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Résumé 
/¶pOXFLGDWLRQ�GHV�origines génétiques des traits complexes reste une problématique 
majeure en biologie. Ces dix dernières années, les projets de reséquençage de 
PLOOLHUV�G¶LQGLYLGXV�G¶XQH�PrPH�HVSqFH�RQW�SHUPLV�G¶H[SORUHU�OD�GLYHUVLWp�JpQpWLTXH�
DX�VHLQ�GHV�JpQRPHV��'HV�pWXGHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�RQW�DORUV�pWp�LQitiées 
pour identifier les variants génétiques impliqués dans la variance phénotypique 
observée dans des populations étudiées. Cependant, les variants détectés 
Q¶H[SOLTXHQW�TX¶XQH�SRUWLRQ�SOXV�RX�PRLQV�LPSRUWDQWH�GH�OD�YDULDQFH�phénotypique. 
Mieux caractériser la relation entre génotypes et phénotypes a ainsi été la base de 
mes travaux de thèse. 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 QLYHDX�G¶H[SUHVVLRQ�
de plus de 6000 gènes au sein de cette espèce. Dans un second temps, une stratégie 
GH�PXWDJpQqVH�SDU�LQVHUWLRQ�GH�WUDQVSRVRQV�UpDOLVpH�GDQV�XQH�FHQWDLQH�G¶LVRODWV�GH�
levure a permis G¶HVWLPer dans quelles proportions le fonds génétique impacte la 
variation des phénotypes.   

Mots-clés : relations génotype-phénotype, génomique des populations, levure, GWAS, 
transcriptome, mutagénèse 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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Une pas si simple histoire de génétique  

'qV� O¶$QWLTXLWp�� DYHF� 3\WKDJRUH�� +LSSRFUDWH� RX� HQFRUH� $ULVWRWH�� OD� TXHVWLRQ� GH�
O¶KpUpGLWp�GHV�WUDLWV�DX�ILO�GHV�JpQpUDWLRQV�HQJHQGUH�GH�nombreuses théories. Alors 
que Pythagore suggère une hérédité paternelle complète quand la mère permet de 
QRXUULU�O¶HPEU\RQ��+LSSRFUDWH�SURSRVH�XQH�KpUpGLWp�SDUWDJpH�SDU�OH�SqUH�HW�OD�PqUH��
&HWWH� K\SRWKqVH� HVW� VXLYLH� SDU� OHV� WUDLWpV� G¶$ULVWRWH� VXU� O¶+LVWRLre des animaux. 
Aristote va même encore plus loin dans le traité de la Génération des animaux et 
pYRTXH�GHV�SKpQRPqQHV�G¶LQWHUDFWLRQV�HQWUH�OHV�GLIIpUHQWV�DFWHXUV�GH�O¶KpUpGLWp�GDQV�
OD� IRUPDWLRQ�GH� O¶LQGLYLGX��&H�Q¶HVW�FHSHQGDQW�TX¶DX�PLOLHX�GX�;,;ème siècle que 
*UHJRU�0HQGHO�WKpRULVH�OHV�ORLV�GH�O¶KpUpGLWp�(Mendel, 1866), grâce à une démarche 
VFLHQWLILTXH�GH� O¶pWXGH� GH� OD� GHVFHQGDQFH�GH� FURLVHPHQWV�GH� SHWLWV� SRLV� G¶DVSHFWV�
différents (couleur et texture, par exemple). À la même époque, Charles Darwin 
imagine les « gemmules » logées dans les organes comme particules porteuses de 
O¶KpUpGLWp�HW�GHV�FDUDFWqUHV�DFTXLV�(Darwin, 1868)��/HV�ORLV�GH�O¶KpUpGLWp�GH�0HQGHO�
ne sont considérées par la communauté scientifique que 30 ans après leur découverte 
et sont adoptées à partir de 1900, notamment par William Bateson. Ce dernier 
introduit le terme de génétique et décrit des concepts fondamentaux comme celui 
G¶DOOqOHV� KRPR]\JRWH� RX� KpWpUR]\JRWH�� HW� pJDOHPHQW� G¶pSLVWDVLH�� TXL� VH� UpIqUH� j�
O¶LQWHUDFWLRQ�HQWUH�OHV�JqQHV�(Bateson, 1909)��'H�QRPEUHX[�FKHUFKHXUV�V¶LPSOLTXHQW�
pour définir les premières bases de cette discipline. Aux côtés de Bateson, nous 
pouvons par exemple citer Sturtevant, Muller, Bridges et Morgan qui démontrent en 
ODERUDWRLUH�O¶H[LVWHQFH�GHV�PXWDWLRQV�HW�FRQILUPHQW�OD�WKpRULH�GHV�FKURPRVRPHV�JUkFH�
j� O¶RUJDnisme modèle 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 allèles (Morgan et al., 1915).  
 
