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Année 2016 : les géologues ont validé le changement d’ére géologique di a I'impact
de 'Homme sur la planéte (Waters et al. 2016). L’Anthropocene place ainsi I’'THomme comme

la source majeure des changements sur I'écosystéme terrestre.

Ce n’est plus a prouver : 'Homme a un réel impact sur la planéete. Dés le Pléistocene,
les activités humaines auraient conduit a I'extinction de la mégafaune via une chasse
excessive (Martin & Steadman 1999, Wolverton 2010, Johnson 2002). Les pratiques agricoles
ont modifié la diversité des communautés biotiques dés le Néolithique (Lopez-Garcia et al.
2013). Le développement des moyens de transport ont par la suite augmenté les échanges
entre les continents, entrainant une modification importante de la répartition géographique
des principales espéces cultivées et de nombreuses espéces sauvages (Beinart & Middleton
2004), certaines d’entre elles étant décrites comme envahissantes des le 19°™ sjacle
(Richardson & Pysek 2007) comme I’Ajonc d’Europe introduit dés 1825 sur |'ile de la Réunion

(Udo et al. 2017) ou encore le lapin introduit en Australie en 1859 (Ratcliffe 1959).

Depuis quelques décennies, les activités humaines se sont multipliées et intensifiées
a un rythme sans précédent (Figure 1), modifiant ainsi en profondeur (i) la diversité, la
structure et la dynamique des communautés biotiques, et par conséquent (ii) le
fonctionnement des écosystémes, notamment via une altération des services
écosystémiques (Chapin Il et al. 2000, Sala et al. 2000, Millennium Ecocystem Assessment
2005). Avec un taux d’extinction du nombre d’espéces depuis 1900 de 100 a 1 000 fois plus
important que les 1 a 10 millions d’années précédentes (Pimm et al. 1995, Pimm et al. 2014),
le déclin observé de la biodiversité est sans précédent, affectant plus de trois quarts de la

surface des biomes terrestres (Ellis et al. 2012).
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Figure 1: Composantes des changements globaux menant a un déclin de la biodiversité. L'utilisation des terres
comprend la perte et la fragmentation des habitats, I'intensification des pratiques agricoles, I'étalement urbain
et I’érosion des sols. Figure modifiée d’apres Vitousek et al. (1997).

Parmi les modifications environnementales majeures liées aux activités humaines
récentes, nous pouvons citer le changement climatique observé a une échelle mondiale. Le
climat étant un des principaux facteurs abiotiques déterminant les aires de distribution
géographique des espéces, une augmentation de température de seulement 1°C entraine a
la fois un déplacement des niches climatiques et une remontée importante des especes vers
de plus hautes latitudes (Thuiller 2007, Kelly & Goulden 2008, Felde et al. 2012). A une
échelle régionale ou a une échelle des paysages, une forte progression du tourisme et des
échanges commerciaux a entrainé une augmentation du nombre d’introductions d’espéces
exotiques dans les pays (Beinart & Middleton 2004, Carruthers et al. 2011), perturbant
potentiellement les interactions au sein des communautés biotiques (Elton 1958, Gilman et
al. 2010). Ainsi, depuis le début du siecle, de nombreuses épidémies sur les plantes cultivées
résultent de sauts géographiques d’espéces pathogénes, comme le chancre bactérien du
kiwi causé par la bactérie Pseudmonas syringae pv. actinidiae qui s’est propagée a travers le
monde via des plantules importées de kiwi (Bartoli & Roux 2017). Aux mémes échelles
géographiques, des modifications de I'environnement comme la perte des habitats et leur

fragmentation (Aguilar et al. 2006), I'intensification des pratiques agricoles ou I'urbanisation,



vont entrainer I'apparition de nouvelles barrieres géographiques auxquelles les espéces
n’ont jamais été confrontées. Par exemple, de par la construction de routes et de batiments
qui divisent et isolent les habitats naturels, les zones urbaines deviennent de véritables
barriéres pour les espéces animales et végétales (Van Rossum & Triest 2010). Par ailleurs,
selon les régions géographiques du globe, le dépo6t d’azote atmosphérique, I'augmentation
de CO,, la production et la prolifération de composés organiques persistants (e.g.
fluorochrome) ou la surexploitation des stocks de ressources biologiques ont été signalés
comme des changements globaux ayant des effets non négligeables sur la biodiversité
(Vitousek et al. 1997, Sala et al. 2000).

L'hétérogénéité des changements globaux en cours et les différences d’échelles
spatiales auxquelles ils sont observés vont se superposer aux filtres environnementaux
existants (Figure 2), augmentant ainsi la multiplicité des pressions de sélection et leurs

interactions auxquelles devront faire face les espéces.

Pool d’especes au niveau mondial
Filtre biogéographique
Pool d’especes au niveau régional

Filtre capacité de dispersion

Pool d’especes au niveau du paysage
Filtre abiotique
Pool d’especes au niveau du Habitat
Filtre biotique
Espece cible
Filtre génétique

Phénotype

Figure 2: Différents filtres environnementaux agissant a différentes échelles spatiales. Ce sont la combinaison
de différents agents sélectifs qui créeront le maillage de ces filtres environnementaux. Figure modifiée d’apres
Gugerli et al. (2013).



En présence de ce nouveau réseau de pressions de sélection, trois types de réponse
non-exclusifs peuvent étre adoptés par les especes (Hansen et al. 2012). Sur le court terme,
les individus peuvent s’acclimater aux changements de conditions environnementales via la
plasticité phénotypique, en exprimant des phénotypes particuliers en réponse aux
conditions environnementales locales. Sur le long terme, les organismes peuvent migrer vers
des sites plus favorables, potentiellement sur de longues distances. Le troisieme type de
réponse correspond a la sélection génétique amenant a I'adaptation locale. Ci-dessous, je

décris plus précisément ces trois types de réponse.

Figure 3: Réponses potentielles d’une espéce face a différents agents sélectifs, lui permettant de survivre a ce
nouvel environnement. D’aprés Matesanz & Valladares (2014).

La plasticité phénotypique correspond a la capacité d’'un génotype a produire

plusieurs phénotypes en fonction de I'environnement biotique ou abiotique auquel il est



exposé (Sultan 2000, Agrawal 2001). Ainsi, la plasticité phénotypique permettrait a court
terme une réponse rapide d’une espece en modifiant son phénotype sans modification
génétique (Matesanz & Valladares 2014). L’hétérogénéité environnementale favorise la
plasticité phénotypique (Moran 1992, Sultan & Spencer 2002). Ceci est d’autant plus vrai
dans le cas d’une hétérogénéité temporelle ou tous les individus font face a une
modification de I'environnement. A l'inverse, dans le cas d’'une hétérogénéité spatiale, des
refuges peuvent toujours persister permettant ainsi aux génotypes fixés adaptés localement
de se maintenir.

Les modeles théoriques prédisent que la plasticité phénotypique adaptative peut
aider les populations naturelles a se rapprocher d’un nouvel optimum phénotypique (Lande
2009, Chevin et al. 2010). Face aux changements globaux en cours, il est donc attendu que la
plasticité phénotypique soit une réponse adaptative répandue entre les especes. Cependant,
malgré ses bénéfices théoriques, la plasticité phénotypique adaptative n’est pas aussi
fréqguente qu’on pourrait I'espérer (Charmantier et al. 2008). Cette contradiction entre
théorie et observations peut résulter de colts et de limites qui entravent I'évolution de la
plasticité phénotypique adaptative. Parmi les nombreux colts et limites répertoriés (DeWitt
et al. 1998), nous pouvons citer dans le cadre du changement climatique le manque de
fiabilité des signaux environnementaux, amenant les individus a des réponses plastiques
non-adaptatives ou mal-adaptatives (van Kleunen & Fischer 2005, Chevin et al. 2010, Price et
al. 2013, Murren et al. 2015). De tels signaux peuvent correspondre a des évenements
climatiques extrémes en dehors de la gamme historigue des conditions climatiques
rencontrées par les populations. Par ailleurs, la plasticité phénotypique est théoriquement
favorisée dans des environnements ou les variations environnementales sont régulieres et
prédictibles (Moran 1992, Sultan & Spencer 2002). Or, le changement climatique est non
seulement associé a une augmentation moyenne des températures mais aussi a une

augmentation du niveau de fluctuation des conditions climatiques entre les années.

Face aux changements globaux, un deuxieme type de réponse correspond a la
migration des espéces depuis leurs milieux d’origine devenus défavorables vers de nouveaux

milieux correspondant a leur niche écologique (Hansen et al. 2012). Ce type de réponse est



notamment attendu dans le cadre du changement climatique olu un déplacement des
enveloppes climatiques vers de plus hautes latitudes est d’ores et déja observé.

Durant ces dernieres décennies, il a été observé une migration des espéces avec un
taux moyen de déplacement de 17.6 km/décennie et une remontée moyenne des espéces
en altitude de 11 m/décennie (méta-analyse réalisée par Chen et al. 2011). Cependant, la
dynamique de migration est trés variable entre les espéces (Chen et al. 2011), entrainant par
conséquent une modification de la diversité et de la composition des communautés et des
interactions interspécifiques inhérentes (Gilman et al. 2010, Singer et al. 2013). De maniére
intéressante, il peut méme étre observé une augmentation provisoire de la biodiversité a
I’échelle du paysage, avec I'arrivée rapide de nouvelles espéces qui est concomitante a une
extinction plus lente d’autres espéces déja présentes dans les communautés (Jackson & Sax
2010, Hautekeete et al. 2014). Ces étapes transitoires suggerent I'importance d’étudier la
dynamique de la biodiversité a différentes échelles géographiques : déclin de la biodiversité
a une échelle mondiale vs augmentation provisoire de la biodiversité a I’échelle du paysage.

Pour suivre le déplacement géographique des enveloppes climatiques, les espéces
végétales dispersant leur pollen et leurs graines sur de longues distances (i.e. espéces
anémochores, espéces zoochores...) seront favorisées par rapport aux especes végétales
ayant des distances de dispersion limitées (i.e. espéces barochores). Cependant, méme pour
les especes végétales avec de longues distances de dispersion, la probabilité qu’une
propagule arrive dans un milieu favorable peut étre fortement réduite a cause de la
présence de barrieres naturelles (court d’eau, montagne, forét...) mais surtout a cause de

I’augmentation de la présence de barrieres anthropiques (route, urbanisation, champs...).

Le troisieme type de réponse pour répondre aux changements globaux concerne
I’adaptation locale via la sélection génétique (Hansen et al. 2012). Ce type de réponse
repose sur la disponibilité dans les populations de variants génétiques qui seront
sélectionnés lors de la marche adaptative vers un nouvel optimum phénotypique. Plusieurs
sources peuvent étre a I'origine de ces variants génétiques (Bay et al. 2017) :

- Immigration d’alleles a partir de populations proches (i.e. ‘genetic rescue’)

(Hoffman & Sgro 2011).



- Apparition de nouvelles mutations dans les populations naturelles (i.e. de novo
mutations).
- Variation génétique préexistante dans les populations naturelles (i.e. ‘standing

genetic variation’).

Toutefois, ces trois sources de variants génétiques n’apparaissent pas équivalentes
en termes de vitesse de réponse a des changements globaux rapides. En effet, les
contraintes imposées par |'attente de nouvelles mutations peut entrainer une limite
adaptative rapidement atteinte par les populations (Stapley et al. 2010, Hancock et al. 2011).
Les flux de genes peuvent effectivement permettre I'arrivée dans une population d’alléles
pré-adaptés a des modifications environnementales. Cependant, les flux de génes entre
populations proches restent limités sur une courte période de temps ; et ce phénomeéne est
d’autant plus accentué par lI'augmentation des barriéres anthropiques comme décrit
précédemment. Par ailleurs, une contrepartie associée aux flux de génes est I'immigration
simultanée d’alléles maladaptés augmentant potentiellement le fardeau génétique des
populations.

Il apparait donc indispensable que les populations possedent une variation
génétique préexistante suffisante pour répondre rapidement aux changements globaux. Une
population génétiquement diversifiée permet d’augmenter la probabilité que certains
individus aient une combinaison génétique favorable pour répondre a de nouveaux stress
environnementaux, et ainsi permettre d’atteindre un nouvel optimum phénotypique plus

rapidement (Chevin et al. 2010, Figure 4).
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Figure 4: lllustration de I'importance de la diversité génétique préexistante dans les populations naturelles
pour répondre rapidement aux changements globaux. Trois populations de quatre individus homozygotes sont
représentées ici. La population 1 est génétiquement monomorphe alors que les populations 2 et 3 présentent
une diversité génétique. Lors d’'un changement environnemental symbolisé par la fleche noire, une
combinaison d’alléles devient alors optimale. Cette combinaison « idéale » pour le nouvel environnement est
représentée sur le coté gauche du schéma. Les alleles adaptatifs vis-a-vis du nouvel environnement sont
colorés, alors que les alleles neutres sont en gris. La combinaison « idéale » n’étant pas présente dans la
population 1, elle a de fortes chances de s’éteindre. En revanche, la combinaison « idéale » est déja présente
dans les deux autres populations, leur permettant de s’adapter rapidement a ce nouvel environnement et ainsi
de se maintenir.

B. Identification des bases génétiques de |'adaptation

Comme nous I'avons vu précédemment, une réponse des espéces a des changements
globaux rapides passera en partie par la sélection génétique, notamment a partir de la
variation génétique préexistante. Afin de déterminer le potentiel adaptatif des populations
naturelles face aux changements environnementaux d’origine abiotique et/ou biotique
globaux (Bergelson & Roux 2010, Bay et al. 2017), un des enjeux majeurs en écologie
évolutive est donc d’étudier I'architecture génétique de l'adaptation et implique de

s’intéresser aux questions suivantes (liste non exhaustive) :

- Quel est le nombre de genes sous-jacents a I'adaptation locale ?
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- Quelle est la distribution des effets alléliques ?
- Quelle est I'identité des genes adaptatifs et des fonctions biologiques associés?
- La pléiotropie et I'épistasie contribuent-elles a la marche adaptative vers un

nouvel optimum phénotypique ?

En tirant bénéfice du développement récent de technologies de séquencage haut
débit (Next Generation Sequencing technologies, NGS) permettant d’obtenir un nombre
sans précédent de marqueurs génétiques (notamment de type Single Nucleotide
Polymorphism, SNP), quatre approches complémentaires peuvent étre utilisées pour étudier
I'architecture génétique de I'adaptation, et plus particulierement pour cartographier

finement les génes sous-jacents a I'adaptation (Table 1).

Approach

Data collected/resources required

What analysis reveals

Genetic differentia-
tion outlier tests

Genetic-environment
association

QTL mapping in a
reciprocal trans-
plant field experi-
ment

GWAS

Population-specific
selective sweeps

Genome-wide SNPs from multiple
populations

Genome-wide SNPs from multi-
ple populations and environ-
mental data for each population

Hybrids (F.s, BCs, RILs, etc.) be-
tween locally adapted popula-
tions grown and phenotyped
for fitness traits in reciprocal
transplant common garden ex-
periment

Genome-wide SNPs from
hundreds of individuals grown
in one or multiple common
gardens; phenotypes and/or fit-
ness for each individual

Genome-wide SNPs from at least
two populations and a recom-
bination map

Allele frequencies for a SNP or
SNPs that are differentiated
across populations above what
is expected from neutrality

Alleles at a SNP or SNPs that are
associated with environmental
variables over space

Use of hybrids allows identifying
QTLs involved in local adapta-
tion and the effect size of those
QTLs on fitness; can resolve
whether trade-offs at individual
loci underlie local adaptation

Identifies SNPs that are associated
with traits associated with fit-
ness measured under field con-
ditions

DNA sequences with longer-than-
expected regions of extended
haplotype homozygosity, which
is consistent with a recent se-
lective sweep in one of the
populations

Table 1: Différentes approches permettant d’identifier les bases génétiques de I'adaptation locale (d’aprés
Hoban et al. 2016). SNP: single nucleotide polymorphism, QTL: quantitative trait loci, BC: backcross, RIL:
recombinant inbred lines, GWAS: genome-wide association studies.

Les méthodes ‘genetic differentiation outlier tests’ et ‘population-specific selective
sweeps’ ne s’appuient que sur des données génomiques et cherchent a identifier des régions

génomiques dont les patrons de diversité et de sélection s’écartent des attendus neutres.



Bien que largement utilisées, ces deux méthodes fournissent une liste de genes candidats
gu’il est souvent difficile de relier a des agents sélectifs potentiels ou a des traits
phénotypiques adaptatifs. Pour palier ce manque, des méthodes statistiques permettant
d’identifier le long du génome des polymorphismes génétiques associés soit a des variables
écologiques (‘Genome-Environment Association’, GEA), soit a des traits phénotypiques (‘QTL
mapping traditionnel’ et ‘GWAS’) ont été développées. Ci-aprés, je me focalise plus
particulierement sur ces méthodes d’analyses d’association génome-environnement et de

QTL mapping sur des traits supposés adaptatifs.

Les analyses de type association génome-environnement (Genome-Environment
Association, GEA) reposent sur l'effet de gradients écologiques sélectifs spatiaux sur la
variation génomique d’une espece donnée (Lasky et al. 2012). En effet, un environnement
hétérogéne au niveau abiotique ou biotique conduit a différents optima phénotypiques
locaux, qui se traduiront par une différenciation spatiale des variants génétiques sous-
jacents aux phénotypes impliqués dans la réponse aux agents sélectifs. Ce type d’analyses
permet donc non seulement d’identifier des genes potentiellement impliqués dans
I'adaptation mais aussi de décrire les facteurs écologiques responsables de leur divergence

génétique entre les populations (Pluess et al. 2016, Figure 5).

Réalisées dans un premier temps par des approches individu-centré ou un seul
individu par population était caractérisé au niveau génomique, les analyses de type GEA ont
été réalisées par la suite en adoptant des approches populationnelles afin de tirer bénéfice

des informations apportées par la variation génétique intra-population.



Figure 5: Principe de I'analyse d’Association Génome-Environnement (GEA). Les génomes sont représentés
pour sept populations. A droite, la caractérisation d’une variable édaphique et d’un descripteur des
communautés végétales est indiquée pour chacune des populations. En bas du schéma, les coefficients de
corrélation entre la variation génétique et la variation écologique (violet : variable édaphique, vert : richesse
spécifique) sont tracés en fonction de la position des marqueurs génétiques polymorphes le long du génome.

Une des premiéres études de type GEA le long du génome chez une espéce sauvage a
été réalisée par une approche individu-centré (Hancock et al. 2011). Pour réaliser cette
étude, les auteurs se sont basés sur 948 accessions européennes de |'arabette des dames
(Arabidopsis thaliana) génotypées pour 215k SNPs et caractérisées pour 13 variables
climatiques (extrémes et saisonnalité des températures et des précipitations). Pour identifier
les régions génomiques associées aux variations climatiques, les auteurs ont utilisé un test
partiel de Mantel basé sur le calcul du coefficient de corrélation de Spearman entre un SNP
donné et une variable climatique, tout en controlant pour I'effet de [I'histoire
démographique d’A. thaliana en utilisant une matrice d’apparentement entre les 948

accessions calculée a partir des 215k SNPs. Ces analyses ont permis d’établir une carte



génomique de I'adaptation au climat chez A. thaliana. En effet, les SNPs les plus fortement
corrélés au climat étaient significativement enrichis en variants génétiques correspondant a
des changements d’acide aminé, suggérant que I'approche individu-centré de type GEA a

bien permis d’identifier des loci adaptatifs.

A partir de 202 accessions de la luzerne tronquée (Medicago truncatula) génotypées
pour environ 2 millions de SNPs, une approche individu-centré a aussi été adoptée pour
identifier les loci candidats sous-jacents a I'adaptation a trois gradients climatiques, a savoir
la température annuelle moyenne, les précipitations du mois le plus pluvieux et
I'isothermalité (Yoder et al. 2014). Pour identifier les SNPs les plus associés a ces trois
variables climatiques, les auteurs ont utilisé un modeéle linéaire mixte incluant une matrice
d’apparentement pour controler les effets confondants associés a I’histoire démographique
de Medicago truncatula. En se basant sur I’étude des signatures de sélection dans les régions
génomiques encadrant les SNPs les plus fortement corrélés au climat, les auteurs ont conclu
qgue les loci sous-jacents a I'adaptation au climat étaient soumis a un balayage sélectif basé

sur de la variation génétique préexistante (i.e. ‘soft selective sweeps’).

A partir de 1943 cultivars africains et indiens génotypés pour 404 627 SNPs et
caractérisés pour des variables climatiques et édaphiques, une approche individu-centré a
été récemment adoptée chez une plante d’intérét agronomique, i.e. le sorgo commun
(Sorghum bicolor) (Lasky et al. 2015). Un modéle mixte linéaire incluant une matrice
d’apparentement a aussi été utilisée pour identifier les SNPs les plus associés au climat et au
sol. Comme précédemment observé chez A. thaliana, les SNPs les plus fortement corrélés
aux variables écologiques étaient significativement enrichis en variants génétiques
correspondant a des changements d’acide aminé. Ces résultats ont ainsi permis aux auteurs
de proposer des génes candidats de réponse a la sécheresse et de tolérance a la toxicité a

I"aluminium qui pourront étre intégrés dans des programmes d’amélioration variétale.

Bien que tres puissantes, les approches individuelles négligent la variation génétique

au sein des populations. Cependant, comme cela a été énoncé précédemment, il est



important de considérer la variation génétique intra-populationnelle pour obtenir une
meilleure estimation du potentiel adaptatif des populations naturelles. Ainsi, une étude
effectuée a partir de simulations a démontré qu’une approche populationnelle permettrait
d’augmenter la puissance statistique des associations entre variation des fréquences

alléliques des populations et variation des facteurs écologiques (Lotterhos & Whitlock 2015).

Ces approches populationnelles ont été peu utilisées jusqu’a présent car le
séquencage de plusieurs individus par population peut se révéler trés coliteux. Pour palier ce
probléeme, une alternative a été proposée par |'utilisation de I'approche Pool-Seq. Cette
approche consiste pour une population donnée, a extraire ’ADN de chaque individu, puis de
créer un bulk de maniere équimolaire et de séquencer ce bulk (Schléterrer et al. 2014).
Plusieurs études ont démontré que les fréquences alléliques estimées a partir d’'une
approche Pool-Seq étaient fortement corrélées aux fréquences alléliques obtenues a partir

d’un séquencage individuel (Schloterrer et al. 2014, Fracasetti et al. 2015).

Les analyses de type GEA basées sur des données de fréquences alléliques peuvent
étre réalisées suivant différentes méthodes (De Villemereuil et al. 2014, Lotterhos et

Whitlock 2015), dont en voici un apercu (liste non exhaustive):

- Méthodes basées sur la différentiation génétique entre populations naturelles
vivant dans des habitats écologiques contrastés.

(i) BayeScan (Foll & Gaggiotti 2008). Basée sur l'estimation d’un indice de
différenciation génétique entre populations (Fst), cette méthode Bayésienne
permet d’identifier des marqueurs génétiques présentant des valeurs
extrémes de Fst entre des populations écologiquement différentes.

(ii) BayeScEnv (De Villemereuil & Gaggiotti 2015). Cette méthode (elle-aussi
Bayésienne) est une extension de BayeScan incorporant une information
environnementale sous la forme d’une différenciation environnementale
continue entre populations. Cette méthode permet ainsi d’associer une

variable environnementale spécifique a une forte différenciation génétique.



- Méthodes permettant d’estimer l'intensité d’une relation entre les fréquences

alléliques et un gradient écologique.

(iii) Modéle mixte incluant des facteurs latents (Latent factor Mixed Model,

LFMM) (Frichot et al. 2013). Dans un premier temps, cette méthode génere
des variables latentes modélisant I’histoire démographique de I'espéce (i.e.
structure génétique des populations) par une approche comparable a une
Analyse en Composantes Principales. Afin de limiter le taux de faux positifs
(fausses association génome-environnement), ces variables latentes sont par
la suite incorporées comme co-variables dans les modeéles de régression entre

les fréquences alléliques et les variables écologiques.

(iv) BayEnv (Coop et al. 2010). Pour tenir compte de I'histoire démographique de

(v)

I'espeéce, cette méthode Bayésienne estime dans un premier temps une
matrice de covariance des fréquences alléliques entre populations a partir
d’'un sous-jeu de marqueurs génétiques, permettant ainsi d’estimer un
modele nul auquel les corrélations entre fréquences alléliques a un marqueur
génétique donné et une variable écologique sont comparées. La significativité
de cette comparaison est approximée par I'estimation d’un facteur bayésien
(Bayes Factor, BF). Récemment, une nouvelle version de BayEnv (BayEnv2) a
été mise a disposition afin d’intégrer les données obtenues a partir d'une
approche Pool-Seq (Glinther et Coop, 2013).

BayPass (Gautier 2015). Elaborée a partir de la méthode BayEnv2, cette
méthode Bayésienne permet une meilleure estimation de la matrice de
covariance populationnelle via une modification du paramétrage des priors
concernant la fréguence moyenne des alleéles de référence. Par ailleurs,
BayPass propose des stratégies alternatives de modélisation de la relation
entre fréquences alléliques et variables écologiques. Par exemple, au-dela du
modele STD (‘Standard covariate model’) qui correspond a une extension du
modele développé dans BayEnv, BayPass propose le modele AUX (‘Auxiliary
variable covariate model’) qui introduit dans le modele STD une variable
auxiliaire binaire qui est attachée au coefficient de régression ‘fréquences
alléliques — variation écologique’ de chague marqueur génétique testé,

permettant ainsi de classifier chague marqueur génétique testé comme



associé ou non (‘binary decision’) a une variable écologique donnée. Comme
pour BayEnv2, la méthode BayPass est aussi adaptée aux données obtenues a

partir d’'une approche Pool-Seq.

Les études de GEA basées sur une approche populationnelle restent peu nombreuses
chez les espéces sauvages mais deviennent de plus en plus populaires. Par exemple, a partir
de cing populations d’arabette de Haller (Arabidopsis halleri) caractérisées pour cing
variables topo-climatiques et pour lesquelles les fréquences alléliques le long du génome ont
été obtenues par une approche Pool-Seq, 175 genes ont été identifiés (a partir de test
partiels de Mantel) comme significativement associés a une ou plusieurs des cing variables

topo-climatiques (Fischer et al. 2013).

Une étude comparative menée sur trois espéces de chénes (Quercus petraea, Quercus
pubescens, Quercus robur) en Suisse a été réalisée a partir de 71 populations (~20 individus
par population) caractérisées (i) par une approche Pool-Seq d’amplicons de génes candidats
(Rellstab et al. 2016) et (ii) pour 31 variables abiotiques (topographie, climat et sol). En
utilisant la méthode LFMM, les auteurs ont identifié sept géenes communs entre les 3
espéces, comme significativement associés aux mémes facteurs abiotiques (précipitations et

teneur en argile dans les sols).

A partir de 10 populations de I'épinoche a trois épines (Gasterosteus aculeatus)
localisées dans la Mer Baltique et caractérisées pour plus de 30 000 SNPs obtenus par une
approche Pool-Seq, de nombreuses régions génomiques ont été identifiées via la méthode

BayEnv comme associées a des gradients de température et de salinité (Guo et al. 2015).

L'approche de type GEA s’avere trés puissante pour identifier les bases génétiques
associées a des variables écologiques, permettant ainsi d’obtenir une meilleure
compréhension des processus sous-jacents a I'adaptation locale de certaines espéces a leur
environnement. Cependant, a notre connaissance, toutes les études GEA réalisées jusqu’a

présent se sont intéressées uniquement a des variables abiotiques. Notamment, du fait de la



disponibilité d’'un nombre important de bases de données climatiques, la majorité des
études de type GEA ont porté sur I'identification de régions génomiques associées au climat
(Bay et al. 2017). Dans une moindre mesure, des études de type GEA ont porté sur des
variables édaphiques, soit par identification de régions génomiques spatialement
différenciées entre des populations échantillonnées sur deux habitats édaphiques tres
contrastés (Arabidopsis lyrata sur des sols serpentiniques et des sols non-serpentiniques,
Turner et al. 2010), soit par identification de régions génomiques associées a un gradient

édaphique (Lasky et al. 2015, Pluess et al. 2016, Rellstab et al. 2016).

Or, au cours de son cycle de vie, un individu ne répond pas seulement a des
conditions abiotiques. En effet, un individu interagit simultanément et séquentiellement, de
maniére directe ou indirecte, avec une large gamme de partenaires biotiques, dont les
relations peuvent varier du mutualisme a la pathogénicité en passant par la compétition
avec d’autres especes ou avec ses congénéres (Roux & Bergelson 2016). Par ailleurs, il est
prédit que les interactions interspécifiques peuvent fortement affecter la réponse des
especes et des communautés biotiques aux changements climatiques (Gilman et al. 2010,
Singer et al. 2013). Ainsi, de nombreux agents sélectifs potentiels y compris les facteurs
biotiques doivent étre considérés afin d’obtenir une vision plus compléte du paysage

génomique de I'adaptation locale.

Comprendre l'architecture génétique de I'adaptation d’une espéce peut également
passer par I'étude des relations existantes entre variation génétique et variation naturelle de
traits phénotypiques supposés adaptatifs. Ci-dessous, je présente les deux grandes
catégories de méthodes qui peuvent étre utilisées pour cartographier les QTLs (Quantitative
Trait Loci) associés a la variation naturelle de traits phénotypiques (Bazakos et al. 2017).

La premiere catégorie de méthodes correspond aux analyses de liaison ou bien
encore appelée QTL mapping traditionnel (Bergelson & Roux 2010). Ces méthodes ont vu le
jour deés la fin des années 80 et sont basées sur une carte génétique correspondant a une
représentation de la position de marqueurs génétiques les uns par rapport aux autres, avec

les distances entre marqueurs exprimées en termes de fréquence de recombinaison. Le QTL



mapping traditionnel est réalisé a partir de populations ségrégées, i.e. des populations
artificielles découlant de croisements entre deux ou plusieurs génotypes parentaux. On
comprend alors aisément que ces méthodes de cartographie QTL traditionnelle aient été
plus largement adoptées chez les espéces végétales que chez les espéces animales. En effet,
chez les plantes, les croisements entre génotypes d’'une méme espeéce générent en moyenne
un plus grand nombre de descendants que les croisements au niveau intraspécifique chez les
animaux. Par ailleurs, les croisements interspécifiques peuvent étre plus facilement réalisés
chez les espéces végétales que chez les espéces animales, permettant de s’intéresser a

I’architecture génétique d’une adaptation propre a une espéece donnée.

Plusieurs types de populations de QTL mapping traditionnel peuvent étre utilisés
pour cartographier les marqueurs génétiques associés a la variation naturelle phénotypique
(Figure 6). Les premieres populations de QTL mapping traditionnel qui ont été développées
correspondent a des populations F2, issues généralement de I'autofécondation d’un individu
F1 hybride obtenu par croisement entre deux génotypes parentaux. L’avantage de ce type
de populations est qu’elles permettent une estimation de la dominance des QTLs identifiés,
ce qui peut étre une information précieuse pour comprendre l|'architecture d’'un trait
adaptatif. Cependant, un inconvénient majeur des populations F2 est que chaque individu F2
phénotypé doit aussi étre génotypé (a I'exception des espéces végétales avec un mode de
multiplication végétative).

Pour résoudre ce probleme, les populations de lignées recombinantes consanguines
(Recombinant Inbred Line RIL, Figure 6 et Figure 7) ont été développées et correspondent a
des lignées issues de descendants F2 qui ont subi plusieurs générations d’autofécondation
jusqu’a obtenir des lignées quasi-homozygotes représentant une mosaique unique des deux
génomes parentaux (Bazakos et al. 2017). Ces populations sont devenues trés populaires car
les lignées RILs peuvent étre phénotypées presque indéfiniment mais génotypées qu’une
seule fois puisqu’il s’agit de lignées quasi-homozygotes (Savolainen et al. 2013, Bazakos et al.
2017). Malgré ces avantages, la diversité génétique présente au sein d’une famille RIL est

limitée a la diversité génétique des deux génotypes parentaux.



Figure 6: lllustration des différentes populations de QTL mapping traditionnel pouvant étre utilisées pour
cartographier les marqueurs génétiques associés a la variation naturelle phénotypique. RILs: Recombinant
inbred line, AI-RILS: Advanced intercross-recombinant inbred lines, HIF: Heterogeneous inbred family, MAGIC:
multiparent advanced generation inter-cross lines, NIL: near-isogenic line. D’aprés Bergelson & Roux 2010.

Ainsi, une troisieme type de population a vu le jour il y a quelques années et
correspond aux lignées MAGIC (multiparent advanced generation intercross, Figure 6)
(Cavanagh et al. 2008) qui ont été développées a la fois chez des espéces sauvages comme
A. thaliana (Kover et al. 2009) ou des espéces cultivées comme le blé ou le riz (Huang et al.
2012, Bandillo et al. 2013). Contrairement aux familles RILs, des croisements multiples sont
effectués entre plusieurs génotypes parentaux et ceci sur plusieurs générations. Les
descendants a partir de ce schéma de croisement sont ensuite autofécondés sur plusieurs
générations, permettant de créer des lignées quasi-homozygotes comme pour les familles
RILs. Ces populations MAGIC ont donc a la fois I'avantage d’étre tres diversifiées
génétiquement mais aussi de contenir des lignées quasi-homozygotes. Par ailleurs, les
générations de croisement supplémentaires permettent d’augmenter le nombre
d’événements de recombinaison et donc d’obtenir une meilleure précision que les familles

RILs quant a la localisation des QTLs le long du génome.



Figure 7: lllustration de la méthode de QTL mapping avec des familles RILs. Le QTL mapping permet d’associer
une variation phénotypique au polymorphisme de certains marqueurs génétiques.

Malgré tout, les populations de QTL mapping traditionnel restent trés peu résolutives
et difficiles a mettre en place chez la plupart des especes animales. Ainsi, la méthode de
Genome-Wide Association (GWA) mapping est apparue comme une alternative puissante
pour cartographier finement les régions génomiques associées a la variation phénotypique

naturelle (Figure 8) (Mitchell-Olds & Schmitt 2006).
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Figure 8: lllustration de la méthode de GWA mapping bénéficiant des événements de recombinaison passés. La
figure du haut représente une population d’origine avec différentes versions d’un chromosome. Le
chromosome noir symbolise une version ancestrale ou une mutation s’est produite (représentée par un
triangle) et responsable d’un nouveau phénotype. Aprés des milliers de générations, des événements de
recombinaisons se sont accumulés. Les chromosomes de la population actuelle représentée en bas sont ainsi
caractérisés par une mosaique de régions génomiques dérivées de la population d’origine. Dans la nouvelle
population, les trois individus du bas auront un phénotype différent des trois autres individus, dG a la mutation
arrivée dans la population d’origine (triangle). Le marqueur moléculaire ‘b’ étant proche de ce polymorphisme,
il sera ainsi corrélé avec le phénotype. En revanche, les marqueurs ‘a’ et ‘c’ sont distants de ce polymorphisme
causal et ne seront donc pas corrélés au phénotype. D’apreés Mitchell-Olds & Schmitt (2006).



En effet, en tirant bénéfice des évenements de recombinaison qui se sont accumulés
sur plusieurs centaines de milliers d’années (voir millions d’années), le GWA mapping utilise
le déséquilibre de liaison (DL) naturelle présent dans une collection de génotypes naturels.
Les estimations du DL sont trés variables entre les especes et dépendent principalement du
régime de reproduction: d’environ 1lbp chez la mouche du vinaigre (Drosophila
melanogaster) (MacKay et al. 2012) jusqu’a 500kb chez la variété temperate japonica du riz
(Oryza sativa) qui a un régime de reproduction fortement autogame (Mather et al. 2007),
par exemple. La contrepartie d’un DL court est la nécessité d’avoir un nombre de marqueurs
génétiques suffisants afin de balayer I'ensemble du génome lors des analyses de GWA
mapping. Cependant, avec le développement des NGS, cet inconvénient deviendra de plus
en plus rare dans les années a venir.

Deux autres inconvénients majeurs de la méthode GWA mapping (qui ne pourront
étre résolus par I'utilisation de NGS) restent les faux positifs et I’"hétérogénéité génétique
et/ou allélique. Comme pour les analyses de GEA, les faux positifs correspondent a de
fausses associations génotype-phénotype qui résultent de [I'effet de [I'histoire
démographique de I'espéce (Figure 9). Comme pour les analyses de GEA, plusieurs
méthodes statistiques peuvent étre utilisées pour corriger ces faux positifs. L'une des plus
populaires consiste a intégrer dans un modeéle mixte une matrice d’apparentement entre les
génotypes utilisés dans I'étude phénotypique (Kang et al. 2010). Bien que tres performantes,
ces méthodes statistiques entrainent aussi I'apparition de faux négatifs (Figure 9), c’est-a-
dire des marqueurs génétiques réellement associés a la variation phénotypique naturelle
(i.e. marqueurs causaux) mais qui sont perdus aprés correction pour l'effet de I'histoire

démographique de I'espéce (Brachi et al. 2010).



Figure 9: Illustration des faux positifs et faux négatifs dans les études de GWA mapping. D’aprés Bergelson &
Roux (2010).

L’hétérogénéité génétique provient du fait qu’'une méme valeur phénotypique peut
résulter de différentes combinaisons de QTLs (Figure 10). Par ailleurs, différents alléles a un
méme géne peuvent avoir le méme effet et/ou des effets contrastés pour un phénotype
donné, entrainant des phénomeénes d’hétérogénéité allélique (Figure 10). Ces observations
sont particulierement bien documentées pour la date de floraison dont les bases génétiques
ont été trés étudiées chez différentes espéces végétales comme A. thaliana (Atwell et al.
2010) ou bien encore le mais (Zea mays) (Buckler et al. 2009). Pour limiter les effets de
I'hétérogénéité génétique et de I'hétérogénéité allélique, une solution proposée est de
travailler a une échelle géographique régionale ou la diversité génétique reste importante
tout en étant restreinte par rapport a la diversité génétique observée sur I'ensemble de
I'aire de répartition d’'une espéce (Bergelson & Roux 2010). Travailler a une échelle
géographique régionale présente aussi l'avantage de limiter les effets de [I'histoire
démographique de I'espéce considérée sur la détection des régions génomiques associées a
la variation phénotypique naturelle (i.e. diminution des taux de faux positifs et de faux

négatifs).



Figure 10: lllustration de I'effet de I'hétérogénéité génétique et de I'hétérogénéité allélique sur la détection de
QTLs dans les études de GWA mapping. Cas de la date de floraison. D’aprés Bergelson & Roux (2010).

Bien que puissante et tres prometteuse, (i) I'utilisation de I'approche GWA mapping
reste encore |'apanage de quelques espéces sauvages modeles et de plus en plus des
especes cultivées (Bartoli & Roux 2017), et (ii) I'identité des pressions de sélection agissant

sur les traits phénotypiques supposés adaptatifs est souvent suggérée mais rarement testée.

La majorité des études de QTL mapping ont été réalisées soit dans des
environnements contrdlés de laboratoire pour les espéces sauvages, soit dans des conditions
agricoles (élevage ou champs cultivées) pour les espéces domestiquées. Cependant, la
variation génétique d’'une espece est exposée a la sélection naturelle dans des habitats
écologiquement contrastés. L'étude de l'architecture génétique de I’adaptation dans un
contexte écologiquement réaliste fait ainsi appel aux approches développées en génomique

écologique (Figure 11) (Ungerer et al. 2008).



Figure 11: Figure illustrant le concept de génomique écologique. D’apres Ungerer et al. 2008.

Il est donc important de considérer le contexte écologique dans lequel sont mesurés
les phénotypes. En effet, au cours de leur cycle de vie, les individus percoivent des signaux
environnementaux complexes et variés. Ainsi, quelques études de QTL mapping réalisées
chez A. thaliana ont pu mettre en évidence que l'architecture génétique de la date de
floraison était tres différente entre des conditions de phénotypage de serre et des
conditions de phénotypage sur un terrain expérimental (Weinig et al. 2002, Brachi et al.
2010). Plus précisément, une étude de GWA mapping réalisée a partir de 184 accessions
mondiales d’A. thaliana a montré gu’une majorité des génes associés a la date de floraison
mesurée sur un terrain expérimental dans le Nord de la France étaient impliqués dans la
régulation de I'horloge circadienne, voie de régulation peu citée dans les études de QTL
mapping de la date de floraison mesurée dans des conditions controlées de laboratoire
(Brachi et al. 2010).

Cependant, les conditions écologiques rencontrées par les plantes sur un terrain
expérimental peuvent étre encore trés éloignées des conditions rencontrées par les
populations dans leurs habitats naturels. Ainsi, une étude de QTL mapping traditionnel basée
sur une famille RIL (i) issue d’un croisement entre deux populations d’A. thaliana localement
adaptées (une population localisée en Suede et une population localisée en Italie) et (ii)

phénotypée dans les habitats d’origine des populations, a permis de mettre en évidence que



deux tiers des QTLs associés au nombre de fruits étaient spécifiques aux habitats d’origine
(Agren et al. 2013).

Replacer les études de QTL mapping dans un contexte écologiquement réaliste
permettrait donc a termes de retracer les trajectoires évolutives des traits adaptatifs dans

les populations naturelles.

A quelle échelle géographique étudier I'adaptation locale et I'architecture génétique
sous-jacente ? Cette question est loin d’étre anodine. En effet, bien que I’adaptation locale
ait pu étre observée a des échelles spatiales trés variées (de I'ordre de quelques métres a
I’échelle d’un continent) (Richardson et al. 2014), les études de type GEA ou de GWA
mapping ont la plupart du temps été réalisées a partir d’'une collection de génotypes
échantillonnées a une large échelle spatiale (i.e. monde, continent). Ce constat est
particulierement bien illustré par les études de type GEA portant sur I'adaptation au climat
(Hancock et al. 2011, Lasky et al. 2012, Yoder et al. 2014, Lasky et al. 2015) ou les études de
GWA mapping peu importe le trait phénotypique considéré (Atwell et al. 2010, Huang et al.
2012, Bartoli & Roux 2017).

Le choix de travailler a une large échelle géographique peut étre expliqué par
plusieurs raisons :

- Il est communément admis que travailler sur une collection de génotypes
échantillonnés sur I'ensemble de l'aire de distribution d’une espéce permettra
d’avoir acceés a toute la variation naturelle phénotypique présente au sein de
cette espéece. Bien que cela puisse effectivement étre le cas pour certains traits,
d’autres traits phénotypiques peuvent présenter presque autant de diversité au
sein d’une population locale que sur I'ensemble de I'aire de distribution. Chez A.
thaliana, cela a été observé pour la résistance qualitative et quantitative a des
bactéries phytopathogenes (Huard-Chauveau et al. 2013, Karasov et al. 2014)
ainsi que pour des traits phénologiques comme la date de floraison (Brachi et al.
2013).

- Dans le cadre des changements globaux, un des objectifs est d’estimer le

potentiel adaptatif des espéces afin de prédire I'évolution de la biodiversité au



cours des prochaines décennies. Ainsi, identifier les bases génétiques de
I’adaptation a I’échelle de I'aire de distribution d’une espéce devrait permettre de
prédire le devenir des populations locales. Or, comme nous l'avons évoqué
précédemment, les bases génétiques de I'adaptation a une pression
environnementale peuvent étre trés différentes d’une région géographique a
I'autre (i.e. hétérogénéité génétique) et méme entre des populations locales
proches géographiquement (Hoekstra et al. 2006, Brachi et al. 2013).

- Une raison beaucoup moins scientifique concerne le colt de la caractérisation
génomique des génotypes utilisés dans les études de type GEA ou de GWA
mapping, nécessitant la mise en place de consortiums internationaux ou chaque

laboratoire veut caractériser les génotypes collectés dans son propre pays.

Toutefois, certaines études ont indiqué la complémentarité de travailler a différentes
échelles spatiales. Ainsi, 'importance de travailler a différentes échelles géographiques a été
mise en évidence dans une étude de type GEA réalisée sur I'arabette des Alpes (Arabis
alpina) au sein des Alpes (Alpes européennes, Alpes frangaises et trois massifs montagneux
dans les Alpes frangaises) (Manel et al. 2010). En effet, le pourcentage de loci ALFP corrélés a
8 variables climatiques était dépendant de I'échelle géographique considérée (Européenne :
12% des loci AFLP, régionale: 11% locale : variable entre 3 et 17% suivant le massif
montagneux). De méme, une étude de GWA mapping réalisée sur A. thaliana a cing échelles
géographiques différentes (mondiale, européenne, francaise, régionale et locale) a révélé
qgue les bases génétiques associées a la phénologie étaient tres dépendantes de I'échelle
géographique considérée (Brachi et al. 2013). Ces études suggérent que deux types de
réponse adaptative peuvent étre considérées : (i) une adaptation locale site-spécifique di a
des pressions de sélection variant a une échelle spatiale fine, et (ii) une adaptation plus

générale en réponse aux pressions de sélection agissant a une plus grande échelle spatiale.

Comme préconisé dans certaines études (Bergelson & Roux 2010), I’échelle
géographique a laquelle étudier I'adaptation locale et I'architecture génétique sous-
jacente doit donc étre déterminée en fonction des échelles de variation spatiale des
pressions de sélection auxquelles est confrontée I'espece étudiée. Déterminer I'échelle

géographique a laquelle travailler nécessite donc dans un premier temps d’identifier les



pressions de sélection potentielles agissant sur une espéce donnée. Alors que les bases de
données climatiques permettent une caractérisation rapide des localités ou ont été
échantillonnés les génotypes, la caractérisation d’autres facteurs abiotiques (comme le sol)
et des facteurs biotiques restent laborieuses. Dans un deuxieme temps, il s’agit d’identifier a
quelle(s) échelle(s) spatiale(s) varient ces pressions de sélection potentielles. Les échelles
spatiales de variation écologique étant certainement trés dépendantes de la pression de
sélection considérée, cela entrainera certainement une superposition de grains de
I’environnement, dont la complexité devra étre intégrer lors de I'interprétation des résultats
obtenus a partir d’analyses de type GEA effectuées sur une variable écologique particuliére
ou a partir d’analyses GWA mapping effectuées sur un trait supposé adaptatif.

En complémentarité de I'échelle spatiale de variation des pressions de sélection
potentielles, le choix de I'échelle spatiale d’étude dépendra aussi de la distance de
dispersion de l'espece étudiée. La dispersion moyenne des espéces est de l'ordre de
guelques kilometres par décennies (Chen et al. 2011), loin de I'échelle géographique utilisée
dans la majorité des études de type GEA et de GWA mapping qui est de I'ordre de centaines
voire milliers de kilometres. Ainsi, considérer une plus petite échelle spatiale permettrait

d’étre plus cohérent avec la distance de migration des espéces.

Un des principaux challenges en écologie évolutive est de prédire le potentiel
adaptatif des populations naturelles via I’étude de I'architecture génétique de I'adaptation
et notamment l'identification des bases génétiques de I'adaptation. Une telle connaissance
du potentiel adaptif pourrait permettre de mettre en place des plans de gestion des espéces,
en priorisant certaines populations ou certaines aires géographiques. D’un point de vue
agronomique, étudier I'architecture génétique de I'adaptation et des bases génétiques sous-
jacentes pourrait faciliter les programmes de sélection visant a sélectionner des génotypes
qui maintiendront la productivité face aux changements globaux actuels, avec le challenge

supplémentaire d’intégrer une diminution des intrants dans les pratiques agricoles.

Ce challenge en écologie évolutive passe par trois étapes successives que j'ai

abordées durant ma these:



Identification des pressions de sélection potentielles et leurs échelles spatiales
de variation : comme nous I'avons mentionné précédemment, le principal agent
sélectif étudié est le climat du fait de la disponibilité de bases de données
climatiques. Cependant, les especes vivent dans des milieux trés hétérogénes
aussi bien d’un point de vue abiotique que d’un point de vue biotique. Il est donc
nécessaire de caractériser autant faire que se peut les environnements
abiotiques et biotiques auxquels les populations naturelles sont confrontées.
Ceci permettra non seulement d’appréhender la diversité des agents sélectifs
potentiels mais aussi d’étudier I'importance relative des ces agents vis-a-vis de
I'espece étudiée. Par ailleurs, I'étude de I'échelle spatiale de variation des agents
sélectifs potentiels permettra d’établir le maillage des grains de I'environnement
et ainsi déterminer a quelle échelle géographique travailler pour identifier les
bases génétiques de I'adaptation.

Identification des bases génétiques associées aux agents sélectifs potentiels par
une approche de génomique environnementale: le récent développement des
technologies NGS couplé au développement de méthodes d’analyses statistiques
puissantes représente une incroyable opportunité de réaliser des scans
génomiques pour identifier les régions génomiques associées a un facteur
écologique. Les résultats obtenus permettraient (i) d’avoir un apercu de
I'architecture génétique de I'adaptation, (ii) de connaitre I'identité des fonctions
biologiques cibles de la sélection naturelle, et (ii) de tester si des génes peuvent
étre impliqués dans I'adaptation a plusieurs variables écologiques.

Etude de la dynamique adaptative dans un milieu spatialement hétérogene par
une approche de génomique écologique : les deux étapes précédentes sont
basées sur des approches corrélatives visant a estimer le potentiel adaptatif des
populations naturelles. Pour tester ce potentiel adaptatif, il est complémentaire
d’étudier la dynamique adaptative de populations naturelles, notamment sur
une courte échelle de temps étant donné la rapidité a laquelle s’effectue les

changements globaux.



Durant ma thése, j'ai abordé ces trois étapes successives de I'étude de I'adaptation
en utilisant le modele biologique A. thaliana (Figure 12). Cette plante annuelle de la famille
des Brassicaceae a un régime de reproduction largement autogame (taux d’allogamie moyen
= 2% mais ce taux peut varier de 0 a 20% suivant les populations naturelles ; Platt et al.
2010). Native d’Eurasie et naturalisée notamment en Amérique du Nord, on la trouve
principalement dans des milieux rudéraux (Mitchell-Olds & Schmitt 2006, Bossdorf et al.
2009). En Europe, son principal cycle de vie consiste a germer a 'automne, passer I’hiver
sous forme de rosette, fleurir au début du printemps et produire des graines aux mois de

mai-juin.

Figure 12: Photographies d’Arabidopsis thaliana.

A. thaliana constitue une espece modele idéale pour mener des études a l'interface de
plusieurs disciplines (Mitchell-Olds & Schmitt 2006). Avec (i) un cycle de vie généralement
tres court dans des conditions contrélées de serre (6 semaines entre la germination de la
graine et la maturation du premier fruit appelée silique ; Meinke et al. 1998), (ii) un petit
génome (120Mb, 5 chromosomes) dont le séquencage a été achevé en 2000 (accession
Columbia Col-0, The Arabidopsis Genome Initiative 2000) et (iii) une large gamme de
ressources génétiques publiques pour étudier la variation phénotypique artificielle (mutants

T-DNA par exemple), elle est depuis trois décennies LE modéle d’étude de choix en



génétique moléculaire (Meyerowitz & Somerville 2002). Par ailleurs, I'effort commun de
plusieurs laboratoires internationaux depuis plus de 15 ans ont permis de créer des
ressources génétiques importantes pour étudier la variation naturelle phénotypique et ses
bases génétiques. Rendues publiques et disponibles via des centres de ressources
génétiques (NASC, ABRC, INRA Versailles), ce sont plusieurs milliers d’accessions naturelles
qui sont a la disposition de la communauté scientifique travaillant sur A. thaliana (Platt et al.

2010, Horton et al. 2012, The 1001 Genome Consortium 2016).

Depuis plus d’une dizaine d’années, A. thaliana apparait aussi comme une espece
modeéle en écologie évolutive (Gaut 2012). Sur son aire de répartition mondiale, A. thaliana
est présente dans une grande diversité d’habitats aussi bien d’un point de vue abiotique que
biotique (Jakob et al. 2002, Mitchell-Olds & Schmitt 2006, Shindo et al. 2007). En particulier,
alors qu’A. thaliana est décrite comme une espéce pionniére souvent trouvée dans des
milieux pauvres ou perturbés, rarement en compétition avec d’autres espéces, des études
récentes et des observations sur le terrain semblent prouver le contraire. En effet, lors de
diverses prospections de populations naturelles d’A. thaliana en France réalisées par notre
équipe depuis 2009, nous avons pu observer A. thaliana dans des milieux trés compétitifs

(Figure 13).

Figure 13: Différentes populations d’Arabidopsis thaliana dans des milieux compétitifs de la région Midi-
Pyrénées. Les fleches rouges indiquent A. thaliana.

Cette diversité d’habitats s’observe méme a une échelle géographique de I'ordre de
guelgues kilometres (Brachi et al. 2013). En accord avec ces observations, une variation
génétique importante a été observée pour de nombreux traits phénotypiques

(morphologique, phénologique, physiologique, etc. Atwell et al. 2010) a différentes échelles



géographiques, voire au sein de populations naturelles (Brachi et al. 2013, Huard-Chauveau

et al. 2013).

Ainsi, (i) les connaissances sur le développement, la génétique et la physiologie d’A.
thaliana, (ii) la diversité des habitats rencontrés par A. thaliana, (iii) la disponibilité de
ressources génétiques, et (iv) le développement des technologies NGS couplé au
développement de méthodes d’analyses statistiques puissantes, font d’A. thaliana une
espece de choix pour aborder des questions en écologie et en biologie évolutive (Koornneef

et al. 2004, Mitchell-Olds & Schmitt 2006).

En adoptant des approches de génomique environnementale et de génomique
écologique, je me suis intéressée lors de ma these a I'étude du potentiel adaptatif de
populations naturelles d’A. thaliana, reposant notamment sur l'identification des bases
génétiques associées a son adaptation a différents agents sélectifs. Tout au long de ma
thése, un réalisme écologique a été gardé en considérant plusieurs échelles géographiques
(régionale, habitat, locale), plusieurs pressions de sélection (abiotique et biotique) et en
travaillant avec plusieurs individus par population afin de prendre en compte la variation

génétique au sein des populations naturelles.

Dans leurs habitats naturels, les espéces sont soumises simultanément a de
nombreuses pressions de sélection abiotique et biotique. Pour comprendre I'adaptation des
populations face aux changements globaux, il est important d’identifier ces pressions de
sélection et de comparer leur importance relative avant d’identifier les bases génétiques de
I’adaptation. Dans un premier chapitre, je me suis donc intéressée a identifier ces facteurs
écologiques susceptibles d’étre reliés a un proxy de fitness (i.e. production de graines) et aux
stratégies reproductives d’A. thaliana dans des populations naturelles. J’ai notamment porté
mon attention sur la caractérisation biotique des populations naturelles. Par ailleurs, des
études précédentes au sein de I'équipe ayant montré a une échelle régionale (i) une
variation écologique tres importante (climat, sol, intensité de la compétition interspécifique)

et (ii) un effet de I'histoire démographique limitée (diminution du taux de faux positifs et des



probléemes d’hétérogénéité génétique et allélique) lors d’analyses GWA mapping (Brachi et
al. 2013, Baron et al. 2015), mes travaux sur l'identification des agents sélectifs potentiels
ont porté sur un nouveau jeu de 168 populations naturelles localisées dans la région Midi-
Pyrénées. Ce chapitre vise a répondre a trois grandes questions : (i) Quelle est la variation
naturelle in situ d’'un proxy de fitness (i.e. production de graines) et des stratégies
reproductives chez A. thaliana?, (ii) Quelle est la variation des agents sélectifs potentiels et
a quelles échelles spatiales varient-ils?, et (iii) Quels sont les agents sélectifs potentiels

agissant sur A. thaliana?

Dans un second chapitre, en me basant sur des données de séquencage génomique des
168 populations naturelles obtenues par une approche Pool-Seq, jai effectué des analyses
d’association génome-environnement (GEA) pour identifier les bases génétiques d’A.
thaliana associées a des variables climatiques et a des descripteurs des communautés
végétales. Ce chapitre s’attachera a répondre a plusieurs questions: (i) Quelles sont les
régions génomiques associées a ces agents sélectifs potentiels?, (ii) Ces régions génomiques
présentent-elles aussi des traces d’adaptation locale, suggérant que nous avons bien
identifié¢ des génes adaptatifs ?, et (iii) Les régions génomiques identifiées sont-elles

communes entre différents agents sélectifs ?

Enfin, dans un troisieme chapitre, je me suis intéressée a étudier la dynamique
adaptative d’'une population locale d’A. thaliana dans un milieu spatialement hétérogene.
Pour mener a bien cette étude, j’ai utilisée la population bourguignonne TOU-A (i) située
dans un environnement hétérogene au niveau du sol et de la compétition interspécifique et
(ii) pour laquelle une augmentation de température de 1°C a été observée depuis la fin des
années 1980. Par ailleurs, les graines de 195 accessions naturelles ont été récoltées en 2002
(n = 80) et 2010 (n = 115). Une expérience de résurrection et le séquencage génomique
individuel des 195 accessions m’ont permis d’aborder les questions suivantes : (i) Observe-t-
on une évolution phénotypique adaptative d’A. thaliana en moins de 8 générations ? (ii)
Cette évolution phénotypique est-elle dépendante des conditions abiotiques et biotiques ?
et (ii) Quelle est lI'architecture génétique d’A. thaliana sous-jacente a cette évolution

phénotypique adaptative ?






Chapitre 1

Identification des pressions de sélection
potentielles agissant sur A. thaliana a
une échelle régionale






Afin de comprendre |'adaptation d’une espece face aux changements globaux, il est
essentiel dans un premier temps d’identifier les pressions de sélection pouvant agir
simultanément sur cette espéce et de comparer leur importance relative. Pour mener a bien
ce projet chez A. thaliana, j'ai adopté une approche de type ‘association fitness — variation
écologique’ pour identifier et comprendre quelles pressions de sélection peuvent

potentiellement agir sur cette espéce.

Dans ce chapitre, je me suis focalisée sur 168 populations naturelles d’A. thaliana qui
ont été caractérisées d’un point de vue phénotypique et écologique (Figure 1). En
introduction de ce chapitre, je présente rapidement les différentes variables phénotypiques
et écologiques utilisées. Les variables écologiques sont décrites plus amplement dans les
manuscrits présentés dans le chapitre 2 ou en annexe de ma these, sauf pour les variables

édaphiques dont les analyses n’ont pu étre inclues dans ma thése par faute de temps.

Figure 1: Caractérisations phénotypiques et écologiques de populations naturelles d’A. thaliana en Midi-
Pyrénées.



