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Résumé

L’¢élucidation des origines génétiques des traits complexes reste une problématique
majeure en biologie. Ces dix derniéres années, les projets de reséquencage de
milliers d’individus d’une méme espéce ont permis d’explorer la diversité génétique
au sein des génomes. Des études d’association pangénomique ont alors été initiées
pour identifier les variants génétiques impliqués dans la variance phénotypique
observée dans des populations étudiées. Cependant, les variants détectés
n’expliquent qu’une portion plus ou moins importante de la variance phénotypique.
Mieux caractériser la relation entre génotypes et phénotypes a ainsi été la base de
mes travaux de thése. Pour cela, une collection de plus de 1000 isolats naturels de
Saccharomyces cerevisiae divers et séquencés a été une ressource clé pour disséquer
dans un premier temps les origines génétiques de la variation du niveau d’expression
de plus de 6000 genes au sein de cette espece. Dans un second temps, une stratégie
de mutagéneése par insertion de transposons réalisée dans une centaine d’isolats de
levure a permis d’estimer dans quelles proportions le fonds génétique impacte la
variation des phénotypes.

Mots-clés : relations génotype-phénotype, génomique des populations, levure, GWAS,
transcriptome, mutagénése par insertion de transposons

Summary

Unravelling the genetic basis under complex traits is a major issue in biology. This
last decade, resequencing projects including thousands of individuals from the same
species allowed the survey of the genetic diversity along the genomes. Genome-wide
association studies (GWAS) were then initiated to identify genetic variants involved
in the phenotypic variance observed across natural populations. However, these
genetic variants only explained a more or less extensive fraction of the observed
phenotypic variances. The goal of my thesis was to obtain a better overview of the
genotype-phenotype relationship. To this end, a collection of more than 1,000
Saccharomyces cerevisiae natural isolates previously sequenced was at first
powerful enough to explore the genetic basis of gene expression variation in more
than 6000 genes across this species. Secondly, a transposon mutagenesis strategy
was used in one hundred of yeast natural isolates to provide an estimation of the
genetic background effect on phenotypic variation after gene loss-of-functions.

Keywords: genotype-phenotype relationship, population genomics, yeast, GWAS,
transcriptome, transposon mutagenesis
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ETAT DE L’ART






Une pas si simple histoire de génétique

Dés I’ Antiquité, avec Pythagore, Hippocrate ou encore Aristote, la question de
I’hérédité des traits au fil des générations engendre de nombreuses théories. Alors
que Pythagore suggere une hérédité paternelle compléte quand la mére permet de
nourrir I’embryon, Hippocrate propose une hérédité partagée par le pére et la mére.
Cette hypotheése est suivie par les traités d’Aristote sur 1’Histoire des animaux.
Aristote va méme encore plus loin dans le traité de la Génération des animaux et
évoque des phénoménes d’interactions entre les différents acteurs de 1’hérédité dans
la formation de I’individu. Ce n’est cependant qu’au milieu du XIX®™ siécle que
Gregor Mendel théorise les lois de I’hérédité (Mendel, 1866), grace a une démarche
scientifique de 1’é¢tude de la descendance de croisements de petits pois d’aspects
différents (couleur et texture, par exemple). A la méme époque, Charles Darwin
imagine les « gemmules » logées dans les organes comme particules porteuses de
I’hérédité et des caractéres acquis (Darwin, 1868). Les lois de 1’hérédité de Mendel
ne sont considérées par la communauté scientifique que 30 ans apres leur découverte
et sont adoptées a partir de 1900, notamment par William Bateson. Ce dernier
introduit le terme de génétique et décrit des concepts fondamentaux comme celui
d’alléeles homozygote ou hétérozygote, et également d’épistasie, qui se réfere a
I’interaction entre les génes (Bateson, 1909). De nombreux chercheurs s’ impliquent
pour définir les premicres bases de cette discipline. Aux cotés de Bateson, nous
pouvons par exemple citer Sturtevant, Muller, Bridges et Morgan qui démontrent en
laboratoire I’existence des mutations et confirment la théorie des chromosomes grace
a D'organisme modele Drosophila melanogaster. En étudiant la variation de la
couleur des yeux dans la descendance de mouches du vinaigre, Morgan met
notamment en évidence la présence de chromosomes sexuels ainsi que la notion de
dominance et de récessivité des alléles (Morgan et al., 1915).

Au sein des individus d’une méme espéce, une grande diversité des caractéres est
observée. Ces caractéres, encore appelés traits ou phénotypes, correspondent a toutes
les caractéristiques observables ou mesurables d’un individu a différentes échelles :
macroscopique, cellulaire ou moléculaire. Certains phénotypes sont dits qualitatifs,
comme la couleur des petits pois étudiés par Mendel alors que d’autres sont dits
quantitatifs, comme la taille humaine (Figure 1A). La variance phénotypique
observée au sein d’une population repose ainsi sur une part génétique, mais aussi sur
une part environnementale et sur I’interaction entre ces deux parts (Figure 1B). Si on
se focalise sur la part génétique, la variance de cette derniére se décompose en effets



d’additivité, de dominance et d’épistasie (Figure 1B). Dans le cadre des traits
quantitatifs, la complexité du phénotype peut étre déduite de la distribution des
valeurs phénotypiques au sein de la population. En effet, des traits monogéniques,
ou mendéliens, c’est-a-dire gouvernés par un seul géne, peuvent étre prédits sur la
base de la distribution bimodale du phénotype dans la population. A I’inverse, les
traits sous I’influence de multiples génes / alléles, ou traits complexes, présentent
une distribution normale des valeurs phénotypiques (Figure 1A).

A. @)
w ﬁ] i i| [m]
Trait monogénique Trait complexe
B.
2 2 2 2
Phenotyplque ﬂ_*- O Environnementale +0 GxE

Valeur phénotypique

2 2 )

G Additivité+ G Dominance+ c Epistasie
° o ) o ° o
o ° o)
Figure 1. Origine de la variance phénotypique (c?p).
(A.) Distribution de différents types de phénotypes dans une population. Un trait
monogénique, ou mendélien, gouverné par un seul géne possede une distribution bimodale.
Un trait complexe, gouverné par plusieurs geénes, posseéde, quant a lui, une distribution

normale du phénotype. On peut par exemple citer la taille humaine. (B.) Décomposition de
I’origine de la variance phénotypique (o%p) observée dans une population pour un trait donné.




Chez ’Homme, le systtme ABO des groupes sanguins est un exemple de trait
monogénique suivant une hérédité mendélienne (Yamamoto et al., 1990). En effet,
la glycosyltransférase produisant I’antigéne a la surface des globules rouges peut étre
codée par 3 alleles d’un méme gene situé sur le chromosome 9 (Ferguson-Smith et
al., 1976). L’all¢le A code I’enzyme produisant I’antigéne A ; 1’all¢le B, 1’antigéne
B. Ces deux alléles étant dominants, les 2 antigénes seront produits chez les individus
hétérozygotes, pour lesquels chaque parent aura transmis un des deux alléles.
L’alléle O est quant a lui récessif et silencieux, ¢’est-a-dire qu’aucun antigéne n’est
produit dans un contexte homozygote ou seul cet alléle est présent. La mucoviscidose
ou encore la neurofibromatose de type 1 sont des maladies génétiques humaines qui
suivent ce type d’hérédité, ou la présence de mutations délétéres dans un seul gene,
CFTR ou NFI respectivement, engendre la maladie (Pasmant et al., 2012; Ratjen et
al., 2015). A I’heure actuelle, plus de 5000 maladies monogéniques sont associées &
leur géne causal (https://www.omim.org/).

De nombreuses maladies humaines telles que 1’autisme, la schizophrénie ou encore
la maladie d’ Alzheimer ont une origine complexe ou multigénique (Lichtenstein et
al., 2009; Nikolac Perkovic and Pivac, 2019; Ramaswami and Geschwind, 2018).
Elucider les origines génétiques des traits complexes reste encore aujourd’hui une
problématique fondamentale, les genes causaux étant bien plus difficiles a
cartographier. Au cours des 10 derniéres années, le nombre de variants génétiques
associés a la variance de la taille humaine est par exemple pass¢ de 40 a plusieurs
milliers (Akiyama et al., 2019; Manolio et al., 2009; Wood et al., 2014; Yengo et al.,
2018). Cependant, ces milliers de variants génétiques n’expliquent qu’une partie
relativement faible (2 savoir 25%) de la variance phénotypique de ce trait dans la
population étudiée (Yengo et al., 2018).

Le terme d’héritabilité dite au sens large (H?) est utilisé pour définir la proportion de
la variance phénotypique dans la population étudiée qui repose sur des facteurs
génétiques. L héritabilité au sens strict (%) correspond a la contribution des effets
génétiques uniquement additifs a la variance phénotypique. En plus de I’additivité,
des effets de dominance et d’épistasie sont également responsables de la variance
génétique a I’origine de la variabilité des traits. Des travaux récents chez la levure
Saccharomyces cerevisiae ont permis d’estimer que la variance phénotypique est en
moyenne expliquée a 55% par des effets additifs et a 29% par des effets non additifs
(Bloom et al., 2013; Fournier et al., 2019).


https://www.omim.org/

Etudes des variations du génome au sein d’une population

Afin de déterminer les bases génétiques a 1’origine de la variance phénotypique
observée entre les individus d’une méme espéce, une comparaison des traits d’une
part et des variants génétiques d’autre part est indispensable. Afin d’obtenir la vue
la plus exhaustive possible des variants génétiques qui pourraient expliquer la
variance phénotypique, il est nécessaire de disposer des séquences nucléotidiques
des génomes de grandes cohortes d’individus.

Dans cette partie, nous décrirons les avancées technologiques ayant permis d’établir
les catalogues des variants génétiques au sein des populations. Nous discuterons
ensuite de I’histoire évolutive des especes a partir de la diversité et de la structure
des génomes au sein d’une population. Enfin, nous verrons comment des sous-
populations ont génétiquement évolué au fil des générations.

Le séquencage et ses avancées au cours des derniéres décennies

Les nombreuses avancées dans le domaine de la génétique au XX°™ siécle valident
la théorie des chromosomes comme porteurs de 1’hérédité. La molécule support de
ces chromosomes est identifiée comme de I’ADN (acide désoxyribonucléique) et sa
structure est décrite en 1953 par Watson, Crick, Franklin et Wilkins (Watson and
Crick, 1953). L’ADN est un polymere constitué¢ d’une succession de nucléotides
composés d’une base nucléique sous 4 formes possibles : I’adénine, la thymine, la
cytosine ou la guanine. Cette découverte révolutionne la discipline et trés vite, le
passage de I’ADN en protéine via ’ARNm est ¢lucidé (Jacob and Monod, 1961)
ainsi que le code génétique (Martin et al., 1961). Ce dernier permet de décrypter la
correspondance entre la succession de nucléotides et d’acides aminés d’une protéine.
11 devient ainsi essentiel de pouvoir déterminer I’enchainement des nucléotides dans
les génomes pour comprendre la diversité des phénotypes.

Le séquencage de 1°° génération

Une vingtaine d’années aprés la caractérisation de la structure de I’ADN, les
premicres stratégies de séquencage sont développées en parallele par Frederick
Sanger (Sanger et al., 1977) et par Allan Maxam et Walter Gilbert (Maxam and
Gilbert, 1977) (Figure 2A). Cette derniere consiste a cliver une molécule d’ADN par
différents réactifs chimiques selon la base nucléotidique (ou combinaison de bases),
puis a détecter ces bases grice a un marquage radioactif en 5° permettant de



reconstituer la séquence (Maxam and Gilbert, 1977). La stratégie de Sanger repose,
quant a elle, sur I’incorporation de dNTP (désoxyribonucléotide) ou de ddNTP
(didésoxyribonucléotide) lors de la polymérisation de I’ADN. Les ddNTP bloquant
I’¢longation, des fragments de toutes les tailles sont alors produits. Des marqueurs,
radioactifs a 1’époque, fluorescents aujourd’hui, permettent la lecture du ddNTP
terminateur de la chaine d’ADN et donc de déduire la succession des nucléotides le
long du fragment d’intérét (Sanger et al., 1977). Cette stratégie a permis de s€quencer
deés 1977 le premier génome complet : celui du virus bactériophage ¢ X174, constitué
de 5386 nucléotides (Sanger et al., 1977, 1978). Vingt ans plus tard, en 1996, la
levure Saccharomyces cerevisiae, dont le génome est composé de 12 Mb, est le
premier organisme eucaryote entiérement séquencé grice a une collaboration
internationale d’environ 600 chercheurs (Dujon, 2019; Goffeau et al., 1996). Les
génomes de nombreux autres organismes modeles tels que Escherichia coli (Blattner
et al., 1997), Caenorhabditis elegans (The C. elegans Sequencing Consortium,
1998), Drosophila melanogaster (Adams et al., 2000), Arabidopsis thaliana
(Arabidopsis Genome Initiative, 2000) ou Mus musculus (Waterston et al., 2002)
sont ensuite séquencés et publiés. Malgré 1’ampleur de la tache, le projet de
séquencage du génome humain, constitué d’environ 3 Gb, est initié en 1985 et donne
lieu a une premiére publication en 2001 (Lander et al., 2001; Venter et al., 2001).
Cette période verra également 1’émergence de la génomique comparative, qui repose
sur la comparaison des génomes de diverses especes évolutivement éloignées (Rubin
et al., 2000) ou évolutivement plus proches, au sein d’un méme phylum, comme
celui des levures (Dujon et al., 2004; Souciet et al., 2000). Au vu de ’ampleur et des
cotts induits par les projets de séquencage a cette époque, seul un génome, dit alors
«de référence », est assemblé par espeéce, prévenant a ce niveau les études
comparatives entre individus a I’échelle du génome complet.

Le séquencage de 2°° génération

L’émergence, au début des années 2000, des techniques de séquengage dites de 2°™
geénération (Figure 2B) a permis d’augmenter le débit tout en réduisant les coits de
séquencage, induisant un changement d’échelle dans ce domaine (Shendure and Ji,
2008; Wheeler et al., 2008). Parmi ces techniques a haut-débit, le séquencage de type
Illumina / Solexa repose sur une amplification préalable de courts fragments d’ADN
puis d’une synthése des brins dénaturés a partir de nucléotides marqués émettant un
signal fluorescent. Plusieurs centaines de millions de lectures peuvent étre
séquencées en paralléle. Des projets basés sur le séquengage de plusieurs individus



d’une méme espece sont alors initiés, permettant de poser les bases de la génomique
des populations décrites quelques années auparavant (Gulcher and Stefansson,
1998). Rapidement, les échelles augmentent et le millier d’individus dont le génome
est séquencé est atteint pour plusieurs especes dont I’Homme (Auton et al., 2015), la
plante A. thaliana (Alonso-Blanco et al., 2016) ou encore la levure S. cerevisiae
(Peter et al., 2018). Le séquengage de 2°™ génération présente des avantages majeurs
tels que le haut-débit et un colt réduit par génome séquencé. Cependant, la petite
taille des lectures générées, au maximum 300 paires de bases (pb), rend difficile les
assemblages de génome de novo. L’alignement de ces lectures sur un génome de
référence représente une stratégie de choix pour la détection efficace de variants
génétiques courts comme les SNP (pour Single-Nucleotide Polymorphisms) et les
indels (pour insertion / délétions). La détection des variants plus longs comme par
exemple les grands réarrangements chromosomiques est néanmoins limitée par ces
stratégies.

Figure 2. Evolution et principe des stratégies de séquencage.

(A.) Le séquengage de 1% génération de type Sanger repose la synthése d’un brin d’ADN a
partir d’'une matrice en incorporant des dNTP (désoxyribonucléotides) ou des ddNTP
(didésoxyribonucléotides) pour soit continuer la synthése soit la bloquer. Une lecture des
ddNTP terminaux permet de reconstituer la séquence. (B.) La technologie de séquengage
Illumina repose sur une amplification préalable de courts fragments d’ADN puis d’une
synthése des brins dénaturés a partir de nucléotides marqués émettant un signal fluorescent.
(C.) Le séquengage de type Oxford Nanopore repose sur le passage de la molécule d’ADN
natif & travers un nanopore biologique permettant I’émission d’un courant électrique variable
selon les nucléotides le traversant. Figure adaptée de Shendure et al. (Shendure et al., 2017).
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Le séquencage de 3°™ génération

En 2010, I’arrivée du séquengage de 3°™ génération (Figure 2C) permet de générer
des lectures longues, de plusieurs kilobases (kb) (Wenger et al., 2019) a plusieurs
mégabases (Mb) (Payne et al., 2019) avec principalement deux technologies : Pacific
Biosciences (PacBio) et Oxford Nanopore (Schadt et al., 2010). Aucune
amplification préalable de ’ADN n’est nécessaire pour ces 2 méthodes. L’ADN
génomique peut directement étre fragmenté a la longueur voulue et préparé pour le
séquencage. La technologie PacBio est basée sur un support de séquencage
permettant la détection de signal fluorescent en temps réel lors de 1’incorporation
d’un nucléotide. Ce support de séquengage permet de séparer chaque molécule
d’ADN dans un puit dans lequel une polymérase est immobilisée pour synthétiser
I’ADN a partir d’un simple brin (Eid et al., 2009; Rhoads and Au, 2015). La
technologie Oxford Nanopore repose quant a elle sur le passage de la molécule
d’ADN a travers un nanopore biologique permettant I’émission d’un courant
¢lectrique variable selon les nucléotides qui traversent le pore (Branton et al., 2009;
Jain et al., 2016). Malgré les améliorations constantes de ces technologies, le taux
d’erreur de séquencage reste encore important, de I’ordre de 5%. Quoiqu’il en soit,
la longueur des lectures fournies par ces nouvelles stratégies permettent de générer
des assemblages de génome de bonne qualité, pouvant atteindre une résolution au
niveau chromosomique. A partir de ces assemblages, la détection de longs
réarrangements chromosomiques dans les génomes est alors facilitée. Ces
technologies représentent une perspective intéressante dans 1’étude des génomes a
I’échelle de populations. Dans ce but, différents protocoles couplant les stratégies de
2¢me et 3¢me génération sont couramment mis en place et permettent de corriger les
erreurs de séquencgage retrouvées dans les lectures longues (De Coster et al., 2021).
Par exemple, 20 ans aprés le premier génome humain séquencé, le couplage des
technologies Illumina, Oxford Nanopore et PacBio a permis d’atteindre un nouveau
niveau de résolution en séquencant I’intégralité du génome de 3 Gb incluant les
régions d’hétérochromatine ainsi que les régions structurellement complexes (Nurk
et al., 2021).
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Variabilité des génomes au sein des populations

En 1998, Gulcher introduit la notion de « génomique des populations » en
recherchant les causes génétiques de maladies complexes au sein d’une population
islandaise. A partir de populations vivante et ancestrale de 600 000 islandais dont les
relations généalogiques sont connues, 1’objectif consiste a associer 2000 a 3000
variants nucléotidiques et 600 a 1000 marqueurs microsatellites avec les
informations médicales connues dans la population (Gulcher and Stefansson, 1998).
Vingt ans plus tard, les génomes d’un grand nombre d’individus de diverses especes
ont été séquencés grace aux avancées technologiques considérables. Ces projets de
grande ampleur ont rendu la génomique des populations incontournable dans
I’exploration de la construction des génomes et de la diversité génétique intra-
spécifique. En effet, ces projets de séquencage massif de génomes ont permis
d’établir des catalogues de variants génétiques au sein de plusieurs espéces comme
I’Homme (Auton et al., 2015) ou d’autres espeéces modeles (Alonso-Blanco et al.,
2016; Cook et al., 2017; Peter et al., 2018). Chez I’Homme, le séquencage du
génome de 2504 individus issus de 26 populations a permis d’identifier plus de 88
millions de variants génétiques de différents types : 84,7 millions de sites de
polymorphisme nucléotidique (SNP), 3,6 millions de courtes indels et 60 000
variants structurels (Auton et al., 2015) (Figure 3). La constitution de ces catalogues
de variants génétiques permet d’envisager d’associer ces variants a leurs
conséquences phénotypiques et de mieux appréhender les mécanismes évolutifs.
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Figure 3. Description des types de variants génétiques.

Vue d’ensemble schématique des variants génétiques retrouvés dans les génomes
comprenant les sites de polymorphismes nucléotidiques (SNP) ainsi que les variants
structurels (SV) avec ou sans changement du nombre de copies (CNV pour Variant du
Nombre de Copies).

Le polymorphisme nucléotidique

Parmi les variants génétiques, les SNP, qui correspondent au changement d’un seul
nucléotide (Figure 3), sont les plus fréquents. Ces mutations peuvent étre induites
par des agents mutagénes extérieurs, comme les UV, ou par des erreurs de réplication
ou de réparation de I’ADN. Chez I’Homme, un génome contient de 4,1 a 5 millions
de SNP par rapport au génome de référence (Auton et al., 2015), ce qui correspond
environ a une mutation toutes les 700 pb. La diversité nucléotidique est trés variable
entre les différentes espéces. A titre d’exemple, chez la levure S. cerevisiae, 1,6
millions de SNP sont retrouvés dans une population de 1011 isolats naturels et en
moyenne, nous retrouvons une mutation toutes les 200 pb (Peter et al., 2018). Les
conséquences de ce type de mutations dépendent d’une part de la localisation du
résidu affecté et notamment s’il se situe dans une région codante (CDS pour Coding
DNA Sequence), dans le promoteur d’un geéne ou encore dans les régions
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intergéniques. Une mutation est dite silencieuse si elle ne modifie pas la séquence
protéique associée au gene, en se situant soit en dehors de la CDS ou en ne modifiant
pas I’acide aminé grace a la redondance du code génétique, on parle dans ce cas de
mutation synonyme. A I’inverse, les mutations non-synonymes présentes dans la
CDS peuvent étre de deux types. Les mutations non-sens conduisent a I’apparition
d’un codon stop et sont a I’origine de la production de protéines tronquées. Un
changement d’acide aminé par un autre dans la séquence résulte d’une mutation
faux-sens et peut avoir des conséquences diverses, selon la localisation du résidu
affecté et la nature du changement. Les variations neutres n’affecteront pas la
fonction de la protéine alors que les variations délétéres induiront une altération de
cette derniére. Dans le cas de la drépanocytose par exemple, une maladie génétique
humaine, une mutation faux-sens dans le geéne codant la B-globine entraine le
remplacement d’un acide glutamique par une valine (Herrick, 1910; Rees et al.,
2010). Cette mutation entraine une malformation des globules rouges et est associé
a un grand panel de symptomes : de I’anémie a la défaillance d’organes. Des outils
bio-informatiques, tels que SIFT (Sorting Tolerant From Intolerant) un algorithme
basé sur les similarités de séquences et les propriétés chimiques des acides aminés
(Kumar et al., 2009), permettent aujourd’hui de prédire les conséquences des
différentes mutations sur la protéine, sa structure, sa fonction. Chez la levure
S. cerevisiae, il a par exemple été décrit que parmi les 1,6 millions de SNP, les
variants les plus rares dans la population étaient ceux prédits comme les plus
déléteres (Peter et al., 2018). Les mutations dans les régions intergéniques peuvent
¢galement avoir un impact phénotypique, notamment sur I’expression des génes. En
effet, ’expression des genes peut étre influencée par des variants génétiques présents
dans la CDS mais aussi dans des régions proches (Figure 4), on parle alors de variants
régulateurs locaux ou cis- (Albert and Kruglyak, 2015; Hill et al., 2021). Ces variants
locaux peuvent affecter le promoteur direct (ou core promoter) (Lubliner et al., 2015;
Tirosh et al., 2009) ainsi que les régions régulatrices adjacentes comme les sites de
liaison des facteurs de transcription, les amplificateurs (ou enhancers) ou les régions
terminatrices (Andersson and Sandelin, 2020; Hill et al., 2021; Wittkopp and Kalay,
2011). L’accessibilité de la chromatine autour du site d’initiation de la transcription
peut également étre modifiée et ainsi faire varier I’expression des génes (Field et al.,
2009; Hill et al., 2021; Lickwar et al., 2012). Des variants régulateurs distants ou
trans- influent également sur le niveau d’expression des geénes en impactant
directement des facteurs de transcription ou des protéines impliquées dans la
signalisation de la régulation par exemple (Lutz et al., 2019) (Figure 4). De maniére
générale, les variants régulateurs distants sont majoritaires et ont des effets plus
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pléiotropiques que les variants locaux (Albert et al., 2018; Hill et al., 2021; Signor
and Nuzhdin, 2018; Wittkopp, 2005). Cependant, les variants locaux contribuent de
fagon plus importante a la variance phénotypique (Albert et al., 2018; Hill et al.,
2021) en raison d’effets plus ciblés sur la transcription (Coolon et al., 2015; Emerson
et al., 2010). L analyse de I’expression du géene TDH3 dans une population de plus
de 50 isolats de la levure S. cerevisiae a récemment mis en évidence |’origine
polygénique de I’expression du géne avec jusqu’a 100 variants régulateurs identifiés
(Metzger and Wittkopp, 2019).

Variant régulateur local Variant régulateur distant

Y — YFG2 — AN
— YFG © - — \

L 2 T_, ——

. - e Y EGI) e - -

Figure 4. Classification des variants génétiques régulateurs.

Les variants génétiques régulant localement 1’expression des génes (gauche), ou cis-eQTL
(pour expression Quantitative Trait Loci), ont un impact direct sur le niveau d’expression et
peuvent par exemple étre localisés dans le promoteur du géne. Les variants régulateurs
distants (droite), ou trans-eQTL, sont situés dans une région éloignée par rapport au géne
influencé, voire sur un autre chromosome. Ces trans-eQTL peuvent par exemple engendrer
une modification d’un facteur de transcription régulant par la suite le niveau d’expression du
geéne considéré.

Les variants structurels

Différents types de variants structurels (SV pour Structural Variant) s’ajoutent aux
SNP et participent activement a la variabilité¢ des génomes (Figure 3). Parmi ces SV,
on retrouve des remaniements réciproques, comme les inversions et les
translocations réciproques qui ne modifient pas le nombre de copies dans le génome,
et les remaniements non-réciproques, comme les translocations non réciproques et
les variants du nombre de copies (CNV pour Copy Number Variant) : duplications,
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insertions et délétions de tailles variables. Ces remaniements du génome sont issus
d’erreurs de réparation de I’ADN ou de ségrégation des chromosomes mais sont
aussi une réponse efficace d’adaptation a un stress ou a un processus de
domestication industrielle (Gorkovskiy and Verstrepen, 2021). Par exemple, des
isolats de S. cerevisiae impliqués dans les processus de vinification présentent des
SV réciproques (translocations ou inversion) particulierement conservés pour leurs
intéréts industriels. En effet, certains de ces SV induisent la surexpression du géne
SSUI impliqué dans la tolérance au sulfite, un composé utilisé pour son role
antioxydant (Marullo et al., 2020; Pérez-Ortin et al., 2002). L’émergence du
séquencage de lectures longues a largement contribué a la détection de ces variants
structurels (SV) qui était jusqu’alors compliquée, en particulier pour les SV
réciproques (De Coster et al., 2019). Des études plus larges des SV a I’échelle d’une
population ont pu voir le jour chez ’Homme (Beyter et al., 2021) ou encore dans
plus de 3000 génomes de riz (Fuentes et al., 2019).

Parmi les différents types de SV, les origines et les impacts des CNV ont été
particuliérement caractérisés dans les génomes. Différentes expériences d’évolution
chez la levure S. cerevisiae ont notamment révélé une propagation des CNV sans
pression de sélection dans des contextes de compétition (Lauer et al., 2018; Payen et
al., 2014; Thierry et al., 2015, 2016). La taille des régions affectées par ces CNV
peut concerner le génome entier, un ou plusieurs chromosomes ou génes ou
seulement quelques paires de bases. Chez les plantes ou les levures par exemple, les
duplications complétes du génome (WGD pour Whole-Genome Duplication) sont
considérées comme un mécanisme évolutif clé (Albertin and Marullo, 2012; Ohno,
1970; Otto, 2007). De plus, au sein d’une méme espece, il est possible d’observer
d’importantes variations de la ploidie. Par exemple, dans la population des 1011
isolats de S. cerevisiae, 87% de la population naturelle est diploide. Des isolats
polyploides (3n, 4n et 5n) ont également ¢été identifiés et représentent 11,5% de la
population (Peter et al., 2018). Malgré un impact négatif de la polyploidie sur
le fitness des individus dans des conditions de laboratoire (Figure SA), ces individus
polyploides ont été spécifiquement isolés dans des environnements liés a 1’activité
humaine comme la production de biére, de vin de palme ou en boulangerie (Peter et
al., 2018). Les aneuploidies — modification du nombre d’un ou plusieurs
chromosomes — provoquent également une diminution du fitness chez la levure
S. cerevisiae (Figure 5B). De maniére intéressante, le nombre d’ancuploidies
retrouvé dans la population par chromosome est inversement corrélé a la taille du
chromosome concerné (Figure 5C) et suggére un effet plus délétére en présence d’un
nombre plus grand de génes dupliqués (Peter et al., 2018).

15



n=4,585 n = 26,249 n=1610 n=1,330 n=6,510 n=20,719

p-value <2.2e-16

1.5+ 1.5-
(7]
P 3
o 5
5 =
=
D 1.0-
3 1.0- ©
g o
2 =]
3 3
= S
0.5-
0.5-
0.0-
0.0- " ,
! ! ! ! Aneuploide Euploide
1 2 3 4
Ploidie
C.
.
[} 60-
2 .
2 r?=0.428, p.value =0.00596
-
=]
2
& 40
©
L
Ko}
€
S
Z 20
.
0-

400 kb 800 kb 1 Mb
Taille du chromosome

Figure 5. Variation de la ploidie et des aneuploidies dans une population de levures.
(A.) Distribution des valeurs de croissance des isolats selon leur ploidie dans 36 conditions
de culture. Les isolats diploides possédent une mesure de fitness globalement supérieure aux
autres ploidies. (B.) Distribution des valeurs de croissance des isolats dans 36 conditions de
culture selon la présence ou non d’aneuploidies dans leur génome. Un impact négatif sur le
fitness des isolats est observé en cas d’aneuploidie. (C.) Corrélation négative entre le nombre
d’aneuploidies détectées dans la population et la taille du chromosome concerné. Figures
adaptées de Peter et al., 2018.
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Une des seules aneuploidies viables chez ’Homme affecte le chromosome 21, un
des plus courts du génome humain. Dans le cas de la trisomie 21 ou syndrome de
Down, le surdosage des génes du chromosome 21 entraine de nombreuses variations
phénotypiques (Antonarakis, 2017; Patterson, 2009). De nombreux mécanismes
régulant ’expression des geénes a différents niveaux sont cependant mis en place
pour compenser le surdosage (Hose et al., 2015; Liu et al., 2017). Les mécanismes
de compensation / tolérance a I’échelle chromosomique sont encore flous et des
questions se posent également sur I’impact des CNV a 1’échelle du gene. En effet,
les CNV sont tres répandus dans les génomes et concernent un grand nombre de
genes. Chez I’Homme, 9,5% du génome serait impliqué dans un gain ou une perte
de copies (Zarrei et al., 2015). Dans la population de 1011 isolats de S. cerevisiae,
presque chacun des ~ 6000 génes est dupliqué ou supprimé dans au moins une souche
avec une fréquence plus grande pour les génes localisés dans les régions
subtélomériques (Peter et al., 2018). Les conséquences de ces variants du nombre de
copies peuvent étre plus ou moins délétéres. Chez les bactéries et les levures, les
CNV sont fréquemment associés a des mécanismes d’adaptation a I’environnement,
comme la résistance aux antibiotiques, aux antifongiques ou a d’autres composés
chimiques (Fogel and Welch, 1982; Sandegren and Andersson, 2009; Soo et al.,
2011; Todd and Selmecki, 2020). Chez I’Homme, les CNV sont largement impliqués
dans les cancers, que ce soit comme déclencheurs de tumeur ou en conséquence du
processus de tumorigenése (Beroukhim et al., 2010). En plus des événements de
duplication ou de délétion de genes, des insertions peuvent également avoir lieu.
Elles peuvent concerner des éléments transposables ou étre associées a des
introgressions ou des transferts horizontaux de genes (HGT pour Horizontal Gene
Transfer).

Le pangénome

L’étude des variations génétiques au sein de populations naturelles a permis de
mettre en évidence la variabilité du contenu en génes entre individus appartenant a
une méme espece. Ces observations introduisent pour la premiére fois la notion de
pangénome chez la bactérie Streptococcus agalactiae (Tettelin et al., 2005). Le
pangénome est constitué du génome de base (ou core genome), comprenant les génes
présents dans tous les individus d’une espéce, et du génome accessoire, c’est-a-dire
des génes dont la présence varie entre individus d’une population. Certains geénes
peuvent étre présents dans un seul individu de la population, faisant extrémement
varier les génomes. Ces geénes uniques peuvent représenter de 20 a 40% du
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pangénome de certaines especes bactériennes (Zou et al., 2019). Dans les génomes
plus complexes majoritairement composés de régions non-codantes, la définition du
pangénome est plus délicate et concerne aussi la variabilité du contenu en exons ou
encore des régions intergéniques non-codantes. Ainsi, de nombreux consortiums
incluant le séquencage de différentes populations participent a 1’effort pour définir
le pangénome humain (Sherman and Salzberg, 2020). L.’étude des pangénomes peut
avoir des intéréts biotechnologiques pour certaines espéces, comme celui des plantes
utilisées en agriculture notamment. En effet, des génomes contenant certains génes
accessoires sont sélectionnés pour des phénotypes spécifiques a une culture (Bayer
etal.,2020; Goliczetal.,2016; Tao et al., 2019). Dans différentes especes de levures,
une diversité importante des génes accessoires est retrouvée bien que le génome de
base constitue entre 75 et 90% des génomes (Mccarthy and Fitzpatrick, 2019; Peter
et al., 2018). De maniére générale, a I’échelle du génome de S. cerevisiae, les génes
accessoires ont une variabilité nucléotidique plus importante et subissent une
pression de sélection moins importante que le génome de base (Peter et al., 2018).
Parmi les genes accessoires, on retrouve différents types d’insertions comme les
HGT ou les introgressions. Ces introgressions proviennent de transfert d’un ou
plusieurs génes suite a un événement d’hybridation entre espéces proches. Chez
I’Homme, des introgressions provenant d’especes archaiques Néandertaliennes ou
Dénisoviennes sont retrouvées dans certaines sous-populations et peuvent impacter
les phénotypes (Bergstrom et al., 2021; McCoy et al., 2017; Skov et al., 2020). La
régulation de ces geénes est également spécifique par rapport au reste du génome.
Une régulation locale de I’expression des geénes est prédominante indiquant la
conservation des SNP régulateurs au cours des générations (McCoy et al., 2017).
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Histoire évolutive des génomes

L’ensemble des variants génétiques identifiés grdce aux nombreux projets de
séquencage est un excellent marqueur de I’histoire évolutive des espéces. Sur la base
de ces variants, la divergence génétique entre chaque individu peut étre estimée et
regroupée dans une matrice de distances génétiques. Cette matrice permet alors la
construction d’arbres de type neighbour joining. Des sous-groupes d’individus — ou
sous-populations — peuvent y étre identifiés et rapportés aux origines géographiques,
écologiques ou des événements de domestication / sélection. L’étude de la diversité
génétique au sein de ces sous-populations et entre les différents sous-groupes permet
d’obtenir des informations sur les variants génétiques uniques ou partagés entre les
individus et de dater ces évenements. La recherche des ancétres communs est aussi
fondamentale pour retracer 1’origine des génomes, soit par le séquencage de
génomes ancestraux fossiles quand cela est possible, soit par 1’analyse d’espéces
proches révélant des évenements d’introgression par exemple.

