping seed microbial communities at each spatial level (oak
population, mother tree and seed) and to generate hypotheses of interactions among
microorganisms. We focused on fungal communities as they include pathogens that are detrimental
to seed survival (such as Ciboria batschiana; Prochazkova et al., 2005). After having described

and visualized the fungal communities associated to acorn tissues, we tested the following
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hypotheses: (H1) acorn fungal communities are shaped by environmental filtering and maternal
effects, (H2) the maternal effects tend to disappear after acorn fall because of horizontal acquisition
of fungi from the ground, (H3) the response of fungal species to variations in the acorn environment
depend on their lifestyle, and (H4) biotic interactions among fungal species play a role in the

protection of acorns against pathogens.

Materials and methods
Sampling design

Acorns were collected on October 21« and 22+ 2015 in four populations of sessile oak located in
the Pyrenees Mountains (France). Two populations (Ade and Bager) were at an elevation of ~400
m a.s.l. and the other two (Gedre-Bas and Gabas) at ~1200 m a.s.l. The sampling date was chosen
as close as possible to the fruiting peak at both elevations (see Caignard et al., 2017 for a complete
description of the sampling sites and fruiting phenology). In each site, acorns were collected from
three trees randomly selected among the dominant adults. For each tree, we collected four acorns
from the canopy using a slingshot and four acorns from the ground beneath the crown (within a
distance of 2 m from the trunk). We also collected the biotic microenvironment of canopy acorns,
defined as all tree tissues present in a cylinder of 4 cm diameter and 6 cm length around the acorn
(including the acorn cupule, the cupules of other acorns, the twig to which the acorn was attached,
the leaf petioles and the base of leaves) and the biotic microenvironment of ground acorns, defined
as all substrates beneath the acorn within a cylinder of 4 cm diameter and 1 cm depth (including
dead oak leaves, dead leaves of other plant species, acorn caps, twigs, pieces of bark, granules of
soil, mosses, lichens or herbs). Each sample was collected aseptically, using new plastic gloves and
scissors cleaned with 96% ethanol to minimize contamination. Samples were stored in individual

plastic vials in a cooler with ice until they could be stored at -80°C.

Ten additional acorns were harvested from five mother trees (two in Gedre-Bas, two in Gabas and
one in Ade). For each tree, one acorn was harvested in the canopy and one acorn was harvested on
the ground. These acorns were surface-sterilized and dissected to characterize the endophytic
fungal communities associated with acorn internal tissues. Surface-sterilization was completed

using a three-step process: immersion for 3 min in a 70% ethanol solution, immersion for 2 min in
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a 3% calcium hypochlorite solution and rinsing with DNAway and sterilized water. After drying
the acorns on sterilized filter papers, the fruit walls and the embryos were collected using a

sterilized nutcracker and pliers and stored at -80°C.

DNA extraction, amplification and sequencing of fungal communities

Samples were ground into a homogeneous powder using liquid nitrogen. Mortars and pestles were
cleaned using DNAway and autoclaved for 20 min at 121°C between each sample. Approximately
45 mg of powder from each sample was transferred to a microplate under a laminar flow hood.
Microplates were stored at -80°C until DNA extraction. Total DNA was extracted using DNeasy
Plant Mini Kits (Qiagen, USA) according to the manufacturer’s protocol except that DNA extracts
were eluted twice with 50uL of elution buffer (10mM Tris-Cl, 0.5mM EDTA,; pH 9.0).

The ITS1 region of the nuclear ribosomal internal transcribed spacer, considered the universal
barcode marker for fungi (Schoch et al., 2012), was amplified using the ITSIF (5'-
CTTGGTCATTTAGAGGAAGTAA-3; Gardes & Bruns, 1993) and ITS2 (5'-
GCTGCGTTCTTCATCGATGC-3"; White, Bruns, Lee, & Taylor, 1990) primers. The reaction
mixture (12.5 pL of final volume) consisted of 1.25 pL of template DNA, 2.5uL of 1uM of each
of the forward and reverse primers and 6.25uL of 2X KAPA HiFi HotStart ReadyMix (Kapa
Biosystems) containing 0.6 mM of each dNTP, 5 mM MgCI., and 2 units of Kapa Tag DNA
polymerase. PCR cycling reactions were conducted on a Veriti 96-well Thermal Cycler (Applied
Biosystems) using the following conditions: initial denaturation at 95 °C for 3 min followed by 20
cycles at 98°C for 20 s, 55°C for 45 s, 72°C for 15 s with final extension of 72 °C for 1 min. ITS1
amplification was confirmed by electrophoresis on a 2% agarose gel. Templates that were not
successfully amplified using this protocol were amplified again after DNA dilution to 20ng/pL or
10ng/uL. Two marine fungal species (Yamadazyma barbieri and Candida oceani) were used as
positive controls as they were unlikely to be found in our samples. One positive control included
DNA of a strain of C. oceani, and the other included an equimolar mixture of the DNA of both
species. A first negative control was represented by 1 mL of water washes of 4 empty plastic vials
opened during the sampling campaign and washed with sterile water. The PCR mix was used as a

second negative control.
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PCR products were diluted five times in PCR-grade water and used as a DNA template for a second
PCR performed using the tailed primers ITS1F PlaGe (5-
CTTTCCCTACACGACGCTCTTCCGATCTCTTGGTCATTTAGAGGAAGTAA-3’) and
ITS2 PlaGe (5’-GGAGTTCAGACGTGTGCTCTTCCGATCTGCTGCGTTCTTCATCGATGC-
3’) designed by the Get-PlaGe sequencing facility (Toulouse, France). The second PCR was
performed twice (once in 12.5 pL and once in 25uL of final volume) using the same reaction
mixture as the first PCR. The PCR conditions were as follows: initial denaturation at 95 °C for 3
min followed by 10 cycles at 98°C for 20 s, 60°C for 15 s, 72°C for 15 s and a final extension step
of 72°C for 1 min. PCR products were purified (CleanPCR, MokaScience), multiplex identifiers
and sequencing adapters were added, and library sequencing on an Illumina MiSeq platform (v3
chemistry, 2x250 bp) and sequence demultiplexing (with exact index search) were performed at

the Get-PlaGe sequencing facility (Toulouse, France).