Dans la région Midi-Pyrénées, le cycle de vie d’A. thaliana est le suivant : germination
fin octobre — début novembre, passage de I'hiver sous forme de rosette, début de floraison
fin février — fin mars et production de graines entre fin avril et mi-juin. Au printemps 2014,
j’ai identifié avec Fabrice Roux 233 populations naturelles d’A. thaliana dans la région Midi-
Pyrénées (Sud-Ouest de la France). En accord avec de précédents travaux effectués sur des
populations naturelles d’A. thaliana dans la péninsule lbérique (Picé 2012), une forte
dynamique des populations a été observée entre le printemps 2014 et I'automne 2015,
période a laquelle j’ai commencé les caractérisations phénotypiques et écologiques. En effet,
27,9% des populations identifiées au printemps 2014 ne contenaient plus (ou trés peu)
d’individus a l'automne 2014. Les principaux facteurs pouvant expliquer cette forte
diminution de la taille de population sont une forte attaque par les herbivores, I'application
d’herbicides, le fauchage, des travaux publiques ou bien encore un glissement de terrain.
Ainsi, lors de ma thése, j'ai travaillé avec 168 populations (Figure 2). Ces populations sont en
moyenne distantes de 100.7 km (min = 0 km, max=265.2 km, médiane = 93.7 km), réparties
dans tous les départements de la région, sauf dans le département du Lot dont le sol est tres
calcaire, c’est-a-dire un sol peu propice a la croissance d’A. thaliana qui est une espece
calcifuge. Les 168 populations peuvent étre classées selon 4 grands types d’habitat (mur, sol
nu, pelouse et prairie) avec des degrés de perturbations et d’interactions avec les espéces

végétales tres différents (Figure 2).

Figure 2: Cartographie des 168 populations en régions Midi-Pyrénées (a) réparties en 4 types d’habitats : mur
(b), sol nu (c), pelouse (d) et prairie (e).



De par sa géographie entre les Pyrénées au Sud, le Massif central au Nord-Est, et une
grande influence de I'océan Atlantique par I'ouest, la région Midi-Pyrénées est une région ou
trois climats différents se rencontrent. En effet majoritairement sous influence océanique, la
région Midi-Pyrénées est contrastée par (i) un courant montagnard au niveau du Massif
Central au Nord-Est et au niveau des Pyrénées au Sud et (ii) un climat Méditerranéen

provenant du Sud-Est (influence du vent d’Autan).

Pour identifier les variables écologiques pouvant agir comme pressions de sélection sur A.
thaliana dans la région Midi-Pyrénées, la production totale de graines a été utilisée comme
proxy de la valeur sélective (fitness). Chez A. thaliana, une méme production de graines
pouvant étre atteinte par différentes combinaisons phénotypiques (Roux et al. 2016), 23
traits phénotypiques supplémentaires ont été mesurés pour caractériser ces stratégies
phénotypiques (Figure 3). Ces traits sont liés a (i) I'acquisition des ressources (diametre de la
rosette), (ii) la dispersion des graines (hauteur maximale de la plante, nombre de branches...)
(Wender et al. 2005), (iii) des stratégies d’allocation des ressources entre nombre de fruits et
nombre de graines par fruit (Reboud et al. 2004), ou bien encore (iv) des stratégies
d’allocation des ressources entre types de branche (Reboud et al. 2004). Lors d’un stage de
M1 que j'ai co-encadré avec Fabrice Roux, Taeken Wijmer a phénotypé 21 des 24 traits
phénotypiques sur une moyenne de dix plantes par population échantillonnées a la fin du
printemps 2015, période correspondant a la fin du cycle de vie d’A. thaliana. Certaines
populations ayant subi un fauchage précoce ou une application d’herbicides, seules 138
populations ont pu étre phénotypées représentant un nombre total de 1 386 plantes. Cette
caractérisation phénotypique a été complétée par des mesures de diametre de la rosette et
du nombre de feuilles de la rosette réalisées directement sur le terrain durant I’hiver 2015
(février-mars) dans les 138 populations. Le ratio ‘hauteur maximal de la plante / diamétre de
la rosette en hiver’ a aussi été calculé permettant d’avoir une information sur les stratégies
d’évitement de la compétition (Baron et al. 2015). Les 24 traits phénotypiques mesurés pour

cette étude sont illustrés en Figure 3.



Figure 3: Représentation des 24 traits phénotypiques mesurés sur A. thaliana dans 138 populations de la région
Midi-Pyrénées.

Lors de ma thése, jai caractérisé les 168 populations a la fois pour des variables
abiotiques comme le climat et le sol, mais aussi pour des variables biotiques comme les
communautés végétales et les communautés microbiennes. L'étude des communautés
microbiennes constituait le projet de recherche de Claudia Bartoli lors de son post-doctorat

dans notre équipe.

Pour caractériser les 168 populations au niveau climatique, j'ai utilisé la base de
données européennes ClimatEU (ClimateEU, v4.63 software package disponible sur

http://tinyurl.com/ClimateEU) qui, contrairement a la base de données WorldClim

(http://www.worldclim.org/), m’a permis d’avoir accés a des données annuelles plus



http://tinyurl.com/ClimateEU
http://www.worldclim.org/

récentes (jusqu’a 2013), tout en ayant une résolution spatiale fine (~1.25 arcmin, ~600 m).
Ainsi, j’ai récupéré les données climatiques annuelles de 2003 a 2013 a partir desquelles j'ai
calculé une moyenne pour chacune des populations. Par ailleurs, I'altitude de chacune des
populations a été récupérée a partir des coordonnées GPS via le site internet
www.coordonnees-gps.fr. Au final, j’ai utilisé un total de 21 variables climatiques liées a
I'altitude, aux températures, aux précipitations et a I’humidité (Tableau 1; Frachon et al.

soumis, chapitre 2).

Variable Description source (résolution)
altitude Altitude (m) www.coordonnees-gps.fr
MAT Température moyenne annuelle (°C) ClimateEU (~ 600m)
MWMT Température moyenne du mois le plus chaud (°C) ClimateEU (~ 600m)
MCMT  Température moyenne du mois le plus froid (°C) ClimateEU (~ 600m)
D Différence de température entre MWMT et MCMT, ou continentalité (°C) ClimateEU (~ 600m)
MAP Précipitation moyenne annuelle (mm) ClimateEU (~ 600m)
AHM Indice 'température annuelle:humidité' (MAT+10)/(MAP/1000)) ClimateEU (~ 600m)
SHM Indice 'température été:humidité été' ((MWMT)/(précipitation moyenne en été/1000)) ClimateEU (~ 600m)
DD<0 Nombre de jours inférieur a 0°C ClimateEU (~ 600m)
DD>5 Nombre de jours supérieur a 5°C ClimateEU (~ 600m)
DD<18 Nombre de jours inférieur a 18°C ClimateEU (~ 600m)
DD>18 nombredejours supérieur a 18°C ClimateEU (~ 600m)
NFFD Nombre de jours sans gel ClimateEU (~ 600m)
Tave_wt Température moyenne en hiver (Dec. (année précédente) - Fev. (°C) ClimateEU (~ 600m)
Tave_sp Température moyenne au printemps (Mars - Mai) (°C) ClimateEU (~ 600m)
Tave_sm Température moyenne en été (Juin - Aot) (°C) ClimateEU (~ 600m)
Tave_at Température moyenne en automne (Sept. - Nov.) (°C) ClimateEU (~ 600m)
PPT_wt Précipitation en hiver (mm) ClimateEU (~ 600m)
PPT_sp Précipitation au printemps (mm) ClimateEU (~ 600m)
PPT_sm Précipitation en été (mm) ClimateEU (~ 600m)
PPT_at Précipitation en automne (mm) ClimateEU (~ 600m)

Tableau 1 : Description des 21 variables climatiques utilisées pour caractériser les 168 populations de la région
Midi-Pyrénées.

Deux échantillons de sol ont été prélevés dans chacune des 168 populations: le
premier a I'automne 2014 et le second a la fin de I'hiver 2015. Le fait d’avoir échantillonné
ces échantillons a quelques mois d’intervalle permet de prendre en compte une possible
évolution des propriétés chimiques des sols entre les saisons. Ces échantillons ont été
séchés a I'étuve (50°C pendant 6 a 10h avec une ventilation de 90%). Puis, des sous-

échantillons ont été envoyés au laboratoire d’analyses des sols de I'INRA d’Arras



(http://wwweé.npc.inra.fr/las) afin que soient mesurées treize variables édaphiques (Tableau
2). J'ai également mesuré la capacité de rétention en eau du sol (WHC). Pour cela, j'ai tout
d’abord pesé 2 échantillons de sol sec (Psec) par population en remplissant de sol des pots de
7cm*7cm*9cm (L*/*H). Les pots ont ensuite été imbibés d’eau pendant 30 minutes avant
d’étre rapidement posés sur du papier absorbant afin de retirer I'excédent d’eau, pour étre
finalement pesés de nouveau (Phumide). La capacité de rétention en eau du sol a été calculée

suivant I’équation suivante:

(Phumide - Psec)

WHC =
Psec

La moyenne de ces 14 variables entre mes deux échantillons (automne — hiver) a été

utilisée pour mes analyses.

Variable Description source
C Carbone organique (g/kg) NF ISO 10694 and NF ISO 13878
N Azote total (g/kg) NF 1SO 10694 and NF 1SO 13878
ratio_CN ratio carbone sur azote NF ISO 10694 and NF ISO 13878
mo Matiére organique du sol (g/kg) NF ISO 10694 and NF ISO 13878
pH pH NF ISO 10390
Phosphore Concentration en phosphore (P205) (g/kg) NF SO 11263
Calcium Concentration en calcium (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF ISO 23470)
Magnesium Concentration en magnesium (cmol+/kg) méthode cobaltihexamine (ICP-AES/EAF)(NF I1SO 23470)
Sodium Concentration en sodium (cmol+ / kg) méthode cobaltihexamine (ICP-AES/EAF)(NF ISO 23470)
Potassium Concentration en potassium (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF ISO 23470)
Fer Concentration en fer (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF ISO 23470)

Manganése Concentration en manganése (cmol+/kg)  méthode cobaltihexamine (ICP-AES/EAF)(NF I1SO 23470)
Aluminium Concentration en aluminium (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF ISO 23470)
WHC Capactié de rétention en eau du sol (mL/g) (poids sol humide - poids sol sec)/poids sol sec

Tableau 2: Description des 14 variables édaphiques utilisées pour caractériser les 168 populations de la région
Midi-Pyrénées.

Au printemps 2015 (mai - juin), nous avons effectué une caractérisation des
communautés végétales associées aux populations naturelles d’A. thaliana. Pour les méme
raisons qu’évoquées précédemment (fauchage précoce et application d’herbicide) pour la
caractérisation phénotypique des populations, les communautés végétales associées a A.

thaliana ont seulement pu étre caractérisées pour 145 des 168 populations.



Pour caractériser les communautés végétales, deux quadrats de 25 carrés de
10*10cm ont été posés aléatoirement au sein de chaque population, tout en respectant la

représentativité de la communauté végétale associée a A. thaliana (Figure 4).

Figure 4: Photographies de quadrats dans quatre habitats différents : (a) mur, Camarés (Aveyron), (b) sol nu,
Auzeville (Haute-Garonne), (c) pelouse, Monferran-Savés (Gers) et (d) prairie, Villecomtal (Aveyron).

Dans chaque quadrat, plusieurs mesures ont été réalisées : (i) nombre d’espéces
morphologiquement différentes (richesse spécifique), (i) nombre d’individus par espece
(abondance totale), (iii) hauteur moyenne de la communauté végétale calculée a partir de la
hauteur maximale moyenne de chaque espéce (estimée a partir de 3 individus) pondérée
par I'abondance relative de chaque espéce, (iv) recouvrement total du quadrat (toutes
especes confondues), et (v) abondance totale d’A. thaliana. Dans chaque population, un

échantillon de tissu a été prélevé sur le terrain pour chaque espéce identifiée comme



morphologiquement différente, puis congelé a -80°C en vue d’une extraction d’ADN pour
identifier les espéces par une approche metabarcoding. En effet, bien qu’une identification
basée sur des caracteres morphologiques ait été envisagée dans un premier temps, une
approche par metabarcoding a été adoptée car de nombreuses espéces co-existantes avec
A. thaliana se trouvaient au stade de plantule ou n’avaient pas encore produit de fleurs ou
de fruits (organe utilisé pour l'identification de certaines especes), rendant laborieuse
I'identification a partir de caractéres morphologiques. L'identification des espéces par une
approche metabarcoding a été effectuée a partir du marqueur chloroplastique matK qui
permet une résolution taxonomique au niveau de I'espéce (Barthet & Hilu 2007, Yan et al.
2015). Jai réalisée cette identification taxonomique en collaboration avec Baptiste
Mayjonade, ingénieur d’études dans notre équipe (Frachon et al. en préparation, chapitre
2). Avec cette approche, 97% des 2 233 échantillons prélevés sur le terrain ont pu étre
classés en 244 OTUs (Operational Taxonomic Units) végétaux. Apres avoir aligné les
séquences matK obtenues sur les bases de données du NCBI, 84.6% de ces échantillons ont
pu étre identifiés au niveau de I'espéce. Des Analyses en Coordonnées Principales (PCoA)
ont été réalisées sur I'abondance des 44 OTUs les plus prévalents (i.e. les OTUs présents
dans au moins 11 populations) : les trois premiers axes ont alors été utilisés pour décrire la

composition des communautés végétales (Frachon et al. en préparation, chapitre 2).

La caractérisation des communautés microbiennes a été effectuée lors du projet de
recherche de Claudia Bartoli qui a effectué un post-doc de deux ans dans I'équipe. Deux
types de communautés ont été caractérisés: les communautés bactériennes et les

communautés fongiques.

Les communautés bactériennes (ou bien encore appelées le microbiote bactérien)
ont été caractérisées par une approche de métagénomique basée sur le géne de ménage
gyrB (Barret et al. 2015) qui, contrairement au marqueur génétique 16S largement étudié
pour ce genre d’études, est en simple copie dans les génomes bactériens et permet une
résolution taxonomique au niveau de I'espéce, voire de la sous-espéce (Barret et al. 2015).

Grace a cette résolution taxonomique et en nous appuyant sur une liste de 199 espéces



bactériennes phytopathogenes (Bull et al. 2010, Bull et al. 2012, Bull et al. 2014), nous avons
pu identifier les OTUs bactériens potentiellement pathogene, nous permettant de décrire un
pathobiote potentiel (Bartoli et al. en révision, Annexe 1). En collaboration avec Baptiste
Mayjonade, les communautés fongiques (ou bien encore appelées le microbiote fongique)
ont elles-aussi été caractérisées par une approche de métagénomique, mais cette fois-ci

basée sur le marqueur génétique 18S (Bartoli et al. données non publiées).

Les communautés bactériennes et fongiques ont été caractérisées au niveau foliaire
(rosette) et racinaire a la fin de I'automne 2014 (novembre-décembre) et a la fin de I'hiver
2015 (février-mars). Les plantes étant trop petites a la fin de I'automne dans de nombreuses
populations, seulement 84 populations ont pu étre échantillonnées a cette période. A la fin
de I'hiver, I’échantillonnage s’est effectué dans 163 populations. Mon travail dans ce projet a
consister a prélever avec Fabrice Roux les racines et les rosettes d’environ 336 plantes d’A.

thaliana a la fin de 'automne 2014 et d’environ 636 plantes a la fin de I’hiver 2015.

Dans ce chapitre, j’ai utilisé les descripteurs des communautés microbiennes suivants

qui ont estimés pour les 163 populations échantillonnées a la fin de I’hiver 2015:

- o-diversité (indice de Shannon) du microbiote bactérien, du pathobiote potentiel
bactérien et du microbiote fongique.

- A partir d’Analyses en Coordonnées Principales (PCoA) réalisées individuellement
sur les matrices d’abondance des OTUs les plus fréquents du microbiote
bactérien, du pathobiote potentiel bactérien et du microbiote fongique, les
compositions du microbiote bactérien, du pathobiote potentiel bactérien et du

microbiote fongique ont été décrites selon les deux premiers axes de PCoA.






Manuscrit

“The putative selective agents acting
on Arabidopsis thaliana depend on the

type of habitat”

Léa Frachon, Claudia Bartoli, Baptiste Mayjonade, Johanna Schmitt, Sharon Strauss and

Fabrice Roux






Léa Frachon, Claudia Bartoli, Baptiste Mayjonade, Johanna Schmitt, Sharon Strauss & Fabrice
Roux

NB : les analyses statistiques de type ‘sparse Partial Least Square Regression’ (sPLSR) (voir-ci-
dessous) ont été effectuées lors d’un séjour de deux mois (juillet et aolt 2016) dans le
Department of Ecology and Evolution de I'Université de Davis, en collaboration avec Johanna
Schmitt et Sharon Strauss.

Introduction

Les changements globaux tels que le changement climatique, les changements
d’utilisation des sols et 'arrivée d’especes invasives ont d’ores et déja un impact sur la
biodiversité, et notamment sur la diversité des communautés végétales qui apparaissent
plus vulnérables du fait d’'une dispersion en moyenne plus limitée chez les espéces végétales
gue chez les especes animales (Sala et al. 2000, Tylianakis et al. 2008). Ces variations des
composantes écologiques imposent ainsi de nouvelles pressions de sélection agissant sur les
espéces, qui n"auront d’autre choix que de s’adapter pour survivre. Comprendre comment
les plantes peuvent s’adapter a des environnements altérés par les changements globaux est
donc de premiére importance. Sur le court terme, les plantes peuvent s’acclimater a des
changements de conditions environnementales via la plasticité phénotypigque, en
développant et exprimant des valeurs phénotypiques particulieres en réponse a des

conditions environnementales locales (Hansen et al. 2012). Une réponse sur le long terme



passe par la sélection génétiqgue amenant a |'adaptation. La capacité des populations
naturelles a répondre aux changements globaux dépendra notamment de leur niveau de
diversité génétique. La variation génétique étant un indicateur primordial du potentiel
adaptatif, il est donc essentiel d’identifier les bases génétiques de I'adaptation et d’en
identifier les signatures de sélection associées (Bergelson & Roux 2010). Les bases
génétiques identifiées permettront de mieux prédire le potentiel adaptatif d’'une espece
(aussi bien a une échelle régionale qu’a une échelle locale) et d’affiner les modeéles de
variation temporelle de la biodiversité et du fonctionnement des écosystémes (Schiffers et

al. 2014).

L'identification des bases génétiques de I'adaptation et des signatures de sélections
associées est actuellement abordée selon deux approches principales, dont |'utilisation est
récemment devenue trés populaire grace a l'arrivée des technologies de Nouvelle
Génération de Séquencage (NGS). La premiere approche est liée a la génomique des
populations et repose sur une identification le long du génome de régions génomiques
présentant des traces de sélection moléculaire. Cette approche est dite en aveugle car elle
ne repose sur aucun a priori sur 'identité des génes sous sélection. Cependant, il reste
généralement difficile d’associer les génes identifiés sous sélection a un trait phénotypique
donné ainsi qu’a une pression de sélection potentielle. La seconde approche est liée a la
génétique quantitative et consiste en un scan génomique permettant d’associer la variation
phénotypique naturelle de traits supposés adaptatifs a des polymorphismes génétiques. Le
développement récent de méthodes statistiques en Genome Wide Association (GWA)
mapping permet a I'heure actuelle de cartographier finement des régions génomiques
(Quantitative Trait Loci, QTLs) associées a la variation phénotypique naturelle (Bergelson &

Roux 2010), et ainsi proposer des génes candidats pour |'adaptation. Cependant, (i)



I'utilisation de cette approche reste encore I'apanage de quelques espéces modeles (Atwell
et al. 2010, Bergelson & Roux 2010, Fournier-Level et al. 2011, MacKay et al. 2012), et (ii)
I'identité des pressions de sélection agissant sur les traits phénotypiques supposés
adaptatifs est souvent suggérée mais rarement testée (Vignieri et al. 2010, Brachi et al.
2012, Linnen et al. 2013). Une alternative dérivée de cette seconde approche repose sur
I'identification des régions génomiques associées a la variation d’un facteur écologique
(Hancock et al. 2011, Rellstab et al. 2015, Manel et al. 2016). Du fait de la disponibilité d’un
nombre important de bases de données, cette approche a été principalement employée

pour détecter des genes associés a des variables climatiques (Bay et al. 2017).

Cependant, dans leurs milieux naturels, les espéces sont soumises simultanément a
de nombreuses pressions de sélection abiotiques et biotiques (Roux & Bergelson 2016). Afin
d’identifier les bases génétiques de I'adaptation et d’en étudier les signatures de sélection, il
convient donc d’identifier les combinaisons de facteurs écologiques agissant simultanément
comme pressions de sélection sur une espece et de comparer leur importance relative. Par
ailleurs, identifier le grain spatial de ces pressions de sélection (ce grain étant certainement
dépendant de l'identité des pressions de sélection) permettrait de déterminer I'échelle
géographique a laquelle nous devons nous placer pour identifier les bases génétiques de

I’adaptation (Bergelson & Roux 2010).

La plante annuelle principalement autogame Arabidopsis thaliana est une espéce
porte-drapeau pour identifier les bases génétiques de I'adaptation. Cette espéce apparait
comme un choix judicieux pour des études en génomique écologique car elle est
incontournable en génétique fonctionnelle et est aussi une espéce modele en écologie

évolutive (Mitchell-Olds & Schmitt 2006, Gaut 2012, Kramer 2015). On retrouve cette espéce



dans des milieux tres contrastés que ce soit en termes de facteurs abiotiques ou biotiques
(Jakob et al. 2002, Bodenhausen et al. 2013, Brachi et al. 2013, Agler et al. 2016, Roux &
Bergelson 2016). Par ailleurs, A. thaliana présente une variation phénotypique naturelle
importante pour de nombreux traits adaptatifs tels que la date de floraison, la dormance des
graines, la résistance aux pathogenes, I'architecture et la dispersion des graines reliées a la
hauteur de la plante ou le nombre de branches (Wender et al. 2005, Koornneef et al. 2004,
Kronholm et al. 2012, Debieu et al. 2013, Huard-Chauveau et al. 2013, Karasov et al . 2014,
Roux & Bergelson 2016). A une échelle mondiale, différentes approches ont permis de
démontrer une adaptation d’A. thaliana au climat (Fournier-Level et al. 2011, Hancock et al.
2011, Lasky et al. 2012) et a I'herbivorie (Zist et al. 2012, Brachi et al. 2015). A une échelle
géographique plus restreinte (i.e. au sein de 4 régions géographiques francaises ; Bretagne,
Bourgogne, Languedoc et Nord-Pas-de-Calais), il a été suggéré que certains facteurs
édaphiques et les interactions plante-plante pouvaient étre des pressions de sélection
agissant sur la phénologie aussi importantes que les facteurs climatiques (Brachi et a/.2013).
Cependant, trois limitations peuvent étre mises en avant dans cette étude. Premiérement,
seulement une dizaine de populations ont été échantillonnées au sein de chaque région,
limitant ainsi la puissance statistique quant a l'identification des agents sélectifs potentiels.
Deuxiémement, la description des facteurs biotiques s’est cantonnée a estimer un degré
d’interaction interspécifique (i.e. degré de coexistence d’A. thaliana avec des herbacées ou
des graminées) sans tenir compte de la diversité et de la composition des communautés
végétales. Par ailleurs, malgré les nombreuses études sur le microbiote chez A. thaliana
(Bulgarelli et al. 2012, Lundberg et al. 2012, Horton et al. 2014, Bai et al. 2015), 'avantage
adaptatif conféré par le microbiote chez A. thaliana a été rarement testé (Haney et al. 2015),

notamment en conditions écologiqguement réalistes. Troisiemement, les mesures



phénotypiques se sont focalisées sur la phénologie et ont été effectuées en conditions
contrblées de serre, ce qui les rend donc peu représentatives du comportement des

populations dans leur milieu naturel.

Le but de cette étude est d’identifier les facteurs écologiques susceptibles d’agir
comme pressions de sélection sur A. thaliana a une échelle régionale et de comparer leur
importance relative. Pour mener a bien ce projet, une étude d’association phénotype —
écologie a été réalisée a partir de 138 populations naturelles d’A. thaliana localisées dans la
région Midi-Pyrénées et caractérisées au niveau écologique a la fois pour des facteurs
abiotiques (climat et sol) et pour des facteurs biotiques (diversité et composition des
communautés végétales et des microbiotes bactériens et fongiques). Les 138 populations
ont aussi été caractérisées pour le nombre total moyen de graines produites par une plante,
la production de graines étant utilisée comme proxy de fitness chez A. thaliana (Roux et al.
2004). Différentes stratégies phénotypiques pouvant amener a la méme production de
graines (Roux et al. 2016), je me suis aussi intéressée a identifier des relations significatives

entre des facteurs écologiques et les stratégies phénotypiques.



Matériel et Méthodes

Matériel végétal et caractérisation écologique

Cette étude est basée sur 138 populations naturelles distribuées dans la région Midi-
Pyrénées et pouvant étre classées en quatre grands types d’habitats : mur (n = 11), sol nu (n

=55), pelouse (n = 43) et prairie (n = 29) (Figure 1).

Figure 1: Distribution des 138 populations dans la région Midi-Pyrénées (a). Ces populations peuvent étre
classées en quatre grands types d’habitats : (b) mur: Camares (Aveyron), (c) sol nu : Saint-Angel (Tarn), (d)
pelouse : Merens-les-Vals (Ariege), et (e) prairie : Villecomtal (Aveyron).

Ces 138 populations ont été préalablement décrites pour 60 variables écologiques (Table
1): (i) 21 variables climatiques liés a l'altitude, a la température, a I'humidité et aux
précipitations (Frachon et al. soumis, chapitre 2), (ii) 14 variables édaphiques (introduction
chapitre 1), (iii) 7 descripteurs des communautés végétales (Frachon et al. en préparation,
chapitre 2), (iv) 6 descripteurs des communautés fongiques (introduction chapitre 1) et 12

descripteurs des communautés microbiennes (Bartoli et al. en révision, Annexe 1).



Chapitre 1

Variable Description source (résolution)
altitude Altitude (m) www.coordonnees-gps.fr
MAT Température moyenne annuelle (°C) ClimateEU (~ 600m)
MWMT Température moyenne du mois le plus chaud (°C) ClimateEU (~ 600m)
MCMT Température moyenne du mois le plus froid (°C) ClimateEU (~600m)
T Différence de température entre MWMT et MCMT, ou continentalité (°C) ClimateEU (~ 600m)
MAP Précipitation moyenne annuelle (mm) ClimateEU (~ 600m)
AHM Indice 'température annuelle:humidité' (MAT+10)/(MAP/1000)) ClimateEU (~ 600m)
SHM Indice 'température été:humidité été' ((MWMT)/(précipitation moyenne en été/1000)) ClimateEU (~ 600m)
DD<0 Nombre de jours inférieur a 0°C ClimateEU (~600m)
DD>5 Nombre de jours supérieur a 5°C ClimateEU (~ 600m)
DD<18 Nombre de jours inférieur a 18°C ClimateEU (~ 600m)
DD>18 nombre de jours supérieur a 18°C ClimateEU (~ 600m)
NFFD Nombre de jours sans gel ClimateEU (~ 600m)
Tave_wt Température moyenne en hiver (Dec. (année précédente) - Fev. (°C) ClimateEU (~600m)
Tave_sp Température moyenne au printemps (Mars - Mai) (°C) ClimateEU (~ 600m)
Tave_sm Température moyenne en été (Juin - Aodt) (°C) ClimateEU (~ 600m)
Tave_at Température moyenne en automne (Sept. - Nov.) (°C) ClimateEU (~ 600m)
PPT_wt Précipitation en hiver (mm) ClimateEU (~ 600m)
PPT_sp Précipitation au printemps (mm) ClimateEU (~600m)
PPT_sm Précipitation en été (mm) ClimateEU (~ 600m)
PPT_at Précipitation en automne (mm) ClimateEU (~ 600m)
C Carbone organique (g/kg) NF ISO 10694 and NF ISO 13878
N Azote total (g/kg) NF 1SO 10694 and NF ISO 13878
ratio_CN ratio carbone sur azote NF ISO 10694 and NF ISO 13878
mo Matiére organique du sol (g/kg) NF 1SO 10694 and NF 1SO 13878
pH pH NF 1SO 10390
Phosphore Concentration en phosphore (P205) (g/kg) NF ISO 11263
Calcium Concentration en calcium (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF 1SO 23470)
Magnesium Concentration en magnesium (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF 1SO 23470)
Sodium Concentration en sodium (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF ISO 23470)
Potassium Concentration en potassium (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF 1SO 23470)
Fer Concentration en fer (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF 1SO 23470)
Manganése Concentration en manganése (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF ISO 23470)
Aluminium Concentration en aluminium (cmol+/ kg) méthode cobaltihexamine (ICP-AES/EAF)(NF ISO 23470)
WHC Capactié de rétention en eau du sol (mL/g) (poids sol humide - poids sol sec)/poids sol sec
Richesse Richesse spécifique de la population nombre d'OTU végétaux

Shannon_commV
Hauteur
Recouvrement

a diversité de Shannon des communautés végétales
Hauteur moyenne des communautés
Couverture végétale des communautés

Somme( abondance relative * In (abondance relative) )
Exprimé en cm
Exprimé en pourcentage de recouvrement

PCoAl_commV
PCoA2_commV
PCoA3_commV

Axe 1de la PCoA basée sur |'abondance des 44 OTUs les plus prévalents
Axe 2 de la PCoA basée sur I'abondance des 44 OTUs les plus prévalents
Axe 3 de la PCoA basée sur |'abondance des 44 OTUs les plus prévalents

PCoA sur matrice de distances des abondances (méthode Jaccard)
PCoA sur matrice de distances des abondances (méthode Jaccard)
PCoA sur matrice de distances des abondances (méthode Jaccard)

Fungi_Shannon_Leaf
Fungi_PCOA1_Leaf
Fungi_PCOA2_Leaf
Fungi_Shannon_Root
Fungi_PCOA1_Root
Fungi_PCOA2_Root

a diversité de Shannon des champignons microbiens au niveau de la rosette

Axe 1de la PCoA basée sur la présence-absence des champignons microbiens au niveau de la rosette
Axe 2 de la PCoA basée sur la présence-absence des champignons microbiens au niveau de la rosette
a diversité de Shannon des champignons microbiens au niveau de la racine

Axe 1de la PCoA basée sur la présence-absence des champignons microbiens au niveau de la racine
Axe 2 de la PCoA basée sur la présence-absence des champignons microbiens au niveau de la racine

Somme( abondance relative * In (abondance relative) )
PCoA sur matrice de distances de Bray-Curtis
PCoA sur matrice de distances de Bray-Curtis
Somme( abondance relative * In (abondance relative) )
PCoA sur matrice de distances de Bray-Curtis
PCoA sur matrice de distances de Bray-Curtis

Bacteria_Shannon_Leaf
Bacteria_PCOA1_Leaf
Bacteria_PCOA2_Leaf

Bacteria_Shannon_Patho_Leaf
Bacteria_PCOA1_Patho_Leaf
Bacteria_PCOA2_Patho_Leaf

Bacteria_Shannon_Root
Bacteria_PCOA1_Root
Bacteria_PCOA2_Root

Bacteria_Shannon_Patho_Root
Bacteria_PCOA1_Patho_Root
Bacteria_PCOA2_Patho_Root

a diversité de Shannon des bactéries au niveau de la rosette

Axe 1de la PCoA basée sur la présence-absence des bactéries présentes au niveau de la rosette
Axe 2 de la PCoA basée sur la présence-absence des bactéries présentes au niveau de la rosette

a diversité de Shannon des pathogénes au niveau de la rosette

Axe 1de la PCoA basée sur la présence-absence des pathogénes présentes au niveau de la rosette
Axe 2 de la PCoA basée sur la présence-absence des pathogénes présentes au niveau de la rosette
a diversité de Shannon des bactéries au niveau de la racine

Axe 1de la PCoA basée sur la présence-absence des bactéries présentes au niveau de la racine
Axe 2 de la PCoA basée sur la présence-absence des bactéries présentes au niveau de la racine

a diversité de Shannon despathogénes au niveau de la racine

Axe 1de la PCoA basée sur la présence-absence des pathogénes présentes au niveau de la racine
Axe 2 de la PCoA basée sur la présence-absence des pathogénes présentes au niveau de la racine

Somme( abondance relative * In (abondance relative) )
PCoA sur matrice de distances de Bray-Curtis
PCoA sur matrice de distances de Bray-Curtis
Somme( abondance relative * In (abondance relative) )
PCoA sur matrice de distances de Bray-Curtis
PCoA sur matrice de distances de Bray-Curtis
Somme( abondance relative * In (abondance relative) )
PCoA sur matrice de distances de Bray-Curtis
PCoA sur matrice de distances de Bray-Curtis
Somme( abondance relative * In (abondance relative) )
PCoA sur matrice de distances de Bray-Curtis
PCoA sur matrice de distances de Bray-Curtis

Table 1: Description des 60 variables écologiques : climat (n=21), sol (n=14), communautés végétales (n=7),

communautés fongiques (n=6) et communautés bactériennes (n=12).
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Caractérisation phénotypique in situ

Vingt-quatre traits phénotypiques liés (i) a I'acquisition des ressources, I'architecture et la
dispersion des graines (n = 9) et (ii) a la fécondité (n = 15) ont été mesurés (Table S1, Figure
3 de l'introduction de ce chapitre). A la fin de I'hiver 2015, le plus grand diameétre de la
rosette ainsi que le nombre de feuilles de la rosette ont été mesurées entre 2 et 6 plantes
(min = 2, médiane = 6, moyenne = 5.5, max = 6) dans chacune des 138 populations. Au
printemps 2015, une dizaine de plantes ont été récoltées dans chacune des 138 populations
(min = 2, moyenne = 9.9, médiane = 11, max = 13). Ainsi, un total de 1 386 plantes ont été
phénotypés pour 21 traits phénotypiques décrits comme étant adaptatifs chez A. thaliana
(Reboud et al. 2004, Wender et al. 2005, Roux et al. 2016). Le nombre total de graines
produites par une plante étant un bon proxy de la fécondité chez les espéces annuelles
principalement autogames comme A. thaliana et le nombre de graines dans un fruit étant
fortement corrélée a la longueur du fruit (Roux et al. 2004), la production totale de graines
d’une plante a donc été estimée en cumulant la longueur de tous ses fruits (FITTOT). Enfin,
un estimateur de la stratégie d’évitement de la compétition (ratio HD) a été défini comme le
ratio ‘hauteur maximale de la plante / diamétre de la rosette a la fin de I’hiver’. Comme la
hauteur maximale mesurée au printemps et le diamétre de la rosette mesuré a la fin de
I’hiver ont été mesurées sur des plantes différentes, le ratio HD par population a été calculé
a partir des moyennes estimées par population (Best Linear Unbiased Predictors, BLUPs, voir

ci-dessous) de la hauteur maximale et du diameétre de la rosette.

Analyses statistiques

Afin d’explorer la variation naturelle de tous les traits phénotypiques (sauf le ratio

HD, voir ci-dessous) entre les 138 populations naturelles d’A. thaliana, un modéle linéaire



mixte a été utilisé sous le logiciel SAS (PROC MIXED procédure sous SAS9.3, SAS Institute
Inc., Cary, North Carolina, USA) :

Yi = Urait + pOpulation; + g; (1)

Avec « Y » : la variable expliquée i.e. un des 23 traits phénotypiques étudiés, « it » : la
moyenne phénotypique globale, I'effet aléatoire « population » correspond aux différences
observées entre les 138 populations naturelles d’A. thaliana, et « € » correspond a la
variance résiduelle. Les variables phénotypiques ont été préalablement transformées via
une transformation Box-Cox (Box & Cox 1964) pour satisfaire I’hypothese de normalité. La
part de variance phénotypique expliquée par 'effet « population » a été estimée en faisant
tourner le modele (1) avec la procédure VARCOMP sous le logiciel SAS. L'effet « population »
étant considéré comme aléatoire, les moyennes par population ont été estimées par calcul
des BLUPs avec le logiciel SAS (sans transformation des traits, PROC MIXED). Toutes les

analyses suivantes ont été réalisées a partir de ces BLUPs.

Afin de tester si les traits phénotypiques étaient différents entre les 4 habitats, un
modele linéaire a été utilisé sous le logiciel SAS (PROC MIXED procédure sous SAS9.3, SAS
Institute Inc., Cary, North Carolina, USA) :

Y; = Uyait + habitat; + g; (2)

Ou «Y» est la variable expliquée ie. les moyennes par population des 24 traits
phénotypiques (i.e. BLUPs), « uuait» la moyenne phénotypique globale, I'effet fixe
« habitat » correspond aux différences observées entre les quatre habitats (mur, sol nu,

pelouse et prairie), et « € » correspond a la variance résiduelle.



Relations entre la production totale de graines et les stratégies phénotypiques

Afin de visualiser la relation entre la production totale de graines (FITTOT) et les autres
traits phénotypiques mesurés, une Analyse en Composantes Principales (ACP) normée (i.e.
réalisée sur une matrice de corrélations) a été réalisée sur tous les traits phénotypiques a
I’exception de la production totale de graines (package ade4, fonction dudi.pca(),R:
Copyright © 2013. The R Foundation for Statistical Computing,version 0.99.891 ; Dray &
Dufour 2007). Les BLUPs de ces 23 traits phénotypiques utilisés dans I'ACP ont été

préalablement transformés par une transformation Box-Cox (Box & Cox 1964).

Estimation du degré d’homogénéité de la répartition spatiale des populations et
détermination de I'échelle spatiale de variation des traits phénotypiques et des variables

écologiques

Une analyse des « Principal Coordinates of Neighbour Matrices » (PCNM) a été
réalisée a partir des coordonnées GPS des 138 populations (package vegan, fonction pcnm(),
environnement R, Oksanen et al. 2016). Cette analyse permet de décomposer |'espace
spatial en plusieurs variables ou composantes PCNM représentant différents grains de
I’environnement (Borcard & Legendre 2002). Les premiéres composantes PCNM définissent
un grain spatial large, alors que les dernieres composantes PCNM définissent un grain plus
fin (Ramette & Tiedje 2007, Borcard et al. 2004). Afin de déterminer a quelles échelles
spatiales varient les 24 variables phénotypiques et les 60 variables écologiques, une
régression linéaire multiple a été réalisée pour chaque trait ou variable (préalablement
transformé via une transformation Box-Cox) sur toutes les composantes PCNM. Pour chaque

trait phénotypique ou chaque variable écologique, une correction pour tests multiples a été



effectuée selon la méthode FDR (False Discovery Rate) (fonction p.adjust, méthode fdr dans

I’environnement R).

Identification des variables écologiques reliées a la variation phénotypique d’A. thaliana

Afin d’analyser simultanément un grand nombre de variables écologiques et de traits
phénotypiques, souvent trés corrélés entre eux, j'ai adoptée la méthode de sparse Partial
Least Square Régression (sPLSR) (Carrascal et al. 2009, Lé Cao et al. 2011 ; package
mixOmics, fonction spls() dans I’environnement R). Cette analyse permet de créer de
nouvelles composantes (ou variables latentes) maximisant la covariance entre des variables
écologiques et des traits phénotypiques (Shariari et al. 2015, Mevik & Wehrens, 2007). Il est
alors possible d’extraire pour les différentes composantes le poids de chaque variable
(écologique et phénotypique), permettant ainsi de comparer les variables entre elles et de
les classer suivant leur importance. Pour tous les traits phénotypiques et toutes les variables
écologiques, des transformations Box-Cox (Box & Cox 1964) ont été réalisées a partir des
BLUPs permettant d’obtenir une distribution normale des données, ceci afin d’améliorer la
puissance des analyses de sPLSR (Wold et al. 2001). Cette transformation Box-Cox attribuant
la méme valeur a toutes les populations pour PPT_sp et DD _18 (deux variables climatiques,
Table 1), ces deux variables ont donc été utilisées sans transformation. Les traits
phénotypiques ainsi que les variables écologiques n’ont pas tous la méme unité de mesure.
Ainsi, tous les traits phénotypiques et toutes les variables écologiques ont été centrés-

réduits avant de réaliser les analyses de sPLSR.

Pour déterminer le nombre de composantes nécessaires pour expliquer au mieux la
covariance entre traits phénotypiques et variables écologiques, une validation par une

méthode du Lasso (loo) a été réalisée. Le Root Mean Square Error of Prediction (RMSEP) a



alors été calculé et représenté graphiquement permettant de valider le nombre de
composantes a conserver (Maestre 2004, Lé Cao et al. 2008). Ce choix visuel reste assez
subjectif, mais pour le moment aucune autre méthode robuste ne semble avoir été
développée (Mevik & Wehrens 2007). Cependant, il est a noter que le choix du nombre de
composantes n’influe pas sur leur calcul dans I'analyse sPLSR. Dans cette étude, nous avons
choisi de garder 8 variables écologiques et 8 traits phénotypiques dans le calcul de leur poids
(loadings) sur la premiere composante. Ce choix n’affecte pas la maniére de calculer les
composantes, mais seulement le poids attribué a chaque trait phénotypique ou a chaque
variable écologique. Les analyses sPLSR ont été réalisées en considérant (i) la production
totale de graines et les 60 variables écologiques ou (ii) les 23 traits sous-jacents a la
production total de graines et les 60 variables écologiques. Par ailleurs, les analyses PLSR ont
été réalisées a la fois sur I'ensemble des populations et sur les populations de chacun des

guatre habitats.

Résultats
Distribution spatiale des 138 populations étudiées

Afin d’estimer le degré d’homogénéité de répartition spatiale des populations, une
analyse PCNM a été réalisée sur les coordonnées GPS des 138 populations. Nous avons
trouvé 74 PCNMs, suggérant une distribution spatiale tres homogéne des populations
(Figure S1). Par la suite, ces PCNMs ont été arbitrairement divisées en 3 catégories : une
échelle large (PCNMs de 1 a 24), une échelle intermédiaire (PCNMS de 25 a 50) et une

échelle fine (PCNMS de 51 a 74).



Variation naturelle des traits phénotypiques

A I'exception du ratio du nombre de graines produites sur les branches basales (RBB),
les traits phénotypiques étaient significativement trés différents entre les 138 populations,
avec un effet « population » expliquant en moyenne 34.1% de la variance phénotypique
(médiane = 33.2%, min = 12.4%, max = 53.6%) (Table S2). La production totale de graines
d’une plante (estimée par la longueur totale des fruits, FITTOT) peut varier d’un facteur de
18 entre les 138 populations (moyenne = 327.3 mm, min = 89.6 mm, max = 1615.8 mm)
(Figure 2A). Plus de 44% de la variance de la production totale de graines est expliquée par

un effet « population » (Table S2).

Une variation significative entre les 4 habitats a uniquement été observée pour les
deux traits d’acquisition de ressources (diametre et nombre de feuilles de la rosette) ainsi
qgue pour la stratégie d’évitement de la compétition (HD) (Table S3). Les plantes ont un
diametre et un nombre de feuilles de la rosette significativement plus petits dans I’habitat
‘prairie’ que dans les habitats ‘sol nu’ et ‘pelouse’ (Figure S2). La stratégie d’évitement de la
compétition est significativement plus prononcée dans |'habitat ‘prairie’ que dans les
habitats ‘sol nu’ et ‘pelouse’ (Figure S2). Pour ces trois traits, les plantes de I’habitat ‘mur’
ont un comportement intermédiaire entre I’habitat ‘prairie’ et les habitats ‘sol nu’ et

‘pelouse’ (Figure S2).

Afin de visualiser les stratégies phénotypiques (i.e. combinaisons entre les traits
phénotypiques) sous-jacentes a la production totale de graines, une ACP a été effectuée sur
tous les traits phénotypiques a I'exception de FITTOT. Les deux premiers axes de |I’ACP
expliquent 52.66 % de la variance phénotypique observée. Alors que le premier axe d’ACP

(40.48%) est notamment corrélé aux traits de fécondité, d’architecture et de dispersion des



graines mesurés sur la tige principale et les branches primaires, le deuxieme axe d’ACP
(12.18%) est plutét corrélé aux deux traits d’acquisition des ressources (diamétre et nombre
de feuilles de la rosette) et a des traits de fécondité et d’architecture mesurés sur les

branches primaires (Figure 2B).

Figure 2 : Variation de la production totale de graines par plante et des stratégies phénotypiques sous-jacentes.
(A) Distribution de la production totale de graines par plante (FITTOT) dans les 138 populations. Les couleurs
représentent les quartiles de production totale de graines par plante. (B) Cercle de corrélations entre tous les
traits phénotypiques a I’exception de FITTTOT. Les axes 1 et 2 expliquent respectivement 40.48% et 12.18% de
la variance phénotypique observée. (C) Position des 138 populations naturelles dans I'espace phénotypique
déterminé par les axes 1 et 2 de I'ACP. Les couleurs représentent les quatre quartiles de production totale de
graines par plante (voir Figure 2A).

Lorsque I'on superpose les valeurs de production totale de graines (FITTOT) sur

I’espace phénotypique déterminé par les deux premiers axes de I’ACP, seule la variation de



I'axe 1 est significativement reliée a la variation naturelle de la production de graines
(coefficient de corrélation de Pearson = -0.96, P = <2.2.1016; axe 2: coefficient de
corrélation de Pearson = -0.091, P = 0.2901). La variation le long de I'axe 2 est quant a elle
reliée a la variation des stratégies phénotypiques pour une méme gamme de variation de la
production totale de graines (Figure 2C). Ainsi, une méme production totale de graines peut
étre atteinte aussi bien par une stratégie d’évitement de la compétition (HD) que par une
stratégie combinant acquisition des ressources et allocation des ressources au niveau des

branches basales.

Comme illustré pour la production totale de graines (FITTOT) (Figure 3A), aucun
patron clair de distribution spatiale de la variation phénotypique n’a été identifié (Figure S3),

suggérant une variation phénotypique non prédictible a une échelle tres fine.

Figure 3: Cartographie (A) de la production totale de graines (FITTOT) et de différents types de variables
écologiques : (B) climatique (MAT), (C) édaphique (pH), (D) descripteurs des communautés végétales (a-
diversité - Shannon), (E) descripteurs des communautés fongiques (a-diversité - Shannon) et (F) descripteurs
des communautés bactériennes (a-diversité - Shannon). La distribution des variables est représentée a gauche
de chaque carte. Les points bleus, verts, jaunes et rouges représentent % des populations déterminées par les
quartiles.



Echelle(s) spatiale(s) de la variation écologique

Une régression linéaire multiple de chaque variable écologique sur les 74 PCNMs a
permis d’identifier les échelles spatiales de variation des facteurs écologiques. Les échelles
spatiales auxquelles varient les variables écologiques sont trés différentes selon les
catégories de variable (Figure 4). Le climat varie fortement et principalement a des échelles
géographiques larges (Figure 4). Par exemple, alors qu’une faible température moyenne
annuelle (MAT, Figure 3B) est observée dans les montagnes des Pyrénées (sud-est) et de
I’Aveyron (nord-est), la température annuelle moyenne est bien plus élevée au centre de la
région, notamment autour de la région Toulousaine. En revanche, le degré de significativité
des associations entre les autres variables écologiques (a I'exception de la composition du
microbiote bactérien dans les racines) et les PCNMs est en général plus faible (Figure 4). Par
ailleurs, les associations significatives ‘écologie-PCNMs’ concernent un nombre de PCNMs
beaucoup moins important que celui observé pour les variables climatiques. Bien que les
variables édaphiques, les descripteurs des communautés végétales et les descripteurs du
microbiote fongique soient préférentiellement associés a des échelles géographiques larges
(Figure 4), aucun pattern géographique n’est évident (Figures 3C-E). Les descripteurs du
microbiote bactérien varient a de nombreuses échelles géographiques (Figure 4), mais la

encore aucun pattern géographique n’est évident (Figure 3F).



Chapitre 1

PCNM 1
PCNM 2
PCNM 3
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Agents sélectifs potentiels agissant simultanément sur A. thaliana

Afin d’identifier les agents sélectifs agissant potentiellement sur A. thaliana, les jeux
de données phénotypiques et écologiques ont été analysés par la méthode de sPLSR. Ce
type d’analyses permet de créer de nouvelles composantes maximisant la covariance entre
ces deux jeux de données, et d’en sortir les principaux traits phénotypiques et les principales

variables écologiques sous-jacents a ces composantes.

Que l'on considere I'ensemble des populations ou bien chacun des 4 habitats
séparément, la variance de la production totale de graines (FITTOT) est reliée en moyenne a
12% de la variance écologique correspondant principalement a des descripteurs des
communautés végétales, notamment la richesse spécifique et la hauteur moyenne de la
communauté végétale (Figure 5A). Une variable édaphique et deux descripteurs des
communautés microbiennes sont aussi reliées a la variance de la production totale de
graines, mais uniguement dans certains habitats (sodium pour les habitats ‘mur’ et ‘sol nu’,
composition du microbiote fongique dans les feuilles pour I’habitat ‘mur’, composition du
pathobiote bactérien pour I’habitat ‘prairie’) (Figure 5A). Il est a noter qu’aucune variable
climatique n’a été identifiée comme associée a la variance de la production totale de

graines.
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A I'opposé de ce qui a été observé pour la production totale de graines, les résultats
issus de la sPLSR sur les stratégies phénotypiques sont trés contrastés entre les 4 habitats
(Figures 5B et 5C). Pour les habitats ‘mur’ et ‘sol nu’, une combinaison de variables
écologiques appartenant aux 4 grandes catégories écologiques utilisées dans cette étude
(climat, sol, communautés végétales et communautés microbiennes) covarie avec une
combinaison de traits phénotypiques principalement associés a la tige principale (i.e.
hauteur maximale, nombre de fruits et longueur moyenne d’un fruit). Pour les habitats
‘pelouse’ et ‘prairie’, les combinaisons de traits phénotypiques concernent principalement
les branches primaires (longueur des fruits) et les branches basales (nombre de branches,
production de graines et allocation des ressources) et covarient avec une combinaison de
variables écologiques appartenant principalement a une seule grande catégorie écologique,

c’es-a-dire le sol pour I'habitat ‘pelouse’ et le climat pour I’habitat ‘prairie’.

Discussion

Une des priorités pour comprendre et prédire les trajectoires évolutives des especes
végétales face aux changements globaux passe par 'identification des bases génétiques de
I’adaptation (Bergelson & Roux 2010), impliquant en amont de connaitre l'identité des

agents sélectifs et leur importance relative.

Des grains superposés de I’environnement ameénent a une mosaique écologique complexe

a une petite échelle géographique

Définir a quelle échelle spatiale travailler pour identifier les bases génétiques de
I'adaptation est essentiel mais reste complexe car cela dépend principalement de I'échelle

spatiale de variation des agents sélectifs (Bergelson & Roux 2010, Brachi et al. 2013). En



effet, comme observé dans cette étude, les individus sont soumis de maniére simultanée a
de nombreuses pressions de sélection dont les échelles spatiales de variation peuvent étre
tres contrastées. Alors que le climat varie selon différentes échelles spatiales dans la région
Midi-Pyrénées, aucun pattern clair de distribution géographique n’a été mis en évidence
pour la majorité des autres variables écologiques. Ces observations suggerent des conditions
écologiques trés contrastées entre les populations (notamment pour les facteurs biotiques),

sur de courtes distances géographiques.

Cette superposition de pressions de sélection ayant des grains différents peut ainsi
entrainer un conflit quant a la stratégie phénotypique a adopter par les plantes dans
certaines populations. En effet, en présence d’un agent sélectif avec un grain spatial large, la
méme stratégie phénotypique pourra étre sélectionnée dans deux populations A et B
géographiquement proches. Par contre, en présence d’'un agent sélectif avec un grain spatial
fin, la méme stratégie phénotypique pourra étre sélectionnée dans la population A mais une
autre stratégie phénotypique sera favorisée dans la population B. A notre connaissance,
I'impact de différents grains spatiaux superposés sur 'architecture génétique de I'adaptation
a été rarement (pour ne pas dire jamais) modélisé mais nécessiterait d’étre abordé étant

donné la mosaique écologique complexe observée pour une espece végétale comme A.

thaliana.

Les communautés végétales agissent potentiellement comme les principaux agents

sélectifs sur A. thaliana

Bien qu’A. thaliana soit décrite comme une espéce pionniére, les principales
variables écologiques associées a la variation de la production totale de graines dans la

région Midi-Pyrénées correspondent a des descripteurs des communautés végétales,



guelgue soit le type d’habitat considéré. Ces résultats sont en accord avec de précédentes
études réalisées au sein de I'équipe ou (i) le degré d’interaction interspécifique avec des
herbacées ou des graminées a été suggéré comme une pression de sélection agissant sur la
phénologie aussi importante que le climat au sein de 4 autres régions géographiques
francaises (Brachi et al. 2013) et (ii) la production moyenne de graines d’une famille RIL d’A.
thaliana était négativement corrélée a l'intensité de la compétition avec le paturin annuel

Poa annua (Brachi et al. 2012).

Dans notre étude, les deux principaux descripteurs des communautés végétales
associés a la variation de la production totale de graines sont la richesse spécifique et la
hauteur moyenne de la communauté. Alors que la hauteur moyenne de la communauté
végétale peut étre indicatrice d’'un niveau de compétition pour la lumiere, la richesse
spécifique peut étre indicatrice du nombre de niches écologiques occupées dans une
communauté végétale et donc, entre autres, d’'un niveau de compétition pour les
nutriments. Pour les habitats ‘mur’ et ‘prairie’, la composition des communautés végétales a
aussi été identifiée comme associée a la variation de la production totale de graines,
suggérant des phénomeénes de spécialisation d’A. thaliana a des combinaisons d’espéces
végétales. Cette hypothése fait écho a des travaux ou des phénomeénes de spécialisation
biotique ont été identifiés au sein d’'une population locale d’A. thaliana localisée en
Bourgogne. En effet, certaines accessions produisaient plus de graines en présence qu’en
absence d’une espéce compétitrice et lidentité des accessions spécialisées étaient

spécifique de I'identité de I'espéce compétitrice (Baron et al. 2015).



L'identité des variables écologiques agissant potentiellement comme pressions de

sélection sur les stratégies reproductives est dépendante de I’habitat

Etant une espéce avec un régime de reproduction fortement autogame (~98% en
moyenne) (Platt et al. 2010), le nombre de fruits ou la production totale de graines ont été
largement utilisés comme proxy de fitness pour étudier I'adaptation locale chez A. thaliana
dans des conditions écologiquement réalistes (Tian et al. 2003, Weinig et al. 2003a, Weinig
et al. 2003b, Weinig et al. 2003c, Korves et al. 2007, Huang et al. 2010, Fournier-Level et al.
2011, Hancock et al. 2011, Agren et al. 2013, Karasov et al. 2014, Wilczek et al. 2014, Baron
et al. 2015, Brachi et al. 2015, Kerwin et al. 2015, Roux et al. 2016, Hu et al. 2017). Dans
notre étude, la méme quantité de graines produites par une plante peut étre associée a
différentes combinaisons phénotypiques, reflétant principalement différentes stratégies
d’allocation des ressources entre les traits de fécondité (nombre de fruits vs nombre de
graines par fruit) (Reboud et al. 2004) ainsi que différentes stratégies de dispersion des
graines (Wender et al. 2005) ou d’évitement de la compétition (Baron et al. 2015). Ces
résultats renforcent la nécessité de considérer les stratégies reproductives dans I'étude de

I’adaptation chez A. thaliana (Roux et al. 2016).

De maniere intéressante, contrairement a la production totale de graines, I'identité
des agents sélectifs potentiels est trés dépendante de I'habitat considéré, et les
combinaisons de traits phénotypiques le sont aussi. Ainsi, dans des habitats régulierement
perturbés par des interventions humaines (i.e. mur et sol nu), la stratégie pour les plantes
d’A. thaliana serait d’allouer principalement les ressources dans les traits de fécondité
associés a la tige principale (i.e. dans le méristeme apical dominant). Cette stratégie

permettrait d’assurer une production de descendants en présence de perturbations variées



(climat, sol, communautés végétales et microbiote ou bien encore fauchage, application
d’herbicide) et non prédictibles d’une année sur l'autre. La variation de la quantité de
ressources allouées a la tige principale entre les populations serait ainsi reliée a la différence
du degré de perturbation au sein des habitats ‘mur’ et ‘sol nu’. Par contre, dans les habitats
plus stables comme les pelouses et les prairies, la majorité des agents sélectifs potentiels ne
concernent qu’une seule grande catégorie écologique (sol ou climat) et les traits affectés
concernent principalement des traits de fécondité associés aux branches primaires et
basales (i.e. allocation des ressources dans les méristemes secondaires). Pour l'instant, il
nous est difficile d’émettre des hypothéses quant aux liens directs (ou indirects) qui puissent
exister entre la variation de la quantité de ressources allouées aux branches primaires et
basales et la variation du sol ou du climat. Et de maniére générale, toutes les relations
significatives entre variation phénotypique et variation écologique que nous avons pu
identifier dans cette étude ne sont que suggestives du réle des facteurs écologiques
identifiés sur la sélection des traits phénotypiques étudiés. Des expériences en conditions
contrélées ou I'agent sélectif potentiel peut étre manipulé sont clairement nécessaires pour
valider les associations phénotype-écologie identifiées dans cette étude. Néanmoins, le fait
qgue l'identité des agents sélectifs potentiels soit dépendante de I'habitat considéré suggére
qgue l'identification des bases génétiques de lI'adaptation doit étre effectuée au sein de

chacun de ces habitats.

Nécessité de prendre en compte la dynamique des facteurs écologiques au cours du cycle

de vie d’A. thaliana ?

Bien que plus de 60 variables écologiques aient été mesurées sur les 138 populations,

y compris des variables biotiques innovantes comme le microbiote dont la caractérisation



est dorénavant rendue accessible par les technologies NGS, un large nombre de facteurs
écologiques n’ont pas été mesurés. C'est notamment le cas de la communauté d’herbivores
dont I'impact sur la production totale de graines peut étre trés importante chez A. thaliana
(observations personnelles, Brachi et al. 2015). Parmi les autres facteurs écologiques, nous
pouvons citer les communautés d’oomycetes pathogénes (dont la caractérisation par une
approche métagénomique basée sur le marqueur génétique ITS reste encore difficile ; Agler
et al. 2016), les variations micro-climatiques (a I'opposé des moyennes de données
climatiques sur 10 ans utilisées dans cette étude) ou bien encore la topographie du milieu, le
vent, les micro-éléments et la micro-faune du sol. Par ailleurs, il ne faut pas oublier que la
majorité des variables biotiques mesurées dans cette étude peuvent étre tres variables au
cours du cycle de vie d’A. thaliana, comme cela a été observé pour les microbiotes
bactériens et fongiques (Bartoli et al. en révision, Annexe 1). Dans cette étude, nous avons
considéré des descripteurs des communautés biotiques mesurées uniquement au
printemps. Il serait intéressant de tester (i) si des descripteurs des communautés biotiques
mesurées a d’autres saisons sont eux-aussi reliés a la variance de la production totale de
graines et (ii) si I'effet des descripteurs mesurés au début du cycle de vie d’A. thaliana

conditionnent I'effet des descripteurs mesurés a la fin du cycle de vie d’A. thaliana.
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Conclusion






Dans une précédente étude menée au sein de I'équipe, 49 populations d’A. thaliana
collectées dans 4 régions francaises (Bretagne, Bourgogne, Languedoc et Nord-Pas-de-Calais)
avaient été caractérisées au niveau phénologique et au niveau écologique (Brachi et al.
2013). Il avait été suggéré que les interactions plante-plante et le sol pouvaient étre des
agents sélectifs aussi importants que le climat a un niveau régional. Cependant, ces résultats
étaient basés (i) sur un petit nombre de populations par région, limitant ainsi la puissance

des analyses statistiques et (ii) sur un faible nombre de facteurs biotiques.