De nombreux scénarios ont été proposés ces 20 dernicéres années sur 1’origine et la
construction du génome de I’Homme moderne avec le séquengage de plusieurs
milliers d’individus. L analyse des 1000 premiers génomes humains séquencés a mis
en évidence une diversité génétique plus importante dans les sous-populations
africaines (Figure 6A) (Auton et al., 2015). Ces observations corroborent les
différentes hypothéses suggérant 1’origine de I’Homme moderne en Afrique il y a
0,3 a 1 million d’années (Bergstrom et al., 2021). Des phases de dispersion, d’abord
en Afrique, puis sur les autres continents ont suivi et créé des goulots d’étranglement
génétiques dans les autres sous-populations expliquant la plus faible diversité
génétique (Auton et al., 2015; Bergstrom et al., 2021). De plus, 1’acces aux génomes
d’individus archaiques fossiles (Hommes de Néandertal et Dénisova) datant de
plusieurs dizaines, voire centaines de milliers d’années a permis de retracer encore
plus efficacement I’histoire évolutive humaine. En effet, le génome de certaines
sous-populations contient des fragments génomiques de ces espéces archaiques.
D’un co6té, les sous-populations eurasiennes contiennent environ 2% d’ADN
néandertalien (Green et al., 2010; Sankararaman et al., 2012; Yang et al., 2012) alors
que les populations d’Asie du Sud / Océanie ou d’Asie de I’Est comportent
respectivement en moyenne 3 et 0,1% d’ADN dénisovien du Sud ou de Sibérie
(Bergstrom et al., 2020; Browning et al., 2018; Massilani et al., 2020; Priifer et al.,
2017; Reich et al., 2010). Ces éveénements d’introgression suggérent ainsi une
cohabitation et des croisements entre I’Homme moderne et des espéces archaiques
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jusqu’a il y a -40/-60 000 ans (Bergstrom et al., 2021). Bien que ces fragments de
génome aient été conservés au cours des générations, ils ont subi une forte sélection
négative avec de nombreuses mutations provoquant des pertes de fonction des all¢les
introgressés (Harris and Nielsen, 2016; Juric et al., 2016; Petr et al., 2019;
Sankararaman et al., 2016).

\ KHV )
MsL i sTU =
Unique a la ,PEI. | -
Partagé entre YRI “ )
population tous les s
continents
Um?,ue Partagé entre
ontinent continents

\5\%@% ‘x‘f_, $Q Cﬁs&x %\ Q‘O\"\(_}\Q?G,QQ.%Q @&Q Cz{') ‘2& A

Figure 6. Distribution et structure de la population humaine.

(A.) Distribution des sites polymorphiques au sein de sous-groupes de la population humaine
mondiale. Les diagrammes circulaires représentent les proportions de variants partagés entre
les sous-populations. (B.) Structure de la population humaine basée sur une stratégie de calcul

de maximum de similarité en inférant un nombre de sous-populations égal a 8. Figures
adaptées de Auton et al., 2015.
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Parmi les différentes sous-populations décrites, une structure importante se dégage
avec des génomes ancestraux bien spécifiques pour chaque continent, a I’exception
des sous-populations américaines qui présentent des mélanges plus importants et des
génomes dits mosaiques (Figure 6B) (Auton et al., 2015).

De maniére équivalente, une structure importante s’est dégagée de 1’étude de 1011
génomes de la levure S. cerevisiae (Peter et al., 2018). En effet, 26 sous-populations
— ou clades — ont été définies sur la base de la diversité nucléotidique entre isolats.
Une corrélation importante est retrouvée entre ces clades et les origines
géographiques, écologiques et les évéenements de domestication. Cependant, 3 sous-
groupes d’isolats ne présentent pas de structure bien définie. On y retrouve des
souches d’origines écologiques ou géographiques variées constituées d’une
mosaique de génomes ancestraux (Figure 7A) (Peter et al., 2018). La diversité
génétique intraspécifique importante (avec un maximum de 1,83% de divergence) et
I’impact de I’Homme sur la sélection des isolats dans les processus industriels
complexifient I’étude de I’histoire évolutive des génomes au sein de cette espece. De
plus, jusqu’a récemment, aucun ancétre commun n’avait été identifi¢ pour cette
espece. La découverte d’isolats provenant de Chine avec une importante divergence
génétique par rapport au reste de la population suggere une origine asiatique de
I’espece. En cohérence avec cette hypothése, des especes proches de S. cerevisiae,
telles que Saccharomyces mikatae ou Saccharomyces arboricola, sont elles-mémes
originaires d’Asie de I’Est (Figure 7B) (Duan et al., 2018; Peter et al., 2018). Comme
dans le génome humain, certains clades contiennent un nombre important
d’introgressions provenant notamment de I’espeéce proche
Saccharomyces paradoxus, avec un maximum de 300 ORF (pour Open Reading
Frames) par génome. Un hybride entre les espéces S. cerevisiae et S. paradoxus, a
récemment été étudié et permet de mieux comprendre I’origine des introgressions
(D’ Angiolo et al., 2020). Le génome de cet hybride a en effet révélé de larges régions
de perte d’hétérozygotie (LOH pour Loss of Heterozygosity) en faveur de la version
S. paradoxus pour environ 9,7% du génome (D’Angiolo et al., 2020). L’instabilité
du génome de I’hybride conduisant a la formation de ces événements de LOH
favorise la recombinaison méiotique et mitotique, restaurant ainsi la fertilité de
I’hybride et sa capacité a se croiser avec d’autres individus (D’ Angiolo et al., 2020).
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Figure 7. Structure et origine d’une population de 1011 isolats naturels de
Saccharomyces cerevisiae.

(A.) Structure de la population de S. cerevisiae basée sur une stratégie de calcul de maximum
de similarité en inférant un nombre de sous-populations entre 5 et 8 (valeur K). (B.) Arbre
phylogénétique construit a partir de la comparaison des génes communs entre les différentes
sous-populations de S. cerevisiae et des espéces proches, du genre Saccharomyces. Origines
géographiques des isolats de S. cerevisiae et calcul de la distance par rapport a 1’ancétre
commun S. cerevisiae (Sc) / Saccharomyces paradoxus (Sp), en bleu, et le nombre d’ORF
introgressées de S. paradoxus, en rouge. Figures adaptées de Peter et al., 2018.
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Adaptations génétiques intra-spécifiques au sein de sous-populations

L’identification de sous-populations au sein des espéces révele des pressions de
sélection liées notamment a I’environnement de vie des individus. Différentes
adaptations des génomes aux conditions environnementales peuvent ainsi étre
détectées dans les sous-populations.

Chez lalevure S. cerevisiae, il est intéressant de noter que certaines sous-populations
sont d’origine naturelle alors que d’autres ont ét¢ domestiquées par I’Homme. Ces
isolats domestiqués sont impliqués dans des processus industriels divers comme par
exemple 1’élaboration de vin, de biére, de pain, de produits laitiers, de saké. Par
conséquent, les génomes des isolats non-domestiqués ont évolué de facon distincte
par rapport aux génomes des isolats domestiqués. Tandis que 1’évolution par
accumulation de SNP a prédominé dans les sous-populations naturelles, la
domestication a participé a une variation importante du contenu en genes (Peter et
al., 2018). Ces différences illustrent la sélection subie par les populations naturelles
par rapport a la sélection humaine qui favorise de meilleurs phénotypes pour des
intéréts industriels précis. Les conditions de culture ont un impact considérable sur
la sélection des isolats. Lors de la fabrication de produits laitiers, par exemple, les
souches doivent étre performantes dans des milieux qui contiennent notamment du
galactose comme source de carbone. Différentes adaptations a ce milieu ont été
identifiées dans les génomes de cette sous-population telles que des HGT de génes
impliqués dans le métabolisme du galactose (GAL7, GAL10 et GALI) ou encore des
duplications de la D-lactate déshydrogénase, DLD3 (Legras et al., 2018; Peter et al.,
2018). Il est intéressant de noter que la divergence génétique au sein des sous-
populations domestiquées peut étre tres variable. La sous-population des souches de
vin et celle des souches de saké présentent par exemple une diversité génétique intra-
clade trés faible, 7= 1x107° et 0,8x107° respectivement. Cette valeur de diversité
nucléotidique, m, représente la valeur moyenne de la divergence nucléotidique
calculée pour chaque paire d’individus. A I’inverse, les isolats impliqués dans la
fermentation de la biére se répartissent dans 3 sous-populations distinctes qui
présentent une diversité nucléotidique intra-clade beaucoup plus importante, de
Pordre de m=2,8x107. Les souches de biére ont cependant des caractéristiques
partagées entre ces clades, a savoir des génomes polyploides (n > 2), des
aneuploidies fréquentes et un degré d’hétérozygotie important. Cela illustre la
coexistence de plusieurs éveénements indépendants de domestication pour les
souches de biére, dans le cadre desquels les mémes caractéristiques ont été

23



sélectionnées, alors qu’un ancétre commun unique serait a 1’origine des sous-
populations de vin ou de saké (Peter et al., 2018).

L’évolution des génomes est influencée par divers facteurs, parfois associés a
I’Homme, mais aussi relatifs aux conditions de vie ou au climat. Chez I’Homme, par
exemple, la couleur de la peau est liée a I’exposition variable aux UV d’une région
géographique a I’autre (Jablonski and Chaplin, 2000). Il a ainsi ét¢ montré que
I’évolution de certaines régions génomiques est liée au degré d’exposition aux UV
des sous-populations et que I’importante variance phénotypique de ce trait est
associée a une origine génétique complexe. De nombreux mécanismes de régulation
du niveau de production de mélanine ont été mis en évidence et impliquent un grand
nombre de variants génétiques (Beleza et al., 2013; Crawford et al., 2017; Liu et al.,
2015; Lloyd-Jones et al., 2017). De manié¢re intéressante, I’Homme moderne,
originaire d’Afrique ou I’exposition aux UV est importante, possede les variants
ancestraux produisant plus de mélanine. Ces variants ancestraux ont notamment été
remplacés par des variants introgressés a partir des espéces archaiques, Néandertal
et Dénisova, moins exposées aux UV (Crawford et al., 2017; Simonti et al., 2016).
D’autres variants introgressés maintenus au cours des générations en raison de la
faible exposition aux UV se retrouvent dans les sous-populations eurasiennes. Une
¢tude récente a par exemple permis d’associer des variants introgressés avec la
prédisposition a la kératose actinique, maladie causée par I’exposition chronique aux
UV (Simonti et al., 2016). Des questions se posent alors sur la conservation de
variants génétiques, pourtant délétéres, dans certaines sous-populations. Reprenons
I’exemple de la drépanocytose, la mutation entrainant une altération de la -globine
doit étre présente sous sa forme homozygote, HbS, pour provoquer la maladie.
Cependant, la forme hétérozygote, un alléle sain HbA et un alléle muté HbS, a
montré un avantage sélectif associé¢ avec la résistance au paludisme (Flint et al.,
1998; Kariuki and Williams, 2020). Cela explique ainsi la conservation et la
prévalence plus importantes de 1’alléele HbS dans les sous-populations africaines
subsahariennes ou le paludisme se propage toujours intensivement.

Ces observations illustrent ainsi la complexité derriére la constitution et le maintien
de la diversité génétique au sein des populations. De plus, sur la grande diversité
génétique présente au sein des espéces, peu de variants sont associés a un ou
plusieurs phénotypes. Inversement, la variance phénotypique de nombreux traits
complexes n’est expliquée qu’en partie par un nombre limité de variants génétiques.
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Etude de la relation génotype-phénotype

Apres I’établissement des premicres bases de la génétique il y a 150 ans, la mise au
point de différentes stratégies de séquencage et la démocratisation de la génomique
des populations ont bouleversé les maniéres d’étudier les relations entre le génotype
et le phénotype. Des catalogues de variants génétiques détectés au sein de
populations naturelles ont permis de reconstruire une partie de 1’histoire évolutive
de certaines espéces et de mieux caractériser les régions génomiques qui ont subi
diverses pressions de sélection. L’ensemble de cette diversité génétique est le
fondement de la variance phénotypique observée entre les individus d’une méme
espece. Un objectif majeur reste donc aujourd’hui de disséquer, sur la base de ces
observations, la relation liant le génotype au phénotype et ce pour une multitude de
traits, allant des plus simples, monogéniques, aux plus complexes (Mackay, 2001).

Apres un rappel des méthodes de génétiques classiques directes ou indirectes pour
identifier I’implication de variants génétiques dans un phénotype, nous évoquerons
les deux stratégies majeures de mise en relation du génotype a la variance
phénotypique. Tout d’abord, les analyses de liaison qui reposent sur les bases de
I’hérédité et de la ségrégation des alléles dans la descendance d’un croisement.
Ensuite, les analyses d’association qui reposent quant a elles sur la recombinaison
ancestrale au sein d’une large population d’individus génétiquement différents.
Chaque stratégic posséde ses propres limites pour décomposer 1’architecture
génétique compléte des phénotypes et les bases de I’héritabilité manquante seront
alors exposées.

Stratégies de génétique classique

Dés 1941, et avant méme la découverte de la structure de I’ADN, du code génétique
puis des mécanismes de I’expression génétique dans les années 50, Beadle et Tatum
émettent ’hypothése d’un géne pour une enzyme chez le champignon Neurospora
crassa (Beadle and Tatum, 1941). L’identification des étapes de transcription et de
traduction pour le passage d’ADN en ARNm puis en protéine (Jacob and Monod,
1961) couplée a la mise au point du séquengage Sanger (Sanger et al., 1977) sont a
I’origine de la biologie et la génétique moléculaires. Par conséquent, différentes
stratégies de mutagénese aléatoire ou dirigée ont été établies pour lier les variations
génétiques et phénotypiques.
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Les stratégies de mutagénese aléatoire consistent a introduire des mutations dans le
génome a des positions variables non controlées puis a associer un phénotype a ces
mutations. L’effet mutagéne d’agents physiques (rayons X) ou chimiques (sulfure
de 2,2'-dichlorodiéthyle ou gaz moutarde) est décrit dés la premiére moitié du XX
siecle (Auerbach and Robson, 1946; Muller, 1928). Différents agents mutagénes
rentrent alors dans les laboratoires pour réaliser des expériences de mutagénése
aléatoire sur les génomes. De grands criblages mettent en évidence 1’association de
plusieurs geénes et mutations a un phénotype dans les années 70. Environ 90
mutations dans 24 génes différents, générées par un traitement au nitrosoguanidine,
ont par exemple été identifiées pour leur implication dans la division cellulaire chez
la levure Schizosaccharomyces pombe (Nurse and Thuriaux, 1980; Nurse et al.,
1976). En parallele, des criblages ont aussi été réalisés dans des organismes modeles
multicellulaires plus complexes comme le nématode C. elegans ou encore la souris
M. musculus. Brenner a par exemple identifié¢ prés de 250 mutations dans 77 génes
altérant les mouvements de C. elegans a partir d’un traitement a I’EMS
(méthanesulfonate d'éthyle). Chez la souris, des criblages a grande échelle réalisés
par traitement ENU (N-nitroso-N-éthylurée) ont permis d’identifier des geénes
candidats associés a des maladies humaines (Hitotsumachi et al., 1985; Hrabé de
Angelis et al., 2000; Nolan et al., 2000). La caractérisation moléculaire des mutants
identifiés par mutagénese aléatoire s’est développée grace au séquencage de ’ADN,
d’abord par les méthodes de Sanger ou de Maxam et Gilbert puis les méthodes a
haut-débit. La démocratisation de I’utilisation des techniques de séquencage a haut-
débit a permis la mise en place de nouvelles stratégies de mutagénése aléatoire,
permettant de limiter 1’utilisation d’agents mutagénes et de caractériser directement
le variant génétique responsable. Nous pouvons par exemple citer les stratégies de
séquengage d’insertions de transposons (TIS) mises au point il y a 10 ans (Cain et
al., 2020; van Opijnen and Levin, 2020; van Opijnen et al., 2009). Ces stratégies
reposent sur l’introduction d’un transposon exogéne dans les cellules ciblant
aléatoirement des régions génomiques. L’impact phénotypique de I’insertion du
transposon varie ainsi selon sa localisation et seules les cellules dont le transposon
s’est inséré dans une région non-essentielle dans les conditions testées peuvent alors
survivre. La sélection suivie du séquencage ciblé des positions d’insertion permettent
ainsi d’identifier les régions génomiques sans conséquence sur la survie des cellules
dans les conditions testées (Figure 8).
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Figure 8. Stratégie de séquencage d’insertions de transposons.

(A.) Création d’une librairie de millions de mutants d’insertion de transposon a partir d’une
construction composée d’un transposon pouvant s’insérer aléatoirement dans les génomes et
d’un marqueur de sélection de I’insertion, une cassette de résistance a un antibiotique (Ab)
par exemple. Sélection des mutants sur un milieu sélectif, supplémenté en antibiotique par
exemple. Ces mutants posseédent d’une part 1’insertion de transposon et d’autre part peuvent
survivre a I’interruption du génome engendrée. (B.) Identification des régions d’insertion par
regroupement des mutants survivants et extraction de leur ADN génomique pour en amplifier
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spécifiquement les régions d’insertion du transposon. Ces régions génomiques sont alors
séquencées et alignées le long du génome de I’individu considéré pour en déterminer les sites
précis d’insertion du transposon. (C.) Différentes problématiques peuvent étre étudiées avec
cette stratégie. La survie des mutants d’insertion d’un méme individu peut étre testée dans
plusieurs conditions, la comparaison des profils d’insertion du transposon permettra alors
d’identifier des geénes essentiels uniques aux conditions testées, comme par exemple des
geénes impliqués dans la résistance a un stress. Plusieurs individus d’une méme espéce
peuvent également subir la saturation en transposons et la comparaison des profils d’insertion
révélera des génes essentiels conditionnels a certains fonds génétiques.

Cette approche a haut-débit permet ainsi de passer en revue I’ensemble du génome
et de tester en parallele différents individus et / ou dans différentes conditions
expérimentales. A D’heure actuelle, les organismes unicellulaires, bactéries ou
levures, sont les cibles principales pour la mutagénése par insertion de transposons
et de nombreux systémes ont été élaborés (Cain et al., 2020; Christen et al., 2011;
Evertts et al., 2007; Gangadharan et al., 2010; Guo et al., 2013; Michel et al., 2017;
van Opijnen and Levin, 2020; van Opijnen et al., 2009) (Figure 8). Le génome de
nombreuses bactéries pathogénes de I’Homme a ainsi été criblé afin d’identifier leurs
geénes essentiels et ainsi fournir des cibles thérapeutiques (Cain et al., 2020; van
Opijnen and Levin, 2020) comme par exemple chez Staphylococcus aureus (Coe et
al., 2019; Santiago et al., 2015).

En parallele des stratégies de mutagénese aléatoire, des outils de biologie
moléculaire basés sur des principes de recombinaison homologue ont permis la mise
en place de stratégies de mutagéneése ciblée. Ces stratégies ont premiérement consisté
a valider le role d’un géne dans un phénotype d’intérét. Des mutants knock-out (KO)
sont générés et permettent I’inactivation d’un gene, souvent par la délétion de ce
dernier, a partir de systéme adapté selon 1’espece. Chez la levure S. cerevisiae, la
méthode est simple et repose sur I’amplification PCR d’un marqueur d’auxotrophie
ou d’une cassette de résistance a un antibiotique avec 50 pb d’homologie de chaque
coté avec la région génomique a déléter. Ainsi, la transformation des cellules avec
ce fragment d’ADN conduit & un remplacement de I’ADN génomique situé entre les
2 régions d’homologie par le fragment PCR grace a la recombinaison homologue
(Shortle et al., 1982; Wach et al., 1994). D’autres méthodes sont également
disponibles pour d’autres espéces, comme le systéme de recombinaison Cre/Lox
notamment utilis€¢ pour générer des mutants chez la souris (Sauer and Henderson,
1988). Le séquengage des génomes de référence de nombreuses espéces a la fin des
années 90 a permis de caractériser une grande partie des génes et d’en définir leur
localisation génomique précise. Ces données ont conduit a I’établissement de
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collections de délétions, pour lesquelles chaque géne a ¢été supprimé
individuellement afin d’en étudier la conséquence phénotypique. Ces premieres
collections ont été rapidement générées chez les organismes unicellulaires, bactéries
(Baba et al., 2006) et levures (Giaever et al., 2002; Kim et al., 2010; Winzeler et al.,
1999) principalement. Les organismes modeles multicellulaires ont suivi avec la
création de larges consortiums, le International Knockout Mouse Consortium
(http://www.mousephenotype.org) pour M. musculus (Skarnes et al., 2011), la
collection de délétion DrosDel pour D. melanogaster (Ryder et al., 2007) ou le
C. elegans Gene Knockout Consortium pour le nématode C. elegans (Frokjaer-
Jensen et al., 2010). Des collections de doubles et triples mutants ont ¢galement été
réalisées chez la levure S. cerevisiae afin d’étudier les réseaux d’interaction des
genes au sein de 1’espeéce (Costanzo et al., 2016; Kuzmin et al., 2018). D’autres
stratégies ont été développées dans le but d’altérer 1’action d’un géne, comme la
technique de I’interférence a ARN largement utilisée et décrite chez C. elegans (Fire
et al., 1998). Ce systéme repose sur 1’introduction dans les cellules d’ARN double
brin (dsRNA) qui vont interférer avec les ARNm complémentaires au dsRNA et
inhiber ’expression du gene ciblé. Différents criblages des génomes ont ainsi été
réalisés avec cette méthode dans plusieurs organismes afin d’étudier les phénotypes
résultants (Dietzl et al., 2007; Kamath et al., 2003; Kiger et al., 2003; Timmons et
al., 2001). Ce mécanisme d’interférence a ét¢ décrit chez de nombreux eucaryotes a
I’exception de S. cerevisiae, ou il n’existe pas. Enfin, I’outil biomoléculaire d’édition
du génome CRISPR-Cas (pour Clustered Regularly Interspaced Short Palindromic
Repeats) développé il y a moins de 10 ans est aujourd’hui incontournable et
représente la méthode de choix pour induire des modifications génétiques chez les
organismes eucaryotes (Doudna and Charpentier, 2014; Jinek et al., 2012). Cette
stratégie dérive d’un mécanisme d’immunité adaptative des bactéries. Elle permet
via un ARN guide de cibler une région spécifique du génome qui sera clivée par
I’endonucléase Cas9. Les conséquences de la cassure double brin de I’ ADN peuvent
€tre multiples : une délétion de la région, le remplacement d’un seul ou de plusieurs
nucléotides, I’inhibition de 1’expression d’un gene ou encore l’introduction de
variants structurels (CNV ou inversion par exemple). Grace a I’efficacité de ce
systéme, de nombreuses variations génétiques peuvent étre induites a haut-débit dans
les génomes dans un grand nombre d’individus en paralléle a I’aide d’optimisations
de I’outil de base (Fleiss et al., 2019; Sharon et al., 2018).
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Les analyses de liaison

L’identification de variants génétiques responsables de la variance phénotypique
observée au sein d’une population se base sur I’é¢tude de la ségrégation des
marqueurs génétiques au sein de cette population. On définit alors comme QTL (pour
Quantitative Trait Loci) la région génomique associée a la variation d’un trait
quantitatif (ou complexe). La précision de la région génomique détectée varie selon
la stratégie employée, le nombre de marqueurs génétiques et le déséquilibre de
liaison, qui peut étre défini comme 1’association non aléatoire de 2 marqueurs au sein
d’une population. La résolution du QTL peut aller d’une large région du génome
contenant plusieurs genes et éléments régulateurs, a un seul géne, QTG (pour
Quantitative Trait Gene), voire au nucléotide prés, QTN (pour Quantitative Trait
Nucleotide).

Le principe des analyses de liaison

L’analyse de liaison permet I’identification de QTL en étudiant la descendance issue
d’un croisement entre deux individus génétiquement différents. Les événements de
recombinaison se produisant lors de la méiose vont induire un mélange des variants
génétiques parentaux au sein de la descendance, permettant ainsi d’obtenir une
combinaison unique pour chaque descendant. Le phénotypage et le génotypage des
descendants pourront alors permettre d’associer un phénotype particulier a des QTL.
En effet, tous les descendants présentant un phénotype proche partageront les
variants génétiques impliqués dans le trait. A I’inverse, les variants parentaux seront
aléatoirement répartis sur le reste du génome (Figure 9A). L’intérét de croiser deux
parents génétiquement divergents permet d’augmenter le nombre de variants
génétiques utilisés comme marqueurs dans la descendance. Les premiers marqueurs
génétiques utilisés dans les stratégies d’analyses de liaison étaient des sites de
restriction enzymatique, RFLP (pour Restriction Fragment Length Polymorphisms)
(Botstein et al., 1980). Aujourd’hui, grace aux stratégies de séquencage haut-débit,
ce sont les SNP entre les génomes parentaux qui servent de marqueurs moléculaires.
Tous les organismes ne sont pas adaptés a 1’analyse de liaison. En effet, afin de
définir une localisation précise des QTL, le taux de recombinaison doit é&tre
suffisamment élevé pour permettre un mélange efficace des marqueurs génétiques
parentaux dans la descendance et éviter ainsi un déséquilibre de liaison trop
important. Il est aussi possible d’augmenter le nombre de générations et donc de
méioses et / ou de descendants pris en compte dans ’analyse pour améliorer la
résolution. De maniére intéressante, il a ét€¢ mis en évidence que chez les eucaryotes
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le taux de recombinaison est anti-corrélé avec la taille des génomes (Figure 9B)
rendant ainsi les levures les modeles les plus appropriés pour ce type d’analyse (Fay,
2013; Lynch, 2006; Swinnen et al., 2012).
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Figure 9. Principe des analyses de liaison.
(A.) A partir de la descendance d’un croisement entre 2 individus au génotype et au
phénotype d’intérét différents, un score de liaison (LOD score pour Logarithm Of Odds) est
calculé entre les marqueurs génétiques de chaque descendant et sa valeur phénotypique. Un
seuil de significativité est défini pour détecter le QTL (pour Quantitative Trait Locus)
impliqué dans la variance phénotypique observée dans la population. (B.) Corrélation
négative entre le taux de recombinaison par kilobase et la taille des génomes (échelle
logarithmique) chez des organismes eucaryotes (coefficient de corrélation = 0,90, p-value =
6,3¢’%). Figure adaptée de Lynch, 2006.
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Les applications des analyses de liaison

Les analyses de liaison ont, depuis la fin des années 70, permis d’identifier de
nombreux QTL associés a des traits complexes dans différents organismes modeles.
On peut par exemple citer la mise en évidence de I’implication de plusieurs genes
homéotiques dans le développement des pattes et des antennes chez la drosophile
(Lewis, 1978; Struhl, 1981). Cependant, pour avoir une résolution suffisante, un
nombre important de descendants est nécessaire et le génotypage de chaque individu
peut étre laborieux et onéreux. Pour pallier a cette problématique, des analyses par
pool de ségrégants, ou BSA (pour Bulk Segregant Analysis), ont été¢ développées
(Brauer et al., 2006; Magwene et al., 2011; Segré et al., 2006). A partir d’une
génération F2 de descendants, les individus présentant un phénotype « extréme » —
c’est-a-dire aux extrémités de la distribution normale du trait — sont regroupés et
séquencés en un seul groupe. La fréquence allélique des marqueurs génétiques
impliqués dans le phénotype sera alors déviée vers le parent possédant la version
allélique du marqueur associé au trait. Dans ce type d’analyse, le nombre de
descendants et le nombre d’événements de recombinaisons doivent étre relativement
importants pour limiter le déséquilibre de liaison. Dans ce contexte, un organisme
avec un taux de recombinaison élevé, tel que la levure S. cerevisiae, est privilégié.
Une alternative repose sur la constitution de plusieurs générations successives de
descendants, afin d’augmenter le nombre d’événements de recombinaison. Des
stratégies plus poussées, appelées x-QTL, ont ainsi été développées afin de faciliter
les étapes de phénotypage et génotypage en groupe. Des millions d’individus
peuvent étre inclus dans les analyses et cette méthode a montré son efficacité pour
I’organisme mod¢le S. cerevisiae (Ehrenreich et al., 2010) mais aussi pour le
nématode C. elegans (Burga et al., 2019).

Le niveau d’expression des geénes figure également parmi les phénotypes pour
lesquels les analyses de liaison ont donné de nombreux résultats. En effet, des eQTL
(pour expression Quantitative Trait Loci) impliqués dans la régulation de
I’expression génique ont été identifiés grace a des analyses de liaison. Dans les
années 2000, le niveau d’expression de chaque géne dans une population de
descendants était quantifié par les technologies de puces & ADN (Brem et al., 2002;
Jansen and Nap, 2001; Steinmetz et al., 2002). La levure S. cerevisiae a été le modele
privilégié pour ce type d’analyse et a permis le premier criblage a 1’échelle du
génome des mécanismes complexes de régulation des génes avec des eQTL agissant
localement et d’autres a distance (Brem et al., 2002). D’autres organismes modeles
ont également été soumis a ces analyses (Jansen and Nap, 2001; Rockman et al.,
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2010; Schadt et al., 2003). La caractérisation de la régulation de 1’expression des
genes peut révéler des intéréts biotechnologiques chez les plantes ou servir de
modele pour étudier des maladies humaines comme 1’obésité dans le modéle murin
par exemple (Schadt et al., 2003). Les stratégies de séquencage des ARN (RNA-seq)
actuelles ont permis d’augmenter considérablement le débit et le nombre d’individus
¢tudiés passant ainsi d’une centaine a plus de 1000 descendants (Albert et al., 2018).
Les méthodes de quantification des niveaux de protéines telles que la spectrométrie
de masse ont également fourni des valeurs phénotypiques (abondance protéique)
permettant de réaliser des analyses de liaison. L’identification de pQTL (pour protein
Quantitative Trait Loci) révele ainsi de nouveaux réseaux de régulation au niveau
protéique (Albert et al., 2018; Foss et al., 2007). Cependant ces techniques restent
laborieuses a mettre en ceuvre a haut-débit et restent donc rares.

Les limites des analyses de liaison

Les résultats des analyses de liaison réalisées ces 20 derniéres années ont permis en
partie d’¢lucider les bases génétiques a I’origine des traits complexes. En effet, des
catalogues conséquents de QTL et méme de QTN ont été associés a des phénotypes
complexes. Les validations moléculaires de ces QTN donnent également I’occasion
d’aller plus loin dans 1’étude de I’impact de tels variants génétiques sur la variance
phénotypique dans une espece. Plusieurs études notamment chez I’Homme et la
drosophile ont d’ailleurs montré que les variants impliqués dans les traits quantitatifs
¢taient des variants génétiques rares ou a faible fréquence, ¢’est-a-dire présents dans
moins de 1 a 5% des individus de I’espéce (MacKay et al., 2009). De maniére
intéressante, parmi les 284 QTN validés fonctionnellement chez S. cerevisiae, plus
de la moitié (environ 150 QTN) sont effectivement des variants génétiques rares
(Peltier et al., 2019; Peter et al., 2018). L’¢lucidation complete de 1’origine des traits
complexes est ainsi rendue difficile par les nombreux variants rares impliqués avec
une faible contribution a la variance phénotypique. De plus, ces systémes restent
limités a deux parents (et donc deux fonds génétiques) et ne permettent donc pas de
représenter toute la diversité génétique d’une espece. Ces derniéres années, des
designs expérimentaux innovants ont permis d’aller plus loin grace au modele
S. cerevisiae, en particulier. D’un c6té, une étude portant sur environ 20 000
descendants d’une génération F6 a considérablement amélioré la résolution de
détection des QTL et illustre la pléiotropie et les caractéristiques de certains variants
génétiques (Jakobson and Jarosz, 2019). D’un autre c¢6té, pour mieux représenter la
diversité au sein de I’espéce, une stratégie d’analyses de liaison a été élaborée a partir
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de 16 parents génétiquement divers, chacun étant croisé a tour de rdle avec un autre
parent. Deux populations différentes d’environ 1000 descendants ont été générées
pour chaque croisement et révélent ainsi une contribution importante des variants
rares dans la population (Bloom et al., 2019). Malgré les innovations réguliéres, le
principe des analyses de liaison reste limitant a la fois pour le choix de I’organisme
modele, en raison de la descendance conséquente a générer, mais aussi du fait du
mangque de représentativité de la diversité génétique de 1’espece.

Les études d’association pangénomique

Les nombreux projets de séquencage de plusieurs centaines d’individus d’une méme
espece ont fourni une vue globale de la diversité génétique intra-spécifique. Les
¢tudes d’association pangénomique (GWAS pour Genome-Wide Association
Studies) se sont révélées une stratégie efficace afin d’explorer I'impact de cette
variabilité sur certains phénotypes. Ces études permettent également de considérer
un panel d’espéces pour lesquelles les analyses de liaison ne sont pas adaptées,
comme I’Homme par exemple.

Le principe des études d’association pangénomique

Pour la premiere fois en 2005, les études d’association pangénomique sont décrites
comme une stratégie adaptée pour disséquer ’origine de maladies génétiques
humaines et identifier des cibles thérapeutiques (Hirschhorn and Daly, 2005). A
partir d’un panel d’individus, les études d’association permettent d’associer
statistiquement des variants génétiques causaux a la variation d’un phénotype, tel
que la taille ou les symptomes d’une maladie. Des groupes d’individus sont créés
selon la valeur phénotypique testée et sont mis en parallele avec les variants
génétiques présents dans la population. L’association est détectée comme
statistiquement significative selon le nombre d’individus du sous-groupe
phénotypique possédant le méme variant (Figure 10). Les grands projets de
séquencage qui concernent des centaines de génomes permettent ainsi de disposer
des génotypes de suffisamment d’individus pour valider statistiquement
I’association. Au sein d’une espéce, les événements de recombinaison ancestrale
accumulés au cours des générations participent activement a la diversité des
génomes. Inclure un grand nombre de génomes dans les études d’association réduit
ainsi le déséquilibre de liaison, augmente la puissance statistique et permet une
identification plus précise du locus causal.
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Figure 10. Principe des études d’association pangénomique (ou GWAS).

A partir de la variance observée pour un phénotype d’intérét au sein d’une population
naturelle, chaque variant génétique est associ¢ aux valeurs du phénotype pour retrouver une
différence significative entre les sous-groupes associés au génotype. Chaque variant est
statistiquement testé et un seuil est établi pour déterminer le ou les variants significativement
associés avec la variation du phénotype dans la population.