Bioinformatic analyses

Paired-end sequences were joined using PEAR v0.9.10 (Zhang et al., 2014). Only pairs with a
minimum overlap of 50 bp and without any uncalled bases were kept. Assembled sequences were
filtered using DADA2 v1.4.0 (Callahan et al., 2016). Only sequences with less than one expected
error and longer than 100 bp were retained in the dataset. Amplicon sequence variants (ASVs) were
inferred using DADAZ2 and chimeric sequences were removed using the consensus method of the
removeBimeras function. Taxonomic assignments were performed using the RDP classifier (Wang
et al.,, 2007) implemented in DADA2 and trained with the UNITE database 7.2 (UNITE
Community 2017), with an 80% confidence threshold. The ASV table was then imported in R using
the phyloseq package v1.26.0 (McMurdie & Holmes, 2013) and filtered. Only ASVs assigned to a
fungal phylum were kept. Positive and negative controls were used to remove contaminants (Galan
et al., 2016). The cross-contamination threshold (T.) was defined as the maximal number of
sequences of each ASV found in negative or positive control samples. The false-assignment
threshold (T..) was defined as the highest sequence count of a positive control strain in a non-
control sample, divided by the total number of sequences of the strain in the whole run and
multiplied by the total number of sequences of each ASV. ASVs were removed from all samples

where they harbored fewer sequences than either threshold (T-. or Tc).
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SNP genotyping and maternity exclusion analyses

Acorns collected on the ground were genotyped to confirm that they belonged to the mother tree
above them. Genotyping was performed using 39 polymorphic single nucleotide polymorphism
(SNP) markers (Gerzabek et al., 2017). DNA was diluted to a final concentration of 15 to 20 ng/uL
and sequenced using the iPLEX Gold Genotyping kit (Agena, San Diego, CA, USA) at the Genome
Transcriptome Facility of Bordeaux (PGTB, Bordeaux, France) according to the manufacturer’s
instructions (see Chancerel et al., 2013 for more details). Two samples of aboveground tissues of
each tree were genotyped and compared to estimate the typing error rate of false calls during
genotyping. Loci with poor performance during the clustering procedure (call rates <60%) were
excluded, resulting in a final set of 28 loci. Acorn genotypes were compared to the genotype of
their putative mother tree. Considering the low error rate of these SNPs (Gerzabek et al., 2017),
we took a deliberately conservative approach and assumed that if tree and acorn shared no alleles
for at least one locus, the mother-offspring relationship was not confirmed and the acorn sample

was removed from the dataset.

Confocal microscopy

Sixteen additional acorns were collected in autumn 2017 from the ground of the oak forest of
Bellebat (44°43'36.4"N 0°13'22.5"W, Southwest of France) to visualize fungal colonization
outside and inside acorns. Acorns were cut in half with secators and fixed overnight at 4°C in a
paraformaldehyde solution (4% w/v in PBS, pH 7.2). Samples were then rinsed three times with
PBS, immersed in 15 mL PBS containing 50 pg ml: of wheat germ agglutinin (WGA)-
AlexaFluor488 conjugate (Life Technologies, USA), incubated 2 hours at 37°C, and rinsed again
three times with PBS. The samples were observed under a confocal microscope (Olympus
Fluoview FVV1000 with multiline laser FV5-LAMAR-2 and HeNe(G) laser FV10-LAHEG230-2).
Pictures were taken with X, Y, Z coordinates at 405, 488, 594 nm and with 10X, 20X, 40X or 60X
objectives. Images were merged (RGB) using Image J software (Schneider et al. 2012). Pictures
were created using Z Project Stacks (Campisano et al. 2014), then cropped, and the light/contrast
balance was improved (Glassner et al. 2015). Images presented in this publication correspond to

the average colonization level observed.
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Statistical analyses
Comparison of acorn fungal communities among mother trees and environments

To test hypotheses H1 and H2, we analyzed the effects of mother tree, local environment (oak
population), and microenvironment (acorn position in the canopy versus on the ground) on acorn
fungal community richness and composition. Fungal richness was defined as the total number of
ASVs per acorn sample and was modelled using generalized linear mixed models (GLMMs) with
a negative binomial distribution and a log-link function. The first model had oak population, acorn
position and their interaction as fixed effects and the mother tree as a random effect. We then tested
the effect of the mother tree on fungal richness for acorns in the canopy and acorns on the ground
separately. The two models had the mother tree as fixed effect and the population as random effect.
The natural logarithm of the total number of sequences per sample (sequencing depth) was

introduced as an offset in all models.

We then analyzed the effects of the three same factors on fungal community composition by using
permutational multivariate analyses of variance (PERMANOVASs) with 9999 permutations.
Compositional dissimilarities among acorn samples were estimated using quantitative and binary
versions of the Jaccard index (Jaccard, 1901) and visualized with principal coordinate analyses
(PCoA). We first tested the effects of oak population, acorn position and their interaction on
compositional dissimilarities among samples, by constraining or not constraining the permutations
by elevation. We then assessed the effect of mother tree on community composition for acorns in
the canopy and on the ground separately. The two models had the mother tree as a fixed effect and
permutations were constrained by population. The natural logarithm of the total number of

sequences per sample (sequencing depth) was introduced as the first effect in all models.

In addition, we investigated whether changes in fungal community composition after acorn fall
were due to either the substitution of canopy-associated fungal species by ground-associated fungal
species or gain of ground-associated fungal species without loss of canopy-associated fungal
species, by partitioning Jaccard binary dissimilarities among acorns of the same mother tree using
the betapart package v1.5.1 (Baselga et al., 2018). The proportion of fungal species of acorns on

the ground also found in acorns in the canopy was calculated for each mother tree.