L’étude effectuée dans la région Midi-Pyrénées est ainsi tres complémentaire et a
permis (i) de confirmer I'importance de considérer une large gamme de facteurs écologiques
sans oublier les facteurs biotiques qui sont au moins tout aussi importants que les facteurs
abiotiques, (ii) de mettre en avant la nécessité de s’intéresser non seulement a un proxy
majeur de la fitness (i.e. la fécondité) mais aussi aux stratégies reproductives sous-jacentes
dont les agents sélectifs potentiels sont largement dépendants du type d’habitat considéré,
et (iii) de souligner I'intérét de travailler a différentes échelles spatiales ol des combinaisons

de facteurs écologiques auront un impact différent sur les populations.

Il est donc essentiel dans le futur de replacer les études de génomique dans un
contexte écologiquement réaliste si I'on veut comprendre et prédire I'adaptation des
espéeces végétales et animales aux changements globaux futurs. Cela implique notamment
de passer plus de temps sur le terrain pour caractériser écologiquement des populations
naturelles du point de vue abiotique (climat, microclimat, sol, topographie, vent, etc.) mais
également biotique (communautés végétales, microbiennes, fongiques, de mousses,

d’herbivores, de faune et microfaune, etc.).

C’est dans ce contexte de réalisme écologique que s’inscrit mon deuxieme chapitre
de thése ou je me suis attachée a comprendre I'architecture génétique de I'adaptation d’A.

thaliana a différentes catégories écologiques.






Chapitre 2

|dentification des bases génétiques associées
aux agents sélectifs potentiels et étude de
leurs signatures de sélection






Dans le chapitre précédent, nous avons vu (i) que de nombreuses variables
écologiques pouvaient potentiellement agir comme pressions de sélection sur A. thaliana
dans la région Midi-Pyrénées, et (ii) que ces variables écologiques constituaient une
mosaique écologique complexe observée a une échelle spatiale fine. Afin de progresser dans
notre compréhension de I'adaptation d’A. thaliana dans la région Midi-Pyrénées, j’ai voulu
identifier les bases génétiques associées aux variables écologiques en effectuant des
analyses de type GEA a partir de données de fréquences alléliques obtenues le long du
génome pour chacune des 168 populations naturelles étudiées. A partir d’environ 16 plantes
échantillonnées par population a la fin de I'hiver 2015, ces fréquences alléliques ont été

obtenues a partir d’une stratégie de séquencage génomique de type Pool-Seq.

Pour identifier les bases génétiques associées aux variables écologiques, j'ai utilisé
une méthode Bayésienne développée par Mathieu Gautier (laboratoire CBGP, INRA
Montpellier) avec qui j’ai collaboré durant ma these. Elaborée a partir de la méthode
BayEnv2, cette méthode BayPass permet une meilleure estimation de la matrice de
covariance populationnelle, condition indispensable pour prendre en compte correctement
dans les tests d’association génome-environnement les effets de I'histoire démographique
d’A. thaliana dans la région Midi-Pyrénées (Gautier et al. 2015). Au-dela de la simple
identification de régions génomiques associées a des variables écologiques, je me suis aussi
intéressée (i) a tester si les régions génomiques identifiées présentaient aussi des traces
d’adaptation locale, (ii) a identifier les principales fonctions biologiques sous-jacentes a
I’adaptation, et (iii) a mettre en lien les génes candidats avec l'identité des variables

écologiques étudiées.

Ce chapitre vise donc a répondre a plusieurs questions : (i) quelles sont les régions
génomiques associées a ces agents sélectifs potentiels? (ii) ces régions génomiques
présentent-elles aussi des traces d’adaptation locale, suggérant que nous avons bien
identifié¢ des genes adaptatifs ?, et (iii) les régions génomiques identifiées sont-elles

communes entre différents agents sélectifs ?

Dans ce chapitre, je présente sous forme de deux manuscrits les résultats obtenus (i)

pour les variables climatiques pour lesquelles les bases génétiques sous-jacentes ont été



largement étudiées a une échelle continentale (Hancock et al. 2011) ou régionale (Lasky et
al. 2012), permettant ainsi non seulement de tester la puissance de la méthode BayPass sur
notre jeu de données génomiques mais aussi de tester si les fonctions biologiques
impliquées dans |'adaptation au climat sont similaires entre différentes échelles
géographiques, et (ii) pour les descripteurs des communautés végétales qui ont été trouvés
comme fortement associés a la variation de la production totale de graines entre les 168
populations naturelles. Les analyses de type GEA ont aussi été réalisées sur les variables
édaphiques. Malheureusement, par faute de temps, je n’ai pas eu le temps de les intégrer
dans ce manuscrit. Les analyses de type GEA ont aussi débuté pour le microbiote bactérien
et le microbiote fongique, mais ces travaux font partie intégrante du projet de post-doc de

Claudia Bartoli (ancienne post-doc de I'équipe).

NB : dans ce chapitre, mon travail a consisté (i) a échantillonner en moyenne 16 plantes par population, (ii) a
caractériser les communautés végétales en collaboration avec Fabrice Roux, Baptiste Mayjonade (IE dans notre
équipe) et Nina Hautekeete (MCF Université de Lille), (iii) a effectuer toutes les analyses de type GEA en
collaboration ave Mathieu Gautier (laboratoire CBGP, INRA Montpellier), (iv) a effectuer toutes les analyses de
détection de traces de sélection et d’enrichissement en processus biologiques, et (v) a identifier les génes
candidats en collaboration avec Dominque Roby (DR CNRS au LIPM) et Fabrice Roux. Les extractions d’ADN ont
été effectuées par Claudia Bartoli et Fabrice Roux. Les analyses bioinformatiques pour estimer les fréquences
alléliques le long du génome dans chaque population ont été réalisées par Sébastien Carrere (IR plate-forme de

bioinformatique du LIPM) et Claudia Bartoli.
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Summary

e Understanding the genetic bases underlying climate adaptation is a key element to predict
the potential of species to face climate warming. Although substantial climate variation is
observed at a regional or local scale, most genomic maps of climate adaptation have been
established at a broader geographical scale.

e Here, by using a Pool-Seq approach and a Bayesian hierarchical model, we performed a
genome-environment association (GEA) analysis to investigate the genetic basis of
adaptation to 21 climate variables in 168 natural populations of Arabidopsis thaliana
distributed in south-west of France.

e Climate variation among the 168 populations represented ~23.5% of climate variation
among 426 European locations where A. thaliana inhabits. We identified neat peaks of
association, with the most significantly associated SNPs being significantly enriched in
likely functional variants and in the extreme tail of spatial differentiation among
populations. In addition, genes involved in transcriptional mechanisms, including
epigenetic mechanisms, were overrepresented in the plant functions associated with local
adaptation.

e Climate adaptation is an important driver of genomic variation in A. thaliana at a small
geographical scale and mainly involves genome-wide changes in fundamental

mechanisms of gene regulation.

Key words: Arabidopsis thaliana, Bayesian hierarchical model, climate change, genome-

environment association analysis, local adaptation, Pool-Seq, spatial grain.
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Introduction

In the context of the contemporary environmental change, a major goal in evolutionary
ecology is to understand and predict the ability of a given species to persist in the presence of
novel climate conditions (Bay et al., 2017). A lack of response of species to selection due to
climate change would cause an erosion of biodiversity by disrupting ecosystems sustainably
(Pecl et al., 2017). Overall, species can adopt three non-exclusive responses to face the altered
and fluctuating climate conditions (Hansen et al., 2012; Pecl et al., 2017). Firstly, species can
migrate to track current climate spatial shifts. This response can however be limited for (i)
long-distance dispersal organisms because of the presence of multiple anthropogenic barriers
such as landscape fragmentation, agriculture and urbanization (Ewers & Didham, 2006), and
(if) organisms with restricted dispersal as for example sessile plants lacking dispersal

mechanism (i.e. barochorous species) or disperser reward (Wang et al. 2016).

Secondly, organisms can rapidly acclimate to novel climate conditions via phenotypic
plasticity, a process defined as the capacity of a single genotype to exhibit a range of
phenotypes in response to variation in the environment where the genotype inhabits and
evolves (Price et al., 2003; Ghalambor et al., 2007; Valladares et al., 2014). Theoretical
models predict that adaptive plasticity can help natural populations to reach a new phenotypic
optimum (Lande, 2009; Chevin et al., 2010). Despite its theoretical benefits, adaptive
phenotypic plasticity is not as frequent as expected in nature because it can be constrained by
diverse costs and limits (initially reviewed in DeWitt et al., 1998). For example, one of the
main limits concerns the unreliability of environmental cues, leading to non-adaptive or mal-
adaptive plastic responses (van Kleunen & Fischer, 2005). In the context of climate change,
such unreliable cues can correspond to extreme climate events that fall outside the range of
historic climate conditions encountered by natural populations (Orlowsky & Seneviratne,
2012).

Thirdly, over a longer term, organisms can adapt to novel climate conditions via
genetic selection, provided that there is sufficient standing genetic variation or new genetic
variation arising from either de novo mutations or immigration of climate-adapted alleles
from nearby populations (Hoffmann & Sgro, 2011; Bay et al., 2017). Predicting the response
of species to climate change therefore requires the identification of the genetic bases

associated with climate variation. Two major approaches can be used to describe the genomic



architecture (number of genes, allelic effects, locations across the genome) underlying climate
adaptation. Few Genome-Wide Association mapping studies (GWAS) reported the genomic
architecture associated with phenotypic traits potentially related to climate adaptation such as
thermal sensitivity (Li et al., 2014). On the other hand, based on the assumption that each
population is adapted to local conditions, the most exploited approach corresponds to
genome-environment association (GEA) analyses, in which a genome scan is performed to
identify significant associations between genetic polymorphisms and environmental variables
(Yoder et al., 2014; Abebe et al., 2015; Lasky et al., 2015; Rellstab et al., 2015; Hoban et al.,
2016; Manel et al., 2016). Due to publicly available gridded estimates of climate and the
development of next-generation sequencing (NGS) technologies, the number of GEA analyses
performed on climate variables rapidly increased in the last few years, thereby revealing that
climate adaptation is likely to be highly polygenic (Bay et al., 2017). Most of the GEA
analyses on climate were performed at large spatial scales (i.e. from several hundred to
several thousand kilometers). However, substantial climate variation can also be observed at
smaller spatial scales (from several tens of meters to several tens of kilometers), leading for
example to sharp climate gradients in mountains (Manel et al., 2010; Kubota et al., 2015) or a
mosaic of climatically optimal and suboptimal sites within the reach of gene flow among
populations (Pluess et al., 2016). The complementarity of performing GEA analyses from
continental to local geographical scales should shed light on the genetic bases underlying
coarse-grained and fine-grained climate variation (Manel et al., 2010), which in turn would
increase the reliability of predictions of response to climate change. In addition, as previously
advised for adaptive phenotypic traits (Bergelson & Roux, 2010), working at a small
geographical scale should reduce the limitations of GEA analyses often observed when
working at larger geographical scales such as the confounding background produced by
population structure, rare alleles and allelic heterogeneity. Finally, a fine-grained spatial scale
is much more coherent with the mean distance of species migration (few km per decade; Chen
etal., 2011).

Arabidopsis thaliana, the flagship species of plant genomics, is a widely distributed
annual selfing species found in a large range of climate environments across its native range
in Eurasia (Hoffmann, 2002). Reciprocal transplants performed at the European scale revealed
that climate gradients likely play a major role in local adaptation of A. thaliana (Fournier-
Level et al., 2011, f\gren & Schemske, 2012; Agren et al., 2013; Wilczek et al., 2014).



Furthermore, among plant species, A. thaliana pioneered the identification of climate-adaptive
genetic loci at the genome-wide scale. A GEA analysis based on 948 Eurasian accessions
succeeded to establish a genomic map of local adaptation to climate variation (after
controlling for population structure), which in turn successfully predicted the relative fitness
of a subset of accessions grown together in a common garden in the north of France (Hancock
et al., 2011). In a complementary approach, by measuring lifetime fitness of a diverse set of
accessions grown in four climatically contrasted European sites, Fournier-Level et al. (2011)
found that local adaptation to climate was mainly driven by Quantitative Trait Loci (QTLS)
that vary in magnitude rather than direction across environments. This prevalence of
independent loci underlying local adaptation suggested a flexible genomic architecture that
can facilitate responses to climate change.

Local adaptation to climate still explains a substantial portion of genomic variation of
A. thaliana at a regional scale (i.e. several hundred km; Lasky et al., 2012). In addition, strong
climate-phenotype associations were identified at a local scale (from several tens of meters to
several tens of kilometers), either along sharp altitudinal gradients (Montesinos-Navarro et
al., 2011; Luo et al., 2015; Giinther et al., 2016) or in a mosaic of climatically contrasted sites
(Brachi et al., 2013). However, although a candidate gene approach was used to start the
identification of climate-adaptive genetic loci at the regional scale (i.e. lberian Peninsula;
Méndez-Vigo et al., 2011; Vidigal et al., 2016), studies reporting the genomic architecture of
adaptation to various climate variables at a fine spatial grain are still scarce in A. thaliana.

In this study, we aimed to establish a genomic map of adaptation to local climate in A.
thaliana. We focused on 168 natural populations of A. thaliana distributed homogeneously in
the south-west of France, a geographical region under the influence of three contrasted
climates (i.e. oceanic climate, Mediterranean climate and mountain climate). By using a
Bayesian hierarchical model that control for confounding by population structure (Gautier,
2015), we conducted a GEA analysis between 1,638,649 SNPs and 21 climate variables.
Because most A. thaliana natural populations located in France are genetically diverse (Le
Corre, 2005; Platt et al., 2010; Brachi et al., 2013), we obtained a representative picture of
within-population genetic variation across the genome by adopting a Pool-Seq approach. We
then searched for genome-wide signatures of selection on the SNPs the most associated with
climate variation (i.e. top SNPs). Following Hancock et al. (2011) and Brachi et al. (2015),
we therefore tested whether those top SNPs were enriched for non-synonymous variants and

in the extreme tail of a genome-wide spatial differentiation scan. We finally performed an



enrichment analysis to identify the biological processes involved in the adaptation of A.

thaliana to local climate and discussed the function of the main candidate genes.
Materials and Methods
Plant material

A field prospection in May 2014 allowed the identification of 233 A. thaliana natural
populations in the Midi-Pyrénées region (South-West of France). In agreement with an
important population turnover of natural populations observed in A. thaliana (Picd, 2012),
individuals were present in only 168 populations (~72.1%) in late winter 2015 when the
sampling campaign was performed. The average distance among the 168 populations was
100.6 km (median = 93.4 km, max = 265.2 km, min = 0 km, 1% quartile = 57.3 km, 3"
quartile = 137.2 km).

Climate characterization

The 168 geo-localized populations were characterized for 20 biologically meaningful
climate variables retrieved from the ClimateEU database. Climate data has been generated
with the ClimateEU v4.63 software package (available at http://tinyurl.com/ClimateEU) based
on methodology described by Hamann et al. (2013). The grid resolution of the 20 climate
variables (~1.25 arcmin, ~600 m) was smaller than the average distance among populations.
Climate data were averaged across the 2003-2013 annual data. In addition, altitude was
obtained from http://www.gps-coordinates.net.

In order to compare the level of climate variation among the 168 populations of the
Midi-Pyrénées region with the level of climate variation among natural populations of A.
thaliana located in France and Europe, we first extracted data for the 20 biologically
meaningful  climate  variables (ClimateEU database) as well as altitude
(http://lwww.gpsvisualizer.com/elevation) for 472 locations where A. thaliana have been
collected and geo-localized in Europe (including 46 locations in France; Hancock et al., 2011)
and 49 natural populations geo-localized in four climatically contrasted regions of France
(continental, semi-oceanic, oceanic and Mediterranean; Brachi et al., 2013). To visualize the

climatic space encountered by A. thaliana at different geographical scales, we then conducted


http://www.gps-coordinates.net/

a principal component analysis (PCA) based on the 689 locations using the ade4 1.7-6 version
package in the R environment (Chessel et al., 2004; Dray et al., 2017). Finally, the percentage
of climatic variation in Europe observed among locations at sub-geographical scales was
calculated by dividing the extent of variation observed on the two first Principal Components
(PCs) at the French and Midi-Pyrénées scales by the extent of variation observed at the

European scale.

Variable Description Source Grid resalution

altitude altitude (m) www . coardannees-gps fr

AT mean annual temperature (*C) ClimateEU 1.25arcmin
MWRT mean warmest month temperature (°C) ClimateEU 1.25arcmin
MCMT mean coldest month temperature (*C) ClimateEU 1.25arcmin
113 temperature difference between MWMT and MCMT, or continentality (*C) ClimateEU 1.25arcmin
AP mean annual precipitation (mm) ClimateEU 1.25arcmin
AHM annual heat:moisture index {MAT+10)/(MAP/1000)) ClimateEU 1.25arcmin
SHM summer heat:moisture index ([MWIMT),/(MSP/1000)) ClimateEU 1.25arcmin
DoD degree-days below 0°C, chilling degree-days ClimateEL 1.25arcmin
DD>5 degree-days above 5°C, growing degree-days ClimateEU 1.25arcmin
DD<18 degree-days below 18°C, heating degree-days ClimateEL 1.25arcmin
DD=18 degree-days above 18°C, cooling degree-days ClimateEL 1.25arcmin
NFFD the number of frost-free days ClimateEU 1.25arcmin
Tave_wt winter (Dec.(prev. yr) - Feb.) mean temperature (*C) ClimateEL 1.25arcmin
Tave_sp spring (Mar. - May) mean temperature (*C) ClimateEU 1.25arcmin
Tave_sm summer (Jun. - Aug.) mean temperature (*C) ClimateEL 1.25arcmin
Tave_at autumn (Sep. - Nov.) mean temperature (*C) ClimateEU 1.25arcmin
PPT_wt winter precipitation (mm) ClimateEL 1.25arcmin
PPT_sp spring precipitation (mm) ClimateEU 1.25arcmin
PPT_sm summer precipitation (mm) ClimateEL 1.25arcmin
PPT_at autumn precipitation (mm) ClimateEU 1.25arcmin

Table 1 List of the 21 climate variables used in this study.
Spatial grains of climatic variation

To estimate the spatial scales of variation of each climate variable, a spectral
decomposition of the spatial relationships among the 168 populations was first modeled with
Principal Coordinates of Neighbor Matrices (PCNM), by running the pcnm() function
implemented in the vegan package (R package version 2.3-5; Oksanen et al., 2016) using the
Euclidean distance matrix based on the GPS coordinates for the 168 populations. This
analysis allows decomposing the spatial structure among the sites under study into orthogonal
PCNM components corresponding to successive spatial grains (Borcard & Legendre, 2002).
The first PCNM components define a large spatial grain, while the last PCNM components
correspond to finer grains (Ramette & Tiedje, 2007; Borcard et al., 2004). All PCNM

components were then used as explanatory variables in a multiple linear regression on each



climate variable. To account for multiple testing, a Benjamin-Hochberg procedure was
performed for each climate variable across all PCNM components to control for a false
discovery rate (FDR) at a nominal level of 5% (Benjamini & Hochberg, 1995).

Genomic characterization and data filtering

For each population, a mean number of 16.5 plants (total number = 2,776 plants, median =
17 plants , max = 17 plants, min = 5 plants, Supporting Information Table S1) were collected
randomly in late February — early March 2015 and brought back to a cold frame greenhouse
(no additional light or heating). In April 2015, leaf tissue was collected from approximately
16 plants per population for a total of 2,574 plants (min = 5 plants, max = 16 plants, mean =
15.32 plants, median = 16 plants, Supporting Information Table S1). More precisely, a portion
of a rosette leaf for each plant was placed in 96-well Qiagen S-block plates containing a 3 mm
bead in each well and samples were stored at -80°C. Prior to DNA extraction, plates were put
30 sec in liquid nitrogen and samples were then crushed by using Mixer Mill MM 300 Retsch
® with 1 min of vibration at a frequency of 30 vibrations/s. Genomic DNA from the 2,574
plants was extracted as described in Brachi et al. (2013) and total DNA for each individual
extraction was quantified by using a Quant-iT™ PicoGreen® dsDNA Assay Kit with a QPCR
ABI7900 machine. Individuals from each population were then used to constitute an
equimolar pool and from 50bp to 500bp fragments were produced for each pool by using
Covaris M220 Focused-ultrasonicator™. Produced fragments were analyzed with Agilent
2100 Bioanalyzer with a DNA 7500 chip and purified with Agencourt® AMPure® XP
paramagnetic beads by following manufacturer instructions protocol. Illumina indexes were
added by PCR amplification with the following cycling program: 1 min at 94°C, followed by
12 cycles of 1 min at 94°C, 1 min at 65°C and 1 min at 72°C, followed by a final elongation
of 10 min at 72°C. After this step, PCR products were purified as described before. Samples
were sequenced at the Get-Plage platform (Toulouse) on an lllumina Hiseq 3000 sequencer.
Raw data for each population used in this study are available at the NCBI Sequence Read
Archive (SRA) (http://ncbi.nlm.nih.gov/sra) through the study accession SRP103198.

Raw reads were mapped on the reference genome Col-0 with glint tool (version
1.0.rc8.779) (Faraut & Courcelle, unpublished software) by using the following parameters:

glint mappe --no-lc-filtering --best-score --mmis 5 --Imin 80 --step 2. The mapped reads were


http://ncbi.nlm.nih.gov/sra

filtered for proper pairs with SAMtools (v0.01.19; Li et al., 2009) (samtools view -f 0x02). A
semi-stringent SNPCalling across the genome was then performed for each population with
SAMtools mpileup2snp (Li et al., 2009) and VarScan mpileup2snp (Koboldt et al., 2012)
softwares by using as parameters a minimum coverage (minimum read depth at a position to
make a call) of 5 reads and a minimum variant allele frequency threshold of 0.00001. SNP-
Pooling was then performed to obtain polymorphic sites across the whole 168 samples and
SNP-Calling was inferred on the whole polymorphic sites as described above (VarScan
mpileup2cns; min coverage = 1) and bi-allelic positions were filtered. The mean and the
median coverage to a unique position in the reference genome was ~26.3x and ~24.5x,

respectively (min = 11.60x, max = 48.69x).

After bioinformatics analysis, data consisted of allele read counts (for both the reference
and alternate alleles) for a total of 4,781,661 SNPs in the 168 populations. This data set was
further filtered using custom scripts. First, SNPs without mapped reads in at least 8
populations were removed (number of remaining SNPs = 3,798,406). Second, for each
population, we calculated the relative coverage of each SNP as the ratio of its coverage to the
median coverage (computed over all the SNPs in the corresponding population). Because
multiple gene copies in the 168 populations can map to a unique gene copy in the reference
genome Col-0, we removed SNPs with a mean relative coverage across the 168 populations
above 1.5 (number of remaining SNPs = 3,260,041). In addition, we removed SNPs with a
standard deviation of allele frequency across the 168 populations below 0.004 (number of
remaining SNPs = 3,248,168). Third, because genomic regions present in Col-0 can be absent
in most of the 168 populations or genomic regions present in most of the 168 populations can
be absent in Col-0, we removed SNPs with a mean relative coverage across the 168
populations below 0.5 (number of remaining SNPs = 3,172,313). Fourth, we removed SNPs
that were monomorphic in more than 90% of the populations, leading to a final data set
consisting of read counts for 1,638,649 SNPs in the 168 populations.

Genome-environment analysis

Based on the 1,638,649 SNPs, whole genome scans for adaptive differentiation and
association with climate variables were performed with BayPass 2.1 (Gautier, 2015).

Accommodating Pool-Seq data, the underlying Bayesian hierarchical models explicitly



account for the scaled covariance matrix of population allele frequencies (€2) which make the

analyses robust to complex demographic histories.

Here, capitalizing on the large number of available SNPs, we adopted a sub-sampling
procedure to estimate Q. This consisted in dividing the full data set into 32 sub-data sets, each
containing 3.125% of the 1,638,649 SNPs (ca., 51,000 SNPs taken every 32" rank across the
genome), that were further analyzed in parallel under the core model using default options for
the Markov Chain Monte Carlo (MCMC) algorithm (except -npilot 15 -pilotlength 500 -
burnin 2500). Pairwise comparisons of the 32 resulting covariance matrices confirmed all
estimates were consistent with highly correlated elements, while the pairwise FMD distances
(Forstner & Moonen, 2003) had a narrow range of variation (from 2.04 to 2.24) with a mean

value equal to 2.15.

These analyses carried out under the core model also provided estimate of the XtX
measure of differentiation for all the SNPs (combined over sub-data sets). For a given SNP,
the XtX is defined as the variance of the standardized population allele frequencies, i.e.
rescaled using © and across population allele frequencies (Gunther & Coop, 2013; Gautier,
2015). This allows for a robust identification of overly differentiated SNPs by correcting for
the genome-wide effects of confounding demographic evolutionary forces such as genetic

drift and gene flow.

As a matter of expedience, given the close similarity of the Q estimates obtained on
the 32 sub-data sets, we retained for further analyses the matrix &, (obtained on the first sub-
data set) as an estimate of the scaled covariance matrix of population allele frequencies. To
evaluate the spatial scale of genomic variation, we first performed a singular value
decomposition (SVD) of Q. The coordinates of the resulting Principal Components (PC)
were then regressed against latitude and longitude according to the following formula (PROC
GLM procedure in SAS 9.3 SAS Institute Inc., Cary, North Carolina, USA):

PC coordinates;; ~ latitude; + longitude; + latitude; * longitude; + & (1)

Finally, genome-wide analysis of association with climate covariables were carried out
under the AUX model (-auxmodel) parameterized with Q,. The support for association of
each SNP with each covariable k (i.e., a non null regression coefficient 3,, between SNP i
allele frequencies and a covariable k) was evaluated by computing Bayes Factor (BF)
measured in deciban units (dB), a BF>15 being classically considered as strong evidence for



association (Gautier, 2015). Note that the AUX model allows to explicitly accounting for
multiple testing issue by integrating over (and estimating) the unknown proportion of SNPs
actually associated with a given covariable. Here, 23 covariables (21 climate variables as well
as the two first PC's) were considered separately and standardized prior to analyses using the
scalecov option. In practice, BF and the associated regression coefficients 3, between SNP
allele frequencies and climate variation were estimated for each SNP by analyzing in parallel
the 32 sub-data sets described above (but with the same matrix ) using default options
(except -npilot 15 -pilotlength 500 -burnin 2500) for MCMC.

Enrichment across annotation categories of variants for climatic associations

To test whether different categories of genetic variants were enriched for those SNPs
that were the most significantly associated with climate variation (i.e. with the highest BF),
we first annotated all the SNPs (n = 1,638,649 SNPs) by using the SnpEff program (Cingolani
et al., 2012). In this study, we considered six categories of genic variants representing 98.5%
of all the SNPs tested genome-wide, i.e. intragenic variant (mainly transposable elements,
11.5%), intergenic variant (49.1%), UTR variant (5.6%), intron variant (14.9%), synonymous
variant (9.1%) and replacement variant (8.2%). We then tested whether SNPs in the 0.5%
upper tail of the BF distribution of each climate variable were over-represented or under-
represented in each of the six genetic variant categories. For each category of genetic variant,

we used the following equation:
Sa/s
FEsnpess = Sa/S (2)

where s is the number of BF in the 0.5% upper tail of the BF distribution, s, is the
number of SNPs in the 0.5% upper tail of the BF distribution that also belonged to the genetic
variant category, S is the total number of annotated SNPs tested genome-wide and S, is the
number of annotated SNPs tested genome-wide that also belonged to the genic variant
category. Based on a methodology previously described in Hancock et al. (2011) that takes
into account original Linkage Disequilibrium (LD) patterns among SNPs in the 0.5% upper
tail of the BF distribution, statistical significance of enrichment for each category of genetic

variants was assessed by running 1000 null permutations.



Enrichment in signatures of selection for climatic associations

For each climate variable, we tested whether SNPs with the highest BF were over-
represented in the extreme tail of the XtX distribution according to the methodology described
in Brachi et al., (2015):

a/
FExex = ;a_/z (3)

where n is the number of XtX in the 0.5% upper tail of the XtX distribution, n, is the number
of SNPs in the 0.5% upper tail of the BF distribution that were also in the 0.5% upper tail of
the XtX distribution, N is the total number of SNPs tested genome-wide and N is the number
of SNPs in the 0.5% upper tail of the BF distribution. Statistical significance of enrichment
was assessed by running 10,000 null permutations based on the methodology described in
Hancock et al. (2011).

Enrichment in biological processes for climatic associations

To determine which biological processes were enriched with climate adaptation, we
tested whether SNPs in the 0.01% upper tail of the BF distribution of each climate variable
were over-represented in each of the 736 Gene Ontology Biological Processes obtained from
the GOslim set (The Gene Ontology Consortium, 2008). Statistical significance of enrichment
was assessed for the 0.01% upper tail of the BF distribution as described above in accordance
to Hancock et al. (2011). For each significantly enriched biological process, the identity of the
genes containing SNPs in the 0.01% upper tail of the BF distribution was retrieved.

Identification of candidate genes associated with climate variation

A four-step procedure was adopted to identify candidate genes associated with climate
variation. First, we selected the 50 SNPs with the highest BF for each of the 21 climate
variables as well as for each of the two first PCs, leading to a total of 1,150 SNPs. Second, the
1,150 top SNPs were pruned to obtain a list of 835 unique top SNPs. Third, candidate regions
were defined on the genomic regions supported by at least three top SNPs successively
separated by less than 10kb. This step led to the identification of 61 candidate regions



containing on average 5.3 SNPs (median = 4 SNPs, min = 3 SNPs, max = 29 SNPs) and with
a mean length of 10.7 kb (median = 8.6 kb, min = 0.3 kb, max = 41.6 kb). Finally, using the
TAIR 10 database (https://www.arabidopsis.org/), we retrieved all the annotated genes
located within or overlapping with the 61 candidate regions, leading to the identification of

187 annotated genes.

Results
Climate variation and associated spatial grains

Here, we focused on 168 A. thaliana natural populations distributed in the Midi-
Pyrénées region located in the south-west of France (Fig. 1). We identified 82 Principal
Coordinates of Neighbor Matrices (PCNM) components, suggesting a relatively

homogeneous spatial distribution of the 168 populations across the sampling area (Fig. 1).

Fig. 1 Distribution of the 168 A. thaliana natural populations across the Midi-Pyrénées region (south-west
of France). Grey zone represents total area of metropolitan France. Black dots represent locations inhabited by
A. thaliana in the Midy-Pyrénées region.



The 168 populations were characterized for 21 climate variables with a grid resolution
smaller than the average distance among populations (i.e. 100.6 km, SD = 56.0 km). Despite
the restricted size of our sampling area (~8.2% of total area of metropolitan France, Fig. 1),
climate variation among the 168 populations represented ~23.5% of climate variation among
426 European locations inhabited by A. thaliana (Hancock et al., 2011; Fig. 2, Supporting
Information Fig. S1). Notably, after removing one extreme altitude value (i.e. 2916 m in a
location in Austria), the altitude range observed among the 168 populations (84 m to 1129 m)
represented 56.1% of the altitude range observed among the European locations (-2 m to 1862
m) (Supporting Information Fig. S1). In addition, the climate space of the Midi-Pyrénées
region largely differed from the climate space of the other French regions inhabited by A.
thaliana (Fig. 2c).

Fig. 2 Climate variation among natural populations of A. thaliana collected at different geographical
scales. (a) Factor loading plot resulting from a principal component analysis. Factor 1 and factor 2 explained
51.38% and 29.30% of total climate variation. See Table 1 for a description of the climate variables. (b)
Distribution of eigenvalues. (¢) Position of the 168 populations of the Midi-Pyrénées region in the European and
French climatic space of A. thaliana. Blue dots represent European locations without considering locations in
France (n = 426), green dots represent French locations without considering locations in the Midi-Pyrénées
region (n = 95), red dots represent locations in the Midi-Pyrénées region (n = 168). ‘France/Europe’ indicates the
percentage of climatic variance in Europe observed among the locations in France whereas ‘MP/Europe’



indicates the percentage of climatic variance in Europe observed among the locations in the Midi-Pyrénées
region.

In the Midi-Pyrénées region, all the pairwise correlations among the 21 climate
variables were highly significant (mean absolute Spearman’s rho = 0.810, Supporting
Information Fig. S2). Accordingly, more than 90% of climate variation was captured by the
two first axes of a PCA based on the 168 populations (Supporting Information Fig. S3). Two
patterns of spatial variation were observed for the 21 climate variables (Supporting
Information Fig. S4). Altitude and the 15 temperature-related variables were mainly
associated with the first PCNM components (Supporting Information Fig. S4), indicating a
coarse-grained spatial variation. On the other hand, coarse-grained to very fine-grained spatial
variations was observed for the five precipitation-related variables (Supporting Information
Fig. S4).

Altogether, these results indicated the presence of contrasted climates, even at a short
geographical distance, among the locations inhabited by A. thaliana in the Midi-Pyrénées

region.

Genome-climate associations

Using Pool-Seq data, we estimated within-population allele frequencies across the
genome for a final number of 1,638,649 SNPs (i.e. one SNP every 72 bp). Based on singular
value decomposition (SVD) of the population covariance-variance matrix €, we found that
96.4% of the genomic variation observed in the Midi-Pyrénées region was explained by the
first principal component (Supporting Information Fig. S5), supporting strong population
subdivision already observed in other French regions (Le Corre, 2005; Brachi et al., 2013). In
addition, a weak geographic pattern along a south-west/north-east axis was observed for
genomic variation (latitude: t value = 4.734, P = 4.73 x 10°®, longitude: t value = 4.417, P =
1.81 x 10, latitude x longitude: t value = -4.428, P = 1.73 x 10, adjusted R = 10.5%;
Supporting Information Fig. S5).

To identify the genomic regions associated with climate variation, we then performed
a genome-wide scan for association with the 21 climate variables and the two first climate
PCs, using a Bayesian hierarchical model that includes a population covariance matrix

accounting for the neutral covariance structure across population allele frequencies. For each



climate variable, we estimated the regression coefficients between SNP allele frequencies and
climate variation (B;) and evaluated the support for association (non null ;) of the association
between a given SNP and a climate variable with a Bayes factor (BF). We identified very neat
peaks of association for most climate variables (Fig. 3, Supporting Information Fig. S6).
Accordingly, as illustrated for altitude, the number of degree-days below 0°C and winter
precipitations, standardized allele frequencies variation of the most significant SNPs strongly
overlapped with climate variation (Fig. 4).

Fig. 3 Manhattan plots of the genome-environment association results for three climate variables. The x-
axis indicates the position along each chromosome. The five chromosomes are presented in a row along the x-
axis in different degrees of blue. The y-axis indicates the posterior mean of the regression coefficient 5; (M_Beta
value) estimated by the AUX model implemented in the program BayPass. The three most associated SNPs are
circled with a different color. ‘DD<0’ degree-days below 0°C, ‘PPT_wt’ mean winter precipitation.



Fig. 4 Map illustrating the geographic variation of three climate variables and the standardized allele
frequencies of the SNPs the most associated with these climate variables. ‘DD<0’ degree-days below 0°C,
‘PPT_wt’ mean winter precipitation.

To test whether the genomic architecture associated with climate variation differs
among the 23 climate variables (21 single climate variables and the two first PCs), we
assessed the degree of climatic pleiotropy among the SNPs the most associated with climate
variation. We therefore retrieved the 50 SNPs with the highest BF for each of the 23 climate
variables. Among the 835 resulting unique top SNPs, 82.8% were associated with a single
climate variable whereas the remaining SNPs were associated with up to 12 climate variables
(mean = 3.20, median = 2). These results suggest that while different genomic architectures
underlay the response of A. thaliana to single climate variables, a substantial number of
pleiotropic loci (i.e. loci associated with variation in several climate variables) can contribute

to the response to a combination of climate variables.



Testing for signatures of selection

To test whether our results detect true signals of adaptation, we first tested whether the
top SNPs (i.e. the 0.5% upper tail of the BF distribution) were differentially enriched for six
categories of genetic variants (intragenic, intergenic, UTR, intron, synonymous and
replacement). For 19 out of the 23 climate variables, we found that likely functional
replacement SNPs show strong and significant enrichments (mean = 1.17) to the detriment of
putative neutrally evolving intragenic SNPs (mean = 0.60) (Table 2a). Interestingly, as
illustrated for mean annual temperature and mean annual precipitations (Fig. 5), fold-
enrichment values increased according to the degree of neutral evolution expected for the six

categories of genetic variants.

a classes of sites b
Xix
intragenic  intergenic UTR intron synonymous replacement
climate Fold Fold Fold Fold Fold Fold dimate  Fold P

variables  value value value value value value variables value
altitude 0.61 ** 0.94 * 124 % 1.15 ns 1.20 *=* 1.23 *=* altitude 245  *FE
MAT 0.62 **=* 0.97 ns 1.10 ns 1.15 * 118 * 1.21 *** MAT 212w
MWMT 0.61 **=* 0.95 * 1.19 * 1.19 **= 1.18 *=* 114 * NMWMT 2,02 *=
MCMT 0.70 **= 0.97 * 113 * 111 % 1.13 *=* 1.19 *** MCMT 170 *F*
TD 0.52 **= 0.98 ns 123 * 1.16 ns 1.14 ns 1.21 ** TD 177 *==
AHM 0.54 *=* 0.98 ns 1.08 ns 1.18 ns 1.14 ns 123 * AHM 2.16 b
SHM 0.59 * 1.02 ns 1.10 ns 1.03 ns 1.14 ns 117 ns SHM 261 **
DD=0 0.69 ** 0.97 ns 120 * 1.06 ns 115 * 1.20 ** DD=0 217 *E*
DD=5 0.61 **=* 0.97 ns 1.18 * 113 * 1.18 *=* 113 * DD=5 223 *=
DD<18 0.64 **=* 0.97 ns 1.02 ns 1.14 * 1.22 === 1.16 *=* DD<18 24 *=
DD=18 0.61 **=* 0.99 ns 1.13 ns 1.16 ** 114 * 1.10 ns DD=18 231 ww=
NFFD 0.66 **=* 0.97 ns 119 * 1.07 ns 1.21 **=* 1.15 ** NFFD 1.80 **==*
Tave_wt 0.65 **= 0.97 * 1.07 ns 1.15 *=* 1.20 **=* 1.15 ** Tave_wt 2.02 **=*
Tave_sp 0.64 ** 0.99 ns 1.16 ns 1.04 ns 1.25 **=* 1.14 ns Tave_sp 229 wE=
Tave_sm 0.60 **= 0.96 * 1.10 ns 1.18 == 1.19 **==* 1.17 ** Tave_sm  1.83 **=
Tave_at 0.62 **=* 0.96 * 119 * 116 * 1.21 **=* 114 * Tave_at 214 *F=*
MAP 0.58 **= 0.95 * 1.05 ns 118 * 1.27 **=* 1.20 ** MAP 1.82 **
PPT_wt 0.59 **=* 1.00 ns 1.14 ns 1.10 ns 1.09 ns 1.18 ** PPT_wt 118 ns
PPT_sp 0.51 == 1.08 * 1.04 ns 1.06 ns 1.00 ns 1.06 ns PPFT_sp 3.14 *F=
PPT_sm 0.53 **=* 0.95 * 1.37 *** 1.17 * 1.20 * 117 * PPT_sm 249  *F*
PPT_at 0.62 **=* 0.99 ns 1.08 ns 1.13 * 114 * 114 * PPT_at 222 wE=
PCA Axisl 0.55 **= 0.95 * 121 % 1.14 ns 1.27 === 1.24 ** PCA Axisl 247 **=*
PCA Axis2 0.61 ** 1.01 ns 1.09 ns 1.08 ns 1.06 ns 122 ** PCA Axis2  1.32  ns
mean 0.60 0.98 1.14 1.13 1.17 117 212

Table 2 Enrichment of different classes of sites (a) and of genome-wide spatial differentiation (XtX) (b) in
the 0.5% tail of the BF,,. distribution of each individual climate variable. See Table 1 for a description of the
climate variables.



Fig. 5 Enrichment analysis of different classes of sites in the 0.5% upper tail of the BF,,. distribution of
two climate variables. Enrichments shown are relative to the proportion of each class of SNPs in the genome
overall. Large dots represent the enrichment values for each class of sites. Grey dots represent 1000 null
permutations of site categories. The horizontal dashed line shows the expected enrichment under the null
hypothesis of no enrichment. Enrichments that are significant relative to permutations are denoted by asterisks.
™ non-significant, * 0.05 > P > 0.01, ** 0.01 > P > 0.001, *** P < 0.001. intra: intragenic SNPs (i.e. SNPs in
transposable element gene), inter: intergenic SNPs, UTR: SNPs in 5’ and 3’ untranslated transcribed regions,
intron: intronic SNPs, synon: synonymous SNPs, replac: replacement SNPs (amino-acid changing SNPs and
stop codon gained SNPs).

We then tested whether the top SNPs (i.e. the 0.5% upper tail of the BF distribution)
significantly overlapped with the 0.5% upper tail of the XtX distribution (i.e. the 0.5% most
overly differentiated SNPs among populations). For all climate variables (with the exception
of summer precipitation and the second PC), climate-related SNPs were significantly enriched
in the 0.5% upper tail of the XtX distribution, with a fold-enrichment ranging from 1.70 for
mean coldest month temperature to 3.14 for spring precipitation (Table 2b).

Enrichment in biological processes

Distinct biological processes were significantly associated with a given climate
variable (Table 3). For example, processes involved in the responses to abiotic stresses such

as heat, sulfate starvation, the abscisic acid (ABA) pathway - a plant hormone pathway



regulating plant growth and response to abiotic stress - and other general biological processes
(protein ubiquitination, intracellular signaling, transmembrane transport or gene silencing)
were found to be associated with adaptation to altitude. Interestingly, regulation of gene
transcription as well as epigenetic mechanisms, both important for cellular regulation, were
found as markers for adaptation to temperature. Proteolysis, likely in relationship with
membrane protein stability, was also found as a major process for temperature adaptation. For
the variables related to precipitations, different developmental processes were identified for
precipitation variables, especially when seasons were taken into consideration. More
specifically, growth-related processes were identified for the mean annual precipitation
variable. On the other hand, different processes either related to photosynthesis and light
perception, or to development and the auxin transport pathway, were found to be associated
with winter and spring precipitations, respectively. Interestingly, the list of the genes
underlying these enriched biological processes (Supporting Information Table S2) revealed a

large number of putative or true transcription factors.
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Table 3 Enrichment of biological processes in the 0.01% tail of the BF, distribution of each climate
variable as well as for the two first axes of the PCA. Only enrichment values with a significant p-value < 0.01
are reported (orange squares: ** P < 0.01, red squares *** P < 0.001). The significance of enrichment was tested
against a null distribution using 1000 null permutations. GO term: black, general cellular processes; red,
transcriptional and epigenetic processes; orange, proteolysis processes; green, developmental processes; blue:
light perception related processes; pink, auxin related pathways; purple, response to stress.
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Identification of candidate genes

To identify candidate genes associated with climate variation, we retrieved all the
annotated genes located within or overlapping with 61 candidate regions (each supported by
at least three top SNPs) (Supporting Information Table S3). By considering a list of 187
candidate genes, a literature survey identified different functions encoded by these genes that
could be classified in four main categories: (i) a large number of proteins (n = 41) involved in
the regulation of gene expression and/or chromatin accessibility, including many
transcriptional factors regulating developmental processes (such as MYB37, TFL1, MYB36,
DTF2) and abiotic stress response (WRKY60, RAV1, DDF1); (ii) genes involved in
developmental processes (n = 16) (such as root (RSH3) and trichome development (ARP3),
seed-seedling transition (ATHB13)) and auxin and gibberellin responsive genes (SAUR38,
IAA9, ARR1); (iii) genes involved in abiotic (or biotic) stress response (n = 11), including
genes involved in cell death regulation (BAG5, metacaspase 8, ATG8E, MAC5C); and finally,
(iv) ring-type E3 ubiquitin ligases (n = 8) which are known to be required for, or modulate,
multiple aspects of biotic and abiotic stress responses (Callis, 2014). Other candidate genes

correspond to diverse general functions or to unknown functions.

Discussion
Climate adaptation in a patchy climate environment

In agreement with the influence of three contrasted climates (i.e. oceanic climate,
mountain climate and Mediterranean climate) in the south-west of France, up to 27% of
climate variation across European locations inhabited by A. thaliana was observed in the
Midi-Pyrénées region. The presence of mountains in the south and north-east in our sampling
area likely explained the steep temperature gradients observed in this study. On the other
hand, we observed a mosaic of contrasted precipitation regimes. Therefore, the different
spatial grains between temperature and precipitations lead to rugged climate landscapes over
very short geographical scales, which in turn better match with the small distance of seed and

pollen dispersal expected for a barochorous and selfing plant species such as A. thaliana.

In comparison with studies performed at larger geographical scales (Hancock et al.,

2011; Lasky et al., 2012), we identified very neat peaks of association with local climate.



Such a pattern is similar to a previous GWAS in A. thaliana reporting that the significance
level of association peaks for phenotypic traits potentially related to climate adaptation (such
as flowering time) was stronger based on regional or local accessions than worldwide or
European accessions (Brachi et al., 2013). In our study, two non-exclusive hypotheses can be
suggested to explain the relationship between the significance level of association peaks and
geographic scale. First, because natural populations of A. thaliana have been long considered
to have a low genetic variability (likely due its selfing rate close to 98%; Platt et al., 2010),
most studies performed at the European or regional scale have been performed using a single
accession per population. However, recent studies challenged this view, and many natural
populations have been described to be highly genetically variable at both neutral SNPs and
polymorphisms associated within natural phenotypic variation (Le Corre, 2005; Picd et al.,
2008; Lundemo et al., 2009; Montesinos et al., 2009; Platt et al., 2010; Bomblies et al., 2010;
Kronholm et al., 2012; Samis et al., 2012; Brachi et al., 2013; Karasov et al., 2014; Luo et al.,
2015). Because pool sequencing has been demonstrated a cost-effective method to infer
demography and to identify genetic markers underlying local adaptation in several plant and
animal species (Schlotterer et al., 2014), we obtained a representative picture of within-
population genetic variation across the genome by sequencing pools of ~16 individuals from
each population. Second, in agreement with previous studies reporting that global effects of
the demographic evolutionary forces in A. thaliana should be limited at a small geographical
scale (Nordborg et al., 2005; Platt et al., 2010), we observed a weak geographic pattern of
genomic variation among the 168 natural populations. Such a pattern likely alleviated the
limitations of GEA analyses often observed at larger geographical scales, which are
confounding background produced by population structure, rare alleles and allelic
heterogeneity.

Importantly, following methodologies previously developed in A. thaliana to identify
environment-adaptive genetic loci at the European scale (i.e. climate and herbivore resistance;
Hancock et al., 2011; Lasky et al., 2012; Brachi et al., 2015), we found that the SNPs the
most associated with climate were significantly enriched in likely functional variants (i.e.
non-synonymous variants) and in the extreme tail of spatial differentiation among
populations. These clear signatures of selection suggest that climate is an important driver of
adaptive genomic variation in A. thaliana at a local scale. Although studies reporting the

identification of climate adaptive genetic loci at a small geographical scales are still scarce



(Manel et al., 2010; Kubota et al., 2015; Gunther et al., 2016; Pluess et al., 2016), there is
mounting genomic evidence that microgeographic adaptation to climate is more widespread

than is commonly assumed.

Overrepresentation of genes involved in transcriptional mechanisms in the plant functions

involved in local adaptation

Using two complementary approaches consisting in the determination of biological
processes that were enriched with climate adaptation and the identification of candidate genes
associated with climate variation, we were able to show that (i) plant functions involved in
local adaptation differ among the climate variables, in particular between altitude, temperature
related variables and seasonal precipitations, and (ii) regulation of gene transcription and
epigenetic mechanisms are key actors of climate adaptation. Transcription factors (TFs),
DNA/chromatin modifying proteins and epigenetic mechanisms were the major functions
uncovered by our study. These findings are in agreement with (i) previous studies reporting
strong correlations between genome-wide DNA methylation and climate in A. thaliana at a
worldwide scale (Kawakatsu et al., 2016; Keller et al., 2016), and with (ii) global gene
expression studies demonstrating that plant response to environmental constraints relies on a
number of distinct transcriptional responses operating spatially, temporally and in
combination with other signals like hormones (Coolen et al., 2016). WRKY®60, identified here
in relation with precipitations in spring and autumn, was shown to control plant response to
abscisic acid and abiotic stress through a highly interacting regulatory network shared with
WRKY18 and WRKY40 (Chen et al., 2010; Liu et al., 2012). These TFs modulate gene
expression in plant stress responses by acting as either transcription activators or repressors.
Another interesting candidate gene HSFA2, which orchestrates transcriptional dynamics after
heat stress in A. thaliana (Lamke et al., 2016), acts also as a key component of the Heat Stress
Transcription Factors signaling network involved in responses to various environmental stress
(Nishizawa-Yokoi et al., 2011). Its implication in the protection against oxidative stress
(Zhang et al., 2009) can explain these multiple functions and its identification in relation to
the variable altitude. The DDF1 transcriptional activator, found here in relation to temperature
variables, upregulates expression of a gibberellin-deactivating gene, GA20x7, under high-

salinity stress in Arabidopsis (Magome et al., 2008) and has been involved in tolerance to



cold, drought, and heat stresses in A. thaliana (Kang et al., 2011). These examples illustrate
the importance of gene expression control by TFs in adaptation to climate variables.
Interestingly, some transposable elements (known to be related with gene regulation) have
also been identified as candidate genes in this study, in good agreement with recent work
demonstrating that the composition and activity of the Arabidopsis mobilome vary greatly
among accessions (Quadrana et al., 2016) and that remarkably, loci controlling adaptive
responses to the environment are the most frequent transposition targets observed.

Finally, as a consequence of gene expression control and/or through other
mechanisms, developmental processes were found to be associated with distinct climate
variables in this study. ARR1 (identified for precipitations in spring) is a good example
because it has been demonstrated to be involved in low temperature-mediated inhibition of
root in conjunction with cytokinin signaling (Zhu et al., 2015), but also in response to drought
tolerance (Nguyen et al., 2016). In the same line, ELF6 (Early Flowering 6) modulates
flowering time by regulating specific gene expression through interaction with brassinosteroid
pathway-specific transcription factors such as BES1 (Yu et al., 2008). Interestingly, this later
regulator is related to altitude and temperature variables.

Overall, our study shows an overrepresentation of genes involved in transcriptional
mechanisms, including potential epigenetic processes. We also found that developmental
processes were associated with different climate variables in conjunction with hormonal
pathways. Taken together, these observations suggest that adaptation to local climate in A.
thaliana mainly involves genome-wide changes in fundamental mechanisms of gene

regulation, and other regulatory processes including hormones.

Conclusions

In agreement with the increasing number of phenotypic studies reporting
microgeographic adaptation (Richardson et al., 2014), locale climate is an important driver of
adaptive genomic variation in A. thaliana. This result reinforces the need to choose mapping
populations according to the spatial scale of ecological variation at which species are adapted
(Bergelson & Roux, 2010). In addition, the identification of climate-adaptive genetic loci at a

local scale highlights the importance to include within-population genetic diversity in



ecological niche models for projecting potential species distributional shifts (Valladares et al.
2014). The overrepresentation of genes involved in transcriptional mechanisms in the plant
functions associated with climate variation is a common pattern at different geographical
scales in A. thaliana. The candidate genes identified in this study undoubtedly constitute key
candidate genes for functional analysis, thereby providing an exciting opportunity to dissect

the molecular bases of climate adaptation.
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Table S1. Names and GPS coordinates (expressed in decimal degrees) of the 168 populations.

No. of No. of

Population Town Latitude Longitude Altitude collected pooled
plants’ plants?
AMBR-A Ambres 43.7332 1.8239 136 17 16
ANGE-A Saint Angel, Salvagnac 43.9120 1.6566 169 17 16
ANGE-B Saint Angel, Salvagnac 43.9121 1.6569 168 17 16
AULO-A Aulon 43.1906 0.8158 339 17 15
AURE-B Aureville 43.4780 1.4522 197 17 16
AUZE-A Auzeville 43.5278 1.4916 200 17 16
AXLE-A Ax les Thermes 42.7242 1.8340 734 17 10
AXLE-B Ax les Thermes 42.7246 1.8335 733 17 16
BACC-B Baccarets (Cintegabelle) 43,3122 1.5152 201 17 16
BACC-C Baccarets (Cintegabelle) 43.3119 1.5155 201 8 8
BACC-D Baccarets (Cintegabelle) 43.3119 1.5156 201 9 8
BACC-E Baccarets (Cintegabelle) 43.3119 1.5157 201 8 8
BACC-F Baccarets (Cintegabelle) 43.3119 1.5155 201 9 8
BAGNB-A  Bagneéres de Bigore 43.0757 0.1518 532 17 16
BAGNB-B  Bagnéres de Bigore 43.0765 0.1515 530 17 16
BANI-A Banios 43.0429 0.2347 488 5 5
BANI-B Banios 43.0436 0.2343 487 17 16
BANI-C Banios 43.0436 0.2343 487 17 16
BARA-B Baraqueville 44.2697 2.4263 756 17 16
BARA-C Baraqueville 44.2708 2.4276 756 17 16
BARC-A Barcugnan 43.3620 0.3877 218 17 16
BARR-A Barry le Cas (Caylus) 44,2024 1.7675 174 17 14
BAZI-A Baziege 43.4536 1.6207 166 17 16
BELC-A Belcastel 44.3875 2.3361 415 17 16
BELC-B Belcastel 44.3875 2.3368 412 17 16
BELC-C Belcastel 44.3892 2.3366 453 17 15
BELL-A Belleserre 43.7903 1.1065 229 17 16
BERNA-A  Bernac-dessus 43.1622 0.1114 394 17 16
BESS-A Bessuéjouls 44,5264 2.7301 352 17 16
BOULO-A  Boulogne-sur-Gesse 43.2891 0.6398 339 17 16
BROU-A Brousse-le-chateau 43.9993 2.6217 281 17 16
BROU-B Brousse-le-chateau 44.0331 2.6387 678 17 14
BROU-C Brousse-le-chateau 44.0333 2.6387 678 17 16
BULA-A Bulan 43.0398 0.2773 491 17 16
BULE-B Buleix (Soulan) 42.9106 1.2481 525 17 12
CAMA-C Camarés 43.8249 2.8817 397 17 16
CAMA-D  Camares 43.8237 2.8810 393 17 15
CAMA-E Camares 43.8249 2.8817 397 17 16
CAPE-A Lacappelle - Ségalar 44,1085 1.9902 322 17 16
CARL-A Carla-bayle 43.1511 1.3923 385 17 16
CASS-A Cassagne-Begontes 44,1765 2.5182 616 17 16
CAST-A Castelginset 43.6985 1.4279 126 17 16
CASTI-A Castillon en Cousserans 42.9205 1.0341 574 17 16
CAZA-B Cazaux-Fréchet 42.8315 0.4201 1140 17 16
CEPE-A Cepet 43.7552 1.4360 125 17 16
CERN-A Saint-Rome-de-Cernon 44.0119 2.9665 406 17 15
CERN-B Saint-Rome-de-Cernon 44.0147 2.9679 407 17 16

! number of plants collected randomly in each population, >number of plants used for DNA extraction in the Pool-Seq approach.