Les applications des études d’association pangénomique

Dés la mise en application de ces stratégies, de nouveaux genes responsables de
maladies génétiques humaines ont pu étre mis en évidence. Par exemple, les
premicres études d’association ont permis d’identifier en partie les origines
génétiques de la dégénérescence maculaire liée a l'age (DMLA), jusqu’alors
inconnues, associant ainsi a la maladie un variant présent dans un intron du geéne
CFH codant le facteur H (Klein et al., 2005). Depuis plus de 15 ans, les études
d’association pangénomique ont bouleversé la caractérisation des bases génétiques
des traits complexes en identifiant par exemple plus de 25 0000 variants associés a
une multitude de traits chez I’Homme (https://www.ebi.ac.uk/gwas/, consulté le

35



07/07/2021) (Buniello et al., 2019). Au-dela de I’Homme, les organismes modeles
comme la plante A. thaliana (Alonso-Blanco et al., 2016), la levure S. cerevisiae
(Peter et al., 2018) ou encore la souris (Flint and Eskin, 2012; Gonzales et al., 2018)
ont également été soumis a des études d’association pangénomique sur la base des
grands projets de séquencage. L’explosion des études d’association a, de la méme
maniére que le séquencage haut-débit, conduit a des listes de variants génétiques
associés a une multitude de phénotypes et, inversement, de traits complexes associés
a des centaines voire des milliers de variants causaux. Différents catalogues ont ainsi
¢été établis afin de regrouper et de visualiser plus simplement les relations génotype-
phénotype. Un atlas des résultats de ce type d’études chez 1’Homme
(https://atlas.ctglab.nl/) a par exemple permis de déceler le rdle pléiotropique de la
majorité des variants génétiques causaux alors impliqués dans plusieurs phénotypes.
De plus, ces travaux ont montré 1’impact prépondérant des geénes et des éléments
régulateurs dans D’établissement des phénotypes (Watanabe et al., 2019). Ces
derniéres années, les études d’association ont pris une nouvelle dimension. En effet,
les données de transcriptomique, métabolomique, protéomique ou encore
d’épigénomique ont permis d’accroitre le nombre de phénotypes étudiés et
d’individus inclus dans les analyses, que ce soit chez I’Homme ou encore dans
différents modeles végétaux (Jansen et al., 2019; Kawakatsu et al., 2016; Scossa et
al., 2021; The GTEx Consortium, 2017, 2020). Parmi les méta-analyses réalis¢es,
I’étude portant sur les origines génétiques des troubles du sommeil considére les
génomes, les transcriptomes et les épigénomes et est a ce jour, 1’étude d’association
la plus conséquente incluant plus de 1,3 millions d’individus (Jansen et al., 2019).
Dans le cadre du GTEx consortium, I’analyse du transcriptome de 838 donneurs dans
49 tissus différents (de 73 a 670 individus/tissu) révele une régulation en majorité
locale et complexe de I’expression des génes dans les tissus. Ces résultats illustrent
¢galement les limites de la détection des eQTL distants impactant faiblement la
variance phénotypique en raison du pouvoir statistique restreint dans des tissus avec
encore peu d’individus (The GTEx Consortium, 2017, 2020).
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L’héritabilité manquante

La taille humaine figure parmi les phénotypes dont les origines génétiques ont été
les plus disséquées, notamment par 1’intermédiaire d’études d’association
pangénomique. Plusieurs milliers de variants génétiques sont aujourd’hui associés a
ce phénotype (Akiyama et al., 2019; Guo et al., 2021; Manolio et al., 2009; Wood et
al., 2014; Yengo et al., 2018). Cependant, I’ensemble de ces variants associés ne
permet d’expliquer que 25% de ’héritabilité (H*) du trait dans la population (Yengo
et al., 2018), ce qui illustre les limites des études d’association. Différentes variantes
des études d’association classiques, comme les méta-analyses ou encore les
enrichissements vers des sous-populations, permettent de détecter des variants plus
rares dans 1’espece. Ces variants rares (trouvés dans moins de 5% de la population)
ne peuvent en effet pas étre détectés avec un pouvoir statistique suffisant par les
¢tudes d’association classiques. Il en va de méme pour les variants avec un impact
faible sur la variance phénotypique. Par conséquent, une part d’héritabilité
manquante reste ainsi a étre explorée (MacKay et al., 2009; Manolio et al., 2009;
Tam et al., 2019).

Origines de I’héritabilité manquante

Bien que de nombreuses stratégies aient été développées afin de disséquer 1’origine
génétique de la variance phénotypique, les variants génétiques identifiés ne
permettent d’expliquer qu’une partie de 1’héritabilité (/?). L héritabilité manquante
correspond ainsi a la fraction de la variance génétique non expliquée. Diverses
sources génétiques sont responsables de cette héritabilité manquante (Maher, 2008;
Manolio et al., 2009). Parmi ces sources, nous pouvons par exemple citer les variants
génétiques rares, les interactions génétiques, les variants structurels, I’effet des
génomes mitochondriaux ou encore 1’épigénétique. Les études d’association
pangénomique classiques ne sont notamment pas adaptées a la détection de ces
sources de variance génétique. En effet, ces dernicéres détectent effectivement en
majorité des variants génétiques avec des effets additifs sur la variance phénotypique
(Visscher et al., 2017). Des effets non-additifs, de dominance ou d’épistasie,
participent cependant aussi a la variance génétique. En effet, chez la levure
S. cerevisiae, un tiers de la variance phénotypique est en moyenne expliqué par des
effets non-additifs (Bloom et al., 2013, 2015; Fournier et al., 2019).
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L’effet des variants rares

Les grands projets de séquencgage dans différentes espéces ont mis en évidence que
la grande majorité des variants de type SNP avait une faible fréquence dans les
populations étudiées. En effet, environ 90% des SNP ont une fréquence allélique
mineure (MAF pour Minor Allele Frequency) inférieure a 5% dans les populations
¢tudiées de S. cerevisiae ou chez I’Homme (Figure 11) (Auton et al., 2015; Peter et
al., 2018). De plus, une importante contribution de ces variants rares dans les
phénotypes complexes a été décrite chez I’Homme et la drosophile (MacKay et al.,
2009). Récemment, ’analyse de 284 QTN identifiés par analyses de liaison et
validés fonctionnellement a révélé une fréquence allélique inférieure a 5% dans la
population des 1011 isolats naturels de S. cerevisiae pour plus de 50% d’entre eux
(Peltier et al., 2019).

=
-
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0.4

0.2

0.0

L J L J
(0,0.05] (0.05,0.5]

Fréquence allélique mineure

Figure 11. Distribution de la fréquence allélique mineure des variants dans 1011 isolats
naturels de Saccharomyces cerevisiae.

Au total, 92% des SNP présents dans la population ont une fréquence allélique rare, < 0,05.
Figure adaptée de Peter et al., 2018.
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A T’échelle d’une population, la détermination de I’impact fonctionnel de ces
variants rares sur la variance phénotypique est ainsi primordiale pour obtenir une vue
globale des bases génétiques de la diversité phénotypique. Une limite majeure des
analyses d’association repose cependant sur la fréquence allélique des variants
génétiques dans la population nécessaire pour significativement associer le variant a
un phénotype. En conséquence, seuls les variants dont la fréquence allélique mineure
dans la population est supérieure a 0,05 (5%) sont inclus dans les stratégies
classiques d’association de type GWAS. Le design expérimental du croisement
diallele a permis de contourner cette limite et d’inclure ces variants rares dans une
analyse d’association (Fournier et al., 2019). En effet, cette stratégie consiste a
réaliser des croisements dirigés entre une sélection d’individus les uns avec les autres
et d’estimer 1I’impact des composantes génétiques pour chaque phénotype testé
(Griffing, 1956). A partir des croisements entre 34 isolats de S. cerevisiae
précédemment séquencés, le génotype de 595 hybrides a été recréé in silico. Chaque
variant génétique présent dans un des parents est ainsi représenté dans 34 hybrides
au minimum, et aura donc une fréquence allélique supérieure a 5% au sein de la
population considérée. Les 31 000 SNP présents dans les 595 génotypes et incluant
3,8% de variants rares (< 5%) dans la population de 1011 isolats peuvent ainsi étre
inclus dans la matrice pour 1’étude d’association pangénomique. De maniére
intéressante, plus de 16% des variants rares dans la population sont associés a la
variance phénotypique observée dans 49 conditions de culture, confirmant ainsi le
role notable de cet aspect de la diversité génétique souvent oublié (Fournier et al.,
2019). D’autres stratégies d’inclusion des variants rares dans les analyses ont aussi
été développées chez la levure (Bloom et al., 2019) ou encore chez I’Homme pour
déterminer I’impact des variants rares sur I’expression des génes (Ferraro et al.,
2020; Li et al., 2021, 2017).

L’effet du fonds génétique

De maniére évidente, 1’élucidation de 1’origine des traits complexes demande une
résolution fine pour déterminer 1’intégralité des variants génétiques impliqués.
Concernant les traits monogéniques, bien que le variant causal associé¢ au phénotype
puisse plus simplement &tre identifié, une complexité sous-jacente peut apparaitre.
En effet, la présence d’une méme mutation peut entrainer un phénotype avec un
degré de gravité variable selon 1’individu, on parle alors d’expressivité. Dans le cas
d’une maladie génétique, la neurofibromatose de type I par exemple, une mutation
dans le géne NF! induit la maladie. Cependant la sévérité¢ des symptomes sera
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variable entre individus porteurs d’une mutation, allant de 1’apparition de taches
pigmentées au développement de tumeurs cutanées (Pasmant et al., 2012). Dans des
cas plus extrémes, malgré la présence de la mutation causale, le phénotype peut ne
pas se manifester. La mutation du géne BRCA I, par exemple, prédispose au cancer
du sein et des ovaires chez ’Homme. Cependant, 20% des individus possédant la
mutation ne développeront pas ce cancer au cours de leur vie (Mavaddat et al., 2013).
On parle alors de pénétrance incompléte du phénotype. Ces phénoménes suggerent
ainsi un effet du fonds génétique des individus sur le phénotype et donc la présence
de variants modificateurs interagissant avec le variant causal. Différentes études ont
permis d’identifier des variants modificateurs impliqués dans des maladies humaines
ou encore dans les conséquences phénotypiques de mutations de type perte de
fonction chez la levure et d’autres organismes (Chow et al., 2016; Cutting, 2010;
Hamilton and Yu, 2012; Hou et al., 2019). L’induction de mutations perte de
fonction — par délétion, inhibition ou interruption de génes — dans différents fonds
génétiques permet de mettre en évidence de I’expressivité phénotypique entre les
individus testés (Chandler et al., 2014; Dowell et al., 2010; Galardini et al., 2019;
Johnson et al., 2019; Mullis et al., 2018; Paaby et al., 2015; Parts et al., 2021; Vu et
al., 2015). A 1’échelle du génome, environ 20% de variation phénotypique entre
plusieurs fonds génétiques a été observé apres induction de mutations perte de
fonction au sein des espéces modeles C. elegans (Vu et al., 2015) et
S. cerevisiae (Galardini et al., 2019). De manic¢re plus stricte, la délétion
systématique de chacun des 5100 génes dans 2 isolats de S. cerevisiae a révélé 5%
de genes conditionnels essentiels, ¢’est-a-dire dont la délétion ne conduit a la 1étalité
que dans un seul des 2 fonds génétiques (Dowell et al., 2010). Pour I’instant, ces
¢tudes ne consideérent qu’un faible nombre de fonds génétiques et ne sont par
conséquent pas représentatifs de la diversité génétique des especes.

L effet des variants structurels

Du fait de la difficulté a caractériser les variants structurels dans les génomes, les
¢tudes d’association pangénomique ne prennent couramment en compte que les
SNP. Cependant, les SV ont un impact important sur les traits complexes (Jeffares
et al., 2017; Peter et al., 2018). Chez la levure S. cerevisiae, les CNV ont été inclus
dans une analyse d’association incluant 971 isolats naturels cultivés dans 36
conditions différentes (ou phénotypes). Les résultats soulignent un impact des CNV
presque 10 fois supérieur aux SNP sur la variance phénotypique, avec une médiane
de 36,8% contre 4,49% de la variance expliquée, respectivement (Peter et al., 2018).
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Un enrichissement des eQTL concernés par des SV a récemment ét¢ identifié dans
la régulation locale de I’expression des genes, d’autant plus lorsque le SV impacte
une région codante (Scott et al., 2021). L’arrivée des stratégies de séquencage de
lectures longues permet aujourd’hui d’inclure avec plus de précision les SV dans les
¢tudes d’association pangénomique (De Coster et al., 2021). Bien que ce type
d’études soit encore rare, plusieurs traits ont été associés avec différents SV,
délétions ou duplications, dont des effets sur la taille humaine (Beyter et al., 2021).
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Saccharomyces cerevisiae comme modele d’étude de la relation
génotype-phénotype

L’étude des relations génotype-phénotype se révele toujours extrémement complexe
malgré les avancées scientifiques et technologiques permettant d’approfondir les
connaissances. La mise en place de stratégies novatrices est donc nécessaire dans le
but de disséquer les bases génétiques des phénotypes. Dans ce contexte, la levure
S. cerevisiae se révele comme un modéle de choix. Nous exposerons ainsi dans un
premier temps les sources de diversité génétique au sein de I’espéce et dans un
deuxiéme temps la large palette d’outils disponibles pour cet organisme mode¢le.

Génomique des populations dans I’espece Saccharomyces cerevisiae

Depuis des millénaires, la levure S. cerevisiae est couramment utilisée dans les
processus de fermentation pour la fabrication de vin, de biére ou de pain (Giannakou
et al., 2020). Au milieu du XIX®™ siécle, Louis Pasteur décrit pour la premiére fois
le réle de S. cerevisiae dans la fermentation alcoolique (Pasteur, 1858). Tres
rapidement au début du XX siécle, ce champignon unicellulaire est devenu un
modele en laboratoire, d’abord pour des intéréts biotechnologiques, puis comme
organisme modéle pour faire avancer les connaissances en génétique mais aussi dans
différents domaines de la biologie. De par son génome petit (12 Mb) et compact
(70% du génome est codant), S. cerevisiae a été le premier génome eucaryote
entiérement séquencé en 1996 (Dujon, 2019; Goffeau et al., 1996). Ce séquencage a
révélé la présence d’environ 6000 génes répartis sur 16 chromosomes issus d’un
processus de duplication compléte du génome (Wolfe, 2015; Wolfe and Shields,
1997). Au total, les génomes de plus de 2000 isolats de S. cerevisiae ont été
séquencés dans le cadre de différents projets (Duan et al., 2018; Gallone et al., 2016;
Marsit et al., 2015; Peter et al., 2018). L’¢étude la plus compléte réalisée a ce jour a
¢été conduite sur 1011 isolats naturels représentatifs de la diversité écologique,
géographique et génétique de I’espece (Peter et al., 2018). Cette population contient
a la fois des isolats issus de la nature, de patients humains présentant des pathologies
cliniques ou utilisés dans le cadre de processus industriels / fermentaires. Une
diversité génétique importante a été mise en évidence au sein de I’espece avec plus
de 1,6 millions de SNP et une diversité nucléotidique maximale de 1,83% entre les
isolats, environ 125 000 insertions/délétions courtes et de nombreuses duplications
de geénes — chaque geéne est dupliqué dans au moins un isolat (Peter et al., 2018).
Alors que la fréquence allélique de 92% des SNP présents dans la population est
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faible (inférieure a 5%, Figure 11), cette diversité nucléotidique est représentative
des éveénements évolutifs qui ont fagonné les génomes au sein de 1’espéce, séparant
I’espéce en au moins 26 sous-populations distinctes (Figure 12). Ces sous-
populations opposent les isolats domestiqués par I’Homme aux isolats naturels, et
des souches mosaiques, notamment d’origine clinique, s’intercalent entre ces 2
catégories (Peter et al., 2018).

Légende
W Sous-populations domestiquées

[ESous-populations sauvages

[JSous-populations inconnues

Clade names

- Vin / Europe (362)
Alpechin (17)

Bioéthanol (35)

Chénes méditerranéens (8)
Produits laitiers (32)

Biéres africaines (20)

Biéres mosaiques (21)
Origines variées (72)

- Agave mexicain (7)

10 - Guyane francaise (31)

11 - Biéres Ale (18)

12 - Féves de cacao africaines (13)

CONO G AWM

13 - Vin de palme africain (28)
14 - CHNIIN (2)

15 - CHNII (2)

16 - CHNI (1)

17 - Taiwanaise (3)

18 - CHNIV (9)

19 - Malaisienne (6)

20 - CHNV (2)

21 - Equateur (10)

22 - Russie (4)

23 - Chénes d'Amérique du Nord (13)
24 - lles asiatiques (11)

25 - Saké (47)

26 - Fermentation asiatique (39)
M1 - Région mosaique 1 (17)
M2 - Région mosaique 2 (20)
M3 - Région mosaique 3 (113)

Figure 12. Arbre phylogénétique basé sur la diversité nucléotidique entre 1011 isolats
naturels de Saccharomyces cerevisiae.

Cet arbre de type Neighbour Joining est construit a partir d’une matrice des distances établie
entre les 1544489 sites bialléliques des 1011 souches. Plusieurs sous-populations
domestiquées ou sauvages sont retrouvées et réparties au sein de 26 clades spécifiques et 3
régions mosaiques. Figure adaptée de Peter et al., 2018.
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Grace a I’étude de cette population, une large diversité de variants génétiques a été
décrite et exploitée pour définir leurs origines et conséquences. Le pangénome de
I’espéece est constitué d’environ 4900 génes communs a tous les individus (génome
de base) et de 2800 génes accessoires regroupant a la fois des introgressions et des
HGT (Li et al.; Peter et al., 2018). De maniére intéressante, les génes accessoires,
moins conservés, impactent moins la survie des cellules et accumulent plus de
mutations non-synonymes que le génome de base. La diversité des génomes de
S. cerevisiae dévoile une multitude d’événements d’adaptation a 1’environnement,
notamment par I’intermédiaire de variants structurels. A ’échelle du génome entier,
des variations importantes de la ploidie sont observées au sein de la population. Alors
que les génomes diploides sont majoritaires, des individus polyploides (3n, 4n et 5n)
sont fréquemment retrouvés dans des processus de domestication spécifiques. Dans
des conditions expérimentales de laboratoire, le fitness de ces isolats polyploides est
plus impacté (Figure SA) (Fay et al., 2019; Gallone et al., 2016; Otto, 2007; Peter et
al., 2018; Selmecki et al., 2015; Todd et al., 2017). Alors que la reproduction asexuée
est privilégiée au sein de cette espece, 63% des isolats, majoritairement domestiqués,
présentent de 1’hétérozygotie combinée a de plus ou moins larges régions de LOH
(LOH pour Loss of Heterozygosity) selon les sous-populations. Par exemple, les
LOH recouvrent jusqu’a 80% des génomes de souches utilisées dans la production
de saké (Peter et al., 2018). Des aneuploidies ainsi que des duplications de génes
sont également fréquemment observées dans les génomes. Les aneuploidies ont un
impact global négatif sur le fitness des individus (Figure 5B) (Peter et al., 2018;
Scopel et al., 2021; Torres et al., 2007) alors que les CNV sont des réponses
adaptatives a différents stress environnementaux et favorisent un intérét
biotechnologique pour les isolats domestiqués (Steenwyk and Rokas, 2018; Tan et
al., 2013; Todd and Selmecki, 2020; Yona et al., 2012). Les souches de vin ont par
exemple acquis de nombreux CNV pour s’adapter aux conditions
environnementales, comme par exemple le géne CUPI, associé a la résistance au
sulfate de cuivre (Fogel and Welch, 1982; Steenwyk and Rokas, 2018). En
association avec ces CNV, un effet de compensation du nombre de copies a été décrit
pour I’expression des génes dupliqués, a la fois au niveau transcriptomique et
protéomique (Ascencio et al., 2021; Dephoure et al., 2014; Hose et al., 2015).

En dehors des variants du nombre de copies, les réarrangements chromosomiques
ont également d’importantes conséquences phénotypiques et influencent notamment
I’expression des genes adjacents (Gorkovskiy and Verstrepen, 2021; Hou et al.,
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2014; Marullo et al., 2020; Naseeb and Delneri, 2012). Cependant, les génomes sont
pour I’instant principalement construits sur la base de lectures courtes, limitant ainsi
la détection de points d’inversion ou de translocation, entre autres événements. De
maniére évidente, les perspectives a moyen terme impliquent le séquencage d’isolats
avec les stratégies de type Oxford Nanopore ou PacBio afin de mieux caractériser
les réarrangements chromosomiques.

Saccharomyces cerevisiae, comme outil génétique et moléculaire efficace

En plus de la diversité génétique importante présente au sein de 1’espéce, la levure
S. cerevisiae est particuliérement facile & manipuler en laboratoire. En effet, les
outils de biologie moléculaire sont simples d’usage et optimisés dans cette espece.
Les remplacements alléliques par recombinaison homologue avec 50 pb
d’homologie de chaque c6té de la région ciblée ont longtemps été la stratégie
privilégiée de mutagénese des génomes (Shortle et al., 1982; Wach et al., 1994).
Grace a cette méthode, diverses collections de délétion des 6000 génes ont été
générées et ont notamment permis d’identifier les génes essentiels dans la souche de
référence S288C (Giaever et al., 2002; Winzeler et al., 1999). L’étude de ces génes
essentiels est également possible par 1’intermédiaire d’autres techniques comme la
mutagénése par insertion de transposons. Divers outils de transposition tels que les
systémes Hermes (Gangadharan et al., 2010), AcDs (Michel et al., 2017), PiggyBac
(Weiss et al., 2019) et Tn7 (Sanchez et al., 2019) sont disponibles chez S. cerevisiae.
Rapidement aprés son développement, le systéme CRISPR-Cas a aussi été adapté a
lalevure S. cerevisiae et permet de produire de nombreuses modifications génétiques
différentes (DiCarlo et al., 2013). Un dérivé du systéeme CRISPR, le systéme
CRISPEY, a par exemple été développé pour réaliser des milliers de variants
génétiques a haut-débit en une expérience unique (Sharon et al., 2018). Une approche
innovante pour étudier 1’impact des translocations sur les phénotypes a également
€té mise au point grace a CRISPR-Cas9. De maniére intéressante, la réorganisation
3D d’un méme génome de S. cerevisiae par des translocations réciproques ciblant
des régions répétées, les éléments transposables endogénes, induit une variance
phénotypique considérable dans différentes conditions (Fleiss et al., 2019).

Un second avantage de cette levure repose sur son cycle -cellulaire
haplodiplobiontique, c’est-a-dire qu’elle peut se maintenir dans un état haploide ou
diploide (Herskowitz, 1988). Le mode de reproduction asexuée par mitose est
privilégié que ce soit a 1’état haploide ou diploide avec un temps de génération de 1

45



a 2h. D’un c6té, le passage de 1’état diploide a haploide se produit par méiose lorsque
les nutriments manquent dans le milieu. De I’autre co6té, deux individus haploides de
signe sexuel opposé, MATa et MATo, peuvent se croiser par reproduction sexuée
pour former un diploide hétérozygote stable. Il est ainsi simple de croiser des
individus haploides entre eux en laboratoire, induire la méiose et disséquer les
tétrades résultantes du croisement.

L’obtention rapide d’une large descendance d’un croisement (jusqu’a des milliers de
ségrégants) associée a un taux de recombinaison élevé (Lynch, 2006) permet de
réaliser des analyses de liaison a grande échelle pour étudier les relations génotype-
phénotype (Fay, 2013; Liti and Louis, 2012; Swinnen et al., 2012). Par conséquent,
de nombreux phénotypes ont été disséqués via les analyses de liaison. Les
phénotypes ciblés sont fréquemment associés aux applications biotechnologiques de
S. cerevisiae afin d’en améliorer différents aspects tels que la tolérance a la chaleur
(Parts et al., 2011) ou encore différentes caractéristiques de la fermentation
alcoolique (Bartle et al., 2021; Eder et al., 2018; Hu et al., 2007). Ces analyses de
liaison permettent ainsi la détection de QTL impliqués dans ces phénotypes, qui
peuvent étre fonctionnellement vérifiés et précisés a I’échelle du QTN (Peltier et al.,
2019). En dehors de I’étude de phénotypes d’intérét biotechnologique, les premicres
bases de la régulation de I’expression des génes ont pu étre établies griace a des
analyses de liaison chez S. cerevisiae. Le niveau d’expression de chaque géne sert
en effet de phénotype pour lequel des eQTL impliqués dans la régulation de la
transcription ont été identifiés (Albert et al., 2018; Brem et al., 2002; Wittkopp,
2005; Yvert et al., 2003). A ce jour, I’étude incluant le plus d’individus — c’est-a-
dire une descendance de plus de 1000 ségrégants — a révélé I’impact prédominant
des variants génétiques locaux sur la variation de I’expression des génes bien que les
eQTL distants soient plus nombreux et pléiotropiques (Albert et al., 2018).
Cependant, ces eQTL ne représentent pas la diversité génétique de 1’espéce et la
pression de sélection subie par les génomes au cours des générations. L’étude des
origines de la variation des transcriptomes dans un peu moins d’une centaine
d’isolats naturels (n = 85) via une étude d’association pangénomique a ainsi permis
d’identifier avec une plus grande résolution des eQTL locaux au sein de 1’espéce.
Ces eQTL régulant la variation d’expression ont majoritairement été localisés dans
les promoteurs et dans les régions 3’UTR des génes impactés (Kita et al., 2017).

Le niveau d’expression des génes fait partie de la diversité des phénotypes pouvant
étre étudiée et incluse dans des analyses d’association chez S. cerevisiae (Botstein
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and Fink, 2011). En effet, des techniques de phénotypage adaptées a cette levure ont
été décrites pour différents critéres cellulaires telles que la croissance dans
différentes conditions, le taux de sporulation ou encore la morphologie des cellules
(Gerke et al., 2009; Ohya et al., 2005; Peter et al., 2018; Yvert et al., 2013), mais
aussi des critéres moléculaires parmi lesquels le transcriptome, le protéome ou le
métabolome (Skelly et al., 2013). Les stratégies de phénotypage massives dans la
population déja génotypée de S. cerevisiae peuvent alors fournir de solides bases
pour réaliser des études d’association pangénomique. La plus grande analyse
implique actuellement 971 isolats naturels phénotypés dans 36 conditions de
croissance affectant différents processus cellulaires tels que le métabolisme ou la
réponse a des stress (Peter et al., 2018). L’exploration des 36 conditions testées a
permis de mettre en évidence 35 variants génétiques — 22 CNV et 13 SNP —
impliqués dans la variance phénotypique de 14 traits. De maniére intéressante, les
CNYV ont un impact phénotypique environ 10 fois plus élevé que les SNP (Peter et
al., 2018).
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La compréhension de I’origine génétique de la variance phénotypique observée au
sein de populations naturelles est une problématique majeure en biologie. En effet,
cette variance repose en majorité sur des origines génétiques complexes, ¢’est-a-dire
que plusieurs variants sont responsables du trait étudié par des effets d’additivité, de
dominance ou méme d’interaction. Ces derniéres décennies, les nombreuses
avancées technologiques, notamment dans le cadre du séquengage des génomes, ont
permis d’avoir une premiere vue d’ensemble des variants génétiques présents au sein
de populations naturelles. Le nombre et le type de variants génétiques, allant de
variations nucléotidiques a de larges remaniements génomiques, révelent ainsi une
diversité importante des génomes au sein des espéces. A 1’heure actuelle, diverses
stratégies — de génétique classique, d’analyses de liaison ou encore d’études
d’association pangénomique — ont permis de poser les premicres bases permettant
d’explorer la relation entre génotype-phénotype au sein d’organismes modéles ou de
populations humaines. Cependant, I’ensemble de la complexité des traits reste
difficile a capturer et les variants détectés n’expliquent qu’en partie la variance
phénotypique observée. De nombreux facteurs sont limitants dans ces études tels que
le nombre d’individus ou de phénotypes inclus par exemple.

L’objectif de mon projet de thése a consisté a tirer profit des avancées technologiques
et des ressources a disposition afin de mieux caractériser 1’origine génétique de la
complexité des traits. Pour cela, la levure Saccharomyces cerevisiae est un modéle
de choix et permet la mise en place de stratégies innovantes pour explorer différents
aspects de la variance phénotypique. De plus, au laboratoire, une collection de plus
de 1000 isolats est disponible et a récemment été entierement séquencée.
Caractéristique de la diversité géographique et écologique de I’espéce, cette
collection permet d’avoir une bonne représentativité de la diversité génétique, et
représente les fondations de cette exploration.

Malgré la disponibilité de nombreux outils génétiques et moléculaires et d’une
collection de plus de 1000 individus génétiquement divers pour cette espece de
levure, la caractérisation de I’architecture génétique des traits reste limitée au
nombre de phénotypes étudiés. Une étude d’association pangénomique réalisée pour
36 conditions de croissance a, par exemple, permis de mettre en évidence des
variants génétiques, SNP ou CNV, n’expliquant qu’une faible partie de la variance
phénotypique observée, a savoir, en moyenne et respectivement, 4,49% ou 36,8%.
Afin d’englober un nouvel aspect de 1’établissement des phénotypes, nous avons
alors considéré une des étapes intermédiaires entre le génotype et le phénotype final,
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a savoir le niveau de transcription des ~6000 geénes constituant le génome de
S. cerevisiae. L’ analyse de la variation de I’expression des genes et de leur régulation
génétique fait I’objet de mon premier chapitre. Deux objectifs majeurs se dégagent
de cet axe. Le premier repose sur des aspects techniques et le défi que représente la
« génération » des transcriptomes d’un millier d’individus. Le second consiste en
I’analyse des origines génétiques de la régulation de 1’expression des geénes chez
S. cerevisiae sur la base de I’ensemble des données générées. Une stratégie a haut-
débit d’extraction et de séquengage (RNA-seq) des ARNm a été mise en place pour
générer les transcriptomes de 1010 isolats naturels. Sur la base de ces données, nous
nous sommes attelés a mettre en évidence les caractéristiques des variations de
I’expression des génes au sein de I’espéce et d’en déterminer les origines génétiques.
Ainsi, une exploration des modules de co-expression dans 1’espéce a révélé les
processus les plus exprimés, a savoir la synthése protéique et la glycolyse
notamment, et les réseaux de génes les moins exprimés. Ces génes peu exprimés sont
accessoires, c’est-a-dire absents de certains génomes, ou impliqués dans les
processus méiotiques et la reproduction sexuée. Ces résultats ont pu étre mis en lien
et confirmés respectivement par 1’analyse de 1’expression des geénes a ’échelle du
pangénome et par des signatures transcriptionnelles associées a la ploidie des isolats.
Des signatures transcriptionnelles spécifiques a certaines sous-populations de
S. cerevisiae ont également été identifiées et mises en relation avec leur implication
dans des processus industriels. Ce jeu de données considérable permet aussi
d’analyser la régulation de la transcription des geénes. Par exemple, un mécanisme
de compensation de I’expression des génes est constaté en réponse aux variations du
nombre de copies dans les génomes. Egalement, une étude d’association
pangénomique a pu étre réalisée en considérant la variation d’expression pour
chaque géne dans 969 isolats comme un phénotype. Cette étude d’association a mis
en évidence des variants génétiques régulateurs, ou eQTL, influengant 1’expression
des génes a distance ou localement ainsi que leur contribution a la variance
phénotypique. Ces travaux ont ainsi fourni pour la premiére fois une vision
d’ensemble de la régulation génétique de I’expression des geénes au sein d’une
population de plusieurs centaines de levures.

Dans I’exploration des relations génotype-phénotype, il a été mis en évidence une
complexité sous-jacente méme dans des cas dits simples ou monogéniques. En effet,
alors que dans ces cas, une mutation est responsable d’un phénotype, 1’impact du
fonds génétique des individus avec la mutation peut entrainer une variation du
phénotype résultant (sévérité, délais d’apparition pour une maladie, par exemple).
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Cependant, la prévalence de ces effets du fonds génétique dans les génomes n’a
jamais été estimée et caractérisée a 1’échelle d’une espéce. Mon second chapitre
explore ainsi cette problématique a I’aide d’une stratégie haut-débit de saturation des
génomes en transposons, appliquée a plus de 100 isolats naturels de S. cerevisiae
représentatifs de la diversité de 1’espéce. Nous avons, dans ce cadre, pu étudier
I’impact de plusieurs milliers d’interruptions de génes par des transposons dans ces
différents fonds génétiques. Le séquencage puis la comparaison des sites d’insertion
des transposons dans les génomes révelent des motifs particuliers dans les génes et
leurs régions adjacentes, selon 1I’impact phénotypique engendré par les insertions.
Une absence de détection d’insertions de transposons dans un gene et son promoteur
refléte une perte de fitness engendrée par I’insertion. A I’inverse, de nombreuses
insertions sont détectées dans les génes pour lesquels I’insertion de transposon n’a
pas d’effet majeur sur le fitness. Un modéle logistique basé sur ces motifs particuliers
a été mis en place afin de prédire I’impact d’une perte de fonction pour chaque géne
sur le fitness du fonds génétique considéré. Ces valeurs prédictives ont ainsi permis
d’estimer la proportion a I’échelle du génome de gain et de perte de fitness dans les
différents fonds génétiques par rapport a la souche de référence S288C. L’analyse
des génes impactés par ces effets du fonds génétique révéle des événements de
variation de fitness liées a 1’environnement, a savoir une compétition en milieu
composé de galactose ainsi que des événements plus rares (~1/3) strictement liés au
fonds génétique.
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CHAPITRE 1

Species-wide exploration of the inherited gene
expression variation in yeast
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Introduction

In the last decade, population genomics allowed to explore the genetic diversity at a
population-scale via high-throughput sequencing strategies. Large resequencing
surveys including thousands of individuals from the same species were initiated in
humans (Auton et al., 2015) as well as in different model organisms such as the plant
Arabidopsis  thaliana (Alonso-Blanco et al, 2016), the budding yeast
Saccharomyces cerevisiae (Peter et al., 2018) and the worm Caenorhabditis elegans
(Leeetal.,2021). The main goal of these population genomic studies was to compare
and explore the genetic variants identified across large populations. The
determination of such catalogues of variants has made it possible to better understand
how genetic diversity has been elaborated and maintained over generations. Within
the S. cerevisiae species, a maximum nucleotide diversity of 1.8% has been observed
across a population of 1,011 natural isolates of various ecological origins around the
world (Peter et al., 2018). These variants uncovered a strong population structure
with 26 specific lineages, reflecting the ecological and geographical origins of the
isolates (Peter et al., 2018). Besides SNP (Single-Nucleotide Polymorphism)
divergence, other sources of genetic variations are responsible of the observed
genetic diversity such as Copy Number Variants (CNVs) and ploidy level variations
(Gallone et al., 2016; Gorkovskiy and Verstrepen, 2021; Otto, 2007; Peter et al.,
2018).

The detection of genetic variants in thousands of individuals also offers the
possibility of relating genotype and phenotype. By performing genome-wide
association studies (GWAS), genetic variants present in the population can be
statistically associated with a given trait (Visscher et al., 2012, 2017). In recent years,
association studies have helped to dissect the genetic origins of complex traits such
as diseases, growth measures or resistance to chemical compounds in humans as well
as in different model organisms (Alonso-Blanco et al., 2016; Buniello et al., 2019;
Cook et al., 2017; Gonzales et al., 2018; Peter et al., 2018; Read and Massey, 2014;
Tam et al., 2019). In yeast, genome-wide association studies were performed on a
collection of 1,011 diverse isolates for different traits by estimating strain growth
under different conditions (Peter et al., 2018). Interestingly, it was found that the
associated CNVs explained a higher proportion of the phenotypic variance observed
within the population, with a median of 36.8% versus 4.49% for associated SNPs
(Peter et al., 2018). However, despite the power of GWAS strategies, the genetic
architecture of complex traits remains poorly understood, in particular because the
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number of traits included in the association analysis for the same population is still
limited.

The understanding of the genetic regulation of the different molecular intermediates
leading to the final phenotypes is essential to uncover a greater fraction of the
heritability of complex traits. Indeed, gene expression variation has been widely
associated with diverse phenotypic variations (Albert and Kruglyak, 2015; Hill et
al., 2021). Genetic variants associated with gene expression variation, or expression
Quantitative Trait Loci (eQTL), could explain a part of the complex phenotypic
variance. Genome-wide screen of expression variation through linkage analysis
uncovered general mechanisms of transcription regulation in model organisms such
as S. cerevisiae (Albert et al., 2018; Brem et al., 2002) or C. elegans (Rockman et
al., 2010). Local and distant eQTL can affect gene expression levels (Albert and
Kruglyak, 2015; Rockman and Kruglyak, 2006). While local or cis-regulatory
variants directly influence gene expression through mutations in the promoter for
example, distant or frans-eQTL impact distant non-coding or coding genomic
regions which mediate expression regulation, such as transcription factors. The main
results of these linkage analysis revealed a higher impact of local eQTL on
phenotypic variance but more distant eQTL with low effect on the gene expression
level (Albert et al., 2018). Association studies were also performed to explore the
impact of the broad genetic diversity on expression regulation at the species-wide
level. To date, only few studies took the advantage of a large natural population to
study the genotype-phenotype relationship using gene expression level as a trait
(Kawakatsu et al., 2016; Kita et al., 2017; Skelly et al., 2013; The GTEx Consortium,
2017, 2020). In yeast for instance, gene expression variation was explored on a small
subset of 85 diverse S. cerevisiae isolates and unveiled local mechanisms of
transcription regulation as well as negative selection of regulatory variants (Kita et
al., 2017). The largest analysis focused on 49 human tissues over 838 individuals
(The GTEx Consortium, 2017, 2020). Similarly, mostly local eQTL were detected
across tissues to explain the genetic basis of expression variations in humans (The
GTEx Consortium, 2017, 2020).