Quantification of maternal effects, environmental filtering and biotic interactions
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Hierarchical Models of Species Communities (HMSC; Ovaskainen et al., 2017) were then used to
quantify processes of community assembly. The models assumed that variation in fungal
community composition among acorns (i.e. the Y matrix in the HMSC framework) was accounted
for by four ecological predictors (Mother mycobiota, Microenv mycobiota, Acorn position and Site
elevation) introduced as fixed effects in the X matrix. The Y matrix represented ASV sequence
counts in all acorn samples, out of which we included only the ASVs that were present in five or
more acorns. Mother mycobiota and Microenv mycobiota represented fungal communities in the
canopy of mothers trees and in the microenvironment of acorns, respectively. They were ASV-
specific predictors and thus the X matrix was different for every ASV of the Y matrix. Mother
mycobiota was calculated for all acorn samples as the average relative abundance of the focal ASV
in the twigs and leaves of mother trees, and was included at the tree level to model vertical
transmission of fungi from the mother tree to its acorns. Microenv mycobiota was calculated as the
residuals of the regression of the relative abundance of the focal ASV in the microenvironment of
each acorn over its relative abundance in the canopy of the mother tree, and was included at the
sample level to model horizontal acquisition of fungi from the materials surrounding each acorn.
Site elevation and Acorn position represented filtering of fungal communities by climate and
microclimate, respectively. Site elevation was included at the site level to model selection exerted
by site-level abiotic factors, such as average air temperature, on acorn fungal communities. Acorn
position (canopy vs. ground) was included at the sample level to model selection exerted by
microclimate, such as higher humidity on the ground, on acorn fungal communities. Mother
mycobiota and Microenv mycobiota were included in interaction with Acorn position to test the
hypothesis that their contribution to fungal communities differ between acorns in the canopy and
acorns on the ground (H2). We also introduced the log-transformed sequencing depth of each
sample (Sequencing depth) as a fixed effect in the X matrix, to take into account methodological
biases influencing ASV sequence counts. Random effects at each hierarchical level (oak
population, mother tree and acorn sample) were also introduced to model variations in ASV
sequence counts that can neither be attributed to the four ecological predictors nor sequencing
depth. In addition, we tested the hypothesis that fungal lifestyle modulates fungal ASV responses
to environmental variations (H3), by including the trophic mode (saprotroph, plant pathogen or
other) and the degree of specialization toward acorns of each ASV in the T matrix. The putative
trophic mode of each ASV was determined using the FUNGuild database (Nguyen et al., 2016).
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Their degree of specialization toward acorns was defined as the log-ratio of ASV relative
abundance in acorns versus other sample types (i.e. branches, leaves, litter and upper soil),
calculated using DESeq2 (Love et al., 2014). To account for the zero-inflated nature of the data,
we applied a hurdle modelling approach. We first fitted a probit model on ASV presence-absence
data and then fitted a linear model on sequence count data conditional on presence, in which counts
were log-transformed and scaled to zero mean and unit variance for each ASV and absences
masked as non-available data. We fitted both models with default prior distributions (Ovaskainen
etal., 2017). For each of the four MCMC chains, we sampled the posterior for 1,500,000 iterations,
out of which we excluded the first 500,000 as burn-in and thinned the remaining iterations by 1000,
thus producing a total of 4,000 posterior samples. We examined MCMC convergence through the
distributions of potential scale reduction factors (PSRF) of the model parameters. To examine
model fit, we applied a two-fold cross validation across the samples and evaluated predictive
performance by AUC for the presence-absence model and R: for the linear model. Finally, residual
correlations among fungal ASV sequence counts at the acorn level were interpreted as hypothetical
biotic interactions among fungal strains (see Ovaskainen et al., 2017). We examined associations

among ASVs assigned at the species level to test hypothesis H4.
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Results

All acorn tissues, including the fruit wall, seed coat, and embryo were colonized by fungi, with a
dense colonization under the endocarp (Fig. 1A-E). Ascomycota represented 91.1% and 89.4% of
the sequences of canopy and ground acorns, respectively. Dothideomycetes, Leotiomycetes and
Sordariomycetes were the three main classes of ascomycetes present (Fig. S1). Among the ten most
abundant species associated to whole acorns, five are known as plant pathogens (Gnomoniopsis
paraclavulata, Taphrina carpini, Epicoccum nigrum, Mycosphaerella tassiana and Polyscytalum
algarvense) and two are known as antagonists of other microorganisms (Cladosporium
delicatulum, Cylindrium elongatum) (Table 1; Tables S2 and S3 for all ASVs and subset of ASVs
used in HMSC models, respectively). The ubiquitous fungi Curvibasidium cygneicolum and
Epicoccum nigrum were dominant in the internal tissues of acorns, including the embryo (Table
S1).

Seed""coat

Cotyledon .. : oo Trichomes
B . : under the
endocarp

Hypocotyl
embryo

Figure 1. Fungi in cross sections of seeds of sessile oak collected on the ground. Fungi (green fluorescent) were
revealed by confocal microscopy and WGA-ALEXA fluor488 staining. (A) Fruit wall and seed coat. (B) Zoom-in
view of panel A. (C) Embryo and cotyledon. (D) Zoom-in view of panel C. (E) Internal surface of the endocarp.



bioRxiv preprint first posted online Jul. 3, 2019; doi: http://dx.doi.org/10.1101/691121. The copyright holder for this preprint (which
was not peer-reviewed) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license.