$X�VHLQ�GHV�LQGLYLGXV�G¶XQH�PrPH�HVSqFH��XQH�JUDQGH�GLYHUVLWp�GHV�FDUDFWqUHV�HVW�
observée. Ces caractères, encore appelés traits ou phénotypes, correspondent à toutes 
OHV�FDUDFWpULVWLTXHV�REVHUYDEOHV�RX�PHVXUDEOHV�G¶XQ�LQGLYLGX�j�GLIIpUHQWHV�pFKHOOHV : 
macroscopique, cellulaire ou moléculaire. Certains phénotypes sont dits qualitatifs, 
FRPPH� OD� FRXOHXU�GHV�SHWLWV� SRLV�pWXGLpV�SDU�0HQGHO� DORUV�TXH�G¶DXWUHV� VRQW�GLWV�
quantitatifs, comme la taille humaine (Figure 1A). La variance phénotypique 
REVHUYpH�DX�VHLQ�G¶XQH�SRSXODWLRQ�UHSRVH�DLQVL�VXU�XQH�SDUW�JpQpWLTXH��PDLV�DXVVL�VXU�
XQH�SDUW�HQYLURQQHPHQWDOH�HW�VXU�O¶LQWHUDFWLRQ�HQWUH�FHV�GHX[�parts (Figure 1B). Si on 
se focalise sur la part génétique, la variance de cette dernière se décompose en effets 
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G¶DGGLWLYLWp�� GH� GRPLQDQFH� HW� G¶pSLVWDVLH� �)LJXUH� �%��� 'DQV� OH� FDGUH� GHV� WUDLWV�
quantitatifs, la complexité du phénotype peut être déduite de la distribution des 
valeurs phénotypiques au sein de la population. En effet, des traits monogéniques, 
RX�PHQGpOLHQV��F¶HVW-à-dire gouvernés par un seul gène, peuvent être prédits sur la 
EDVH�GH�OD�GLVWULEXWLRQ�ELPRGDOH�GX�SKpQRW\SH�GDQV�OD�SRSXODWLRQ��¬�O¶LQYHUVH��OHV�
WUDLWV�VRXV�O¶LQIOXHQFH de multiples gènes / allèles, ou traits complexes, présentent 
une distribution normale des valeurs phénotypiques (Figure 1A).   

 

 
Figure 1. Origine de la variance phénotypique (ı²P).  
(A.) Distribution de différents types de phénotypes dans une population. Un trait 
monogénique, ou mendélien, gouverné par un seul gène possède une distribution bimodale. 
Un trait complexe, gouverné par plusieurs gènes, possède, quant à lui, une distribution 
normale du phénotype. On peut par exemple citer la taille humaine. (B.) Décomposition de 
O¶RULJLQH�GH�OD�YDULDQFH�SKpQRW\SLTXH��ıðP) observée dans une population pour un trait donné.  
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&KH]� O¶+RPPH�� OH� V\VWqPH� $%2� GHV� JURXSHV� VDQJXLQV� HVW� XQ� H[HPSOH� GH� trait 
monogénique suivant une hérédité mendélienne (Yamamoto et al., 1990). En effet, 
la glycosyltransférase SURGXLVDQW�O¶DQWLJqQH�j�OD�VXUIDFH�GHV�JOREXOHV�URXJHV�SHXW�rWUH�
FRGpH�SDU���DOOqOHV�G¶XQ�PrPH�JqQH�situé sur le chromosome 9 (Ferguson-Smith et 
al., 1976)��/¶DOOqOH�$�FRGH�O¶HQ]\PH�SURGXLVDQW�O¶DQWLJqQH�$ ��O¶DOOqOH�%��O¶DQWLJqQH�
B. Ces deux allèles étant dominants, les 2 antigènes seront produits chez les individus 
hétérozygotes, pour lesquels chaque parent aura transmis un des deux allèles. 
/¶DOOqOH�2�HVW�TXDQW�j�OXL�UpFHVVLI�HW�VLOHQFLHX[��F¶HVW-à-GLUH�TX¶DXFXQ�DQWLJqQH�Q¶HVW�
produit dans un contexte homozygote où seul cet allèle est présent. La mucoviscidose 
ou encore la neurofibromatose de type 1 sont des maladies génétiques humaines qui 
VXLYHQW�FH�W\SH�G¶KpUpGLWp��Rù la présence de mutations délétères dans un seul gène, 
CFTR ou NF1 respectivement, engendre la maladie (Pasmant et al., 2012; Ratjen et 
al., 2015)��¬�O¶KHXUH�DFWXHOOH��SOXV�GH������PDODGLHV�PRQRJpQLTXHV�VRQW�DVVRFLpHV�j�
leur gène causal (https://www.omim.org/).  
 