Table S1 (continued)

No. of No. of

Population Town Latitude Longitude Altitude collected pooled
plants® plants?
CHEI-A Chein-dessus 43.0137 0.8671 603 17 16
CIER-A Cier sur Luchon 42.8533 0.6020 594 17 16
CIER-B Cier de Luchon 42.8600 0.6004 667 17 16
CIER-C Cier de Luchon 42.8602 0.6011 656 17 16
CINT-A Cintegabelle 43.3055 1.5204 204 17 16
CINT-B Cintegabelle 43.3056 1.5207 204 17 16
CLAR-A Saint Clar-de-Riviere 43.4648 1.2190 218 17 16
CLAR-B Saint Clar-de-Riviere 43.4653 1.2186 218 17 16
CLAR-C Saint Clar-de-Riviere 43.4641 1.2180 218 17 16
COLO-A Colombieés 44.3469 2.3402 670 17 16
COLO-B Colombies 44,3477 2.3397 664 17 16
COLO-C Colombies 44,3481 2.3397 664 17 16
COMT-A Villecomtal 44.5407 2.6022 558 17 16
CRAN-A Cransac (Aubin) 44.5298 2.2605 318 17 13
DAMI-A Damiatte 43.6545 1.9776 143 8 8
DAMI-B Damiatte 43.6545 1.9776 143 13 12
DAMI-C Damiatte 43.6545 1.9776 143 13 12
DECA-A Chateaude Cas (Espinas) 44,1999 1.7719 234 17 16
DIEU-A Ville-Dieu-du-temple 44.0598 1.2210 91 17 14
ESPE-B Esperausses 43.6933 2.5346 573 17 16
FAYA-A Fayet 43.8021 2.9517 457 17 16
FERR-A Ferrieres 43.6577 2.4437 541 17 16
GAIL-A Gaillac 43.9089 1.9006 144 17 16
GAIL-B Gaillac 43.9090 1.9011 144 17 16
GREZ-A Grézian 42.8769 0.3497 740 17 16
JACO-A Jacoy (Boussenac) 42.9058 1.4065 990 17 10
JACO-C Jacoy (Boussenac) 42.9058 1.4065 990 17 16
JULI-A Saint Julien de Malmont (St 44.5226 2.3635 407 17 16
Cyprien de Dourdou)
JUZE-A Juzes 43.4488 1.7905 235 17 16
JUZET-A Juzet d'lzaut 42.9777 0.7564 571 17 16
JUZET-B Juzet d'lzaut 42.9774 0.7555 576 17 16
JUZET-C Juzet d'lzaut 42.9774 0.7555 576 17 16
LABA-A Labarthe-sur-Leze 43.4516 1.4005 165 17 16
LABA-B Labarthe-sur-Leze 43.4509 1.4012 165 17 16
LABA-C Labarthe-sur-Léze 43.4515 1.3994 165 17 16
LABA-D Labarthe-sur-Léze 43.4580 1.3811 172 17 16
LABAS-A  La bastide de Sérou 43.0084 1.4200 397 17 16
LABAS-B  La bastide de Sérou 43.0087 1.4201 396 17 16
LABR-A Labruguiére 43.5312 2.2626 206 17 16
LACR-A Lacraste (Montgauch) 42,9999 1.0757 497 17 16
LACR-C Lacraste (Montgauch) 43.0002 1.0756 493 17 16
LAGR-A Lagraulhet St Nicolas 43.7953 1.0738 264 17 16
LAMA-A Lamasquere 43.4874 1.2436 182 17 16
LAMA-B Lamasquere 43.4797 1.2416 182 17 16
LANT-B Lanta 43.5649 1.6524 246 17 16

LANT-C Lanta 43.5648 1.6520 246 13 12




Table S1 (continued)

No. of No. of

Population Town Latitude Longitude Altitude collected pooled
plants® plants?
LANT-D Lanta 43.5648 1.6520 246 13 12
LAUZ-A Lauzerte 44.2561 1.1405 176 17 15
LECT-A Lectoure 43.9117 0.6297 85 17 16
LECT-B Lectoure 43.9117 0.6297 85 17 16
LESP-A Les pujols 43.0942 1.7200 290 17 16
LOUB-A Loubens-Lauragais 43.5743 1.7860 220 13 12
LOUB-B Loubens-Lauragais 43.5746 1.7857 217 12 11
LUNA-A Lunax 43.3397 0.6898 283 17 16
LUZE-A Luzenac (Garanou) 42.7647 1.7530 584 17 16
LUZE-B Luzenac (Garanou) 42.7644 1.7536 584 17 16
LUZE-D Luzenac (Garanou) 42.7644 1.7536 584 17 16
LUZE-E Luzenac (Garanou) 42.7647 1.7530 584 17 16
MARS-A Glaciane (Marsans) 43.6625 0.7183 196 17 16
MARS-B Glaciane (Marsans) 43.6625 0.7183 196 17 16
MART-A Martres Tolosane 43.2021 1.0110 266 17 16
MASS-A Masseube 43.4375 0.5793 204 17 16
MAZA-A Mazamet 43.4978 2.3754 242 17 16
MEDA-A Saint Medard 43.4905 0.4614 180 17 16
MERE-A Merens-les-Vals 42.6566 1.8362 1080 17 16
MERE-B Merens-les-Vals 42.6565 1.8362 1080 17 16
MERV-A Merville 43.7204 1.2968 156 17 16
MERV-B Merville 43.7251 1.2476 123 17 16
MONB-A  Monblanc 43.4653 0.9863 231 17 16
MONE-A  Monesties 44.1154 2.0947 405 17 16
MONF-A Monferran-Savés 43.6163 0.9724 209 17 16
MONT-A Montans 43.8522 1.8743 156 17 16
MONT-B Montans 43.8527 1.8735 156 17 16
MONTB-A  Montbrun bocage 43.1305 1.2699 281 17 16
MONTG-B  Montgaillard 43.1273 0.1107 437 17 16
MONTG-D Montgaillard 43.1277 0.1106 437 17 16
MONTI-A  Monties 43.3894 0.6728 313 17 16
MONTI-B  Monties 43.3839 0.6726 313 17 16
MONTI-D  Monties 43.3839 0.6726 313 17 16
MONTM-A Montmajou (Cier de Luchon) 42.8616 0.5959 792 17 16
MONTM-B Montmajou (Cier de Luchon) 42.8612 0.5969 774 17 16
MOUL-A Moularés 44.0898 2.2961 428 17 15
NAUV-A Nauviale 44.5208 2.4274 259 17 16
NAUV-B Nauviale 44.5204 2.4271 257 17 16
NAUV-C Nauviale 44.5204 2.4272 259 17 16
NAYR-A Le Nayrac (Cassagnes-Bégontes) 44.1614 2.5447 631 17 16
NAZA-A Saint-Pierre-de-Najac 44.2203 1.0650 93 17 16
(Miramont de Quercy)
PAMP-A Pampelonne 44.1249 2.2555 317 17 16
PAMP-B Pampelonne 44,1249 2.2552 317 17 16
PANA-C Villefrance de Panat 44.0789 2.7111 767 17 16

PASD-B Pas du loup (Camares) 43.8118 2.8717 603 17 16




Table S1 (continued)

No. of No. of

Population Town Latitude Longitude Altitude collected pooled
plants’ plants?
PREI-A Preignan 43.7179 0.6233 120 17 16
PUYM-B Puymaurin 43.3729 0.7657 278 17 16
RADE-A Sainte Radegonde 44.3452 2.6208 622 17 11
RAYR-A Rayret (Cassagne-Begontes) 44,1960 2.4932 555 17 16
RAYR-B Rayret (Cassagne-Begontes) 44,1960 2.4931 555 17 16
REAL-A Réalmont 43.8317 2.2016 239 17 16
ROME-A Saint-Rome-du-tarn 44.0416 2.9096 446 17 16
ROQU-B Roquecourbe 43.6679 2.2902 261 17 16
SALE-A Saleich 43.0250 0.9660 413 17 16
SALV-A Saint-Salvy-de-la-Balme 43.6026 2.3634 473 17 15
SAMA-A Samatan 43.4943 0.9239 179 17 16
SAUB-A Saubens 43.4649 1.3651 164 17 16
SAUB-B Saubens 43.4741 1.3642 164 17 16
SAUB-C Saubens 43.4756 1.3676 164 17 16
SAUR-A Saurat 42.8898 1.4852 1023 17 16
SEIS-A Seissan 43.4873 0.5888 193 17 16
SIMO-A Simorre 43.4494 0.7346 204 17 16
SORE-A Soréze 43.4526 2.0725 293 17 16
TARN-C Villemur-sur-Tarn 43.8533 1.5020 99 17 16
THOM-A Saint Thomas 43.5140 1.0829 322 17 16
VALE-A Valence d'Albiegeois 44,0223 2.4034 459 17 15
VICT-B Saint Victor et Melvieu 44.0522 2.8340 629 17 16
VICT-C Saint Victor et Melvieu 44,0522 2.8340 629 17 16
VIEL-A Vielmur sur Agout 43.6238 2.0896 155 17 16
VILLA-A Villate 43.4582 1.3810 169 17 16
VILLE-A Villenouvelle 43.4398 1.6710 188 17 16
VILLE-B Villenouvelle 43.4403 1.6696 187 17 16
VILLE-C Villenouvelle 43.4400 1.6701 188 17 16
VILLE-D Villenouvelle 43.4397 1.6707 188 17 16

VILLEM-A  Villembits 43.2738 0.3212 326 17 16




Table S2 List of the genes underlying the enriched biological processes for each climate variable.

Available online (https://lipm-browsers.toulouse.inra.fr/pub/Frachon2017-PHD/, login: reviewersPHD,

password: kryGhehayd4).

Table S3 List of the annotated genes located within or overlapping with 61 candidate regions. ‘chromosome’
and ‘position’ stands for the physical positions of the 835 unique top SNPs. Green and yellow blocks delimit the
61 candidate regions, each being supported by at least three top SNPs successively separated by less than 10kb.
‘No climate factors’: number of climate factors associated with a top SNP. ‘Identity of climate factors’: see
Table 1 for a description of the climate variables. ‘Atg number’: Atg numbers in red correspond to genes
underlying enriched biological process (see Table S2). ‘Locus name’: white, regulation of gene expression
and/or chromatin accessibility; green, genes involved in developmental processes; red, genes involved in abiotic

(or biotic) stress response; purple, ring-type E3 ubiquitin ligases.

Available online (https://lipm-browsers.toulouse.inra.fr/pub/Frachon2017-PHD/, login: reviewersPHD,

password: kryGhehayd4).
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Figure S1. Climatic variation at different geographical scales for all the climate variables (with the
exception of altitude). See Table 1 for a description of the climate variables. ‘Eur’: climate variation among 426
European locations without considering locations in France, ‘Fr’ climate variation among 95 French locations
without considering locations in the Midi-Pyrénées region, ‘MP climate variation among 168 locations in the
Midi-Pyrénées region.



Figure S2. Correlation matrix among the 21 climate variables. Above diagonal: values of Spearman’s rho. Below diagonal: levels of significance values of Spearman’s
rho after a false discovery rate (FDR) correction at the nominal level of 5%. See Table 1 for a description of the climate variables.

altitude  MAT ~ MWMT  MCMT T  MAP AHM  SHM DD<0  DD>5 DD<18 DD>18 NFFD Tave_wt Tave_sp Tave_sm Tave_at PPT_wt PPT sp PPT_sm PPT at
altitude 092 -087 068 080 079 -0.84 -0.88 0.91 -0.94 0.94 089 -0.85 081 097 -0.88  -0.91 042 085 076 0.82
MAT 0 0.97 0.80 0.89 -0.77 0.84 0.89 -0.96 0.99 -0.99 0.98 0.95 0.92 0.97 0.98 1.00 046 -0.76 -0.78 -0.80
MWMT 0 0 0.69 096 -0.75 0.81 0.91 -0.91 0.98 -0.94 0.99 0.89 0.84 0.91 1.00 0.97 041 074 -0.79 -0.78
MCMT 0 0 0 0.50 -0.57 0.63 0.56 -0.80 0.75 -0.83 0.71 0.88 0.93 0.78 0.71 0.80 052 052 -0.48 -0.58
™ 0 0 0  5.30E-12 0.72 0.77 0.90 -0.81 0.92 -0.83 0.95 0.78 0.69 0.82 0.95 0.89 034 071 079 -0.76
MAP 0 0 0  1.18E-15 0 0.99 -0.83 0.79 0.78 0.76 079 075 067 079 072  -0.80 081 080 079 0.98
AHM 0 0 0 0 0 0 0.87 -0.85 0.84 -0.83 0.84 0.81 0.74 0.85 0.79 0.85 077 -0.83 -0.82 -0.97
SHM 0 0 0  1.94E-15 0 0 0 -0.87 0.92 -0.87 0.92 0.79 0.73 0.88 0.90 0.90 042 087 -0.94 -0.83
DD<0 0 0 0 0 0 0 0 0 -0.95 0.96 093 093 093 094 091 -0.96 050 077 080 0.80
DD>5 0 0 0 0 0 0 0 0 0 -0.98 0.98 0.93 0.88 0.97 0.99 0.99 043 079 079 -0.81
DD<18 0 0 0 0 0 0 0 0 0 0 095  -095 -094 099 095  -0.98 047 078 0.75 0.79
DD>18 0 0 0 0 0 0 0 0 0 0 0 0.91 0.85 0.93 0.99 0.98 047 075 -0.80 -0.81
NFFD 0 0 0 0 0 0 0 0 0 0 0 0 0.97 0.91 0.90 0.96 055 -0.67 -0.68 -0.78
Tave_wt 0 0 0 0 0 0 0 0 0 0 0 0 0 0.89 0.85 0.92 050 -0.64 -0.63 -0.69
Tave_sp 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.92 0.96 047 083 074 -0.82
Tave_sm 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.97 038 073 077 -0.75
Tave_at 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 050 -0.76 -0.79 -0.82
PPT wt 1.05E08 2.93E-10 2.47E-08 6.59E-13 5.50E-06 0 0 2.07E-08 6.70E-12 4.69E-09 2.11E-10 1.48E-10 6.22E-15 5.79E-12 7.83E-11 4.50E-07 5.86E-12 0.45 0.40 0.78
PPT sp 0 0 0  9.31E-13 0 0 0 0 0 0 0 0 0 0 0 0 0  1.74E-09 0.77 0.79
PPT sm 0 0 0  3.57E-11 0 0 0 0 0 0 0 0 0 0 0 0 0 1.23E07 O 0.75
PPT at 0 0 0  3.17E-16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0




Figure S3. Climate variation among the 168 natural populations of A. thaliana collected in the Midi-
Pyrénées region. (a) Factor loading plot resulting from a principal component analysis. Factor 1 and factor 2
explained 81.18% and 9.30% of total climate variance in the Midi-Pyrénées region. See Table 1 for a description
of the climate variables. (b) Position of the 168 populations in the climate space of A. thaliana in the Midi-

Pyrénées region.
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Chapitre 2

Figure S4. Spatial grains of climate variation based on multiple regressions of each of the 21 climate
variables on 82 Principal Coordinates of Neighbour Matrices (PCNM) components. The significant
regression coefficients are colored by a blue gradient after a false discovery rate (FDR) correction at the nominal
level of 5% (light blue * P < 0.05, medium blue ** P < 0.01, dark blue *** P < 0.001). The PCNM components
for which no significant regression coefficient was detected are not represented. The 82 PCNM components
were arbitrarily divided according to three spatial scales: large (PCNM 1 to PCNM 27), intermediate (PCNM 28
to PCNM 54) and small (PCNM 55 to PCNM 82), delimited by thicker vertical lines. See Table 1 for a

description of the climate variables.
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Figure S5. Spatial scale of genomic variation among the 168 populations of A. thaliana. (a) Singular value
decomposition (SVD) run on the covariance-variance matrix obtained with the first sub-data set of 51,208 SNPs.
(b) and (¢) Geographic map of the coordinates of the 168 populations on the first and second Principal
Components, respectively.

Figure S6. Relationship between the posterior mean of the SNP regression coefficient f; and the Bayes
factor estimates. Right panels: Manhattan plots of the genome-environment association results for the 21
climate variables. The x-axis indicates the position along each chromosome. The five chromosomes are
presented in a row along the x-axis in different degrees of blue. The y-axis indicates either the posterior mean of
the regression coefficient g; (M_Beta value) or the Bayes factor (BF,,. expressed in deciban units), estimated by
the AUX model implemented in the program BayPass. Left panels: Estimates of the Bayes factor as a function of
the SNIP regression coefficients (f;) for the 21 climate variables.
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Abstract

Understanding the genetic mechanisms of plant-plant interactions represents a great
opportunity to predict the evolutionary trajectories of natural communities and to improve
breeding designs of crop mixtures. Yet, studies reporting the identification of genetic variants
underlying plant-plant interactions are still scarce and only focused on monospecific
interactions, despite the complex and diffuse interactions occurring in a plant assemblage. In
this study, based on 145 natural populations of Arabidopsis thaliana characterized for plant
communities, we conducted a Genome Environment Association Analysis using more than
1.5 million SNPs to finely map genomic regions associated with plant community descriptors,
e.g. a-diversity, composition and species abundances. We detected neat peaks of association,
associated with the abundance of co-occurring plant species. Still, the genomic architecture of
A. thaliana largely differed among species belonging to the same botanical family, suggesting
a high degree of biotic specialization. In addition, the identification of QTLs for diversity and
composition of plant communities highlighted the benefit of exploring diffuse biotic
interactions. A substantial fraction of candidate genes was involved either in the shade
avoidance syndrome or in nutrient foraging, supporting the hypothesis of inter-specific
competition for light and nutrients. In addition, SNPs related to plant community descriptors
were significantly enriched in the extreme tail of a genome scan of adaptive spatial
differentiation, indicating that the identified candidate genes have been shaped by natural
selection. We believe our genomic map of local adaptation to plant communities provides a
first step towards our understanding of coevolutionary processes between A. thaliana and its

plant social network.



Introduction

Studying the genetic mechanisms underlying plant-plant interactions is a key element
to understand the structure and functioning of natural communities (Whitham et al. 2006). In
particular, identifying the genetic bases of plant-plant interactions can help to estimate the
potential of plant species to face anthropogenic-related modifications of plant assemblages
(Pierik et al. 2013), resulting in part from differences of geographic range shift among species
under climate change (Gilman et al. 2010, Singer et al. 2013). In addition, the identification
of genes associated with natural variation of response to the presence of other plants is of
primary importance to improve plant breeding programs for the optimization of mixtures of
crop species (i.e. ideomixes) (Litrico & Violle 2015). This challenge calls for a
multidisciplinary approach at the interface of community ecology and functional genomics
(Whitham et al. 2006, Hendry 2013). Still, there is very limited information about the genetic

variants underlying plant-plant interactions.

To our knowledge, only two studies reported the identification of Quantitative Trait
Loci (QTLs) associated with plant-plant interactions at the interspecific level, i.e. in a
heterospecific context (Baron et al. 2015, Frachon et al. 2017a). Both studies were based on a
local genome-wide association mapping population of the annual plant species Arabidopsis
thaliana located between two permanent meadows dominated by grasses (Frachon et al.
2017a). Extensive genetic variation was found for competitive ability in presence of four
competitor species (i.e. Poa annua, Stellaria media, Trifolium repens and Veronica arvensis)
and genomic regions associated with competitive response were highly dependent on the
identity of the competitor species (Baron et al. 2015). While informative, these studies only
focused on monospecific interactions. However, throughout their life cycle, plants can interact

simultaneously with a range of plant species, suggesting that the genetics of plant-plant



interactions would be best studied in the context of complex and diffuse interactions occurring
in an assemblage (Litrico & Violle 2015, Roux & Bergelson 2016). In addition, it is still
unknown whether polymorphic genes involved in plant-plant interactions have been shaped

by natural selection.

Here, following the current standards of ecological genomics (Bergelson & Roux
2010), we aimed to establish a genomic map of local adaptation to plant communities in A.
thaliana. To do so, we first characterized plant communities associated with 145 natural
populations of A. thaliana located in the south-west of France (Bartoli et al. 2017, Frachon et
al. 2017b). Based on a Bayesian hierarchical model controlling for the genome wide affects of
confounding demographic evolutionary forces (Gautier 2015), we then conducted a Genome-
Environment Association (GEA) analysis with more than 1.5 million Single Nucleotide
Polymorphisms (SNPs) to finely map genomic regions associated with descriptors of plant
communities, such as diversity, composition and abundance of plant species. We then
explored how natural selection has shaped the loci associated with those descriptors. In
particular, we tested whether SNPs that were the most associated with descriptors of plant
communities were enriched in a set of SNPs subjected to adaptive spatial differentiation.
Finally, we examined if specific biological processes were overrepresented among SNPs

involved in adaptation to plant communities and discussed the function of candidate genes.

Material and methods

Characterization of plant communities
We focused on 168 natural populations of A. thaliana located in the Midi-Pyrénées
region and previously characterized for climate (Frachon et al. 2017b) and bacterial

microbiota (Bartoli et al. 2017). Plant communities associated with A. thaliana were



characterized during spring (mid-May to mid-June 2015), that is during the period of seed
production of A. thaliana in south-west of France. Due to anthropogenic perturbations such as
herbicide spraying and mowing, we were not able to characterize plant communities of 23
natural populations. The wide range of ecological conditions encountered by the remaining
145 populations can be summarized in four broad habitat types: stone wall (n = 13), bare

ground (n =59), grassland (n = 43) and meadow (n = 30) (Dataset S1).

To characterize plant communities, two 50 x 50 cm quadrats divided into 25 smaller
squares (10 cm x 10 cm) were established in two representative areas of each A. thaliana
population, with the exception of (i) the large population CLAR-A in which three quadrats
were established and (ii) three very small populations (BAGNB-B, DAMI-A and MERV-B)
in which only a single quadrat was established. Based on morphological aspects, we first
determined the number of putative species present in each quadrat. We then estimated the
abundance of each putative species per quadrat by summing the number of individuals (N)
estimated in each of the 25 squares according to the following scale: 1. real count if N <5, 2.
N=10if5<N<10,3.N=20if 10<N<20,4. N=50if20<N<50and 5. N=70if N >
50. It should be noted that A. thaliana was not present in seven populations at the time of
plant community characterization, despite its presence in early-spring 2015 (Bartoli et al.
2017). A herbarium was established by collecting a representative individual of each putative

species per population, resulting in 2,233 specimens.

Many specimens were sampled at the seedling stage or without the presence of flower
or fruit (reproductive organs commonly used for a morphological-based identification of plant
species). We therefore adopted a metabarcoding approach based on the chloroplast marker
matK to determine the identity of the specimens at the species (even sub-species) level. A

detailed procedure of the metabarcoding approach is given in ST text (Fig. S1). We obtained a



matK sequence (> 500bp) for 97% of the specimens (n = 2166). The matK sequences were
clustered in OTUs using the software USEARCH with a 98% identity cutoff (i.e. 98%
similarity between two OTUs) (Edgar 2010, Edgar 2013), resulting in a total of 244 plant
OTUs. To identify the species name of OTUs, a reference sequence was retrieved for each
plant OTU with the command —uparse of the software USEARCH and blasted on NCBI
against Nucleotide Collection (nr/nt) database (percentage of identity: mean = 99.1, median =
99.7; alignment length in bp: mean = 739, median = 771; alignment length in percent: mean =
99.4, median = 100) (Datasets S2 and S3). In addition, the presence of the plant species in
the Midi-Pyrénées region was checked by using the databases of The French Botany Network

(www.tela-botanica.org) and The Global Biodiversity Information Service (www.gbif.org).

We established an abundance matrix of the 244 plant OTUs across the 145
populations (Dataset S1). For each quadrat, we estimated species richness and Shannon a-
diversity by using the functions ‘specnumber’ and ‘diversity’ in the package ‘vegan’
(Oksanen et al. 2016) under the R environment (Version 1.0.136 — © 2009-2016 Rstudio,
Inc.). To estimate plant community composition in each quadrat, we performed a Principal
Coordinate Analysis (PCoA) (function ‘pcoa’ in the R package ‘ape’) (Paradis et al. 2004) on
a Bray-Curtis dissimilarity matrix (function ‘vegdist’ in the R package ‘vegan’) based on the

abundance matrix of the 44 most prevalent OTUs (presence in more than 10 populations).

Statistical analyses
To test whether the five plant community descriptors (species richness, Shannon
diversity and the first three PCoA components) differed among the 145 populations, we ran

the following mixed model under the SAS environment with inference performed using


http://www.tela-botanica.org/
http://www.gbif.org/

ReML estimation (PROC MIXED procedure in SAS9.3, SAS Institute Inc., Cary, North

Carolina, USA):

Yi = Hirait + population; + ; @

2

where ‘Y’ is one of the five descriptors of plant communities, ‘u’ is the overall mean;
‘population’ accounts for differences among populations; ‘¢’ is the residual term. A Wald test
was used to estimate the random effect ‘population’. For each plant community descriptor,
Best Linear Unbiased Predictions (BLUPs) were obtained for each population.

To test whether the five plant community descriptors were dependent on the type of

habitat, we ran the following mixed model based on population BLUP estimates (PROC

MIXED procedure in SAS9.3, SAS Institute Inc., Cary, North Carolina, USA):
Yi = Mirait + habitat; + &; (2)

where Yj is one of the five plant community descriptors; ‘habitat” accounts for the differences
among the four habitat types (stone wall, bare ground, grassland and meadow);‘e’ is the
residual term. The significance of pairwise comparison was adjusted following a Tukey’s
studentized range (HSD) test.

To test whether the five plant community descriptors displayed a geographic pattern,
we ran the following model (PROC GLM procedure in SAS9.3, SAS Institute Inc., Cary,

North Carolina, USA):

Yii = latitude; + longitude; + altitudey + latitude;j*longitude; + latitude;*altitude,+
longitudej*altitudey + latitude;*longitude;*altitudey + &k~ (3)
where ‘Y’ is one of the five plant community descriptors; ‘longitude’, latitude’ and ‘altitude’
have been retrieved from the GPS coordinates of the 145 populations (Dataset S1) (Frachon

et al. 2017b); ¢’ is the residual term.



Genomic characterization and data filtering

Based on a Pool-Seq approach, a representative picture of within-population genetic
variation across the genome was previously obtained for the 145 populations (Frachon et al.
2017b). Following Frachon et al. (2017b), the matrix of population allele frequencies was
trimmed according to four successive criteria (i.e. removing SNPs with missing values in
more than seven populations, removing SNPs with a relative coverage depth above 1.5 or
below 0.5, removing SNPs with a standard deviation of allele frequency across the
populations below 0.004, removing SNPs with the alternative allele present in less than 11

populations), resulting in a final number of 1,519,748 SNPs.

Genome-Environment Association analysis

We performed a Genome-Environment Association (GEA) analysis between
1,519,748 SNPs and 49 plant community descriptors (species richness, Shannon a-diversity,
coordinates on three first PCoA axes and abundance of the 44 most prevalent OTUSs) based on
a Bayesian hierarchical model (i) including a population covariance matrix  accounting for
the neutral covariance structure across population allele frequencies, (ii) adapted to Pool-Seq
data and (iii) implemented in the program BayPass (Gautier 2015). In this study, we used the
core model to evaluate the association between allele frequencies along the genome and the
49 plant community descriptors. For each SNP, we estimated Bayesian Factor (BF;s) and the
associated regression coefficient (Beta_is) using an Importance Sampling algorithm (Gautier
2015). The full posterior distribution of the parameters was obtained based on a Metropolis—
Hastings within Gibbs Markov chain Monte Carlo (MCMC) algorithm. A MCMC chain
consisted of 15 pilot runs of 500 iterations each. Then, MCMC chains were run for 25,000
iterations after a 2500-iterations burn-in period. The 49 plant community descriptors were

scaled (scalecov option) so that u = 0 and o2 = 1. Because of the use of an Importance



Sampling algorithm, we repeated the analyses three times for each plant community
descriptor. The results presented in this study corresponded to the average Beta_is and BF;s
value across the three repeats.

As previously performed in Frachon et al. (2017b), we parallelized the genome-
environment analysis by dividing the full data set into 32 sub-data sets, each containing
3.125% of the 1,519,748 SNPs (ca., 51,000 SNPs taken every 32" rank across the genome).
The pairwise FMD distances (Forstner & Moonen 2003) had a narrow range of variation
(from 2.02 to 2.27), suggesting consistent estimates among the 32 resulting covariance

matrices.

To identify plant community descriptors for which the core model poorly converged,
we calculated for each plant community descriptor a non-parametric correlation coefficient
(Spearman’s rho) between BFjs and beta_is. We discarded four plant community descriptors

(OTU4, OTU7, OTU67 and OTU203) with a correlation coefficient below 0.75.

Enrichment analyses

Enrichments (i) in signatures of selection (XtX statistic similar to a SNP-specific Fst
that is corrected for the scaled covariance of population allele frequencies) and (ii) in
biological processes (n = 736), for SNPs associated with plant community descriptors were
calculated as previously described in Frachon et al. (2017b), with the following parameters:
0.1% upper tail of the XtX distribution and 0.1% upper tail of the BF;s for the enrichment
analysis in signatures of selection, 0.01% upper tail of the BF;s for the enrichment analysis in
biological processes. For each significantly enriched biological process (P < 0.001), we

retrieved the identity of all the genes containing SNPs in the 0.01% upper tail of the BFjs



values distribution. In this study, enrichment in biological processes was calculated solely for

plant community descriptors with a significant enrichment in signatures of selection.

Identification of candidate genes associated with plant community descriptors

For each plant community descriptor, we first selected the 152 SNPs with the highest
BFis (i.e. 0.01% of total SNPs). Then, wusing the TAIR 10 database
(https://www.arabidopsis.org/), we retrieved all the annotated genes located within a 2kb
region around each top SNP, leading to a list of 4,735 unique top genes. Finally, we focused
on genes associated with either more than three plant community descriptors or with three
plant community descriptors and underlying an enriched biological process, resulting in a

final list of 32 pleiotropic candidate genes associated with plant communities.

To test whether the observed frequency distribution of the degree of genetic pleiotropy
can deviate from neutral expectation, we first randomly sampled for each plant community
descriptor the same number of top genes across the genome and calculated the corresponding
frequency distribution of the degree of genetic pleiotropy. This procedure was repeated 1,000

times to generate a null distribution.

Results

Plant communities associated with 145 natural populations of A. thaliana located in
the Midi-Pyrénées region (Fig. 1A) were characterized during spring (mid-May to mid-June
2015) corresponding to the period of seed production of A. thaliana in south-west of France.
To characterize plant communities, we first established a herbarium by collecting a

representative individual of each putative species per population, based on morphological



characteristics, resulting in 2,233 specimens. Because many specimens were sampled at the
seedling stage or without the presence of reproductive organs commonly used for a
morphologically-based identification, we adopted a metabarcoding approach based on the
chloroplast marker matK to determine the identity of the species present in the plant
communities (Fig. S1). A matK sequence was obtained for 97% of the specimens that were
further assigned to one of the 244 plant Operational Taxonomic Units (OTUs) identified at a
98% identity cutoff (Dataset S3 and Fig. S1). In agreement with the deep taxonomic
resolution of the marker matK (Barthet & Hilu 2007), a large portion of specimens were
identified at the species level (84.6%) (Dataset S3).

Species richness and Shannon o-diversity largely differed among the 145 populations
(Table S1), with species richness ranging from 1 to 28 (mean = 12.1, median=12) and
Shannon a-diversity ranging from 0.32 to 2.42 (mean = 1.40, median=1.35) (Fig. 1B and Fig.

S2).



Fig. 1. Species richness and composition of plant communities associated with A. thaliana. (A) The Midi-
Pyrénées region (south-west of France) is colored in red on a European map. (B) Geographic variation of
species richness. (C) Geographic variation of plant community composition represented by the first PCoA axis.
(D) Effect of the type of habitat on plant community composition represented by the two first PCoA axes. (B)
and (C) The jitter plot on the left of the map illustrates the distribution of species richness and plant community
composition. The four colors correspond to the four quartiles.

The plant community composition was studied by running a Principal Coordinate
Analysis (PCoA) on the abundance matrix of the 44 most prevalent plant OTUs (i.e. OTUs
present in more than 10 populations) (Dataset S3). The first three PCoA axes explained ~34%
of the variation in plant composition (Fig. S3). Plant composition largely differed among the
145 populations (Fig. 1C), with up to 75.9% of variance explained by the ‘population’ factor
(Table S1). The first PCoA axis (explaining 14.23% of the total variance) was mainly
associated with annual species occurring in bare tilled, fallow or recently abandoned arable
lands (EUNIS habitat E1.5, e.g. Bromus hordeaceus, Sonchus oleraceus, Veronica persica)

and with perennial species occurring in mesic grasslands (EUNIS habitat E2, e.g. Cerastium



fontanum, Crepis biennis, Festuca rubra, Plantago lanceolata) (Dataset S4). The second
PCoA axis (11.12%) was significantly associated (i) with species occurring in the same
habitats (E2 e.g. Achillea millefolium, E1.5 e.g. B. hordeaceus, Trifolium campestre) on the
one side of the axis and (ii) with small annual and pioneer species occurring in grasslands
(included in E2, e.g. Poa annua, A. thaliana) or open habitats like rock debris swards (E1.11,
e.g. Erophila verna) on the other side (Dataset S4). The third PCoA axis (8.61%) was
significantly associated with species already described for the first and second PCoA axes,
without any clear pattern of habitat or life-cycle (Dataset S4). It should be noted that the
abundance of A. thaliana was significantly, although poorly, correlated with the abundance of
three other plant OTUs (i.e. Sagina apetala, Spearman’s rho = 0.25; Epilobium sp.,
Spearman’s rho = 0.26; Holcus lanatus, Spearman’s rho = -0.27) (Dataset S4).

Plant diversity and plant composition largely differed among the four broad habitat
types (i.e. stone wall, bare ground, grassland and meadow) encountered by the 145
populations (Dataset S1). Plant diversity was significantly higher in grasslands and meadows
than in the stone wall and bare ground habitats (Table S1). Large differences between
grassland/meadow and stone wall/bare ground habitats were also observed on the first PCoA
axis (Table S1, Fig. 1D, Fig. S3). In contrast, plant composition on the second PCoA axis
was significantly different between the bare ground habitat and the stone wall/meadow
habitats; the grassland habitat being intermediate (Table S1, Fig. 1D, Fig. S3). No habitat
effect was detected for the third PCoA axis (Table S1, Fig. S3). In accordance with the
differences observed among habitats, plant diversity and plant composition varied at a very
fine spatial scale (Table S1, Fig.1C, Fig. S4). Altogether, these results indicate contrasted
plant assemblages, even at a short fine spatial scale, among the locations inhabited by A.

thaliana in the Midi-Pyrénées region.



To identify significant associations between genetic polymorphisms and plant
community descriptors, we adopted a GEA approach based on within-population allele
frequency previously estimated for 1,519,748 SNPs (i.e. one SNP every 78 bp) (Frachon et al.
2017b). Because only a weak geographic pattern of genomic variation was observed among A.
thaliana natural populations in the Midi-Pyrénées region (Frachon et al. 2017b), the main
drawbacks of GEA analyses often observed at larger geographical scales (i.e. confounding by
population structure, rare alleles and allelic heterogeneity) should be limited. We detected
neat peaks of association, in particular for the abundance of plant OTUs (Fig. 2 and Dataset
S5). The majority of QTLs was highly dependent on the identity of plant OTUs (Fig. 2). For
example, a neat peak of association was detected at the top of chromosome 3 for the
abundance of Convolvulus arvensis (OTU83, Convolvulaceae) present in 16.5% of the
populations, whereas two neat peaks of association were detected at the bottom of
chromosomes 3 and 5 for the abundance of Poa nemoralis (OTU149, Poaceae) present in
19.3% of the populations. The genomic architecture also largely differed between two species
belonging to the same botanical family, and even to the same genus (Dataset S5). For
example, two neat peaks of association were detected at the top of chromosomes 3 and 5 for
the abundance of Sonchus oleraceus (OTU27, Asteraceae) present in 34% of the populations,
whereas a neat peak of association was detected at the top of chromosome 1 for the
abundance of Helminthotheca echioides (OTU16, Astereaceae) present in 12% of the
populations. Interestingly, we also detected a neat peak of association at the bottom of
chromosome 3 associated with the abundance of A. thaliana, suggesting a genetic basis of

plant-plant interactions at the intraspecific level (Fig. 2).



Fig. 2. Manhattan plots of the genome-environment association results for the abundance of five plant
species. The x-axis indicates the position along each chromosome. The five chromosomes are presented in a row
along the x-axis in different degrees of blue. The y-axis indicates the Bayes factor (BF;s expressed in deciban
units) estimated by the core model implemented in the program BayPass.

To test whether the SNPs the most associated with plant community descriptors
presented genome-wide signatures of selection, we performed a genome-wide scan for spatial
differentiation. The 0.1% tail upper tail of the spatial differentiation distribution displayed a
significant enrichment (up to 9.97) for SNPs associated with more than half of the plant
community descriptors, including species richness, Shannon o-diversity, the first and third
PCoA axes and the abundance of 19 OTUs (including A. thaliana) belonging to nine botanical
families (Table 1). This clear signature of selection across the genome suggests that A.

thaliana is locally adapted to its associated plant communities.



Traits Species Familly Fe P

Species richness - - 3.95 **
Shannon diversity - - 4.60 ***
PCoA 1 - - 5.26 ***
PCoA 2 - - 1.32 ns
PCoA3 - - 7.89 ***
OTUl Conyza canadensis Asteraceae 1.32 ns
0oTu3 Crepis biennis Asteraceae 1.97 ns
oTU8 Lactuca serriola Asteraceae 329 *
0TU10 Achillea millefolium Asteraceae 3.95 **
0TU15 Hypochaeris radicata Asteraceae 5.26 **
0TU16 Helminthotheca echioides Asteraceae 4.60 ***
OTU18 Lapsana communis Asteraceae 2.63 ns
0OTU20 Senecio vulgaris Asteraceae 1.97 ns
oTu27 Sonchus oleraceus Asteraceae 132 ns
0TU46 Valerianella locusta Caprifoliaceae  4.60 ***
0TU49 Fraxinus excelsior Oleaceae 0.00 ns
0OTU65 Plantago lanceolata Plantaginaceae 3.29 *
0oTU71 Veronica arvensis Plantaginaceae 5.26 ***
oTU72 Galium mollugo Rubiaceae 0.66 ns
OTU78 Myosotis arvensis Boraginaceae 1.97 ns
oTUus3 Convolvulus arvensis Convolvulaceae 9.87 ***
oTu87 Anagallis arvensis Primulaceae 329 *
0oTU88 Polygonum aviculare Polygonaceae  0.66 ns
0TU100 Sagina apetala Caryophyllaceae 3.29 *
0TU109 Arenaria serpyllifolia Caryophyllaceae 0.00 ns
0TU113 Cerastium fontanum Caryophyllaceae 5.26 ***
0TU114 Papaver rhoeas Papaveraceae 1.97 ns
0TU132 Bromus hordeaceus Poaceae 5.26 ***
0TU136 Avena sp. Poaceae 7.89 ***
0TU143 Festuca rubra Poaceae 6.58 ***
0TU145 Holcus lanatus Poaceae 1.97 ns
0TU146 Dactylis glomerata Poaceae 2.63 ns
0oTuU147 Catapodium rigidum Poaceae 1.97 ns
0TU149 Poa nemoralis Poaceae 3.95 **
0TU154 Poa annua Poaceae 5.92 ***
0OTU159 Aphanes arvensis Rosaceae 0.00 ns
0TU179 Epilobium sp. Onagraceae 6.58 ***
0TU192 Erophila verna Brassicaceae 3.29 *
0TU196 Capsella bursa-pastoris Brassicaceae 1.32 ns
0TU198 Arabidopsis thaliana Brassicaceae 9.87 ***
0TU202 Cardamine hirsuta Brassicaceae 2.63 ns
0TU204 Geranium sp. Geraniaceae 2.63 ns
0TU216 Medicago lupulina Fabaceae 132 ns
0TU223 Vicia sativa Fabaceae 132 ns
0TU234 Trifolium campestre Fabaceae 2.63 ns

Table 1. Enrichment of genome-wide spatial differentiation (XtX) in the 0.1% tail of the BF;; distribution
of each plant community descriptor. ‘Fe’ stands for fold value of enrichment.

To identify candidate genes underlying local adaptation to plant communities, we
adopted two non-exclusive approaches. First, we focused on genes associated with more than
three plant community descriptors, resulting in a final list of 32 pleiotropic candidate genes.
The observed degree of pleiotropy (up to 8 plant community descriptors) followed an L-

shaped distribution that significantly deviated from neutral expectation (Fig. S5, Datasets S6



and S7), suggesting an over-representation of genes associated with multiple plant species
(Table 2). Second, we examined which biological processes were overrepresented among the
SNPs the most associated with plant community descriptors, focusing on the 23 descriptors
for which we observed a significant signature of selection (Table 1). We found a significant
enrichment in biological processes (up to 276 fold) for the third PCoA axis and the abundance

of seven plant OTUs (Table S2), leading to the identification of 31 unique candidate genes

across 14 biological processes (Dataset S8).

Atg number

No of
descriptors

Identity of descriptors of plant communities

Locus name Molecular function

AT1G23380 7 PCoA1-PCoA2-PCoA3-Cerastium fontanum (Caryophyllaceae) - KNAT6 Homeodomain transcription factor KNAT6, belonging to class | of
Medicago lupulina (Fabaceae) -richness-Shannon KN transcription factor family

AT1G75780 5 Achillea millefolium (Asteraceae)-Bromus hordeaceus (Poaceae)-  TUB1 Beta tubulin gene downregulated by phytochrome A (phyA)-
Helminthotheca echioides (Asteraceae)-Sonchus oleraceus mediated far-red light high-irradiance and the phytochrome B
(Asteraceae)-Convolvulus arvensis (Convolvulaceae) (phyB)-mediated red light high-irradiance responses

AT2G15300 5 PCoA2-Catapodium rigidum (Poaceae) -Veronica arvensis Leucine-rich repeat protein kinase family protein
(Plantaginaceae) -richness-Shannon

AT2G21140 6 PCoA1-PCoA2-PCoA3-Medicago lupulina (Fabaceae) -richness- PRP2 Proline-rich protein expressed in expanding leaves, stems,
Shannon flowers, and siliques.

AT2G21150 6 PCoA1-PCoA2-PCoA3-Medicago lupulina (Fabaceae)- richness- XCT Encodes a nuclear localized XAPS family protein involved in light
Shannon regulation of the circadian clock and photomorphogenesis.

AT2G24260 3 Epilobium sp (Onagraceae)-Senecio vulgaris (Asteraceae)-Lactuca  LRL1 Encodes a basic helix-loop-helix (bHLH) protein that regulates
serriola (Asteraceae) root hair development.

AT2G31270 5 PCoA1l-Cerastium fontanum (Caryophyllaceae)-Bromus CDT1 Encodes a cyclin-dependent protein kinase. Involved in nuclear
hordeaceus (Poaceae) -richness-Shannon DNA replication and plastid division.

AT2G37678 4 PCoA1-Medicago lupulina (Fabaceae)- richness-Shannon FHY1 Positive regulator of photomorphogenesis in far-red light.

ATAG19960 4 PCoA3-Sagina apetala (Caryophyllaceae)-Holcus lanatus KT9 Encodes a potassium ion transmembrane transporter.

(Poaceae)-Geranium sp (Geraniaceae)

Table 2. List of pleiotropic candidate genes associated with plant community descriptors.

In both approaches, a substantial fraction of candidate genes are involved in responses

to shade (Table 2 and Dataset S8), either through signaling pathways of light perception
such as FAR-RED ELONGATED HYPOCOTYL 1 (FHY1) (Chen et al. 2014) and the bHLH
transcription factor PHYTOCHROME-INTERACTING FACTORS (PIF5) (Shen et al. 2007)

or through hormone signaling pathways such as the auxin-responsive gene SMALL AUXIN



UPREGULATEDG67 (SAUR67) (Roig-Villanova et al. 2007) and the cytochrome P450 BAS1
(Turk et al. 2005). Another major category of candidate genes was related to root
development (Table 2 and Dataset S8). While the KNOTTED-like gene KNAT®6 is required
for correct lateral root formation (Dean et al. 2004), the bHLH transcription factor At2g24260
and the histone deacetylase HDA18 are involved in root hair development and cellular

patterning in root epidermis, respectively (Xu et al. 2005, Karas et al. 2009).

Discussion

By adopting an ecological genomics approach, we established a genomic map of local
adaptation to plant communities in A. thaliana. Despite its status as a pioneer species, we
found that A. thaliana can inhabit diverse and contrasted plant assemblages. This observation
is in line with previous studies reporting (i) the potential interactions of A. thaliana with a
large number of plant species in natural communities (Brachi et al. 2013) and (ii) the
extensive genetic diversity of A. thaliana for the response to interspecific competition (Baron

et al. 2015, Bartelheimer et al. 2015).

In agreement with Baron et al. (2015), we found that QTLs related to species
abundances largely differed among species belonging to different botanical families (i.e. with
different growth forms). We further showed that the genomic architecture largely differed
among species belonging to the same botanical family (even to the same genus), suggesting a
high degree of biotic specialization down to the species level as previously observed in the
context of plant-microbe interactions (Roux & Bergelson 2016). Besides studying A. thaliana
— plant OTU pair, the identification of adaptive QTLs associated with diversity and
composition of plant communities highlights the benefit of exploring diffuse biotic

interactions, which in turn can help to understand the role of community-wide selection.



Significant genome—environment correlations, however, are only suggestive of the
role of ecological factors in shaping adaptive genomic variation. Because diversity and
composition of plant communities largely differed among four broad habitat types (i.e. stone
wall, bare ground, grassland and meadow), we cannot rule out that the QTLs identified in this
study are not related to habitat-specific abiotic conditions. However, three complementary
observations challenged this hypothesis. First, a minor fraction of the SNPs the most
associated with plant community descriptors were also associated with climate variation
(0.15%, Frachon et al. 2017b) and edaphic variation (2.68%, Frachon et al. unpublished
results). Second, no significant difference among habitats was detected for the third PCoA
axis for which significant enrichments in signatures of selection and in biological processes
were detected. Third, the identity of the candidate genes identified in this study is in line with
known molecular mechanisms of plant competition (Pierik et al. 2013). As sessile organisms,
plants compete for above- and below-ground resources and have several detection
mechanisms to identify the presence of neighboring plants. Accordingly, we identified several
candidate genes (i) involved in response to altered light environment, generally referred to the
shade avoidance syndrome (SAS) or (ii) related to nutrient foraging, thereby linked to below-
ground competitive ability. Nevertheless, experiments in controlled conditions are clearly

needed to establish a direct link between candidate genes and plant community descriptors.

As a first step, our study reveals the potential to unravel the adaptive genetics
underlying biotic interactions within the context of realistic community complexity. Because
the diversity and composition of a plant community likely change over the life cycle of A.
thaliana, studying the playful dynamics of genomic architecture associated with plant
community descriptors appears as the next challenge to improve our understanding of

coevolutionary processes among interacting plant species.
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Data sets

Available online (https://lipm-browsers.toulouse.inra.fr/pub/Frachon2017-PHD/, login: reviewersPHD,

password: kryGhehayd4).

Data set 1. Contingency table of abundance of the 244 plant OTUs across the 145 natural
populations of A. thaliana. ‘latitude’, ‘longitude’ and ‘latitude’ correspond to the GPS
coordinates. ‘habitat’ stands for the four broad habitat types.

Data set 2. Reference sequences for the 244 plant OTUs. The names of the representative
specimens are in brackets.

Data set 3. List of 244 OTUs and corresponding family/genus/species name. ‘no specimens’
stands for the number of specimens belonging to a specific plant OTU. ‘no populations’
indicates the prevalence of a specific plant OTU among the 145 natural populations of A.
thaliana.

Data set 4. Correlation among the 49 plant community descriptors. Above-diagonal:
Spearman’s rho. Colors indicates the level of significance of Spearman’s rho (yellow: 0.05 >
P >0.01, orange: 0.01 > P > 0.001, red: P < 0.001). Below-diagonal: level of significance of
Spearman’s rho after a false discovery rate (FDR) correction at the nominal level of 5%.

Data set 5. Manhattan plots of the genome-environment association results for the 49 plant
community descriptors. The x-axis indicates the position along each chromosome. The five
chromosomes are presented in a row along the x-axis in different degrees of blue. The y-axis
indicates the Bayes factor (BFis expressed in deciban units) estimated by the core model
implemented in the program BayPass.

Data set 6. List of genes within 2kb of the 152 SNPs with the highest BF;s values for each
plant community descriptor (species richness, Shannon a-diversity, three first PCoA axes and
abundance of 40 plant OTUs).

Data set 7. Identification of pleiotropic genes. ‘Atg number’: Atg numbers highlighted in red
correspond to genes underlying enriched biological processes.

Data set 8. List of the genes underlying enriched biological processes for the third PCoA axis
and the abundance of seven plant OTUs.
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Procedure of the metabarcoding approach

We sampled 20-50mg of fresh tissue for all the 2,233 specimens in 96-well plates and
samples were then freeze-dried. After grinding with the TissueLyser 1l (Qiagen), DNA was
extracted according to a modified protocol as described in Brachi et al. (2013). matK was
amplified using either universal primers (Cuénoud et al. 2002, Kim et al. 2014) or genus
specific primers designed in this study (Table S3). ITS2 gene was amplified using the pair of
primers S2F-S3R (Chen et al. 2010). PCR amplification was performed in a 20 pl reaction
mixture containing 4pl of 5x GoTaq Reaction Buffer (Promega), 0.4 pl of PCR Nucleotide
Mix 10mM each (Promega), 0.4pl of each forward and reverse primer at 10uM (Eurofins),
0.2ul GoTaq G2 DNA Polymerase Su/ul (Promega), 1pul of DMSO, 1ul of BSA 20mg/ml
(NEB), 10.6ul of water molecular biology grade and 2ul of template DNA. PCR cycling
conditions were: initial denaturation of 2 min at 95°C following by 40 cycles of 30 s at 95°C
for denaturation, 30 s at the appropriate Tm (Table S3) for annealing, 40 s at 72°C for
extension followed by a final extension of 5 min at 72°C. Excess of dNTPs and primers were
cleaned up using an EXoSAP treatment. Eight pl of the following enzyme mix were added to
the 20 pl of PCR reaction mixture: 0.02 pl of Exonuclease | (20U/uL) (New England
Biolabs), 0.2 ul rAPid Alkaline Phosphatase (1U/pL) (Sigma-Aldrich) and 7.78 pl of water
molecular biology grade. Then samples were incubated at 37°C for 30 min and 95°C for 5
min. PCR products were visualized on 1% agarose gels and samples showing suitably bright
bands were sent to Eurofins (Germany) for Sanger DNA sequencing using forward or reverse
PCR primers (Table S3) on an ABI3730X. Sequences extremities were trimmed with the
Sequencing Analysis v6.0 software (Applied Biosystems) using a 25 bp window, segments
with >2 bp showing QV<20 were removed.



Fig. S1. Identification of the species/genus for the 2,233 plant specimens.



Fig. S2. Geographic variation of Shannon a-diversity. The jitter plot on the left of the map
illustrates the distribution of Shannon a-diversity. The four colors correspond to the four
quartiles.



Fig. S3. Plant community composition among the 145 populations. (A), (B) and (C) Position
of the 145 populations in the space defined by the three first PCoA axes. The four colors
depicted the four habitat types (blue: stone wall, orange: bare ground, green: grassland, red:
meadow). (D), (E) and (F) Habitat effect on plant community composition defined by the
three first PCoA axes. Different letters indicate different groups according to the habitat after
adjustment with a Tukey’s studentized range (HSD) test.



Fig. S4. Geographic variation of plant community composition represented by the coordinates
along the three first PCoA axes. The jitter plot on the left of the map illustrates the

distribution of the coordinates along the three first PCoA axes. The four colors correspond to
the four quartiles.

Fig. S5. Observed frequency distribution of the degree of genetic pleiotropy (red dots). Grey
dots represent 1000 null permutations across the genome.



Table S1. Diversity and composition of plant communities. (A) Differences of plant
community descriptors among the 145 populations. (B) Relationships between plant
community descriptors and geographical coordinates. (C) Differences of plant community
descriptors among the four habitat types (i.e. stone wall, bare ground, grassland, meadow).

A. Population effect

Plant descriptors Z value P Variance explained
Species richness 7.41 rokk 78.18%
Shannon diversity 6.41 ok 63.02%
PCoAl 7.07 rokk 73.26%
PCoA2 6.94 ok 71.04%
PCoA3 7.24 *xx 75.89%

B. Geographic patterns

Species richness Shannon diversity PCoAl PCoA2 PCoA3
Terms t value P t value P t value P t value P t value P
latitude 0.15 ns 0.32 ns 0.05 ns 0.63 ns 0.84 ns
longitude 0.03 ns -0.12 ns 0.29 ns 0.63 ns 0.39 ns
latitude*longitude -0.05 ns 0.1 ns -0.3 ns -0.58 ns -0.39 ns
altitude 1.17 ns 0.74 ns 0.6 ns -0.56 ns -1.34 ns
latitude*altitude -1.19 ns -0.75 ns -0.61 ns 0.59 ns 1.34 ns
longitude*altitude -1.03 ns -0.54 ns -0.7 ns 0.32 ns 1.29 ns
latitude*longitude*altitude  1.05 ns 0.55 ns 0.71 ns -0.36 ns -1.29 ns
C. Habitat effect
Tukey test

Plant descriptors F value P stone wall bare ground grassland meadow
Species richness 27.67 ok a a b c
Shannon diversity 20.75 ok a a b b
PCoAl 17.13 kk a a b b
PCoA2 7.32 ok a b ab a
PCoA3 0.93 ns a a a a




Table S2. Enrichment of biological processes in the 0.01% tail of the BF;s distribution of for
plant community descriptors with a significant enrichment in signatures of selection. Only
enrichment values with a significant p-value < 0.001 are reported. The significance of
enrichment was tested against a null distribution using 1000 null permutations. The plant
community descriptors with a significant enrichment in signatures of selection but with no
significant enrichment in biological processes are not reported in the table.

OTU8 Lactuca serriola

OTU10 Achillea millefolium
OTU16 Helminthotheca echioides
OTU113 Cerastium fontanum
0OTU132 Bromus hordeaceus
0TU143 Festuca rubra

0TU149 Poa nemoralis

)
<

o
o
a

GO_term

response to brassinosteroid

root hair elongation

peroxisome fission

response to auxin

multi cellular organismal development
auxin-activated signaling pathway

auxin polar transport

regulation of organ growth

stamen filament development

regulation of auxin mediated signaling pathway
mismatch repair

primary shoot apical meristem specification
photorespiration

histone deacetylation

No. Biological processes 1 1 1 6 2 1 1 1




Table S3. MatK and ITS2 primers used in this study. Primers used for Sanger sequencing are

highlighted in yellow.

Type Primer Name Sequence Tm
) matK-3F_KIM CGTACAGTACTTTTGTGTTTACGAG
Universal 50°C- 48°C
matK-1R_KIM | ACCCAGTCCATCTGGAAATCTTGGTTC
) matk-390F CGATCTATTCATTCAATATTTC
Universal 50°C
matk-1326R TCTAGCACACGAAAGTCGAAGT
) IT2_S2F ATGCGATACTTGGTGTGAAT
Universal - 56°C
ITS2_S3R GACGCTTCTCCAGACTACAAT
. veronica_fwd AAATTCTTCCAATAATCCGG
Veronica genus - 50°C
veronica_rv ATGTTTCTTCTTTGCATTTATTACG
Geranium genus geranium_fwd CGTACAGTMCTTTTGTGTTTACGAG s0°C
8 geranium_rv TGAAGCTCTTCGTTATIGGG
. ceratium_fwd GTTTACGAGCCAAAGTTCTAGC
Cerastium genus - 50°C
ceratium_rv CGTCTTTGCATCTATTACGATTC
i cardamine_fwd matK-3F_KIM
Cardamine genus —= = 50°C
cardamine_rv TTCAAACCCTACGTTACCG
- trifolium_fwd | CGTACAGTACTTTTGTGTTTACAAGC .
Trifolium genus — 50°C
trifolium_rv TTCAAATCCTTCGATACTGG
.. vicia_fw GTACAGTACTTTTGTGTTTACAAGCC
Vicia genus — 50°C
vicia_rv AAATCCTTCGATACTGGGTG
. Hypericum_fwd TTTATGAGCAAAGGTTTTCAGAC .
Hypericum genus - 50°C
Hypericum_rv TCYTCTTTGCATTTATTACGACTC
. saxifraga_fwd matK-3F_KIM .
Saxifraga genus - 50°C
saxifraga_rv CTGGTTGAAAGACGCCTC
. myosotis_fwd CTTTTGTGTTTCCGAGCC .
Myosotis genus - 50°C
myosotis_rv GTTAGATATACTAATACCCCACCCTG
Ranuculus genus ranuculus_fwd GTACASTACTTTTGTGTTTACGTGC so°C
8 ranuculus_rv GTTGGATACAAGATGCCTCC
avena_fwd CGTGCTTTTATGTTTACGAGC
Avena genus 50°C
avena_rv TTCTTCAATACCGTATACAAGACG
sedum_fwd AGTGCTTTTGTGTTTACGAGC N
Sedum genus 50°C
sedum_rv GCTACTGGGTGAAAGATGC
o epibolium_fwd RCTTTTATGTTTACGGGCC .
Epibolium genus — 50°C
epibolium_rv ACCCTTCGATACTGGGTG
sonchus_fwd GTACAGTACTTTTATGCTTACGAGC N
Sonchus genus 50°C
sonchus_rv GGAAATCTTGGTTCAGGC




Conclusion






Afin de progresser dans notre compréhension de I'adaptation d’A. thaliana au sein de la
région Midi-Pyrénées, j'ai effectué des analyses de type GEA pour identifier les bases
génétiques associées a des variables climatiques et a des descripteurs des communautés
végétales. A ma connaissance, c’est la premiere fois qu’une étude de GEA a été réalisée sur

des facteurs biotiques.

Pour effectuer les analyses de type GEA, j’ai utilisée une méthode Bayésienne
implémentée dans le logiciel BayPass. Cette méthode s’est avérée trés puissante pour
cartographier finement des régions génomiques associées a des variables écologiques. Il faut
cependant mentionner que cette méthode est trés consommatrice en temps. En effet, les
analyses de type GEA pour un sous-jeu de données génomiques (1/32°™ de la totalité des
SNPs) peuvent prendre jusqu’a 4 jours pour une seule variable écologique, sans compter
I’attente sur la liste des jobs sur les serveurs de calcul. Ainsi, il reste difficile d’imaginer pour
I'instant la mise en place des méthodes de re-échantillonnage de type jackknife ou

bootstrapping qui permettrait pourtant d’affiner les résultats issus des analyses de type GEA.

En combinant les analyses de type GEA avec des scans génomiques de différenciation
génétique au niveau spatial et des tests d’enrichissement basés sur les différentes catégories
de variants génétiques (non-synonymes, synonymes, introniques, intergéniques....), j'ai pu
mettre en évidence au sein de la région Midi-Pyrénées que les variables climatiques et les
descripteurs des communautés végétales sont des moteurs importants de la variation
génomique adaptative d’A. thaliana. Par ailleurs, en accord avec les résultats obtenus dans
le chapitre 1 sur les relations entre variation de la production totale de graines et variation
écologique, les signatures génomiques d’adaptation locale apparaissent plus fortes pour les
descripteurs des communautés végétales que pour les variables climatiques. Cependant, il
ne faut pas oublier que la relation entre variation phénotypique et variation climatique
semble fortement dépendre du type d’habitat considéré. Une prochaine étape serait donc
de refaire tourner les analyses de type GEA au sein de chacun des 4 habitats (mur, sol nu,
pelouse et prairie). L'attendu pour I’habitat ‘prairie’ serait donc que les signatures
génomiques d’adaptation locale soient plus fortes pour les variables climatiques que pour

n’importe quelle autre variable écologique mesurée durant la thése.



En accord avec le faible nombre de régions génomiques identifiées comme
communes entre le climat et les communautés végétales, les fonctions biologiques sous-
jacentes a l'adaptation a ces deux grandes catégories écologiques sont largement
différentes. Comme précédemment observé a des échelles géographiques plus larges
(Kawakatsu et al. 2016, Keller et al. 2016), un excés de genes impliqués dans des
mécanismes de régulation transcriptionnelle a été détecté pour I'adaptation au climat a une
échelle locale. D’un autre c6té, de nombreux genes sous-jacents a l'adaptation aux
communautés végétales semblent impliqués dans les voies de signalisation de la perception
de la lumiére ou des hormones. Cette différence de fonctions biologiques et des génes sous-
jacents suggere que |'évolution d’A. thaliana a des changements climatiques ne sera pas
contrainte par I'évolution d’A. thaliana a des modifications des communautés végétales. Les
analyses de type GEA effectuées sur les variables édaphiques et les analyses de type GEA en
cours sur le microbiote bactérien et sur le microbiote fongique devraient prochainement
compléter le tableau des fonctions biologiques impliquées dans I'adaptation d’A. thaliana a

de multiples pressions de sélection dans la région Midi-Pyrénées.