Maternal effects in oak trees Fort et al., 2019
Table 1. Most abundant fungal species associated with seeds of sessile oak and their microenvironment. Seeds
were either collected in the tree canopy or on the ground. Materials from the seed microenvironment (twigs and leaves,
or litter and upper soil) were also collected. The fungal community of all 4 sample types was analyzed using a
metabarcoding approach. Only Amplicon sequence variants (ASV) assigned to Ascomycota (A) or Basidiomycota (B)
with the UNITE database were kept. Average relative abundances of all ASVs were computed for each sample type,

after merging ASVs assigned to the same fungal species. Only ASVs identified at the species level are shown in the

table.
Fungal species Average relative abundance per sample type (%) Lifestyle Reference(s)
Seeds  Canopy Seeds Ground
All . samples
inthe  samples (twigs, on the .
seeds (litter, upper
canopy leaves) ground ;
soil)
Gnomonionsis Pathogen isolated in leaves, buds, cupules and Tosi et al. (2014) ;
P 13.4 53 15 219 0 shoots of Castenea sativa. Commonly isolated Sogonov et al. (2008)
paraclavulata (A) .
from overwintered leaves of Quercus sp.
Stromat_o septoria 2.7 5.2 0.9 0 0.2 Causes leaf spots on Castenea sativa. Quaedvlieg etal. (2013)
castaneicola (A)

. - Bacigalova (1991); Inacio
Taphrina carpini 24 34 0.7 14 03 Common pathogen encountered on Fagaceae et al. (2004): Cordier et al.
(A) leaves.

(2012)
Epicoceum Ubiquitous fungus found in soil, leaves and seeds Ahumada-Rudolph et al.
P 2.3 0.4 0.1 4.2 0.2 described as primary saprotroph and plant (2014)

nigrum (A)

pathogen.
Mycosphaerella 17 15 01 19 03 Common pathogen found in the phyllosphere Schubert et al. (2007);
tassiana (A) ' ' ' ' ' including that of oak. Jakuschkin et al. (2016)

Endophyte of fruits, leaves, trunk and soil Sampaio et al. (2004);
Curvibasidium 15 12 0.2 19 01 behaving as a phytopathogen or a mycoparasite. Masinova et al. (2017) ;
cygneicollum (B) ' ' ' ' The species is insensitive to the mycocins produce Sampaio et al. (2004)

by Filobasidium and Cystofilobasidium.
Cylindrium 15 14 01 15 43 Bacterial and fungal antagonist found on oak Reyes-Estebanez (2011) ;
elongatum (A) ' ' ' ' ' leaves. Duarte et al. (2015)
Polyscytalum . Cheewangkoon et al.
algarvense (A) 15 1.9 0.1 1 53 Necrotroph fungi found on Eucalyptus leaves. (2009): Crous (2018)
Fusarium Nalim et al. (2011)
pseudensiforme 1.3 1.4 0 1.2 0 Found on bark of trees.
(A)

. . . . Amanelah Baharvandi &

Cladosporium 13 13 0.2 13 03 Found in cereal seeds, mycoparasite of Taphrina Zafari (2015) ; Chaibub et

delicatulum (A)

spp and Magnaporthe oryzae

al. (2016)
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Acorn fungal communities are shaped by environmental filtering and maternal effects

Acorn fungal community richness (Table 2) and composition (Tables 3 and S2) differed
significantly among oak populations along elevation gradients, and among mother trees within the
same population, confirming the hypothesis that both environmental filtering and maternal effects
shape acorn fungal communities (H1). PCoAs suggested that fungal communities were more
similar between populations at the same elevation (Fig. 2). However, the population effect
remained significant when PERMANOVAs were constrained by elevation (Pseudo-F = 1.24, P <
0.01), implying that selection exerted by abiotic conditions along the gradients was not the only

process triggering variation in fungal community composition among oak populations.

Table 2. Generalized linear mixed-effects models (GLMM) of fungal community richness of seeds of sessile oak.
Richness was defined as the number of amplicon sequence variants (ASV) per sample. The total number of sequences
per sample (sequencing depth, SD) was introduced as an offset in all models. The effects of tree population (T), seed
position (canopy versus ground, P) and their interaction were tested on the whole seed dataset while the effect of
mother tree was tested separately on canopy seeds and ground seeds.

d.f. chi-square P-value

All seeds

Tree population (T) 3 125 <.01
Seed position(P) 1 12.6 <.001
TxP 3 574 0.12

Seeds in the canopy
Mother Tree 10 30.6 <.01

Seeds on the ground
Mother Tree 11 28.3 <.01
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Table 3. Permutational multivariate analyses of variance (PERMANOVA) of compositional dissimilarities
among fungal communities of seeds of sessile oak. Dissimilarities among seeds were estimated using the binary
Jaccard distance. The total number of sequences per sample (sequencing depth, SD) was log-transformed and
introduced as the first explanatory variable in all models. The effects of tree population (T), seed position (canopy
versus ground, P) and their interaction were tested on the whole seed dataset while the effect of mother tree was
tested separately on canopy seeds and ground seeds.

d.f. F-value P-value R:

All seeds

Log(SD) 1 13 <01  0.01585
Tree population (T) 3 2.4 <001 0.08711
Seed position(P) 1 1.8 <.001 0.02226
SxP 3 12 <.001 0.04494

Seeds in the canopy
Log(SD) 1 13 0.191 0.03052
Mother tree 10 14 0.010 0.32742

Seeds on the ground
Log(SD) 1 11 0.319 0.02834
Mother tree 11 1.2 0.025 0.34149

PCoAs and HMSC models gave different estimates of the relative contribution of environmental
filtering and maternals effects. PCoAs suggested that mother tree identity had a lower influence on
fungal community composition than elevation (Fig. 2), whereas HMSC models indicated the
opposite trend (Table 4). The model of ASV presence-absence explained (in units of AUC,
averaged over the ASVs) 80% of the variation for the model fitted to all data and 69% of the
variation based on the two-fold cross-validation approach. According to this model, elevation was
a minor direct driver of fungal community composition (only 2% of the explained variance). In
contrast, the average relative abundance of a fungal ASV in the tissues of a mother tree (Mother
mycobiota) was the second most important predictor of the occurrence of this ASV in an acorn
from this tree, in interaction with the acorn position (39% of the explained variance). Mother
mycobiota was the unique predictor of occurrence for several ASVs belonging to the orders
Helotiales, Venturiales and Xylariales (Fig. S2). A similar ranking of the predictors was obtained
for the model of ASV sequence counts (Table 4), except that sequencing depth and random effects