De nombreuses maladies humaines WHOOHV�TXH�O¶DXWLVPH��OD�VFKL]RSKUpQie ou encore 
OD�PDODGLH�G¶$O]KHLPHU�RQW�XQH�RULJLQH�FRPSOH[H�RX�PXOWLJpQLTXH�(Lichtenstein et 
al., 2009; Nikolac Perkovic and Pivac, 2019; Ramaswami and Geschwind, 2018). 
eOXFLGHU�OHV�RULJLQHV�JpQpWLTXHV�GHV�WUDLWV�FRPSOH[HV�UHVWH�HQFRUH�DXMRXUG¶KXL�XQH�
problématique fondamentale, les gènes causaux étant bien plus difficiles à 
cartographier. Au cours des 10 dernières années, le nombre de variants génétiques 
associés à la variance de la taille humaine est par exemple passé de 40 à plusieurs 
milliers (Akiyama et al., 2019; Manolio et al., 2009; Wood et al., 2014; Yengo et al., 
2018)�� &HSHQGDQW�� FHV�PLOOLHUV� GH� YDULDQWV� JpQpWLTXHV� Q¶H[SOLTXHQW� TX¶XQH� SDUWLH�
relativement faible (à savoir 25%) de la variance phénotypique de ce trait dans la 
population étudiée (Yengo et al., 2018).  
 
/H�WHUPH�G¶KpULWDELOLWp�GLWH�DX�VHQV�ODUJH��H2) est utilisé pour définir la proportion de 
la variance phénotypique dans la population étudiée qui repose sur des facteurs 
génétiques. /¶KpULWDELOLWp�DX�VHQV�VWULFW��h2) correspond à la contribution des effets 
JpQpWLTXHV�XQLTXHPHQW�DGGLWLIV�j�OD�YDULDQFH�SKpQRW\SLTXH��(Q�SOXV�GH�O¶DGGLWLYLWp��
GHV�HIIHWV�GH�GRPLQDQFH�HW�G¶pSLVWDVLe sont également responsables de la variance 
JpQpWLTXH�j�O¶RULJLQH�GH�OD�YDULDELOLWp�GHV�WUDLWV��'HV�WUDYDX[�UpFHQWV�FKH]�OD�OHYXUH�
Saccharomyces cerevisiae RQW�SHUPLV�G¶HVWLPHU que la variance phénotypique est en 
moyenne expliquée à 55% par des effets additifs et à 29% par des effets non additifs 
(Bloom et al., 2013; Fournier et al., 2019).  
  

https://www.omim.org/
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Études des variations du génome DX�VHLQ�G¶XQH�SRSXODWLRQ  