Pour résumer, les résultats obtenus dans ce chapitre ont permis de mettre en
évidence un fort potentiel adaptatif d’A. thaliana au sein de la région Midi-Pyrénées pour
répondre rapidement a des modifications abiotiques et biotiques. Pour tester ce potentiel
adaptatif, il est complémentaire d’étudier la dynamique adaptative de populations
naturelles, notamment sur une courte échelle de temps étant donné la rapidité a laquelle

s’effectue les changements globaux.
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s’effectue les changements globaux.



Chapitre 3

Evolution phénotypique et génomique d’une
population naturelle d’A. thaliana dans un
habitat spatialement hétérogene






Etudier la dynamique adaptative des populations naturelles sur une courte échelle de
temps apparait primordial si I'on souhaite prédire la persistance des espéces face aux
changements globaux. Pour étudier I’évolution phénotypique et génomique d’A. thaliana sur
guelques générations, je me suis focalisée sur la population TOU-A localisée au sud du
Morvan, sous une cl6ture électrique de 300 métres délimitant deux prairies permanentes.
Décrite dans des études précédentes comme étant tres polymorphe aussi bien d’un point de
vue génétique (Platt et al. 2010, Horton et al. 2012) que d’un point de vue phénotypique
(phénologie : Brachi et al. 2013 ; résistance quantitative a des bactéries phytopathogenes :
Huard-Chauveau et al. 2013, Debieu et al. 2015 ; réponse a la compétition interspécifique :
Baron et al. 2015), la population TOU-A apparait donc adaptée pour réaliser un suivi
phénotypique et génomique. Par ailleurs, comme précédemment observé pour de
nombreuses populations naturelles de la région Midi-Pyrénées, cette population est située
sur un milieu tres hétérogene tant au niveau du sol que des interactions plante-plante.
Finalement, une augmentation de 1°C de la température annuelle moyenne a été observée

dans cette population sur les 30 derniéres années.

A partir d’'un transect établi le long de la cl6ture électrique, Fabrice Roux a récolté les
graines de 80 accessions en 2002 et de 115 accessions en 2010. Pour étudier I’évolution
phénotypique de cette population dans un contexte écologiquement réaliste, une
expérience de phénotypage de 29 traits phénotypiques sur presque 6000 plantes a été mise
en place in situ avant mon arrivée en these. Pour tenir compte de I’hétérogénéité abiotique
et biotique rencontrée dans cette population, les 195 accessions ont été phénotypées dans
six micro-habitats différents, correspondant a la combinaison de trois types de sol et de la
présence/absence du paturin annuel (Poa annua), espéce fréquemment retrouvée dans la
communauté végétale associée a la population TOU-A (Baron et al. 2015). Pour étudier
I’évolution génomique de la population TOU-A, le génome des 195 accessions a été
séquencé suivant la technologie Illumina. Ces données génomiques ont non seulement
permis de réaliser des analyses de GWA mapping mais aussi d’effectuer un scan génomique

des traces de sélection temporelle.



Ce chapitre vise donc a répondre a plusieurs questions: (i) observe-t-on une
évolution phénotypique en moins de 8 générations? (ii) I'identité des traits phénotypiques
qui évoluent et les vitesses d’évolution phénotypique sont-elles dépendantes des conditions
abiotiques et/ou biotiques ?, et (iii) quelle est I'architecture génétique sous-jacente a
I’évolution phénotypique ? Et plus particulierement, quelle est I'importance du degré de
pléiotropie génétique sur la dynamique adaptative de la population TOU-A ? En effet, il est
prédit que les polymorphismes avec des degrés de pléiotropie intermédiaires seraient
favorisés par la sélection naturelle, permettant ainsi d’atteindre un optimum phénotypique
plus rapidement (Wang et al. 2010). Cependant, ces attendus théoriques n’ont jamais été

validés expérimentalement.

NB : dans ce chapitre, mon travail a consisté (i) a phénotyper 23 traits phénotypiques sur environ 4000 plantes
d’A. thaliana (les 2000 autres plantes ont été phénotypées par Cédric Glorieux (TR laboratoire EEP, Université
de Lille)), (ii) a effectuer toutes les analyses statistiques pour étudier la variation phénotypique naturelle au
sein de la population locale TOU-A, (iii) a estimer les vitesse d’évolution phénotypique, (iv) a extraire ’ADN des
195 accessions en collaboration avec Fabrice Roux, et (v) a effectuer les analyses GWA mapping en
collaboration avec Cyril Libourel (doctorant au sein de I’équipe). Les cing traits phénologiques et la survie ont
été mesurées pendant I'expérience in situ par Fabrice Roux. Les analyses bioinformatiques pour identifier les
SNPs le long du génome ont été réalisées par Sébastien Carrere (IR plate-forme de bioinformatique du LIPM).
Les analyses concernant la pléiotropie ont été réalisées par Cyril Libourel. Le scan génomique de différenciation
génétique au niveau temporel a été effectué par Miguel Navascués et Renaud Vitalis (laboratoire CBGP, INRA

Montpellier) ainsi que par Lauréne Gay (laboratoire AGAP, INRA Montpellier).
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Rapid phenotypic evolution of quantitative traits can occur in natural populations on a
timescale of decades or even years, but little is known about its underlying genetic
architecture’. Theoretical investigations have revealed that genes with intermediate
pleiotropy will, under certain conditions, drive adaptive evolution®* but these predictions
have rarely been tested, especially under ecologically realistic conditions. Here, we
performed a resurrection experiment to compare the evolution of multiple traits across
six in situ micro-habitats within a natural population of the plant Arabidopsis thaliana. We
then used Genome Wide Association mapping to identify the SNPs associated with evolved
and unevolved traits in each of these sites. Finally, a genome-wide analysis of temporal
genetic differentiation allowed us to test for selection acting on these SNPs. Phenotypic
evolution was consistent across all micro-habitats but GWAS revealed largely distinct
genetic bases among sites. Adaptive evolutionary change was largely driven by rare QTLs
with intermediate degrees of pleiotropy under strong selection; this pleiotropy was
synergistic with the per-trait effect size of a SNP increasing with the degree of pleiotropy.
In addition to these rare pleiotropic QTLs, weak selection was detected for frequent small
micro-habitat-specific QTLs that shape single traits. In this French population, A.
thaliana likely responded to both local warming and increased competition, in part
mediated by central regulators of flowering time and circadian rhythm such as
FLOWERING LOCUS C and TWIN SISTER OF FT. This genetic architecture, which includes
both synergistic pleiotropic QTLs and distinct QTLs within particular micro-habitats,
enables rapid phenotypic evolution while still maintaining genetic variation in wild

populations.



Contemporary and rapid phenotypic evolution has been observed in many natural
populations of plant and animal speciesl’s, especially during invasion® and in response to
both global climate change7 and toxic poIIutions. Although a handful of studies have
identified the genetic architecture of contemporary adaptive evolution of qualitative traits
(such as industrial melanism)® or single quantitative traits (such as herbicide detoxification in

10,11

weeds or heavy-metal tolerance) ", the genetic architecture of a suite of quantitative traits

experiencing contemporary adaptive evolution remains largely unexplored.

Theoretical studies predict that the number and effect sizes of QTLs underlying multi-

3412 Based on

trait adaptive evolution depends, in part, on the magnitude of pleiotropy
Fisher’'s geometric model, in which every mutation potentially affects all traits, the rate of
adaptation of a QTL should decrease with its degree of pleiotropy4. This results from the
increased probability of antagonistic effects of a mutation when more traits are impacted.
However; in contrast to the assumptions of the geometric model, laboratory studies have
found an L-shaped distribution of the degree of pleiotropy such that most mutations affect
only a small subset of traits>*?; this restricted pleiotropy should diminish the ‘cost of
complexity’. Of additional importance is the relationship between the degree of pleiotropy

312 Most theoretical

and the per-trait effect size of a mutation (termed pleiotropic scaling)
models assume that the per-trait effect size of a mutation decreases (invariant total effect
model) or remains constant (Euclidean superposition model) with the degree of pleiotropy”.
However, laboratory studies have found synergistic pleiotropy in which the per-trait effect

size of a mutation increases with the number of traits affected by that mutation®. The

combination of restricted and synergistic pleiotropy leads to the prediction that



polymorphisms with intermediate degrees of pleiotropy, while rare, should have the highest

rate of adaptive evolution®*. This prediction is yet to be tested empirically.

In its more general sense, pleiotropy refers to the shared impact of SNPs. This can
include the effect of a SNP on (i) alternative phenotypic traits in one environment, (ii) a
single phenotypic trait among environments, or (iii) alternative traits in multiple
environments. Because wild populations evolve in complex abiotic and biotic environments,
an exploration of the role of pleiotropy therefore requires consideration of the role of spatial
environmental heterogeneity. In particular, when the same SNPs are favored in distinct
micro-habitats, then the suite of selective effects may combine to drive rapid adaptive
evolution whereas competing demands on a SNP across micro-sites could inhibit adaptive

evolution.

In this study, we aimed to describe the genetic architecture underlying rapid
phenotypic evolution of multiple quantitative traits of the annual plant A. thaliana in situ.
More specifically, we aimed to test whether intermediate degrees of synergistic pleiotropy
drive contemporary evolution of A. thaliana within a local population evolving in a spatially

abiotic and biotic heterogeneous environment.



RESULTS AND DISCUSSION

Our study focused on the local population TOU-A (East of France; Supplementary Fig.
1) that experienced an increase in mean annual temperature of more than 1°C over the last
30 years (Supplementary Fig. 2). The site occupancy by A. thaliana additionally increased
between 2002 and 2007 and remained stable thereafter (Supplementary Fig. 1). Seeds of 80
and 115 individual plants (hereafter named accessions) were collected in 2002 and 2010,
respectively. Previous studies conducted on accessions collected in 2002 showed that this
population has an estimated outcrossing rate of 6%" and is highly diverse at both genetic

(based on genotyping at 149 SNPs) and phenotypic levels'**®

. In addition, the TOU-A
population presents fine-scale spatial variation for a broad range of soil characteristics and is

located between two permanent meadows dominated by grasses (Supplementary Figs. 1

and 3).



Figure 1 | Genetic variation among accessions and phenotypic evolution between 2002 and 2010. (a) Across
the six micro-habitats. Genetic variation was detected for the 29 measured phenotypic traits. (b) Within each
‘soil x competition’ micro-habitat. The letters A, B and C stand for the three types of soil. ‘w/o P. annua’ and
‘W/P. annua’ correspond to the absence and presence of P. annua, respectively. The number of genetically
variable traits varied between 21 (soil A in absence of P. annua) and 28 (soil C in presence of P. annua). The
percentage of evolved genetically variable traits varied between 22.7% (soil C in absence of P. annua) and
76.2% (soil A in absence of P. annua). Each genetically variable trait (white and colored squares) in a given in
situ experimental condition was defined as an eco-phenotype (n = 144). The rates of evolution are expressed in
haldanes (a metric that scales the magnitude of change by incorporating trait standard deviations).



A resurrection experiment revealed rapid phenotypic evolution.

To identify phenotypic traits exhibiting evolutionary change within eight years, we
established a resurrection experiment in which the 195 accessions collected in 2002 and
2010 were grown under common environmental conditions. This design enabled us to
differentiate plastic from genetic responses®’. After homogenizing for maternal effects, the
195 accessions were grown in situ in six representative micro-habitats, consisting of three
contrasting soil types crossed with the presence or absence of the bluegrass Poa annua, a
species frequently associated with A. thaliana™® (Supplementary Fig. 1). A total of 5,850
plants were scored for 29 traits related to phenology, resource acquisition, shoot
architecture, seed dispersal, fecundity, reproductive strategy and survival®®. Interestingly,
although no evolutionary change was observed for average total seed production across the
six micro-habitats, we detected significant genetic evolution for 16 out of the 28 remaining
traits (Fig. 1a, Supplementary Table 1). For example, we found a significant mean delay of
6.1 days for bolting time and a significant mean increase of ~7% in the number of fruits
produced on the main stem (Fig. 2a). These results demonstrate that constant seed numbers
can be maintained through evolution of flexible life-history and individual reproductive
traits. A comparison of our results with the rates of evolution in other plant species19

suggests a moderate rate of mean phenotypic evolution in the TOU-A population (Fig. 2a).



Figure 2 | Phenotypic changes in the TOU-A population over 8 generations. (a) Mean phenotypic evolution
across the six micro-habitats. The total number of seeds produced can be maintained through evolution of
phenological (bolting time and flowering interval) and individual reproductive (seed production on the main
stem) traits. (b) Comparison among the six in situ ‘soil x competition’ micro-habitats. Average values of the
phenotypes differed substantially among the six micro-habitats. (c) Evolution within each in situ micro-habitat.
‘n’ indicates the number of evolved phenotypic traits (Fig. 1). The identity of genetically variable traits that
evolved between 2002 and 2008 depended on the micro-habitat. Each box plot is based on the genotypic
values (BLUPs) of the TOU-A accessions (year 2002: n = 80, year 2010: n = 115). (b) and (c) The letters A, B and
C stand for the three types of soil. ‘w/o P. annua’ and ‘w/P. annua’ correspond to the absence and presence of
P. annua, respectively. (a) and (c): solid and dashed boxes indicate significant evolution with absolute haldanes
> 0.05 and with absolute haldanes < 0.05, respectively (Fig. 1).



To confirm that the mean phenotypic change we observed was not the result of
immigration from other phenotypically diverse populations®®, we sequenced the genomes of
the 195 accessions collected in 2002 and 2010 (~25x coverage). We detected 1,902,592
Single Nucleotide Polymorphisms, only 5.6 times less than observed in a panel of 1135
worldwide accessions?’. In addition, the TOU-A population appears strongly genetically
isolated from other local populations sampled within 1km (Fig. 3a), confirming the negligible

role of immigration in the observed phenotypic change.

Figure 3 | Genomic patterns of the TOU-A population. (a) Hierarchical clustering analysis of the 195 TOU-A
accessions and 24 accessions from 10 populations located within 1 km of the TOU-A population. (b) Decay of
linkage disequilibrium (rZ) with physical distance over the five chromosomes of A. thaliana.

Similar phenotypic evolution associated with strong genotype-by-environment

interactions.

We dissected the phenotypic evolution within each micro-habitat to test whether
local abiotic and biotic growing conditions affect the genotype-phenotype relationships in
the TOU-A population. Across the 29 traits measured in the six micro-habitats, 144 of these

174 eco-phenotypes displayed significant genetic variance (Fig. 1b), with broad-sense



heritability estimates ranging from 0.20 to 0.87 (mean H? = 0.57, median H?> = 0.60;
Supplementary Table 2). Average values of the phenotypes differed substantially among the
six micro-habitats (Fig. 2b, Supplementary Table 1). The proportions (ranging from 22.7% to
76.2%) and identities of genetically variable traits that evolved in our eight-year timespan
also depended on the micro-habitat (Figs. 1b and 2c). These results highlight the need to
consider fine-scale environmental conditions to obtain an accurate picture of the diversity of

micro-evolutionary phenotypic processes occurring within a population.

Although each trait that evolved was consistent in its direction in all micro-habitats
(Fig. 1b), we observed highly significant changes in the ranking of accessions among micro-
habitats that resulted from genotype-by-environment interactions for most traits
(Supplementary Table 1). For example, increased allocation of reproduction to the main
stem was consistently observed but different accessions most strongly manifested this
allocation pattern among micro-habitats (Supplementary Fig. 4). These results are in
accordance with previous studies revealing genotype-by-environment interactions for plant

fitness-related traits at the scale of a few meters?**

. However, the existence of genotype-
by-environment interactions does not clarify the extent of pleiotropy governing phenotypes
in alternative micro-habitats: phenotypic evolution toward the same optimum may be driven

by loci harboring alleles differing in the magnitude of allelic effects across micro-habitats

and/or by distinct genetic bases in different micro-habitats®*.

Pleiotropy is restricted and synergistic
To characterize the genetics underlying these environmentally dependent genotype-

phenotype relationships, we used GWA mapping to determine the genetic architecture, the



magnitude of pleiotropy and the extent of pleiotropic scaling. The TOU-A population is well-
suited for GWA mapping because it is phenotypically diverse and linkage disequilibrium (LD)
decays to r? = 0.5 within 18 base pairs on average (Fig. 3b). In agreement with limited LD, we
observed an L-shaped distribution of the size of LD blocks, with a median size of 780bp
(mean size = 5.5kb) (Supplementary Fig. 5). To verify our ability to finely map genomic
regions associated with phenotypic variation, we first tested for the presence of significant
associations of known functional polymorphisms. We successfully identified three known
functional genes conferring either qualitative or quantitative resistance against bacterial
pathogens when the 195 TOU-A accessions were infected under controlled conditions. In
two of the three cases, the most highly associated SNP (hereafter named top SNP) was
located within the gene (RPS2 and RKS1)™% and in the third case it was located 15 bp away
(RPM1)*® (Supplementary Fig. 6).

To further assess the efficacy of GWAS mapping in the TOU-A population, we
followed the methodology used in Brachi et al. (2010)%’ to calculate enrichments for a priori
candidate genes for bolting time in the six in situ micro-habitats (Fig. 1). Because bolting
time is a quantitative trait for which the genetic network has been extensively studied, it is
well suited for calculating enrichments for a priori candidate genes. Similar to previous
results for a field trial utilizing 197 worldwide accessions?’, the enrichment ratio quickly
dropped with the number of top SNPs in five out of the six micro-habitats, demonstrating
that candidate genes were overrepresented among top-ranking SNPs (Fig. 4a,

Supplementary Fig. 7).



Figure 4 | Identification of genomic regions associated with bolting time variation in the TOU-A population.
(a) Manhattan plots of mapping results for each of the six in situ ‘soil x competition’ treatments. The x-axis
indicates the physical position along the chromosome. The y-axis indicates the -logyy p-values using the EMMAX
method. MARF > 7%. For each experimental condition, the 200 top SNPs are highlighted in red. (b) Venn
diagram partitioning the bolting time SNPs detected among the lists of 200 top SNPs for each in situ ‘soil x
competition’ treatment. Genetic bases underlying bolting time are largely distinct across micro-habitats.



Here, we illustrate the impacts of genetic architecture, magnitude of pleiotropy and
pleiotropic scaling when considering the 200 top SNPs (0.01% of the total number of SNPs)
for each of the 144 eco-phenotypes. Although we observed significant enrichment for up to
the 500 SNPs, focus on the 200 top SNPs is conservative in defining pleiotropy and increases
the fraction of true positives. Our choice of threshold does not matter: our biological
conclusions are robust to successive cutoffs of top SNPs within the range of 50-500 SNPs,
and to three successive cutoffs in terms of the significance of SNPs (-logio p-value > 6, -log1o
p-value > 5, -logyg p-value > 4; chosen based on van Rooijen et al. 2015, Thoen et al. 2016,

Kooke et al. 2017)*%%.

We first compared the genetic architecture among micro-habitats for GWA results
from each of the 144 heritable eco-phenotypes (Supplementary Fig. 8). The number of
genes located within 2kb of the 200 top SNPs ranged from 45 (fruit number on basal
branches in soil B with P. annua) to 141 (maximum height scored in soil B without P. annua)
(mean = 105 genes, median = 108 genes; Supplementary Fig. 9). For a given phenotypic trait,
the numbers of associated genes sometimes varied widely across micro-habitats, even when
broad-sense heritabilities were similar (Fig. 4a, Supplementary Fig. 9, Supplementary Table

2).

The extent of pleiotropy for each top SNP was determined by calculating an effective
number of eco-phenotypes, Nef;, sharing a given top SNP according to Pavlicev et al. (2009)3'.
This statistic corrects for correlations among eco-phenotypes to produce a measure of
pleiotropy that is not inflated. In agreement with previous laboratory observations on yeast,
nematode and mouse?, we found that Ne follows an L-shaped distribution (Fig. 5a). More

than 78% of top SNPs impacted a single trait in a single micro-habitat, indicating that genetic



bases are largely distinct across micro-habitats (Supplementary Fig. 10 and 11), as illustrated
for bolting time (Fig. 4b). This pattern of restricted pleiotropy in our study is more consistent
with the notion of modular pleiotropy (with genes being organized into structured networks)

than universal pleiotropy in Fisher’s geometric model (i.e. each gene affects every trait)>*.

We found that the total effect size of a top SNP, calculated by either the Manhattan
distance (Ty) or the Euclidean distance (Tg), increased with Nk faster than linearly
(T = ¢*Negg®, d = 1.226 + 0.003; Tz = a*Neff?, b = 0.724 + 0.0035; Fig. 5b,
Supplementary Fig. 11 and 12, Supplementary Tables 3 and 4). This contrasts with most
theoretical models, which typically assume that the per-trait effect size of a mutation
decreases (d = 0.5 or b = 0, invariant total effect model) or remains constant (d =1 or b =0.5,
Euclidean superposition model) with the degree of pleiotropy”. While previously observed in
controlled laboratory conditions®, our study reveals that such a pattern of synergistic

pleiotropy can also extend to phenotypes scored in ecological realistic conditions.



Figure 5 | Genetic architecture underlying in situ phenotypic evolution in the TOU-A population when
considering a threshold of 200 top SNPs. (a) Frequency distribution of the effective number of eco-phenotypes
affected by a SNP (N, accounting for the correlations between eco-phenotypes)31 among the 21,268 unique
top SNPs. (b) Regression of total effect size Ty, (total effect size by the Manhattan distance) on N The formula
corresponds to the pleiotropic scaling relationship Tyy = C*Neffd. A scaling component d exceeding 1 indicates
that the mean per-trait effect size of a given top SNP increased with Neff3’4. Solid red line: fitted relationship
between Ty, and N, solid black line: linear dependence (d = 1). (c) Fold-increase in median —logy, (p-values) of
neutrality tests based on temporal differentiation for SNPs that hit only evolved eco-phenotypes, only
unevolved eco-phenotypes or both types of eco-phenotypes, according to different classes of effective number
of eco-phenotypes. The dashed line corresponds to a fold-increase of 1, i.e. no increase in median significance
of neutrality tests based on temporal differentiation. (d) Fold-increase in median Fg; values for SNPs that hit
only evolved eco-phenotypes, only unevolved eco-phenotypes or both types of eco-phenotypes, according to
different classes of N (median Fg; across the genome = 0.00293). Significance against a null distribution
obtained by bootstrapping: *0.05 > P > 0.01, **0.01 > P > 0.001, ***P < 0.001, absence of symbols: non-
significant.



Intermediate degrees of synergistic pleiotropy drive adaptive evolution.

According to theoretical predictions3’4, the combination of an L-shape distribution of
Nes and synergistic pleiotropy should lead polymorphisms with intermediate degrees of
pleiotropy, while rare, to experience the highest rates of adaptive evolution. A genome-wide
scan for selection based on temporal differentiation (Fs7) (Supplementary Fig. 13) revealed a
signature of selection for top SNPs associated with evolved eco-phenotypes, but not for top
SNPs associated with unevolved eco-phenotypes; top SNPs jointly associated with evolved
and unevolved eco-phenotypes revealed an intermediate signature of selection (Fig. 5c,
Supplementary Fig. 11). Because this temporal differentiation is tested against changes in
the genomic background, this result rejects the hypothesis of selectively neutral evolution
for evolved eco-phenotypes. When focusing attention on top SNPs associated with evolved
eco-phenotypes, we found that single-trait micro-habitat-specific SNPs were under weak
selection while SNPs exhibiting an intermediate degree of pleiotropy revealed the largest
fold-increase of median temporal Fsr values (Fig. 5d, Supplementary Fig. 11). This pattern is
strengthened when considering only the top SNPs for evolved phenotypes that have a
polarity of effects in line with the direction of phenotypic evolution (~75.4% of the total
number of top SNPs associated with evolved eco-phenotypes; Supplementary Fig. 14).
Altogether, these results confirm that the evolved multi-trait combinations identified in situ

are under selection.

As previously highlighted for the patterns of restricted pleiotropy and synergistic
pleiotropy, the relationships between degree of pleiotropy and signatures of selection were
robust to different number of top SNPs and thresholds of significance (within the range

considered; Supplementary Fig. 11).



Identity of candidate genes under directional selection.

The most pleiotropic genes underlying adaptive evolution in the TOU-A population,
were determined by retrieving all genes associated with 11 or more evolved eco-
phenotypes. Among the 14 candidate genes (Supplementary Table 5), was the floral
integrator TWIN SISTER OF FT (TSF), which was associated with bolting time (three
microhabitats), flowering interval (one micro-habitat), the length of reproductive period
(three micro-habitats), the number of primary branches (one micro-habitat) and the escape
strategy (three micro-habitats). Interestingly, based on a panel of 948 worldwide accessions
of A. thaliana, TSF has been found to be significantly associated with climate variation (i.e.
number of consecutive cold days)*?, suggesting that TSF may play a major role in the

adaptation of A. thaliana to climate at different geographical scales.

We additionally tested for biological processes that were enriched in the extreme tail
of our genome-wide temporal differentiation scan (Supplementary Table 6). In total, 24
biological processes were enriched, 15 of which were supported by genes associated with
phenotypic traits measured in this study (Supplementary Table 6). Enrichment for
vernalization response was supported by VERNALIZATION2 (VRNZ2) associated with six eco-
phenotypes including two proxies of fitness (i.e. survival and seed production,
Supplementary Table 6). We also detected many related, enriched functions such as stamen
development, pollen maturation and callose deposition (Supplementary Table 6), which are
consistent with the simultaneous evolution of fecundity traits observed in this study (Fig. 1).
For instance, the candidate gene POWDERY MILDEW RESISTANT 4 is traditionally regarded as
a defense response to wounding and pathogens due to its role in reinforcing the cell wall,

although it is also essential for pollen viability and cell division®3. In this study, POWDERY



MILDEW RESISTANT 4 was associated with two fecundity traits: mean fruit length on primary
branches (in soil A without P. annua) and the number of fruits on the main stem (in soil C
with P. annua; Supplementary Table 6). The simultaneous evolution of fecundity traits
suggests an adaptive strategy of short-lived semelparous species like A. thaliana in crowded

environments, where plants tend to escape competition'®**

. In agreement with this
hypothesis, we observed an evolution of the escape strategy trait in five out of six micro-
habitats (Fig. 1).

The remaining nine enriched biological processes were supported by genes that were
not associated with any measured phenotype. This is not surprising in that we missed the
entire seed and seedling stage, and did not capture the entire suite of biotic and abiotic
factors that can impact selection over time. Among these candidate genes was the MADS-
box transcription factor FLOWERING LOCUS C (FLC) that, in agreement with the recent local
warming experienced by the TOU-A population, supported the strong enrichment detected
for vernalization response, response to temperature stimulus and regulation of circadian
rhythm (Supplementary Table 6). FLC is a well-known pleiotropic gene35 that affects many
traits that we did not measure (such as vernalization response, water use efficiency and

regulation of seed dormancy by maternal temperature)%'39

, suggesting that one or more of
these traits may have undergone contemporary and rapid phenotypic evolution in the TOU-

A population.

It is interesting to note that we identified two central regulators of flowering time
and circadian clock in our set of candidate pleiotropic genes, i.e. FLC and TSF. In two Brassica
rapa populations that evolved rapidly following drought in Southern California™, rapid

evolution was in part mediated by a homologue of SUPPRESSOR OF OVEREXPRESSION OF



CONSTANS 1 (SOC1), a target of FLC-mediated transcriptional repression*!, suggesting that
central regulators of flowering time and circadian clock play a major role in the response to

global warming.

CONCLUSION

Our ecological genomic comparison of plants separated by eight generations
revealed rapid multi-trait adaptive evolution that was similar among six micro-habitats, but
largely mediated by different genes. The strong genotype-by-environment interactions
highlight the importance of considering fine-scale ecological variation. By limiting the
erosion of standing genetic variation, this micro-habitat dependent genetic architecture
should allow populations like TOU-A to continue to respond to future environmental

changes.

In addition, the combination of GWAS and an in situ resurrection experiment
validated the prediction that polymorphisms with intermediate degrees of pleiotropy, while
rare, should have the highest rate of adaptive evolution. This result reinforces the
importance of simultaneous evolution of multiple traits in shaping the genomic adaptive
trajectory of natural populations. On-going resurrection projects in pIants42 and long-term
population surveys of wild animals® represent an exciting opportunity to test whether
restricted pleiotropy combined with synergistic pleiotropy also underlies contemporary and

rapid adaptive evolution in other plant and animal species.
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METHODS

Plant material. The population TOU-A is located under a 350m electric fence separating two
permanent meadows experiencing cycles of periodic grazing by cattle in the village of
Toulon-sur-Arroux (France, Burgundy, N 46°38°’57.302”, E 4°716.892"”). Seeds from
individual plants were collected in 2002 (TOU-A-2002, n = 80) and 2010 (TOU-A-2010, n =
115) according to a sampling scheme allowing us to take into account the density of A.
thaliana plants along a 350m transect (Supplementary Fig. 1). Differences in maternal
effects among the 195 accessions collected in 2002 and 2010 were reduced by growing one
plant per family under controlled greenhouse conditions, for one generation (16-h
photoperiod, 20°C).

Ecological characterization. Eighty-three soil samples collected along the 350m transect
were characterized for 14 edaphic factors'®: pH, maximal water holding capacity (WHC),
total nitrogen content (N), organic carbon content (C), C/N ratio, soil organic matter content
(SOM), concentrations of P,0Os, K, Ca, Mg, Mn, Al, Na and Fe. Climate data was generated
with the ClimateEU v4.63 software package“.

Phenotypic characterization. An experiment of 5,850 plants was set up at the local site of
the TOU-A population. The 195 accessions collected in 2002 and 2010 were grown in six
representative ‘soil x competition’ micro-habitats. Each of these micro-habitats was
organized in five blocks. Each of the five blocks corresponded to an independent
randomization of 195 plants with one replicate per accession collected in 2002 and 2010.
Seeds were sown in late September to mimic the main natural germination cohort observed
in the TOU-A population (Supplementary Fig. 1). Each plant was scored for a total of 29

phenotypic traits chosen to characterize the life history of A. thaliana including the timing of



offspring production or seed dispersal, or because they are involved in the response to
competition and/or are good estimators of life-time fitness and reproductive strategies™®.
Phenotypic analyses, natural variation, phenotypic evolution and evolutionary rates. We

explored natural variation of all phenotypic traits using the following statistical mixed model:

Yijkim = Htrait + block; (soil; * compy) + soil;+ compy + soil; * compy + year; + soil; * year, + compy *
year, + soil; * comp, * year, + accession,, (year))) + accession,, (year;)) * soil; + accessionp,

(year))) * compy + accessionp, (year))) * soil;* compy + €jim (1)

In this model, ‘Y’ is one of the 29 phenotypic traits, ‘W’ is the overall phenotypic mean;
‘block’ accounts for differences between the five experimental blocks within each type of
‘soil * absence/presence of P. annua’ experimental combination; ‘soil’ corresponds to the
effects of the three types of soil; ‘comp’ measure the effect of the presence of P. annua;
‘year’ corresponds to effect of the two sampling years 2002 and 2010; ‘accession” measures
the effect of accessions within year; interaction terms involving the ‘accession’ term account
for genetic variation in reaction norms of accessions between the three types of soil and the
absence or presence of P. annua; and ‘€’ is the residual term.

All factors were treated as fixed effects, except ‘accession’ that was treated as a
random effect. For fixed effects, terms were tested over their appropriate denominators for
calculating F-values. Significance of the random effects was determined by likelihood ratio
tests of model with and without these effects. When necessary, raw data were either log

transformed or Box-Cox transformed to satisfy the normality and equal variance



assumptions of linear regression. A correction for the number of tests was performed for
each modeled effect to control the False Discovery Rate (FDR) at a nominal level of 5%.
Inference was performed using ReML estimation, using the PROC MIXED procedure in
SAS 9.3 (SAS Institute Inc., Cary, North Carolina, USA) for all traits with the exception of
SURVIVAL, which was analyzed using the PROC GLIMMIX procedure in SAS 9.3.
For all traits, Best Linear Unbiased Predictions (BLUPs) were obtained for each
accession in each of the six experimental conditions, using the PROC MIXED procedure in

SAS 9.3 (SAS Institute Inc., Cary, North Carolina, USA):

Yime = Mrait + block; + accession,, + €,  (2)

For each trait, significant genetic variation among the accessions was detected by testing the
significance of the ‘accession’ term in equation (2). A correction for the number of tests was
performed for the modeled ‘accession’ effect (across the 29 traits within each of the six
experimental conditions) to control the FDR at a nominal level of 5%. Because A. thaliana is a

highly selfing species'®, BLUPs correspond to the genotypic values of accessions.

In each of the six experimental conditions, rates of evolutionary change based on
genotypic values of accessions were calculated in haldanes (hg) for all eco-phenotypes with
significant genetic variation among the 195 accessions collected in 2002 and 2010. haldanes
is a metric that scales the magnitude of change by incorporating trait standard

deviations**°. h, values were calculated between 2002 and 2010, as:



_ (%/3) = (x/s,)
’ g

h (3)

where ‘X’ corresponds to the mean genotypic value at year 1 (TOU-A population collected in
2002) and year 2 (TOU-A population collected in 2010), ‘s, is the standard deviation of the
genotypic values of the trait pooled across the two years, and ‘g’ is the number of
generations. Because only one germination cohort was observed every year between 2002
and 2010 (i.e. fall germination cohort), only one generation per year was considered in the
calculation of haldanes values. For a given trait, 95% confidence intervals were estimated
based on the distribution of 1000 haldanes values obtained by bootstrapping 1000 random
samplings with replacement of genetic values within each year. A haldanes value was
considered significantly different from zero if its 95% confidence intervals did not overlap

Zero.

Sequencing and polymorphism detection. DNA-seq experiments were performed on an
[llumina HiSeq2500 using a paired-end read length of 2x100 pb with the Illumina TruSeq SBS
v3 Reagent Kits. Raw reads of each of the 195 accessions were mapped onto the TAIR10 A.
thaliana reference genome Col-0 with a maximum of 5 mismatches on at least 80
nucleotides. A semi-stringent SNPCalling across the genome was then performed for each
accession with SAMtools mpileup (v0.01019)* and VarScan (v2.3)*® with the parameters
corresponding to a theoretical sequencing coverage of 30X and the search for homozygous
sites.

Patterns of linkage disequilibrium and geographic structure. Considering only SNPs with a
Minor Allele Relative Frequency (MARF) > 0.07, the LD extent within 30kb-windows on each

chromosome were estimated using VCFtools*. LD blocks across the genome were identified



in the PLINK environment using the following parameters --blocks no-pheno-req --maf 0.07 --
blocks-max-kb 200, leading to the identification of 19,607 blocks with at least two SNPs
(mean number of SNPs per block = 47.6, median number of SNPs per block = 12, mean block
length = 5.5kb, median block length = 0.78kb). To position the TOU-A population within the
French geographic structure, we retrieved the positions of the 214,051 SNPs genotyped on
24 accessions within 10 populations located within 1km of the TOU-A population® across
the genomes of the TOU-A population. Clustering genotype analysis was performed using
the packages gdsfmt and SNPRelate in the R environment™?, using the snpgdspLD pruning
command with the following parameters [d.threshold=0.8 slide.max.bp=500 maf=0.07,
leaving us with 90,883 SNPs.

Genome-Wide Association mapping and MARF threshold. GWA mapping was run using a
mixed-model approach implemented in the software EMMAX (Efficient Mixed-Model
Association eXpedited)SZ. This model includes a genetic kinship matrix as a covariate to
control for population structure.

275253 e estimated a MARF threshold above

Because of bias due to rare alleles
which the p-value distribution is not dependent on the MARF. We plotted the 99% quantile
of the p-value distribution of all 144 eco-phenotypes (i.e. ‘micro-habitat x trait’
combinations) displaying significant genetic variance (Fig. 1) along 50 MARF values (with an
increment of 0.01 from 0.01 to 0.5). A locally-weighted polynomial regression indicated that
p-value distributions were dependent on MARF value. From visual inspection, we considered
a threshold of MARF value > 0.07, which resulted in a total number of 981,617 SNPs for the
following analyses (Supplementary Fig. 15).

Enrichment for a priori candidate genes. To determine the threshold number of top SNPs

(i.e. SNPs with the highest associations) above which additional top SNPs would behave like



the rest of the genome, we calculated enrichments for a priori candidate genes for natural
genetic variation of bolting time observed in the six in situ experimental conditions (Fig. 1).
Based on an algorithm described in Brachi et al.(2010)*” and a list of 328 candidate genes for
bolting time'*, enrichment was calculated for progressively fewer selective sets of top SNPs
within a 20Kb window of an a priori candidate gene. For each set of top SNPs, a null
distribution of enrichment was computed to determine a 95% confidence interval®’.

Degree of pleiotropy and pleiotropic scaling. Each trait displaying significant genetic
variance in a given in situ micro-habitat was considered an “eco-phenotype”. The degree of
pleiotropy of a given top SNP was defined as the number of eco-phenotypes that shared this
top SNP. To account for the correlations between eco-phenotypes that can overestimate the
degree of pleiotropy, we followed Wagner et al. (2008)*2 by estimating for each top SNP an
effective number of eco-phenotypes as N = N — var(A) where var(A) is the variance of

the eigenvalues of the error-corrected matrix.

The allelic effects were calculated using the mixed model implemented in the
software EMMAX after fitting the pairwise genetic kinship effect®. Because different units
were used to measure the 29 traits scored in this study, we calculated a standardized allelic
effect for each eco-phenotype affected by a top SNP according to Wagner et al. (2008)*. The
standardized effect on eco-phenotype i, denoted by A, is half the difference in genotypic
means between the two homozygous genotypes. The total size of the phenotypic effects of a
top SNP was then calculated by the Manhattan distance™ Tv = Xi24l4;|, where n is the

degree of pleiotropy and A; is the standardized allelic effect>*"?

. The pleiotropic scaling
relationship between the total effect size and the effective number of eco-phenotypes was

calculated as Ty = C*Neffd.



The pleiotropic scaling relationship between the total effect size and the effective

number of eco-phenotypes was also calculated as T = a*Neffb, with T corresponding to

the Euclidean distance and calculated as Tg = m, where n is the degree of
pleiotropy and A; is the standardized allelic effect.

The degree of pleiotropy and the pleiotropic scaling relationship were calculated for
(i) five threshold number of top SNPs (i.e. 50 SNPs, 100 SNPs, 200 SNPs, 300 SNPs and 500
SNPs) and (ii) three thresholds of significance (-logio p-value > 6, -logio p-value > 5, -logyo p-
value > 4). To avoid pseudo-replication due to the presence of several top SNPs in a given LD
block (n = 19,607 blocks with at least two SNPs), the pleiotropic scaling was also calculated
for each threshold number of top SNPs and each threshold of significance, (i) by considering
the mean value of Ty (or Tg) and N per LD block containing top SNPs and (ii) by randomly
sampling one top SNP per LD block (this step was repeated 1,000 times).
Genome-wide scan for selection based on temporal differentiation. In the following, we
outline a procedure inspired by Goldringer & Bataillon (2004)° to test for the homogeneity
of differentiation across SNP markers between two temporal samples. If all SNP markers are
selectively neutral, they should provide estimates of temporal differentiation drawn from
the same distribution, which depends on the strength of genetic drift in the population (and
therefore on its effective size). In contrast, if some marker loci are targeted by selection (or if
they are in linkage disequilibrium with selected variants), then some heterogeneity in locus-
specific measures of temporal differentiation should be observed. This is due to selection
that will tend to drive measures of differentiation to values greater (or smaller) than
expected under drift alone. The rationale of our approach is therefore to identify those SNPs

that show outstanding differentiation, compared to neutral expectation.



We measure temporal differentiation between sample pairs using Fsr. Although the
Fc statistic™® was used in Goldringer & Bataillon (2004), estimators of Fsr have better
statistical properties in terms of bias and variance, and multilocus estimates have been

precisely defined and thoroughly evaluated®’.

Using a multilocus estimate of Fsr from the pair of temporal samples, we infer the
effective size of the population. Because the 195 A. thaliana accessions are considered
highly homozygous across the genome, heterozygous sites were discarded (see above) and
the data therefore consist of haploid genotypes. We considered a single haploid population
of constant size N.,, which has been sampled at generation 0, and 7 generations later.
Generations do not overlap. New mutations arise at a rate u, and follow the infinite allele

model (IAM). Following Skoglund et al. (2014)*3, the pairwise parameter Fst between the two

1_e7€T/2
samples can be read: - -
P ST 140972
where T = 7 / Neand & = 2N, . In the low mutation limit (i.e., as u = 0):

E ~ T
STUT42 744N,

This suggests that a simple moment-based estimator of effective population size can be

derived as:

_ T(l- lEST)
4,

Ne
where IfST is a multilocus estimate of the parameter Fst. In what follows, we use the
estimator of Weir & Cockerham (1984)°’; preliminary analyses showed that these estimates

of effective size have lower bias and variance than averaged estimates based on single-locus

estimates of Fc.



In this study, the pairwise differentiation between the 195 A. thaliana accessions

samples collected in 2002 and 2010 based on the full set of 1,902,592 SNP markers was: IéST

=0.0215, which gives an estimate of Ne =182 (measured as a number of gene copies).

For each SNP, we tested the null hypothesis that the locus-specific differentiation
measured at this focal marker was only due to genetic drift. For this purpose, we computed

the expected distribution of Fsr for each SNP, conditional upon the estimated effective size
(using the same estimated value for all markers: Ne = 182), and the allele frequencies at the

focal SNP in the initial sample (i.e. 80 accessions collected in 2002). We simulated individual
gene frequency trajectories, as follows:

Suppose that we observe ky copies of the reference allele, out of nyp sampled genes,
in the 2002 sample. We assume that these observed counts are drawn from a binomial
distribution B(ny,p) where mg is the (unknown) allele frequency of the reference allele in the
population. Assuming a Beta(1,1) prior distribution for mp (uniform distribution), and using
the Bayes inversion formula, the posterior distribution of mp is a Beta(ko + 1,np — ko + 1). For

each marker and for each simulation, we therefore draw the initial allele frequency 77, from
a Beta(kop + 1,np — ko + 1). We then draw “pseudo-observed” allele counts using a random
draw from B(no, 7T,,). This procedure allows accounting for the sampling variance in initial
allele frequencies, instead of fixing 77, to the observed frequency in the sample, as

previously done in Goldringer & Bataillon (2004)™.

Then, we simulated eight generations of drift, using successive binomial draws with

A

parameters N, = 182 and the allele frequency in the previous generation. In the last

generation, a sample of genes is taken as a binomial draw with parameters n; (the sample



size in 2010), and sz, (the simulated allele frequency in the last generation).

Last, we computed locus-specific estimates of temporal Fsr from the simulated allele
counts at the initial and last generation. The whole procedure was repeated at least 10,000
times for each marker (additional simulations were performed for some markers to obtain
non-null p-values).

Finally, we assigned a p-value to each SNP marker, computed as the proportion of
simulations giving a locus-specific estimate of Fst larger than or equal to the observed value
at the focal SNP. We checked that the distribution of p-values was fairly uniform (data not
shown).

Note that all SNP markers with a MARF < 0.07 (computed as the overall frequency
across the two temporal samples) were discarded from the analysis. There were 981,617
remaining loci (Supplementary Fig. 7). To avoid any potential bias, all the distributions of Fsr

were obtained using only simulated markers with a MARF > 0.07.

Enrichment analysis of top SNPs for signals of selection. Based on the effective number of
eco-phenotypes affected by a SNP, we tested whether top SNPs related to evolved eco-
phenotypes rejected the hypothesis of selectively neutral evolution more often than top
SNPs related to unevolved eco-phenotypes for any given degree of pleiotropy. For each set
of top SNPs (i.e. top SNPs that hit only evolved eco-phenotypes, top SNPs that hit only
unevolved eco-phenotypes and top SNPs that hit both types of eco-phenotypes), we first
computed a fold-increase in median significance of Fst values using the following ratio:
ratiosignificance = Median of —logio(p-values) of Fsr values of n top SNPs / median of —logio(p-
values) of Fst values of n SNPs randomly sampled across the genome, where n = number of

top SNPs. This step was repeated 1,000 times, generating a distribution of fold-increase in



median significance of Fst values of top SNPs. We assigned a p-value by computing the
proportion of ratioggniicance SMaller or equal to 1. The random sampling was done according
to a scheme that results in sets of SNPs that resemble the original set with respect to linkage
disequilibrium®2.

We then tested whether the strength of selection differed among the degrees of
pleiotropy by computing a fold-increase in median Fst values for each set of top SNPs, using
the following ratio: ratioyaues = median of Fst values of n top SNPs / median of Fsr values of
all SNPs. This step was repeated 1,000 times, by randomly sampling the same number n of
SNPs across the genome. This procedure generated a null distribution of fold-increase in
median Fst values. We assigned a p-value by comparing ratioy,jes calculated for the set of top
SNPs to the quantiles at 95%, 99% and 99.9% of the null distribution.

The enrichment analysis of top SNPs for signals of selection was calculated for (i) five
threshold number of top SNPs (i.e. 50 SNPs, 100 SNPs, 200 SNPs, 300 SNPs and 500 SNPs)
and (ii) three thresholds of significance (-logio p-value > 6, -log;o p-value > 5, -logyo p-value >

4).

Identity of candidate genes under directional selection and enrichment in biological
processes.

To identify pleiotropic candidate genes associated with the 76 evolved eco-
phenotypes, we first selected the 50 SNPs the most associated with each evolved eco-
phenotype, leading to a total of 3800 SNPs. We then retrieved all the annotated genes
located within a 2kb window on each side of those top SNPs, leading to a final list of 4855
unique candidate genes. We finally focused on genes associated with 11 or more evolved

eco-phenotypes.



To determine which biological processes were important for adaptation of the TOU-A
population over eight generations, we tested whether SNPs in the 0.1% upper tail of the Fsr
value distribution were over-represented in each of 736 Gene Ontology Biological Processes
from the GOslim set>®. 10,000 permutations were run to assess significance using the same
methodology as described in Hancock et al. (2011)*2. For each significantly enriched
biological process, we retrieved the identity of all the genes containing SNPs in the 0.1%

upper tail of the Fst values distribution.

Data availability. The raw sequencing data used for this study will be available at the NCBI

Sequence Read  Archive  (http://ncbi.nlm.nih.gov/sra)  through  the  Study

accession SRP077483. The phenotypic data that support the findings of this study are
available from the authors on a reasonable request. The genomic SNP data files will be

archived through the Dryad digital repository upon acceptance for publication.

Code availability. Custom scripts and phenotypic and genomic files used in this study have
been archived in a local depository (https://lipm-

browsers.toulouse.inra.fr/pub/Frachon2017-NEE/) that can be accessed by the reviewers

with the login ‘reviewersNEE’ and the password ‘FaupKinmyad4’. All the scripts and data
sets will be made available available in the Dryad database upon acceptance of the
manuscript. The code for performing genome-wide scan for selection based on temporal
differentiation will be made available on the Zenodo database upon acceptance of the
manuscript (Vitalis R, Gay L and Navascues M (2016) TempoDiff: a computer program to
detect selection from temporal genetic differentiation. INRA.

http://dx.doi.org/10.5281/zenod0.375600).
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SUPPLEMENTARY INFORMATION

Plant material

In this study, we focused on the population TOU-A located under a 350m electric
fence separating two permanent meadows experiencing cycles of periodic grazing by cattle
(Supplementary Fig. 1A) in the village of Toulon-sur-Arroux (Burgundy, East of France, N
46°38°57.302°°, E 4°7°16.892°"). Seeds from individual plants were collected in 2002 (TOU-
Al), 2007 (TOU-AS) and 2010 (TOU-A6) according to a sampling scheme allowing us to
take into account the density of A. thaliana plants along the transect: (1) from the starting
point of the transect (Supplementary Fig. 1A), walk along the transect until a plant is found
and collect seeds from this plant, (2) if this plant is at the beginning of a patch, then collect
seeds from plants located every 50 cm along this patch, (3) else, walk along the transect until
a new plant is found and collect seeds from this plant. According to this sampling scheme,
seeds of 80, 115 and 115 individual plants were collected in 2002, 2007 and 2010,
respectively (Supplementary Fig. 1). Seeds collected from those 310 individual plants
constitute seed families, hereafter named accessions. Given the outcrossing rate of ~6%
observed in the TOU-A population', the 310 accessions were considered as relatively
homozygous across the genome.

Seeds from the 80 accessions collected in 2002 were grown individually in a
controlled greenhouse at The University of Chicago (USA) and seeds for each TOU-A1
accession collected. The analysis of these 80 accessions genotyped at 149 SNPs gave an
estimate of selfing rate of ~94%'.

Differences in the maternal effects between the 310 accessions were reduced by
growing one plant of each family for one generation under controlled greenhouse conditions
(16-h photoperiod, 20°C) in early 2011 at the University of Lille 1. For this purpose, we
planted seeds produced at The University of Chicago for accessions from the TOU-A1
population, and seeds collected in the field for accessions from the TOU-AS and TOU-A6
populations. For the purpose of this study, we only used seeds from the 80 accessions
collected in 2002 and from the 115 accessions collected in 2010.

Ecological characterization

Climate characterization

Data for the mean annual temperature, the mean warmest month temperature, the
mean coldest month temperature, the sum of degree-days above 5°C, the sum of degree-days
below 0°C and the mean annual precipitation were retrieved from 1970 to 2013. Climate data
was generated with the ClimateEU v4.63  softwarepackage, available at
http://tinyurl.com/ClimateEU, based on methodology described in Hamann e al. (2013)*.

Soil characterization

A sample of the 5-cm upper soil layer was collected at 83 positions scattered along the
transect in 2010 (Supplementary Fig. 1). These samples were air-dried in the greenhouse
(20-22°C), and then stored at room temperature. As described in Brachi et al.(2013), each


http://tinyurl.com/ClimateEU

soil sample was characterized for 14 edaphic factors: pH, maximal water holding capacity
(WHC), total nitrogen content (N), organic carbon content (C), C/N ratio, soil organic matter
content (SOM), concentrations of P,Os, K, Ca, Mg, Mn, Al, Na and Fe. Iron concentration
(Fe) was excluded from further analyses due to a lack of variation among the 83 samples. In
order to reduce multicollinearity, the set of remaining 13 edaphic variables was pruned based
on the pairwise Spearman correlations of the variables, so that no two variables had a
Spearman rho greater than 0.8. In cases where variables were strongly inter-correlated, we
selected the one with the most obvious link to the ecology of 4. thaliana. The final set of 10
edaphic variables considered in this study was N, C/N ratio, pH, WHC, P,0s, K, Mg, Mn, Na
and Al.

To visualize the edaphic space of the TOU-A population, we conducted a principal
component analysis (PCA) based on the 83 values of the 10 edaphic traits (R package ade4)”.

Phenotypic characterization

Experimental design

An experiment of 5850 plants was set up at the local site of the TOU-A population.
The experimental design and the experimental conditions are illustrated on Supplementary
Fig. 1. Based on the edaphic space (Supplementary Fig. 3), we defined three contrasting
edaphic areas under the electric fence, hereafter named soil types A, B and C. In late August
2012, a 12.3-m? (4.4m * 2.8) plot was delimited by an electric fence for protection against
cattle in each soil type. In each plot, one subplot of 2.88-m? (4.8m * 0.6m, experimental
condition without the presence of P. annua, see below) and one subplot of 3.36-m? (4.8m *
0.7m, experimental condition with the presence of P. annua, see below) were arranged at 80-
cm spacing. In late August 2012, each subplot was manually weeded and tilled for the 10-cm
upper soil layer. The 24™ of September 2012, subplots were surrounded by green plastic
covers for weed control. To mimic the main natural germination cohort observed in the TOU-
A population in late September 2012 (Supplementary Fig. 1), seeds were sown on the 24h
of September 2012 for the experimental conditions ‘soil A without P. annua’, ‘‘soil A with P.
annua’ and ‘soil B without P. annua’, and on the 25™ of September 2012 for the experimental
conditions ‘soil B with P. annua’, ‘‘soil C without P. annua’ and ‘soil C with P. annua’. Each
of the six in situ experimental conditions was organized in five blocks, each one being
represented by 3 arrays of 66 individual wells (@4 cm, vol. ~38 cm’) (TEKU, JP 3050/66).
Across the five blocks, the 15 arrays were stuck some on the others and organized according
to a grid of 15 columns and one line. To buffer against possible border effects in the
experimental conditions with P. annua, the 15 arrays were surrounded by one row of wells
sown with both P. annua and A. thaliana (accession TOU-A6-69 collected in 2010). All the
wells were first filled with 3 cm of the respective native soil, then with an additional lcm of
the respective native soil that was oven dried for two days at 65°C. The oven dried native soil
prevented germination from the seed bank, whereas the 3-cm native soil allowed the
colonization of the oven dried native soil by native microbiota.



In each of the six in situ experimental conditions, each of the five blocks corresponded
to an independent randomization of 195 plants with one replicate per accession collected in
2002 and 2010. In each block, the remaining three wells were left empty. Five seeds of A.
thaliana were sown in each well. For the three in sifu experimental conditions with P. annua,
a mean number of five seeds of P. annua were additionally sown in each well. Seeds for P.
annua were ordered to the company Herbiseeds (http://www.herbiseed.com/home.aspx).
After sowing, arrays were directly transported in situ and slightly buried in their dedicated soil
types. Arrays were covered for 10 days with an agricultural fleece that allowed the seeds to be
exposed to rain and sunlight while preventing them from disturbance by rain drops.

Germination date was monitored daily for 10 days (see below). Seeds germinated in
more than 97.74 % of the wells. Wells were thinned to one seedling of A. thaliana and/or one
seedling of P. annua between 18 and 22 days after sowing. During the course of the
experiment (late September 2012 — late June 2013), plants were protected from herbivory by
slugs as described in Brachi et al. (2010)°.

Measured traits

Each plant was scored for a total of 29 phenotypic traits related to phenology (n = 4),
resource acquisition (n = 1), architecture and seed dispersal (n = 9), fecundity (n = 14) and
survival (n = 1). These traits were chosen to characterize the life history of A. thaliana
including the timing of offspring production or seed dispersal>®®, or because they are
10 and/or are good estimators of life-time fitness and

. Most of these traits have been fully described in Roux et al.

involved in the response to competition

: . T11-14
reproductive strategies”

(2016)":

- Phenology: Germination time (GERM) was measured as the number of days between
sowing and the emergence of the first seedling (opening of both cotyledons). Bolting
time (BT), flowering interval (INT) and the reproductive period (RP) were scored as the
interval between germination date and bolting date (inflorescence distinguishable from
the leaves at a size < 5 mm), between bolting date and flowering date (appearance of the
first open flower) and between flowering date and date of maturation of the last fruit,
respectively.

- Resource acquisition: At the start of flowering, the maximum diameter of the rosette
measured to the nearest millimeter was used as a proxy for plant size (DIAM).

- Architecture and seed dispersal: After maturation of the last fruit, the above-ground
portion was harvested and stored at room temperature. Plants were later phenotyped for
the following architectural and seed dispersal related traits: height from soil to the first
fruit on the main stem (HI1F, in mm), height of the main stem (HSTEM, in mm),
maximum height (HMAX, in mm), number of primary branches on the main stem with
fruits (RAMPB_WF) or without fruits (RAMPB WOF), total number of primary
branches (TOTPB), total number of basal branches (RAMBB) and total number of
branches (TOTB = TOTPB + RAMBB). We also evaluated a response strategy to
competition (ratio HD = HIF / DIAM)’.



- Fecundity: Because the number of seeds in a fruit is highly correlated with fruit
length'!, total seed production was approximated by total fruit length (FITTOT, in mm).
Seed production is a good proxy for fecundity in a highly selfing annual species like A.
thaliana. FITTOT was obtained by adding the fruit length produced on the main stem
(FITSTEM, in mm), the primary branches on the main stem (FITPB, mm) and the basal
branches (FITBB, in mm). These estimates of fruit length were obtained by counting the
number of fertilized fruits produced on each type of branches (FRUITSTEM, FRUITPB
and FRUITBB) and multiplying these counts by an estimate of their corresponding fruit
(or silique) length (SILSTEM, SILPB and SILBB, in mm), estimated as the average of
three haphazardly selected representative fruits. We also calculated three ratios
corresponding to the percentage of seeds produced by one branch type as a function of
the total amount of seed produced: RSTEM = FITSTEM / FITTOT, RPB = FITPB /
FITTOT and RBB = FITBB / FITTOT. Finally, we estimated the average length
between two fruits on the main stem (INTERNOD = (HSTEM — H1F) / (FRUITSTEM -
1); in mm).

- Survival: All plants that germinated but did not survive were counted as dead
(SURVIVAL = 0). Harvested plants were counted as alive (SURVIVAL = 1).

Genomic characterization
DNA extraction, libraries preparation and genome sequencing

Genomic DNA for the 195 accessions collected in 2002 and 2010 was extracted as
described in Brachi ef al. (2013)’. DNAseq was performed at the GeT-PlaGe core facility
(INRA Toulouse). DNA-seq libraries were prepared according to Illumina’s protocol using
the Illumina TruSeq Nano LT Kit. Briefly, DNA was fragmented by sonication on a covaris
M220, size selection was performed using CLEANNA CleanPCR beads and adaptators were
ligated for sequencing. Library quality was assessed using an Advanced Analytical Fragment
Analyser and libraries were quantified by QPCR using the Kapa Library Quantification Kit.
DNA-seq experiments were performed on an Illumina HiSeq2500 using a paired-end read
length of 2x100 pb with the Illumina TruSeq SBS v3 Reagent Kits. Each PCR product with
tag-sequence was first quantified using PicoGreen® dsDNA Quantitation Reagent. Then a mix
was made depending on these quantities in order to obtain an equimolar pool.