had a much larger influence on ASV sequence counts than on ASV presence-absence (17% versus
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1% and 21% versus 6%, respectively). This model only explained 34% of the variation for the

model fitted to all data and 18% of the variation based on the two-fold cross-validation approach.
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Figure 2. Compositional dissimilarities among fungal communities of seeds collected (A) in the canopy and (B)
on the ground in four populations of sessile oak. Dissimilarities among seeds were estimated using binary Jaccard

distance and represented with a PCoA plot. Fungal community composition differed significantly among tree
populations and among mother trees (Table 3).
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Table 4. Partitioning of the variance in fungal community composition of seeds of sessile oak. Four fixed effects
were included in the HMSC models to explain variations in the presence-absence (PA) or the sequence count (SC) of
a focal fungal ASV among seeds: Sequencing depth (total number of sequences per sample), Seed position (canopy or
ground), Microenv. mycobiota (relative abundance of the focal ASV in the seed biotic microenvironment), Mother
mycobiota (average relative abundance of the focal ASV in the mother tree aboveground tissues), and Elevation.
Random effects were included at each spatial scale (seed, tree and population). Results of variance partitioning are
given as percentages (%) of total explained variance.

Predictor Explained variance (%)
Type Level Name PA model SC model
Fixed  Seed Sequencing depth 1 17
Fixed  Seed Seed position (P) 4 8
Fixed  Seed Microenv. mycobiota 47 23
*Pp

Fixed Tree Mother mycobiota * P 39 25
Fixed  Population  Elevation 2 6
Random Seed Seed 3 9
Random Tree Tree 1 6
Random Population  Population 2 6

Maternal effects persist after acorn fall despite horizontal acquisition of fungi from the
ground

Fungal community richness (Table 2) and composition (Table 3 and S2) differed significantly
between acorns in the canopy and acorns on the ground. For instance, Gnomoniopsis paraclavulata
was four times more abundant in acorns on the ground than in acorns in the canopy, while
Stromatospheria castaneicola was only present in canopy acorns (Table 1). Fungal richness
increased and composition shifted toward that of ground materials after acorn fall (Fig. 3),
confirming the horizontal acquisition of fungi from the ground. Partitioning of Jaccard beta-
diversity indicated that these temporal changes in community composition were mainly driven by
turnover (replacement of fungal species rather than net gains or losses in species number; Table
S4). HMSC models confirmed the large influence of horizontal transmission on acorn fungal
communities. The relative abundance of a fungal ASV in the microenvironment of an acorn
(Microenv mycobiota), in interaction with the acorn position, was generally the best predictor of
ASV occurrence (47% of the explained variance), especially for the Capnodiales, Dothideales and

Taphrinales orders (Fig. S2).
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Figure 3. Fungal community composition and richness of seeds of sessile oak collected in the canopy and on the
ground. (A) PCoA plot of compositional dissimilarities among fungal communities associated to seeds, canopy (leaves
and twigs) and ground materials (litter and upper soil). Dissimilarities among samples were estimated using binary
Jaccard distance. Fungal community composition differed significantly among the four sample types (PERMANOVA;
F=4.3, P<0.001). (B) Richness (log-transformed) of seed fungal communities, defined as the number of ASVs per
sample. Richness was significantly higher in seeds on the ground (Table 2).

Despite the turnover in fungal community composition after acorn fall and in contrast with our
hypothesis (H2), the maternal effects were significant for acorns on the ground (Table 3), indicating
that some maternal species were retained after acorn fall. Overall, acorns on the ground shared 10
to 40% of their fungal community with acorns in the canopy of the same mother tree, and 21 to
50% with mother tree tissues (Table S5). On average, 38% of fungal ASVs of acorns on the ground
were present in both acorns in the canopy and mother tree tissues. Fungal species most often
retained after acorn fall were Taphrina sp., Cladosporium delicatulum, a mycoparasite of Taphrina

sp. (Baharvandi & Zafari, 2015), and the ubiquitous Epicoccum nigrum.

The response of fungal species to variations in the acorn environment depend on their lifestyle

HMSC models showed that fungal lifestyle influenced the response of acorn fungal communities

to environmental variations, in accordance with our hypothesis (H3). High elevation selected for
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saprotroph species and seed specialists, increasing their proportion in acorn fungal communities
(Table S3). Acorn fall favored pathogen species and saprotrophs. Their proportion increased after
acorn fall while their abundance (conditional on presence) was not altered (Table S3). These
findings suggest that vertically-transmitted pathogens did not increase in abundance after acorn

fall, and that acorns were colonized by pathogen and saprotroph species of the ground.

Biotic interactions among fungal species might play a role in the protection of acorns against

pathogens

Fungal colonization was very dense on acorn external surfaces (Fig. 1A) but also on internal surface
of the fruit wall (Fig. 1E), indicating that fungal colonizers might enter into contact and compete
for space and eventually resources. In contrast to this expectation, residual co-occurrence patterns
of HMSC models at the acorn level revealed only positive associations between fungal ASVs.
Among fungal ASVs associated with each other, 14 could be assigned at the species level (Fig. 5).
Six of them are described as plant pathogens and two of them, Mycosphaerella tassiana and
Taphrina carpini, have already been found in association with oak (Table S6). Four of the species
are described as mycoparasites, including Cladosporium delicatulum. The positive association
between Taphrina carpini and Cladosporium delicatulum (Fig. 5), which are both found in the
embryo and the fruit wall (Table S3), might therefore represent a vertically-transmitted host-
parasite interaction. This interaction might play a role in oak disease regulation, in accordance with

our hypothesis (H4).
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Figure 4. Network of fungal associations estimated by HMSC models. Associations were all positive. Network
nodes correspond to fungal ASVs assigned to the species level and their color correspond to putative functions
according to FUNGuild and the literature (Table S6). Network links indicate associations with at least 95% posterior
probability estimated by the presence-absence model (thin black plain line) or by both the presence-absence model and
the sequence count model (thick black plain line). The positive association between Taphrina carpini and
Cladosporium delicatulum is indicated in red because it is described in the literature as a host-parasite interaction
(Table S6).