The genetic basis of gene expression regulation was overall dissected via linkage
analysis and did not take advantage of the entire species-wide genetic diversity. A
discrepancy was observed in the general genome-wide transcriptome regulation
between linkage and association analysis results. While linkage analysis uncovered
both distant and local regulatory variants, association studies mainly focused on the
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local eQTL. The sample sizes of the species-wide analysis were limiting so far.
Indeed, previous analysis showed that distant eQTL have a lower effect size
compared to local eQTL (Albert et al., 2018; Gilad et al., 2008). As a result, the
statistical power of GWAS to detect such low effect variants was limited by a too
small sample size (The GTEx Consortium, 2020). In humans for instance, except for
3 tissues, less than 600 donors were included in association studies, with 282 donors
per tissue on average (The GTEx Consortium, 2020). In order to overcome these
limitations, a greater number of individuals must be included in the analysis of the
transcriptional landscape. An organism such as S. cerevisiae is a suitable model due
to the great genetic diversity and the ability to have an exhaustive dataset in order to
study the regulation of expression for a large population.

Here, we took advantage of the well-described and completely sequenced set of
1,011 yeast isolates to explore the genetic origins of gene expression variation. This
large sample size increased the power of GWAS, allowing for in-depth
characterization of local and distant regulatory variants impacting gene expression
variation. In addition, this comprehensive dataset provided a species-wide overview
of the transcriptional landscape. Overall, a tight gene expression regulation was
observed across the population with strong co-expressed networks. A discrepancy of
the expression between accessory and core genome as well as a dosage compensation
of expression levels in the context of CNVs and aneuploidies were observed.
Specific transcriptional signatures within lineages were nevertheless associated with
some specific domesticated processes. By considering the expression level of each
gene as a trait, a total of 4,684 eQTL were detected. While the distant eQTL are
preponderant (~83.5%), the local regulation explained a higher proportion of the
gene expression variation with regulatory variants located in the promoter. To our
knowledge, this transcriptional landscape analysis is the most comprehensive
overview of the genome-wide expression regulation at the species-wide level, which
could overcome the statistical limitations of GWAS, particularly in detecting distant
eQTL.
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Results

Overview of the strain collection and the generated transcriptomic dataset

To obtain a comprehensive overview of gene expression variation across an entire
species, we sought to explore the transcriptional landscape across the 1,011
Saccharomyces cerevisiae isolates collection. These isolates were previously
collected, sequenced and described to represent the wide genetic, ecological and
geographical diversity of the species (Peter et al., 2018). The transcriptomes of 1,010
diverse isolates (Table S1) were obtained through a high-throughput RNA
sequencing strategy (Albert et al., 2018). Thereby, mRNA were extracted from cells
in exponential growth phase in synthetic complete (SC) medium with glucose as a
carbon source and sequenced by Illumina short-read sequencing. Among the 1,010
isolates, we kept a total of 969 of them with at least 1 million of mapped reads for a
more in-depth analysis. The mean coverage per isolate is 6.45 million mapped reads
(Figure S1). The final dataset constitutes a broad picture of the species with a
maximum genetic diversity of 1.4 %, distributed across the 26 well-defined clades
(Peter et al., 2018) (Figure 1A). These lineages are related to ecological (Figure 1A)
and geographical (Figure 1B) origins, with either domesticated or wild isolates.

Sequencing reads were aligned across a set of 6,680 ORFs, with 4,936 and 1,744
ORFs that are part of the core and accessory genome, respectively. The gene
expression level was normalized from read counts to transcripts per million reads
(TPM) and transformed in log2(TPM+0.5) for each isolate. A set of 196 genes was
filtered out because the level of expression was too low in the population (see
Methods). These genes are small with a median size of 347 bp and most of them are
dubious or with unknown functions. Among those with established functions, we
found genes involved in meiotic cell cycle process. The final set is thus composed
of 6,484 ORFs (4,847 core genes and 1,637 accessory genes) and a set of 6,005 ORFs
is on average expressed in each strain (Table S2).
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Clades
1. Wine/European
2. Alpechin
3. Brazilian bioethanol
4. Mediterranean oak
5. French dairy
1 6. African beer
7. Mosaic beer
8. Mixed origin
9. Mexican agave
10. French Guiana human
11. Ale beer
12. West African cocoa
13. African palm wine
14. CHNIII
15. CHNII
16. CHNI
17. Taiwanese
18. Far East Asia
19. Malaysian
20. CHN V
21, Ecuadorean
I8 22. Far East Russian
11123, North American oak
1 24, Asian islands
11125, Sake
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Figure 1. Overview of the 969 natural isolates. (A.) Genetic diversity of the 969 strains
based on a neighbour-joining tree. This tree is constructed using biallelic SNPs identified in
the RNA-seq reads. Each color represents one of the 26 lineages or one of the mosaic regions
described in Peter et al., 2018. (B.) Worldwide geographical origins of the 969 isolates.
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Exploration of the transcriptomic landscape and modules of co-expression

As previously mentioned, the S. cerevisiae population is well structured according
to the genetic diversity. The determination of the transcriptome of a total of 969
isolates provides a strong dataset to explore the structure of the population according
to gene expression level. To detect whether certain subpopulations show specific
transcriptional patterns, a principal component analysis was first performed on the
6,484 expressed genes (Figure 2A). However, no obvious grouping according to
subpopulations was observed but instead an admixture of the isolates based on a
complex structure of gene expression variation. This complex structure was
confirmed by a hierarchical clustering displaying a similar admixture of the isolates
(Figure 2B). In yeasts, previous analysis using smaller datasets already reported this
complex structure (Brion et al., 2015; Kita et al., 2017). Obviously, the growth
conditions in the laboratory are not representative of the behavior of each isolate
which is strongly linked to their living environment, in particular for domesticated
strains.

Figure 2. Structure of the transcriptomic landscape across the species. (A.) Principal
Component Analysis (PCA) of the expression variation across 969 natural isolates, each dot
corresponds to an isolate colored according to the associated lineage. (B.) Hierarchical
clustering of the expression variation of 6,089 genes in the population. Core and accessory
genes were recognized by two colors as well as the affiliated clades for each isolate. The tree
was constructed on the log2(TPM+0.5) expression values with pheatmap function and
separated in 6 subgroups for which GO term enrichments were performed on SGD (p-value
<=0.01) to detect co-expression networks.
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The clustering analysis also allowed the detection of regulatory networks resulting
in co-expressed genes among the 969 genetic backgrounds. Indeed, modules of co-
expression were identified, highlighting specific functions of the upregulated and
downregulated genes at the population level (Figure 2B). The gene hierarchical tree
was divided into 6 modules to perform GO term enrichment analysis. Within the co-
expression module of the upregulated genes (Table S3), an enrichment toward
cytoplasmic translation process (p-value = 5,59.10°'?) was found as well as for ADP
metabolic (p-value = 1,78.10!!) and glycolytic processes (p-value = 2,09.10°%). The
enrichments for cytoplasmic translation and, this time, ATP metabolic processes are
even stronger in the second most expressed gene module (p-value = 1,30.10* and
1,64.10"* respectively, Table S4). This enrichment for translation process was
previously highlighted in this species (Gasch et al., 2000; Wodicka et al., 1997). A
larger module of co-expression with an intermediate level of expression included
genes involved in biosynthetic and metabolic processes, highlighting the importance
of both translation and metabolism in cell growth. Conversely, accessory genes are
among the less expressed genes. Indeed, the module containing the less expressed
genes is significantly enriched for accessory genes (Fisher test, p-value < 2,2.107'¢).
This subgroup also displayed an enrichment for unannotated genes (p-value =
5,76.10°°°, Table S5) and genes involved in component for morphogenesis and in the
meiotic cell cycle process (p-values = 1,01.10% and 4,85.10% respectively, Table
S5). As an example, the master meiosis regulator IME ] (Tam and van Werven, 2020)
is one of the less expressed genes as the induction of this gene and other sporulation
genes are a response to nitrogen starvation in the presence of a poor carbon source
(Freese et al., 1982; Neiman, 2011).

Interestingly, within the most variable genes (variance > 1 across 969 genetic
backgrounds), GO term enrichments for specific biological networks were identified
(Figure S2, Table S6) such as carbohydrate transmembrane transport genes (p-value
=4,11.10"), thiamine-containing compound metabolic process (p-value = 4,95.10°
%5) or maltose metabolic process (p-value = 7,67.10%). As described below, these
genes reflect functional variations related to the metabolic process specific to certain
lineages.
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Transcriptional signatures related to domestication processes

To characterize the transcriptional signatures related to specific subpopulations, we
plotted the fold change of gene expression in each clade compared to the rest of the
population against a p-value associated with the difference of expression. Outlier
expressed genes are determined by a threshold set on the corrected p-value (< 0.05
with Bonferroni correction). Among the different clades with significant results, a
variable number of transcriptional signatures was detected, ranging from 2 to 1,552
gene signatures in the Asian islands (24.) and French Human Guiana (10.) lineages,
respectively (Figure 3A, Table S7). Specific networks frequently associated with
domestication processes are highlighted in these lineages. The transcriptional
signatures in the clades indeed illustrate the selection pressure undergone by the
domesticated strains to focus on pathways essential for industrial processes.

Interestingly, by comparing the wild (n=54) and the domesticated (n=516) strains,
we found that genes involved in aerobic respiration are highly upregulated in the
strains that are not involved in human-related activities (Figure 3B, Figure S3-1,
Table S8). Indeed, a gene ontology analysis of upregulated genes in the wild strains
revealed significant enrichment for mitochondrial translation, ATP metabolic and
aerobic respiration processes (Table S9). By contrast, this set of genes is
downregulated in subpopulations involved in fermentation processes such as the
mixed origin clade (8.), for example (Figure S3-1, Table S10). These results are
consistent with a previous study which revealed a significant variation in the
expression level of these genes generally associated with the origins of the strains
(Skelly et al., 2013). However, although the West African cocoa isolates (12.) are
domesticated and used for cocoa fermentation, the 13 strains from this clade directly
derived from wild populations (Peter et al., 2018) and genes involved in ATP
metabolic process are upregulated in those strains (p-value = 1,08.102%) (Figure S3-
1, Table S11). These results are concordant with the divergence in genome evolution
between wild and domesticated lineages. While the wild population evolved more
rapidly without specific functional constraint, the domesticated subpopulations
evolved under strong selection pressure, mostly in the framework of fermentation
processes (Peter et al., 2018).
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Figure 3 (part 1). Transcriptional signatures associated with domestication processes
and ploidy levels. (A.) Number of genes down- (blue) or up- (red) regulated detected in each
clade, or subclade for the wine (1.) lineage. The clades are identified by their corresponding
numbers and the strains (n) constituting the group. Transcriptional signatures were defined
with the expression level fold change and a p-value cutoff of 0.05 with Bonferroni correction
(B.) Volcano-plot comparing the gene expression levels between the 54 wild isolates and the
rest of the population. GO term enrichments on SGD (p-value <= 0.01) revealed an
upregulation of aerobic respiration process genes (red). Examples of downregulated genes
linked to domestication processes and fermentation (blue) are also labeled. (C.) Volcano-plot
comparing the gene expression levels in the 48 beer isolates to the rest of the population. The
most upregulated genes (red) are involved in maltose metabolic pathway and GO term
enrichments on SGD (p-value <= 0.01) revealed a downregulation of aerobic respiration
process genes (blue).

In addition to this clear dichotomy between domesticated and wild strains, signatures
more specific to certain subpopulations can be highlighted. In the strains isolated
from French cheeses (French dairy clade — 5.), we found that the GAL transcriptional
regulators GAL3, GAL4 and GALS80 genes were overexpressed as well as calcium
ion transport genes (VCXI, RCHI, YVCI and PMCI) for example (Figure S3-1). In
addition, transcriptional signatures are also frequently detected for isolates used in
alcoholic fermentation such as for the production of wine, beer or sake. In wine
isolates, especially the subclade 4, several membrane transporter genes involved in
drug resistance, cell detoxification or mannoproteins are among the most upregulated
genes (Figure S3-1). The expression of these genes is required to manage the
different chemical compounds used during wine production. For example, the SSUI
gene, which encodes a plasma membrane sulfite pump, is significantly upregulated
in the wine subclade 4 (Figure S3-1). This overexpression results from the selection
of strains that resist to sulfite excess during winemaking process. Indeed, different
chromosomal rearrangements, translocations (Pérez-Ortin et al., 2002; Zimmer et
al., 2014) as well as an inversion (Garcia-Rios and Guillamon, 2019) were identified
in wine isolates as responsible of an overexpression of the SSUI gene. In the beer
subpopulations, transcriptional signatures were also highlighted. Beer strains are
polyphyletic and consequently spread over several lineages such as African beer (6.),
mosaic beer (7.), mixed origin (8.) and ale beer (11.). By considering the 48 beer
isolates or even each clade independently, an enrichment of genes associated in
maltose metabolic process was observed for the upregulated genes (p-value =
3,32.10%) (Figure 3C, Tables S12-S13). In previous population genomic studies,
mutations and duplications of the MAL genes were indeed identified in beer isolates
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(Gallone et al., 2016; Gongalves et al., 2016) resulting as an overexpression of this
specific pathway to adapt to the fermentation environment. In sake isolates (25.), a
total of 14 genes associated with thiamine metabolic process were found to be
upregulated (Figure S3-1). Interestingly, overexpression of these genes has been
shown to be responsible for a high yield of ethanol during sake production (Oba et
al., 2011; Shobayashi et al., 2007).

The statistical power of our analysis is nevertheless limited for some subgroups
composed of too few individuals. Indeed, transcriptional signatures were not
detected in a total of 8 clades containing at most 5 isolates or even 17 isolates in the
case of the mosaic region 1 (M1.) (Figure 3A). As this latest clade includes isolates
involved in diverse processes or from distinct ecological origins, we could not
highlight any enrichment for specific metabolic pathways. Only the Ecuadorean
clade (21.) with 9 wild isolates is an exception with 436 signature genes, among
which 246 are upregulated and show an enrichment in mitochondrial translation
processes (p-value = 2,21.10%, Figure S3-1, Table S14).
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Transcriptional signatures associated with ploidy levels

Besides transcriptional signatures related to specific subpopulations, we also
explored the impact of the ploidy level on gene expression as previously investigated
in the S288C reference isolate (Galitski et al., 1999). The diploid state is most
common across the S. cerevisiae species (Peter et al., 2018). Among the 969 studied
isolates, only 7 isolates are naturally haploid while 118 other haploid isolates were
genetically manipulated (Figure 3D, Table S1). Higher ploidies (3n-5n) are more
naturally represented within the population with 86 isolates (Figure 3D, Table S1).
The set of polyploid strains is highly enriched in specific subpopulations such as the
beer, mixed origin and African palm wine clades (Peter et al., 2018).

The transcriptional signatures in polyploids are therefore linked to those observed in
these specific clades (Table S15). Indeed, the upregulated genes are strongly
associated with maltose metabolism (Figure S3-1), corresponding to the signature
observed for the beer isolates. In addition, gene ontology analysis also revealed
enrichment similar to that of the mixed origin lineage, such as cellular amino acid
biosynthesis process (p-value = 3,10.10%) (Table S16). Finally, an enrichment for
ATP metabolic (p-value = 9,25.10%) and ergosterol biosynthetic processes (p-value
=1,82.10"2) is also detected as downregulated, which is mainly due to the fact that
given polyploid isolates are domesticated (beer, baker and palm wine) (Tables S16-
S17).

Unlike polyploid isolates, haploids are distributed within different subpopulations,
and thus the transcriptional signatures associated with this set of 125 haploids
highlight a specific impact of this state of ploidy (Table S15). Indeed, the set of
upregulated genes is mainly associated with the mating pathway (Figure 3E). Within
the most variable genes in the population, these genes were already observed as
differentially expressed according to the ploidy and haploid specific (Figure S2).
Gene ontology analysis of the upregulated genes highlights an enrichment in
reproduction (p-value = 9,75.10"!'") with different processes such as conjugation (p-
value = 1,27.107'®) and response to pheromone (p-value = 3,77.10°'%) (Table S18).
Furthermore, genes with the higher fold change are the mating pheromone factor a
and a genes (MF(ALPHA)I and MFA?2) and the receptors for the a and a factor
pheromone genes (STE3 and STE?2), which initiate the signalling response that leads
to mating (Haber, 2012; Hagen et al., 1986) (Figure 3E). Interestingly, the
upregulated genes involved in reproduction process displayed divergent patterns
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depending on the mating type of the isolate (Figure 3F). A hierarchical grouping of
these genes makes it possible to identify genes co-expressed with the mating
pheromone factors a and a (Figure 3F). Finally, a strong enrichment in ribosome
biogenesis was observed for the downregulated genes in this set of haploid strains
(p-value = 6,90.10'"%) (Figure 3E, Table S19).

Figure 3 (part 2). Transcriptional signatures associated with domestication processes
and ploidy levels. (D.) Distribution of ploidy levels in the 969 isolates. (E.) Volcano-plot
comparing the gene expression levels between the 125 haploid isolates and other ploidies.
Genes involved in reproduction and mating processes are upregulated (red) in these isolates
as highlighted by GO term enrichments on SGD (p-value <= 0.01) while ribosome biogenesis
genes are downregulated (red). (F.) Hierarchical clustering of the 54 genes associated to
“reproduction” process GO term in the 125 haploid isolates. Two subgroups of haploid strains
can be defined with this clustering according to the expression of specific mating type genes.
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Dosage compensation of expression level at the genome-wide scale

Among the various genetic variants found in the S. cerevisiae species, the copy
number variants (CNVs) were shown to have a high impact on the phenotypic
diversity (Peter et al., 2018). Genes are frequently duplicated across the 1,011
S. cerevisiae population. Indeed, almost each gene is involved in a genic, segmental
or chromosomal duplication in at least one isolate. It was consequently interesting to
explore the transcriptional response to CNVs in the extensive dataset we generated.

By looking at the entire set of duplicated genes in our sample, we found that the
mean expression of this set of genes is slightly higher compared to non-duplicated
genes (5.98 vs. 5.68), revealing an overall weak effect on the transcription level
(Figure 4A). Indeed, the expression fold change is not directly correlated with the
number of copies present in the genome. As an example, the presence of two copies
versus one copy leads to a gene expression fold change of 1.41 on average, when
considering TPM values (Figure S4A). This observation highlights the impact of
gene dosage with a general transcriptional regulation of the copy number variation.
In addition to this general trend, we also sought to know whether certain genes
involved in specific functions were more or less impacted by this transcriptional
buffering. Our comprehensive dataset is powerful enough to perform such a
systematic comparison. In total, we found a set of 824 genes that are significantly
differentially expressed when duplicated (Wilcoxon test, p-value with Bonferroni
correction) (Table S20). Interestingly, among this set of genes, we identified a large
subtelomeric region located on the chromosome XVI (Figure S4B), going from
AQYI to YPR204W genes. This duplicated region is present in both wild and
domesticated lineages (Bergstrom et al., 2014; Ogihara et al., 2008) and may have
diverse evolutionary origins and functional outcomes. Among them, the arsenite
resistance is commonly associated to the 4RR1-3 genes duplication in S. cerevisiae
as well as in its sister species Saccharomyces paradoxus (Bergstrom et al., 2014;
Peter et al., 2018). Interestingly, these genes are constitutively upregulated even in a
stress-free environment.

In the last decade, many studies highlighted a global fitness disadvantage in
aneuploid isolates compared to euploid (Peter et al., 2018; Tan et al., 2013; Torres
et al., 2007; Yona et al., 2012). In order to understand the genetic mechanisms
underlying these phenotypic consequences, the impact of CNVs on gene expression
or protein levels in aneuploid isolates was explored (Dephoure et al., 2014; Hose et
al., 2015). However, these studies have focused either on laboratory aneuploid
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strains only or on a very small subset of wild aneuploid isolates. Our large
transcriptomic dataset is a major advantage in exploring the impact of aneuploidies
on transcription at the species-wide level. Indeed, aneuploidies are widespread
across the S. cerevisiae genomes (Peter et al., 2018). A low enrichment in
aneuploidies for the shorter chromosomes (chromosomes I, III and IX) and a high
enrichment in the sake, ale beer and mixed-origin subpopulations were observed. In
our dataset, a total of 204 isolates carries at least one sub/supernumerary
chromosome (Figure 4B). Similar to the trend observed for all of the duplicated
genes, the genes affected by one or more negative or positive aneuploidies were
downregulated or upregulated, respectively. These events can easily be detected
genome-wide (Figure 4C). A correlation between the chromosome number variation
and the gene expression level can be observed at the genome and chromosome scales
(Figure 4D, Figure S4C). While the median expression level of the euploid
chromosomes is 5.64, the median expression levels of aneuploidy -1, +1 and +2 are
5.35, 5.92 and 6.04, respectively (Figure 4D). These results clearly highlight an
effect of the aneuploidies on the transcriptional level but again a transcriptional
regulation of the CNVs can be observed.
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Overall, our dataset corroborated at the species level the general dosage
compensation of the gene transcription, already described in some aneuploid strains
(Hose et al., 2015). Furthermore, different expression patterns were detected
between euploid and aneuploid isolates, revealing the mechanisms underlying
tolerance to aneuploidy in natural strains. Indeed, the mitochondrial genes involved
in ATP metabolic processes (p-value = 8,09.102°, Figure S4D, Table S21) are
downregulated in aneuploid isolates. This trend was previously observed across 15
aneuploid strains (Hose et al., 2015) and interestingly also in the context of Down
syndrome (Helguera et al., 2013; Liu et al., 2017). As previously mentioned, these
downregulated transcriptional signatures are observed in domesticated
subpopulations such as the beer clades, which are prone to aneuploidies.
Nevertheless, the same transcriptional signature is also seen in aneuploid isolates not
related to these specific subpopulations (Figure S4E, Table S22).

Figure 4. Impact of the gene copy number on gene expression. (A.) Mean expression
levels for each gene in euploid (6,085 genes with n copies = 1) or duplicated (6,075 genes
with n copies > 1) context. The p-value is calculated using a two-sided Mann—Whitney—
Wilcoxon test. (B.) Distribution of aneuploidies and their types along the chromosomes of
204 isolates. (C.) Heat-map representing the ratio of the mean expression level on each
chromosome between a selected isolate and the mean expression of the chromosome in the
population. 16 euploid isolates randomly selected display homogeneous expression along the
16 chromosomes while the expression ratio allows the detection of positive (towards the red)
or negative (towards the blue) aneuploidies in the 17 selected aneuploid isolates. New
aneuploidies seem to be detectable by analyzing the expression levels such as a negative
aneuploidy on chromosome XIV for the strains XTRA DHE and CNV. (D.) Box plots of the
mean expression level for each isolate on each chromosome according to the aneuploidy type.
The p-values are calculated using a two-sided Mann—Whitney—Wilcoxon test between
euploid subgroup and each aneuploidy type, **** p-value < 1e™%.
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Pangenome and gene expression variation

The pangenome of S. cerevisiae was recently established from de novo genome
assemblies and revealed many evolutionary events such as introgressions or
horizontal gene transfers (HGT) (Peter et al., 2018). For example, Alpechin,
Mexican agave and French Guiana clades exhibit many introgressions from diverse
subpopulations of S. paradoxus. To explore the transcriptional landscape of the
pangenome, RNA sequencing reads were aligned to 6,285 ORFs of the S288C
reference genome as well as to 395 supplementary ORFs present in other isolates
(Table S2). Among this set, a total of 4,936 ORFs are present in all the strains and
constitute the core genome whereas 1,744 ORFs are part of the accessory genome.
Variable ORFs are classified according to their origins, i.e. ancestral, introgression,
horizontal gene transfer (HGT) and candidate HGT (Figure 5A). Accessory genes
are found in 1 to 969 isolates and their frequency varies according to the ORF origins
(Figure S5A). For instance, ancestral ORFs are mainly present in almost all the
isolates while HGT and introgressions are only present in a small subset of isolates.

With our comprehensive transcriptomic dataset, we surveyed the gene expression
levels across the 969 genetic backgrounds with variable genic content. Overall,
accessory genes are less expressed than the core genome in the population, with a
mean expression of 5.22 vs. 5.72 (Figure 5B). The gene expression variance is also
higher for accessory ORFs, 6.11 vs. 4.23. These results are consistent with the
discrepancy already described between core and accessory genes (Peter et al., 2018).
Indeed, genes part of the core genome undergo more genetic constraints with a lower
ratio of non-synonymous to synonymous polymorphisms compared to the accessory
genes (Figure 5C). Essential genes which mostly belong to the core genome are also
more expressed than non-essential genes and their expression is less variable
(Figures S5B and S5C). Gene expression variation thus reflects distinct evolutionary
trajectories of the ORFs of the pangenome. Moreover, the expression level is lower
regardless of the origin of the accessory genes (Figure 5D). ORFs coming from
horizontal gene transfer (HGT and candidate HGT) represent the least expressed
genes. We have nevertheless highlighted certain highly expressed ORFs involved in
the fermentation process found in Zygosaccharomyces species, wine contaminants
(Marsit et al., 2015; Novo et al., 2009).

The majority of the introgressed ORFs comes from S. paradoxus, a S. cerevisiae
sister species. These genes often have an ortholog, which retains the function of
S. cerevisiae allele and replaces it or coexists in the heterozygous state. To study the
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gene expression variation and adaptation of introgressed alleles, we focused on the
homozygous cases. When comparing a total of 439 genes homozygous for the allelic
version of S. cerevisiae or S. paradoxus, no significant difference in gene expression
was observed overall (Figure 5E). Nevertheless, we found that 76 out of the 439
genes are differentially expressed when introgressed, with 29 and 47 of them being
upregulated and downregulated, respectively (Figures S5D and S5E, Table S23). No
specific function could have been highlighted but in many cases, several genes from
S. paradoxus are introgressed together with a conserved synteny and the entire region
is differentially expressed in a similar manner in the lineage containing the
introgressions.
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Figure 5. Transcriptional landscape of Saccharomyces cerevisiae pangenome. (A.)
Number of the different types of genes constituting the species pangenome included in our
analysis. (B.) Gene expression levels in accessory and core genes in 969 isolates. The p-value
is calculated using a two-sided Mann—Whitney—Wilcoxon test. (C.) A higher ratio of non-
synonymous to synonymous polymorphisms, dN/dS, in accessory genes uncovers a lower
selection pressure in these genes. The p-value is calculated using a two-sided Mann—
Whitney—Wilcoxon test. (D.) Gene expression levels in different types of accessory genes
and the core genome in 969 isolates. The p-values are calculated using a two-sided Mann—
Whitney—Wilcoxon test between core genome expression and each accessory gene type. (E.)
Gene expression level comparison between 439 genes homozygous either for S. cerevisiae
or S. paradoxus allele. The p-value is calculated using a two-sided Mann—Whitney—
Wilcoxon test.
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Local eQTL as a major source of gene expression variation

Gene expression is a fundamental and intermediate step of a process that will lead to
the phenotypic diversity of a population. Previous surveys explored the genetic basis
of gene expression variation and regulation. These studies have led to the
identification of expression quantitative trait loci (eQTL) via either linkage or
association strategies (Hill et al., 2021). Linkage analysis highlighted a complex
inheritance of gene expression levels and a pleiotropic effect of the eQTL (Albert et
al., 2018; Brem et al., 2002; Schadt et al., 2003). However, even with an extensive
mapping population, eQTL are still limited to more or less large genomic regions
according to the number of recombination break points (Albert et al., 2018). On the
other hand, genome-wide association studies (GWAS) had a higher resolution to
specifically spot the causal nucleotides (The GTEx Consortium, 2015, 2017, 2020).
The wide S. cerevisiae collection is a powerful resource to investigate the regulatory
variations behind gene expression. The complete transcriptional landscape of 969
different individuals will increase the statistical power to find, among other, distant
eQTL which explain a lower phenotypic variance and were not detected in a small
set of 85 strains (Kita et al., 2017).

1- eQTL regulate genes far from their locations

We considered 5,868 traits (corresponding to the expression level of each gene)
varying across the 969 isolates to perform GWAS. Between these isolates, 75,828
single-nucleotide polymorphic sites were found with a minor allele frequency
(MAF) higher to 5%. These SNPs were used to perform a mixed-model association
and map the eQTL that influence gene expression levels. Furthermore, CAVIAR
(Hormozdiari et al., 2014) was used to filter the local eQTL and identify the causal
genetic variant for each trait. In total, 4,684 expression quantitative trait loci (¢QTL)
were associated with the gene expression level of 2,023 different genes (Figure 6A,
Table S24) and explained a variable part of the phenotypic variance, ranging from
13.6% to 46.8% (Figure S6A). These eQTL regulate the transcriptional level near or
far from the target gene. Local or distant eQTL were defined according to the
distance between the SNP and the influenced gene (see Methods). A total of 775
local or cis-eQTL were identified in a range of 25 kb on either side of the gene
whereas 3,909 distant or trans-eQTL acted from further away. Interestingly, 83.5%
of the genetic variants involved in gene expression variation were distant eQTL
among which 88% (n=3,453) are located on a different chromosome. Only 199
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unique genes are both locally and remotely regulated whereas 1,640 and 184
phenotypes are only regulated by distant and local eQTL respectively. However,
despite the predominance of distant eQTL regulating gene expression, the
phenotypic variance is more explained by local eQTL, with a mean of 18% against
15.4% for trans-eQTL (Figure 6B). Because of their pleiotropic effects, trans-
regulatory variants would be more deleterious, which explains a lower contribution
to the phenotypic variance (Schaefke et al., 2013). By contrast, cis-eQTL evolved
more rapidly and are selected for more beneficial and straight effects (Coolon et al.,
2014; Metzger et al., 2017). The detection of distant eQTL is consequently more
challenging because of the reduced phenotypic effects. Even if a large number of
trans-regulatory variants was detected using our transcriptomic dataset, a large part
of the phenotypic variance is still not explained. Among the 2,023 genes regulated
by eQTL, the expression level of more than half of them (n=1,168) was only
controlled by a single genetic variant (Figure S6B).
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Figure 6. Genome-wide association studies highlight distant and local regulatory
variants of gene expression. (A.) Location of the detected eQTL across the genome. Map
of the genomic position of the 4,684 eQTL (x-axis) against the position of the regulated
phenotype (y-axis). The diagonal (red) represents the local eQTL. Grey lines correspond to
the chromosome limits. (B.) Distribution of the phenotypic variance explained by the 3,909
distant eQTL or the 775 local eQTL. The p-value is calculated using a two-sided Mann—
Whitney—Wilcoxon test. (C.) Distribution of the local eQTL around the targeted gene. The
upstream region (red) corresponds to the 1,000 bp before the transcription start site (TSS),
the downstream region (blue) corresponds to the 300 bp after the stop. The position of eQTL
located within the ORF (yellow) is reported in per 1,000. Hence, 1,000bp are added to the
position of downstream eQTL. The background regions contain the remaining regions
located 25 kb before and after the gene. (D.) Explained phenotypic variance of local eQTL
according to its location from the targeted gene. No significant differences are found using a
two-sided Mann—Whitney—Wilcoxon test. (E.) GAL80 gene expression distribution
according to the local eQTL allelic version that regulates its expression level. All the isolates
which overexpressed GALS80 carried a guanine and this group of strains is enriched in French
Dairy (5.).
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2 — Accessory genes are more locally regulated

While the gene expression variance is similar (Figure S6C), we found that the mean
expression of genes with associated eQTL was lower than that of the other genes,
5.54 vs. 5.84 (Figure S6D). We therefore looked to what extent the genetic selection
pressure affected the regulation of gene expression. First, we found that expression
of essential genes (Dowell et al., 2010; Giaever et al., 2002) is less influenced by
eQTL (Fisher test, p-value = 0.0053). Previous results already hypothesized a strong
negative selection of the genetic mutations leading to gene misregulation that could
have a deleterious effect on individual viability (Kita et al., 2017; Ronald and Akey,
2007). In line with a negative selection of eQTL, the impacted phenotypes have less
genetic constraints, illustrated by a higher ratio of nonsynonymous to synonymous
polymorphisms (dN/dS) in these genes (Figure S6E). This negative selection de facto
induced a thin regulation of the core genome compared to accessory genes much
more targeted by eQTL (410 accessory /2023; Fisher test, odds ratio = 1.26, p-value
= 0.001). This enrichment in accessory genes is even higher in the 383 locally
regulated phenotypes (111/383; Fisher test, odds ratio = 1.96, p-value = 4,216¢%).
As cis-eQTL have a higher phenotypic impact and evolve rapidly next to the targeted
gene (Coolon et al., 2014; Metzger et al., 2017), this regulatory mechanism is
privileged for accessory genes which are lately selected or acquired within the
species. In contrast, trans-eQTL have a pleiotropic regulation which targets the core
genome more. Isolates with similar origins own close genomes with conserved
variable genes that can be linked to the environmental niche or domestication
processes. In order to conserve the fitness level, local expression regulation of
accessory genes is then the more rapid and efficient way.

3 — Regulatory variations widespread along the genome

Among the 75,828 single-nucleotide polymorphic sites found across the 969 isolates,
only 5% (3,738 unique eQTL) are involved in gene expression regulation. These
eQTL are widespread along the genome without any strong hotspot regions, i.e.
regulating the expression level of many genes (Figures 6A and S6F). In total, 3,121
(67%) of the eQTL are located inside a CDS (coding DNA sequence), which
corresponds to the proportion of genomic coding content and 1,598 genes hold at
least one eQTL (Table S24). The genetic sequence of these regulatory genes also
underwent slightly less genetic constraints, characterized by a higher dN/dS (Figure
S6G). All of them are not annotated as involved in gene expression regulation but
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almost half of the regulatory genes are implicated in regulation process and in
binding activities (p-values = 4,7.10%* and 1,32.10! respectively, GOrilla database,
Table S25). We also highlighted gene network enrichment in regulation of
chromosome organization and transcription by RNA polymerase II processes (p-
values = 1,17.10°! and 1,58.10°! respectively, GOrilla database, Table S25). The
phenotypic variance is slightly more explained by intergenic eQTL (Figure S6H).
Indeed, intergenic regions contained regulatory elements such as promoters which
are directly related to the transcription initiation and so to the gene expression level
(Hahn and Young, 2011; Tirosh et al., 2009).

4 — Promoter region as a regulatory hotspot

As mentioned, gene expression variation is highly impacted by local and intergenic
eQTL (Figures 6B, Figure S6H). We thus focused our analysis on the 775 cis-
regulatory variants and more precisely on the distribution of these eQTL around the
targeted gene. A higher number of eQTL is detected within the 500 bp before the
transcription start site (TSS) of the regulated gene (Figure 6C). Besides, a smaller
increase of eQTL number is spotted in the first 50% of the gene as well as in the 3’-
untranslated transcribed region (3’-UTR) (Figure 6C). Local regulation hence
occurred in the direct neighbour regulatory regions as previously described (Kita et
al., 2017; Ronald et al., 2005; Skelly et al., 2013) and the promoter sequence
variation effect on gene expression was deeply studied in yeast (Duveau et al., 2017;
Lubliner et al., 2015). These genetic variations could modify the nucleosome
conformation or the TATA element for instance. Recently, the promoter outcomes
on transcriptional level could even be predicted to a certain extent (de Boer et al.,
2020). However, despite the known broad effect of promoters on gene expression,
the explained phenotypic variance was not higher for any of the regions (Figure 6D).
This suggested a pleiotropy of local mechanisms to affect the gene expression level
across the species.