Mapping and SNP calling
Raw reads of each of the 195 accessions were mapped onto the A. thaliana reference
genome Col-0 (genome size: 119Mb, TAIR10,

https://www.arabidopsis.org/portals/genAnnotation/gene_structural _annotation/annotation_da
ta.jsp) using glint software (1.0.rc8; Faraut & Courcelle, unpublished software) with the
following parameters: a maximum of 5 mismatches on at least 80 nucleotides and keep

alignments with the best score (glint mappe --no-lc-filtering --best-score --mmis 5 --Imin 80 --
step 2 ). The mapped reads were filtered for proper pairs with SAMtools (v0.01.19)"
(samtools view -f 0x02). The mean and the median coverage to a unique position in the
reference genome was ~25.5x and ~24.5x, respectively.


https://www.arabidopsis.org/portals/genAnnotation/gene_structural_annotation/annotation_data.jsp
https://www.arabidopsis.org/portals/genAnnotation/gene_structural_annotation/annotation_data.jsp

A stringent SNPCalling across the genome was then performed for each accession
with SAMtools mpileup (v0.01019)"> and VarScan (v2.3)'° with the parameters
corresponding to a theoretical sequencing coverage of 30X and the search for homozygous
sites (samtools mpileup -B ; VarScan mpileup2snp --min-coverage 5 --min-reads2 4 --min-
avg-qual 30 --min-var-freq 0.97 --p-value 0.01). Due to the relatively high selfing rate
observed in A. thaliana and the generation(s) of selfing performed in greenhouse conditions
(see the subsection ‘Plant material’), the frequency of heterozygous sites should be low; those
sites were not considered in this study in order to avoid paralogs. All polymorphic sites were
then identified among the 195 accessions. Finally, a SNP calling based on all accessions was
performed on all polymorphic sites to differentiate null values from the reference value. Sites
with more than 50% missing values were discarded from the set of polymorphic sites.

Testing whether the mean Linkage Disequilibrium extent in the TOU-A population is
short enough for fine mapping of genomic regions associated with natural phenotypic
variation

The presence of significant associations at loci known to be involved in well described
phenotypes provides a proof-of-concept for the power of conducting GWAS in a given
mapping population. To estimate the power of fine mapping in the TOU-A population, we
focused (i) on the R genes RPMI and RPS2 responsible for the hypersensitive cell death
response (HR) against the engineered bacterial strain of Pseudomonas syringae DC3000
expressing either AvrRpml (DC3000::AvrRpm1) or AvrRpt2 (DC3000::AvrRpt2),
respectively, and (ii) on the atypical kinase RKS/ conferring quantitative broad-spectrum
resistance against the vascular bacterial pathogen Xanthomonas campestris pv. campestris
(reviewed in Roux & Bergelson (2016)'"). The 195 accessions collected in 2002 and 2010
were grown, inoculated and phenotyped for (i) qualitative resistance against
DC3000::AvrRpm1 (leaf collapse scored at 6hpi) and DC3000::AvrRpt2 (leaf collapse scored
at 1dpi) as described in Vailleau e al. (2002)'®, and (ii) quantitative resistance against the
strain Xcc568 (disease index scored using a scale from 0 to 4 at 10dpi) as described in Huard-
Chauveau et al. (2013)"°. Given the broad-sense heritability values close to one observed for
qualitative resistance®’, four leaves of a single plant were inoculated for each accession. For
quantitative resistance against Xcc568, a randomized complete block design was set up with
two blocks, each being an independent randomization of one replicate per accession. In the
latter case, the following general linear model was used to analyze disease index (GLM
procedure in SAS9.1, SAS Institute Inc., Cary, North Carolina, USA):

disease index;; = put+ block; + accession; + g;

where ‘W’ is the overall mean; ‘block’ accounts for differences among the two experimental
blocks; ‘accession’ corresponds to the 195 natural accessions; and ‘€’ is the residual term.
Normality of the residuals was not improved by transformation of the data. Least-square mean
(LSmean) was obtained for each natural accession



GWA mapping was run using a mixed-model approach implemented in the software

EMMAX (Efficient Mixed-Model Association eXpedited)?'. This model includes a genetic
kinship matrix as a covariate to control for population structure. GWA mapping was based on
(1) raw means for qualitative resistance against DC3000::AvrRpm1 and DC3000::AvrRpt2,
and (i1) LSmeans for quantitative resistance against Xcc568.
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Figure S1 | General picture of the TOU-A population. (a) Photograph showing the habitat
type. The population is located under a 350m electric fence separating two permanent
meadows. (b) Position of plants for which seeds have been collected in 2002, 2007 and 2010.
(c) Position of soil samples collected in 2010. The letters A, B and C indicate the three
edaphic areas (i.e. soil types) in which the in situ experiment has been performed (see
Supplementary Fig. 3). (d) Tillage of the 10-cm upper soil layer in late August 2012 and
protection from cattle by electric fences. (e) Soil cover with green plastic for weed control in
late September 2012. (f) Observed natural germination flushes in late September 2012.



Figure S2 | Climate change since 1970 in the locality of the TOU-A population. Blue dots
indicate the three sampling years (2002, 2007 and 2010). The green dot indicates the year of
the in situ experiment. Red lines correspond to the mean of the last five consecutive years. A
significant change over time was detected for the mean annual temperature (Spearman’s rho =
0.63, P = 5.5 x 10, the mean warmest month temperature (Spearman’s rho = 0.35, P =
0.019) and the sum of degree-days above 5°C (Spearman’s rho = 0.69, P = 7.1 x 107), but not
for the mean coldest month temperature (Spearman’s rho = 0.-0.026, P = 0.865), the mean
annual precipitation (Spearman’s ko = 0.025, P = 0.869) and the sum of degree-days below
0°C (Spearman’s rho = -0.090, P = 0.560).



Figure S3 | Edaphic variation in the TOU-A population. (a) Factor loading plot resulting
from principal components analysis. Factor 1 and factor 2 explained 31.54% and 24.22% of
total soil variance. Maximum water holding capacity (WHC), content of total nitrogen (N),
organic carbon / total nitrogen ratio (C.N), concentrations of P,Os, K, Mg, Mn, Al and Na. (b)
Distribution of eigenvalues against the ranked component number. (¢) Position of the 83 soil
samples in the ‘Factorl — Factor 2’ edaphic space. Red, green and blue dots correspond to the
soil samples located in three soil areas ‘soil A’, ‘soil B’ and ‘soil C’, respectively.



Figure S4 | Illustration of the genotype-by-environment interactions across the six in situ ‘soil x competition’ micro-habitats. (a) Genetic
variation for reaction norms of bolting time. (b) Genetic variation for reaction norms of seed production on the main stem. Solid red lines:
reaction norms of the 80 accessions collected in 2002, dashed blue lines: reaction norms of the 115 accessions collected in 2010.



Figure S5 | Distribution of the size of LD blocks in the TOU-A population.
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Figure S6 | GWA analysis of hypersensitive response to the bacterial elicitors AvrRpm1
(a) and AvrRpt2 (b) and quantitative resistance to Xanthomonas campestris pv.
campestris strain Xcc568 (c¢). The top SNPs are located 15bp from RESISTANCE TO
PSEUSOMONAS SYRINGAE PV MACULICOLA (RPMI), within RESISTANT TO
PSEUDOMONAS SYRINGAE 2 (RPS2) and within RESISTANCE RELATED KINASE 1
(RKS1). The x-axis indicates the physical position along the chromosome. The y-axis
indicates the -log'® p-values of phenotype-SNP associations using the EMMAX method.
MAREF > 7%.
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Figure S7 | Enrichment ratios in flowering time candidate genes for the six in situ ‘soil x
competition’ micro-habitats (i.e. three soils A, B and C x absence or presence of P.
annua), as a function of the number of top SNPs chosen in the GWA mapping results for
bolting time using the EMMAX method. The corresponding 95% confidence intervals from
the null distributions are represented by the green area.



Figure S8 | Identification of genomic regions associated with the 144 heritable eco-
phenotypes in the TOU-A population. The x-axis indicates the physical position along the
chromosome. The y-axis indicates the -log'® p-values using the EMMAX method. MARF >
7%. On each Manhattan plot, the 100 and 200 top SNPs are highlighted in blue and red,
respectively.
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Figure S9 | Number of genes represented in the top 200 SNPs for each of the 144
heritable eco-phenotypes. Genes have been retrieved in a 1kb window size on each side of
each top SNP.
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Figure S10 | Non proportional Venn diagram presenting the partitioning of top SNPs
associated with the 144 heritable eco-phenotypes between the six in situ ‘soil x
competition’ micro-habitats. (i.e. three soils A, B and C x absence or presence of P.
annua). Numbers in brackets indicate the number of eco-phenotypes for each in situ ‘soil x
competition’ micro-habitat.



Figure S11A | Degree of pleiotropy and pleiotropic scaling in the TOU-A population when considering a threshold of 50, 100, 300 and
500 top SNPs. (Top panels) Frequency distribution of the effective number of eco-phenotypes affected by a SNP (N, accounting for the
correlations between eco-phenotypes) among the 21,268 unique top SNPs. (Bottom panels) Regression of total effect size Ty (total effect size
by the Manhattan distance) on Nt The formula corresponds to the pleiotropic scaling relationship Ty = c*Neffd. A scaling component d
exceeding 1 indicates that the mean per-trait effect size of a given top SNP increased with Net. Solid red line: fitted relationship between 7Ty and
Nesr, solid black line: linear dependence (d = 1).



Figure S11B | Significance and strength of selection in the TOU-A population when considering a threshold of 50, 100, 300 and 500 top
SNPs. (Top panels) Fold-increase in median —log; (p-values) of neutrality tests based on temporal differentiation for SNPs that hit only evolved
eco-phenotypes, only unevolved eco-phenotypes or both types of eco-phenotypes, according to different classes of effective number of eco-
phenotypes. The dashed line corresponds to a fold-increase of 1, i.e. no increase in median significance of neutrality tests based on temporal
differentiation. (Bottom panels) Fold-increase in median Fgr values for SNPs that hit only evolved eco-phenotypes, only unevolved eco-
phenotypes or both types of eco-phenotypes, according to different classes of Ny (median Fgr across the genome = 0.00293). Significance
against a null distribution obtained by bootstrapping: *0.05 > P > 0.01, **0.01 > P> 0.001, ***P < 0.001, ns: non-significant.



Figure S11C | Degree of pleiotropy and pleiotropic scaling in the TOU-A population when considering SNPs with a —log;y p-value above
6, 5 and 4. (Top panels) Frequency distribution of the effective number of eco-phenotypes affected by a SNP (N, accounting for the
correlations between eco-phenotypes) among the 21,268 unique top SNPs. (Bottom panels) Regression of total effect size Ty (total effect size
by the Manhattan distance) on Nt The formula corresponds to the pleiotropic scaling relationship Ty = c*Neffd. A scaling component d
exceeding 1 indicates that the mean per-trait effect size of a given top SNP increased with Net. Solid red line: fitted relationship between 7Ty and
Nesr, solid black line: linear dependence (d = 1).



Figure S11D | Significance and strength of selection in the TOU-A population when SNPs with a —log;y p-value above 6, 5 and 4. (Top
panels) Fold-increase in median —log;y (p-values) of neutrality tests based on temporal differentiation for SNPs that hit only evolved eco-
phenotypes, only unevolved eco-phenotypes or both types of eco-phenotypes, according to different classes of effective number of eco-
phenotypes. The dashed line corresponds to a fold-increase of 1, i.e. no increase in median significance of neutrality tests based on temporal
differentiation. (Bottom panels) Fold-increase in median Fgr values for SNPs that hit only evolved eco-phenotypes, only unevolved eco-
phenotypes or both types of eco-phenotypes, according to different classes of N (median Fgr across the genome = 0.00293). Significance
against a null distribution obtained by bootstrapping: *0.05 > P > 0.01, **0.01 > P> 0.001, ***P < 0.001, ns: non-significant.



Figure S12 | Scaling relationships between total phenotypic effect size of the 200 top
SNPs and the number of eco-phenotypes (/V, left panels) or the effective number of eco-
phenotypes (N, right panels). The pleiotropic scaling relationship was calculated as (i)
v = C*Neffd, with Ty corresponding to the Manhattan distance (bottom panels) and (ii)
Tg = a*NeffP, with Tg corresponding to the Euclidean distance (top panels).



Figure S13 | Genome-wide scan for selection based on temporal differentiation. (a)
Manhattan plot of Fst at each SNP marker (dots) along the A. thaliana genome. The blue
dashed line corresponds to the 0.1% upper tail of the Fst value distribution (n = 982). Median
Fsracross the genome = 0.00293. (b) -logio (p-value) of the simulation-based test of the null
hypothesis that the locus-specific differentiation measured at each SNP is only due to genetic
drift. Only SNP markers with MARF > 7% are considered.



Figure S14 | Polarity of effects. (a) Proportion of top SNPs associated with evolved eco-
phenotypes with a polarity of effects in line with the direction of phenotypic evolution,
according to different classes of Nes. (b) Effect of polarity effects on the fold-increase in
median Fgr values for SNPs that hit only evolved eco-phenotypes, according to different
classes of Ngr (median Fgr across the genome = 0.00293). Significance against a null
distribution obtained by bootstrapping: *0.05 > P > 0.01, **0.01 > P > 0.001, ***P < 0.001,
absence of symbols: non-significant. Due to the small number of SNPs with an effective
number of eco-phenotypes above 4, those SNPs were grouped for testing the significance of
fold-increase in median Fsr values.



Figure S15 | The distribution dependence of p-value distribution on minor allele relative
frequency (MARF) for EMMAX across the 144 eco-phenotypes (see Fig. 1). For a given
MAREF value, each point corresponds to the quantile at 99% of the p-value distribution of one
of the 144 heritable eco-phenotypes. A locally-weighted polynomial regression is illustrated by
a red solid line. A MAREF threshold above 7% is depicted by a dashed blue line.



Table S1 | Phenotypic variation of 195 accessions sampled in 2002 and 2010 and scored across six in situ ‘soil x competition’ micro-
habitats.

Model terms§

block soil*comp* acc(year)* acc(year)* acc(year)*
(soil*comp) soil comp soil*comp year soil*year comp*year year acc (year) soil comp soil*comp
Traits F P F P F P F P F P F P F P F P LRT P LRT P LRT P LRT P
GERM 5.40 (F** 53.44  k¥x* 104.47  *** 64.64  *** 8.61 Fx 10.13  *** 0.51 ns 0.08 ns 299.1  kx* 0.0 ns 0.0 ns 79 *
BT 3.90 k** 23.57  ¥*x* 120.85  *** 25.07  **x* 13.46 *x 11.13  *** 22.40  ¥*x* 4.54 ns 280.7  ¥** 5.0 * 13.5 Fx 5.8 ns
INT 1.65 * 29.20 *** 66.50 ¥** 42.51  *** 13.22 *x 7.93 ** 16.85  k** 2.39 ns 140.4  *** 0.6 ns 16.1 *x 4.1 ns
RP 8.24  **x* 132.02  *** 45,37  **x 20.95  *¥x* 19.18  *** 3.65 ns 12.60 *x 1.62 ns 287.4  kx* 17.3 *¥** 2.7 ns 0.0 ns
DIAM 5.28  k** 75.04  x** 57.82  x¥** 46.57  *F** 0.16 ns 5.34 * 0.11 ns 0.12 ns 40.1  *** 2.8 ns 0.0 ns 0.2 ns
H1F 2.41  kx* 177.58  *** 31.60 ¥** 86.96  *** 7.29 * 1.41 ns 0.64 ns 2.37 ns 125.5  k¥* 10.7 *x 0.8 ns 1.3 ns
HSTEM 4.01 k¥* 342.68  *** 14.99  k** 55.05  *** 0.71 ns 0.08 ns 1.51 ns 2.41 ns 178.0 *** 49,9 kx* 0.2 ns 0.0 ns
HMAX 6.63  ¥** 584.30 *¥** 4.24 ns 84.33  k¥x* 0.39 ns 0.88 ns 0.17 ns 2.72 ns 162.5  ¥** 43.4  *** 0.2 ns 0.0 ns
HD 1.82 * 77.84  x*x* 99.75  ¥*x* 27.52  x*x 8.96  ** 2.19 ns 290 ns 0.89 ns 175.8  **x* 0.0 ns 0.0 ns 89 *
RAMPB_WF 2.73 k¥ 34.20 *** 16.26  *¥** 37.44  x*x* 13.43 *x 0.20 ns 0.19 ns 3.42 ns 47.8  F¥* 6.7 * 7.1 ns 0.0 ns
RAMPB_WOF 1.43 ns 201 ns 3.89 ns 2.58 ns 0.41 ns 1.88 ns 4.45 ns 0.36 ns 53.8 k** 1.3 ns 0.0 ns 0.0 ns
TOTPB 2.43  k¥x* 53.77  k¥* 13.13  **x* 48.04  *** 12.57 Fx 1.92 ns 3.18 ns 6.41 * 118.9  ¥** 5.3 * 4.8 ns 0.0 ns
RAMBB 2.90 kx* 9.94  kxx 120.87  *** 14.61 *** 3.28 ns 3.00 ns 0.84 ns 0.12 ns 68.2  kx* 1.9 ns 1.3 ns 0.1 ns
TOTB 3.48  *** 42,53  kx* 113.24  *** 49.52  *x* 1.95 ns 0.35 ns 0.15 ns 1.57 ns 42.3  k¥x* 2.1 ns 3.3 ns 0.0 ns
FITTOT 5.07 *¥** 201.80  *** 28.37  *** 35.21  *** 0.29 ns 0.31 ns 0.22 ns 1.61 ns 20.5  *F** 13.1 ** 0.0 ns 0.0 ns
FITSTEM 3.23  kx* 161.17  *** 0.79 ns 14.78  *** 7.09 * 0.14 ns 0.46 ns 4.16 ns 119.6  *** 44.5  Fx* 0.1 ns 0.0 ns
FRUITSTEM 3.01  F** 83.92  ¥*x* 0.49 ns 9.86  *¥¥* 8.97 *x 0.09 ns 0.00 ns 3.18 ns 85.6  F** 47.9  kx* 0.1 ns 0.1 ns
SILSTEM 3.76  *¥*¥* 434.03  *** 101.02  *** 31.50 *** 1.78 ns 2.39 ns 2.52 ns 1.96 ns 256.6  *** 20.8  *** 3.0 ns 0.0 ns
FITPB 3.24  k*x* 197.91  *** 0.19 ns 42.05  k*x* 9.71 Fx 0.99 ns 0.78 ns 8.94 *x 25.0 (k*x* 4.8 * 0.0 ns 8.1 *
FRUITPB 3.49  kx* 158.53  *** 1.19 ns 45.88  *¥** 10.64  ** 0.72 ns 0.01 ns 6.29 * 22.7  Rx* 12.7  ** 0.0 ns 2.0 ns
SILPB 3.86  F¥* 450.20  *** 33.62  ¥** 25.65  **x* 0.34 ns 1.11 ns 1.42 ns 4.17 ns 211.2  *** 8.1 * 0.0 ns 0.0 ns
FITBB 1.82 * 20.38  *** 36.04  *¥* 2.59 ns 0.21 ns 2.51 ns 0.23 ns 0.17 ns 7.9 ** 1.7 ns 0.0 ns 0.1 ns
FRUITBB 2.81  kx* 24.36  *** 95.10 *** 8.08 *** 2.16 ns 2.18 ns 0.56 ns 0.14 ns 41.4  Fx* 8.3 * 0.0 ns 0.7 ns
SILBB 2.48  kx* 148.46  *** 12.90 ¥** 16.34  *** 0.03 ns 1.91 ns 0.14 ns 2.66 ns 149.6  *** 6.0 * 0.0 ns 0.0 ns
RSTEM 3.12  kx* 76.90 *** 34.61 *** 19.77  *** 0.97 ns 0.09 ns 1.87 ns 0.17 ns 25.9  kx* 5.7 * 0.3 ns 0.0 ns
RPB 1.61 * 67.83  *** 42.64  F** 5.22 *x 7.69 * 0.56 ns 1.43 ns 4.39 ns 55.9  k¥* 6.9 * 0.0 ns 0.2 ns
RBB 1.73 * 19.98  *** 27.71  **x* 0.17 ns 15.53  k*x* 1.14 ns 0.91 ns 0.51 ns 6.0 ns 3.3 ns 0.9 ns 0.2 ns
INTERNOD 1.21 ns 32.07 *** 1.77 ns 1.10 ns 3.42 ns 0.03 ns 0.00 ns 1.79 ns 2.7 ns 2.0 ns 0.0 ns 0.0 ns
SURVIVAL 39.31 k** 57.15  *** 0.06 ns 47.30  *¥* Inf  *** Inf  *¥* Inf  *** Inf  ** 1.0 ns 3.5 ns 0.0 ns ne ne

*0.05> P >0.01, **0.01 > P> 0.001, ***P < 0.001. ns: non-significant, ns : significant before a false discovery rate (FDR) correction at the nominal level of 5%, ne: not
estimated.

t All traits were measured quantitatively with the exception of survival which is a binary trait. § Each trait was modeled separately using a mixed model. Model random terms
were tested with likelihood ratio tests (LRT) of models with and without these effects. A correction for the number of tests was performed for each modeled effect (i.e. per
column) to control the FDR at a nominal level of 5%.



Table S2 | Broad-sense heritability values (H?) of the 174 eco-phenotypes scored across
six in situ ‘soil x competition’ micro-habitats. P: bold values indicate significant broad-
sense heritability estimates after a false discovery rate (FDR) correction at the nominal level

of 5%.

Ecophenotype H? P Ecophenotype H? P

BT A wo P 0.868 |0.00E+00| [FRUITSTEM A wo P| 0.515 1.53E-07
BT_A_w_P 0.847 0.00E+00 FRUITSTEM_A_w_P 0.601 2.61E-14
BT B_wo_P 0.864 |0.00E+00| |FRUITSTEM B wo P| 0.370 3.27E-04
BT B w P 0.827 |0.00E+00| |FRUITSTEM B w P 0.323 3.51E-03
BT_C wo_P 0.864 0.00E+00 FRUITSTEM_C_wo_P 0.676 0.00E+00
BT C_w_P 0.843 | 0.00E+00| [FRUITSTEM C w P 0.749 0.00E+00
DIAM_A_wo_P 0.084 |6.276-01| |GERM_A_wo_P 0.827 0.00E+00
DIAM_A_w _P 0480 | 4.50E-08) [GERM_A_w_P 0.796 0.00E+00
DIAM B_wo_P 0.329 | 1.01E-03| [GERM B_wo P 0.781 0.00E+00
DIAM_B_w_P 0.303 | 4.90E-03| [GERM B_w_P 0.773 0.00E+00
DIAM_C_wo_P 0.174 | 1.386-01] [GERM C_wo P 0.659 0.00E+00
DIAM C_w_P 0.470 | 5.40E-08] [GERM C w P 0.738 0.00E+00
FITBB_A_wo_P 0.261 |2.64E-01| |HIF_A_wo P 0.536 6.72E-09
FITBB_A w_P 0.005 |1.00E+00| [HIF A w P 0.567 4.276-12
FITBB_B_wo_P 0.256 | 1.69€-01] [H1F B wo_P 0.705 0.00E+00
FITBB_B w_P 0.260 |1.60E-01| [HIF B w_ P 0.541 2.66E-09
FITBB_C_wo_P 0323 |8226-02| [HIF C wo P 0.574 6.09E-12
FITBB_C_w_P 0451 |2.21E-03| [HIF C w P 0.695 0.00E+00
FITPB_A_wo_P 0.442 |3.14E-08] |HD_A_wo P 0.518 1.10E-07
FITPB_A_ w P 0398 |3.846-04] [HD A w P 0.673 0.00E+00
FITPB_B_wo_P 0.341 | 2.06€-03| [HD B wo P 0.728 0.00E+00
FITPB_B_w_P 0.174 |[1.93c-01| |HD B w. P 0.666 0.00E+00
FITPB_C_wo_P 0490 |1.056-06) [HD C_ wo P 0.529 1.80E-09
FITPB_ C_w_P 0.602 | 1.51E-12| [HD C w P 0.714 0.00E+00
FITSTEM_A_wo_P 0.626 |2.076-11] |HMAX_A_wo_P 0.607 2.19E-12
FITSTEM_A_w_P 0.644 |3.58E-16] |[HMAX A w P 0.627 0.00E+00
FITSTEM_B_wo_P 0.495 3.65E-08 HMAX_B_wo_P 0.625 0.00E+00
FITSTEM_B_w_P 0.419 | 2.80E-05| |[HMAX B _w_P 0.574 1.30E-11
FITSTEM_C_wo_P 0.709 [0.00E+00| |HMAX_C_wo_P 0.725 0.00E+00
FITSTEM C_w_P 0.716 |0.00E+00| [HMAX C_w P 0.720 0.00E+00
FITTOT_A_wo_P 0.230 | 7.296-02| |HSTEM_A_wo_P 0.615 2.30E-12
FITTOT_A_w_P 0.399 | 6.65E-04| [HSTEM_A w_P 0.640 0.00E+00
FITTOT B_wo_P 0.170 | 1.86€-01] [HSTEM B wo_p 0.620 0.00E+00
FITTOT B_w_P 0.202 | 2.89€-02] [HSTEM B w_P 0.614 1.25E-14
FITTOT_C_wo_P 0.418 | 2.63E-02| |HSTEM C_wo P 0.748 0.00E+00
FITTOT C_w_P 0.566 | 8.90E-07| [HSTEM C_w P 0.761 0.00E+00
FRUITBB_A_wo_P 0.256 | 5.336-02] [INT_A_wo_ P 0.755 0.00E+00
FRUITBB_A_w_P 0342 |6.656-04] [INT A w P 0.641 0.00E+00
FRUITBB_B_wo_P 0.334 |2.206-03| [INT B wo P 0.771 0.00E+00
FRUITBB B_w_P 0.400 | 5.20E-05| [INT B w P 0.623 0.00E+00
FRUITBB_C_wo_P 0.303 |6.05E-03| [INT_C_wo P 0.720 0.00E+00
FRUITBB_C_w P 0.635 |0.00E+00| [INT C w P 0.513 4.52E-10
FRUITPB_A_wo_P 0.326 | 8.95E-03| [INTERNOD A wo P | 0.026 1.00E+00
FRUITPB_A_w_P 0.401 |4.186-05| [INTERNOD A_w_P 0.103 5.66E-01
FRUITPB B _wo_P 0.252 | 2.21E-02| [INTERNOD B wo P 0.595 1.73E-14
FRUITPB_B_w_P 0.147 2.45E-01 INTERNOD_B_w_P 0.472 9.37E-07
FRUITPB_C_wo_P 0.447 | 2.94E-06| |INTERNOD_C_wo_P 0.105 4.71E-01
FRUITPB_C_w P 0591 | 7.086-15| [INTERNOD C w_P 0.160 1.00E+00




Table S2 (continued)

Ecophenotype H? P Ecophenotype H? P
RAMBB_A_wo_P 0.316 | 1.19E-02| |[SILPB_A_wo_P 0.638 3.52E-12
RAMBB A_w_P 0.343 | 6.65E-04| |[SILPB A w P 0.604 9.79E-12
RAMBB_B_wo_P 0.464 | 9.28E-07| |[SILPB_B wo P 0.779 0.00E+00
RAMBB B _w_P 0.388 | 1.73E-04| [SILPB B w_P 0.702 0.00E+00
RAMBB_C_wo_P 0.344 |1.256-03| |[SILPB_C_wo P 0.635 8.41E-14
RAMBB _C_w_P 0.669 |0.00E+00| [SILPB C_w P 0.725 0.00E+00
RAMPB_WOF_ A wo P| 0314 |895E-03| [SILSTEM A wo_P 0.774 0.00E+00
RAMPB_WOF_A_w P 0.555 |1.176-11| [SILSTEM_A_w P 0.781 0.00E+00
RAMPB_WOF B wo P| 0.182 |1.54E-01| [SILSTEM_B_wo_P 0.797 0.00E+00
RAMPB_WOF _B_w_P 0.305 |5.83E-03| |SILSTEM B_w_P 0.797 0.00E+00
RAMPB_ WOF C_ wo P| 0.152 |2.14E-01| [SILSTEM_C wo_P 0.743 0.00E+00
RAMPB_WOF_C_w_P 0.405 | 1.95E-05| [SILSTEM C_w_P 0.755 0.00E+00
RAMPB_WF_A wo_P 0.493 | 8.70E-07| |SURVIVAL A_wo_P 0.022 8.72E-01
RAMPB_WF_A_w_P 0.438 | 2.94E-06| |SURVIVAL A w_P 0.000 1.00E+00
RAMPB_WF_B_wo_P 0.484 | 1.186-07| |SURVIVAL B wo_P 0.135 2.02E-01
RAMPB_WF B_w_P 0.398 |2.14E-04| |SURVIVAL B w P 0.113 2.90E-01
RAMPB_WF_C_wo_P 0.349 |9.086-04| |SURVIVAL C_wo P 0.000 1.00E+00
RAMPB_WF_C_w_P 0.497 | 1.09E-08| |SURVIVAL C_w P 0.227 2.29E-02
RBB_A_wo_P 0.398 |1.956-01| |[TOTB_A wo_P 0.359 2.53E-03
RBB A _w P 0.440 | 1.05€-01| |TOTB.A w P 0.216 6.31E-02
RBB_B_wo_P 0.520 |3.276-04| |TOTB B wo_P 0.372 4.52E-04
RBB_B_w_P 0.607 | 1.90E-06| |TOTB B w_P 0.175 1.75E-01
RBB_C_wo_P 0.299 | 1.60E-01| |TOTB_C_wo P 0.254 2.65E-02
RBB_C_w_P 0.664 |3.176-05| |TOTB_C_w_P 0.542 6.87E-11
RP_A_wo_P 0.801 |0.00E+00| |TOTPB_A_wo P 0.565 7.37E-10
RP_A w P 0.827 |0.00E+00| [TOTPB A_w P 0.498 3.19E-08
RP_B_wo_P 0.798 |0.00E+00| |TOTPB B wo_P 0.668 0.00E+00
RP_ B w_P 0.742  |0.00E+00| |TOTPB B w P 0.580 1.30E-11
RP_C_wo_P 0.842 |0.00E+00| |TOTPB C_wo P 0.525 6.60E-10
RP_ C_ w_P 0.817 |0.00E+00 |TOTPB C_w_P 0.618 4.60E-16
RPB_A_wo_P 0.403 | 2.81E-03

RPB A _w P 0.345 | 2.23E-03

RPB_B_wo_P 0.555 | 4.52E-10

RPB_ B w P 0.430 | 1.65E-04

RPB_C_wo_P 0.255 | 1.56E-02

RPB_C_w_P 0.505 | 1.09E-08

RSTEM_A_wo_P 0.253 | 7.42E-02

RSTEM_A_w_P 0.369 | 1.43E-03

RSTEM_B_wo_P 0.355 | 5.97E-03

RSTEM_B_w_P 0.293 | 1.61E-02

RSTEM_C_wo_P 0.074  |1.00E+00

RSTEM_C_w_P 0.405 | 3.47E-04

SILBB_A_wo_P 0.677 | 2.55E-06

SILBB_ A_w_P 0.681 | 3.64E-04

SILBB_B_wo_P 0.803  |0.00E+00

SILBB_B_w_P 0.718 | 2.63E-07

SILBB_C_wo_P 0.713 | 1.40E-11

SILBB_C_w_P 0.729 | 2.45E-10




Table S3 | Manhattan distance: scaling relationships between total phenotypic effect size of SNPs with the highest association and the
effective number of eco-phenotypes (Ntr). The pleiotropic scaling relationship between the total effect size and the effective number of eco-
phenotypes was calculated as Ty = C*Neffd, with Ty corresponding to the Manhattan distance and calculated as Tyy = Y.[-,|4;|, where n is the
degree of pleiotropy and A, is the standardized allelic effect. To avoid pseudo-replication due to the presence of several top SNPs in a given LD
block, the pleiotropic scaling was also calculated for each threshold number of top SNPs and each threshold of significance, (i) by considering
the mean value of the total effect size and N per LD block containing top SNPs (‘Mean per block’ column) and (ii) by randomly sampling one
top SNP per LD block (this step was repeated 1,000 times) (‘Random’ column).

% pleiotropic

Twm Threshold Total SNPs  Unique SNPs SNPs All unique SNPs Mean per block Random
c d c d c d

50 SNPs 7200 5728 16.69 0.317 1.255 0.317 1.3 0.32(0.315- 0.324) 1.268(1.224 - 1.323)
number of 100 SNPs 14400 11100 19.05 0.308 1.242 0.309 1.275 0.311 (0.307 - 0.316) 1.253(1.214 - 1.294)
top SNPs 200 SNPs 28800 21268 21.86 0.294 1.228 0.295 1.255 0.296 (0.292- 0.3) 1.243 (1.208 - 1.274)
300 SNPs 43200 30854 24.4 0.286 1.215 0.289 1.223 0.289(0.285 - 0.293) 1.217(1.187 - 1.249)
500 SNPs 72000 43851 27.64 0.277 1.19 0.283 1.178 0.282 (0.278 - 0.287) 1.181(1.152 - 1.204)
>6 538 424 21.46 0.433 1.545 0.423 1.799 0.425(0.416 - 0.438) 1.736(1.503 - 1.92)
-log,o p-value >5 3165 2457 17.91 0.366 1.446 0.361 1.51 0.362 (0.35- 0.372) 1.49(1.382- 1.637)
>4 22822 16720 22.06 0.319 1.232 0.318 1.267 0.32(0.314- 0.326) 1.241(1.197 - 1.293)




Table S4 | Euclidean distance: scaling relationships between total phenotypic effect size of SNPs with the highest association and the
effective number of eco-phenotypes (V). The pleiotropic scaling relationship between the total effect size and the effective number of eco-
phenotypes was calculated as T; = a*Neff?, with Ti corresponding to the Euclidean distance and calculated as Tz = /XL, A%, where n is the
degree of pleiotropy and A, is the standardized allelic effect. To avoid pseudo-replication due to the presence of several top SNPs in a given LD
block, the pleiotropic scaling was also calculated for each threshold number of top SNPs and each threshold of significance, (i) by considering
the mean value of the total effect size and Nets per LD block containing top SNPs (‘Mean per block’ column) and (ii) by randomly sampling one
top SNP per LD block (this step was repeated 1,000 times) (‘Random’ column).

% pleiotropic

Te Threshold Total SNPs  Unique SNPs SNPs All unique SNPs Mean per block Random
a b a b a b

50 7200 5728 16.69 0.292 0.739 0.295 0.766 0.296 (0.294 - 0.298) 0.757 (0.718 - 0.803)
number of 100 14400 11100 19.05 0.28 0.743 0.283 0.771 0.284 (0.282 - 0.286) 0.764 (0.729- 0.797)
top SNPs 200 28800 21268 21.86 0.267 0.726 0.268 0.751 0.269 (0.267 - 0.271) 0.747 (0.722- 0.772)
300 43200 30854 24.4 0.26 0.712 0.26 0.728 0.261(0.259- 0.263) 0.73(0.705 - 0.755)
500 72000 48851 27.64 0.25 0.692 0.25 0.697 0.252(0.25- 0.253) 0.705 (0.682 - 0.725)
>6 538 424 21.46 0.398 0.919 0.393 1.158 0.395(0.39- 0.401) 1.104 (0.884 - 1.285)
-log,o p-value >5 3165 2457 17.91 0.34 0.838 0.335 0.917 0.335(0.331-0.339) 0.906 (0.835- 0.99)
>4 22822 16720 22.06 0.287 0.727 0.288 0.743 0.29(0.288-0.292) 0.74(0.706 - 0.776)




Table S5 | List of candidate genes associated with 11 or more evolved eco-phenotypes.

Atg number no eco-phenotypes Locus name Molecular function

AT4G01820 17 ABCB3 member of MDR subfamily

ATAG01830 11 PGP5 P-glycoprotein 5 (PGP5)

ATA4G14660 12 NRPE7 Non-catalytic subunit specific to DNA-directed RNA polymerase V

AT4G18350 12 NCED2 Encodes 9-cis -epoxycarotenoid dioxygenase, a key enzyme in the biosynthesis of abscisic acid.
AT4G19960 24 AtKUP/HAK/KT9 Encodes a potassium ion transmembrane transporter.

AT4G20325 12 unknown

AT4G20330 11 Transcription initiation factor TFIIE, beta subunit

AT4G20340 13 Transcription factor TFIIE, alpha subunit

AT4G20350 18 oxidoreductases

AT4G20362 15 SORF6 Potential natural antisense gene, locus overlaps with AT4G20360

AT4G20370 11 TSF Encodes a floral inducer that is a homolog of FT.

AT4G24520 12 ATR1 Encodes a cyp450 reductase likely to be involved in phenylpropanoid metabolism.
AT5G12430 14 TPR16 Encodes one of the 36 carboxylate clamp (CC)-tetratricopeptide repeat (TPR) proteins

AT5G43430 13 ETFBETA Encodes the electron transfer flavoprotein ETF beta, a putative subunit of the mitochondrial electron transfer flavoprotein complex




Chapitre 3

Table S6 | Enrichment of biological process in the 0.1% tail of the Fgrvalues.

Biological process

Enrichment P value Atgnumber Locus name

Molecular function

Associated em-phenctvpes1

vernalization response

regulation of circadian rhythm

response to temperature stimulus
negative regulation of flower development
regulation of cell shape

beta-D-glucan biosynthetic process

pollen tube development
electron transport chain
polar nucleus fusion

stamen development

defense response by callose deposition in cell wall
salicylic acid mediated signaling pathway
defense response signaling pathway, resistance
gene-dependent

cell cyclearrest

calcium-mediated signaling

trehalose biosynthetic process

calciumion transmembrane transport
calciumion transport
regulation of salicylic acid mediated signaling pathw

cellular response to salicylic acid stimulus

photosynthetic electron transport chain
developmental growth

pollen maturation

regulation of auxin mediated signaling pathway
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AT5G10140
AT4G16845

AT5G10140
AT5G10140
AT5G10140
AT3G59100
AT4G03550
AT3G59100
AT4G03550
AT4G05450
AT4G05450
AT4G05440
AT5G42020

AT4G03190
AT5G41700

AT4G03550
AT4G03550
AT4G03550

AT4G05440
AT4G03560
AT5G10100

AT4G03560
AT4G03560
AT4G03440
AT4G03460

AT4G03470
AT4G03500
ATAG03440
AT4G03450
AT4G03460

AT4G03470
AT4G03500
AT4G03280
AT4G03190
AT4G03190
AT3G59060

FLC
VRN2

POWDERY MILDEW RESISTANT 4

POWDERY MILDEW RESISTANT 4
MFDX1

MFDX1

EMBRYO SAC DEVELOPMENT ARREST 35
BIP2

AFB1
UBIQUITIN CONJUGATING ENZYME 8

POWDERY MILDEW RESISTANT 4
POWDERY MILDEW RESISTANT 4
POWDERY MILDEW RESISTANT 4

EMBRYO SAC DEVELOPMENT ARREST 35
TPC1
PP

TPC1
TPC1

PGR1
AFB1
AFB1
PIF5

MADS-box protein
nuclear-localized zinc finger protein

MADS-box protein

MADS-box protein

MADS-box protein

protein similar to callose synthase
callose synthase

protein similar to callose synthase
callose synthase

mitochondrial ferredoxin 1
mitochondrial ferredoxin 1
unknown

luminal binding protein

F box protein belonging to the TIR1 subfamily
one of the polypeptides that constitute the ubiquitin-
conjugating enzyme E2

callose synthase
callose synthase
callose synthase

unknown
depolarization-activated Ca(2+) channel

haloacid dehalogenase-like hydrolase (HAD) superfamily

protein

depolarization-activated Ca(2+) channel
depolarization-activated Ca(2+) channel
Ankyrin repeat family protein

Ankyrin repeat family protein

Ankyrin repeat family protein
Ankyrin repeat family protein
Ankyrin repeat family protein
Ankyrin repeat family protein
Ankyrin repeat family protein

Ankyrin repeat family protein
Ankyrin repeat family protein

Encodes the Rieske FeS center of cytochrome b6f complex

F box protein belonging to the TIR1 subfamily
F box protein belonging to the TIR1 subfamily
novel Myc-related bHLH transcription factor

H1F_B_w_P, RSTEM_B_wo_P,
SURVIVAL_C_w_P, DIAM_B_wo_P,
H1F_C_wo_P, SILBB_B_w_P,
FITTOT_C_wo_P

FRUITSTEM_C_w_P, SILPB_A_wo_P

FRUITSTEM_C_w_P, SILPB_A_wo_P
FRUITSTEM_C_w_P, SILPB_A_wo_P
FRUITSTEM_C_w_P, SILPB_A_wo_P
FRUITSTEM_C_w_P, SILPB_A_wo_P
DIAM_C_w_P, TOT_B_C_w_P,
RAMPB_WF_C_w_P

FITTOT_C_w_P, FRUITPB_C_w_P,
RSTEM_B_w_P, SILPB_C_w_P, INT_B_wo_P,
SILSTEM_B_wo_P, RAMPB_WF_C_w_P
FRUITSTEM_C_w_P, SILPB_A_wo_P
FRUITSTEM_C_w_P, SILPB_A_wo_P
FRUITSTEM_C_w_P, SILPB_A_wo_P

FRUITSTEM_C_w_P, SILPB_A_wo_P

FITPB_A_wo_P, FRUITPB_A_wo_P

FRUITSTEM_C_w_P
GERM_A_wo_P, SILPB_B_w_P,
SILPB_A_wo_P, SILSTEM_B_wo_P
SILPB_B_w_P, SILPB_A_wo_P,
SILSTEM_B_wo_P
FRUITSTEM_C_w_P
FRUITSTEM_C_w_P
FRUITSTEM_C_w_P, GERM_A_wo_P
GERM_A_wo_P, SILPB_B_w_P,
SILPB_A_wo_P, SILSTEM_B_wo_P
SILPB_B_w_P, SILPB_A_wo_P,
SILSTEM_B_wo_P
FRUITSTEM_C_w_P
FRUITSTEM_C_w_P

*0.05> P >0.01, **0.01 > P> 0.001. The significance of enrichment was tested against a null distribution using

10,000 permutations.

" The letters A, B and C stand for the three types of soil. ‘wo_ P’ and ‘w_P’ correspond to the absence and

presence of P. annua, respectively.
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Dans ce chapitre, le principal objectif était d’étudier la dynamique adaptative d’une
population locale d’A. thaliana face au réchauffement climatique. En combinant une
expérience de résurrection dans des conditions écologiquement réalistes avec des analyses
de GWA mapping et un scan génomique de traces de sélection temporelle, nous avons pu
mettre en évidence qu’une population locale d’A. thaliana pouvait rapidement atteindre un
nouvel optimum phénotypique via une architecture génétique originale combinant (i) de
rares QTLs avec des degrés de pléiotropie intermédiaires et fortement sélectionnés et (ii) de
tres nombreux QTLs spécifiques d’un micro-habitat et faiblement sélectionnés. Une telle
architecture génétique aurait pu difficlement étre mise en évidence en réalisant
I'expérience de phénotypage en conditions contrélée de serre ou bien en ne considérant
gu’un seul micro-habitat au sein de la population TOU-A. Par ailleurs, il faut souligner que
nous n’avons considéré dans cette étude qu’une faible fraction des micro-habitats
rencontrés par A. thaliana dans la population TOU-A. Ceci est notamment le cas pour les
interactions biotiques. En effet, nous avons seulement étudié les interactions avec Poa
annua, mais de nombreuses autres especes interagissent avec A. thaliana dans cette
population. A partir d’une étude de GWA mapping réalisée a partir de 48 accessions de la
population TOU-A, une précédente étude menée au sein de I'équipe a mis en évidence une
architecture génétique tres dépendante de I'identité de I'espéce compétitrice (Baron et al.
2015). Cette étude met donc en avant l'importance de considérer I'hétérogénéité des
facteurs abiotiques et biotiques a une échelle micro-géographique, et par conséquent des
interactions génotype x environnement, dans I'étude de la dynamique adaptative des

populations naturelles.

Pour résumer, la trés forte flexibilité de I'architecture génétique mise en évidence
dans cette étude pourrait permettre d’expliquer les observations régulieres du maintien de
la variation génétique dans les populations naturelles malgré la présence de la sélection
naturelle. Pour vérifier la généralité de nos résultats, la prochaine étape serait d’étendre les
études de résurrection couplées a des analyses génomiques a d’autres populations d’A.

thaliana et a d’autres espeéces.
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L'objectif principal de ma thése était de comprendre I'architecture génétique de
I’adaptation d’A. thaliana en considérant la complexité des agents sélectifs auxquels cette
espece est confrontée de maniere simultanée dans les habitats naturels. Pour cela, jai
abordé ce projet par des approches en génomique écologique trés complémentaires et
reposant sur diverses méthodes statistiques: (i) des analyses sparse Partial Least Square
Regression (sPLSR) afin d’identifier les agents sélectifs potentiels, (ii) des analyses
d’association génome-environnement (GEA) pour identifier les bases génétiques associées
aux agents sélectifs potentiels, (iii) des analyses de GWA mapping afin d’identifier des
régions génomiques associés a la variation phénotypique, et (iv) des scans génomiques pour

identifier les traces de sélection aux niveaux spatial et temporel (court terme) (Figure 1).

Partial Least Square GWA mapping
Regression (sPLSR) & traces de sélection
Association génome-
environnement(GEA) &

traces de sélection

Figure 1: Combinaison de 3 approches en génomique écologique permettant de comprendre I'architecture
génétique de I'adaptation chez A. thaliana.



A. thaliana étant une espéce avec un régime de reproduction largement autogame
(Platt et al. 2010), la production de graines est considérée comme un bon proxy de la fitness
dans de nombreuses études. Or dans le premier chapitre, en accord avec une précédente
étude (Roux et al. 2016), nous avons mis en avant qu’une méme production de graines
pouvait étre associée a différentes stratégies reproductives liées a l'acquisition des
ressources, |'allocation des ressources entre les traits individuels de fécondité (nombre de
fruits vs nombre de graines par fruit, nombre de graines produites par type de branche) et
I'architecture de la plante déterminant le pattern de dispersion des graines. Par exemple,
chez A. thaliana, il a été démontré expérimentalement que la distance moyenne de
dispersion des graines correspond a la hauteur de la plante (Wender et al. 2005). Ainsi, la
stratégie de dispersion des graines pourrait dépendre du grain spatial de I'environnement au
sein d’'une population. Si le grain spatial de I'environnement est grossier, une stratégie
d’allocation des ressources dans les traits reproducteurs de la tige principale sera favorisée
afin de disperser les graines de maniére homogéne et sur une plus longue distance (Figure
2). Un tel grain augmenterait donc la probabilité que la majorité des graines produites par
une plante meére tombe dans un environnement identique a celui rencontré par la plante

mere, tout en limitant la compétition entre plantes sceurs a la génération suivante.

Production totale de graines = Production totale de graines
N 7
Distance de dispersion Distance de dispersion

Allocation des ressources
z dansles branches
primaires et basales

Allocation des ressources
dans la tige principale

Figure 2: Différents patterns de dispersion des graines entre deux génotypes qui produisent la méme quantité
de graines, selon un grain spatial de I'environnement grossier (a gauche) ou fin (a droite).



A 'opposé, si le grain spatial de I’environnement est fin, une stratégie d’allocation
des ressources vers les traits reproducteurs des branches primaires et des branches basales
sera favorisée afin de disperser les graines sur une courte distance (Figure 2). Ces prédictions
restent néanmoins basées sur des expériences réalisées dans des milieux ouverts (Wender et
al. 2005). Il serait intéressant de compléter des études en tenant compte de la présence

d’especes compétitrices.

Pour comprendre comment A. thaliana peut s’adapter a un nouvel environnement, il
semble donc important d’ajouter la notion de stratégies reproductives a la production totale
de graines. L'importance de prendre en compte ces stratégies dans la définition de la fitness
a tout d’abord été confirmée par I'étude des relations entre variation écologique et variation
phénotypique dans le premier chapitre. Ainsi, nous avons mis en évidence que les variations
de stratégie reproductive pouvaient étre fortement associées a des variables écologiques,
mais que l'identité de ces agents sélectifs potentiels était tres dépendante de I'habitat

considéré.

L'importance de tenir compte des stratégies reproductives dans la définition de la
fitness a aussi été confirmée dans I'étude de résurrection du troisieme chapitre. Lors de
cette étude menée sur une population locale d’A. thaliana, nous avons vu qu’il était
indispensable de considérer de nombreux traits phénotypiques dans la compréhension de
I’évolution phénotypique d’une population. En effet, bien qu’aucun changement évolutif
n’ait été observé pour la production totale de graines, une évolution génétique significative
a été observée pour de nombreux autres traits phénotypiques liés aux stratégies
reproductives. La flexibilité des traits d’histoire de vie et des traits reproducteurs individuels

permettrait ainsi d’assurer une stabilité démographique de la population.

Les individus sont soumis simultanément a de nombreuses pressions de sélections
abiotiques (climat, sol, etc.) et biotiques (communautés végétales et microbiennes,

pathogénes, herbivore, etc.), dont les échelles spatiales de variation peuvent étre tres
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contrastées. Cette diversité d’agents sélectifs agissant a différentes échelles spatiales crée
non seulement une mosaique écologique tres complexe (Figure 3), mais peut aussi entrainer
des conflits pour la plante quant a la stratégie a adopter pour y répondre. Par exemple, en
présence du réchauffement climatique observé a une large échelle géographique, il est
attendu une accélération de la phénologie chez les especes végétales. Cependant, cette
nouvel optimum phénologique peut se trouver en opposition avec des optimums locaux de
tardivité de floraison déterminés par d’autres variables écologiques, comme une forte
teneur en azote dans le sol ol une longue période d’accumulation des ressources serait
favorisée. Ainsi, il pourrait étre difficile pour une population de répondre a des variables
écologiques qui favorisent différentes stratégies phénotypiques, ralentissant ou empéchant
alors I'évolution de cette population vers un nouvel optimum phénotypique. Les
changements globaux (changements climatiques, utilisation des sols, espéces invasives,
arrivées de nouvelles maladies, etc.) vont entrainer de nouvelles pressions de sélections sur
les populations a différentes échelles spatiales, pouvant déstabiliser les combinaisons
écologiques préexistantes. Il est donc essentiel de comprendre I'adaptation des populations
en considérant un maximum d’agents sélectifs a une échelle spatiale réduite en complément
des variables climatiques déja trés étudiées a de larges échelles géographiques (Walther et

al. 2010).

+I

W
m

Figure 3 : Maillage individuel de trois agents sélectifs entrainant une mosaique écologique complexe.

Afin d’étudier la complexité de la mosaique écologique rencontrée par A. thaliana
dans la région Midi-Pyrénées, 168 populations naturelles ont été caractérisées aussi bien
d’un point de vue abiotique avec le climat et le sol, que biotique avec les communautés

végétales et (de maniére innovante) les communautés microbiennes. Alors que le climat
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varie a une échelle géographique large, aucun pattern géographique évident n’a pu étre mis
en évidence pour les variables édaphiques et les variables biotiques, suggérant que les
milieux ou poussent A. thaliana sont tres contrastés et non-prédictibles, méme sur une
courte distance géographique (i.e. quelques dizaines de meétres). L'observation d’une
mosaique écologique complexe a une fine échelle spatiale a été confirmée par la description
écologique de la population locale TOU-A ou les propriétés chimiques du sol peuvent étre
trés variables sur une échelle de seulement quelques métres. Comme nous avons pu
I’'observer, que ce soit a une échelle régionale ou au sein des habitats (chapitre 1) ou bien a
I'intérieur d’une population locale (chapitre 3), les stratégies phénotypiques sous sélection

vont fortement dépendre de la combinaison d’'un ensemble de variables écologiques.

Par conséquent, pour comprendre |'architecture génétique de |'adaptation d’A.
thaliana, il apparait primordial d’identifier non plus seulement les bases génétiques
spécifiques a un trait phénotypique donné ou une variable écologique donnée, mais aussi les
bases génétiques associées aux stratégies phénotypiques ou a des combinaisons de variables

écologiques.

Pour identifier les bases génétiques de I'adaptation a des agents sélectifs, j’ai utilisé
une approche de type GEA (chapitre 2). D’'un autre coté, pour identifier les bases génétiques
associées a des traits phénotypiques, j'ai utilisé une approche de GWA mapping (chapitre 3).
Dans les deux cas, ces approches ont été couplées a des scans génomiques d’identification
des traces de sélection le long du génome, permettant ainsi de valider le statut adaptatif des

régions génomiques identifiées par GEA ou GWA mapping.

Dans un premier temps, j'ai identifié les bases génétiques de I'adaptation d’A.
thaliana au climat et aux communautés végétales a une échelle régionale. J'ai ainsi pu
montrer que les variations climatiques étaient des moteurs de la variation génomique
adaptative d’A. thaliana quelque soit I'échelle géographique considérée (Hancock et al.
2011, Lasky et al. 2012). Cependant, comme la variation de la production totale de graines

était plus fortement associée a la variation de descripteurs des communautés végétales qu’a



la variation climatique (chapitre 1), il était donc essentiel d’identifier les bases génétiques de
I'adaptation aux communautés végétales dans la région Midi-Pyrénées. Comme pour le
climat, les analyses combinées de GEA et de différenciation génétique entre populations ont
révélé une forte adaptation locale d’A. thaliana aux communautés végétales. De plus, allant
dans le sens des résultats obtenus dans le premier chapitre, les signatures d’adaptation
locale étaient plus fortes pour les régions génomiques associées aux communautés
végétales que pour les régions génomiques associées au climat (chapitre 2). Ce résultat met
en avant I'importance de considérer les communautés végétales, et de maniére générale les
facteurs biotiques dans la compréhension de I'adaptation des plantes aux changements
globaux. Par ailleurs, a ma connaissance, c’est la premiere étude basée sur une approche de
type GEA montrant qu’une espéce végétale peut étre localement adaptée a la fois
spécifiguement a certaines espéces végétales mais également de maniére générale a
I'ensemble de la communauté végétale (diversité spécifique et composition d’espéeces),
soulignant I'importance de considérer les interactions diffuses au sein des communautés si
I'on souhaite prédire le potentiel adaptatif d’une espece (Roux & Bergelson 2016).
L'importance de considérer les interactions plante-plante est soutenue (i) par les résultats
obtenus dans notre étude de résurrection ol I'évolution phénotypique d’A. thaliana était
différente en présence ou en absence de Poa annua (chapitre 3), mais également (ii) par les
travaux de Baron et al. (2015) montrant une architecture génétique de la réponse a la

compétition qui était trés dépendante de I'identité de I'espéce compétitrice.

En combinant une expérience de résurrection dans des conditions écologiquement
réalistes avec des analyses de GWA mapping, nous avons identifié une architecture
génétique originale sous-jacente a I’évolution d’une population locale vers un nouvel
optimum phénotypique. En effet, |'architecture génétique des 29 traits phénotypiques
mesureés était tres variable entre les six micro-habitats testés, avec plus de 78% des SNPs les
plus associés aux variations phénotypiques qui étaient spécifiques a un micro-habitat et
aussi faiblement sous sélection. En complément de cette architecture, nous avons trouvé
guelques rares SNPs avec un degré de pléiotropie intermédiaire (liées a 3-5 combinaisons
‘trait phénotypique — micro-habitat’) fortement sous sélection favorisant des combinaisons
phénotypiques optimales. Cette architecture génétique flexible permettrait « d’allumer »

rapidement des régions génomiques pour répondre a des conditions écologiques



spécifiqgues, tout en sélectionnant fortement des régions génomiques pléiotropes
permettant d’atteindre rapidement un nouvel optimum phénotypique. Ainsi, cette
architecture génétique combinant (i) de rares QTLs avec des degrés de pléiotropie
intermédiaires et fortement sélectionnés et (ii) de tres nombreux QTLs spécifiques d’un
micro-habitat et faiblement sélectionnés, permettrait le maintien d’une diversité génétique
dans les populations, et donc d’un potentiel adaptatif face a de futurs changements

environnementaux.

Est-ce que les signatures de sélection dépendent aussi du niveau de degré de
pléiotropie écologique ? Cela reste une question ouverte. A partir des résultats obtenus avec
les analyses de type GEA, les SNPs les plus associés a une catégorie de variables écologiques
étaient rarement les mémes que les SNPs les plus associés a une autre catégorie de variables
écologiques. Par exemple, seulement 0.15% des SNPs les plus corrélés a la variation des
descripteurs des communautés végétales était aussi fortement corrélés aux variations
climatiques dans la région Midi-Pyrénées. Cependant, au sein d’'une catégorie de variables
écologiques comme les descripteurs des communautés végétales, j'ai mis en évidence un
exces significatif de genes pléiotropes (i.e. de génes associés a I'abondance de plusieurs
espéces végétales). Une fois les analyses GEA réalisées sur I'ensemble des variables
écologiques mesurées sur les 168 populations (climat, sol, descripteurs des communautés
végétales et microbiote), il serait intéressant (i) d’étudier la distribution du degré de
pléiotropie écologique en considérant soit toutes les variables écologiques soit uniquement
les variables d’une catégorie donnée, et (ii) de tester si les patrons de différenciation

génétique au niveau spatial different entre les degrés de pléiotropie écologique.

Bien que les études mises en place lors de ma thése ont permis de commencer a
comprendre l'adaptation d’A. thaliana dans la région Midi-Pyrénées et potentiellement
I’évolution de populations naturelles face aux changements globaux, il est essentiel dans le
futur d’approfondir ces études (i) en travaillant au sein des habitats, (ii) en considérant les
échelles temporelles de variation des facteurs écologiques abordés durant la thése, et (iii) en

mettant en place des études comparatives avec d’autres espéces végétales.



(i) Travailler au sein des habitats

Nous avons vu que l'identité des agents sélectifs pouvait étre trés différente selon le
type d’habitat considéré, notamment en ce qui concerne les stratégies reproductives. Dans
un premier temps, les analyses de type GEA ont été réalisées a une échelle régionale. Il
pourrait étre maintenant intéressant de les réaliser également au sein de chaque habitat. De
maniére similaire aux résultats de GWA mapping obtenus entre micro-habitats, nous
pouvons nous attendre a ce que les régions génomiques associées aux facteurs écologiques
soient tres différentes selon I'habitat considéré. On pourrait ainsi imaginer que dans les
prairies ou le climat apparait comme une pression de sélection relativement forte par
rapport aux autres catégories de variables écologiques, les signatures d’adaptation locale au
climat soient beaucoup plus prononcées que dans les autres habitats ou I'importance du

climat est moindre.

(ii) Considérer les échelles temporelles de variation des facteurs écologiques

Pendant de ma thése, je me suis certes intéressée a de nombreuses variables
écologiques. Mais les variables climatiques sont représentées par des moyennes climatiques
calculées sur une période de 10 ans et les variables biotiques ont été caractérisées a un
instant donné du cycle de vie d’A. thaliana et sur une seule génération. Or, la fréquence et
I'intensité des agents sélectifs peuvent étre trés variables au cours du cycle de vie d’un
individu et/ou entre les générations (Siepielski et al. 2009). Une des perspectives majeures
serait de considérer la variation temporelle des agents sélectifs dans I'étude de I’'adaptation
d’A. thaliana. Par exemple, dans le cadre du changement climatique, les variations intra-
annuelle et inter-annuelle ont été décrites comme une pression de sélection majeure
(Mearns et al. 1997). Comme nous le voyons sur la Figure 4, la température annuelle
moyenne et les précipitations annuelles moyennes sont trés variables d’une année sur
I'autre dans la région Midi-Pyrénées. Il serait donc intéressant de réaliser des analyses de
type GEA sur les coefficients de variation climatiques intra- et interannuelles. Nous pourrions
alors tester (i) si les régions génomiques associées a la variation climatique temporelle
présentent aussi des traces d’adaptation locale, et (ii) si des régions génomiques associées a
la variation climatique temporelle sont communes a des régions génomiques associées a la

variation climatique spatiale.