$ILQ� GH� GpWHUPLQHU� OHV� EDVHV� JpQpWLTXHV� j� O¶RULJLQH� GH� OD� YDULDQFH� SKpQRW\SLTXH�
REVHUYpH�HQWUH�OHV�LQGLYLGXV�G¶XQH�PrPH�HVSqFH��XQH�FRPSDUDLVRQ�GHV�WUDLWV�G¶XQH�
SDUW�HW�GHV�YDULDQWV�JpQpWLTXHV�G¶DXWUH�SDUW�HVW�LQGLVSHQVDEOH��$ILQ�G¶REWHQLU�OD�YXH�
la plus exhaustive possible des variants génétiques qui pourraient expliquer la 
variance phénotypique, il est nécessaire de disposer des séquences nucléotidiques 
GHV�JpQRPHV�GH�JUDQGHV�FRKRUWHV�G¶LQGLYLGXV�� 
'DQV�FHWWH�SDUWLH��QRXV�GpFULURQV�OHV�DYDQFpHV�WHFKQRORJLTXHV�D\DQW�SHUPLV�G¶pWDEOLU�
les catalogues des variants génétiques au sein des populations. Nous discuterons 
HQVXLWH�GH�O¶KLVWRLUH�pYROXWLYH�GHV�HVSqFHV�j�SDUWLU�GH�OD�GLYHUVLWp�HW�GH�OD�VWUXFWXUH�
deV� JpQRPHV� DX� VHLQ� G¶XQH� SRSXODWLRQ�� (QILQ�� QRXV� YHUURQV� FRPPHQW� GHV� VRXV-
populations ont génétiquement évolué au fil des générations.  

Le séquençage et ses avancées au cours des dernières décennies  

Les nombreuses avancées dans le domaine de la génétique au XXème siècle valident 
OD�WKpRULH�GHV�FKURPRVRPHV�FRPPH�SRUWHXUV�GH�O¶KpUpGLWp��/D�PROpFXOH�VXSSRUW�GH�
FHV�FKURPRVRPHV�HVW�LGHQWLILpH�FRPPH�GH�O¶$'1��DFLGH�GpVR[\ULERQXFOpLTXH��HW�VD�
structure est décrite en 1953 par Watson, Crick, Franklin et Wilkins (Watson and 
Crick, 1953)��/¶$'1�HVW�XQ� SRO\PqUH� FRQVWLWXp� G¶XQH� VXFFHVVLRQ� GH� QXFOpRWLGHV�
FRPSRVpV�G¶XQH�EDVH�QXFOpLTXH�VRXV���IRUPHV�SRVVLEOHV ��O¶DGpQLQH��OD�WK\PLQH��OD�
cytosine ou la guanine. Cette découverte révolutionne la discipline et très vite, le 
SDVVDJH�GH�O¶$'1�HQ�SURtéine via O¶$51P�HVW�pOXFLGp� (Jacob and Monod, 1961) 
ainsi que le code génétique (Martin et al., 1961). Ce dernier permet de décrypter la 
FRUUHVSRQGDQFH�HQWUH�OD�VXFFHVVLRQ�GH�QXFOpRWLGHV�HW�G¶DFLGHV�DPLQpV�G¶XQH�SURWpLQH��
,O�GHYLHQW�DLQVL�HVVHQWLHO�GH�SRXYRLU�GpWHUPLQHU�O¶HQFKDvQement des nucléotides dans 
les génomes pour comprendre la diversité des phénotypes. 
 