5 — Mutation in promoter induces GAL80 overexpression in dairy strains

Using the transcriptomic dataset of the 969 diverse S. cerevisiae isolates, we could
identify specific transcriptional signatures related to the strain environment as well
as regulatory variants involved in these processes by genome-wide association
studies. For instance, transcriptional signatures linked to the dairy production were
identified in the French dairy lineage constituted of 30 isolates. Genes involved in
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the calcium ion transport and galactose pathways are overexpressed (Figure S3-1) in
this subpopulation. The three overexpressed GAL genes are all involved in the
transcriptional regulation of the pathway (Horak, 2013; Johnston, 1987). GAL3p is
arepressor of inhibition, which binds the GAL80p inhibitor in presence of galactose.
This repression allows the activation of the transcription factor GAL4p that triggers
the galactose enzymatic reaction, usually inhibited by GAL80p. Our experiments
were performed in a glucose environment which explained why the other GAL genes
are not also overexpressed. The differences in expression levels highlighted a precise
regulation of the regulatory elements of the GAL pathway in the dairy strains.
Interestingly, at least one eQTL is detected for each of these genes (Table S24), the
expression of the GAL3 and GAL4 genes are each regulated by 1 trans-regulatory
variant, located in UBP7 and RIA1, respectively. By contrast, GALS80 expression is
regulated by two distant eQTL located in the PRMS5 and YMR315W genes, and by
one cis-eQTL located 71 bp before the TSS, i.e. in the promoter region. This local
eQTL explained 25.4% of the phenotypic variance. The polymorphic site carried
either a guanine (46.5% of the isolates), an adenine (46.5%) or both nucleotides in
heterozygous cases (7%). Interestingly, all the isolates for which GAL80 gene is
upregulated carry a guanine (Figure 6E) suggesting a causal effect of this allele in
the expression variation. Moreover, the 30 French dairy isolates bear this SNP.
However, the phenotypic variance of GALS80 expression is not completely explained
by these detected cis- and trans-eQTL. The genetic basis of GALS80 expression
variation is difficult to dissect because barely 5% of the isolates overexpressed the
gene. Hence, genetic variants involved in this overexpression could have a minor
allele frequency lower than 5% and hence could not be detected via GWAS. This
example still emphasized the genetic complexity underlying the architecture of traits,
selected for industrial process for instance.
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Allele Specific Expression (ASE) and cis-regulatory changes

Diverse ploidies were described within the S. cerevisiae species, with haploid to
pentaploid isolates resulting in high level of heterozygosity across the genomes.
While most of the natural isolates are diploid, 52.7% of them are heterozygous (Peter
et al., 2018). The impact of heterozygosity on gene expression variation has been
explored in hybrids and reveals a major role of cis-regulatory changes (Metzger et
al., 2017; Wittkopp et al., 2004). A strong correlation between cis-acting eQTL and
allele specific expression has been found in various human tissues (The GTEx
Consortium, 2015, 2020). The extensive dataset we generated thus gives the
opportunity to survey expression variation in 289 euploid diploid heterozygous
isolates through allele specific expression (ASE) analysis.

Among the 214,551 heterozygous sites distributed in 3,750 unique genes across the
289 isolates, the expression of around 3% of the sites (n = 6,513) was significantly
imbalanced in 1,100 unique genes (binomial test, p-value corrected with Benjamini
and Hochberg method). The genetic regulation of these 1,100 differentially
expressed alleles has been linked to the 775 cis-eQTL detected by GWAS.
Interestingly, the expression of 0.60% of the genes influenced by a heterozygous cis-
eQTL was significantly imbalanced while only 0.066% of the genes regulated by a
homozygous cis-eQTL displayed an allelic imbalance. The differential expression of
heterozygous alleles was thus significantly more regulated by heterozygous cis-
eQTL (binomial test, odds ratio = 9.18). These results are consistent with previous
analysis in humans, uncovering local bi-allelic regulation (The GTEx Consortium,
2015, 2020).

Over the 1,100 unique genes with heterozygous imbalanced sites, 625 unique genes
carried all of their heterozygous sites imbalanced (Figure S7A) from 1 to 18 sites per
gene (Figure S7B). A total of 186 out of the 625 genes displayed imbalanced
expression in several isolates and we therefore looked to see if some of these
unbalanced genes were specific to given subpopulations (Figure S7C). We found
that 16 genes are significantly enriched in 8 clades (Fisher test, Table S26) with the
highest enrichment for the SSU! gene in the wine subpopulation (1.). Interestingly,
the SSUI gene was also detected as an upregulated transcriptional signature, with
2.3-fold change in gene expression in this given subpopulation. As previously
mentioned, several chromosomal rearrangements influencing the expression of the
SSUI gene have been described in the wine strains for sulfite tolerance (Garcia-Rios
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and Guillamén, 2019; Pérez-Ortin et al., 2002). We then hypothesized that the 23
isolates with the SSU1 allelic imbalance carried both one translocated allele and one
wild type allele. This heterozygosity was indeed confirmed by polymerase chain
reaction (PCR) with optimized primers (Table S27) that allowed to discriminate the
chromosomal rearrangement from the wild type allele (Marullo et al., 2020; Pérez-
Ortin et al., 2002). Different types of translocations were identified across the 23
isolates with imbalanced gene expression (Table S28). These chromosomal
rearrangements induced a modification to the promoter of the SSUI gene and thus
lead to an upregulation. Indeed, compared to other natural isolates, the 23 isolates
heterozygous for the translocations significantly overexpressed SSUI gene (Figure
S7D). The strong SSUI upregulation detected in the wine lineage nevertheless
suggested the presence of these causal rearrangements in other wine genetic
backgrounds, probably at the homozygous state. Overall, this example supported the
impact of heterozygosity on the gene expression level as well as the genetic selection
for environmental adaptation.

Finally, introgression events are frequent in certain S. cerevisiae isolates in
homozygous and heterozygous states, as mentioned previously (Peter et al., 2018).
Previous analysis revealed similar expression of the homozygous version of the S.
cerevisiae and S. paradoxus alleles (Figure S5E). The study of differential expression
of heterozygous alleles is possible via the ASE analysis. Different filters were first
applied to reduce the mapping bias toward the reference alleles while the alternative
alleles correspond to the introgressed genetic variants (see Methods). After these
steps, no significant difference was found between non-introgressed and S.
paradoxus introgressed heterozygous sites, suggesting a similar regulation of
heterozygous alleles (Figure S7E). In a heterozygous context, S.paradoxus
introgression events thereby didn’t result in higher differential expression levels
compared to other non-introgressed heterozygous alleles. Whatever the genomic
context, homozygous and heterozygous, introgression events are thus not
significantly differently expressed than the S. cerevisiae allele in the specific
experimental conditions used. These events still have a central role in genome
evolution of the species and are particularly conserved in certain subpopulations
(D’Angiolo et al., 2020; Peter et al., 2018).
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Discussion

The wide overview of the transcriptional landscape that we conducted across the S.
cerevisiae species led to a deeper characterization of the regulatory variants
impacting gene expression variation. The first result of our global survey revealed
the absence of transcriptional patterns specific to certain subpopulations. However,
specific transcriptional signatures associated to given lineages were detected and
mainly highlighted the functional impact of the domestication processes. Indeed,
these signatures were selected to facilitate human activities by the over- or
underexpression of specific genes. As an example, the gene SSUI, responsible for
resistance to sulfite excess during winemaking, was overexpressed in the wine
lineage. This overexpression was associated to characterized structural variants,
translocations as well as inversion (Marullo et al., 2020; Pérez-Ortin et al., 2002),
selected in these isolates at the homozygous or heterozygous state as verified by an
ASE analysis. The genetic regulation of gene expression was thus under positive
selection especially for genes involved in metabolic pathways required for
domestication.

Mechanisms of genome evolution implied both SNPs and SVs including CNVs
commonly described in adaptation responses to environment as well as domesticated
processes (Bergstrom et al., 2014; Gongalves et al., 2016). As an example, genes
involved in the metabolism of maltose, a carbon source specific to beer fermentation,
are duplicated and overexpressed in the corresponding isolates (Gallone et al., 2016).
Interestingly, a dosage compensation of expression was observed for duplicated
genes, either at the genic or chromosomal level. Previous analysis already described
this phenomenon in aneuploid laboratory isolates (Dephoure et al., 2014; Hose et al.,
2015), and our extensive dataset provides for the first time a species-wide overview
of the expression buffering effect of duplication. In addition, different steps occur in
this process of gene expression regulation, from the initial mRNA to the final protein
products. Strong dosage compensation of the protein abundance levels was
characterized in aneuploid as well as single gene duplication context especially in
essential and multiprotein complex genes (Ascencio et al., 2021; Chen et al., 2019;
Dephoure et al., 2014). It would then be interesting to obtain the species-wide
overview of these different steps such as the protein translation through the
quantification of ribosome-protected mRNA fragments using ribosome profiling
(Ingolia et al., 2009) as well as the protein abundance measures through mass
spectrometry (Yates et al., 2009). The comparison of the different levels would allow
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to understand the different mechanisms of post-transcriptional as well as post-
translational buffering effects.

Establishing the complete transcriptome of hundreds of natural isolates has been a
major advantage in dissecting the genotype-phenotype relationship. We were thus
able to perform genome-wide association studies to detect eQTL. A large number of
distant eQTL were detected but it was shown that they explained a lower part of the
phenotypic variance compared to local eQTL. Interestingly, the expression of
accessory genes was more impacted by local regulatory variants revealing a
differential gene expression regulation between the core and the accessory genome.
Nevertheless, a large proportion of the phenotypic variance remains to be explored
within the species. Among the potential sources of missing heritability (Manolio et
al., 2009), structural variants and CNVs in particular could be further investigated to
have a global view of the impact of these genetic variants on gene expression
variation. Indeed, SVs are frequently linked to phenotypic adaptations and a previous
GWAS in yeast on different growth conditions revealed a greater impact of CNVs
than SNPs on phenotypic variance (Peter et al., 2018). A precise characterization of
SVs using long-read sequencing strategies would therefore be necessary to assess
their impact on gene expression variation in the S. cerevisiae species (De Coster et
al., 2021).
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Methods

Description of the isolates

A total of 1,010 unique isolates were gathered from different studies (Table S1). 981
isolates came from the 1,011 strains collection (Peter et al., 2018), 26 strains from
Marsit et al., 2015 and 3 lab strains were added: FY4 (a haploid S288C strain),
21278b and CEN.PK. These strains represent the wide genetic diversity of the
species and diverse geographical and ecological origins (Figure 1). Genomes of all
the strains were previously sequenced and the pangenome was established for all
except the 26 strains from Marsit et al., 2015.

The ploidy of the 26 isolates from Marsit et al., 2015 was estimated by flow
cytometry with a quantification of the cell DNA content. Defined S. cerevisiae
isolates from known ploidies (n to 5n) were added to the samples as controls. Cells
in exponential growth phase were successively washed in water, ethanol (70°) and
sodium-citrate buffer (50 mM, pH 7.5) before a RNase A treatment (500 pg/mL). To
avoid cell aggregates, each sample was sonicated followed by the DNA labelling
with propidium iodide (16 pg/mL), a fluorescent intercalating agent. DNA content
was then quantified using the 488 nm excitation laser of the Accuri C6 plus flow
cytometer (BD Biosciences).

Growth culture and RNA sequencing

The growth rate of the 1,010 strains (Table S1) was estimated after measurements of
the OD during a 48h-culture in synthetic complete (SC) medium with glucose as a
carbon source with a microplate reader (Tecan Infinite F200 Pro). The strains were
then grouped in 96-well plates according to their growth rates and grown in 1mL of
SC with glucose until cells reached exponential growth phase and an OD of ~ 0.3.
Hence, 750puL of cells are transferred in sterile 0.45uM 96-well filter plates (Norgen,
#40008) on a vacuum manifold (VWR, #16003-836). We applied vacuum to remove
all the SC medium, sealed with aluminum foil seals (Dutscher, #760213), and flash
froze the entire plate in liquid N2 to store the plate at -80°C before mRNA extraction.

mRNA were extracted with the Dynabeads® mRNA Direct Kit (ThermoFisher,
#61012) from an optimized protocol to work in 96-well plates (Albert et al., 2018).
Using glass beads and lysis buffer, cells have been lysed with a bead-beater (VWR,
#412-0167) before RNA denaturation for 2 minutes at 65°C. Two rounds of washes
followed by mRNA isolation have been realized with magnetic beads coupled to
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oligo (dT),s residues which can hybridize the polyA tails of mRNA. A final volume
of 10pL of purified mRNA was obtained to prepare the sequencing library.

Sequencing libraries were prepared with the NEBNext® Ultra™ II Directional RNA
Library Prep Kit for Illumina (NEB, #E7765L) still in 96-well plates. The 3-step
protocol was followed and adapted for around 10ng of intact RNA in SuL. The first
step consisted in cDNA synthesis from SuL of purified mRNA. The purified mRNA
were fragmented during 15 minutes at 94°C and the two cDNA strands were
successively synthesized. The cDNA were then purified using NEBNext sample
purification magnetic beads and eluted in 50uL of 0.1X Tris-EDTA buffer. Dual
index duplex adapters were ligated to the cDNA in the second step. In total, 96
combinations of TS HT dual index duplex mixed adapters from IDT® (Integrated
DNA Technologies®) were used and each prepped DNA was assembled to a unique
barcode combination, 2.5uL at 2uM. The adaptor-ligated DNA were purified using
NEBNext sample purification magnetic beads and eluted in 15pL of 0.1X Tris-
EDTA buffer. A final PCR enrichment of the barcoded DNA was performed in a 9-
cycle amplification using Illumina P5 and P7 universal primers (P5 IDT : 5°-
AATGATACGGCGACCACCGA-3’ ; P7 IDT : 5’-
CAAGCAGAAGACGGCATACGA-3’). 21uL of final barcoded DNA were
purified and eluted in 0.1X Tris-EDTA buffer.

For each sample, the final barcoded DNA was quantified using the Qubit™ dsDNA
HS Assay Kit (Invitrogen™) in 96-well plate with a microplate reader (Tecan
Infinite F200 Pro), excitation laser set at 485nm and emission laser at 528nm. All
the samples from the 96-well plate with a concentration higher than Ing/pL were
grouped with the same amount of DNA, 20ng, for each. The DNA integrity of the
pool was controlled on 1% agarose gel and quantified on Nanodrop and Qubit using
the Qubit™ dsDNA HS Assay Kit (Invitrogen™),

The final pool of DNA was sequenced on Nextseq 550 high-output at the EMBL
Genomics Core Facilities. In total, 1,046 samples were sequenced with duplicates
for some of the 1,010 isolates because the number of final reads was too low. A mean
of 6.45 million single-end reads of 75bp was obtained for each sample after
demultiplexing (Figure S1).
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Reads cleaning and strain assignment validation

Raw reads were cleaned with cutadapt (Martin, 2011) to remove adapter as well as
low quality reads that were trimmed on the basis of a Phred score threshold of 30
and discarded if less than 40 nt long after this trimming step.

For each of the 1,046 samples, clean reads were mapped to the S. cerevisiae
reference sequence using TopHat (v2.0.13) (Trapnell et al., 2009). Resulting bam
files were sorted and indexed using SAMtools (v1.9). Duplicated reads were marked
using Picard (v2.18.14). GATK (v4.1.0.0) HaplotypeCaller was used to call variants
in each individual sample. The resulting SNPs were intersected with rare SNPs
(defined as having a Minor Allele Frequency (MAF) less than 5%) described in Peter
et al., 2018 using bcftools isec. That was done in a pairwise manner, so that the SNPs
of each RNAseq sample could be intersected with the previously described rare
SNPs of each strain.

The 1,046 samples were ranked based on the number of shared rare SNPs with each
relevant strain described in the SNP matrix. This allows to automatically validate
940 unique isolates for which the expected strain was among the top 3 ranking
strains. The remaining samples were manually investigated: 24 samples that were
part of a large cluster of closely related strains could be validated as the expected
strain and 19 samples could be unambiguously reassigned to the top 1 ranking strain.
14 samples out of the 1,046 could not be validated or reassigned and were discarded
from the remaining analyses. After this step, a final set of 986 unique isolates was
validated (Table S1).

Gene expression quantification

For each validated sample, clean reads were mapped to the S. cerevisiae reference
sequence in which the SNPs of the corresponding strains were inferred (as described
in Peter et al. 2018) plus the accessory genes that were not classified as ancestral or
S. paradoxus orthologs in Peter et al. 2018 (n = 395). The mapping was achieved
using STAR (Dobin et al., 2013) with the following parameters:
--outReadsUnmapped Fastx \

--outSAMtype BAM SortedByCoordinate \
--outFilterType BySJout \
--outFilterMultimapNmax 20 \
--outFilterMismatchNmax 4 \
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--alignIntronMin 20 \
--alignIntronMax 2000 \
--alignSJoverhangMin 8 \
--alignSJDBoverhangMin 1

Isolates with more than 1 million reads mapped were kept for analysis, resulting in
a final set constituted of 969 strains (Table S1).

Mapped reads counts were then obtained using the featureCounts function from the
Subread package (Liao et al., 2014) with the genes described in the S. cerevisiae
reference annotation (n = 6,285) and accessory genes (n = 395) as features. The
following options were used in order to get multi-mapped reads counted as a fraction
of the sites they mapped to:

-M\

--fraction

Finally, Transcripts Per Million (TPM) were calculated as a measure of transcription
for each of those features and a log2(TPM+0.5) normalization was applied. From the
set of 6,285 reference genes, 196 were filtered out because log2(TPM+0.5) was
lower than 1 in 50% of the isolates. The final set is thus constituted of 6,484 ORFs
which were used for downstream analyses (Table S2).

Neighbor joining tree

The variant calling files related to the 969 final strains generated through mapping
to the reference sequence and limited to SNPs were combined with
GenotypeGVCFs. The biallelic segregating sites were used to construct a neighbour-
joining tree with the R packages ape and SNPrelate. Briefly, the .gvcf matrix was
converted into a .gds file for individual dissimilarities to be estimated for each pair
of individuals with the snpgdsDiss function. The bionj algorithm was then run on the
obtained distance matrix.

General analysis

The final gene set used is composed of 6,484 genes among which 395 are non-
reference genes. The statistics analysis and graphics were achieved using R software
with tidyverse and ggplot2 packages (R Core Team, 2020).
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GO (Gene Ontology) term enrichments were performed on SGD (Saccharomyces
Genome  Database) website with the GO Term  Finder tool
(https://www.yeastgenome.org/goTermFinder). For each analysis, the list of outlier
genes was compared to the list of 6,089 annotated genes from the final dataset, unless

otherwise stated. Significant enrichment was considered under “Process” ontology
with a p-value threshold of 0.01.

1 — Gene expression clustering analysis

To determine the structure of the species based on gene expression variation across
the yeast natural population, a principal component analysis (PCA) was performed
with autoplot function on the 6,484 expressed genes and the 969 isolates with their
lineages associated (as described in Peter et al., 2018). A hierarchical clustering was
then realized with pheatmap function on genes with a sufficient variance across the
969 isolates, i.e. the 6,089 genes from the reference genome to identify co-expression
networks.

2 — Transcriptional signature detection

Transcriptional signatures were defined for different subgroups: the S. cerevisiae
lineages as defined in Peter et al, 2018, the beer isolates, the wild, domesticated and
clinical subgroups as well as for ploidy related subgroups (haploid, diploid and
polyploid) and isolates carrying aneuploidy. Differentially expressed genes were
identified for each subgroup by plotting the gene expression fold change between
strains from the considered subgroup to the other isolates against a p-value
associated to the expression variation. A p-value cutoff of 0.05 with Bonferroni
correction was set to determine outlier expressed genes either up- or downregulated
according to the fold change (Tables S7, S8, S12 and S15, Figures S3-1 and S3-2).

3 — Expression levels for CNV and aneuploidies

The number of copies of the 6,085 reference genes was estimated for the 969 isolates,
based on the genomic DNA reads mapping (Marsit et al., 2015; Peter et al., 2018)
and the estimation of the genome coverage through 1 kb sliding-windows with
Control-FREEC (v10.6) (Boeva et al., 2011). A gene was considered as duplicated
if more than half of its length was in a region detected as duplicated by Control-
FREEC. 6,075 genes were observed as duplicated in at least one strain. A systematic
comparison of the expression levels of these genes between duplicated and non-
duplicated versions was performed using a Wilcoxon rank sum test. A significant
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difference of gene expression was defined with a p-value cutoff of 0.05 with
Bonferroni correction (Table S20).

Aneuploidies in strains from Marsit et al., 2015 and laboratory isolates were
manually detected through the coverage plots of the genomic reads mapping. For all
other isolates, the aneuploidy annotations from Peter et al., 2018 were considered.
The mean expression along the 16 chromosomes was calculated for each isolate and
plotted according to the chromosome copy number. Transcriptional signatures of the
204 aneuploid isolates subgroup were defined as previously described.

4 — Pangenome variation of expression

All the 6,680 mapped genes were considered to examine the pangenome expression
variation across the species. We used the annotations of accessory gene origins
described in Peter et al., 2018 and removed the unknown and plasmidic origins from
analysis. For each reference gene, the mean ratio of non-synonymous to synonymous
polymorphisms (dN/dS) was computed with the yn00 program in PAML software
within the 1,011 yeast collection (Peter et al., 2018; Yang, 2007). Essential genes
annotations were based on the deletion collection performed in S288C reference
strain in complete medium supplemented in glucose (Giaever et al., 2002) for which
the list is available on SGD.

Considering the reference genes for which an ortholog from S. paradoxus was
detected as introgressed in some strains (Peter et al., 2018), 439 genes were found in
a homozygous state for S. cerevisiae or for S. paradoxus alleles in at least one strain.
A systematic comparison of the expression levels of these 439 genes between
S. cerevisiae and S. paradoxus allele versions was performed using a Wilcoxon rank
sum test. A significant difference of gene expression was defined with a p-value
cutoff of 0.05 with Bonferroni correction (Table S23).

Genome-wide association studies (GWANS)

In order to reduce low-quality mapping and linkage, we removed sub-telomeric
regions, 20kb each side of the chromosomes both from the SNPs matrix and from
the expressed genes. A total of 75,828 single-nucleotide polymorphism sites between
969 strains with a minor allele frequency (MAF) lower than 5% were integrated in
the matrix of genetic variants. Genome-wide association studies based on mixed-
model association analysis were performed as described in Peter et al., 2018 using
FaST-LMM (Lippert et al., 2011). In total, the expression variation (in TPM) of
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5,868 genes was tested and a trait-specific p-value threshold was established for each
gene by permuting phenotypic values between individuals 100 times. The
significance threshold was the 5% quantile (the 5" lowest p-value from the
permutations). The phenotypic variance explained by each SNP was computed with
FaST-LMM.

Local and distant eQTL were distinguished according to the distance from the
considered gene: local eQTL can be located 25 kb each side around the gene, all
other being considered as distant eQTL. We used CAVIAR (CAusal Variants
Identification in Associated Regions) to filter the causal local eQTL associated to a
phenotype (Hormozdiari et al., 2014). CAVIAR is a fine-mapping method which
accounts for linkage disequilibrium (LD) and effect sizes. The default parameters of
the method were used with a maximum of 2 local eQTL detected per phenotype and
a probability threshold of 95% to contain all the causal variants responsible for the
phenotype.

Allele specific expression (ASE)

1 — ASE data generation

We selected all the isolates previously described as diploid, euploid and
heterozygous (Peter et al., 2018) in order to perform ASE analysis on this population
(n = 289). We quantified the biallelic expression of each of these isolates using the
GATK tool ASEReadcounter (Castel et al., 2015) by providing it for each isolate a
BAM file resulting from an alignment of RNA-seq reads on the reference genome
and a VCF file containing all heterozygous positions of the corresponding isolate
(data obtained from Peter et al., 2018). Heterozygous sites displaying a risk of allelic
mapping bias were detected using their 75 bp mappability, with Genmap software
(Pockrandt et al., 2020), and discarded. We used the allele count to calculate an

alternative allele ratio (AAR):
alternative allele counts

reference allele counts + alternative allele counts
We finally excluded sites which did not have their heterozygosity supported by their
alternative allele ratio (AAR =0 or 1).

We detected imbalance in the allele expression using a simple binomial test corrected
by FDR (Benjamini and Hochberg, 1995). In order to further compensate residual
mapping bias in our results, we set the probability value of the binomial test to the
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mean of the alternative allele ratio in all our 289 isolates instead of 0.5 (Lappalainen
et al., 2013; Montgomery et al., 2010). Moreover, we performed the previous test
on sites that were covered more than 29X in order to ensure enough statistical power
to our binomial test. Finally, we limited our explorations of ASE to the heterozygous
sites located in CDS. In total, a list of 214,551 heterozygous sites distributed in 3,570
unique genes was analyzed across our 289 isolates (median = 464 sites per isolate).

2 — ASE and GWAS

To explore the relation between allelic imbalance and local regulation, we
considered the allelic versions of the 775 cis-eQTL in the 289 heterozygous isolates
and their effect on heterozygous gene expression. Allelic versions of the eQTL were
distinguished depending on whether they were homozygous (n = 196,509 cases) or
heterozygous (n = 20,530 cases) in the isolate. The proportion of phenotypes
displaying at least 1 significantly imbalanced heterozygous site among all the
phenotypes impacted by these local eQTL was estimated for both homozygous and
heterozygous categories. These proportions between homozygous and heterozygous
cis-eQTL were then compared using a y° test and a binomial test.

3 — Subpopulation ASE analysis and SSU1 exploration

To identify allele specific expression signatures related to the established clades, we
selected for each isolate the genes displaying significant allelic imbalance in all of
their sites, corresponding to 1,279 cases with 625 unique genes. We controlled the
concordance of the allelic expression of these genes by inferring 2 haplotypes using
the alternative allele ratio, AAR (sites with AAR > (.5 are on a haplotype, sites with
AAR < 0.5 are on another).

For each gene for which at least 2 sites corresponding to two different inferred
haplotypes were available, we calculated the mean AAR for each inferred haplotype
and checked if they were anti-correlated. This means that if an allele corresponding
to one haplotype is highly expressed, the other should be lowly expressed. We found
that the mean AAR of the different sites revealed a significant anti-correlation
between haplotypes (Figure S7F), supporting the reliability of the ASE of the
previously selected genes.

In total, 186/625 genes displayed imbalanced expression in several isolates. By
grouping the isolates into their respective clade, we calculated the number of
occurrences of these genes in each clade. We then applied Fisher’s exact tests
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(corrected by FDR, Benjamini and Hochberg, 1995) in order to detect genes enriched
in some specific clades using contingency tables (Table S29).
The region around SSUI gene was explored to detect translocations previously
described (Garcia-Rios and Guillamén, 2019; Pérez-Ortin et al., 2002) and that could
explain the allelic imbalance in the wine (1.) lineage if at heterozygous state (Table
S28). PCR (Polymerase Chain Reaction) were performed on the 23 candidate
isolates and 3 isolates as control for:

- the wild type SSU! locus — no translocation, FY4xFY5 diploid isolate

- the VIII-t-X VI translocation, ABD isolate, similar to Y9 (Pérez-Ortin et al.,

2002)

- the XV-t-XVI translocation, GN isolate (Marullo et al., 2020).
DNA amplification was performed with primers described Table S27 (Marullo et al.,
2020; Pérez-Ortin et al., 2002) from colony thermo-lysates. PCR fragments between
450 and 570 bp were obtained on 1.5% agarose gel. The structural variant type for
each allele can be discriminated according to the fragment size (Table S28).

4 — ASE and S. paradoxus introgressions

Besides homozygous S. paradoxus introgressions, heterozygous cases of S.
cerevisiae and S. paradoxus alleles were also identified in the species (Peter et al.,
2018). The unfiltered VCF files from Peter et al., were corrected for coverage and
mapping bias, allowing to get 3,338 sites related to heterozygous introgressed genes.
A significant difference was found in terms of AAR between these 3,338
introgressed sites and the non-introgressed toward low values for introgressions
(Figure S7G). However, among those sites, some were displaying aberrant genetic
allele balance (AB tag in the VCF file) due to soft filtration. Thus, we iteratively
performed several filtration steps of the genetic allele balance. In brief, at each step,
the filtration value was set to exclude extreme genetic allele balance: for example,
with a filtration value of 0.1, the site with a genetic allele balance higher than 0.9 or
lower than 0.1 were discarded, for 0.2 the threshold was 0.8 and 0.2, efc. Ultimately,
this led to select sites with genetic allele balance narrowed to 0.5 but also resulted in
an important decrease in the number of sites (Figure S7H). In addition, at each
filtration step, we compared the AAR between heterozygous introgressed sites and
non-introgressed sites and found that the AAR difference between introgression
related sites and the other sites decreased as the filtration value increased (Figure
S71). Because extreme genetic allele balance could be related to difference in terms
of allele copy number and since our goal was to compare the allele balance in genes
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with similar genetic organization in their alleles, we finally selected sites with a
genetic allele balance between 0.33 and 0.66. This resulted in 356 sites distributed
in 43 heterozygous introgressed genes.
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Supplementary material

Supplementary tables

Supplementary tables are available at:

https://www.dropbox.com/sh/b3307r7ul cahb8c/AADCxC-N3530EBjP9S4 EFK4a?dI=0

Supplementary figures

150

Count

50

5,000,000 10,000,000 15,000,000
Number of mapped reads

Figure S1. Distribution of the number of clean mapped reads in the final 969 isolates.
A cutoff was established at 1 million of final mapped reads minimum to include an isolate in
the final analysis.
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https://www.dropbox.com/sh/b3307r7u1cahb8c/AADCxC-N353oEBjP9S4_EFK4a?dl=0

Genes

" —Vitamin metabolism

Thiamine metabolism

Iron chelate transport

. @—Vitamin metabolism $

Cell wall mannoprotein

Figure S2. Structure of the most variable expressed genes across the species. Hierarchical
clustering of the 650 expressed genes with a variance > 1 in the population. Core and
accessory genes were identified by two colors as well as the affiliated clades for each isolate.
The tree was constructed on the log2(TPM+0.5) values with pheatmap function and separated
in 4 subgroups for which GO term enrichments were performed on SGD (p-value <= 0.01).
Diverse metabolic processes or genes involved in mating and reproduction were detected
within these variable genes.
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Supplementary figure 3 - panel 2
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Figure S3. Volcano-plots comparing the gene expression levels between a defined
subgroup and the rest of the population. Transcriptional signatures were defined with the
expression level fold-change and a p-value cutoff of 0.05 with Bonferroni correction. The
difference of expression (fold change) between the subgroups highlights down- (blue) or up-
(red) regulated genes differentially expressed. The panel 1 represents subgroups with
characterized signatures associated with the domestication impact or the ploidy level. The
panel 2 represents other subgroups without strong networks differentially expressed.

Figure S4. Impact of the gene copy number on gene expression. (A.) Distribution of the
ratio between expression level in TPM in duplicated genes (n copies = 2) and not duplicated
(n copy = 1). The mean fold-change is 1.41 suggesting a dosage compensation of gene
expression. (B.) Expression of a segmental duplication on a large subtelomeric region on the
chromosome XVI containing 12 upregulated genes. Box plots of the expression level for each
isolate according to the gene copy number. The p-values are calculated using a two-sided
Mann—Whitney—Wilcoxon test. (C.) Box plots of the mean expression level for each isolate
according to the aneuploidy type in each chromosome independently considered. The p-
values are calculated using a two-sided Mann—Whitney—Wilcoxon test between euploid
subgroup and each aneuploidy type, ns: not significant, * p-value < 0.05, ** p-value < 0.01,
##% povalue < 0.001, **** p_value < 1e, (D. — E.) Transcriptional signatures in aneuploid
isolates compared to euploid isolates (D.) and aneuploid isolates compared to euploid isolates
without considering wild and beer isolates (E.). Outlier genes were defined with the
expression level fold-change and a p-value cutoff of 0.05 with Bonferroni correction. The
most upregulated genes (red) are involved in maltose metabolic pathway (D.) and in allantoin
metabolism and GO term enrichments on SGD (p-value <= 0.01) revealed a downregulation
of ATP metabolic process genes (blue).
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Supplementary figure 4 - panel 1

A.

Expression level, log2(tpm+0.5)

124

4000

3000

Count

2000

1000

10
Ratio Duplicated/Euploid

20

30

(Expression level, tpm)

AQY1

ARR1

ARR2

ARR3

10.0:

7.5

5.0

25

0.0

Wilcoxon, p < 2.2e-16

T -

Wilcoxon, p <2.2e-16

=T

Wilcoxon, p <2.2e-16

T

Wilcoxon, p < 2.2e-16

ol

HPA2

OPT2

SGE1

YPR195C

10.0

7.5

5.0

25

0.0

Wilcoxon, p = 6.7e-06

-

Wilcoxon, p = 1.8e-11e
.

-

Wilcoxon, p <2.2e-16

- -+

Wilcoxon, p < 2.2e-16

-+

YPR196W

YPR202W

YPR203W

YPR204W

10.0

75

5.0

25

0.0

Wilcoxon, p <2.2e-16

-

Wilcoxon, p < 2.2e-16

-

Wilcoxon, p <2.2e-16

Wilcoxon, p <2.2e-16

-+

"

Duplicated Euploid

Duplicated Euploid

Duplicated Euploid

Gene copy number

Duplicated Euploid




Supplementary figure 4 - panel 2
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Supplementary figure 5 - panel 1
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Figure S5. Gene expression in the pangenome. (A.) Distribution of the number of each
OREF type in the 969 isolates. (B. — C.) Mean gene expression (B.) and gene expression
variance (C.) in essential (yellow) and non-essential genes. The p-values are calculated using
a two-sided Mann—Whitney—Wilcoxon test. (D. — E.) Outlier genes up- (D.) or down- (E.)
regulated in the homozygous S. paradoxus introgression compared to its S. cerevisiae
homozygous ortholog identified by a Wilcoxon-test, with Bonferroni correction. The p-
values shown on the plots are calculated using a two-sided Mann—Whitney—Wilcoxon test.

126



SIOA  UO[SIOA UOSIOA UOISIOA UOSIOA UOISIOA  UOISIOA UOISION  UOISION
pdvg  oovs vdeg  eovg pdes  eovs vdvs  eovs edes  eoeS
. I B
i — .
GOoL'p = d VoKD | | 60011 = d'UOX0IINM | | G-0g € = d UoNOOIM | | G0-0LZ = O 'UOKOIIM | | OI-OF'| = @ 'UONDDIM. + —— —t— +
UOISIOA  UOISIOA UOrSI9A —_—
owan LowAr v uorwe osvibdA || mezewon MOSHEIA oSTA —— = -+
©00F L » O ‘vowoonm 6096 | » d ‘vawoum e Lowoaw S0O¢y = d ‘vonoum P01 = d wasoam
vomen  uoie 0221108 OPLOMNA 1L LOUNA OZGNIA EI

1
+
E
a

i
1
i
v
B
|

|
.I.
|
.|.
|
-
|
|
|
.|.
+
!
.|.

g
J
i
|
3
i
3
|
K

g
H
§§+ :§.|. é
4
4
P
1
i
+
1 B
+

i — v
— —— I—I -

-+ |== 4| — .