Discussion

Seed microbial communities of trees have received little attention so far despite their potential
influence on forest dynamics and evolution. In this study, we compared fungal communities of
seeds among four populations of sessile oak (Quercus petraea), a dominant tree species of
deciduous temperate European forests (McShea et al., 2006). The populations were located along
elevation gradients in the Pyrenees Mountains (France). They differed by up to 800 m in elevation.
Our analyses revealed that the richness and composition of seed fungal communities differed
significantly among oak populations along gradients, suggesting that abiotic filtering was a major
driver of community assembly. However, Hierarchical Models of Species Communities (HMSC;
Ovaskainen et al. 2017) revealed that the direct influence of elevation on seed fungal communities
was small. Elevation accounted for only 2% of the explained variance in fungal species presence-

absence, and 6% of the variance in species abundance. The apparently large effects of elevation
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suggested by multivariate analyses might therefore be indirect effects. HMSC models estimated
that fungal community composition in the microenvironment of each seed (i.e. twigs and leaves
surrounding seeds in the canopy, or ground materials surrounding dropped seeds), explained 47%
of the variance in species presence-absence, and was by far the strongest driver of seed fungal
communities. These findings suggest that environmental filtering act directly on the fungal
communities of leaves, litter and soil (as shown by Cordier et al., 2012; Coince et al., 2014; Vacher

et al., 2016), to then indirectly shape seed communities.

Seed fungal communities also differed among mother trees within the same population and these
differences remained significant after seed fall. Such maternal effects have already been found for
the abundance of some fungal genera in seeds (Johnston-Monje & Raizada, 2011; Pinciroli et al.,
2013). Here we showed that maternal effects extend to the whole fungal community of seeds
through to seed fall. HMSC indicated that the fungal community composition of mother tree tissues
(twigs and leaves) had a major, direct influence on that of seeds. It accounted for 39% of the
explained variance in fungal species presence-absence, and 25% of the variance in species
abundance. Recent findings by Vivas et al., (2017) on Eucalyptus trees indicate that these maternal
effects can persist in seedlings and influence their growth and resistance to pathogens. Together,
these results suggest that maternal effects in seed and seedling extended phenotypes could be a

major driver of forest regeneration success.

In addition, our confocal microscopy analyses revealed, for the first time, the presence of fungal
aggregates within embryos of acorns of sessile oak, as well as a dense fungal colonization on
internal surfaces of fruit walls. These endophytic fungal populations contained foliar pathogens of
Fagaceae tree species, such as Mycosphaerella tassiana and Taphrina carpini (Schubert et al.,
2007; Bacigalova, 1991), ubiquitous fungal species, such as Epicoccum nigrum (Andrews &
Harris, 2000), and endophytic yeasts previously described in other fruits, such as Curvibasidium
cygneicollum (Sampaio et al., 2004; Masinova et al., 2017). Network inference analyses revealed
a positive association between the foliar pathogen Taphrina carpini and the mycoparasite
Cladosporium delicatulum, suggesting that mother trees do not only transmit pathogens but also
pathogen antagonists. Our results hence confirm that fungal pathogens use seeds for their own
dispersion, and that the fungal pathogen’s parasites can follow them using the same dispersion

mode (Ewald, 1989; Feldman et al., 2008). Unraveling the genetic architecture of these tripartite
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interactions, involving tree seedlings, seed-borne pathogens and their hyperparasites, could

improve our understanding of forest ecosystem dynamics and evolution.

Finally, our analyses confirmed that seed fall corresponds to a major transition in seed fungal
communities. Our results showed that fungal community richness significantly increased and that
composition shifted toward that of ground materials after seed fall, confirming that seeds on the
ground are rapidly colonized by the species present in the surrounding microenvironment (Crist,
2009, Qin et al., 2016; Truyens et al., 2015; Klaedtke et al., 2016). For instance, the species
Gnomoniopsis paraclavulata, that was previously found in association with oak litter (U’Ren et
al., 2016), drastically increased in abundance after acorn fall. Our analyses also suggested that
seed fall triggers a replacement of canopy-inherited species by ground-derived species, rather than
an addition of species associated to ground materials. This replacement was however only partial.
Seeds on the ground shared up to 50% of their fungal colonizers with the twigs and leaves of their
mother tree. The mechanisms of community filtration during vertical transmission (Vannier et al.,

2018) will have to be investigated in future studies.

Conclusions

Our study revealed that acorns of sessile oak harbor diversified fungal communities in their internal
tissues, including the embryo, and on their surfaces. These communities were shaped by maternal
effects, environmental filtering and biotic interactions. Maternal effects persisted after seed fall,
despite seed colonization by soil and litter fungi. Environmental filtering did not shape directly
seed fungal communities, but rather influenced communities in the microenvironments
surrounding seeds. Biotic interactions included several host-parasite interactions between tree
pathogens and their antagonists, one of which was likely to be vertically-transmitted. Future
research will have to investigate the maternal and environmental drivers of the rate of vertical
transmission of microorganisms (e.g. Cavazos et al., 2018; Sneck et al., 2017; Leff et al., 2017),
and assess the role of these microorganisms on seed survival and germination, seedling growth and
health (e.g. Vivas et al., 2017; Leroy et al., 2019), and ultimately tree fitness. The influence of
vertically-transmitted microorganisms on seed and seedling secondary metabolites (Chen et al.,
2018; Shazad et al., 2018), and their cascading effects on tree biotic interactions (e.g. Peris et al.,

2018) will also have to be investigated. Previous research on oak trees showed for instance a
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significant relationship between a fungus-like pathogen associated with acorns and the abundance
of several oak-dependant bird species, including seed dispersers (Monahan & Koenig, 2006). A
combination of germination experiments in controlled conditions (e.g. Leroy et al., 2019), seed
microbiome analyses in common gardens (Vivas et al., 2015), and seed microorganisms
manipulation across environments (Gundel et al., 2017) will be required to integrate seed microbial

ecology into predictive models of forest dynamics and evolution.
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Table S1. Most abundant fungal species found as endophytes in seeds of sessile oak. Seeds were collected in the tree canopy or
on the ground and were surface sterilized. The fruit wall and embryo were separated and their fungal community was analyzed
using a metabarcoding approach. Only Amplicon sequence variants (ASV) assigned to Ascomycota (A) or Basidiomycota (B) with
the UNITE database were kept. Average relative abundances of all ASVs were computed for each sample type, after merging ASVs
assigned to the same fungal species. Only ASVs identified at the species level are shown in the table.