Le séquençage de 1ère génération  

8QH� YLQJWDLQH� G¶DQQpHV� DSUqV� OD� FDUDFWpULVDWLRQ� GH� OD� VWUXFWXUH� GH� O¶$'1�� OHV�
premières stratégies de séquençage sont développées en parallèle par Frederick 
Sanger (Sanger et al., 1977) et par Allan Maxam et Walter Gilbert (Maxam and 
Gilbert, 1977) (Figure 2A). Cette dHUQLqUH�FRQVLVWH�j�FOLYHU�XQH�PROpFXOH�G¶$'1�SDU�
différents réactifs chimiques selon la base nucléotidique (ou combinaison de bases), 
SXLV� j� GpWHFWHU� FHV� EDVHV� JUkFH� j� XQ� PDUTXDJH� UDGLRDFWLI� HQ� �¶� SHUPHWWDQW� GH�
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reconstituer la séquence (Maxam and Gilbert, 1977). La stratégie de Sanger repose, 
TXDQW� j� HOOH�� VXU� O¶LQFRUSRUDWLRQ� GH� G173� �GpVR[\ULERQXFOpRWLGH�� RX� GH� GG173�
(didpVR[\ULERQXFOpRWLGH��ORUV�GH�OD�SRO\PpULVDWLRQ�GH�O¶$'1��/HV�GG173�EORTXDQW�
O¶pORQJDWLRQ��GHV�IUDJPHQWV�GH�WRXWHV�OHV�WDLOOHV�VRQW�DORUV�SURGXLWV��'HV�PDUTXHXUV��
UDGLRDFWLIV� j� O¶pSRTXH�� IOXRUHVFHQWV� DXMRXUG¶KXL�� SHUPHWWHQW� OD� OHFWXUH� GX� GG173�
terminateur dH�OD�FKDLQH�G¶$'1�HW�GRQF�GH�GpGXLUH�OD�VXFFHVVLRQ�GHV�QXFOpRWLGHV�OH�
ORQJ�GX�IUDJPHQW�G¶LQWpUrW�(Sanger et al., 1977). Cette stratégie a permis de séquencer 
dès 1977 le premier génome complet : celui du virus bactériophage ĳ;���, 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 entièrement séquencé grâce à une collaboration 
LQWHUQDWLRQDOH�G¶HQYLURQ�����FKHUFKHXUV� (Dujon, 2019; Goffeau et al., 1996). Les 
génomes de nombreux autres organismes modèles 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) 
VRQW� HQVXLWH� VpTXHQFpV� HW� SXEOLpV�� 0DOJUp� O¶DPSOHXU� GH� OD� WkFKH�� OH� SURMHW� GH�
séquençage du génome humain, FRQVWLWXp�G¶HQYLURQ�� Gb, est initié en 1985 et donne 
lieu à une première publication en 2001 (Lander et al., 2001; Venter et al., 2001). 
&HWWH�SpULRGH�YHUUD�pJDOHPHQW�O¶pPHUJHQFH�GH�OD�JpQRPLTXH�FRPSDUDWLYH��TXL�UHSRVH�
sur la comparaison des génomes de diverses espèces évolutivement éloignées (Rubin 
et al., 2000) RX�pYROXWLYHPHQW�SOXV�SURFKHV�� DX� VHLQ�G¶XQ�PrPH�SK\OXP�� FRPPH�
celui des levures (Dujon et al., 2004; Souciet et al., 2000)��$X�YX�GH�O¶DPSOHXU�HW�GHV�
coûts induits par les projets de séquençage à cette époque, seul un génome, dit alors 
« de référence », est assemblé par espèce, prévenant à ce niveau les études 
FRPSDUDWLYHV�HQWUH�LQGLYLGXV�j�O¶pFKHOOH�GX�JpQRPH�FRPSOHW�� 
 