60-0G'| = d "UoxOoNM oz “UOXOOM 90-01'9 = d "VOXOIM 9099 ¢ 6092 | = d "UONONM L006Z=d" 1M X 2

I
1-

1

-1

|

+ 2F .
1

I-
1

i

9= d ‘voxdm 006z =d voxdyy | | L0020 “uox0NM
VMIVOI9A MZS013A O69IbIA || MeLOMIA MEDHIA 0290H3A 2010H3A )
Rt ) C0L ') = 0 Uomoonm 000¢ | = d Voo Oroiyeduononm || Oreried oRIOIM L00 = d Voo g1
H 0 MBEOTOA MESOTHA ‘M99013A MBESHOA 'MBESHOA MIESHOA
: _ m e .
90-02'| = d ‘voxoomm B0-0L'1 = d “UoNOoM L0-0E'E = d “UoNooM S0-0L | = d ‘UoXoONM 0192 ¥ = d 'UOXOIM 80-05 | = d "UONOINM 90-0¢ | = d 'UONOXIM 21 g @
0800H3A 0890134 ov0013A || mesonaa O4PSHOA 026SHOA 021SHAA —t— - =t + e m — = — m
oL
0
.
—t— - 10 ey | 00-o¢ = d vomom 00w = 8 Voo OF012 = 8 oo 9002 = 4 Vaoum
i —— + — IT + - + 00ESHAA BOVZSHOA MEISHOA MBISHOA 000240A 06S0M0A "
««««« G0-06¢ = d “oR0oMA 0G2=d VoXooM | | 50-09'9 = d ‘oxooM 0-05 = d ‘voxoo) 210G £ = d 'UoKONM 1-06:| = d 'UORONM N
MOISHOA 0BYEHAA MireHOA | 192HOA 0250HAA D150HAA MPOOTOA + )
— — S—— — +
—_ —_— - + —— ||~ || —— " o
ooy goyz=d ucsoom duomown | | evesnsduomcomn | | soegeeduomonn p— [RUp— 0oz = 8 w0 10065 = 8 ‘vomoonm 2rag s = d vosooun oregeeduomnm || soeasd r— 0o | o
020010A 0881HEA OP90HEA || O290MBA 0zv0HaA MLZOBVA MLEOTVA [Nao060] L0070 Lo Ll Lo DS
3 ‘a

2 1eued - g ainby Areyuswe|ddng

127



Supplementary figure 6 - panel 1
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Figure S6. Overview of the GWAS results. (A.) Distribution of the phenotypic variance
explained by the 4,684 eQTL associated with the expression level variation of 2,023 genes.
(B.) Number of eQTL regulating a gene expression variation. (C. — E.) Exploration of the
characterics of gene regulated by a detected eQTL (yellow) or without detected eQTL
(green). Genes regulated by at least one eQTL are not more or less variable (C.) but are less
expressed (D.) and have less constraints in their genetic sequence, illustrated by a higher
dN/dS (E.). The p-values are calculated using a two-sided Mann—Whitney—Wilcoxon test.
(F.) Distribution of the 4,684 eQTL position along the 16 chromosomes. (G.) dN/dS of genes
in which we detected eQTL (yellow) or not (green). Genes with regulatory variants have thus
less genetic constraints. The p-value is calculated using a two-sided Mann—Whitney—
Wilcoxon test. (H.) Distribution of the phenotypic variance explained by the eQTL located
in a gene (blue) or in an intergenic region (red). The p-value is calculated using a two-sided
Mann—Whitney—Wilcoxon test.
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Supplementary figure 6 - panel 3
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Figure S7. Allele Specific Expression (ASE) analysis. (A.) Proportion of heterozygous sites
inside a gene displaying significant imbalance (x-axis) and the number of genes displaying
the different proportion (y-axis). Genes having all their sites (100%) significantly imbalanced
correspond to the red bar. (B.) Distribution of the number of sites per gene (after coverage
and mapping bias correction) among 1,279 genes having all (100%) of their site significantly
imbalanced. (C.) Distribution of the 270 heterozygous isolates with at least one gene carrying
100% of its sites significantly imbalanced across the different clades. (D.) SSU/ gene
expression variation between 23 isolates carrying a PCR-validated translocation on one of
the two chromosomes and other isolates without a characterized SSU/ region. The p-value is
calculated using a two-sided Mann—Whitney—Wilcoxon test. (E.) Comparison between the
alternative allele ratio (AAR) from heterozygous introgressed sites (after genetic allele
balance filtration) and the AAR from non-introgressed heterozygous sites. The p-value is
calculated using a two-sided Mann—Whitney—Wilcoxon test. (F.) Alternative allele ratio
(AAR) correlation among the inferred haplotypes (see methods) of the genes having 100%
of heterozygous sites significantly imbalanced. The correlation index and p-value are
calculated using a Spearman correlation test. (G.) Comparison between the alternative allele
ratio (AAR) from heterozygous introgressed sites (before genetic allele balance filtration)
and the AAR from non-introgressed heterozygous sites. The p-value is calculated using a
two-sided Mann—Whitney—Wilcoxon test. (H.) Difference between the mean alternative
allele ratio (AAR) of the heterozygous introgressed sites and the other sites (y-axis) in
function of the genetic allele balance (AB) filtration values (x-axis). The points’ color
highlights if the difference between the mean of introgressed and non-introgressed AAR is
significantly different (using Wilcoxon test, p-value adjusted with Bonferroni correction).
The correlation index and p-value were calculated using a Spearman correlation test. (I.)
Number of remaining introgressed sites after each step of genetic allele balance values. The
points’ color highlights if the difference between the mean of introgressed and non-
introgressed AAR is significant (using Wilcoxon test, p-value adjusted with Bonferroni
correction).
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Supplementary figure 7 - panel 1
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Supplementary figure 7 - panel 2
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CHAPITRE 11

Exploration of the differential impact of loss-of-
function mutations linked to genetic
backgrounds using transposition saturation
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Introduction

Among individuals, the same mutation can sometimes lead to different phenotypes
due to standing genomic variations in different genetic backgrounds (Chandler et al.,
2014; Chen et al., 2016; Chow, 2016; Cooper et al., 2013; Fournier and Schacherer,
2017; Hou et al., 2018; Mullis et al.,, 2018; Sackton and Hartl, 2016). Such
background effect could have broad implications in phenotype-genotype correlation
studies, including health and diseases. Indeed, background effects have been found
in multiple human Mendelian disorders, where individuals carrying the same causal
mutation can display a wide range of clinical symptoms, including variable severity,
clinical outcomes and age-of-onset (Chen et al., 2016; Chow et al., 2016; Cooper et
al., 2013; Cutting, 2010; Dorfman, 2012; Steinberg and Sebastiani, 2012). The
underlying origins of this background effect can be both extrinsic, i.e. due to
environmental factors (Cutting, 2010; Williams et al., 2008) and intrinsic, i.e. due to
interactions between the causal variant and other genetic modifiers (Chow et al.,
2016; Dorfman, 2012; Steinberg and Sebastiani, 2012). So far, a handful of examples
of modifier genes have been identified associated with human disorders, most
notably in cystic fibrosis (Cutting, 2010; Dorfman, 2012). However, such examples
remain rare due to the low number of sample cases in most human Mendelian
diseases.

In recent years, several large-scale surveys in different model organisms such as
yeasts, nematodes or fruit flies highlighted the broad influence of genetic
backgrounds on the phenotypic outcomes associated with gene loss-of-function
mutations (Blomen et al., 2015; Boutros et al., 2004; Dowell et al., 2010; Hart et al.,
2015; Kamath et al., 2003; Kim et al., 2010; Paaby et al., 2015; Vuetal., 2015; Wang
et al., 2015). In yeast, a hallmark study comparing systematic gene deletion
collections in two laboratory strains, £1278b and S288C, showed that ~1% of all
genes (57/5,100) can display background-dependent gene essentiality, where the
deletion of the same gene can be lethal in one background but not in the other
(Dowell et al., 2010). Several mechanisms underlying such background-dependent
gene essentiality have been identified, including cyto-nuclear interactions between
the mitochondrial genome and/or viral elements with the nuclear genome (Edwards
et al., 2014) as well as genetic interactions between the primary deletion gene and
background-specific genetic modifiers (Hou et al., 2019). While gene essentiality
can be the most severe manifestation of background-dependent phenotype associated
with gene loss-of-function, other variation, such as gain- or loss-of-fitness related to
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different genetic backgrounds and different environmental conditions are also
common in yeast (Galardini et al., 2019; Mullis et al., 2018). For example, ~20% of
yeast genes showed background-dependent fitness variation across a large panel of
culture conditions including the presence of various drugs, osmotic stress and
nutrient sources in 4 genetically diverse strains (Galardini et al., 2019). Nevertheless,
all studies currently available only include a handful of genetic backgrounds in any
model systems and therefore cannot accurately reflect the extend of background
effect at the species level.

In the Saccharomyces cerevisiae yeast, a collection of 1,011 diverse isolates
originated from various ecological and geographical sources has been completely
sequenced (Peter et al., 2018). This collection represents an incomparable resource
to systematically study the genetic background effect at the species level. Several
strategies exploring gene loss-of-function phenotypes have been developed in
S. cerevisiae, including PCR-based systematic gene deletions (Dowell et al., 2010),
gene-disruption using CRSIPR-Cas9 based methods (Sadhu et al., 2018), repeated
backcrosses (Galardini et al., 2019) and transposon mutagenesis (Gangadharan et al.,
2010; Michel et al., 2017; Van Opijnen and Levin, 2020). Among these strategies,
transposon mutagenesis based on random excision and insertion are particularly
attractive to explore a large number of genetically diverse individuals in parallel.
Such methods rely on transposition events through a carrier plasmid, which allow
for the generation of millions of mutants carrying genome insertions leading to gene
loss-of-functions (Van Opijnen and Levin, 2020). Due to the random insertion
patterns in each genetic background, these methods are not reliant on sequence
homology as it is the case for traditional PCR-based gene deletions and CRISPR-
Cas9 related strategies (Sadhu et al., 2018; Sharon et al., 2018). They also do not
present the risk of inadvertently introducing exogenous genomic regions as it might
be the case for backcross-based strategies (Galardini et al., 2019).

In this study, we selected over one hundred natural isolates that are broadly
representative of the diversity across S. cerevisiae species and performed transposon
saturation analyses using the Hermes transposition system (Gangadharan et al.,
2010). We sequenced and analyzed large pools of transposon insertion mutants and
constructed a logistic model to predict the fitness effects of gene loss-of-function
based on the insertion densities within and around each annotated gene. The modeled
fitness was generally reflective of major cellular processes. Comparing the fitness
prediction between the isolates and the reference S288C, we identified ~600 genes
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with background-dependent fitness variation, corresponding to ~15% of the genome
(632/4,469). A large fraction of these background-dependent fitness genes showed
continuous variation across the population and highlighted a functional rewiring
between mitochondrial functions and transcription & chromatin remodeling, as well
as nuclear-cytoplasmic transport. Overall, background-dependent fitness genes are
functionally coherent, with members of the same protein complex of biological
process showing similar variability within a given genetic background. Background-
dependent fitness genes tend to show an intermediate level of integration in genetic
networks compared to non-essential and essential genes, and might be under positive
or relaxed purifying selection at the population level.
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Results

Transposon saturation using the Hermes system

To get an overview of fitness variation associated with loss-of-function mutations
across different genetic backgrounds in S. cerevisiae, we performed transposon
saturation analyses in various natural isolates using the Hermes transposon system.
The Hermes transposon system was previously adapted in yeast to allow for the
selection of random insertion events in liquid culture, which makes this system
particularly suitable for parallel analyses of large numbers of genetically diverse
individuals (Gangadharan et al., 2010). This system relies on a centromeric plasmid
that contains the Hermes transposase under the control of a modified galactose
inducible promoter GalS, together with a transposon carrying a selectable marker
(Figure 1A). Briefly, for any strain of interest, the plasmid is first transformed into
stable haploid cells, then propagated in media containing galactose to induce
excision and reinsertion of the transposon at a random genome location, thereby
generating a large pool of individuals that carries hundreds of thousands insertions
along the genome (Figure 1A). After a recovery phase in rich media, the genomic
DNA of this mutant pool is extracted, then fragmented and circularized (Figure 1A).
Using PCR with outward facing primers targeting specifically the transposon, a
library that contains exclusively the insertion sites can be constructed and
subsequently sequenced using standard [llumina methods (Figure 1A). In principle,
transposon insertions that cause severe fitness defect, for example those occurred in
essential genes, will not be recovered due to the competitive disadvantage compared
to events occurred in genes that are not essential. Analyzing the insertion patterns
along the genomes of different individuals therefore provides a proxy for fitness
variation of loss-of-function mutations.

In total, we selected 107 natural isolates originated from diverse ecological and
geographical sources that are broadly representative of the species diversity (Figure
1B, Table S1). Stable haploid variants of this set of isolates has been generated
previously (Fournier et al., 2019; Hou et al., 2016) and are all able to grow in
galactose media. We adapted the published version of the Hermes transposon
plasmid to carry a hygromycin resistance marker instead of nourseothricin to ensure
compatibility with the selected strains, which may carry either a KanMX or NatMX
marker at the HO locus. Transposon insertion profiles for each isolate were obtained
as described (Figure 1A). We observed a marked variability in terms of insertion

146



efficiency across different genetic backgrounds, ranging from ~100 to ~300,000
unique insertion sites (Figure S1A, Table S1). No discernible correlation between
the genetic origin of the isolates and the transposon insertion efficiency was observed
(Table S1). We next compared the insertion preferences (Gangadharan et al., 2010)
between the reference strain S288C and the remaining 106 isolates (Figure S1B).
Insertion densities for known sequence motifs were conserved across different
genetic backgrounds (Figure S1B).
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Figure 1. Summary of the Hermes transposon saturation procedure. (A.) A centromeric
plasmid carrying the Hermes transposase and a transposon containing a hygromycin
resistance marker (HygMX) is transformed into a haploid isolate background. Random
transposon insertions are induced and selected. The mutant pool is then recovered and a PCR
library that contains only the insertion sites is constructed and sequenced. (B.) Distribution
of the selected 107 isolates across the species. The neighbor-joining tree was constructed
using biallelic SNPs in the 1,011 yeast collection (Peter et al., 2018). Selected strains are
highlighted in black. (C.) A logistic model was constructed using insertion profiles in the
reference strain S288C. Gene essentiality annotations were used as a binary classifier,
excluding those annotated as involved in galactose metabolism, respiration and slow growth.
(D.) The logistic model was applied to insertion patterns in the remaining 106 isolates. Large-
scale genome duplications were detected by looking at fitness predictions for all annotated
essential genes along each chromosome. Low coverage regions were removed then imputed
using k-nearest-neighbor method. The imputed fitness matrix was then quantile normalized.
(E.) The final dataset after imputation consist of 39 isolates and 4,469 genes. Strains included
in the final dataset are highlighted in blue.
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Using insertion profiles and gene essentiality annotations in the reference S288C, we
analyzed the average insertion patterns in the promoter (-500 bp to ATG, 100 bp
window), the coding region (CDS), and terminator (STOP to +500 bp, 100 bp
window) for all annotated essential vs. non-essential genes (Giaever et al., 2002) and
found that insertion numbers drops from -100 bp prior to the CDS and extends to the
entire CDS, with on average ~3 fold less insertions within the CDS in essential genes
compared to non-essential genes (Figure S1C-E). This pattern is congruent with
previous observations using the Hermes system (Gangadharan et al., 2010).

Modeling fitness using insertion patterns and machine learning

To leverage insertions in genes and surrounding regions, we constructed a logistic
model that takes into account simultaneously insertions that occurred in the
promoter, CDS, and terminator, using insertion profiles from the reference strain
S288C and the corresponding gene essentiality annotations as a binary classifier
(Figure 1C). After filtering steps to include only genes with a sufficient insertion
coverage and without any known bias on the fitness effect due to our experimental
conditions, i.e. galactose media, a total of 4,604 ORFs was included in the model,
corresponding to 867 essential genes and 3,737 non-essential genes (Table S2). This
model was statistically validated and applied to insertion profiles of all 107 diverse
isolates (Figure 1D).

For each annotated ORF of S. cerevisiae genome (~6,300 in total), a probability was
calculated based on the logistic model, ranging from a value of 1, corresponding to
most likely to be non-essential, to 0, corresponding to most likely to be essential. As
the transposon insertion saturation varies both between genomic regions and isolates,
several cut-offs were applied to obtain a dataset that can be statistically comparable.
Genomic regions with low coverage in non-discriminating regions for fitness
prediction (Figure S2A-B) were first removed. Thus, only the most covered genetic
backgrounds (n = 52) were conserved to include enough genes to compare (see
Methods). Within these 52 isolates, the predicted fitness values unveiled non-
essential complete genomes or entire chromosomes for a total of 13 and 5 isolates
respectively (Figure 1D, Figure S3A). These signals suggested either whole-genome
duplication or aneuploidies. Large-scale genome duplications including aneuploidies
and endoreduplications are indeed frequently observed in experimental evolution in
yeast (Harari et al., 2018; Johnson et al., 2021; Venkataram et al., 2016). Such events
may hamper the accuracy of the modeled fitness effect in the context of transposon
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insertion analysis, as genes within the duplicated region will all appear to be fit/non-
essential due to insertions in only one of the two copies of the gene. The 13 strains
with whole genome endoreduplication and the specific duplicated chromosomes in
the 5 strains with aneuploidies were removed from the analysis.

In total, ~200 genes out of the 4,469 genes constituting the final set displayed
divergent fitness predictions in the isolate S288C compared to the reference
annotations (Giaever et al., 2002) (Table S3). More than 70% of annotated non-
essential but predicted to be likely essential genes correspond to slow grow or
galactose-specific fitness defect genes (Figure S3B). Conversely, among the 26
annotated essential genes predicted to be highly likely non-essential, with a predicted
probability > 0.8, auxotroph-required genes were highlighted because the prototroph
S288C isogenic strain was used in our study. Essential domains could also prevent
from essential predictions using our model which consider the entire ORF and its
adjacent regions (Figure S3C). Indeed, transposon saturation is powerful enough to
detect essentiality at the domain-scale (Michel et al., 2017) in some cases such as
background-specific essential genes between S288C and X1278b previously
described (Dowell et al., 2010) and recaptured in our dataset (Figure S3D).

Overall, the predicted probability based on our logistic model can serve as a
reasonable proxy for fitness variation for gene loss-of-function. Interestingly,
domain-specific essentialities can be recaptured by the raw insertion patterns but not
by the modeled fitness values (Figure S3C-D). However, as this effect is inherent to
the transposon saturation system, it should not lead to differential fitness effect
prediction in different strain backgrounds. The final dataset consists of 39 isolates
from diverse origins and predicted fitness for 4,469 genes, which is further analyzed
(Figure 1E, Table S3).

Environmental dependency of fitness variability across backgrounds

A hierarchical clustering based on the predicted fitness of 4,469 genes across the 39
different genetic backgrounds was performed (Figure 2). The profile similarity based
on the predicted fitness effects was not correlated with the genetic diversity of the
isolates (Figure 2). Genes that are consistently essential across different isolates
clustered together and are enriched for essential biological processes including
ribosome biogenesis, rRNA processing, DNA replication, protein transport and cell
cycle (Figure 2).
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Figure 2. Hierarchical clustering of 4,469 fitness predictions across 39 genetic
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Genes that are consistently non-essential across backgrounds formed a large cluster
with no significant enrichment for any specific biological process. Interestingly,
several clusters of genes with variable fitness effects were identified, displaying
modular switches from healthy to sick phenotypes across the entire population. Gene
enrichment analyses highlighted genes involved in mitochondrial translation,
transcription regulation and general translational processes (Figure 2). A large
proportion of these genes with population-wide fitness variation consists of nuclear
encoded mitochondrial genes involved in respiration, which were expected to show
a selective disadvantage in our mutant pool. This observation could suggest that such
general fitness variability may be environment-related rather than background-
specific.  However, other  biological processes in  addition to
respiration/mitochondrial functions were also enriched, for which the impact of
environment vs. genetic background on their fitness variability remains unclear.

For each gene, the predicted fitness in a given isolate was systematically compared
with predictions in the reference strain S288C to identify the background-dependent
fitness variation. In total, 632 unique genes were detected with a significant reverse
prediction as being essential or non-essential compared to the reference. Among
these genes, 458 show a loss-of-fitness (S288C healthy and background sick) and
174 a gain-of-fitness (S288C sick and background healthy) compared to the
reference. The number of differential fitness genes identified in any single isolate
ranges from 8 (ACP) to 88 (BQH), with a median of 61 for loss-of-fitness cases; and
from 6 (CGD) to 42 (AMF), with a median of 16 for gain-of-fitness cases (Figure
3A). A total of 163 out of all 632 hits were related to respiration/mitochondrial
function, representing ~20% to ~60% of loss-of-fitness hits depending on the genetic
background (Figure 3A). Furthermore, these respiration-related genes tend to impact
more backgrounds on average than non-respiration related hits (Figure 3B). These
observations recaptured what was shown on the hierarchical clustering where
mitochondrial related genes were highly enriched in clusters with modular fitness
variation across multiple backgrounds (Figure 2). Again, due to the over-
representation of these respiration-related genes and their continuous fitness
variation in the population, we hypothesize that these hits are likely to be impacted
by the environment (i.e. competition in galactose media) in addition to any specific
genetic backgrounds.

To distinguish background-specific from environment-related cases previously
hypothesized, the variation of fitness prediction in the population was estimated with
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a z-statistics (Figure 3C, see Methods). Over the 632 unique hits, 179 background-
specific hits were found and impact mainly a single genetic background (Table S4).
Compared to the environment-related group, these background-specific cases are
rare, with a median of 5 hits per isolate both loss- and gain-of-fitness types combined
(Figure 3A). No significant enrichments for any biological processes or molecular
functions were identified and especially respiration /mitochondrial-related genes are
not over-represented (23/179 vs. 691/4,469 in the background, Fischer’s exact test
P-value = 0.82). By contrast, these respiration-related genes are significantly over-
represented in the remaining group (140/453 vs. 691/4,469, Fischer’s exact test P-
value = 1.6e-10, odds ratio = 2). Each of these 453 environment-related hits impact
on average 6 genetic backgrounds.

Environment-related fitness variation reveals potential functional rewiring

While an enrichment for respiration-related genes was detected in the environment-
related cases, the majority of the genes composing this group is involved in other
biological processes. Pairwise comparisons of fitness predicted values of the 453
environment-related genes across the 39 isolates highlighted two main subgroups of
genes (Figure 4A). Based on the 292 environment-related hits significantly
correlated or anti-correlated (see Methods), a network was constructed and
confirmed the two main subnetworks that are correlated within the subgroup but are
anti-correlated between subgroups (Figure 4B, Figure S4A). One subgroup contains
mainly respiration-related genes, specifically genes involved in mitochondrial
translation (Figure 4A, Figure S4A), which are anti-correlated with genes involved
in transcription regulation and chromatin remodeling (SP77, SPTS8, SWC4, SWCS5,
ARPG6, ARP7, SIN3, RKR1, YAF9, UME1, NGG1, CHDI, STH1, for example) as well
as genes involved in nuclear-cytoplasmic protein transfer (KAPI120, KAPI22,
KAPI123, NUP57, NUP100, NUP188, POM152, NIC96, MLP1, for example) (Figure
S4A). Many of these correlations were found between members of the same protein
complexes. Several members of the transcription/nuclear transport subgroup are also
annotated as respiration-related (deletion leads to absence of respiration) albeit not
being directly involved in mitochondrial function, such as SIN3, a general chromatin
remodeler and KAP123, a karyopherin responsible for nuclear import of ribosomal
proteins. In addition to this large network, several small networks were also detected
(Figure S4B-D), including PMTI, PMT2 and GET2, which are involved in ER
related glycosylation and are known to have physical interactions. The functional
enrichments in the anti-correlated subgroups suggest a potential “rewire” between
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mitochondrial translation and transcription regulation/nuclear transport, where
modular switched of fitness effects associated with gene loss-of-function can occur

in different strain backgrounds.
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Figure 3. Number and distribution of background-dependent fitness variation genes.
(A.) Number of hits detected in each genetic background. Genes annotated as galactose or
respiration-related and genes that are background-specific are color-coded as indicated.
Strains are sorted according to the total number of insertions. (B.) The number of genetic
backgrounds impacted by the detected hits. Top panel, gain-of-fitness genes compared to
S288C; bottom panel, loss-of-fitness genes compared to S288C. (C.) Z-statistic distribution
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Figure 4. Correlation analyses for environment-related hits. (A.) Pairwise profile
similarity based on predicted fitness across 39 backgrounds. Distance matrix was based on
pairwise Pearson’s correlation. Gene essentiality annotations are indicated on the upper
sidebar and genes annotated as involved in galactose/respiration are indicated on the left
sidebar. (B.) Network based on profile similarity among environment-related hits. Genes
annotated as involved in galactose/respiration are colored in yellow. Positive correlation (>
0.6) are represented as red edges and negative correlation (< -0.6) are represented as blue
edges. Complete network with annotated gene names can be found in Figure S4.

Functional insights into fitness variation genes

Based on functional annotations of the genes from our dataset (see Methods),
enrichment analysis of fitness variation genes at the global level highlighted that
background-specific hits are not enriched for most processes except for cell polarity
(OR = 149, P-value = 0.026). Environment-related hits are enriched for
Respiration/Mitochondrial functions (OR = 3.77, P-value = 4.16e-17), as well as
Transcription & chromatin regulation (OR = 1.53, P-value = 0.002), Nuclear
cytoplasmic transport (OR = 2.14, P-value = 0.004) and DNA repair (OR = 1.55, P-
value = 0.01) (Figure 5A, Table S4).

Figure S. Functional enrichments and rewiring for background-dependent fitness
genes. (A.) Enrichments across 16 functional neighbourhoods defined by SAFE (Costanzo
et al.,, 2016). Dot sizes represent odds ratios between the number of hits in a given
neighbourhood vs. the total number of hits detected, with the size of the neighbourhood vs.
the total number of genes in the dataset as background, using one-sided Fischer’s exact test.
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When looking at the same neighborhood enrichment at the strain level, environment-
related hits are enriched for Mitochondrial functions in most genetic backgrounds
except for ACP and CLG, the latter of which has a predicted fitness profile similar
to the reference S288C (Figure 2). A large fraction of isolates showed significant
enrichments for Transcription & chromatin regulation and Nuclear-cytoplasmic
transport (Figure 5A). These enrichments are congruent with the rewiring hypothesis
based on the profile similarity network analysis (Figure 4B). Indeed, when looking
at genes annotated in these functional neighborhoods specifically, we observed
various degrees of rewiring depending on the backgrounds (Figure 5B-C). In the
reference S288C, loss-of-function for genes annotated in these three neighborhoods
showed either high- or low-fitness predictions (Figure 5B, Figure S5A). Whereas in
other genetic backgrounds, these predictions can be reversed as gain- or loss-of-
fitness hits compared to S288C, with profiles that range from similar to S288C (i.e.
CLG) to almost completely reversed (i.e. AMF) (Figure 5C). Such rewire could thus
include either only mitochondrial-related genes, or with one or more processes
related to either Transcription & chromatin regulation or Nuclear-cytoplasmic
transport (Figure 5C). Depending on the genetic background, different sets of genes
within the same functional neighborhood could be involved, highlighting the
dynamics of such rewire (Figure S5B).

Compared to environment-related hits, a low number of background-specific cases
were detected per isolate (Figure 3A) and thus tend to show little functional
enrichment. However, in rare cases where multiple hits are detected in the same
genetic background, some enrichments emerge (Figure 5A, Table S4). For example,
in the strain BDH, 8 background-specific hits were detected with 3 annotated into
one of the 16 functional neighborhoods, and two of which are involved in MVB
sorting and pH-dependent signaling (RIMS8 and RIM101). Both genes are non-
essential in S288C but predicted as loss-of-fitness in the BDH background (Figure
5A). In the strain AMF, 16 background-specific hits were detected with 11
annotated, among which 2 were involved in Protein degradation and turnover
(VID28 and PRE3) and 3 were involved in Glycosylation & cell wall biogenesis
(OSTI1, OPI3 and FABI). These observations demonstrate that background-specific
fitness variation genes, while rare, can be functionally coherent and involve multiple
members of the same protein complex or biological process.

Finally, as previously posited (Hou et al., 2018), genes with background-dependent
fitness variation tend to show an intermediate level of connectivity in terms of
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genetic interactions (Figure 6A, Table S5) and an intermediate functional similarity
between interacting gene pairs compared to genes that are consistently non-essential
or essential (Figure 6B). Both environment-related and background-specific hits
displayed an intermediate pattern. Interestingly, background-specific hits reveal
higher non-synonymous to synonymous substitution rates (dN/dS) compared to both
essential genes and non-essential genes (Figure 6C), indicating a potential positive
selection or relaxed purifying selection on these genes at the population level.
Overall, genes with background-dependent fitness variation are functionally
coherent yet can be diverse within a single genetic background. Genes with
environment-related fitness variation share general evolutionary features with
background-specific cases.
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Figure 6. Evolutionary features associated with background-dependent fitness genes.
(A.) Genetic interaction degrees derived from the yeast global genetic interaction network
(Costanzo et al., 2016) for non-essential, background-specific, environment-related and
essential gene categories. The number of genes annotated in each category are indicated. (B.)
Functional co-annotation rates for different gene categories. The co-annotation rate
corresponds to the fraction of interaction partners that are annotated in the same biological
process as the primary gene (Costanzo et al., 2016). (C.) Mean non-synonymous Vs.
synonymous substitution rates (dN/dS) across 1,011 natural yeast isolates using the YNOO
method (Peter et al., 2018). Comparisons between categories were performed using T-test,
and significance levels are as indicated, with ns: p-value > 0.05, *: p-value < 0.05, **: p-
value < 0.01, ***: p-value <0.001 and ****: p-value < 0.0001.
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Discussion

A large number of natural yeast isolates were surveyed for background-dependent
fitness variations associated with gene loss-of-functions using a transposon
saturation strategy. We modeled fitness by considering transposon insertion densities
within gene coding sequence and surrounding regions. Comparison of the modeled
fitness between different isolates and the reference S288C allowed for the
identification of 632 genes displaying background-dependent phenotypes. The
majority of these cases (453/632) showed continuous fitness variation across
population and is at least partly related to the environment. By contrast, background-
specific cases tend to be rare, with on average 5 hits per isolate. At the individual
level, both environment-related and background-specific variable fitness genes are
functionally coherent, meaning that genes involved in the same biological process
tend to show similar fitness variation in the same genetic background.

A large fraction of the background-dependent fitness variation genes was classified
as environment-related based on two factors. First, genes with background-
dependent fitness variation were highly enriched for respiration/mitochondrial
functions, which are expected to show a fitness loss under prolonged growth in
media with galactose as the unique carbon source. Indeed, mitochondrial-related
genes were also found to be background-dependent in a previous study involving 4
different isolates on conditions with non-fermentable carbon sources (Galardini et
al., 2019). Second, most background-dependent fitness genes showed a continuous
variation across the population. Further analyses showed that genes in two biological
processes, namely Transcription & chromatin remodeling and Nuclear-cytoplasmic
transport, are anticorrelated with genes involved in Mitochondrial translation in
terms of their fitness profiles. These anticorrelations indicate a modular change in
the relative fitness of genes involved in these processes compared to the reference
strain S288C. However, whether such rewiring effect is exclusively related to
respiration conditions or could represent a general background-dependency effect
remains difficult to disentangle due to the experimental conditions necessary for
transposon saturation analyses.

There are several indications that suggest the rewiring effect could have implications
beyond a specific experimental condition. In a recent large-scale analysis of
environment-dependent genetic interactions, it was shown that most interactions
specific to an environmental condition are in fact part of the global genetic
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interaction network that were exacerbated or attenuated in the tested condition
(Costanzo et al., 2021). Comparing to genetic interactions between pairs of gene
deletion mutants, background-dependent gene loss-of-function phenotype could be
considered as interactions between the loss-of-function gene and modifier variants
specific to the background, which should share general properties to genetic
interactions with deletion mutants. Indeed, we tested the gene deletion phenotype for
one of the environment-related hits involved in transcription & chromatin
remodeling, BMH1 (Figure S5C). This gene was identified as loss-of-fitness in
multiple genetic backgrounds compared to S288C in our data. Interestingly, the loss-
of-fitness phenotype was indeed confirmed on standard rich media YPD, suggesting
the environment-related fitness variation genes could have a general effect
independent of the experimental conditions. In addition, genes involved in chromatin
remodeling were also found to display background-dependent fitness effects in a
previous study comparing S288C and a natural isolate 3S (Mullis et al., 2018).
Moreover, the environment-related hits shared the same evolutionary features
compared to background-specific ones, suggesting the environmental effect may
only exacerbate the observed functional rewiring in different genetic backgrounds.

Compared to environment-related hits with general functional rewiring effect across
different individuals, background-specific cases are mostly unique to different
genetic backgrounds. These cases are rare but can be coherent, involving members
of the same protein complex or bioprocess. While we screened the largest number of
diverse genetic backgrounds in yeast to date, it is still difficult to have an accurate
estimation of the frequency of such cases as well as the landscape of the underlying
genetic modifiers.

While transposon saturation strategy can be versatile to genetic diversity among
isolates, this method also presents some limitations. Among all the isolates initially
tested, only around half showed a reasonable level of insertion efficiency,
highlighting the unexpected variability of transposon activity across different
individuals. This variability results in an underestimate of the number of genes with
background-dependent phenotypes. In addition, loss-of-function phenotypes that are
related to specific protein domains but not the entire ORF are difficult to identify,
unless the insertion efficiency is extremely high. The Hermes system, as is also the
case for all transposon saturation systems currently available in yeast, requires
selection of transposon insertion events in the presence of galactose induction (Van
Opijnen and Levin, 2020). This competition effect in a non-fermentable carbon
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source may complicate downstream analysis as the effects of environment vs.
genetic background can be difficult to unravel. New strategies that takes into account
these factors are still needed in order to get a more precise view of background-
dependent gene loss-of-function phenotypes at the species level.
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Methods

Strains and growth conditions

A total of 106 isolates were selected from the 1,011 Saccharomyces cerevisiae
collection (Peter et al., 2018). A prototrophic haploid strain FY5, isogenic to the
reference strain S288C was also included (Table S1). Haploid segregants derived
from the 106 natural isolates were obtained after HO deletion and tetrad dissection
(Fournier et al., 2019; Hou et al., 2016). Detailed descriptions of the strains can be
found in Table S1. Strains were maintained at 30°C using YPD (1% Yeast extract;
2% Peptone, 2% Dextrose) in liquid culture or solid plates (2% of agar). Transposon
activity was induced in YPGal (1% Yeast extract; 2% Peptone, 2% Galactose) with
Hygromycin B (200 pg/mL). Sporulation was induced on solid plates containing 1%
of potassium acetate and 2% of agar.

Ploidy control

Ploidy was estimated by flow cytometry. Cells in exponential growth phase were
washed in water, then 70% ethanol and sodium-citrate buffer (50 mM, pH 7.5)
followed by RNase A treatment (500 pg/mL). To avoid cell aggregates, each sample
was sonicated then the DNA was labelled with propidium iodide (16 ug/mL), a
fluorescent intercalating agent. DNA content was then quantified using the 488 nm
excitation laser of the Accuri C6 plus flow cytometer (BD Biosciences).

Cell transformation

Cells in exponential growth phase were chemically transformed using the EZ-Yeast
Transformation Kit (MP biomedicals). We incubated cells 30 minutes at 42°C with
EZ-Transformation solution, carrier DNA and either 100 ng of pSTHyg plasmid or
1 ug of PCR fragment. After regeneration in YPD, cells were spread on solid YPD
plate supplemented with Hygromycin B and incubated at 30°C until transformants
appeared.

Construction of the pSTHyg plasmid

In order to be compatible with our isolates already carrying either a nourseothricin
or a kanamycin resistance cassette, the nourseothricin cassette of the pSG36 plasmid
(Gangadharan et al., 2010) was replaced by a hygromycin B resistance cassette. The
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pSG36 plasmid was amplified in 2 fragments by PCR excluding the NatMX cassette,
then assembled with the HphMX cassette amplified from p41 plasmid (Addgene
#58547) with overlapping regions using Gibson assembly. The new plasmid,
pSTHyg was amplified in E. coli and extracted using the GeneJET Plasmid Miniprep
Kit (Thermo Scientific™). The construction was verified using enzymatic digestion
with Kpnl and Pvul.

Generation of transposon insertion mutant pools

Each natural isolate was grown in liquid YPD medium and chemically transformed
with 100 ng of pSTHyg plasmid as described. From the selective transformation
plates, a single clone was picked and grown in 30 ml of YPD supplemented in
hygromycin B under agitation at 30°C until saturation (~ 24h). Cells were then
diluted at an OD of 0.05 in 50 ml of YPGal supplemented with hygromycin B to
activate the transposase and induce the transposition for 72h at 30°C. Two
successive dilutions were then performed for 24h at an OD of 0.5 in 100 ml of YPD
then YPD supplemented with hygromycin B to enrich for cells the transposon in
their genome. The final 100ml culture was centrifuged, water-washed and 500 uL
aliquots of cells were frozen at -20°C.