Figure 4: Variation climatique de 2003 a 2013 pour la température annuelle moyenne et les précipitations
annuelles moyennes. Les courbes noires représentent la variation de ces variables observée au cours des

années alors que la courbe bleue indique la moyenne de ces mémes variables entre 2003 et 2013.

Pour les facteurs biotiques, une variation saisonniére des descripteurs des
microbiotes a d’ores et déja été observée au sein des 168 populations naturelles d’A.
thaliana (Bartoli et al. en révision, Annexe 1). Par exemple, I'a-diversité de Shannon pour le
microbiote bactérien et le pathobiote bactérien peut tres vite changer entre le début du
cycle de vie d’A. thaliana (i.e. automne) et sa sortie de I'hiver sous forme de rosette, et le
degré de changement entre les deux saisons est tres variable entre les populations (Figure
5). Il serait donc intéressant d’étudier la flexibilité de I'architecture génétique sous-jacente a

la variation des descripteurs des microbiotes au cours du cycle de vie d’A. thaliana.

Figure 5: Variation entre les populations de I’évolution de I'a-diversité de Shannon entre I'automne et la fin de
I’hiver, pour le microbiote bactérien et le pathobiote bactérien potentiel mesurés dans les feuilles et dans les
racines. Chaque point et chaque ligne correspondent a une des populations naturelles d’A.thaliana localisées
dans la région Midi-Pyrénées (Bartoli et al. en révision, Annexe 1).



Dans la région Midi-Pyrénées, j'ai aussi pu observer que la diversité et la composition
des communautés végétales pouvaient étre trés variables au cours du cycle de vie d’A.

thaliana (Figure 6).
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Figure 6: Dynamique des communautés végétales associées a A. thaliana. (A) Cycle de vie d’A. thaliana de
I'automne au printemps. (B) Dynamique de certaines especes pouvant étre associées a A. thaliana au cours de
son cycle de vie. (C) Exemple de la dynamique d’une communauté végétale associée a A. thaliana au cours de
son cycle de vie (population de Montbrun-Bocage, Haute-Garonne).

Par exemple, les deux especes de Brassicacées Cardamine hirsuta et Draba verna,
germent en méme temps qu’A. thaliana a I'automne. Cependant, leur cycle de vie est
généralement plus rapide. Ainsi, alors que la présence de Cardamine hirsuta a été notée
dans 118 populations a la fin de I'hiver, nous I'avons retrouvée uniquement dans 45
populations lors de notre caractérisation des communautés végétales au printemps. Suite a
ce constat, j'ai réalisé des analyses de type GEA préliminaires pour tester si les régions

génomiques associées a la présence de C. hirsuta étaient différentes entre I'hiver et le
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printemps. Les profils d’association génome-environnement sont largement différents entre
les deux saisons (Figure 7), soulignant la nécessité de caractériser les communautés
végétales a différentes étapes du cycle de vie d’A. thaliana si I’on souhaite obtenir une vision
plus compléte de I'adaptation d’A. thaliana aux communautés végétales. En partant de ce
constat, j’ai réalisé avec Baptiste Mayjonade (IE dans notre équipe) trois nouvelles sessions
de terrain pour caractériser les communautés végétales d’une 60°™ de populations a
I'automne 2015, a I'hiver 2016 et au printemps 2016. Cette caractérisation sur différentes
saisons permettra ainsi de mieux comprendre I'architecture génétique d’A. thaliana associée
a I'adaptation locale a différentes espéces mais aussi aux communautés elles-mémes et a
leur dynamique. Un stagiaire de Master 1 Thomas Dussarrat est actuellement en charge de

I'identification des especes via I'approche metabarcoding décrite dans le chapitre 2.

Bis

Chr. | Chr. 1l Chr. 1l Chr. IV Chr. V

Figure 7: Analyse d’association génome-environnement (GEA) réalisée sur la présence-absence de Cardamine
hirsuta (A) a la fin de I’hiver 2015 et (B) a la fin du printemps 2015.

(iii) Réaliser des études comparatives

Durant ma these, tous les résultats ont été obtenus sur I'espéce modele A. thaliana. Afin
de tester la généralité de nos conclusions, il serait intéressant de réaliser les mémes études
sur d’autres espéces végétales co-habitant avec A. thaliana. La description des
communautés végétales associées aux 168 populations naturelles d’A. thaliana en est une
premiere étape. Ainsi, avec Fabrice Roux, nous avons échantillonné environ 10 plantes de C.

hirsuta dans les 118 populations naturelles d’A. thaliana ou C. hirsuta était présente. Un tel
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échantillonnage a aussi été effectué pour D. verna dans 54 populations a la fin de I'hiver
2017. Ces études comparatives avec C. hirsuta et D. verna permettront de répondre a
plusieurs questions : Observe-t-on une architecture génétique de I'adaptation aussi flexible ?
Les genes associés aux variables écologiques sont-ils les mémes entre les trois espéces ? En
d’autres termes, I'évolution génétique adaptative est-elle prédictible ? La réponse a ces
guestions permettrait de débuter I'estimation du potentiel adaptatif des communautés

végétales face aux changements globaux.
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ABSTRACT

A major challenge in plant pathology is to study the relationships between whole microbial
communities inhabiting plants (microbiota) and potentially pathogenic microbes (pathobiota).
Here, we investigated the in situ bacterial microbiota-potential pathobiota relationships in the
native habitats of 163 Arabidopsis thaliana populations. Seasonal community succession
revealed a strong dynamics of both microbiota and potential pathobiota in most populations.
While up to 81% of microbiota variation was explained by differences among populations at a
very small geographical scale, plant organs were the main source of pathobiota variation. In
agreement with the diversity-invasion theoretical relationship, a poorly diverse pathobiota was
associated with highly diverse microbiota. In addition, a large fraction of pathobiota
composition was explained by season-specific combinations of few microbiota OTUs,
suggesting a dynamics in the potential biomarkers controlling pathogens spread. Finally,
strain isolation and in planta tests confirmed the pathogenicity of one the most abundant

species composing the potential pathobiota.
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INTRODUCTION

In the last decade, a conspicuous effort has been made to characterize and understand
the role of microorganisms associated with their hosts. Animals and plants are currently
considered as holobionts associated with the commensal microorganisms that inhabit and
evolve with them (Bordenstein & Theis 2015; Vandenkoornhuyse et al. 2015; Youle et al.
2013). Whether the commensal microbes protect against obligatory or opportunistic
pathogens remains an open question. For example, human commensal gut microbiota can
protect against the potential overgrowth of indigenous opportunistic pathobionts (defined as
pathogenic species that inhabit at low bacterial population size) (Vayssier-Taussat et al. 2014)
or pathogenic invaders (Kamada et al. 2013) by niche competition and/or induction of the host
immune system (Belkaid & Hand 2014). It is also a common opinion in the medical field that
some of the microorganisms colonizing the gut can easily switch in their pathogenic form
when environmental conditions drastically change. In light of this, the fate of potential
resident pathobionts strongly depends on the multipartite interactions among commensal and
pathogenic microorganisms, the host and the environment (Baumler & Sperandio 2016,

Vorholt 2012).

Theoretical models developed on human pathogens supported the notion that a highly
diversified microbiota has a detrimental effect on pathogen spread into the host, a process
called the diversity-invasion relationship (Mallon et al. 2015). Several non-exclusive
mechanisms can be advanced to explain such a relationship. An increase in species diversity
leads to a decrease of available niches in the host, thereby limiting infection by depleting
resources available for pathogens. In addition, some bacterial taxa can be important for the
maintenance of the whole microbial diversity. For example, the Lotka-Voltera model supports
that some gut bacterial species can be considered as predators. Without these predators,

dominant species can rapidly grow and outcompete most of the bacterial entities of the gut
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microbiota. This decreasing in bacterial richness can in turn promote the pathogen's
occurrence within the resident microbial communities (Marino et al. 2014; Mosca et al. 2016).
However, few studies have been specifically designed to test this hypothesis (Mallon et al.

2015).

The recent advances in next generation sequencing coincided with a burst in the
medical field of studies aiming to understand how the whole host microbiota can protect
against infections. By contrast, plant pathology is still a step away from the advances made in
the medical field. As for humans, plant-associated microbes have been shown to play an
important role for plant health (and thereby for plant growth and survival). Bacterial entities
associated with the rhizosphere and phyllosphere of different plant species can increase
directly (e.g. production of microbial compounds) or indirectly (elicitation of plant defense)
host resistance to phytopathogenic microorganisms (Haney et al. 2015; Berg et al. 2014;
Ritpitakphong et al. 2016; Mendes et al. 2013; Bodenhausen et al. 2014; Santhanam et al.
2015). For example, artificial inoculations demonstrated that Sphingomonas spp. strains
isolated from plants can protect the model annual plant Arabidopsis thaliana from infections
caused by the causal agent of bacterial spot Pseudomonas syringae (Innerebner et al. 2011).
These studies support the importance of certain microbes in protecting plants against
pathogen infections; however, they mainly focused on interactions between a single
commensal species and a single pathogenic species. Therefore, the current challenge in plant
pathology is to study the possible relationships between commensal microbes and pathogenic
microbes at the community level, i.e. between microbiota (defined here as the whole
microbial community inhabiting the plant) and pathobiota (defined here as the complex of

microorganisms with the potential to cause disease on the plant host).

In the area of ecological genomics, this challenge calls for a microbiota

characterization across the range of native habitats encountered by a given plant species
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(Roux & Bergelson 2016). In fact, as recently highlighted by Wagner et al. (2016), the
ecology of the habitats where both plants and microorganisms co-exist and evolve is a crucial
variable to take into account for investigating the intimate relationships between a host and its
microbes participating in the holobiont system. In addition, in native habitats, plants are
naturally exposed to pathogens whose attacks are influenced by local abiotic/biotic conditions
(Bartoli et al. 2016). In this context, A. thaliana seems to be a relevant model plant to
investigate the microbiota-pathobiota relationships in native habitats. Firstly, A. thaliana is
found in diverse habitats (Mitchell-Olds & Schmitt 2006; Brachi et al. 2013) and substantial
efforts have been recently made to characterize the rhizosphere and phyllosphere bacterial
populations (Bulgarelli et al. 2012, Lundberg et al. 2012, Vorholt 2012). Secondly, first
attempts by using culture-isolation methods and 16S rRNA gene sequencing showed that 30
OTUs mainly constitute the A. thaliana leaves bacterial communities (Jakob et al. 2002).
Among these OTUs, P. syringae, Pseudomonas viridiflava and Xanthomonas campestris were

the most abundant potential pathogens colonizing A. thaliana leaves (Kniskern et al. 2007).

In the present study, we aimed to investigate the in Situ relationships between bacterial
communities and the potential bacterial pathobiota in 163 natural A. thaliana populations
collected in southwest of France. More precisely we attempted (i) to test whether a poorly
diversified pathobiota is associated with a highly diversified microbiota, (ii) to identify
microbial compositions that can be prone to pathogen invasion and subsequent persistence,
and (iii) to assess the pathogenicity of a highly abundant bacterial species of the potential
pathobiota. Because the plant bacterial community can rapidly change over time (Copeland et
al. 2015) and can largely differ between plant compartments (Bodenhausen et al. 2013;
Coleman-Derr et al. 2016; Wagner et al. 2016), we described microbiota and potential

pathobiota in both leaf and root compartments across two seasons within a single life cycle.
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RESULTS

Seasonal effect on population sampling

In this study, we focused on 163 natural A. thaliana populations identified in May
2014 in the Midi-Pyrénées region (Figure 1, Supplementary Table 1). As described in Brachi
et al. (2013), we defined a population as a single group of plants growing in relatively
homogeneous ecological conditions. These populations were chosen to maximize the diversity
of habitats such as climate, soil type, vegetation type and degree of anthropogenic
perturbation. The average distance among populations was 99.9 km (median = 92.6 km, SD =

55.4 km).

In agreement with previous observations in natural populations of A. thaliana located
in northeast of Spain (Montesinos et al. 2009), the 163 populations studied here strongly
differed in their main germination flush in autumn 2014, thereby leading to the observation of
different life plant stages among populations. We therefore defined three seasonal groups
(Figure 1). The first group, hereafter named ‘autumn group’, corresponded to 84 populations
where most plants had reached the 5-leaf rosette stage during the 23-day sampling period in
autumn (mid — November 2014 — early December 2015). The second group, hereafter named
‘spring with autumn group’, corresponded to 80 populations already sampled in autumn and
additionally sampled during a 29-day period in early-spring (mid-February 2015 — mid-March
2015). Four populations sampled during autumn were not collected in early-spring to avoid
modifications of their demographic dynamics. The third group, hereafter named ‘spring
without autumn group’, corresponded to 79 populations only sampled during the 29-day
period in early-spring. These populations were not sampled in autumn because the life stage
of most plants was between 2-cotyledon and 4-leaf. The ‘autumn’ and ‘spring with autumn’

groups allowed to test whether the evolution of diversity and composition of bacterial
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communities across seasons was dependent on the population considered. On the other hand,
the ‘spring with autumn’ and ‘spring without autumn’ groups allowed to test whether the
diversity and composition of bacterial communities in spring 2015 were affected by

germination timing in autumn 2014.

Validation of the gyrB marker used for characterization of bacterial communities

For characterization of the A. thaliana bacterial fraction, a segment of the gyrB
housekeeping gene (encoding for the B subunit of the bacterial gyrase) has been used. This
molecular marker has a deeper taxonomic resolution (species-level) than other molecular
markers designed on the hypervariable regions of the 16S rRNA gene (Barret et al. 2015).
Furthermore this single-copy gene limits the overestimation of taxa carrying multiple copies
of rrn operons. The gyrB prevalence was investigated in 32,062 bacterial genomic sequences
available in the IMG database v4 (Markowitz et al. 2014) at the time of analysis (10™
December 2015). Coding sequences that exclusively belong to the protein family TIGR01059
and KO2470 were defined as GyrB orthologs and retrieved for further analysis (30,627 hits
found in 30,175 genomic sequences). The corresponding nucleotide sequences were aligned
against a reference gyrB alignment (Barret et al. 2015) with the align.seqs () function in
mothur (Schloss et al. 2009). Sequences that did not align (102) were discarded and only
unique sequences were conserved in the reference alignment (10,427 haplotypes). According
to the gANI (Varghese et al. 2015), the gyrB marker was highly precise (0.964) and sensitive
(0.955) at a genetic distance of 0.02 (98% identity cutoff). In order to assess the potential
amplification bias of gyrB, we amplified a mock community containing 52 bacterial strains
(Supplementary Data Set 1) with both gyrB and 16S rRNA V4 region primers (Caporaso et al.

2011). Results showed that 16S rRNA gene and gyrB sequences were clustered with an



150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

identity threshold of 97% and 98%, respectively. Based on this clustering, we obtained n = 19
OTUs with the 16 TRNA gene and n = 45 OTUs with gyrB. The 52 members of the mock
community were all detected with the 16S rRNA gene marker, while three strains were not
detected with the gyrB segment (Supplementary Data Set 1). Overall, our results suggested a

better taxonomic resolution of the gyrB but associated with a small cost on bacterial detection.

Diversity of the A. thaliana microbiota and potential pathobiota

To avoid a confounding effect of developmental stage with seasons, all plants were
collected at the rosette stage. After applying technical reproducibility thresholds, we obtained
18,610,383 total high-quality reads across a total number of 1655 samples, with on average
~10,136 reads per sample. After data trimming (see ‘Materials and methods’ section), we
identified 6,627 non-singleton bacterial OTUs. A large amount of these OTUs were specific
to roots or leaves, as only ~8.1% OTUs (n = 540 OTUs) were shared between both plant
compartments. However, the relative abundance of OTUs shared between leaf and root
samples was 20.2 and 16.0 higher than the relative abundance of leaf and root specific OTUs.
This suggests that generalists OTUs are dominant members of the Arabidopsis thaliana
microbiota.

As commonly observed in other plant species (Bulgarelli et al. 2013; Lundberg et al.
2012; Horton et al. 2014; Coleman-Derr et al. 2016; Wagner et al. 2016), bacterial
communities were largely dominated by Proteobacteria (> 80%). At the order level,
Burkolderiales (29.3%) and Sphingomonodales (27.9%) were dominant (Figure 2A). In
comparison with autumn, samples in spring were enriched for Burlkolderiales (¥*> = 7.93, P <

0.01) and depleted for Sphingomonodales (3> = 18.18, P < 0.001) but only in the root
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compartment (Figure 2A). No germination timing effect during autumn was observed on the
relative abundance of OTUs at the order level for plants collected in spring (Figure 2A).

In order to characterize the potential pathobiota embedded within the microbiota, we
established a list of 199 phytopathogenic bacterial species (Supplementary Data Set 2). From
this list, 12 bacterial species were identified across all samples. Among them, the three most
abundant species representing more than 88% of the whole potential pathobiota were
Janthinobacterium agaricidamnosum (55.5%), X. campestris (17.3%) and P. viridiflava
(15.3%) (Figure 2B). For each seasonal group, we observed an enrichment for J.
agaricidamnosum (‘autumn’, ¥ = 7.39, P < 0.01; ‘spring with autumn’, ¥> = 43.56, P < 0.001;
‘spring without autumn’, ¥*> = 19.99, P < 0.001) and a depletion for X. campestris (‘autumn’,
y? = 11.44, P < 0.001; ‘spring with autumn’, > = 11.84, P < 0.001; ‘spring without autumn’,
> =6.95, P<0.01) and P. viridiflava (‘autumn’, > = 0.26, P =0.6075; ‘spring with autumn’,
> =19.22, P <0.001; ‘spring without autumn’, y*> = 8.95, P < 0.01) in the roots in comparison
with the leaves (Figure 2B). In the leaf compartment, an enrichment for P. viridiflava between
autumn and spring (x> = 9.10, P < 0.01) was associated with a depletion of X. campestris (y> =
7.57, P < 0.01). In the root compartment, an enrichment for J. agaricidamnosum between
autumn and spring (x® = 15.19, P < 0.001) was associated with a depletion of X. campestris
(x* = 8.08, P < 0.01). Similarly to the microbiota, no germination timing effect during autumn
was observed on the relative abundance of the potential pathogenic species for plants
collected in spring (Figure 2).

It is noteworthy that the relationship between relative abundance and prevalence
across populations was weak for some potential pathogenic bacterial species (Figure 2C). For
example, although the total relative abundance of Pantoea agglomerans, P. syringae and
Sphingomonas melonis across all samples ranged from 2.1% to 4.6% (Figure 2B), these three

species were present on average in more than 57% of the populations (Figure 2C). Visual
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inspection of original data suggests that this pattern is mainly explained by the presence of
few highly infected plants in many populations.

After controlling for biological (such as plant age) and technical noises (such as
sampling date and total number of observations per sample), we investigated whether richness
(i.e. total number of OTUs per sample) and Shannon a-diversity were dependent on the
combined effects of season, plant compartment and population. Because statistical results led
to similar biological conclusions between richness and Shannon a-diversity (Supplementary
Tables 2 - 9), we only present results for the Shannon a-diversity. Across the three seasonal
groups, bacterial communities of the microbiota were on average less diverse in roots than in
leaves (Figure 3A, Supplementary Tables 2 & 4). For the potential pathobiota, a similar
pattern was observed in autumn but not in spring where the potential pathogenic communities
were more diverse in roots than in leaves whatever the germination timing in autumn
considered (Figure 3B, Supplementary Tables 2 & 4). In addition, the evolution of Shannon
a-diversity between autumn and spring was highly dependent on the population considered,
both for the microbiota and the potential pathobiota (Figure 4, Supplementary 2). The
Shannon o-diversity variance explained by the factor ‘season X population” was nonetheless
higher for the microbiota (~25.2%) than for the potential pathobiota (~14.1%)
(Supplementary Table 3). The strength of this interaction was further significantly dependent
on the plant compartment for the microbiota but not for the potential pathobiota
(Supplementary Table 2). In particular, the difference among populations for the evolution of
Shannon a-diversity between autumn and spring was greater in the root compartment than in
the leaf compartment (Figure 4), with the Shannon o-diversity in roots increasing and
decreasing between the two seasons in 70.3% and 29.7% of the populations, respectively

(Figure 4).
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Within each seasonal group, the Shannon a-diversity variance of the microbiota was
first explained by differences among populations (~25%), followed by the interaction between
plant compartment % population (~11.7%) and differences between leaves and roots (~3.7%)
(Figure 5, Supplementary Tables 5-8). A similar pattern was observed for the potential
pathobiota, with the exception of the seasonal group ‘spring without autumn’ for which
variation of Shannon a-diversity among populations was similar between the leaf and root
compartment (i.e. no Shannon a-diversity variance was explained by the factor ‘plant
compartment x population’) (Figure 5, Supplementary Tables 5-8). At the ‘plant compartment
x seasonal group’ level, the difference among populations for Shannon o-diversity was on
average higher for the microbiota than for the potential pathobiota (~36.8% vs ~25.7% of
variance explained by the factor ‘population’) (Figure 5, Supplementary Table 9). In addition,
Shannon a-diversity was found to vary at a very small geographical scale (i.e. less than 1km;
Figure 5).

Finally, whatever the ‘seasonal group x plant compartment’ considered, we observed a
highly significant concave relationship between the Shannon o-diversity of the potential
pathobiota and the Shannon a-diversity of the microbiota (Figure 6, Supplementary Tables
10-11). In other words, poorly diversified potential pathobiota were associated either with
highly or with poorly diversified microbiota, whereas highly diversified potential pathobiota

were found in presence of microbiota with an intermediate level of diversity.

Composition and structure of A. thaliana microbiota and potential pathobiota

To identify the main sources explaining between-sample diversity, we run separately a
principal coordinates analysis (PCoA) on both microbiota and potential pathobiota B-diversity
matrices. For the microbiota, the first two PCoA axes explained 19.9% of the B-diversity

(Figure 7). The microbiota was structured according to a pattern of two perpendicular
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branches and similar patterns were observed for normalized procedures (see Material and
Methods section). The variation along the first branch was related to the variation among
samples for the abundance of the most abundant OTU (~16.1% and ~25.3% in the leaf and
root compartments, respectively) corresponding to the ‘Sphingomonas sp.” OTU (Figure 7).
The variation among samples for the abundance of the four next more abundant OTUs
(Burkolderia fungorum, a species belonging to the family Oxalobacteraceae, Variovorax sp.
and Pseudomonas moraviensis) was related to the variation along the second branch (Figure
7). In agreement with the perpendicularity observed between the two branches, we observed a
pattern of repulsion between Sphingomonas sp. and Burkolderia fungorum, i.e. these two
OTUs were almost never found together in the same sample (Figure 8A). Within each
seasonal group, the variance along the PCoA axes was largely explained by differences
among populations (up to ~81%) (Figure 9, Supplementary Tables 5-8). In most populations
sampled during spring, Sphingomonas sp. was either present or absent in all individuals
sampled in a given population. More precisely, in the root compartment, Sphingomonas sp.
was present (30.8% of the populations) and absent (59.1% of the populations) in all
individuals sampled. The remaining populations (10.1%) were constituted by a mix of
sampled individuals in which Sphingomonas sp. was present or absent. A similar pattern was
observed for the leaf compartment with Sphingomonas sp. being present (28.2% of the
populations) and absent (55.5% of the populations) in all individuals sampled. In addition, the
evolution of the B-diversity between autumn and spring was highly dependent to the
population considered (Figures 9 and 10, Supplementary Table 2). When considering the
populations sampled both in autumn and spring, the variance explained by the factor ‘season
x population’ was 51.5% and 44.0% for the first and second PCoA axes, respectively
(Supplementary Table 3). Accordingly, the abundance of Sphingomonas sp. dramatically

changed between autumn and spring in many populations. In more than half of the
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populations sampled in autumn (55% for the leaf compartment and 61.7% for the root
compartment), Sphingomonas sp. was present in all individuals sampled in autumn but absent
in all individuals sampled in spring. In agreement with Shannon o-diversity, no effect of
germination timing during autumn was observed on the B-diversity of plants collected in
spring (Figure 9, Supplementary Table 4).

For the potential pathobiota, the first two PCoA axes explained 14.9% of the [-
diversity (Figure 7). The potential pathobiota was structured according to a pattern of three
branches (Figure 7). The variation along two of these branches was related strongly but
independently to the variation among samples for the abundances of P. viridiflava and X.
campestris (Figure 7). The third branch was weakly related to the variation among samples
for the abundance of J. agaricidamnosum (Figure 7). Similarly to the relationship between
Sphingomonas sp. and Burkolderia fungorum observed in the microbiota, P. viridiflava and X.
campestris were almost never found together in the same sample (Figure 8B). Within each
seasonal group, the variance along the PCoA axes was first explained by differences between
the leaf and root compartments (up to ~31.1%), followed by the differences among
populations (~11.4%) (Figures 7, 9 and 10, Supplementary Tables 5-8). Similarly, when
considering the populations sampled both in autumn and spring, the B-diversity variance was
first explained by differences between the leaf and root compartments (i.e. 19.2% and 11.0%
for the first and second PCoA axes, respectively) (Supplementary Tables 2 and 3). The
evolution of B-diversity of the potential pathobiota between autumn and spring was also
dependent on the population considered but to a lesser extent than what was observed for the
microbiota B-diversity (i.e. 12.6% and 1.3% for the first and second PCoA axes, respectively)
(Figures9 and 10, Supplementary Tables 2 and 3). In contrast to Shannon a-diversity, the

level of differences between the leaf and root compartments for the B-diversity was strongly
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affected by the germinating timing of the populations in autumn (Figure 9, Supplementary

Table 4).

At the ‘plant compartment x seasonal group’ level, the difference among populations
for the B-diversity was on average higher for the microbiota than for the potential pathobiota
(~74.3% vs ~15.0% of the first PCoA axis variance explained by the factor ‘population’)
(Figure 9, Supplementary Table 9, Supplementary Figure 1). Similarly to Shannon o-
diversity, B-diversity was found to vary at a very small geographical scale (i.e. less than 1km;

Figure 9).

In order to study the relationship between the composition of microbiota and potential
pathobiota, we run a sparse Partial Least Square Regression (sPLSR) (Carrascal et al. 2009;
Cao et al. 2011) by considering only OTUs that were present in at least in 1% of the samples
considered. This method was adopted to maximize the covariance between linear
combinations of OTUs from the microbiota and linear combinations of OTUs from the
potential pathobiota. Across all samples, a large percentage of variation of the potential
pathobiota (39.9%) was explained by a combination of OTUs explaining up to 27.2% of the
variation of the microbiota (Figure 11). The percentage of variation of the potential pathobiota
explained by variation of the microbiota was higher in spring (~68.3%) than in autumn
(~36.8%) and, to a lesser extent, in the root compartment (~66.6%) than in the leaf
compartment (~48.9%). Variation of the potential pathobiota was explained by different
combinations of the microbiota OTUs (between 4 and 7 OTUs) among the six ‘season group
x plant compartment’ combinations (Figure 11). The third most abundant microbiota OTU (a
species belonging to the family Oxalobacteraceac) was the only microbiota OTU found
among the different microbiota OTU combinations explaining the potential pathobiota.
Among the 34 candidate OTUs of the microbiota, a large fraction (~47.1%) corresponds to

unclassified OTUs at the order level.
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Isolation and in planta tests of strains belonging to the P. syringae complex to confirm

pathogenicity of the potential microbiota

To test whether bacterial species found in the potential pathobiota had pathogenicity
abilities, we first attempted to isolate strains belonging to the P. syringae complex (where we
included both P. syringae sensu stricto and P. viridiflava) from both leaf and root samples. By
using culture plating and a P. syringae PCR marker method (Guilbaudet al. 2015), we
succeed in isolating a total number of 97 strains, all from the leaf compartment (Figure 12,
Supplementary Data Set 3). In agreement with the results obtained by community profiling
approach (Figure 2B), most of the strains (n = 74) clustered with P. viridiflava, and in
particular with the phylogroup 7. All the remaining strains belong to P. syringae sensu stricto.
Among these strains, 10, 6 and 2 strains were placed into the phylogroups 2, 13 and 9
respectively (Figure 12, Supplementary Data Set 3). A single strain was found for the
phylogroups 1 and 11. Three strains (0108-Psy-GAIL-BL, 0117-Psy-NAZA-AL and 0097-
Psy-BAGNB-BL) were not affiliated to any P. syringae phylogroup and they might be
considered as new phylogroups (Figure 12, Supplementary Data Set 3). We found more P.
syringae strains in spring (n=74) than in autumn (n=23) (Figure 12, Supplementary Data Set
3). These results are in accordance to those obtained by metagenomics showing a burst of

strains belonging to the P. syringae complex during spring in the leaf compartment (Figure 2).

Hypersensitive Response (HR) on tobacco showed that 84 strains displayed positive
reactions. Among the HR negative strains, eight belonged to the P. viridiflava phylogroup 7,
four strains were clustered in the phylogroup 13 and one strain was not affiliated
(Supplementary Data Set 3). Four strains (0114-Psy-NAUV-BL and 0124-Psy-SAUB-AL
from the P. viridiflava phylogroup 7; 0132-Psy-BAZI-AL from phylogroup 2 and 0143-Psy-
THOM-AL from phylogroup 13) were tested for in planta bacterial growth in the four

corresponding local natural populations of A. thaliana, each represented by two randomly
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selected accessions. A highly significant bacterial growth was observed for each strain
(Supplementary Table 12), with bacterial concentrations reaching10® CFU ¢m™ 7 days post
inoculation (Figure 13A). In addition, eight strains were tested for pathogenicity on each of
the eight corresponding local natural populations of A. thaliana. Disease symptoms were
observed for strains belonging to either P. viridiflava (Supplementary Figure 2) or P. syringae
sensu stricto  (Supplementary Figure 3). For example, the 0111-Psy-RAYR-BLstrain
(phylogroup 1) was highly aggressive on all the accessions tested (Figure 13B). Interestingly,
the appearance of symptoms over time was highly dependent on the interactions between the
eight strains and the eight corresponding local accessions (Supplementary Table 13),
suggesting G x G interactions. Notably, while almost no genetic variation in disease
symptoms was observed among A. thaliana accessions for each P. syringae sensu stricto
strain, disease symptoms largely differed among A. thaliana accessions for each P. viridiflava

strain (Supplementary Figures 2 and 3).

Taken together, our results demonstrated that most of the strains belonging to the P.
syringae complex are able to induce disease on the host of origin as well on a non-host
species (i.e. tobacco), thereby supporting the pathogenicity behavior of strains identified in

the potential pathobiota.
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DISCUSSION

Putting the characterization of bacterial communities in an ecological genomics

framework

Characterizing the microbiota and potential pathobiota across a large range of native
habitats brought complementary information to laboratory-based studies on the role of
bacterial species on A. thaliana health. By adopting an ecological genomics approach
(Wagner et al. 2016), we found that the diversity and composition of bacterial communities of
A. thaliana were affected in situ by the combined effects of season, plant compartment and
population. First, the bacterial communities were highly dynamic between the two seasons
investigated in this study. This seasonal succession community is in agreement with a
previous study performed on three crop species (common bean, soybean and canola) over a
growing season in a field experiment in Northern America (Copeland et al. 2015). Therefore,
as advocated by Maignien et al. (2014), we need to develop microbiota studies over the whole
plant life cycle (from seed to seed) to obtain an unbiased overview of the A. thaliana
interacting microbial diversity. In this study, shifts in microbial communities can originate
from changes in weather conditions during winter. These changes can have modified the plant
physiology resulting in a shift of the relative abundance of the host ecological niches, which
in turn affected the competitive relationships among the microbial members with potential
direct effects on pathogen invasion. For example, during spring, plants were enriched for
Burlkolderiales, an order composing the root core microbiota of A. thaliana and the three
related species Arabidopsis lyrata, Arabidopsis halleri and Cardamina hirsuta (Schlaeppi et
al. 2014). In controlled conditions, Burkholderia strains isolated from soil can reduce disease
severity on both tomato and soybean plants infected by fungi and oomycete species (Benitez
& Gardener 2009). The increasing of Burlkolderiales observed in our study suggests a

possible role of this order in protecting A. thaliana populations from pathogen attacks

17



389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

occurring mostly in spring. Besides modifications of plant resources, another explanation
relies on climate optima of some bacterial species for an optimal growth in the phyllosphere.
In agreement with this hypothesis, we found that the relative abundance of the
phytopathogenic bacterium P. viridiflava increased between autumn and spring when
environmental conditions are known to be more suitable for the spread and epidemics
occurrence of this pathogen (Bartoli et al. 2014). However, our results point out the general

missing information on the ecology of most microbes inhabiting A. thaliana.

Second, the diversity and composition of bacterial communities largely differed
among the populations, in particular for the microbiota. More interestingly, these differences
occurred at a very small geographic scale. Four non-exclusive hypotheses can be advanced to
explain this fine-grained spatial variation. Firstly, large differences among populations can
result from regional factors such as limitation in dispersal rates of microbes among
populations (Lindstrom & Langenheder 2012). Secondly, the diversity and composition of
bacterial communities in A. thaliana in the south-west of France is related to local habitat
conditions, such as soil conditions (Bulgarelli et al. 2013; Lundberg et al. 2012) and
composition of plant communities (Aleklett et al. 2015; Geremia et al. 2016). Thirdly, as
previously demonstrated in the perennial wild mustard Boecherastricta (Wagner et al. 2016),
plant age can shape the leaf and root microbiota. Local variation in the diversity and
composition of bacterial communities can result from different ages of A. thaliana among
populations due to fine-grained spatial variation in germination timing. At the regional scale,
temperature and precipitation regimes have been suggested as selective agents acting on
phenological seed-related traits in A. thaliana, (Montesinos et al. 2009). The very fine spatial
scale in germination timing observed in this study suggests that ecological factors acting at a
local scale (such as soil conditions and the stage of vegetative development of associated

plant communities) can also act as selective agents. Fourth, although the importance of
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genetics in shaping natural variation in bacterial communities is still debated in A. thaliana
(Horton et al. 2014; Roux & Bergelson 2016), among-population differentiation at genes
involved in the molecular dialog with microbes may drive variation at a small spatial scale
(Lebeis et al. 2015; Roux & Bergelson 2016). Teasing apart the relative roles of these putative
factors will require a thorough complementary ecological, demographic and genomic

characterization of the populations (Hacquard et al. 2016).

Third, the plant compartment drastically influenced the composition of the potential
pathobiota as well as the relative abundance of the most abundant pathogenic species. Our
results are in accordance with previous studies reporting that pathogenic species such as P.
syringae sensu latu and X. campestris evolved specific strategies (e.g. entry by stomata and
hydatodes) to infect the leaf compartment in a wide range of crops (Mansfield et al. 2012). On
the other hand, we observed that the mostly abundant OTUs of the microbiota were shared
between leaves and roots. Similarly, a recent culture-dependent study employing whole-
genome sequencing and functional analysis of bacteria associated with both leaves and roots
of A. thaliana pointed out a clear taxonomy and functional overlap of the bacterial
populations inhabiting this plant species (Bai et al. 2016). Altogether, these results are in
contrast with previous studies on human microbiota demonstrating a remarkable partitioning
of commensals within the human body where each host tissue constitutes a unique
microenvironment for the microbial communities (Belkaid & Hand 2014).This discrepancy
might originate from the lack of a specialized immune system in plants. In fact, the
specialization of human microbiota is mainly related to the specialization of the cells
constituting the host immune system. In this concern, unique microbial communities have co-
evolved under the control of host specific immunity (Belkaid & Hand 2014). In addition, as
previously demonstrated for several plant commensals (Marchetti et al. 2010; Kawaguchi &

Minamisawa 2010), the lack of a type three secretion system (the most important infection
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machinery in both plant and animal pathogens) could allow to some microbial species to

penetrate into the plant roots and rapidly spread over the rest of the plant tissues.

Relationships between microbiota and potential pathobiota

In agreement with theoretical expectations on the diversity-invasion relationships
(Mallon et al. 2015), a poorly diversified potential pathobiota was associated with a highly
diversified microbiota, suggesting that more diverse bacterial communities better resist
invasion by potential pathogenic species than less diverse bacterial communities. This pattern
is likely explained by a better exploitation of plant resources by bacterial species from the
microbiota, thereby drastically limiting the number of ecological niches available for potential
pathogenic bacteria (Eisenhauer et al. 2013). However, we cannot rule out the effects on
pathogens of antagonistic (e.g. production of anti-microbial compounds) and predator (e.g.
grazing) species whose occurrence increases with the microbiota diversity (Mallon et al.
2015). More surprisingly, we observed that a poorly diversified potential pathobiota was also
associated with a poorly diversified microbiota. Several non-exclusive hypotheses can support
this pattern. First, it has been observed that neutral drift increases in communities under
ecological disturbance. By following this scenario, the establishment of a single pathogenic
species is random and it mainly depends on pathogen absolute abundance (Kinnunen et al.
2016). Second, a pathogenic species can deploy its arsenal of virulence proteins for the
exclusive invasion of a given plant compartment, depending on the defense genetic basis of
the host. Third, both microbiota and potential pathobiota can be poorly diversified because
other microbial communities (such as fungal and oomycete communities) exploit most of the
resources available in the plant, leading to niche competition between microbial communities

(Agler et al. 2016).
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Although pathogen-focused network analysis was proposed for investigating the
relationships between microbiota and pathogenicity, this method seems to be only suitable for
studying monospecific interactions between a single pathogenic species and the other
members of the microbial community (Poudel et al. 2016). Here, by applying sPLSR, we
identified combinations of OTUs from the microbiota associated with combinations of
pathogenic species. In accordance with community succession observed between autumn and
spring, those microbial combinations were dependent on the season, suggesting a dynamics in
the potential biomarkers controlling pathogen spread. In addition, we found repulsion patterns
both within the microbiota and within the potential pathobiota. Two hypotheses can be
suggested to explain this pattern. Firstly, the different microbial species cannot coexist due to
non-overlapping abiotic (climate, soil...) niches. Secondly, both microbial counterparts
compete for the same resources. In the context of pathobiota, co-occurrence in infectious
diseases is well studied. However, interspecific competition among pathogenic species is still
poorly understood. Experimental evolution on the ¢6 bacteriophage demonstrated that
intraspecific competition for resources can lead to pathogen jump on a new host (Bono et al.
2013). In this view, we can speculate that competition for resources that occur between
functional equivalent species (Burke et al. 2011) such as X. campestris and P. viridiflava, can
drive one of these two pathogens to jump to another host during spring when other host plant

species around A. thaliana populations are more abundant.

Testing the hypotheses underlying the relationships we observed between and within
microbiota and potential pathobiota will require the isolation of a large number of strains
representative of the microbial communities found in the 163 A. thaliana populations.
Although time consuming, a first step in strain isolation allowed confirming the pathogenicity
of one of the three most abundant microbial species composing the potential pathobiota.

Recent studies on A. thaliana microbiota reported the added value of using synthetic bacterial
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communities in controlled conditions for testing relationships among bacterial OTUs (Bai et
al. 2015; Lebeis et al. 2015). By following an ecological genomics framework, the next
challenge will be to set up synthetic bacterial communities-based experiments with the

transferring of sterile plants into more realistic abiotic and biotic conditions.

22



492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

MATERIAL AND METHODS

Identification of A. thaliana populations

A field prospection in May 2014 allowed the identification of 233 natural populations
of A. thaliana in the Midi-Pyrénées region. In agreement with population dynamics observed
in A. thaliana (Pico 2012), we observed an important population turnover. During the
sampling period in autumn 2014, plants were present in only 72.5% of the populations (n =
169). Due to small population size, no plants were sampled in six of the 169 populations. The
remaining 163 populations were sampled during two different seasons, autumn

(November/December 2014) and spring (February/March 2015).

To avoid a confounding effect between the sampling date and geographical origin,
populations were randomly collected during the sampling periods in autumn 2014 and early-

spring 2015.

Generation of the gyrB amplicons and sequences

To characterize the bacterial community of the A. thaliana microbiota, ~4 individuals
per population and per season were in Situ sampled at the rosette stage resulting in a total
number of 1,912 leaf and root samples. Plants were excavated using flame-sterilized spoons
and then manipulated with flame-sterilized forceps on a sterilized porcelain plate. Gloves and
the porcelain plate were sterilized by using Surface'SafeAnios®. Roots were rinsed into
individual tubes of sterilized distilled water to remove all visible rhizosphere. Rosettes were
also rinsed into individual tubes of sterilized distilled water to remove eventual traces of dust.
Both leaves and roots were then placed into clean autoclaved tubes and immediately stored in

dry ice to avoid alterations in the composition of the microbiota during transferring to the

23



515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

laboratory. Samples were then stored at -80°C prior DNA extraction. For each plant, we
recorded the sampling date. In addition, the age of each plant was approximated by measuring

the maximum rosette diameter and by counting the number of leaves.

The epiphytic and endophytic bacterial components of either leaf or root samples were
not separated. We therefore extracted the total DNA for both epiphytic and endophytic
microbes inhabiting leaves and roots. The DNA of each samples was extracted as follows: 1)
leaves were placed in 96 well plates containing sterilized beads and homogenized for 1 min
with 30 vibrations per second in a plate shaker and incubated 30 min in 500 pl of buffer
containing 200 mM of Tris-HCI at pH 7.5, 250 mM of NaCl, 25 mM of EDTA and 0.5%
SDS, ii) roots were placed in Eppendorf tubes and incubated 10 min in a bath sonicator and
treated with the same conditions described above for the leaves, iii) for both leaves and roots
phenol/chloroform 25:24:1 pH 8.0 (Sigma Aldrich™) was used for extraction and purification
of the DNA, iv) DNA was precipitated with isopropanol and washed with 70% EtOH and
eluted in 100 pl of DNA-free water. DNA samples were stored at -20°C prior PCR
amplification.

To characterize the bacterial communities, the housekeeping gene gyrase B (gyrB) was
amplified with some modification of the protocol already described in (Barret et al. 2015).
Briefly, three tags were added at each 5' and 3' of the original primers to allow the
multiplexing of three plates. Primers including Illumina adapter sequences and without
internal tags were: Fw (5'-
CTTTCCCTACACGACGCTCTTCCGATCTMGNCCNGSNATGTAYATHGG - 3') and Rv
(5™
GGAGTTCAGACGTGTGCTCTTCCGATCTCCTCTTACNCCRTGNARDCCDCCNGA -
3"). The internal tags for multiplexing consisted in: TAG1 (Fw - GACTAC, Rv - AAGGCC),

TAG2 (Fw - CTGGTT, Rv - GTCAGG), TAG3 (Fw - ACTCGA, Rv - CCTCTT).MTP taq
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DNA Polymerase-Sigma Aldrich® was used and the PCR mix was composed by 2.5 ul of Taq
Buffer, 0.2 pl of ANTPs 10mM, 1 pl of Fw Primers (10p/mol), 1 pl of Rv Primers (10p/mol),
0.3 pl of Taq polymerase, and 1 pl of 10 fold diluted DNA for a final volume of 25 pl. PCR
amplifications were performed by using 95°C for 5 min of initial denaturation followed by 40
cycles with 95°C for 30 sec, 52°C for 1 min and 30 sec, 68°C for 1 min and a final elongation
of 68°C for 5 min. Negative controls were also added to investigate whether amplification of
bacterial DNA was detected on the water used for both leaves and roots washing, the water
used for DNA elution and the water used for PCR mix.

For each sample, PCR amplifications were repeated three times and technical
replicates were pooled in a unique PCR plate. Each technical replicate plate was pooled by
considering the three tags for multiplexing. PCR products were purified by using
Agencourt”AMPure” magnetic beads following manufacturer's instructions and purified
amplicons were quantified with Nanodrop and appropriately diluted to obtain an equimolar
concentration. Two pl of equimolar PCR purified products were used for a second PCR with
the Illumina adaptors. The second PCR amplicons were then purified and quantified as
described above to obtain a unique equimolar pool. The latter was quantified by RQ-PCR and
then sequenced on a Illumina MiSeq 2X250 v2 (Illumina Inc., San Diego, CA, USA) in the
GetPlage Platform (Toulouse, France). MS-102-3003 MiSeq Reagent Kit v3 600 cycle was

used for this purpose.

Bioinformatic analysis

After MiSeq sequencing, reads were demultiplexed by using the internal tags
sequences added in the first PCR. Results after demultiplexing were ranged in an average
value of 46,135 £ 19,820 sequences per sample. Prior further analysis, the negative controls

were checked for presence/absence of amplicons by blasting them against the gyrB database
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composed by 30,627 sequences (Barret et al. 2015). Because negative controls showed no
trace of entire gyrB sequences, they were removed before clustering. Samples showing low
sequence quality were also removed before clustering, resulting in a total of 1,903 samples.
Clustering and taxonomy assigning of the sequences in OTUs was performed with mothur
(Schloss et al. 2009) software with a swarm clustering algorithm (Mah¢ et al. 2015) by using
a clustering threshold (d) = 1. Only the OTUs that were composed by a minimum of 5
sequences across all samples were kept for further analysis, resulting in a total of 278,336
OTUs. Then, we applied three steps of trimming. First, to control for sampling limitation
within each sample, we estimated a Good’s coverage score for each sample. Based on the
distribution of the Good’s coverage score, we decided to consider only the samples with a
score more than 0.5. Second, we removed samples with less than 600 reads. Third, only OTUs
showing a minimum frequency of 1% in at least one sample were selected by using a home-
made perl program. The final data set corresponded to a matrix of 1,655 samples by 6,627

OTUs.

Analysis of the o and B-diversity and characterization of the potential pathobiota

The final matrix of 1,655 samples by 6,627 OTUs was used to estimate the Shannon
diversity and the richness (total number of OTUs per sample) by using the summary.single ()
function of the mothur software (Schloss et al. 2009). Indexes of a-diversity were also
calculated by sample rarefaction of 300/600/900 iters. Results between non-rarefied and
rarefied samples were similar and the complete non-rarefied data set was used for the

calculation of microbiota diversity.

Because of the presence of many double zeros in the matrix, the B-diversity was

studied by first converting the microbiota matrix with a Hellinger transformation (Legendre &
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Gallagher 2001) by using the vegan package (Jari Oksanen et al. 2009) in the R environment.
Following Ramette (2007), the resulting Hellinger distance matrix was reduced by running a
Principal Coordinates Analysis (PCoA) with the ape package (Paradis et al. 2004) in the R
environment. Because PCoA performed on Hellinger distance matrix based on rarefied data
and on Jaccard similarity coefficient matrix distance led to similar patterns of ordination
(Supplementary Figure 4), the PCoA coordinates from the non-rarefied Hellinger distance

matrix were retrieved and used for statistical analysis described below.

Non-metric multidimensional scaling (NMDS) was also run on the Hellinger distance
matrix. However, the values of stress were 0.431 and 0.293 for 2D and 3D NMDS ordination
space, respectively. This stress values suggest lack of fit between the ranks on the NMDS

ordination configuration and the ranks in the original distance matrix (Ramette 2007).

To characterize the potential pathobiota in both leaves and roots of the 163 A. thaliana
populations, a list of the phytopatogenic bacteria was created by using the summary of plant
pathogenic bacteria described previously (Bull et al. 2010; Bull et al. 2012; Bull et al. 2014).
The pathobiota list (Supplementary Data Set 2) was composed by 199 bacterial species and
was filtered on the microbiota matrix showing the taxonomy affiliation of the OTUs. The sub-
matrix for the potential pathobiota generated by the filtering was analyzed as described for the
microbiota matrix. The a-diversity and - diversity were calculated as described above for the

microbiota matrix.
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Statistical analysis

Natural variation of microbiota and potential pathobiota

Natural variation for the seven descriptors of microbiota (i.e. richness, a-diversity
Shannon index, PCol and PCo2) and potential pathobiota microbiota (i.e. a-diversity

Shannon index, PCo1l and PCo2) was explored using the following mixed models:

(i) To explore natural variation in populations collected both in autumn and spring, we

used the following mixed model:

Yijkmo = Hiaic + Seasoni+ compartment; + season;x compartment; + populationy +
season;* populationy + compartment; X populationy + season;x compartmentj X
populationi+ sampling_datei(season;) + diametery(season;) + leaf numberp(season;)

+ obsgt Eijkimno (1)

where ‘Y’ is one of the 7 descriptors,‘p’ is the overall phenotypic mean; ‘season’
accounts for differences between autumn and spring; ‘compartment’ accounts for differences
between leaves and roots; ‘population” measures the effect of populations; interaction terms
involving the ‘population’ term account for variation among populations in reaction norms
across the two seasons and/or the two plant compartments; ‘€’ is the residual term. Four terms
were added to control for noise that may affect significance of the other model terms. First,
‘sampling_date’ accounts for the number of days since the first population was collected
within each season. Second, because age can shape leaf and root microbiota (Wagner et al.
2016), the two traits ‘rosette diameter’ and ‘leaf number’ were used as proxies of plant age.
Third, ‘obs’ corresponds to the total number of observations and accounts for technical noise

attributable to sequencing depth.
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(i)

All the

To explore natural variation in populations collected in spring, we used the following

mixed model:

Yijkimno = Wait T W/WO_Autumni+ compartment; + w/wo_Autumn;x compartment; +
populationyw/wo_Autumn;) + compartment; X populationyw/wo_Autumn;) +
sampling_date; + diametery, + leaf_number, + obsgt &jjkimno 2)

terms are described in model (1) with the exception of ‘w/wo_Autumn’ accounting for

differences between populations collected both in autumn and spring (i.e. ‘spring with

autumn’ seasonal group) and populations collected only in spring (i.e. ‘spring without

autumn’ seasonal group).

(iii) To explore natural variation in populations within each of the three following

(iv)

which

categories of populations (i.e. ‘autumn’ populations, ‘spring with autumn’
populations and ‘spring without autumn’ populations), we used the following mixed
model:

Yijkmo = Mwit + compartment; + populationy + compartment; x populationx +
sampling_date) + diametery, + leaf_number, + obsgt €ijkimno 3)

To explore natural variation in populations within each ‘plant compartment x
categories of populations (i.e. ‘autumn’ populations, ‘spring’ populations, ‘spring
with autumn’ populations and ‘spring without autumn’ populations)’ combination,
we used the following mixed model:

Yijkmo = Mwait T populationy + sampling date) + diametery, + leaf number, + obset

Eijkmno 4)

In these four models, all factors were treated as fixed effects, except ‘population’

was treated as a random effect. For fixed effects, terms were tested over their
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appropriate denominators for calculating F-values. Significance of the random effects was
determined by likelihood ratio tests of model with and without these effects. Inference was
performed using ReML estimation, using the PROC MIXED procedure in SAS 9.3 (SAS
Institute Inc., Cary, North Carolina, USA) for all traits. A Bonferroni correction for the
number of tests was performed for each modeled effect at a nominal level of 5%.For the
purpose of drawing plots, Best Linear Unbiased Predictions (BLUPs) were obtained for each

population by running model (4).

To estimate the percentage of phenotypic variance explained by each classification
variable (i.e. ‘season’, ‘compartment’, ‘population’ and interacting terms) in models (1), (3)
and (4), noise was first taken into account by performing a first regression of the descriptors
against the terms ‘sampling date’, ‘diameter’, ‘leaf number’ and ‘obs’ using the PROC
MIXED procedure in SAS 9.3 (SAS Institute Inc., Cary, North Carolina, USA). Then, a
second regression including the appropriate classification terms was run on the residuals of
the first regression using the PROC VARCOMP procedure in SAS 9.3 (SAS Institute Inc.,

Cary, North Carolina, USA).

Microbiota — potential pathobiota relationships

In order to study the relationship between microbiota a-diversity and potential
pathobiota a-diversity, linear and non-linear regressions were fitted using the ‘lm’ and ‘nls’
functions implemented in the R environment, respectively. Model selection was based on a
difference of three points in Akaike’s information criterion (AIC) and Bayesian information

criterion (BIC).

In order to study the relationship between microbiota composition and potential

pathobiota composition, a sparse Partial Least Square Regression (sPLSR) (Carrascal et al.
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2009; L& Cao et al. 2008) was adopted to maximize the covariance between linear
combinations of OTUs from microbiota (matrix X) and linear combinations of OTUs from
potential pathobiota (matrix Y). sSPLSR was run using the mixOmics package implemented in
the R environment (L& Cao et al. 2008; L& Cao et al. 2010). For the microbiota matrix, only
OTUs present in at least 1% of the samples were considered. For the potential pathobiota
matrix, we considered the seven most abundant OTUs (Figure 2). In addition to the lasso
model, sPLSR results were validated by plotting the Root Mean Square Error of Prediction
(Maestre 2004; Lé Cao et al. 2008). For the microbiota, we calculated the final loadings for
the ten OTUs with the highest initial loadings for each component. Given the small number of
OTUs in the potential pathobiota (n = 7), the initial loading of each OTU was kept for each
component. Following Carrascal et al. (2009), only OTUs (from the microbiota or the

potential pathobiota) with a loading value above 0.2 were considered as significant.

Testing for pathogenicity of potential pathobiota

Isolation and characterization of strains belonging to the Pseudomonas syringae complex

Strains belonging to the P. syringae complex were isolated to test the pathogenicity of
the potential pathobiota identified with the metagenomics approach. As previously described,
both P. syringae sensu stricto and P. viridiflava belong to the same P. syringae phylogenetic
complex (Berge et al. 2014). For the latter reason, in this study, we considered that the P.

viridiflava strains are part of the same species complex of strains falling under the name of P.

syringae.

Two/three plants per populations were collected to isolate strains in the P. syringae
complex from both leaves and roots. Plants for bacterial isolation were transferred in

sterilized bags and placed at 4°C before processing. Roots were cut from the rosette and
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washed after transferring into the laboratory. Both leaves and roots were placed into sterilized
Eppendorf tubes containing 500ul of distilled sterilized water. Leaves were homogenized with
a scalpel and roots were placed into a bath sonicator for 10 min to allow the release of the
endophytic bacteria. Suspensions from leaves and roots were then diluted and placed on
Trypticase Soy Agar (TSA) medium implemented with 100 mg/L of ciclohexemide as
described previously (Bartoli et al. 2014). Plates were incubated at 24°C for two days and
pure bacterial colonies were tested for the cytochrome C oxidase test. All cytochrome C
oxidase negative colonies were stored at -20°C in 30% of glycerol and screened by PCR
amplification for the P. syringae marker (Psy) as described in Guilbaud et al. (2016). This
marker allows the identification of strains belonging to the P. syringae complex with a high
sensitivity. Strains positive for the Psy PCR were sequenced for the housekeeping gene citrate
synthase (Cts) as described in Morris et al. (2007). To place the A. thaliana strains in the
diversity of the P. syringae complex, phylogenetic analysis was performed. The cts sequences
were trimmed and concatenated with DAMBE version 5.1.1 (Xia 2013) and MEGA6 was
used to infer the phylogeny by following a maximum likelihood model (Tamura et al. 2013).
Sequences for the Cts genes are available in Supplementary Data Set 3. Reference P. syringae
sequences previously published (Berge et al. 2014) were also used in the phylogeny to allow
the identification of the strains isolated from A. thaliana.

Information about the strains is available in Supplementary Data Set 3. Strains are
stored and maintained in the bacterial collection of the Laboratory of Plant Microbes
Interaction (LIPM) of INRA (Toulouse, France) and available under reasonable request to the

corresponding author.
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Phenotyping and statistical analyses

In order to test for pathogenicity of natural strains belonging to the Pseudomonas
syringae complex, we first evaluated in planta bacterial growth over seven days of two P.
viridiflava strains (0114-Psy-NAUV-BLand 0124-Psy-SAUB-AL) and two P. syringae sensu
stricto strains (0132-Psy-BAZI-AL and 0143-Psy-THOM-AL) in the four corresponding local
natural populations of A. thaliana, each represented by two randomly selected accessions (At-
NAUV-B-7, At-NAUV-B-14, At-SAUB-A-3, At-SAUB-A-7, At-BAZI-A-1, At-BAZI-A-2,
At-THOM-A-3 and At-THOM-A-6). A growth chamber experiment of 768 plants was set up
at the Toulouse Plant Microbe Phenotyping Platform (TPMP) using a randomized complete
block design (RCBD) with six experimental blocks. Each block was represented by 128 plants
corresponding to the combination of four strains x eight accessions % four time points of
scoring (0, 3, 5 and 7 days post-inoculation). After a 4-day stratification treatment, plants
were grown at 22 °C under 90% humidity and artificial light to provide a 9-hr photoperiod as
described in Huard-Chauveau et al. (2013). Bacterial infection was conducted on 22-day-old
plants using a blunt-ended syringe (Terumo® SYRINGE 1mL, SS+01T1). Three leaves per
plant were infiltrated with 50pL of a 10° CFUmL" bacterial solution. Plants were scored for
bacterial growth by taking a hole-punch (7 mm) from each infected leafand grinding the leaf
discs in 100pL of Milli-Q water to release bacteria with glass bead in a 96-well plate (25
strokes per second, twice 30). Appropriate serial dilutions, plating and calculation of the
number of CFUs per cm? were performed according to (Bartoli et al. (2014). For each plant,
the number of CFUs per cm? was obtained by calculating the median between the three leaf

discs.

To explore natural variation of in plant bacterial growth, we used the following mixed

model:
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logCFUjjum = Wit T blocki+ strain; + populationy + time+ strain; X populationk + strain; X
time+ populationy x time| + strain; X populationk % time|+ accessiony(populationy) + strain; x
time; X accessionm(populationy) + strainj X time;  Xaccessionm(populationy) +

accessionm(populationy) + ijum (5)

where ‘p’ is the overall phenotypic mean; ‘block’ accounts for differences in micro-
environment among the six experimental blocks; ‘strain’ measures the effect of the four
Pseudomonas strains; ‘population’ accounts for differences among the four A. thaliana
populations; ‘accession’ measures the mean effect of accessions within each population;
‘time’ tests the evolution of bacterial growth over time; interaction terms involving the ‘time’
term account for variation among strains and populations for bacterial growth over time; ‘€’ is
the residual term. All factors were treated as fixed effects, except ‘accession’ which was

treated as a random effect.