Le séquençage de 2ème génération  

/¶pPHUJHQFH��DX début des années 2000, des techniques de séquençage dites de 2ème 
génération (Figure 2B) a permis G¶DXJPHQWHU�OH�GpELW�WRXW�HQ�UpGXLVDQW�OHV�FR�WV�GH�
VpTXHQoDJH��LQGXLVDQW�XQ�FKDQJHPHQW�G¶pFKHOOH�GDQV�FH�GRPDLQH�(Shendure and Ji, 
2008; Wheeler et al., 2008). Parmi ces techniques à haut-débit, le séquençage de type 
Illumina / 6ROH[D�UHSRVH�VXU�XQH�DPSOLILFDWLRQ�SUpDODEOH�GH�FRXUWV�IUDJPHQWV�G¶$'1�
SXLV�G¶XQH�V\QWKqVH�GHV�EULQV�GpQDWXUpV�j�SDUWLU�GH�QXFOpRWLGHV�PDUTXpV�pPHWWDQW�XQ�
signal fluorescent. Plusieurs centaines de millions de lectures peuvent être 
séquencées en parallèle. Des projets basés sur le séquençage de plusieurs individus 
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G¶XQH�PrPH�HVSqFH�VRQW�DORUV�LQLWLpV��SHUPHWWDQW�GH�SRVHU�OHV�EDVHV�GH�OD�JpQRPLTXH�
des populations décrites quelques années auparavant (Gulcher and Stefansson, 
1998)��5DSLGHPHQW��OHV�pFKHOOHV�DXJPHQWHQW�HW�OH�PLOOLHU�G¶LQGLYLGXV�GRQW�OH�JpQRPH�
HVW�VpTXHQFp�HVW�DWWHLQW�SRXU�SOXVLHXUV�HVSqFHV�GRQW�O¶+RPPH�(Auton et al., 2015), la 
plante A. thaliana (Alonso-Blanco et al., 2016) ou encore la levure S. cerevisiae 
(Peter et al., 2018). Le séquençage de 2ème génération présente des avantages majeurs 
tels que le haut-débit et un coût 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��/¶DOLJQHPHQW�GH�FHV� OHFWXUHV�VXU�XQ�JpQRPH�GH�
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. Évolution et principe des stratégies de séquençage.  
(A.) Le séquençage de 1ère génération de type Sanger repose OD�V\QWKqVH�G¶XQ�EULQ�G¶$'1�j�
SDUWLU� G¶XQH� PDWULFH� HQ� LQFRUSRUDQW� GHV dNTP (désoxyribonucléotides) ou des ddNTP 
(didésoxyribonucléotides) pour soit continuer la synthèse soit la bloquer. Une lecture des 
ddNTP terminaux permet de reconstituer la séquence. (B.) La technologie de séquençage 
Illumina UHSRVH� VXU� XQH� DPSOLILFDWLRQ� SUpDODEOH� GH� FRXUWV� IUDJPHQWV� G¶$'1� SXLV� G¶XQH�
synthèse des brins dénaturés à partir de nucléotides marqués émettant un signal fluorescent. 
(C.) Le séquençage de type Oxford Nanopore rHSRVH�VXU�OH�SDVVDJH�GH�OD�PROpFXOH�G¶$'1�
QDWLI�j�WUDYHUV�XQ�QDQRSRUH�ELRORJLTXH�SHUPHWWDQW�O¶pPLVVLRQ�G¶XQ�FRXUDQW�pOHFWULTXH�YDULDEOH�
selon les nucléotides le traversant. Figure adaptée de Shendure et al. (Shendure et al., 2017). 
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Le séquençage de 3ème génération  