Sequencing library preparation

In order to sequence the genomic regions with a transposon insertion, the genomic
DNA of the pool of cells carrying insertion events was extracted using the
MasterPure™ Yeast DNA Purification Kit (Lucigen). Cells were lysed using a lysis
solution supplemented in zymolyase 20T (1.5 mg/ml). Proteins and cellular debris
were removed with the MPC Protein Precipitation Reagent and several RNase A
treatments were realized to eliminate RNA. gDNA was then precipitate with ethanol.
The pellet was washed twice with 70% ethanol and resuspended in 80 pl of water.
The gDNA sample integrity was controlled on 1% agarose gel and quantified on
Nanodrop and Qubit using the Qubit™ dsDNA BR Assay Kit (Invitrogen™). 2 x 2
ug of gDNA were digested in parallel with 50 units of Dpnll (NEB #R0543L) and
Nialll (NEB #R0125L) in 50 pl for 16h at 37°C. The enzymatic reactions were
inactivated for 20 min at 65°C and DNA fragments were ligated with 25 Weiss units
of T4 Ligase (Thermo Scientific #£EL0011) in a total volume of 400pLlfor 6h at
22°C. Circular DNA were then precipitated overnight at -20°C with ethanol, salt
(NaOAc 3M pH5.2) and glycogen. After an 70% ethanol wash, the DNA pellet was
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resuspended in 50pL of water. The junction between the genomic region and the
transposon insertion site was amplified on both Dpnll and Nlalll digested and re-
circularized gDNA by PCR using outward-facing primers targeting the transposon.
The PCR products were controlled on 1% agarose gel and displayed variable sizes
centred around 750 bp. Nanodrop and Qubit using the Qubit™ dsDNA BR Assay
Kit (Invitrogen™) quantifications were then performed to pool the same amount of
Nlalll-digested and Dpnlii-digested PCR products. For each sample, at least 6 pg at
minimum 30 ng/ul was then sent to the BGI (Beijing Genomics Institute) for
sequencing. In total, each sequencing run provided 1 Gb of 100 bp paired-end reads
using [llumina Hi-Seq 4000 or DNBseq technologies.

Determination of transposon insertion sites

The reads that contained the amplified part of the transposon were selected and the
corresponding 57 bp sequence was trimmed with Cutadapt (Martin, 2011) and the
reads corresponding to the plasmid were discarded. The cleaned reads were mapped
to the S288C reference genome with the corresponding SNPs inferred for each
isolate (Peter et al., 2018) with BWA (Li and Durbin, 2009). The genomic position
of an insertion site was defined as the first base pair aligned on the genome after the
transposon region. For each insertion site, the number of reads and their orientation
were obtained.

Modelling the fitness effect of gene loss-of-function based on transposon
insertion profiles

e Model Construction

The number of insertions in the promoter region (-100bp to ATG), beginning of the
coding region (-100 to +100 from ATG), the coding region, end of the coding region
(-100bp to +100bp from stop-codon) were normalized as insertion densities per
100bp. Gene essentiality annotations were obtained from SGD (phenotype
“inviable”) exclusively for annotations with gene deletion in the S288C background.
Respiration related gene annotations were obtained from SGD with the phenotype
“respiration: absent” after gene deletion in S288C. Galactose-specific loss-of-fitness
was determined in ref, with a stringent cut-off of < -0.2. A logistic model was
constructed using the glm() function from the R package “stats”, using insertion
densities in the reference strain S288C, in the promoter region (-100bp to ATG),
beginning of the coding region (-100 to +100 from ATG), the coding region, end of

163



the coding region (-100bp to +100bp from stop-codon), raw insertion number in the
coding region and gene sizes as predictors, and essentiality annotations as a binary
classifier. To construct the model, we removed genes that are known to be non-
essential but display a slow growth phenotype (Giaever et al., 2002), genes with
differential fitness defect in galactose media (Costanzo et al., 2021), as well as genes
showing respiration defects when deleted i.e. petite mutants, as these genes are likely
to show a competitive disadvantage in the context of our experimental condition
(Table S2). Genes that are localized in regions with low insertion densities, i.e. less
than 3 insertions in the terminator region (STOP to +300 bp) and less than 50
insertions in a 10 kb region surrounding the gene (-5 kb before ATG and +5 kb after
STOP) were also excluded. A total of 4,604 genes were included in the model (Table
S2). 10-fold cross-validation was performed using the R package “caret”, with
trainControl() and train() functions, method = “glm”, family = “binomial”. Cross-
validation results showed that the model has an average accuracy of 0.88 with a
Kappa 0.57 (Table S2), which is fairly accurate considering the class imbalance in
the set. The predictive value for non-essential labels is 0.91, contrasting to a lower
predictive value of 0.70 for essential labels, indicating a better accuracy in predicting
non-essential genes using this model.

e Predictions based on the logistic model

The logistic model estimated a probability for each annotated ORF (~6,300), ranging
from a value of 1, corresponding to most likely non-essential, to 0, corresponding to
most likely essential. Genomic regions with low insertion densities were removed
from the analysis (Figure S2A-B). As the number of isolates that can be included in
the analysis is directly correlated to the number of genes without low insertion
densities in each background (Figure S6A), we used a k-nearest-neighbors algorithm
to impute missing probability values after removing low insertion density regions.
Imputations for missing values were performed using the function impute.knn() in
the R package “impute”, with k = 10, rowmax = 50% and colmax = 80%. Quantile
normalization of the imputed matrix was performed using normalize.quantiles()
function in the R package “preprocessCore”. We calculated the number of genes that
remained after imputation as a function of an initial cut-off of the number of genes
without low insertion densities (Figure S6B). We chose a cut-off that leverages this
trade-off between the number of backgrounds and the number of interpretable genes,
leading to a final dataset of 4,469 genes in 52 isolates. All fitness prediction data can
be found in Table S3.
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¢ Endoreduplication and aneuploidy detection using probability values

High predicted probability values (tend to a value of 1, i.e. non-essential) for all
essential genes were markers for endoreduplication of the genome (all chromosomes
are duplicated). 7 out of 52 strains were detected as endoreduplicated and 6 others
showed an intermediate to high probability prediction but was not high enough to be
confidently classified as non-essential. These 6 strains were subsequently confirmed
as a mixture of haploid and diploid cells using flow cytometry. we also detected
aneuploidy of chromosome I for 3 strains (ACT, BKL and ACV), one strain with an
aneuploidy of chromosome XII (CPG) and one strain with an aneuploidy of
chromosome XIV (CQA). These aneuploidies were not present in the original isolate
except for the chromosome I aneuploidies in ACT and ACV, highlighting the
dynamics of genome instability in different genetic backgrounds. The 13 strains with
whole genome endoreduplication and the specific duplicated chromosomes in the 5
strains with aneuploidies were removed from the analysis.

e Estimation of the differential fitness score between each isolate and
S288C

From the final set of 4,469 genes in 39 isolates, a differential fitness score for each
gene in each background was calculated by subtracting the predicted fitness value in
a given strain by the corresponding fitness prediction in the reference S288C. A
minimum of absolute value of the differential fitness score of 0.5 was considered
significant, which corresponds to a bona fide reverse in the direction of being
predicted as essential or non-essential according to our logistic model. In total, 632
unique genes were identified with marked fitness variation.

e Distinction between background-specific and environment-related
cases

We calculated the z-statistics for all variable fitness hits to distinguish those that are
background-specific from the ones that are possibly related to the environment
(Table S4). Environment-related cases are more likely to vary continuously in the
population with a low z-statistics. Cases that are truly specific to certain genetic
backgrounds are detected with a high z-statistic score set at |z| > 3 (Figure 3C).

165



e Correlation in environment-related cases

Distance matrix was based on pairwise Pearson’s correlation between predicted
fitness values across the 39 strain backgrounds of the 453 environment-related cases.
The network was based on the profile similarities where the edges correspond to a
Pearson’s correlation > 0.6 (correlation) or < -0.6 (anti-correlation).

¢ Gene annotations in functional subgroups and enrichment

We annotated genes in our dataset into 16 functional neighborhoods according to
SAFE (Spatial Analysis of Functional Enrichment) (Costanzo et al., 2016) and
looked for enrichment in different neighborhoods. For each neighborhood, we
calculated the odds ratio of enrichment based on the number of hits annotated in the
neighborhood vs. the total number of hits, with the size of the neighborhood and total
number of genes as background (one-sided Fisher’s exact test).

Validation of the phenotypic consequence of BMH1 gene loss-of-function

Stable haploid isolates, FY5 and CIB were diploidized using the pHS2 plasmid
(Addgene #81037) containing the HO gene encoding the endonuclease responsible
for mating type switching and a hygromycin resistance cassette. The BMH1 gene
was replaced with a Hygromycin B resistance cassette in the diploid isolates.
Sporulation was induced on AcK medium in diploid isolates heterozygous for BMH1
gene deletion. Around 20 resulting tetrads were then dissected on YPD using a MSM
400 micromanipulator (Singer Instrument). Each spore grew for 48h at 30°C and the
colony size was captured with the camera of the colony picker, PIXL (Singer
Instrument). Colony size measurements were then analyzed using custom R scripts.

Data availability

All sequencing data related to this study were deposited to the European Nucleotide
Archive (ENA) under the accession number PRJEB45777.
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Supplementary material

Supplementary tables

Supplementary tables are available at:
https://www.dropbox.com/sh/61pgn2tvbo2ccdt/AADuaghBECbXSmzY WhOitSeZa?dl=0

TableS1. Description of isolates used in this study.

TableS2. Model construction and evaluations. This table contains 4 tables:
GenesInModel: 4,604 ORFs and their essentiality annotations used to construct
the logistic model. Insertion numbers and densities within coding sequence and
surrounding regions are included. Insertion numbers calculated from S288C insertion
profile.
ModelSummary: Features included in the logistic model and their coefficient.
CrossValidation: Summary of the cross-validation results.
CMStat: Confusion matrix, prediction accuracy and precision for essential/non-
essential labels.

TableS3. Raw and final dataset with predicted fitness. This table contains 3 tables:

Raw_data pred: All raw predicted fitness based on the logistic model for 107
isolates.

Pred_final 39: Predicted fitness for 39 isolates included in the final dataset.
Raw, imputed and quantile normalized predictions are shown.

Score final 39: Differential fitness score by comparing the predicted fitness in
a given isolate to S288C.

TableS4. Background-dependent fitness variation genes identified in this study.
This table contains 4 tables:

7 -statistics: Z-statistics for each of the 632 hits, including the number of genetic
backgrounds impacted for each hit.

Hits SAFE annotation: Annotations for each hit into the 16 functional
neighborhoods according to SAFE (Costanzo et al., 2016).

Enrichment global: Enrichment for all hits across 16 functional neighborhoods

Enrichment_Strain: Enrichment for hits in a given genetic background across 16
functional neighborhoods.

TableSS. Genetic interaction degree and dN/dS values and gene classifications.
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Figure S1. (A.) Number of reads (y-axis, log10 scale) vs. number of unique insertion sites
(x-axis, logl0 scale) across 107 diverse isolates. (B.) Insertion preference comparison
between the reference S288C and the other 106 selected isolates. Sequence motifs
(Gangadharan et al., 2010) are on the x-axis and the percentage of reads with a given motif
are presented as color coded bars. Error-bars correspond to the standard deviation across
different isolates. (C.) Insertion density comparison between essential and non-essential
genes in S288C in the promoter region. Average insertion numbers in the -500bp to +200bp
region relative to ATG are shown in 100bp windows. (D.) Insertion density comparison
between essential and non-essential genes in S288C in the coding region (CDS). Average
insertion numbers in the relative fractions of a given CDS are shown. (E.) Insertion density
comparison between essential and non-essential genes in S288C in the terminator region.
Average insertion numbers in the -200bp to +500bp region relative to the stop-codon are
shown in 100bp windows.
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Figure S2. (A.) Predicted non-essential probabilities (y-axis) as a function of the number of
insertions in the terminator region (300bp after stop-codon). Non-essential genes are in blue
and essential genes in red. (B.) Predicted non-essential probabilities (y-axis) as a function of
the number of insertions in a 10kb region surrounding the CDS (5kb before ATG and 5kb
after stop-codon). Non-essential genes are in blue and essential genes in red.

169



I-—:‘-—.-s-!l

D $288C-specific essential
YDLO92W SRP14 YDR177W UBC1 YFRO51C RET2
?2?8‘: “l 1 l rllll Il WIIII L | IIIIIIIM II‘I I I]I[ I| |1 !Il|
emyT———  ——emmmmme o — — T -
202500 292750 293000 293250 293500 817000 817500 250000 250500 251000 251500 252000
Z1278b-specific essential
YGL213C SKI8 YIL137C TMA108 YLRO27C AAT2
s Wl o MR S T TR L
—EE 0 — — ECTETE — — —
90000 90500 91000 90000 91000 92000 93000 197000 197500 198000

170



Figure S3. (A.) Average non-essential probability or predicted fitness for every 10 successive
essential genes along all 16 chromosomes for 52 strains that passed the coverage cut-offs.
Strain-side clustering was based on predicted fitness for all genes. (B.) Insertion profiles for
gene related to galactose metabolism that are annotated as non-essential in S288C but
detected as essential/sick in all or a fraction of the 39 strains in the final dataset. Chromosomal
positions and gene orientations are schematically presented on the x-axis and insertion
profiles for each strain are presented as black vertical bars. (C.) Insertion profiles for essential
genes predicted as non-essential in S288C. Shaded areas correspond to potential essential
protein domains. (D.) Insertion profiles for genes previously shown background-specific

essentiality between S288C and 21278b. Domain-specific essentiality regions are indicated.
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Figure S4. (A.) Annotated network based on profile similarity as shown in Figure 4B. (B.-

D.) Subnetworks with significant correlations independent from the large subnetwork
involving respiration-related hits.
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Figure S5. (A.) Predicted fitness for genes annotated in Respiration/mitochondrial targeting,
Transcription and chromatin organization and Nuclear-cytoplasmic transport in the reference
S288C with gene name annotations. Related to Figure 5B. (B.) Charts for all 38 isolates
relative to the reference S288C. Related to Figure SC. (C.) Example of functional rewire in
a natural isolate CIB compared to the reference S288C for a transcription-related hit BMH .
Relative fitness ratio (colony size for WT divided by deletion of BMH1) is shown on the
upper right panel. Colony sizes of BMHI deletion vs. WT were measured using tetrad
dissection of hemizygous diploids. 5 tetrads are shown for each background.
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Figure S6. (A.) The number of strains retained as a function of cut-offs of the number of
interpretable genes after removing low coverage regions (less than 50 insertions in the
surrounding 10kb region and/or less than 3 insertions in the 300bp terminator region). (B.)
Number of genes retained after imputation as a function of cut-offs of the number of
interpretable genes after removing low coverage regions.
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Améliorer la dissection de I’architecture génétique des traits
complexes a I’échelle d’une espece grace a des stratégies a
haut-débit

L’¢élucidation des bases génétiques des traits complexes se présente comme un
objectif fondamental en médecine humaine notamment. En effet, ’identification des
variants génétiques causaux et la compréhension des mécanismes sous-jacents sont
un atout majeur pour comprendre des maladies, et potentiellement trouver de
nouvelles cibles thérapeutiques. Cependant, 1’exploration de I’origine génétique de
la variance phénotype se révele étre extrémement complexe. Afin de disséquer cette
complexité, de nombreuses stratégies analytiques ont ainsi ét¢ mises en place sur
différents organismes modéles (Cain et al., 2020; Doudna and Charpentier, 2014;
MacKay et al., 2009; Segre et al., 2006; Tam et al., 2019). Nos travaux se sont
concentrés sur la levure Saccharomyces cerevisiae, une espéce pour laquelle de
nombreux outils génétiques et moléculaires existent, et une population de plusieurs
milliers d’individus a été séquencée (Duan et al., 2018; Gallone et al., 2016; Marsit
et al., 2015; Peter et al., 2018). Deux techniques a haut-débit nous ont permis de
franchir de nouvelles étapes pour mieux caractériser les relations entre le génotype
et les phénotypes.

D’une part, une stratégie de mutagénese par insertions de transposon a été réalisée
dans une centaine d’individus représentant la diversité de I’espéce S. cerevisiae.
Cette méthode permet de mettre en évidence la variation de la tolérance des pertes
de fonction engendrées par I’insertion de transposon selon le fonds génétique. En
effet, un modéle logistique basé sur la variation des profils d’insertions dans ~4500
geénes entre 39 isolats a permis de prédire 1’effet des mutations de pertes de fonction
sur le fitness des isolats. De cette maniére, les pertes de fonction de 15% des genes
(n = 632) entrainent dans les différents fonds génétiques un gain ou une perte de
fitness par rapport a la souche de référence, S288C. Parmi ces 632 cas, plus de 2/3
des génes (n = 453) sont associés a des variations de fitness liées a I’environnement,
a savoir une compétition en milieu composé de galactose. Des genes impliqués dans
les processus de respiration ont ainsi des conséquences variables sur le fitness dans
différents fonds génétiques. L’¢tude de ces cas liés a 1’environnement révele
¢galement une anti-corrélation du fitness prédit entre des génes de la respiration et
des génes impliqués dans la régulation de la transcription et le remodelage de la
chromatine, ainsi que le transport nucléo-cytoplasmique. Dans un isolat, si la perte
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de fonction des genes relatifs a la respiration a des effets déléteres sur le fitness de
I’individu, alors aucun effet phénotypique ne sera observé pour les génes associés a
la régulation de transcription et/ou au transport nucléaire-cytoplasmique, et
inversement. Par ailleurs, ~1/3 des geénes (n = 179) sont spécifiques aux effets du
fonds génétique et sont majoritairement unique a un isolat. De maniére intéressante,
bien que ces cas soient rares, ces genes sont fonctionnellement associés chez un
méme individu. Cela suggere donc une cohérence de 1’effet du fonds génétique au
sein de réseaux d’interactions génétiques. De plus, ces 15% de génes présentant un
effet dépendant du fonds génétique ont des caractéristiques évolutives communes et
sont plus enclins a contenir des mutations.

D’autre part, une stratégie de séquengage des ARN messagers (RNA-seq) couplée a
une étude d’association pangénomique ont fourni la base de I’exploration de la
variation d’un millier de transcriptomes au sein de 1’espéce S. cerevisiae. Une
régulation importante et complexe du niveau d’expression des génes a été mise en
¢vidence dans la population. Alors que des événements de domestication liés a
certaines sous-populations ont apporté des signatures transcriptionnelles pour une
voie métabolique précise, ’expression importante des processus métaboliques
(glycolyse) et moléculaires (transcription, traduction) généraux est conservée de
maniére équivalente dans la population. Des mécanismes globaux de I’expression
des génes ont aussi été mis en évidence, tels que I’expression plus faible des geénes
accessoires ou la compensation de 1’expression des variants du nombre de copies,
geénes ou chromosomes, par exemple. Grace au jeu de données conséquent généré,
une étude d’association pangénomique a été réalisée afin d’identifier les variants
génétiques régulateurs de la variation de I’expression des génes, ou eQTL, dans 969
isolats naturels. Au total, 4684 eQTL ont été associés a la variation d’expression de
2023 genes, parmi lesquels environ 83,5% influencent I’expression des genes a
distance. Bien que minoritaires, les eQTL locaux, souvent localisés dans les
promoteurs, expliquent une plus grande partie de la variance phénotypique observée
dans la population (18% vs. 15,4%). De manicre intéressante, tandis les eQTL
distants ciblent a la fois le génome de base et les génes accessoires, les eQTL locaux
régulent majoritairement le génome accessoire, suggérant un mécanisme différent de
régulation de la transcription pour ces geénes.
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Plusieurs centaines de transcriptomes : ressource considérable
pour déméler les relations génotype-phénotype

Ces premiéres analyses des 969 transcriptomes de S. cerevisiae constituent une
premiére étape dans la dissection de 1’origine génétique de la variation du niveau
d’expression des genes au sein d’une espece. Cependant, le ou les eQTL associés a
la variation d’expression de ~ 2000 geénes n’expliquent qu’une partie de la variance
phénotypique (en moyenne 16%). Une importante héritabilité manquante subsiste
encore (Manolio et al., 2009). Bien que les variants rares et a faible fréquence, ¢’est-
a-dire avec une fréquence allélique inférieure a 5% dans la population étudiée, ne
puissent pas étre inclus dans les analyses d’association pangénomique (MacKay et
al., 2009; Manolio et al., 2009; Tam et al., 2019), d’autres sources d’héritabilité
manquante, comme les variants structurels par exemple, peuvent étre caractérisées
et étudiées. Différentes approches et perspectives sont ainsi envisagées avec le jeu
de données généré.

Analyse approfondie du pangénome

Les méthodes d’extraction et de séquengage utilisées pour générer les transcriptomes
permettent d’accéder a tous les ARNm transcrits au sein des isolats étudiés, a la fois
correspondant aux génes constituant le génome de base de 1’espéce (core genome)
ainsi que des génes accessoires. Dans un premier temps, les génes accessoires
identifiés par séquencage de I’ADN génomique (Peter et al., 2018) ont servi pour
¢tudier ’expression du génome accessoire par rapport au génome de base. De
maniére intéressante, des différences, a la fois du niveau d’expression et de la
régulation, sont observées entre les génes accessoires et le génome de base. Afin
d’affiner ces résultats, il est possible de reconstruire le pangénome a partir des
transcrits séquencés dans la population. Cette stratégie permettra alors de définir plus
précisément les génes présents et transcrits dans chaque génome, que ce soit des
genes accessoires déja identifiés, mais aussi des génes de novo exprimés dans
certaines souches. Dans cette optique, un assemblage peut étre réalisé a partir de
toutes les lectures séquencées non alignées sur le génome de la souche de référence,
S288C (Figure 1). A partir de ces assemblages, des recherches de type BLAST
permettent de valider les génes accessoires provenant d’événements d’introgressions
ou de transferts horizontaux de geénes. Ces analyses ont récemment €té initiées dans
I’équipe et révélent une structure conservée des génes accessoires au sein des
différentes sous-populations. En effet, ces génes accessoires sont introgresses de plus
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d’une dizaine d’especes différentes et pour chaque sous-population, I’origine, le
nombre et I’expression de ces genes définissent une signature de celle-ci.
L’identification de génes de novo est une tache plus ardue a réaliser. En effet, ces
genes dérivent de régions intergéniques ou chevauchantes avec d’autres génes et ne
sont pas introgressés d’autres espeéces (Vakirlis et al., 2018). Sans connaitre
I’orientation des lectures de RNA-seq, il est également difficile de discerner 1’origine
de la lecture entre génes chevauchants. De plus, une majorité de génes potentiels
courts (< 100 pb) résultent de I’assemblage des lectures de RNA-seq non alignées
sur le génome de référence, le bruit doit ainsi étre différencié des réels geénes de novo
(Blevins et al., 2021). L’¢étude du pangénome a travers le RNA-seq a un avantage
principal car tous les genes transcrits sont identifiés. La transcription de ces génes
met ainsi en évidence leur role fonctionnel, faisant office de marqueurs d’évolution
et d’adaptation a I’environnement (Bergstrom et al., 2014; Blevins et al., 2021; Peter
et al., 2018).

== Souche A
—
M—— —1 —_ —_——
M — —— Souche B —_— T -
Lectures alignées Lectures non alignées
Assemblage
Souche A Souche B

BLAST de novo

Introgressions A6 o o
HGT | l
* o0 o0 000000
Fonction,  Variation *
évolution expression Fonction,  Variation

évolution expression

Figure 1. Etude de la composition et de I’expression du pangénome de S. cerevisiae a
partir des lectures non alignées. Deux types de génes accessoires peuvent étre identifiés :
les génes provenant d’évenements d’introgressions ou de transferts horizontaux de genes, ou
des génes de novo exprimés pour lesquels la séquence protéique peut prédire de leur fonction.
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Caractérisation des variants structurels pour explorer I’héritabilité manquante

L’¢étude d’association pangénomique réalisée pour identifier les variants génétiques
responsables de la variance du niveau d’expression des geénes prend uniquement en
compte les sites de polymorphisme nucléotidique (SNP) de I’espece. Cependant, les
SNP ne représentent qu’une partie de la diversité génétique présente au sein de la
population. Parmi les autres variants génétiques, les CNV ont pu étre déterminés lors
du séquencage des génomes des 1011 isolats naturels de S. cerevisiae (Peter et al.,
2018). Ces CNV ont aussi été inclus dans les études d’association pangénomique
pour 36 traits (croissance dans différentes conditions expérimentales) et ont un
impact bien plus important que les SNP sur la variance phénotypique (Peter et al.,
2018). II est donc primordial d’inclure ces CNV dans nos études d’association
pangénomique pour déterminer leur impact sur la variation d’expression des genes.
Cette perspective sera réalisée a court terme car la méthodologie et les données
nécessaires sont connues. L’intégralité des variants structurels présents dans les
génomes est néanmoins difficile a caractériser avec un simple séquencage des
génomes par la stratégie Illumina. Un des objectifs de 1’équipe, a moyen terme,
consiste & reséquencer les génomes des 1011 isolats naturels de S. cerevisiae avec
une stratégie de type Oxford Nanopore. Grace a cette stratégie, des lectures longues
sont générées (plusieurs kilobases). Ces lectures longues permettront ainsi
d’identifier les variations incluant des centaines de paires de bases comme les
translocations ou les inversions et leurs points de cassure sur les chromosomes.
Grace a ces données, une nouvelle matrice de variants génétiques incluant aussi la
complexité structurelle des génomes sera la base de nouvelles études d’association
pangénomique pour disséquer I’origine génétique de la variation d’expression des
génes.
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Dissection des différents niveaux de régulation de I’expression
des genes comme intermédiaires des relations entre le
génotype et les phénotypes

En parall¢le de notre projet de RNA-seq, une collaboration avec I’équipe de Markus
Ralser (The Francis Crick Institute-Londres / Charité University-Berlin) a permis
d’établir le protéome pour une partic importante de la collection d’isolats de
S. cerevisiae. Des valeurs d’abondance protéique ont été obtenues pour environ 2000
genes dans 808 isolats naturels. De la méme maniére que pour le transcriptome, une
¢tude d’association pangénomique a été réalisée et a révélé au total 1924 pQTL (pour
protein Quantitative Trait Loci) impactant la variance phénotypique de 857 protéines
traduites. Le chevauchement entre eQTL et pQTL détectés par les analyses
d’association est peu important (n = 15/1924 QTL). Pour les génes impliqués dans
le métabolisme des acides aminés notamment, la régulation peut étre affectée par les
conditions de culture différentes entre les deux jeux de données, en SC+AA (milieu
Synthétique Complet avec Acides Aminés) ou SC-AA (milieu Synthétique Complet
sans Acides Aminés) pour le transcriptome ou le protéome, respectivement.
Cependant, une étude antérieure, comparant transcriptomes et protéomes (générés
dans les mémes conditions) de la descendance d’un croisement entre 2 isolats, a aussi
mis en évidence une différence importante entre variants génétiques associés a la
variation de transcription et de traduction des génes (Foss et al., 2007). Grace aux
données de protéomique récemment générées sur un grand échantillon d’isolats de
S. cerevisiae (n=808), nous constatons que la synthése protéique est
majoritairement régulée a distance (91,2% des pQTL) malgré un impact plus
important des variants locaux (situés principalement dans les promoteurs) sur la
variance phénotypique (Figure 2). II est ainsi intéressant de noter que les régles de
la régulation génétique de la transcription et de la traduction sont similaires dans ce
sens. Cependant, les origines génétiques de cette régulation (a savoir les variants
génétiques détectés) sont bien différentes.

Ces deux jeux de données fournissent également la possibilité d’explorer les
mécanismes de régulation post-transcriptionnelle. De maniére générale, nous
constatons une atténuation post-transcriptionnelle illustrée par une diminution de la
variance des niveaux d’abondance protéique entre les isolats naturels par rapport a
la variance de I’expression des geénes (Figure 2). Plus spécifiquement, une
compensation de la transcription, et encore plus de la synthése protéique des geénes
affectés par une aneuploidie, est détectée chez les 200 individus concernés. Ces

186



résultats confirment, a 1’échelle d’une population naturelle, les observations déja
¢tablies dans des souches disomiques construites en laboratoire (Dephoure et al.,

2014; Hose et al., 2015).
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Figure 2. Exploration du protéome au sein de I’espéce de S. cerevisiae. Les valeurs
d’abondance protéique dans la population sont générées par spectrométrie de masse et
permettent de réaliser une étude d’association pangénomique (1.). Cette derniére révele
91,2% de pQTL distants expliquant une plus faible proportion de la variance phénotypique
que les pQTL locaux. La comparaison de la variance dans la population de chaque géne
transcrit et traduit révéle une plus faible variance des valeurs d’abondance protéique (2.).
Ceci suggere ainsi un mécanisme d’atténuation post-transcriptionnelle de 1’expression des

genes.
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L’ensemble de ces données illustre clairement différents niveaux de régulation de
I’expression des geénes qui doivent étre décrits avec précision pour comprendre
I’implication des interactions entre transcription et traduction dans la diversité
phénotypique observée au sein d’une population. Afin de compléter ces résultats,
1’objectif, a moyen terme, sera de générer les protéomes de 1’ensemble des isolats en
milieu SC+AA, donc dans les mémes conditions que les transcriptomes. Enfin, le
coeur de la relation entre transcription et traduction peut aussi étre exploré pour
comprendre les mécanismes de régulation post-transcriptionnelle grace a la stratégie
de ribosome profiling (Ingolia et al., 2009). Cette technique consiste au séquengage
des fragments d’ARNm pris en charge par les ribosomes pendant la traduction,
révélant ainsi la dynamique de traduction des différents génes. Un premier apercu de
cet aspect de la régulation post-transcriptionnelle a été établi avec la comparaison
des niveaux de RNA-seq et de ribosome profiling pour ~ 4000 génes dans 8 isolats
naturels. De manicre intéressante, ces travaux ont également montré une dynamique
d’atténuation post-transcriptionnelle importante, notamment pour les genes
essentiels et/ ou impliqués dans les complexes protéiques. De la méme manicre
qu’avec le transcriptome et le protéome, il serait intéressant d’étudier un plus grand
nombre d’individus afin de mettre en place une analyse d’association pangénomique.
Cependant, le ribosome profiling reste encore difficilement applicable a grande
¢chelle, notamment pour une population de levures de plusieurs centaines
d’individus. Des avancées technologiques seront ainsi essentielles pour atteindre ces
objectifs et disséquer la complexité derriére la régulation de I’expression des génes.

Laressource des 1000 transcriptomes de S. cerevisiae constitue un atout majeur dans
I’exploration des relations entre le génotype et le phénotype. De nombreuses
perspectives découlent de ces travaux, et couplés a diverses stratégies expérimentales
ou analytiques, permettront d’¢élucider la complexité génétique expliquant la
variance phénotypique. A I’heure actuelle, grice aux avancées scientifiques et
technologiques, I’analyse de centaines et méme de milliers de phénotypes a haut-
débit se développe de maniére croissante. Nous pouvons par exemple citer I’analyse
de plus de 500 traits de morphologie des cellules (Ohya et al., 2005; Yvert et al.,
2013) ou I'utilisation d’individus, identifiables par des code-barres moléculaires, en
compétition dans des milliers de conditions expérimentales en paralléle (Piotrowski
et al., 2017). Ces nouvelles techniques permettront ainsi de fournir des ressources
pour des études d’association pangénomique supplémentaires.
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Enseignement

Mission complémentaire « OpenLAB »

2017-2019

L’opération OpenLAB consiste a faire découvrir le monde de la recherche a des
¢léves de premiére a travers 2h de travaux pratiques. Au cours de ces 2h, les éléves
devaient répondre a une problématique biologique grace a du matériel de laboratoire
que nous apportions dans les lycées. L’objectif était également d’engager la
discussion avec les éléves notamment sur leurs questions concernant 1’orientation et

les études supérieures et de leur expliquer notre quotidien de doctorant.

Mission complémentaire « Femmes en Sciences »

2019-2020

Les interventions « Femmes en Sciences », organisées par le Jardin des Sciences de
I’Université de Strasbourg, ont pour objectif de rendre visible la place des femmes
dans les différents domaines scientifiques. Des rencontres d’environ 2h avec une
classe de collégiens ou lycéens permettent de discuter des a priori des éléves sur les
domaines accessibles pour les femmes mais aussi de notre sujet de recherche a
travers des échanges en petits groupes. Ces échanges ont été remplacés par une vidéo
explicative de mon sujet de thése accessible pour les éléves intéressés lors du

confinement.
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Extensive impact of low-frequency
variants on the phenotypic landscape at
population-scale

Téo Fournier, Omar Abou Saada, Jing Hou, Jackson Peter, Elodie Caudal,
Joseph Schacherer*

Université de Strasbourg, CNRS, GMGM UMR 7156, Strasbourg, France

Abstract Genome-wide association studies (GWAS) allow to dissect complex traits and map
genetic variants, which often explain relatively little of the heritability. One potential reason is the
preponderance of undetected low-frequency variants. To increase their allele frequency and assess
their phenotypic impact in a population, we generated a diallel panel of 3025 yeast hybrids,
derived from pairwise crosses between natural isolates and examined a large number of traits.
Parental versus hybrid regression analysis showed that while most phenotypic variance is explained
by additivity, a third is governed by non-additive effects, with complete dominance having a key
role. By performing GWAS on the diallel panel, we found that associated variants with low
frequency in the initial population are overrepresented and explain a fraction of the phenotypic
variance as well as an effect size similar to common variants. Overall, we highlighted the relevance
of low-frequency variants on the phenotypic variation.

DOI: https://doi.org/10.7554/eLife.49258.001

Introduction

Natural populations are characterized by an astonishing phenotypic diversity. Variation observed
among individuals of the same species represents a powerful raw material to develop better insight
into the relationship existing between genetic variants and complex traits (Mackay et al., 2009).
The recent advances in high-throughput sequencing and phenotyping technologies greatly enhance
the ability to determine the genetic basis of traits in various organisms (Alonso-Blanco et al., 2016;
Auton et al., 2015; Mackay et al., 2012; Peter et al., 2018). Dissection of the genetic mechanisms
underlying natural phenotypic diversity is within easy reach when using classical mapping
approaches such as linkage analysis and genome-wide association studies (GWAS) (Mackay et al.,
2009; Visscher et al., 2017). Alongside these major advances, however, it must be noted that there
are some limitations. All genotype-phenotype correlation studies in humans and other model eukar-
yotes have identified causal loci in GWAS explaining relatively little of the observed phenotypic vari-
ance of most complex traits (Eichler et al., 2010; Hindorff et al., 2009; Manolio et al., 2009;
Shi et al., 2016; Stahl et al., 2012; Wood et al., 2014; Zuk et al., 2014).

Despite the efforts made to find the genetic variants responsible for complex traits, the variants
found explain only a small part of the heritability, that is of the fraction of the phenotypic variance
explained by the underlying genetic variability. One of the most striking examples is observed with
human height. This trait is estimated to be 60-80% heritable (Speed et al., 2017; Visscher et al.,
2008) but close to 700 variants found in an analysis based on more than 250,000 individuals only
explain 20% of this total heritability (Wood et al., 2014). Multiple justifications for this so-called
missing heritability have been suggested, including the presence of low-frequency variants, (Gib-
son, 2012; Hindorff et al., 2009; Manolio et al., 2009; Pritchard, 2001; Walter et al., 2015),
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structural variants (e.g. copy number variants) (Peter et al., 2018), small effect variants, as well as
the low power to estimate non-additive effects (Cordell, 2009; Mackay, 2014; Zuk et al., 2012).

Variants present in less than 5% of the individuals are coined as low-frequency variants and are
known to be involved in a large number of rare Mendelian disorders (Gibson, 2012). However, impli-
cation of rare variants is also pervasive in common diseases and other complex traits. Assessing the
impact and effect of low-frequency variants at a population scale and on a large phenotypic spec-
trum will allow to gain better insight into the genetic architecture of the phenotypic variation in a
species. As GWAS cannot deal with low-frequency and rare variants due to statistical limitations,
except for very large sample sizes, their effect has often been overlooked.