Fungal species

Average relative
abundance (%)

Lifestyle

Reference(s)

Al Fruit
internal Embryos
. walls
tissues
Endophyte of fruits, leaves, trunk and soil behaving Sampaio et al. (2004);
Curvibasidium as a phytopathogen or a mycoparasite. The species Masinova et al. (2017)
cygneicollum (B) is insensitive to the mycocins produce by
8.7 6.8 10.4 Filobasidium and Cystofilobasidium.
Epicoccum  niarum Ubiquitous fungus found in soil, leaves and seeds Ahumada-Rudolph et al.
( X) g described as primary saprotroph and plant (2014)
. . pathogen.
6.1 7.2 5 h
Mycosphaerella Common pathogen found in the phyllosphere Schubert et al. (2007);
tassiana (A) 4.7 1 g2 including that of oak. Jakuschkin et al. (2016)
Gibberella baccata Worldwide pathogen found in the phyllosphere and \[/)VOLIJEIaS 1%%)éeFteD&_ Iaynn
(A) rarely found in seeds or soils. alker ( ); Desjardins,
45 45 4.5 (2003)
Cladosporium Found in cereal seeds, mycoparasite of Taphrina Amaqelah Ba}harvapdl &
delicatulum (A) spp and Magnaporthe oryzae Zafari (2015) ; Chaibub et
3.2 35 3 ' al. (2016)
Caliciopsis Most species of the genus are saprotrophs or Garrido-Benavent & Perez-
beckhausii (A) 1.9 1.7 2  parasites growing on bark of Quercus sp. Ortega (2015)
Rhodosporidiobolus Ubiquitious yeast behaving as a fungal antagonist Golubev and
colostri (B) 15 0.7 2.2 4 y 9 g g " Tomashevskaya (2009)
Angustimassarina Found on twigs of Acer platanoides and in Thambugala (2015); Banchi
acerina (A) 1.4 24 0.5 bioaerosols. et al. (2018)
Penicillium Pathogen causing post-harvest fruit rots recovered Palou et al. (2010)
paczoskii (A) 1.1 1.1 1.1 from harvested seeds.
Bacigalova (1991); Inacio et
Taphrina carpini (A) 1 1 1.1 Common  pathogen - encountered on - Fagaceae al. (2004); Cordier et al.

leaves.

(2012)
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Table S2. Permutational multivariate analyses of variance (PERMANOVA) of compositional dissimilarities
among fungal communities of seeds of sessile oak. Dissimilarities among seeds were estimated using the Jaccard
quantitative distance. The total number of sequences per sample (sequencing depth, SD) was log-transformed and
introduced as the first explanatory variable in all models. The effects of tree population (T), seed position (canopy
versus ground, P) and their interaction were tested on the whole acorn dataset while the effect of mother tree was tested
separately on canopy seeds and ground seeds.

d.f. F-value P-value R:

All seeds

Log(SD) 1 13 0.018  0.01630
Tree population (T) 3 2.1 <.001 0.07967
Seed position(P) 1 1.8 <.001 0.02240
TxP 3 12 <.01  0.04619

Seeds in the canopy
Log(SD) 1 10 0.626  0.02588
Mother tree 10 1.2 0.011  0.30870

Seeds on the ground
Log(SD) 1 11 0.238  0.02935
Mother tree 11 1.2 0.150 0.34904
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Table S3. Response of fungal ASVs to site elevation and seed position depending on their lifestyle, in the HMSC
presence-absence (PA) and sequence count (SC) models. In the PA model, values are the posterior probabilities that
the community weighted mean specialization, or the proportion of pathogens or saprotrophs is higher in the reference
modality of the ecological factor. In the SC model, values are the posterior probabilities that the community weighted
mean specialization, or the abundance of pathogens or saprotrophs (conditional on presence) is higher in the reference
modality of the ecological factor. Probabilities higher than 0.9 are in bold.

PA model SC model
Ecological Reference e L
factor modality Specialization Pathogen Saprotroph Specialization Pathogen  Saprotroph
Elevation High 0.96875 0.57875 0.97825 0.71475 0.84475 0.75225

Seed position Ground 0.78575 0.92525 0.9225 0.38525 0.42925 0.33575
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Table S4. Nestedness and turnover components of compositional dissimilarities between fungal communities of
seeds in the canopy and seeds on the ground. Compositional dissimilarities among fungal communities were
estimated for each mother tree using the binary Jaccard dissimilarity index and partitioned with the beta.temp function
of the betapart package (Baselga et al. 2018). A mother tree at the Bager site was excluded from the analysis because
it had only two seeds on the ground.

Dissimilarity between ground seeds and canopy seeds

Tree population Mother tree Turnover Nestedness Total
33 0.75 0.06 0.81
Ade 34 0.78 0.09 0.86
55 0.85 0.08 0.92
11 0.66 0.09 0.75

Bager
13 0.54 0.35 0.90
32 0.62 0.17 0.79
Gabas 37 0.84 0.03 0.87
40 0.76 0.08 0.84
23 0.77 0.13 0.90
Gedre bas 24 0.91 0.01 0.92

28 0.84 0.05 0.89
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Table S5. Number and percentage of fungal ASVs of seeds on the ground also found in seeds in the canopy and
mother tree aboveground tissues. A mother tree at the Bager site was excluded from the analysis because it had only
two acorns on the ground.