(Q�������O¶DUULYpH�GX�VpTXHQoDJH�GH��ème génération (Figure 2C) permet de générer 
des lectures longues, de plusieurs kilobases (kb) (Wenger et al., 2019) à plusieurs 
mégabases (Mb) (Payne et al., 2019) avec principalement deux technologies : Pacific 
Biosciences (PacBio) et Oxford Nanopore (Schadt et al., 2010). Aucune 
DPSOLILFDWLRQ� SUpDODEOH� GH� O¶$'1�Q¶HVW� QpFHVVDLUH� SRXU� FHV� ��PpWKRGHV�� /¶$'1�
génomique peut directement être fragmenté à la longueur voulue et préparé pour le 
séquençage. La technologie PacBio est basée sur un support de séquençage 
SHUPHWWDQW�OD�GpWHFWLRQ�GH�VLJQDO�IOXRUHVFHQW�HQ�WHPSV�UpHO� ORUV�GH�O¶LQFRUSRUDWLRQ�
G¶XQ� QXFOpRWLGH�� &H� VXSSRUW� GH� VpTXHQoDJH� SHUPHW� GH� VpSDUHU� FKDTXH� PROpFXOH�
G¶$'1�GDQV�XQ�SXLW�GDQV�OHTXHO�XQH�SRO\PpUDVH�HVW�LPPRELOLVpH�SRXU�V\QWKpWLVHU 
O¶$'1� j� SDUWLU� G¶XQ� VLPSOH� EULQ� (Eid et al., 2009; Rhoads and Au, 2015). La 
technologie Oxford Nanopore repose quant à elle sur le passage de la molécule 
G¶$'1� j� WUDYHUV� XQ� QDQRSRUH� ELRORJLTXH� SHUPHWWDQW� O¶pPLVVLRQ� G¶XQ� FRXUDQW�
électrique 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 
G¶HUUHXU�GH�VpTXHQoDJH�UHVWH�HQFRUH�LPSRUWDQW��GH�O¶RUGUH�GH 5%. 4XRLTX¶LO�HQ�VRLW��
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. À partir de ces assemblages, la détection de longs 
réarrangements chromosomiques dans les génomes est alors facilitée. Ces 
WHFKQRORJLHV�UHSUpVHQWHQW�XQH�SHUVSHFWLYH�LQWpUHVVDQWH�GDQV�O¶pWXGH�GHV�JpQRPHV�j�
O¶pFKHOOH�GH�SRSXODWLRQV��'DQV�FH�EXW��GLIIpUHQWV�SURWRFROHV�FRXSODQW�OHV�VWUDWpJLHV�GH�
2ème et 3ème génération sont couramment mis en place et permettent de corriger les 
erreurs de séquençage retrouvées dans les lectures longues (De Coster et al., 2021). 
Par exemple, 20 ans après le premier génome humain séquencé, le couplage des 
WHFKQRORJLHV�,OOXPLQD��2[IRUG�1DQRSRUH�HW�3DF%LR�D�SHUPLV�G¶DWWHLQGUH�XQ�QRXYHDX�
QLYHDX� GH� UpVROXWLRQ� HQ� VpTXHQoDQW� O¶LQWpJUDOLWp� GX� JpQRPH� GH� � Gb incluant les 
régLRQV�G¶KpWpURFKURPDWLQH�DLQVL�TXH�OHV�UpJLRQV�VWUXFWXUHOOHPHQW�FRPSOH[HV�(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 
UHFKHUFKDQW�OHV�FDXVHV�JpQpWLTXHV�GH�PDODGLHV�FRPSOH[HV�DX�VHLQ�G¶XQH�SRSXODWLRQ�
islandaise. À partir de populations vivante et ancestrale de 600 000 islandais dont les 
UHODWLRQV� JpQpDORJLTXHV� VRQW� FRQQXHV�� O¶REMHFWLI� FRQVLVWH� j� DVVRFLHU� ����� j� �����
variants nucléotidiques et 600 à 1000 marqueurs microsatellites avec les 
informations médicales connues dans la population (Gulcher and Stefansson, 1998).  
9LQJW�DQV�SOXV�WDUG��OHV�JpQRPHV�G¶XQ�JUDQG�QRPEUH�G¶LQGLYLGXV�GH�GLYHUVHV�HVSqFHV�
ont été séquencés grâce aux avancées technologiques considérables. Ces projets de 
grande ampleur ont rendu la génomique des populations incontournable dans 
O¶H[SORUDWLRQ� GH� OD� FRQVWUXFWLRQ� GHV� JpQRPHV� HW� GH� OD� GLYHUVLWp� JpQpWLTXH� LQWUD-
spécifique. En effet, ces projets de séquençage massif de génomes ont permis 
G¶pWDEOLU�GHV�FDWDORJXHV�GH�YDULDQWV�JpQpWLTXHV�DX�VHLQ�GH�SOXVLHXUV�HVSqFHV�FRPPH�
O¶+RPPH�(Auton et al., 2015) RX�G¶DXWUHV�HVSqFHV�PRGqOHV�(Alonso-Blanco et al., 
2016; Cook et al., 2017; Peter et al., 2018)�� &KH]� O¶+RPPH�� OH� VpTXHQoDJH� GX�
JpQRPH�GH������LQGLYLGXV�LVVXV�GH����SRSXODWLRQV�D�SHUPLV�G¶LGHQWLILHU�SOXV�GH����
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 JpQpWLTXHV� SHUPHW� G¶HQYLVDJHU� G¶DVVRFLHU� FHV� YDULDQWV� j� OHXUV�
conséquences phénotypiques et de mieux appréhender les mécanismes évolutifs.  
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Figure 3. Description des types de variants génétiques. 
9XH� G¶HQVHPEOH� VFKpPDWLTXH� GHV� YDULDQWV� JpQpWLTXHV� UHWURXYpV� GDQV� OHV� JpQRPHV�
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 