In a second growth chamber experiment, we evaluated the occurrence of disease and
estimated the genetic variation of A. thaliana for response to natural Pseudomonas syrngae
complex strains. For this purpose, we used four strains of P. viridiflava (0114-Psy-NAUV-
BL, 0124-Psy-SAUB-AL, 0105-Psy-JACO-CLand0106-Psy-RADE-AL), four strains of P.
syringae sensu stricto (0111-Psy-RAYR-BL, 0117-Psy-NAZA-AL, 0099-Psy-SIMO-AL and
0132-Psy-BAZI-AL) and eight corresponding local natural populations of A. thaliana, each
represented by one randomly selected accession (At-NAUV-B-14, At-SAUB-A-3, At-JACO-
C-5, At-RADE-A-6, At-RAYR-B-13, At-NAZA-A-2, At-SIMO-A-15 and At-BAZI-A-2)
(Supplementary Table 1). A growth chamber experiment with 320 plants was set up at the
Toulouse Plant Microbe Phenotyping Platform (TPMP) using a randomized complete block
design (RCBD) with five experimental blocks. Each block was represented by 64 plants
corresponding to the combination of eight strains x eight accessions. Growth chamber

conditions were similar to the in planta bacterial growth experiment. Bacterial infection was

34



780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

conducted on 28-day-old plants using a blunt-ended syringe (Terumo® SYRINGE 1mL,
SS+01T1). Three leaves per plant were entirely infiltrated with a 5.107 CFUmL™" bacterial
solution. Disease symptoms were scored visually 1, 2 and 3 days after inoculation as
described in Roux et al. (2010). Each infected leaf received a score from 0 to 1, with 0
corresponding to no symptoms and 0.5 and 1 corresponding to medium and severe symptoms,
respectively. These scores categorize the percentage of leaf area infected, as determined by
the presence of visible chlorosis, water soaking, or cell death. We averaged the scores for the

three infected leaves per plant.

To explore natural variation of disease symptoms, we used the following mixed

model:

logCFUjjum = Wit + blockit+ strain; + accessiony + time+ strain; X accessionm + strainj X

time+ accessionny X time; + strain; X accessionm X time+ gijum (6)

where ‘p’ is the overall phenotypic mean; ‘block’ accounts for differences in micro-
environment among the five experimental blocks; ‘strain’ measures the effect of the eight
Pseudomonas strains; ‘accession’ accounts for differences among the eight A. thaliana
accessions; ‘time’ tests the evolution of disease symptoms over time; interaction terms
involving the ‘time’ term account for variation among strains and populations for disease
evolution; ‘g’ is the residual term. All factors were treated as fixed effects, except ‘accession’

which was treated as a random effect.

In models (5) and (6), the significance of terms of fixed and random effects was
evaluated as described in the subsection ‘Natural variation of microbiota and potential
pathobiota’. A Bonferroni correction for the number of tests was performed at a nominal level

of 5%.
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Hypersensitive Reaction (HR) on tobacco was also tested for all P. syringae sensu
stricto and P. viridiflava strains by infiltrating 20pL of 10’ CFU mL™ bacterial suspensions in
14-day-old Nicotiana tabacum plants. Inoculated tobacco plants were incubated at room
temperature for 24 hours before HR scoring (presence/absence). HR results are shown in

Supplementary Data Set 3.

Data availability

The raw FastQ reads for the metagenomic data were deposited in the Sequence Read
Archive (SRA) of NCBI https://trace.ncbi.nlm.nih.gov/Traces/sra/?study=SRP096011 under
the study number SRP096011. The trimmed matrix for both microbiota and potential
pathobiota are available in Supplementary Data Set 4 and Supplementary Data Set 5
respectively. Raw values for both a and B-diversity used for statistical analysis are available

in Supplementary Data Set 6.
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996

997 Figure 1. Location of the 163 A. thaliana populations across the region Midi-Pyrénées (southwest of France). Blue dots

998 represent the 80 populations collected in both autumn and spring, red dots represent the populations collected in spring only
999 and orange dots represent the 4 populations collected in autumn only. The map clearly shows that the range of sampling
1000 across the Midi-Pyrénées region was homogeneous during the two sampling seasons.
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Figure 2. Stacked bar plots of the relative abundances of the major bacterial phyla and bacterial species for both microbiota
and potential pathobiota of the A. thaliana populations collected in the Midi-Pyrénées region. ‘All samples’ n = 165; Leaf:
‘Autumn’ n= 314, ‘Spring w/ Autumn’ n = 245, ‘Spring wo/ Autumn’ n = 262; Root: ‘Autumn’ n= 309, ‘Spring w/ Autumn’
n =267, ‘Spring wo/ Autumn’ n = 258. A) Stacked bar plots representing the relative abundance for the ten most abundant
bacterial orders. B) Stacked bar plots representing the relative abundance of the twelve most abundant bacterial species for
the potential pathobiota. C) Prevalence (number of populations in which the potential pathogen species was detected) of the
twelve bacterial species characterizing the potential pathobiota.

44



1011

1012

1013 Figure 3.Bar plots representing the seasonal variation of the o-diversity inferred as Shannon's index for both A) microbiota
1014 and B) potential pathobiota for the 163 natural populations of A. thaliana collected in the Midi-Pyrénées region. Leaf and
1015 root samples are represented with a red and blue color scale, respectively. Each bar plot corresponds to distribution of the

1016 mean a-diversity (estimated as BLUPSs) per population. Microbiota and pathobiota: ‘Autumn — Leaf® n= 82, ‘Autumn — Root’
1017 n =78, ‘Spring w/ Autumn - Leaf® n= 77, ‘Spring w/ Autumn - Root’ n= 80, ‘Spring w/o Autumn - Leaf® n= 79, ‘Spring w/o
1018 Autumn - Root’ n=79.
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Figure 4.Variation among populations in the evolution of a-diversity between autumn and spring. Each dot corresponds to
the mean a-diversity (estimated as BLUPs) of a population. ‘leaf” n = 75 populations, ‘root’ n = 74 populations.
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Figure 5. Geographic variation of a-diversity (inferred as Shannon's index) for microbiota and potential pathobiota. For each
‘season X plant compartment’ combination, blue, green, yellow and red dots correspond to populations from the 1%, 2™, 3™
and 4" quartiles of the a-diversity (estimated as BLUPs) distribution. Values indicate the percentage of a-diversity variance
among populations. Significance after a Bonferroni correction at a nominal level of 5%: ** 0.01>P> 0.001,, *** P <0.001.
Microbiota and pathobiota: ‘Autumn — Leaf” n= 82, ‘Autumn — Root’ n =78, ‘Spring w/ Autumn - Leaf’ n= 77, ‘Spring w/
Autumn - Root’ n= 80, ‘Spring w/o Autumn - Leaf’ n= 79, ‘Spring w/o Autumn - Root’ n=79.
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1035

1036 Figure6. Correlation between a-diversity of potential pathobiota and a-diversity of microbiota for the leaf and root
1037 compartments considering all samples. a-diversity was inferred as Shannon's index. Leaf: n = 821, root: n = 834. The red
1038 lines indicate a significant quadratic relationship, according to the following non-linear model: pathobiota-a-diversity ~ k x
1039 microbiota-a-diversity— q X microbiota-a-diversity.
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Figure 7. Bacterial composition and structure of A. thaliana illustrated by Principal coordinates (PCoA) plots of Hellinger
dissimilarity matrices for microbiota (left panels) and potential pathobiota (right panels). N = 1655 samples. A) PCoA plot of
microbiota for all samples indicates that bacterial composition is mainly structured along two axes. B) Significant difference
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of the microbiota composition between leaves and roots (PCol: P <0.001, PCo2: P < 0.001). C) No significant difference of
the microbiota composition between the three categories of populations, namely ‘autumn’ populations, ‘spring w/ autumn’
populations and ‘spring w/o autumn’ populations. D), E) and F) Relationships between the microbiota composition and the
abundance of the three most abundant OTUs, i.e. Sphingomonas sp., Burkholderia fungorum and Oxalobacteraceae
unclassified sp., respectively. Red-to-blue color gradient indicates high-to-low OTU abundance. While the abundance of
Sphingomonas sp. mainly drives the composition of the A. thaliana microbiota along the first PCoA axis, the abundance of
Oxalobacteraceae unclassified sp. and B. fungorum partially drive the composition of the A. thaliana microbiota along the
second PCoA axis. G) PCoA plot of potential pathobiota for all samples indicates that bacterial composition is mainly
structured along three axes. H)Significant difference of the potential pathobiota composition between leaves and roots (PCol:
P < 0.001, PCo2: P < 0.001). I) No significant difference of the potential pathobiota composition between the three
categories of populations, namely ‘autumn’ populations, ‘spring w/ autumn’ populations and ‘spring w/o autumn’
populations. L), M) and N) Relationships between the potential pathobiota composition and the abundance of the three most
abundant potential pathogenic OTUs, i.e. Janthinobacterium agaricidamnosum, Pseudomonas viridiflava and Xanthomonas
campestris, respectively. Red-to-blue color gradient indicates high-to-low OTU abundance. The abundance of P. viridiflava
and X. campestris mainly drive the composition of the potential pathobiota along the first and second PCoA axis,
respectively. The abundance of J. agaricidamnosum partially drives the composition of the potential pathobiota along the
second PCoA axis.
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Figure 8. 2D density plots of the relative abundance between the most abundant OTUs. N = 1655 samples. A) microbiota
with the relative abundance of the 2™ (Burkholderia fungorum), 3 (Oxal obacteraceae unclassified sp.), 4" (Variovorax sp.)
and 5™ (Pseudomonas moraviensis) most abundant OTUs plotted against the relative abundance of the 1% most abundant
OUT (Sphingomonas sp.).B) potential pathobiota with the relative abundance of the three most abundant potential pathogen
species (Janthinobacteriumagaracidamnosum, Pseudomonas viridiflavaand Xanthomonascampestris)plotted against each
other. Red-to-blue color gradient represents high-to-low density gradient.
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Figure 9. Geographic variation of B-diversity illustrated by Principal Coordinates (PCoA, first axis) plots for microbiota and
potential pathobiota. For each ‘season x plant compartment’ combination, blue, green, yellow and red dots correspond to
populations from the 1%, 2™, 3 and 4" quartiles of the PCOAI (estimated as BLUPs) distribution. Values indicate the
percentage of PCOA1 variance among populations. Significance after a Bonferroni correction at a nominal level of 5%: **
0.01>P> 0.001, *** P < 0.001, ™ non-significant. Microbiota: ‘Autumn — Leaf’ n= 82, ‘Autumn — Root’ n = 82, ‘Spring w/
Autumn - Leaf” n= 78, ‘Spring w/ Autumn - Root’ n= 80, ‘Spring w/o Autumn - Leaf” n= 79, ‘Spring w/o Autumn - Root’ n=
79. Pathobiota: ‘Autumn — Leaf” n= 82, ‘Autumn — Root’ n = 75, ‘Spring w/ Autumn - Leaf’ n= 77, ‘Spring w/ Autumn -
Root’ n= 80, ‘Spring w/o Autumn - Leaf” n= 79, ‘Spring w/o Autumn - Root’ n=78.
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1083
1084 Figure 10. Variation among populations in the evolution of B-diversity (PCoA, first axis) between autumn and spring. Each
1085 dot corresponds to the mean B-diversity(estimated as BLUPs) of a population. Microbiota: ‘leaf” n = 76 populations, ‘root’ n
1086 =78 populations. Pathobiota : ‘leaf” n = 75 populations, ‘root’ n = 71 populations.
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A. microbiota

AII| Aut | Sw/A [Sw/oA
Order Family oTu [LfrRIL][R[L]R
Actinomycetales  |unclassified 0tu0000895
Burkholderiales Comamonadaceae  |Otu0002866
Burkholderiales Oxalobacteraceae 0tu0000003 -
Burkholderiales Oxalobacteraceae 0tu0000076
Burkholderiales Oxalobacteraceae 0tu0000049
Burkholderiales unclassified 0tu0001490
Burkholderiales unclassified 0tu0000021
Burkholderiales unclassified 0tu0000158
Burkholderiales unclassified 0tu0000189
Caulobacterales Caulobacteraceae 0Otu0000638
Caulobacterales Caulobacteraceae 0tu0000448
Oscillatoriales unclassified 0tu0000821
Rhizobiales Hyphomicrobiaceae |Otu0000053
Rhizobiales unclassified 0tu0000065
Sphingomonadales |Sphingomonadaceae [Otu0000022
Sphingomonadales |Sphingomonadaceae |Otu0000025
Sphingomonadales |Sphingomonadaceae [Otu0000059 -
Sphingomonadales [Sphingomonadaceae [Otu0000242
unclassified unclassified 0tu0000143
unclassified unclassified 0tu0000610 -
unclassified unclassified 0Otu0000963
unclassified unclassified 0tu0000014
unclassified unclassified 0tu0003571
unclassified unclassified 0tu0000373
unclassified unclassified 0tu0000027
unclassified unclassified 0tu0000040
unclassified unclassified 0tu0000057
unclassified unclassified 0tu0000075
unclassified unclassified 0tu0000296
unclassified unclassified 0tu0000506
unclassified unclassified 0Otu0001133
unclassified unclassified 0tu0001519
unclassified unclassified 0tu0000691
unclassified unclassified 0tu0005316
Xanthomonadales |Xanthomonadaceae |0tu0000306 -
Proportion of variance explained (%) 27.2 14.9 18.9 16.8 23.8 19.1 20.2
B. potential pathobiota
A"| Aut_| Sw/A [ Sw/oA
species name |L|R|L|R|L|R
Acidovorax valerianellae nt  nt nt  nt nt
Janthinobacterium agaricidamnosum
Pantoea agglomerans nt 0.65
Pseudomonas syringae
Pseudomonas viridiflava
Sphingomonas melonis

Xanthomonas campestris

Proportion of variance explained (%) 39.9 35.0 38.6 42.2 83.3 69.6 78.0

>0.2-<0.35
>0.35-<0.5
>0.5

Figure 11.Relationships between microbiota B-diversity and potential pathobiota B-diversity. A sparse Partial Least Square
Regression (sPLSR) (Carrascal et al. 2009, Le Cao et al. 2011) was adopted to maximize the covariance between linear
combinations of OTUs from microbiota (matrix X) and linear combinations of OTUs from potential pathobiota (matrix Y).
sPLSR was run using the mixOmics package implemented in the R environment (Le Cao et al. 2008, Le Cao et al. 2011). For
the microbiota matrix, only OTUs with a relative abundance above 1% were considered. For the potential pathobiota matrix,
we considered the seven most abundant OTUs. In addition to the lasso model, sSPLSR results were validated by plotting the
Root Mean Square Error of Prediction (Maestre 2004, Le Cao et al. 2008). For the microbiota, we calculated the final
loadings for the ten OTUs with the highest initial loadings for each component. Given the small number of OTUs in the
potential pathobiota (n = 7), the initial loading of each OTU was kept for each component. The color gradient indicates the
strength of the loading values for both microbiota and potential pathobiota. Only OTUs (from the microbiota or the potential
pathobiota) with a loading value above 0.2 were considered as significant. ‘All’, ‘Aut’, ‘Sw/ A’ and ‘Sw/o A’ stand for all
samples and samples from the three categories of populations (i.e. ‘autumn’ populations, ‘spring w/ autumn’ populations and
‘spring w/o autumn’ populations),‘L’ and ‘R’ stand for leaf and root, respectively. ‘nt’ indicates that the corresponding OTU
was absent in the potential pathobiota. . ‘All’ n=165; ‘Aut - L’ n=314, ‘Sw/ A - L’ n =245, ‘Sw/o A - L’ n=262; ‘Aut—R’
n=309, ‘Sw/ A -R’n=267, ‘Sw/o A —R’n=258.
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Figure 12. Phylogenetic tree inferred with a Neighbor Joining (NJ) model (3000 bootstrap repetitions) and based on the cts
sequences (350bp) of the 97 strains isolated from the 163 A. thaliana populations. Bootstrap values are shown at each node
and names of the strain at each branches. All the strains belong to the P. syringae complex and are mainly distributed in the
phylogroups 7, 9, 1, 2, 11 and 13. Reference P. syringae strains representative of the 13 phylogroups are labeled in green.
Phylogroup affiliation was based on the previous work from Berge et al., (2014).
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Figure 13. Pathogenicity of Pseudomonas sp. strains isolated from the 163 A. thaliana populations of the region Midi-
Pyrénées. A) Mean bacterial growth across eight accessions collected in the region Midi-Pyrénées for two strains of P.
viridiflava (0114-Psy-NAUV-BL and 0124-Psy-SAUB-AL) and two strains of P. syringae sensu stricto (0132-Psy-BAZI-AL
and 0143-Psy-THOM-AL).B) Illustration of symptoms observed three days after inoculation for two strains of P. syringae.
Presence and absence of symptoms was observed on each of the eight accessions collected in the region Midi-Pyrénées for
the strains 0111-Psy-RAYRB-BL and 0117-Psy-NAZA-AL, respectively. DO, D3, D5 and D7 indicate the number of days
after inoculation.
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Supplementary Files

Supplementary Table 1. Names and GPS coordinates (expressed in degrees) of the 169 A.
thaliana populations

Supplementary Table 2. Natural variation for microbiota and potential pathobiota in natural
populations of A. thaliana collected both in autumn and spring.

Supplementary Table 3. Percentage of variance of microbiota and potential pathobiota
explained by the terms ‘seasons’, ‘plant compartment’, ‘population’ and their interactions in
natural populations of A. thaliana collected both in autumn and spring.

Supplementary Table 4. Natural variation for microbiota and potential pathobiota in all the
natural populations of A. thaliana collected in spring.

Supplementary Table 5. Natural variation for microbiota and potential pathobiota in the
natural populations of A. thaliana collected in ‘autumn’.

Supplementary Table 6. Natural variation for microbiota and potential pathobiota in the
natural populations of A. thaliana collected in ‘spring with autumn’.

Supplementary Table 7. Natural variation for microbiota and potential pathobiota in the
natural populations of A. thaliana collected in ‘spring without autumn’.

Supplementary Table 8. Percentage of variance of microbiota and pathobiota explained by
the terms ‘population’, ‘plant compartment’ and their interactions in natural populations of A.
thaliana collected either in autumn or in spring.

Supplementary Table 9. Natural variation for microbiota and potential pathobiota for each
‘season x plant compartment’ combination.

Supplementary Table 10. Model selection among one linear model and one non-linear
model on the relationship between the a-diversities of microbiota and potential pathobiota.
Supplementary Table 11. Fitting of a non-linear model on the relationship between the a-
diversities of microbiota and potential pathobiota.

Supplementary Table 12. In planta bacterial growth of four natural Pseudomonas strains in
four corresponding local natural populations of A. thaliana, each represented by two
accessions.

Supplementary Table 13. Natural interactions between eight local natural A. thaliana
accessions and eight corresponding local natural Pseudomonas syringae strains for disease
symptom evolution.

Supplementary Figure 1. Percentage of variance of the B-diversity among populations.
Supplementary Figure 2. Genetic variation among five accessions from the region Midi-
Pyrénées for the response to P. viridiflava strains.

Supplementary Figure 3. Heatmap for the symptoms observed three days after inoculation
with P. syringae strains. The heatmap shows the interactions between eight natural accessions
of A. thaliana from the region Midi-Pyrénées and eight natural strains belonging to the P.
syringae complex collected in the same populations than the eight natural accessions.
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Supplementary Figure 4. PCoA perfomed on a Hellinger distance matrix based on rarefied
data (top panel) and on a Jaccard similarity coefficient matrix distance (bottom panel).

Supplementary Data Set 1. Validation of the gyrB gene marker.

Supplementary Data Set 2. List of pathogenic bacteria used to determine the potential
pathobiota of the 163 A. thaliana populations.

Supplementary Data Set 3. Strains belonging to the P. syringae complex isolated from the
163 A. thaliana populations for the validation of the potential pathobiota

Supplementary Data Set 4. Abundance matrix obtained after data trimming for the whole
microbiota

Supplementary Data Set 5. Presence/Absence matrix obtained after data trimming for the
potential pathobiota

Supplementary Data Set 6. Raw values for both o and B diversity used in the statistical
analysis
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Supplementary Table 1. Names and GPS coordinates (expressed in degrees) of the 169 populations.

Population name |Locality Latitude Longitude

AMBR-A Ambres 43.733229 1.823869
ANGE-A Saint Angel, Salvagnac 43.911999 1.656649
ANGE-B Saint Angel, Salvagnac 43.91214 1.656855
AULO-A Aulon 43.190552 0.815774
AURE-B Aureville 43.477976 1.452214
AUZE-A Auzeville 43.527792 1.491628
AXLE-A Ax les Thermes 42.724197 1.834034
AXLE-B Ax les Thermes 42.724588 1.833497
BACC-B Baccarets (Cintegabelle) 43.312225 1.515167
BACC-C Baccarets (Cintegabelle) 43.311868 1.515459
BACC-D Baccarets (Cintegabelle) 43.311866 1.515623
BACC-E Baccarets (Cintegabelle) 43.31187 1.515709
BACC-F Baccarets (Cintegabelle) 43.311926 1.515463
BAGNB-A Bagnéres de Bigore 43.075729 0.151764
BAGNB-B Bagneéres de Bigore 43.076454 0.151533
BANI-A Banios 43.042867 0.234732
BANI-B Banios 43.043644 0.234303
BANI-C Banios 43.043644 0.234303
BARA-B Baraqueville 44.269727 2.426322
BARA-C Baraqueville 44.270842 2.427551
BARC-A Barcugnan 43.362044 0.387723
BARR-A Barry le Cas (Caylus) 44.202421 1.767492
BAZI-A Baziege 43.453602 1.620674
BELC-A Belcastel 44.387532 2.336117
BELC-B Belcastel 44.387527 2.336782
BELC-C Belcastel 44.389212 2.336636
BELL-A Belleserre 43.790307 1.106456
BERNA-A Bernac-dessus 43.16215 0.111398
BESS-A Bessuéjouls 44.526359 2.730092
BOULO-A Boulogne-sur-Gesse 43.28908 0.639795
BROU-A Brousse-le-chateau 43.999349 2.621684
BROU-B Brousse-le-chateau 44.033129 2.638672
BROU-C Brousse-le-chateau 44.03326 2.638683
BULA-A Bulan 43.039803 0.277297
BULE-B Buleix (Soulan) 42.91058 1.248122
CAMA-C Camares 43.824878 2.881661
CAMA-D Camarés 43.823736 2.881003
CAMA-E Camarés 43.824878 2.881661
CAPE-A Lacappelle - Ségalar 44108545 1.990168
CARL-A Carla-bayle 43.151102 1.3923
CASS-A Cassagne-Begontes 44.17653 2.518164
CAST-A Castelginset 43.698534 1.427856
CASTI-A Castillon en Cousserans 42.920498 1.034063
CAZA-B Cazaux-Fréchet 42.831484 0.420091
CEPE-A Cepet 43.755183 1.435978
CERN-A Saint-Rome-de-Cernon 44.01194 2.966488
CERN-B Saint-Rome-de-Cernon 44.014684 2.967927
CHEI-A Chein-dessus 43.013708 0.86707
CIER-A Cier sur Luchon 42.85332 0.602039




Supplementary Table 1. (continued)

Population name |Locality Latitude Longitude

CIER-B Cier de Luchon 42.859978 0.600413
CIER-C Cier de Luchon 42.860166 0.601088
CINT-A Cintegabelle 43.305466 1.520441
CINT-B Cintegabelle 43.305611 1.520735
CLAR-A Saint Clar-de-Riviere 43.464776 1.219019
CLAR-B Saint Clar-de-Riviere 43.465281 1.218577
CLAR-C Saint Clar-de-Riviere 43.464058 1.21799
COLO-A Colombieés 44.346915 2.340243
COLO-B Colombies 44.34773 2.339715
COLO-C Colombies 44.34806 2.339698
COMT-A Villecomtal 44.540652 2.602245
CRAN-A Cransac (Aubin) 44.529845 2.260486
DAMI-A Damiatte 43.654515 1.977636
DAMI-B Damiatte 43.654515 1.977636
DAMI-C Damiatte 43.654515 1.977636
DECA-A Chateaude Cas (Espinas) 44,199896 1.77189
DIEU-A Ville-Dieu-du-temple 44.059797 1.220975
ESPE-B Esperausses 43.693335 2.534582
FAYA-A Fayet 43.8021 2.951709
FERR-A Ferrieres 43.657743 2.44371
GAIL-A Gaillac 43.908928 1.900574
GAIL-B Gaillac 43.909032 1.901077
GREZ-A Grézian 42.876896 0.349714
JACO-A Jacoy (Boussenac) 42.905839 1.406513
JACO-B Jacoy (Boussenac) 42.905839 1.406513
JACO-C Jacoy (Boussenac) 42.905839 1.406513
JULI-A Saint Julien de Malmont (St Cyprien de Dourdou) 44.522606 2.36351
JUZE-A Juzes 43.448838 1.79053
JUZET-A Juzet d'lzaut 42.977713 0.756373
JUZET-B Juzet d'lzaut 42.977354 0.755498
JUZET-C Juzet d'lzaut 42.977354 0.755498
LABA-A Labarthe-sur-Léze 43.45155 1.400498
LABA-B Labarthe-sur-Leze 43.450892 1.40116
LABA-C Labarthe-sur-Leze 43.451451 1.39935
LABA-D Labarthe-sur-Leze 43.458019 1.381137
LABAS-A La bastide de Sérou 43.00844 1.420039
LABAS-B La bastide de Sérou 43.008716 1.420053
LABR-A Labruguiére 43.531185 2.262591
LACR-A Lacraste (Montgauch) 42.999869 1.075659
LACR-C Lacraste (Montgauch) 43.000155 1.075624
LAGR-A Lagraulhet St Nicolas 43.795323 1.073752
LAMA-A Lamasquére 43.487424 1.243559
LAMA-B Lamasqueére 43.479745 1.241592
LANT-B Lanta 43.564943 1.65239
LANT-C Lanta 43.564822 1.65201
LANT-D Lanta 43.564822 1.65201
LAUZ-A Lauzerte 44.25608 1.140526
LECT-A Lectoure 43.911721 0.629745
LECT-B Lectoure 43.911721 0.629745




Supplementary Table 1. (continued)

Population name |Locality Latitude Longitude

LESP-A Les pujols 43.094237 1.719981
LOUB-A Loubens-Lauragais 43.574273 1.786038
LOUB-B Loubens-Lauragais 43.574647 1.785723
LUNA-A Lunax 43.339706 0.689839
LUZE-A Luzenac (Garanou) 42.764683 1.752959
LUZE-B Luzenac (Garanou) 42.764419 1.753595
LUZE-D Luzenac (Garanou) 42.764419 1.753595
LUZE-E Luzenac (Garanou) 42.764683 1.752959
MARS-A Glaciane (Marsans) 43.662542 0.718265
MARS-B Glaciane (Marsans) 43.662542 0.718265
MART-A Martres Tolosane 43.202147 1.010976
MASS-A Masseube 43.437536 0.579271
MAZA-A Mazamet 43.497754 2.375372
MEDA-A Saint Medard 43.490485 0.461439
MERE-A Merens-les-Vals 42.656618 1.836221
MERE-B Merens-les-Vals 42.656546 1.836175
MERV-A Merville 43.720426 1.296824
MERV-B Merville 43.725141 1.247629
MONB-A Monblanc 43.46529 0.986273
MONE-A Monesties 44.115354 2.094725
MONF-A Monferran-Saves 43.616254 0.972435
MONT-A Montans 43.852212 1.87432
MONT-B Montans 43.852723 1.873536
MONTB-A Montbrun bocage 43.130495 1.269927
MONTG-B Montgaillard 43.12729 0.110681
MONTG-D Montgaillard 43.127713 0.110633
MONTI-A Monties 43.389383 0.67282
MONTI-B Montiées 43.3839336 0.67257
MONTI-D Montiés 43.3839336 0.67257
MONTM-A Montmajou (Cier de Luchon) 42.86156 0.595943
MONTM-B Montmajou (Cier de Luchon) 42.861218 0.596869
MOUL-A Moulares 44.089762 2.296094
NAUV-A Nauviale 44.520751 2.427404
NAUV-B Nauviale 44.520418 2.427129
NAUV-C Nauviale 44.520397 2.42721
NAYR-A Le Nayrac (Cassagnes-Bégontes) 44.161368 2.544711
NAZA-A Saint-Pierre-de-Najac (Miramont de Quercy) 44.220329 1.064953
PAMP-A Pampelonne 44.124864 2.255514
PAMP-B Pampelonne 44.124876 2.255184
PANA-C Villefrance de Panat 44.078884 2.711136
PASD-B Pas du loup (Camares) 43.811758 2.871661
PREI-A Preignan 43.717856 0.623298
PUYM-B Puymaurin 43.372913 0.765694
RADE-A Sainte Radegonde 44.345163 2.620821
RAYR-A Rayret (Cassagne-Begontes) 44,196005 2.493157
RAYR-B Rayret (Cassagne-Begontes) 44.,196006 2.493076
REAL-A Réalmont 43.83165 2.20155
ROME-A Saint-Rome-du-tarn 44.041553 2.909576
ROQU-B Roquecourbe 43.667907 2.290214




Supplementary Table 1. (continued)

Population name |Locality Latitude Longitude

SALE-A Saleich 43.024966 0.965965
SALV-A Saint-Salvy-de-la-Balme 43.602578 2.36338
SAMA-A Samatan 43.494325 0.92391
SAUB-A Saubens 43.464914 1.365136
SAUB-B Saubens 43.474107 1.364175
SAUB-C Saubens 43.475583 1.367589
SAUR-A Saurat 42.889844 1.485209
SEIS-A Seissan 43.487302 0.588798
SIMO-A Simorre 43.449392 0.734601
SORE-A Soreze 43.452628 2.072476
TARN-C Villemur-sur-Tarn 43.85328 1.502009
THOM-A Saint Thomas 43.513975 1.082859
VALE-A Valence d'Albiegeois 44.022296 2.403434
VICT-B Saint Victor et Melvieu 44052243 2.834023
VICT-C Saint Victor et Melvieu 44.052243 2.834023
VIEL-A Vielmur sur Agout 43.623801 2.089616
VILLA-A Villate 43.458174 1.380951
VILLE-A Villenouvelle 43.439784 1.671
VILLE-B Villenouvelle 43.440342 1.669595
VILLE-C Villenouvelle 43.440024 1.670111
VILLE-D Villenouvelle 43.439733 1.670712
VILLEM-A Villembits 43.273815 0.321238




Supplementary Table 2. Natural variation for microbiota and potential pathobiota in natural populations of A. thaliana collected both in Autumn and
Spring.

microbiota potential pathobiota
richness Shannon PCol PCo2 Shannon PCol PCo2

Model terms F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P

season 1.9 0.1681 1.4 0.2416 0.7 0.4042 0.4 0.5468 0.0 0.9803 0.8 0.3609 6.5 0.0113
plant compartment 0.8 0.3739 29.1 <.0001 67.7 <.0001 29.0 <.0001 4.5 0.0376 155.5 <.0001 62.3 <.0001
season*plant compartment 60.0 <.0001 5.7 0.0198 21.4 <.0001 2.7 0.1080 33.4 <.0001 29.7 <.0001 5.0 0.0263
population 0.0 1.0000 0.5 0.4795 14 0.2367 1.2 0.2733 0.0 1.0000 12 0.2733 6.5 0.0108
season*population 79.9 <.0001 26.6 <.0001 109.8 <.0001 84.2 <.0001 9.7 0.0018 18.8 <.0001 0.8 0.3711
plant compartment*population 1.0 0.3173 0.3 0.5839 0.8 0.3711 0.0 1.0000 2.8 0.0943 0.3 0.5839 1.0 0.3173
season*plant compartment*population 4.9 0.0269 7.4 0.0065 8.3 0.0040 13.2 0.0003 1.4 0.2367 0.0 1.0000 0.0 1.0000
sampling date (season) 16.4 <.0001 10.2 <.0001 12.7 <.0001 19.1 <.0001 12.5 <.0001 3.3 0.0383 1.2 03167
diameter(season) 1.0 0.3607 0.3 0.7173 2.4 0.0959 0.2 0.8649 0.6 0.5629 2.3 0.0980 0.0 0.9763
leaf number(season) 3.9 0.0208 0.2 0.8325 1.4 0.2424 0.2 0.8375 1.8 0.1735 2.0 0.1390 0.5 0.6331
obs 1690.3 <.0001 0.7 0.4061 4.3 0.0375 25.4 <.0001 34.2 <.0001 0.5 0.5029 1.8 0.1858

Each trait was modeled separately using a mixed model. Model random terms (in italics) were tested with likelihood ratio tests (LRT) of models with and without these
effects. A Bonferroni correction for the number of tests was performed for each modeled effect (i.e., per line) at a nominal level of 5%. Bold values indicate statistically
significant results after correction for multiple comparisons. ‘obs’, total number of observations.



Supplementary Table 3. Percentage of variance of microbiota and potential pathobiota explained by the terms ‘seasons’, ‘plant compartment’,
‘population’ and their interactions in natural populations of A. thaliana collected both in Autumn and Spring.

microbiota potential pathobiota

Model terms richness Shannon PCol PCo2 Shannon PCol PCo2

season 0.0 0.0 0.0 0.0 0.0 0.0 0.0
plant compartment 0.0 5.0 5.9 3.4 0.0 19.2 11.0
season*plant compartment 4.7 0.9 2.1 0.4 4.4 3.6 0.6
population 0.0 3.5 6.5 7.8 0.0 2.9 8.2
season*population 37.7 25.2 51.5 44.0 14.1 12.6 1.3
plant compartment*population 1.8 1.8 1.5 0.7 6.4 0.8 2.2
season*plant compartment*population 55 9.8 4.7 8.1 4.8 0.0 0.0
error 50.3 53.8 27.8 35.7 70.2 60.9 76.8

Bold values indicate statistically significant results after a Bonferroni correction for multiple comparisons (see Supplementary Table 2). Italic values indicate statistically
significant results before a Bonferroni correction for multiple comparisons (see Supplementary Table 2).



Supplementary Table 4. Natural variation for microbiota and potential pathobiota in all the natural populations of A. thaliana collected in Spring.

microbiota potential pathobiota
richness Shannon PCol PCo2 Shannon PCol PCo2

Model terms F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P

w/wo_Autumn 0.2 0.6457 0.4 0.5178 13 0.2514 2.0 0.1626 0.3 0.5900 2.5 0.1164 3.4 0.0690
plant compartment 13.1 0.0004 13.4 0.0003 44.2 <.0001 48.9 <.0001 8.8 0.0036 173.1 <.0001 44.3 <.0001
w/wo_Autumn*plant compartment 7.4 0.0072 0.2 0.6447 0.2 0.6664 0.9 0.3391 0.0 0.9628 12.4 0.0006 0.8 0.3806
population(w/wo_Autumn) 72.0 <.0001 32.5 <.0001 2449 <.0001 220.8 <.0001 30.7 <.0001 19.0 <.0001 12.2 0.0005
plant compartment*population(w/wo_Autumn) 42.0 <.0001 9.3 0.0023 11.1 0.0009 23.0 <.0001 3.4 0.0652 0.2 0.6547 0.6 0.4386
sampling date 23.0 <.0001 3.3 0.0725 46.2 <.0001 51.0 <.0001 25.7 <.0001 22.4 <.0001 0.9 0.3502
diameter 0.4 0.5200 4.1 0.0432 1.7 0.1994 0.0 0.8611 1.4 0.2407 0.8 0.3872 0.0 0.8614
leaf number 0.7 0.4085 3.2 0.0750 44 0.0371 0.0 0.9212 0.0 0.8477 2.1 0.1500 0.1 0.7944
obs 1478.5 <.0001 2.6 0.1043 26.9 <.0001 16.7 <.0001 46.1 <.0001 0.3 0.5728 2.1 0.1442

Each trait was modeled separately using a mixed model. Model random terms (in italics) were tested with likelihood ratio tests (LRT) of models with and without these
effects. A Bonferroni correction for the number of tests was performed for each modeled effect (i.e., per line) at a nominal level of 5%. Bold values indicate statistically
significant results after correction for multiple comparisons. ‘obs’, total number of observations.



Supplementary Table 5. Natural variation for microbiota and potential pathobiota in the natural populations of A. thaliana collected in ‘Autumn’.

microbiota potential pathobiota
richness Shannon PCol PCo2 Shannon PCol PCo2

Model terms F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P

plant compartment 25.2 <.0001 18.5 <.0001 60.1 <.0001 7.2 0.0091 32.1 <.0001 37.1 <.0001 50.8 <.0001
population 29.2 <.0001 21.5 <.0001 72.7 <.0001 29.6 <.0001 8.1 0.0044 28.7 <.0001 9.1 0.0026
plant compartment*population 9.0 0.0027 21.0 <.0001 17.6 <.0001 18.9 <.0001 7.1 0.0077 0.0 1.0000 0.0 1.0000
sampling date 25.3 <.0001 12.0 0.0009 3.1 0.0818 36.6 <.0001 12.3 0.0007 0.0 0.9022 2.9 0.0924
diameter 0.0 0.9009 0.3 0.5654 2.2 0.1385 0.2 0.6529 0.2 0.6973 5.8 0.0162 0.0 0.9328
leaf number 15 0.2291 0.1 0.8083 1.3 0.2506 0.2 0.6997 1.1 0.2963 0.9 0.3328 0.3 0.5863
obs 975.6 <.0001 0.7 0.3996 0.7 0.4010 16.5 <.0001 21.0 <.0001 2.2 0.1357 1.6 0.2015

Each trait was modeled separately using a mixed model. Model random terms (in italics) were tested with likelihood ratio tests (LRT) of models with and without these
effects. A Bonferroni correction for the number of tests was performed for each modeled effect (i.e., per line) at a nominal level of 5%. Bold values indicate statistically
significant results after correction for multiple comparisons. ‘obs’, total number of observations.



Supplementary Table 6. Natural variation for microbiota and potential pathobiota in the natural populations of A. thaliana collected in ‘Spring with
Autumn’.

microbiota potential pathobiota
richness Shannon PCol PCo2 Shannon PCol PCo2

Model terms F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P

plant compartment 25.6 <.0001 9.5 0.0029 18.2 <.0001 26.9 <.0001 3.7 0.0574 123.9 <.0001 24.8 <.0001
population 46.6 <.0001 21.0 <.0001 98.7 <.0001 90.1 <.0001 5.8 0.0160 14.0 0.0002 5.5 0.0190
plant compartment*population 8.1 0.0044 1.7 0.1923 7.1 0.0077 10.4 0.0013 7.5 0.0062 0.3 0.5839 0.9 0.3428
sampling date 12.6 0.0006 4.8 0.0313 25.6 <.0001 11.2 0.0013 10.4 0.0019 8.3 0.0051 0.0 0.8435
diameter 1.7 0.1920 0.9 0.3477 1.3 0.2474 0.2 0.6262 1.0 0.3114 0.0 0.9528 0.0 0.9540
leaf number 5.1 0.0249 0.5 0.4683 1.2 0.2705 0.1 0.8287 3.0 0.0845 3.0 0.0854 0.0 0.9170
obs 787.2 <.0001 0.2 0.6356 10.1 0.0016 10.6 0.0012 14.4 0.0002 0.4 0.5441 0.4 0.5341

Each trait was modeled separately using a mixed model. Model random terms (in italics) were tested with likelihood ratio tests (LRT) of models with and without these
effects. A Bonferroni correction for the number of tests was performed for each modeled effect (i.e., per line) at a nominal level of 5%. Bold values indicate statistically
significant results after correction for multiple comparisons. ‘obs’, total number of observations.



Supplementary Table 7. Natural variation for microbiota and potential pathobiota in the natural populations of A. thaliana collected in ‘Spring without

Autumn’.
microbiota potential pathobiota
richness Shannon PCol PCo2 Shannon PCol PCo2
Model terms F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P F or LRT P
plant compartment 0.4 0.5470 5.1 0.0265 27.9 <.0001 22.4 <.0001 6.6 0.0108 49.2 <.0001 17.8 <.0001
population 27.9 <.0001 12.9 0.0003 153.9 <.0001 125.3 <.0001 27.5 <.0001 4.4 0.0359 6.9 0.0086
plant compartment*population 39.7 <.0001 9.2 0.0024 3.6 0.0578 13.2 0.0003 0.0 1.0000 0.0 1.0000 0.0 1.0000
sampling date 11.5 0.0011 0.2 0.6854 20.4 <.0001 449 <.0001 15.2 0.0002 15.0 0.0002 2.7 0.1066
diameter 12.5 0.0004 5.5 0.0199 0.3 0.5905 1.3 0.2562 0.6 0.4526 3.1 0.0817 0.3 0.5829
leaf number 49 0.0267 5.3 0.0219 5.7 0.0171 0.1 0.7734 3.2 0.0753 0.2 0.6786 0.2 0.6494
obs 741.2 <.0001 3.5 0.0625 18.1 <.0001 6.0 0.0151 35.8 <.0001 0.0 0.9756 2.6 0.1076

Each trait was modeled separately using a mixed model. Model random terms (in italics) were tested with likelihood ratio tests (LRT) of models with and without these
effects. A Bonferroni correction for the number of tests was performed for each modeled effect (i.e., per line) at a nominal level of 5%. Bold values indicate statistically
significant results after correction for multiple comparisons. ‘obs’, total number of observations.



Supplementary Table 8. Percentage of variance of microbiota and pathobiota explained by the terms ‘population’, ‘plant compartment’ and their
interactions in natural populations of A. thaliana collected either in Autumn or in Spring.

microbiota potential pathobiota
Season Model terms richness Shannon PCol PCo2 Shannon PCol PCo2
Autumn population 24.4 30.3 54.3 34.1 12.3 19.0 9.2
plant compartment 6.1 6.7 10.9 1.9 11.5 9.9 14.5
plant compartment * population 7.4 15.5 6.8 13.5 9.1 0.0 0.0
error 62.1 47.5 28.0 50.5 67.0 71.1 76.3
Spring w/ Autumn population 40.2 24.2 65.8 62.7 13.8 12.8 10.2
plant compartment 6.6 2.7 2.8 5.0 1.3 31.1 9.0
plant compartment * population 7.9 6.2 4.2 55 14.3 2.0 4.4
error 45.3 66.9 27.3 26.8 70.6 54.1 76.5
Spring w/o Autumn population 37.4 20.5 81.0 69.7 25.8 6.4 10.9
plant compartment 0.0 1.6 1.8 2.1 1.4 15.0 5.8
plant compartment * population 20.1 13.3 1.5 4.0 0.0 0.7 0.0
error 42.5 64.6 15.7 24.1 72.8 77.8 83.3

Bold values indicate statistically significant results after a Bonferroni correction for multiple comparisons (see Supplementary Tables 4, 5 and 6). Italic values indicate

statistically significant results before a Bonferroni correction for multiple comparisons (see Supplementary Tables 4, 5 and 6).



Supplementary Table 9. Natural variation for microbiota and potential pathobiota for each ‘season
x plant compartment’ combination.

microbiota potential pathobiota
richness Shannon PCol PCo2 Shannon PCol PCo2
Season Compartment Model terms For P F or P For P For P For P For P F or P
LRT LRT LRT LRT LRT LRT LRT
Autumn root population 43.5 <.0001 1155 <.0001 196.6 <.0001 109.9 <.0001 30.6 <.0001 9.3 0.0023 3.3 0.0693
sampling date 27.9 <.0001 8.4 0.0050 3.4 0.0700 27.0 <.0001 22.7 <.0001 0.2 0.6765 3.9 0.0526
diameter 0.1 0.7254 0.7 0.4075 0.5 0.4791 0.0 0.8551 0.7 0.4069 1.6 0.2094 0.0 0.8907
leaf number 2.6 0.1115 0.1 0.8004 0.1 0.7052 0.3 0.6112 3.1 0.0821 0.0 0.8606 0.1 0.7085
obs 425.1 <.0001 6.8 0.0099 2.2 0.1400 8.7 0.0034 19.4 <.0001 1.4 0.2451 0.0 0.8430
Autumn leaf population 70.5 <.0001 26.7 <.0001 179.2 <.0001 48.3 <.0001 13.8 0.0002 14.7 0.0001 6.5 0.0108
sampling date 12.4 0.0007 12.6 0.0007 2.9 0.0899 34.5 <.0001 1.1 0.3070 0.0 0.8703 0.7 0.3962
diameter 0.0 0.8351 1.3 0.2654 0.4 0.5072 1.5 0.2156 0.0 0.8775 3.4 0.0683 0.0 0.9926
leaf number 0.3 0.6027 0.3 0.5998 0.0 0.8446 0.9 0.3405 0.0 0.9318 1.2 0.2745 0.6 0.4598
obs 524.9 <.0001 0.2 0.6857 2.5 0.1188 11.4 0.0008 5.8 0.0164 0.4 0.5247 3.0 0.0842
Spring root population 228.8 <.0001 719 <.0001 425.0 <.0001 498.1 <.0001 53.9 <.0001 12.4 0.0004 7.8 0.0052
sampling date 20.2 <.0001 3.0 0.0868 47.9 <.0001 59.0 <.0001 21.6 <.0001 29.8 <.0001 0.2 0.7014
diameter 0.9 0.3571 1.0 03105 0.1 0.8291 0.8 0.3686 2.4 0.1207 0.7 0.4202 0.0 0.8387
leaf number 5.8 0.0163 2.5 0.1129 3.3 0.0707 0.0 0.8869 1.0 0.3222 0.8 0.3863 3.6 0.0580
obs 562.7 <.0001 1.4 0.2330 3.2 0.0742 1.3 0.2595 13.1 0.0003 0.5 0.4641 0.1 0.8203
Spring leaf population 142.9 <.0001 35.7 <.0001 341.0 <.0001 318.2 <.0001 249 <.0001 11.9 0.0006 8.4 0.0038
sampling date 16.8 <.0001 1.7 0.1915 39.6 <.0001 37.4 <.0001 15.4 0.0001 8.7 0.0038 0.7 0.4121
diameter 0.0 0.8950 4.1 0.0430 2.2 0.1430 0.0 0.8601 0.1 0.7329 0.2 0.6481 0.0 0.9786
leaf number 1.3 0.2468 1.4 0.2349 3.3 0.0718 1.8 0.1773 0.9 0.3336 5.2 0.0232 0.9 0.3526
obs 707.5 <.0001 4.4 0.0356 14.8 0.0001 21.7 <.0001 18.4 <.0001 0.0 0.9483 3.0 0.0866
Spring w/ Autumn  root population 107.6 <.0001 39.7 <.0001 185.4 <.0001 239.5 <.0001 19.4 <.0001 14.8 0.0001 4.1 0.0429
sampling date 9.4 0.0029 3.7 0.0579 28.2 <.0001 14.9 0.0002 6.8 0.0112 14.9 0.0002 1.2 0.2705
diameter 0.7 0.4027 0.7 0.3988 0.0 0.8609 0.2 0.6240 0.6 0.4237 0.5 0.4691 0.0 0.8442
leaf number 9.2 0.0026 3.9 0.0504 15 0.2279 0.0 0.8657 5.0 0.0266 0.4 0.5158 1.1 0.2918
obs 271.7 <.0001 0.6 0.4420 0.8 0.3741 0.9 0.3337 6.5 0.0114 1.0 0.3140 0.1 0.8316
Spring w/ Autumn  leaf population 59.9 <.0001 12.8 0.0003 1283 <.0001 116.3 <.0001 20.3 <.0001 6.0 0.0143 6.1 0.0135
sampling date 12.0 0.0009 3.6 0.0632 19.5 <.0001 6.4 0.0136 6.5 0.0131 3.0 0.0872 0.1 0.8140
diameter 0.4 0.5209 1.0 0.3258 2.4 0.1257 1.0 0.3143 0.5 0.4630 0.6 0.4448 0.0 0.8657
leaf number 0.6 0.4504 0.4 0.5406 0.7 0.3952 0.0 0.9426 0.1 0.7527 5.8 0.0173 0.2 0.6689
obs 383.4 <.0001 1.8 0.1841 4.7 0.0313 12.8 0.0004 5.5 0.0202 0.0 0.8569 1.6 0.2019
Spring w/o Autumn root population 140.1 <.0001 30.7 <.0001 240.9 <.0001 236.4 <.0001 33.3 <.0001 0.8 0.3711 3.1 0.0783
sampling date 11.8 0.0010 0.4 0.5350 20.3 <.0001 49.2 <.0001 16.3 0.0001 14.6  0.0003 3.3 0.0730
diameter 11.0 0.0010 0.3 05752 0.1 0.7254 0.5 0.4671 3.7 0.0548 0.1 0.7923 1.7 0.1936
leaf number 0.5 0.4860 0.0 0.9410 2.1 0.1509 0.1 0.7126 1.4 02361 0.7 0.3909 1.4 0.2389
obs 322.2 <.0001 0.8 0.3645 3.3 0.0694 0.3 0.6168 8.1 0.0047 0.1 0.7457 0.4 0.5236
Spring w/o Autumn leaf population 77.6 <.0001 29.6 <.0001 236.9 <.0001 195.6 <.0001 7.4 0.0065 3.1 0.0783 2.5 0.1138
sampling date 6.7 0.0118 0.0 0.9764 19.9 <.0001 39.4 <.0001 7.8 0.0066 6.6 0.0125 1.0 03111
diameter 24 01218 7.6 0.0064 0.2 0.7010 13 0.2496 0.1 0.7321 3.1 0.0786 0.0 0.9310
leaf number 6.8 0.0096 9.5 0.0023 4.2 0.0417 3.5 0.0613 2.7 0.0999 1.0 0.3091 2.1 0.1523
obs 342.6 <.0001 3.2 0.0760 11.6 0.0008 11.0 0.0011 12.9 0.0004 0.1 0.7934 14 0.2313

Each trait was modeled separately using a mixed model. Model random terms (in italics) were tested with
likelihood ratio tests (LRT) of models with and without these effects. A Bonferroni correction for the number of
tests was performed for each modeled effect (i.e., per line) at a nominal level of 5%. Bold values indicate
statistically significant results after correction for multiple comparisons. ‘obs’, total number of observations.



Supplementary Table 10. Model selection among one linear model and one non-linear model on
the relationship between the a-diversities of microbiota and potential pathobiota. For each ‘plant
compartment x samples’ combination, different letters indicate different fits between the two
models, with the lowest values indicating a better model fit.

Im nim

Compartment Samples AIC BIC AIC BIC

Leaf All seasons 1765.01 ° 1779.10 ° 1719.28 ° 173337 °
Autumn 638.80 ° 649.99 ° 630.37 ° 641.56 °
Spring w/ Autumn 52599 2 536.45 ° 500.81 ° 51126 °
Spring w/o Autumn 605.06 2 61574 *® 594.83 ° 60551 °

Root All seasons 1760.85 ° 1774.87 *® 162552 ° 1639.54 °
Autumn 576.79 ° 587.64 ° 538.04 ° 548.89 °
Spring w/ Autumn 574.49 ° 58522 ° 540.11 ° 550.83 °
Spring w/o Autumn 54420 * 55479 ® 508.06 ° 51865 °

Im: linear model (pathobiota-Shannon ~ intercept + a*microbiota-Shannon); nim: non-linear model, quadratic
function (pathobiota-Shannon ~ k* microbiota-Shannon — g* microbiota-Shannon). AIC: Akaike’s information
criterion; BIC Bayesian information criterion.



Supplementary Table 11. Fitting of a non-linear model on the relationship between the a-
diversities of microbiota and potential pathobiota.

Compartment  Samples k q

Leaf All seasons 1.44295 *** 0.41021 ***
Autumn 1.44336 *** 0.40783 ***
Spring w/ Autumn 1.49777 *** 0.43395 ***
Spring w/o Autumn 1.38687 *** 0.38764 ***

Root All seasons 1.49407 *** 0.43215 ***
Autumn 1.21044 *** 0.36224 ***
Spring w/ Autumn 1.55035 *** 0.42845 ***
Spring w/o Autumn 1.66111 *** 0.48925 ***

Non-linear model: quadratic function (pathobiota-Shannon ~ k*microbiota-Shannon — g*microbiota-Shannon).
***p < 0.001.



Supplementary Table 12. In planta bacterial growth of four natural Pseudomonas strains in four
corresponding local natural populations of A. thaliana, each represented by two accessions.

Model terms F or LRT P

block 28.95 <.0001
strain 0.56 0.6396
population 1.29 0.3292
time 178.54 <.0001
strain*population 0.21 0.9932
strain*time 1.13 0.3373
time*population 162 0.2484
strain*population*time 0.35 0.9579
accession(population) 1.20 0.2733
strain*accession(population) 0.00 1.0000
time*accession(population) 0.00 1.0000
strain*time*accession(population) 0.00 1.0000

In plant bacterial growth (IogCFU.cm'z) was modeled using a mixed model. Model random terms (in italics)
were tested with likelihood ratio tests (LRT) of models with and without these effects. A Bonferroni correction
for the number of tests was performed at a nominal level of 5%.



Supplementary Table 13. Natural interactions between eight local natural A. thaliana accessions
and eight corresponding local natural Pseudomonas syringae strains for disease symptom
evolution.

Model terms F or LRT P

block 6.90 <.0001
strain 1.77 0.0904
time 29.38 0.0002
strain*time 13.35 <.0001
accession 0.00 1.0000
strain*accession 0.00 1.0000
time*accession 450 0.0339
strain*time*accession 22.40 <.0001

Disease symptoms were modeled using a mixed model. Model random terms (in italics) were tested with
likelihood ratio tests (LRT) of models with and without these effects. A Bonferroni correction for the number of
tests was performed at a nominal level of 5%. Bold values indicate statistically significant results after
correction for multiple comparisons.



Supplementary Figure 1. Percentage of variance of the B-diversity among populations. Red and blue
bars correspond to microbiota and potential pathobiota, respectively. Significance after a Bonferroni
correction at a nominal level of 5%: ™ non-significant, ** 0.01> P > 0.001, *** P < 0.001.

Supplementary Figure 2. Genetic variation among five accessions from the region Midi-Pyrénées for
the response to the P. viridiflava strain 0124-Psy-SAUB-AL, three days after infiltration. Mock:
infiltration with water.



accession ~ N 2. u\—," n 3, © o0
SO S I S O I I I A -
strain g g Z 5, % é % g mean/strain
P. syringae 0132-Psy-BAZI-AL 0.01 symptoms
P. syringae 0117-Psy-NAZA-AL 0.00 >0.5
P. syringae 0111-Psy-RAYR-BL 0.62 0.4-0.5
P. syringae 0099-Psy-SIMO-AL 0.03 0.3-04
P. viridiflava | 0105-Psy-JACO-CL 0.05 0.2-0.3
P. viridiflava | 0114-Psy-NAUV-BL 0.21 0.1-0.2
P. viridiflava | 0106-Psy-RADE-AL 0.22 I 0.05-0.1
P. viridiflava | 0124-Psy-SAUB-AL 0.26 0-0.05
mean/accession | 030 | 010 | 006 | 028 J023] 017 | 009 [ o018

Supplementary Figure 3. Heatmap for the symptoms observed three days after inoculation with
P. syringae strains. The heatmap shows the interactions between eight natural accessions of 4.
thaliana from the region Midi-Pyrénées and eight natural strains belonging to the P. syringae
complex collected in the same populations than the eight natural accessions.



Supplementary Figure 4. PCoA perfomed on a Hellinger distance matrix based on rarefied data (top
panel) and on a Jaccard similarity coefficient matrix distance (bottom panel).






Dans le contexte des changements globaux, un des enjeux majeurs en génomique écologique est
d’estimer le potentiel adaptatif des populations naturelles. Répondre a cet enjeu nécessite 3 étapes:
identification des agents sélectifs et de leurs échelles spatiales de variation, identification des bases
génétiques de I'adaptation et étude de la dynamique adaptative sur une courte échelle de temps. Durant ma
these, je me suis intéressé a étudier le potentiel adaptatif de la plante modéle Arabidopsis thaliana. A partir
de 168 populations naturelles d’A. thaliana caractérisées pour 24 traits phénotypiques et 60 facteurs
abiotiques (climat, sol) et biotiques (communautés végétales et microbiote), j’ai pu mettre en évidence que
les communautés végétales étaient les principaux agents sélectifs associés a la fitness. Aprés avoir séquencé
le génome de ces 168 populations (~ 4.8 millions de SNPs), jai effectué des analyses de type ‘association
génome-environnement’ couplé a des scans génomiques de différenciation génétique spatiale. Ces analyses
ont confirmé I'importance de considérer les interactions plante-plante dans I'étude de I'adaptation chez A.
thaliana. Afin d’étudier le potentiel adaptatif d’A. thaliana sur le court terme dans le contexte d'un
réchauffement climatique, j’ai combiné une étude de résurrection in situ avec une étude de Genome Wide
Association mapping, a partir de 195 accessions locales caractérisées pour 29 traits phénotypiques et pour
environ 1.9 million de SNPs. J'ai identifié une architecture originale de I'adaptation vers un nouvel optimum
phénotypique combinant (i) de rares QTLs avec des degrés de pléiotropie intermédiaires fortement
sélectionnés et (ii) de trés nombreux QTLs spécifiques d’un micro-habitat et faiblement sélectionnés. A
travers les différents projets abordés pendant ma thése, j'ai pu suggérer qu’une architecture génétique
flexible pouvait permettre a A. thaliana de s’adapter rapidement aux changements globaux, tout en
maintenant de la diversité génétique au sein des populations naturelles d’A. thaliana.

génomique écologique, adaptation locale, agents sélectifs, grain de I'environnement, populations
naturelles, Arabidopsis thaliana, Association GEnome-Environnement, GWA mapping

In the context of global changes, one of the challenges in ecological genomics is to estimate the adaptive potential of
natural populations. Three steps are requested to address this challenge: identification of the selective agents and their
associated spatial grains, identification of the genetic bases of adaptation and monitoring the adaptive dynamics of
natural population over a short time period. Here, | aimed at studying the adaptive potential of the model plant
Arabidopsis thaliana. Based on 168 natural populations of A. thaliana characterized for 24 phenotypic traits and 60
abiotic (climate, soil) and biotic (plant communities and microbiota) factors, plant communities were found to be the
main selective agents. Based on 4.8 million SNPs, | combined Genome Environment Association analysis with genome
scans for signatures of selection. | confirmed the importance to consider plant-plant interactions when studying
adaptation in A. thaliana. To monitor the adaptive dynamics of a natural population in the context of global warming, |
combined an in situ resurrection study with an approach of GWA mapping based on 195 local accessions characterized
for 29 phenotypic traits and 1.9 million SNPs. Adaptive evolutionary changes were largely driven by rare QTLs with
intermediate degrees of pleiotropy under strong selection. In addition to these rare pleiotropic QTLs, weak selection
was detected for frequent small micro-habitat-specific QTLs that shape single traits. Overall, | suggest that a rapid
adaptive phenotypic evolution can be rapidly achieved in A. thaliana, while still maintaining genetic variation in natural
populations.

ecological genomics, local adaptation, selective agents, spatial grain, natural populations, Arabidopsis
thaliana, Genome-Environment Association, GWA mapping