Among model organisms, the budding yeast Saccharomyces cerevisiae is especially well suited to
dissect variations observed across natural populations (Fay, 2013; Peter and Schacherer, 2016). S.
cerevisiae isolates can be found in a broad array of biotopes both human-associated (e.g. wine,
sake, beer and other fermented beverages, food, human body) or wild (e.g. plants, soil, insects) and
are distributed world-wide (Peter et al., 2018). Phenotypic diversity among yeast isolates is signifi-
cant and the S. cerevisiae species presents a high level of genetic diversity (n = 3x1073), much
greater than that found in humans (Lek et al., 2016). Because of their small and compact genomes,
an unprecedented number of 1,011 S. cerevisiae natural isolates has recently been sequenced
(Peter et al., 2018). Yeast genome-wide association analyses have revealed functional Single Nucle-
otide Polymorphisms (SNPs), explaining a small fraction of the phenotypic variance (Peter et al.,
2018). However, these analyses highlighted the importance of the copy number variants (CNVs),
which account for a larger proportion of the phenotypic variance and have greater effects on pheno-
types compared to the SNPs. Nevertheless, even when CNVs and SNPs are taken together, the phe-
notypic variance explained is still low (approximately 17% on average) and consequently a large part
of it is unexplained.

Interestingly, much of the detected genetic polymorphisms in the 1011 yeast genomes dataset
are low-frequency variants with almost 92.7% of the polymorphic sites associated with a minor allele
frequency (MAF) lower than 0.05. This trend is similar to that observed in the human population
(Auton et al., 2015; Walter et al., 2015) and definitely raised a question regarding the impact of
low-frequency variants on the phenotypic landscape within a population and on the missing heritabil-
ity (Zuk et al., 2014). Here, we investigated the underlying genetic architecture of phenotypic varia-
tion as well as unraveling part of the missing heritability by accounting for low-frequency genetic
variants at a population-wide scale and non-additive effects controlled by a single locus. For this pur-
pose, we generated and examined a large set of traits in 3025 hybrids, derived from pairwise crosses
between a subset of natural isolates from the 1,011 S. cerevisiae population. This diallel crossing
scheme allowed us to capture the fraction of the phenotypic variance controlled by both additive
and non-additive phenomena as well as infer the main modes of inheritance for each trait. We also
took advantage of the intrinsic power of this diallel design to perform GWAS and assess the role of
the low-frequency variants on complex traits.

Results

Diallel panel and phenotypic landscape

Based on the genomic and phenotypic data from the 1,011 S. cerevisiae isolate collection
(Peter et al., 2018), we selected a subset of 55 isolates that were diploid, homozygous, genetically
diverse (Figure 1a), and originated from a broad range of ecological sources (Figure 1b) (e.g. tree
exudates, Drosophila, fruits, fermentation processes, clinical isolates) as well as geographical origins
(Europe, America, Africa and Asia) (Figure 1c and Supplementary file 1). A full diallel cross panel
was constructed by systematically crossing the 55 selected isolates in a pairwise manner (Figure 1d).
In total, we generated 3025 hybrids, representing 2970 heterozygous hybrids with a unique parental
combination and 55 homozygous hybrids. All 3025 hybrids were viable, indicating no dominant
lethal interactions existed between the parental isolates. We then screened the entire set of the
parental isolates and hybrids for quantification of mitotic growth abilities across 49 conditions that
induce various physiological and cellular responses (Figure 1—figure supplement 1, Figure 1—fig-
ure supplement 2, Supplementary file 2). We used growth as a proxy for fitness traits (see
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Figure 1. Diversity of the 55 selected natural isolates and diallel design. (a) Pairwise sequence diversity between each pair of parental strains. (b)
Ecological origins of the selected strains. See also Supplementary file 1. (c) Geographical origins of the selected strains. (d) Generation of the diallel
hybrid panel. 55 natural isolates available as both mating types as stable haploids were crossed in a pairwise manner to obtain 3025 hybrids. This panel
was then phenotyped on 49 growth conditions impacting various cellular processes.

DOI: https://doi.org/10.7554/eLife.49258.002

The following source data and figure supplements are available for figure 1:

Source data 1. Growth ratios for every hybrid and parental isolate on each growth condition.

DOI: https://doi.org/10.7554/eLife.49258.006

Figure supplement 1. Phenotypic variance in hybrids.

DOI: https://doi.org/10.7554/eLife.49258.003

Figure supplement 2. Correlation between conditions.

DOI: https://doi.org/10.7554/eLife.49258.004

Figure supplement 3. Phenotypic correlation between MATa and MATa. isolate.

DOI: https://doi.org/10.7554/eLife.49258.005

Materials and methods). Ultimately, this phenotyping step led to the characterization of 148,225
hybrid/trait combinations.

Estimation of genetic variance components using the diallel panel
(additive vs. non-additive)

The diallel cross design allows for the estimation of additive vs. non-additive genetic components
contributing to the variation in each trait by calculating the combining abilities following Griffing's
model (Griffing, 1956). For each trait, the General Combining Ability (GCA) for a given parent refers
to the average fitness contribution of this parental isolate across all of its corresponding hybrid com-
binations, whereas the Specific Combining Ability (SCA) corresponds to the residual variation unac-
counted for from the sum of GCAs from the parental combination. Consequently, the phenotype of
a given hybrid can be formulated as i + GCAparent1 + GCAparentz + SCAnybria, Where 1 is the mean
fitness of the population for a given trait. We found a near perfect correlation (Pearson’s r = 0.995,
p-value<2.2e-16) between expected and observed phenotypic values, confirming the accuracy of
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the model used (see Materials and methods). Using GCA and SCA values, we estimated both broad-

(H?) and narrow-sense (h?) heritabilities for each trait (Figure 1). Broad-sense heritability is the frac-

tion of phenotypic variance explained by genetic contribution. In a diallel cross, the total genetic var-

iance is equal to the sum of the GCA variance of both parents and the SCA variance in each
condition. Narrow-sense heritability refers to the fraction of phenotypic variance that can be
explained only by additive effects and corresponds to the variance of the GCA in each condition
(Figure 2a). The H? values for each condition ranged from 0.64 to 0.98, with the lowest value
observed for fluconazole (1 pg.ml~™") and the highest for sodium meta-arsenite (2.5 mM), respec-

tively. The additive part (h? values) ranged from 0.12 to 0.86, with the lowest value for fluconazole (1
ug.m|'1) and the highest for sodium meta-arsenite (2.5 mM), respectively. While broad- and narrow-
sense heritabilities are variable across conditions, we also observed that on average, most of the
phenotypic variance can be explained by additive effects (mean h? = 0.55). However, non-additive
components contribute significantly to some traits, explaining on average one third of the pheno-

typic variance observed (mean H? - h? = 0.29) (Figure 2b). Despite a good correlation between
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traits display a larger non-additive contribution, such as in galactose (2%) or ketoconazole (10 ug/
ml). Interestingly, we revealed that these two conditions revealed to be mainly controlled by domi-
nance (see below). Altogether, our results highlight the main role of additive effects in shaping com-
plex traits at a population-scale and clearly show that this is not restricted to the single yeast cross
where this trend was first observed (Bloom et al., 2013; Bloom et al., 2015). Nonetheless, non-
additive effects still explain a third of the observed phenotypic variance. This result also corroborates
at a species-wide level the extensive impact of non-additive effects on phenotypic variance
(Forsberg et al., 2017, Yadav et al., 2016).

Relevance of dominance for non-additive effects

To have a precise view of the non-additive components, the mode of inheritance and the relevance
of dominance for genetic variance, we focused on the deviation of the hybrid phenotypes from the
expected value under a full additive model. Under this model, the hybrid phenotype is expected to
be equal to the mean between the two parental phenotypes, hereinafter referred as Mean Parental
Value or Mid-Parent Value (MPV). Deviation from this MPV allowed us to infer the respective mode
of inheritance for each hybrid/condition combination (Lippman and Zamir, 2007), that is additivity,
partial or complete dominance towards one or the other parent and finally overdominance or under-
dominance (Figure 3a-b, see Materials and methods). Only 17.4% of all hybrid/condition combina-
tions showed enough phenotypic separation between the parents and the corresponding hybrid,
allowing the complete partitioning in the seven above-mentioned modes of inheritance. For the
82.6% remaining cases, only a separation of overdominance and underdominance can be achieved
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Figure 3. Mode of inheritance. (a) Representation of the different mode of inheritance depending on the hybrid value when a separation can be
achieved between parental strains and (b) if a clear separation cannot be achieved between parental strains. (c) Percentage of parental phenotypes
separated from each other for which a complete partition of different inheritance modes can be achieved. (d) Inheritance modes for every cross and
condition where no separation can be achieved between the two homozygous parents. e. Inheritance modes for every cross and condition where a
clear phenotypic separation can be achieved between the two homozygous parents. (f) The number of conditions in each main inheritance mode.
DOI: https://doi.org/10.7554/elife.49258.008
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(Figure 3c). Interestingly, these events are not as rare as previously described (Zérgé et al., 2012),
with 11.6% of overdominance and 10.1% of underdominance (Figure 3d). When a clear separation is
possible (Figure 3e), one third of the condition/cross combinations detected were purely additive
whereas the rest displayed a deviation towards one of the two parents, with no bias (Figure 3e).
When looking at the inheritance mode in each condition, most of the studied growth conditions (32
out of 49) showed a prevalence of additive effects (Figure 3f). However, 17 conditions were not pre-
dominantly additive throughout the population. Indeed, a total of 12 conditions were detected as
mostly dominant with 4 cases of best parent dominance, including galactose (2%) and ketoconazole
(10 pug.ml™"), and 8 of worst parent dominance. The remaining five conditions displayed a majority
of partial dominance (Figure 3f). These results confirm the importance of additivity in the global
architecture of traits, but more importantly, they clearly demonstrate the major role of dominance as
a driver for non-additive effects. Nevertheless, the presence of conditions with a high proportion of
partial dominance combined with the cases of over and underdominance may indicate a strong and
pervasive impact of epistasis on phenotypic variation.

Diallel design allows mapping of low-frequency variants in the
population using GWAS

Next, we explored the contribution of low-frequency genetic variants (MAF <0.05) to the observed
phenotypic variation in our population. Genetic variants considered by GWAS must have a relatively
high frequency in the population to be detectable, usually over 0.05 for relatively small datasets
(Visscher et al., 2017). Consequently, low-frequency variants are evicted from classical GWAS. How-
ever, the diallel crossing scheme stands as a powerful design to assess the phenotypic impact of
low-frequency variants present in the initial population as each parental genome is presented several
times, creating haplotype mixing across the matrix and preserving the detection power in GWAS.

To avoid issues due to population structure, we selected a subset of hybrids from 34 unrelated
isolates in the original panel to perform GWAS (see Materials and methods, Supplementary file 1).
By combining known parental genomes, we constructed 595 hybrid genotypes in silico, matching
one half matrix of the diallel plus the 34 homozygous diploids. We built a matrix of genetic variants
for this panel and filtered SNPs to only retain biallelic variants with no missing calls. In addition, due
to the small number of unique parental genotypes, extensive long-distance linkage disequilibrium
was also removed (see Materials and methods), leaving a total of 31,632 polymorphic sites in the
diallel population. Overall, 3.8% (a total of 1,180 SNPs) had a MAF lower than 0.05 in the initial pop-
ulation of the 1,011 S. cerevisiae isolates but surpassed this threshold in the diallel panel, reaching a
MAF of 0.32 (Figure 4a-b).

To map additive as well as non-additive variants impacting phenotypic variation, we performed
GWA using two different models (Seymour et al., 2016) (see Materials and methods). We used a
classical additive model, encoding for SNPs where linear relationship between trait and genotype is
assessed, that is every locus has a different encoding for each genotype. To account for non-additive
inheritance, we also used an overdominant model, which only considers differences between hetero-
zygous and homozygous thus revealing overdominant and dominant effects. For each of these two
models, we performed mixed-model association analysis of the 49 growth conditions with FaST-
LMM (Lippert et al., 2011; Widmer et al., 2015). Overall, GWAS revealed 1723 significantly associ-
ated SNPs (Figure 4—source data 1) by detecting from 2 to 103 significant SNPs by condition, with
an average of 39 SNPs per condition. Minor allele frequencies of the significantly associated SNPs
were determined in the 1011 sequenced genomes, from which the diallel parents were selected (Fig-
ure 4). Interestingly, 16.3% of the significant SNPs (281 in total) corresponded to low-frequency var-
iants (MAF <0.05), with 19.5% of them (55 SNPs) being rare variants (MAF <0.01). This trend is the
same and maintained for both models, with 19.3% and 15.2% of low-frequency variants for the addi-
tive and overdominant models, respectively. Due to the scheme used, it is important to note that it
is possible to increase the MAF of low-frequency variants at a detectable threshold in the diallel
panel and to query their effects but it is still difficult for truly rare variants (MAF <0.01), probably
leading to an underestimation. However, these results clearly show that low-frequency variants
indeed play a significant part in the phenotypic variance at the population-scale. We then estimated
the contribution of the significant variants to total phenotypic variation (see Materials and methods)
in our panel and found that detected SNPs could explained 15% to 32% of the variance, with a
median of 20% (Figure 4d). When looking at the variance explained by each variant over their
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DOI: https://doi.org/10.7554/eLife.49258.009

The following source data and figure supplement are available for figure 4:

Source data 1. Significantly associated SNPs SNPs without MAF are SNPs that were not biallelic in the initial population of 1011 isolates (Peter et al.,

2018).

DOI: https://doi.org/10.7554/eLife.49258.011
Figure supplement 1. Significantly associated SNPs.
DOI: https://doi.org/10.7554/eLife.49258.010

respective allele frequency, it is noteworthy that low-frequency variants explained roughly the same
proportion of the phenotypic variation (median of 20.2%) than the common SNPs (median of 19.6%)
(Figure 4d). In addition, the variance explained by the associated rare variants were also higher on
average than the rest of the detected SNPs (Figure 4—figure supplement 1a). It is noteworthy that
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this trend was robust and conserved across the two encoding models implemented, accounting for
additive and overdominant effects (Figure 4—figure supplement 1a). However, these results cannot
be extrapolated to the whole population and only hold in the scope of our diallel population where
these variants are now overrepresented compared to the natural population. Indeed, variance
explained is related to the surveyed population because its value relies on the MAF of the variants.
Therefore, in the whole natural population of 1011 isolates, their contribution to the phenotypic vari-
ance will be less important because of their lower MAF. To obtain a value that is unrelated to the
studied population, we measured their respective effect size (Figure 4e). Here again we found that
on average, low-frequency variant have about the same effect size (mean of 0.23 sd) than the com-
mon variants (mean of 0.25 sd).

To gain insight into the biological relevance of the set of associated SNPs, we first examined their
distribution across the genome and found that 62.5% of them are in coding regions (with coding
regions representing a total of 72.9% of the S. cerevisiae genome) (Figure 4—figure supplement
1b), with all of these SNPs distributed over a set of 546 genes. Over the last decade, an impressive
number of quantitative trait locus (QTL) mapping experiments were performed on a myriad of phe-
notypes in yeast leading to the identification of 145 quantitative trait genes (QTG) (Peltier et al.,
2019) and we found that 19 of the genes we detected are included in this list (Figure 4—figure sup-
plement 1c). In addition, 22 associated genes were also found as overlapping with a recent large-
scale linkage mapping survey in yeast (Bloom et al., 2019) (Figure 4—figure supplement 1c). We
then asked whether the associated genes were enriched for specific gene ontology (GO) categories
(Supplementary file 3). This analysis revealed an enrichment (p-value=5.39x10"°) in genes involved
in ‘response to stimulus’ and ‘response to stress’, which is in line with the different tested conditions
leading to various physiological and cellular responses.

SGD1 and the mapping of a low-frequency variant

Finally, we focused on one of the most strongly associated genetic variant out of the 281 low-fre-
quency variants significantly associated with a phenotype. The chosen variant was characterized by
two adjacent SNPs in the SGD1 gene and was detected in 6-azauracile (100 ug.ml~") with a p-value
of 2.75e-8 with the overdominant encoding and 6.26e-5 with the additive encoding. Their MAF in
the initial population is only 2.5% and reached 9% in the diallel panel with three genetically distant
strains carrying it (Figure 5a). The SNPs are in the coding sequence of SGD1, an essential gene
encoding a nuclear protein. The minor allele (AA) induces a synonymous change (TTG (Leu) — TTA
(Leu)) for the first position and a non-synonymous mutation (GAA (Glu)— AAA (Lys)) for the second
position (Figure 5a). The phenotypic advantage conferred by this allele was observed with a signifi-
cant difference between the homozygous for the minor allele, heterozygous and homozygous for
the major allele (Figure 5b). To functionally validate the phenotypic effect of this low-frequency vari-
ant, CRISPR-Cas9 genome-editing was used in the three strains carrying the minor allele (AA) in
order to switch it to the major allele (GG) and assess its phenotypic impact. Both mating types have
been assessed for each strain. When phenotyping the wildtype strains containing the minor allele
and the mutated strains with the major allele, we observed that the minor allele confers a phenotypic
advantage of 0.2 in growth ratio compared to the major allele (Figure 5c¢) therefore validating the
important phenotypic impact of this low-frequency variant. However, no assumptions can be made
regarding the exact effect of this allele at the protein-level because no precise characterization has
ever been carried out on Sgd1p and no particular domain has been highlighted.

Discussion

Understanding the source of the missing heritability is essential to precisely address and dissect the
genetic architecture of complex traits. Over the years, the diallel hybrid panel design has proven its
strength to dissect part of the genetic architecture of traits in populations. One of the main advan-
tages of using such experimental design is the ability to precisely isolate the part of phenotypic vari-
ance that is controlled by additive effects from the one controlled by non-additive effects. While our
analysis revealed that an important part of the phenotypic variance is linked to additive effects,
about a third remains ruled by non-additive interactions encompassing dominance and epistasis.
These results are in line with previous findings.
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DOI: https://doi.org/10.7554/elife.49258.012

However, care should be taken with the classification of the mode of inheritance. Indeed, as we
do not know how many loci are involved for each hybrid’s phenotype, we can only assess the final
phenotypic outcome of all the genetic variants involved and not on a locus by locus basis. This classi-
fication does not take into account their number, effect size and interactions. Consequently, the
mode of inheritance that we described here solely reflects how the phenotype of the hybrid varies
with respect to its parents. For example, several interactions could take place with opposite effect,
leading to a final phenotype that appears as being controlled by an additive mode of inheritance (i.
e. the hybrid phenotype equal to the mid parent value). However, in the cases where dominance
was detected as a mode of inheritance, this might reflect the presence of a single locus having a
strong phenotypic impact acting dominantly thus being responsible by itself for the phenotype. Yet,
if two hybrids show a complete dominance in the same condition, it does not mean that the same
alleles are involved in both.

Although few low-frequency and rare variants were considered in our GWAS (4%) due to strin-
gent filtering conditions, a strong enrichment in these variants has been observed in the significantly
associated ones (16%), demonstrating the ubiquity of low-frequency variants with important pheno-
typic impact. However, when looking at the population level, even though they do have effect sizes
similar to common variants, they are not going to explain an important part of variance because it
relies both on effect size and allele frequency. A good example of this phenomenon has been seen
with a study of human height in more than 700,000 individuals. A total of 83 significantly associated
rare and low-frequency variants with effect sizes up to 2 cm have been mapped (Marouli et al.,
2017). On average, they explained the same amount of phenotypic variation as common variants,
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which displayed much smaller effect sizes of about 1 mm. Our results suggest that a high number of
low-frequency variants play a decisive role in the phenotypic landscape of a population both in term
of number and effect size. Taken one by one, they do not explain a lot of phenotypic variance in a
large population. Yet, altogether, they might actually explain a greater part of the variation than the
one explained by common variants.

The contribution of rare and low-frequency variants to traits is largely unexplored. In humans,
these genetic variants are widespread but only a few of them have been associated with specific
traits and diseases (Walter et al., 2015). Recently, it has been shown that the missing heritability of
height and body mass index is accounted for by rare variants (Wainschtein et al., 2019). We also
recently found in yeast that most of the previously identified Quantitative Trait Nucleotides (QTNs)
using linkage mapping were at low allele frequency in the 1,011 S. cerevisiae population (Hou et al.,
2016; Hou et al., 2019; Peltier et al., 2019, Peter et al., 2018). A total of 284 QTNs were identi-
fied by linkage mapping and 150 of them are present at a low frequency in the population of 1011
isolates (Peltier et al., 2019; Peter et al., 2018). However, these QTNs were mapped with mostly
closely related genetic backgrounds, encompassing a total of 59 strains with 30% of them coming
from laboratory and 41% coming from the wine cluster, which has a very low genetic diversity
(Peter et al., 2018). Moreover, experimentally validated QTNs are, most of the time, genetic var-
iants with the most important phenotypic impact, which has been previously recognized as inducing
an ascertainment bias (Rockman, 2012). It also raised the question of whether these rare and large
effect size alleles discovered in specific crosses are really relevant to the variation across most of the
population.

Here, we quantified the contribution of low-frequency variants across a large number of growth
conditions and found that among all the genetic variants detected by GWAS on a diallel panel,
16.3% of them have a low-frequency in the initial population and explain a significant part of the
phenotypic variance (21% on average). This particular diallel design also presents an intrinsic power
to evaluate the additive vs. non-additive genetic components contributing to the phenotypic varia-
tion. We assessed the effect of intra-locus dominance on the non-additive genetic component and
showed that dominance at the single locus level contributed to the phenotypic variation observed.
However, other more complicated inter-loci interactions may still be involved. Altogether, these
results have major implications for our understanding of the genetic architecture of traits in the con-
text of unexplained heritability. In parallel to a recent large-scale linkage mapping survey in yeast
(Bloom et al., 2019), our study highlights the extensive role of low-frequency variants on the pheno-
typic variation.

Materials and methods

Construction of the diallel panel

Selection of the S. cerevisiae isolates

Out of the collection of 1011 strains (Peter et al., 2018), a total of 53 natural isolates were carefully
selected to be representative of the S. cerevisiae species. We selected isolates from a broad ecologi-
cal origins and we prioritized for strains that were diploid, homozygous, euploid and genetically as
diverse as possible, that is up to 1% of sequence divergence. All the isolate details, including eco-
logical and geographical origins, are listed in Supplementary file 1. In addition to these 53 isolates,
we included two laboratory strains, namely Y21278b and the reference $S288c strain.

Generation of stable haploids
For each selected parental strain, stable haploid strains were obtained by deleting the HO locus.
The HO deletions were performed using PCR fragments containing drug resistance markers flanked
by homology regions up and down stream of the HO locus, using standard yeast transformation
method. Two resistance cassettes, KanMX and NatMX, were used for MATa and MATo. haploids,
respectively. The mating-type (MATa and MATo) of antibiotic-resistant clones was determined using
testers of well-known mating type. For each genetic background, we selected a MATa and MATa
clone that are resistant to G418 or nourseothricin, respectively.

Phenotyping of the parental haploid strains was performed to check for mating type-specific fit-
ness effects. All MATa and MATa parental strains were tested on all 49 growth conditions (see

Fournier et al. eLife 2019;8:€49258. DOI: https://doi.org/10.7554/eLife.49258 10 of 18



LI FE Research article Genetics and Genomics

below) using the same procedure as the phenotyping assay of the hybrid matrix. The overall correla-
tion between the MATa and MATa parental strains was 0.967 (Pearson, p-value<le-324), with an
average correlation per strain of 0.976 across different conditions (Figure 1—figure supplement 3).
No significant mating type specificity was identified.

Diallel scheme

Parental strains were arrayed and pregrown in liquid YPD (1% yeast extract, 2% peptone and 2%
glucose) overnight. Mating was performed with ROTOR (Singer Instruments) by pinning and mixing
MATa over MATo. parental strains on solid YPD. The parental strains, that is 55 MATa HO::AKanMX
and 55 MATo. HO::ANatMX strains were arrayed and mated in a pairwise manner on YPD for 24 hr
at 30°C. The mating mixtures were replicated on YPD supplemented with G418 (200 pg.ml~") and
nourseothricin (100 pg.ml~") for double selection of hybrid individuals. After 24 hr, plates were repli-
cated again on the same media to eliminate potential residuals of non-hybrids cells. In total, we gen-
erated 3025 hybrids, representing 2970 heterozygous hybrids with a unique parental combination
and 55 homozygous hybrids.

High-throughput phenotyping and growth quantification

Quantitative phenotyping was performed using endpoint colony growth on solid media. Strains
were pregrown in liquid YPD medium and pinned onto a solid SC (Yeast Nitrogen Base with ammo-
nium sulfate 6.7 g.I”", amino acid mixture 2 g.I"", agar 20 g.I™", glucose 20 g.I™") matrix plate to a
1536 density format using the replicating ROTOR robot (Singer Instruments). Two biological repli-
cates (coming from independent cultures) of each parental haploid strain were present on every
plate and six biological replicates were present for each hybrid. As 27 plates were used in order to
phenotype all the hybrids, 27 technical replicates (same culture in different plates) of the parents
were present. The resulting matrix plates were incubated overnight to allow sufficient growth, which
were then replicated onto 49 media conditions, plus SC as a pinning control (Figure 1—figure sup-
plement 1, Supplementary file 2). The selected conditions impact a broad range of cellular
responses, and multiple concentrations were tested for each compound (Figure 1—figure supple-
ment 2). Most tested conditions displayed distinctive phenotypic patterns, suggesting different
genetic basis for each of them (Figure 1—figure supplement 2). The plates were incubated for 24
hr at 30°C (except for 14°C phenotyping) and were scanned with a resolution of 600 dpi at 16-bit
grayscale. Quantification of the colony size was performed using the R package Gitter (Wagih and
Parts, 2014) and the fitness of each strain on the corresponding condition was measured by calcu-
lating the normalized growth ratio between the colony size on a condition and the colony size on
SC. As each hybrid is present in six replicates, the value considered for its phenotype is the median
of all its replicates, thus smoothing the effects of pinning defect or contamination. This phenotyping
step led to the determination of 148,225 hybrid/trait combinations (Figure 1—source data 1).

Diallel combining abilities and heritabilities

Combining ability values were calculated using half diallel with unique parental combinations,
excluding homozygous hybrids from identical parental strains. For each hybrid individual, the fitness
value is expressed using Griffing’s model (Griffing, 1956):

ZGi=p+gi+ gtsjte
Where z; is the fitness value of the hybrid resulting from the combination of i*" and " parental
strains, 1 is the mean population fitness, g; and g; are the general combining ability for the i and jt"

parental strains, s; is the specific combining ability associated with the i x j hybrid, and e is the error
term (i = 1...N, j = 1...N, N = 55). General combining ability for the i" parent is calculated as:

gi= <%) X (G.—p)

Where N is the total number of parental types, z:. is the mean fitness value of all half sibling
hybrids involving the i parent, and 1 is the population mean. The error term associated with g; is:
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(N—1) x 02z
T\ axNx (N=-2)

Where N is the total number of parental types, n is the number of replicates for the i x j hybrid,
and o?z;. is the variance of fitness values from a full-sib family involving the it and j* parents, which
is expressed as:

0%z = 075+ 074+ 072 +2 x cov(2,7))
Specific combining ability for the i x j hybrid combination therefore:
S =2~ 8&i— 8 — I

The error term associated with s;; is:

Using combining ability estimates, broad- and narrow-sense heritabilities can be calculated. Nar-
row sense heritability (h?) accounts for the part of phenotypic variance explained only by additive
variance, expressed as the additive variance (d3) over the total phenotypic variance observed (c3):

2
o
e i (sitg)
T2 g2 2 2
ap (r(g'+g/) +05,, +o;

2

Sij

Where U?g o) is the sum of GCA variances, o2 is the SCA variance and o2 is the variance due to
i+

measurement error, which is expressed as:

(NI;N) 1

- X
(@+N—3)

02 =(N-2)(ey +eg) +

s

On the other hand, broad-sense heritability (H?) depicts the part of the phenotypic variance
explained by the total genetic variance o%:
2 2
% Tl T
=252 2 1 o2
op (r(g,+g,) +‘75,, +o;
Phenotypic variance explained by non-additive variance is therefore equal to the difference
between H? and h2 All calculations were performed in R using custom scripts.

Calculation of mid-parent values and classification of mode of
inheritance

Mid-Parent Value (MPV) is expressed as the mean fitness value of both diploid homozygous parental
phenotypes:

P1+P2
MPV = +

Comparing the hybrid phenotypic value (Hyb) to its respective parents’ allows for an inference of
the mode of inheritance for each hybrid/trait combination (Figure 3a-b). To obtain a robust classifi-
cation, confidence intervals for each class were based on the standard deviation of hybrid (six repli-
cates) and parents (54 replicates). P2 is the phenotypic value of the fittest parent while P1 is the
phenotypic value of the least fit parent.
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Inheritance mode Formula

Underdominance Hybl — (op1 + 0nyp)

Dominance P1 P1 = (op1 + o)l + (0p1 + o)
Partial dominance P1 Pl + (op1 + oup) — (22572 + o)
Additivity MPV + (72572 + o) 2 — (0p2 + Oy
Partial dominance P2 MPV — (2592 4 gy ) + (292 + gy )
Dominance P2 P2 — (0P + )2 + (02 + Oays)
Overdominance P2+ (op2 + ouy)

When a clear separation is possible between the two parental phenotypic values
(P1 +0p12 — opy),the full decomposition in the seven above mentioned categories is possible
(Figure 3a). However, in most of the cases, the two parental phenotypic values are not separated
enough to achieve this but it is still possible to distinguish between overdominance and underdomi-
nance (Figure 3b, Figure 3d). All calculations were performed in R using custom scripts.

Genome-wide association studies on the diallel panel

Whole genome sequences for the parental strains were obtained from the 1002 yeast genome proj-
ect (Peter et al., 2018). Sequencing was performed by lllumina Hiseq 2000 with 102 bases read
length. Reads were then mapped to S288c reference genome using bwa (v0.7.4-r385) (Li and Dur-
bin, 2009). Local realignment around indels and variant calling has been performed with GATK
(v3.3-0) (McKenna et al., 2010). The genotypes of the F1 hybrids were constructed in silico using 34
parental genome sequences. We retained only the biallelic polymorphic sites, resulting in a matrix
containing 295,346 polymorphic sites encoded using the ‘recode12’ function in PLINK (Chang et al.,
2015). Those genotypes correspond to a half-matrix of pairwise crosses with unique parental combi-
nations, including the diagonal,that is the 34 homozygous parental genotypes. For each cross, we
combined the genotypes of both parents to generate the hybrid diploid genome. As a result, het-
erozygous sites correspond to sites for which the two parents had different allelic versions. We
removed long-range linkage disequilibrium sites in the diallel matrix due to the low number of
founder parental genotypes by removing haplotype blocks that are shared more than twice across
the population, resulting in a final dataset containing 31,632 polymorphic sites.

We performed GWA analyses with different encodings (Seymour et al., 2016). In the additive
model, the genotypes of the F1 progeny were simply the concatenation of the genotypes from the
parents. As homozygous parental alleles were encoded as 1 or 2, the possible alleles for each site in
the F1 genotype were ‘11" and ‘22’ for homozygous sites and ‘12’ for heterozygous sites. We also
used an overdominant genotype encoding, where both the homozygous minor and homozygous
major alleles were encoded as ‘11’ and the heterozygous genotype was encoded as '22'.

Mixed-model association analysis was performed using the FaST-LMM python library version
0.2.32 (https://github.com/MicrosoftGenomics/FaST-LMM) (Widmer et al., 2015). We used the nor-
malized phenotypes by replacing the observed value by the corresponding quantile from a standard
normal distribution, as FaST-LMM expects normally distributed phenotypes. The command used for
association testing was the following: single_snp(bedFiles, pheno_fn, count_A1 = True), where bed-
Files is the path to the PLINK formatted SNP data and pheno_fn is the PLINK formatted phenotype
file. By default, for each SNP tested, this method excludes the chromosome in which the SNP is
found from the analysis in order to avoid proximal contamination. Fast-LMM also computes the frac-
tion of heritability explained for each SNP. The mixed model adds a polygenic term to the standard
linear regression designed to circumvent the effects of relatedness and population stratification.

We estimated a condition-specific p-value threshold for each condition by permuting phenotypic
values between individuals 100 times. The significance threshold was the 5% quantile (the 5th lowest
p-value from the permutations). With that method, variants passing this threshold will have a 5%
family-wise error rate. However, we do not have any estimation of the false positive rate. Taken
together, GWA revealed 1723 significantly associated SNPs (Figure 4—source data 1), with 1273
and 450 SNPs for overdominant and additive model, respectively.
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Variance explained and effect size
Variance explained by each SNP is calculated by PLINK. Care must be taken that in order to obtain
the variance explained by all SNPs, it is not possible to sum up the variance explained by each indi-
vidual SNP based on the fact that SNPs are not completely independent from one another.
The effect size was calculated using the formula for Cohen’s d:
5w
" sdpooiea

Where the pooled standard deviation is calculated with the following formula:

sd, 2y sdzz
Sdpooled = 2

Under the additive model, the heterozygote phenotype is equidistant to both possible homozy-
gote phenotypes (minor allele and major allele), so our calculation of the effect size could either
compare the heterozygotes with the homozygotes in the minor allele, or the heterozygotes with the
homozygotes in the major alleles. We chose to use the latter since the major allele grants us more
statistical power. The formula we used to obtain the effect size for a given SNP under this model is
the following:

XHeterozygous — XMajor

Effect size =
sdpooled

Under the overdominant model, the heterozygote phenotype is compared to the phenotype of
the group of both homozygotes (minor and major), so the formula we used to obtain the effect size
for a given SNP under this model is the following:

Effect size = xHelm;zvgnux — XMajor z:nd Minor
sdpooled
Gene ontology analysis
GO term enrichment was performed using SGD GO Term Finder (https://www.yeastgenome.org/
goTermFinder) with the 546 unique genes containing significantly associated SNPs (Figure 4—
source data 1 and Supplementary file 3). Significant enrichment is considered under 'Process’
ontology with a p-value cutoff of 0.05.

CRISPR-Cas? allele editing

pAEF5 plasmid containing Cas9 endonuclease and the guide RNA targeting SGD1 was co-trans-
formed with the repair fragment of 100 nucleotides containing the desired allele. Transformed cells
were then plated on YPD supplemented with 200 pug.ml~" hygromycin at 30°C to select for trans-
formants. Colonies were then arrayed on a 96 well plate with 100 ul YPD and grown for 24 hr to
induce plasmid loss. The plate was then pinned back onto solid YPD for 24 hr then replica plated to
YPD supplemented with 200 ug.ml~" hygromycin to check for plasmid loss. Allele specific PCR was
performed on colonies that lost the plasmid (Wangkumhang et al., 2007) to distinguish correctly
edited allele from wildtype allele. Strains who showed amplification for the edited allele and no
amplification for the wildtype allele were phenotyped (four technical replicates and four biological
replicates) on the corresponding condition to measure differences with their wildtype counterparts.

Statistical tests
Person'’s correlation test was used to assess linear correlation between two sets.

Wilcoxon Mann Whitney was used to determine if two independent samples have the same
distribution.

Correlogram of all tested growth conditions. Numbers in each cell represent 100 x Pearson’s r
value.
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Résumé

L’¢lucidation des origines génétiques des traits complexes reste une
problématique majeure en biologie. Ces dix dernieres années, les projets de
reséquencage de milliers d’individus d’une méme espece ont permis d’explorer
la diversit¢ génétique au sein des génomes. Des études d’association
pangénomique ont alors été initiées pour identifier les variants génétiques
impliqués dans la variance phénotypique observée dans des populations étudiées.
Cependant, les variants détectés n’expliquent qu’une portion plus ou moins
importante de la variance phénotypique. Mieux caractériser la relation entre
génotypes et phénotypes a ainsi été la base de mes travaux de these. Pour cela,
une collection de plus de 1000 isolats naturels de Saccharomyces cerevisiae
divers et séquenceés a été une ressource clé pour disséquer dans un premier temps
les origines génétiques de la variation du niveau d’expression de plus de 6000
genes au sein de cette espece. Dans un second temps, une stratégie de
mutagénése par insertion de transposons réalisée dans une centaine d’isolats de
levure a permis d’estimer dans quelles proportions le fonds génétique impacte la
variation des phénotypes.

Mots-clés : relations génotype-phénotype, génomique des populations, levure,
GWAS, transcriptome, mutagénese par insertion de transposons
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