Number (%) of ASVs in seeds on the
ground shared with

site. MO otal number of ASVs i
tree Osge(;]sug;\ tehreo rounc? n Seedsinthe  Mother tree aboveground
9 canopy tissues
33 35 14 (40%) 17 (48%)
Ade 34 142 26 (18%) 30 (21%)
55 109 11 (10%) 44 (40%)
Bager 11 121 39 (32%) 59 (48%)
13 247 27 (10%) 58 (23%)
32 101 26 (25%) 51 (50%)
Gabas 37 67 18 (26%) 30 (44%)
40 169 37 (21%) 56 (33%)
23 105 12 (11%) 30 (28%)
oedre 24 42 6 (14%) 11 (26%)

28 102 16 (15%) 25 (24%)




bioRxiv preprint first posted online Jul. 3, 2019; doi: http://dx.doi.org/10.1101/691121. The copyright holder for this preprint (which
was not peer-reviewed) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license.

Maternal effects in oak trees

Fort et al., 2019

Table S6. Fungal ASVs positively associated with another other ASV at the seed level according to HMSC
models. Putative functions were inferred using FUNGuild and literature search. Only ASVs assigned at the species
level are shown. The network of positive associations is represented on Figure 4.

Fungal species

Guild inference

FUNGuild Literature

Lifestyle

References

Caliciopsis
beckhausii

Cladosporium
delicatulum

Curvibasidium
cygneicollum

Cylindrium
elongatum

Cystofilobasidium
capitatum

Epicoccum nigrum

Filobasidium
wieringae

Mycosphaerella
tassiana

Polyscytalum
algarvense

Rhodosporidiobolus
colostri

Sphaerulina
amelanchier

Taphrina carpini

Trichomerium
foliicola

Vishniacozyma
victoriae

Pathotroph  Plant pathogen
Seed endophyte
Unknown Putative
mycoparasite
Generalist
ubiquitous
Unknown Putative
mycoparasite
Fungal
Unknown antagonist
Ubiquitous
Seed endophyte
Unknown Putative
mycoparasite
Pathotroph  Plant pathogen
Generalist
ubiquitous
Saprotroph  p 2tive
mycoparasite
Pathotroph  Plant pathogen
Pathotroph  Plant pathogen
Fungal
Unknown antagonist
Ubiquitous
. Leaf and litter
Symbiotroph endophyte
Pathotroph  Plant pathogen
Symbiotroph Leaf epiphyte
Generalist
Unknown ubiquitous
Fungal

antagonist

Most species of the genus are saprotrophs or
parasites growing on bark of Quercus sp.

Found in cereal seeds, mycoparasite of
Taphrina spp and Magnaporthe oryzae.

Endophyte of fruits, leaves, trunk and soil
behaving as a phytopathogen or a
mycoparasite. The species is insensitive to
the mycocins produce by Filobasidium and
Cystofilobasidium.

Bacterial and fungal antagonist found on
oak leaves.

Ubiquitious yeast which colonize the
cotyledon after germination of english oak.
The genus Cystofilobasidium have hyphal
structures with haustoria only in the
dikaryotic phase suggesting mycoparasites
capacities.

Ubiquitous fungus found in soil, leaves and
seeds described as primary saprotroph and
plant pathogen.

Yeast found in the phyllosphere. The genus
Filobasidium have hyphal structures with
haustoria only in the dikaryotic phase
suggesting mycoparasites capacities.

Common  pathogen found in the

phyllosphere including that of oak.

Necrotroph fungi found on Eucalyptus
leaves.

Ubiquitious yeast behaving as a fungal
antagonist.

Found in leaf litter of Amelanchier, Betula,
Castanea and Quercus.
Common  pathogen encountered on
Fagaceae leaves.

Foliar epiphytes. Trichomerium is a genus
apparently gaining their nutrients from
insect exudates.

Microbial antagonist of  Penicillium
expansum and Botrytis cinerea. Ubiquitous
yeast able to  tolerate  stressful
environments.

Garrido-Benavent & Perez-
Ortega (2015)

Amanelah Baharvandi &
Zafari (2015) ; Chaibub et
al. (2016).

Sampaio et al. (2004);
Masinova et al. (2017)

Reyes-Estebanez
Duarte et al. (2015)

(2011) ;

Oberwinkler et al. (1983);
Isaeva et al. (2009); Bills,
Muller & Foster (2004)

Ahumada-Rudolph et al.
(2014)

Glushakova & Kachalkin
(2017); Bills, Muller &
Foster (2004)

Schubert et al. (2007);
Jakuschkin et al. (2016)

Cheewangkoon et al.
(2009); Crous (2018)

(Golubev &
Tomashevskaya, 2009)

Quaedvlieg et al. (2013)

Bacigalova (1991); Inécio
et al. (2004); Cordier et al.
(2012)

Chomnunti et al. (2012)

Pertot et al. (2017);
Santiago et al. (2016)
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Figure S1. Taxonomic composition of fungal communities of seeds of sessile oak. The barplot indicates the average
sequence percentage assigned to each fungal class.
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Figure S2. Partitioning of the variance in the composition of seed fungal communities of sessile oak. Four fixed
effects were included in the HMSC models to explain variations in (A) the presence-absence or (B) the sequence count
of a focal fungal ASV among seed samples: Sequencing depth (total number of sequences per sample), Seed position
(P, canopy or ground), Microenv. mycobiota (relative abundance of the focal ASV in the seed microenvironment),
Mother mycobiota (relative abundance of the focal ASV in the mother tree aboveground tissues), and Site elevation.
Mother mycobiota and Microenv. mycobiota were introduced in interaction with P. Random effects were included at
each spatial scale (seed, tree and population). Results of variance partitioning are given as percentages (%) of total

explained variance. ASV are ranked by fungal phylum, class and order (Dothi:

Dothideomycetes, Euro:

Eurotiomyecetes, Leo: Leotiomyecetes, Sorda: Sordariomycetes, Tap: Taphrinomycetes, Ag: Agaricostilomoyecetes,
Mi: Microbotryomycetes, Tremel: Tremellomycetes). Only ASVs assigned at the order level are shown.
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