3DUPL�OHV�YDULDQWV�JpQpWLTXHV��OHV�613��TXL�FRUUHVSRQGHQW�DX�FKDQJHPHQW�G¶XQ�VHXO�
nucléotide (Figure 3), sont les plus fréquents. Ces mutations peuvent être induites 
par des agents mutagènes extérieurs, comme les UV, ou par des erreurs de réplication 
RX�GH�UpSDUDWLRQ�GH�O¶$'1��&KH]�O¶+RPPH��XQ�JpQRPH�FRQWLHQW�GH�����j�� millions 
de SNP par rapport au génome de référence (Auton et al., 2015), ce qui correspond 
environ à une mutation toutes les 700 pb. La diversité nucléotidique est très variable 
HQWUH� OHV� GLIIpUHQWHV� HVSqFHV��¬� WLWUH� G¶H[HPSOH�� FKH]� OD� OHYXUH� 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 
FRQVpTXHQFHV�GH� FH� W\SH�GH�PXWDWLRQV�GpSHQGHQW�G¶XQH�SDUW� GH� OD� ORFDOLVDWLRQ du 
UpVLGX�DIIHFWp�HW�QRWDPPHQW�V¶LO�VH�VLWXH�GDQV�XQH�UpJLRn codante (CDS pour Coding 
DNA Sequence��� GDQV� OH� SURPRWHXU� G¶XQ� JqQH� RX� HQFRUH� GDQV� OHV� UpJLRQV�
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intergéniques. Une mutation est dite silencieuse si elle ne modifie pas la séquence 
protéique associée au gène, en se situant soit en dehors de la CDS ou en ne modifiant 
SDV�O¶DFLGH�DPLQp�JUkFH�j�OD�UHGRQGDQFH�GX�FRGH�JpQpWLTXH��RQ�SDUOH�GDQV�FH�FDV�GH�
PXWDWLRQ� V\QRQ\PH��¬� O¶LQYHUVH�� OHV�PXWDWLRQV� QRQ-synonymes présentes dans la 
CDS peuvent être de deux types. Les mutations non-VHQV�FRQGXLVHQW�j�O¶DSSDULWLRQ�
G¶XQ� FRGRQ� VWRS� HW� VRQW� j� O¶RULJLQH� GH� OD� SURGXFWLRQ� GH� SURWpLQHV� WURQTXpHV�� 8Q�
FKDQJHPHQW� G¶DFLGH� DPLQp� SDU� XQ� DXWUH� GDQV� OD� VpTXHQFH� UpVXOWH� G¶XQH�PXWDWLRQ�
faux-sens et peut avoir des conséquences diverses, selon la localisation du résidu 
affecté et la natuUH� GX� FKDQJHPHQW�� /HV� YDULDWLRQV� QHXWUHV� Q¶DIIHFWHURQW� SDV� OD�
fonction de la protéine alors que les variations délétères induiront une altération de 
cette dernière. Dans le cas de la drépanocytose par exemple, une maladie génétique 
humaine, une mutation faux-VHQV� GDQV� OH� JqQH� FRGDQW� OD� ȕ-globine entraîne le 
UHPSODFHPHQW� G¶XQ� DFLGH� JOXWDPLTXH� SDU� XQH� YDOLQH� (Herrick, 1910; Rees et al., 
2010). Cette mutation entraîne une malformation des globules rouges et est associé 
à un grand panel de symptômes ��GH�O¶DQpPLH�j�OD�GpIDLOODQFH�G¶RUJDQHV��'HV�RXWLOV�
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)�� SHUPHWWHQW� DXMRXUG¶KXL� GH� SUpGLUH� OHV� FRQVpTXHQFHV� GHV�
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 
délétères (Peter et al., 2018). Les mutations dans les régions intergéniques peuvent 
pJDOHPHQW�DYRLU�XQ�LPSDFW�SKpQRW\SLTXH��QRWDPPHQW�VXU�O¶H[SUHVVLRQ�GHV�JqQHV��(Q�
HIIHW��O¶H[SUHVVLRQ�GHV�JqQHV�SHXW�rWUH�LQIOXHQFpH�SDU�GHV�YDULDQWV�JpQpWLTXHV�SUpVHQWV�
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)��/¶DFFHVVLELOLWp�GH�OD�FKURPDWLQH�DXWRXU�GX�VLWH�G¶LQLWLDWLRQ�GH�OD�WUDQVFULSWLRQ�
peut également être modifiée et ainsi faire varier O¶H[SUHVVLRQ�GHV�JqQHV�(Field et al., 
2009; Hill et al., 2021; Lickwar et al., 2012). Des variants régulateurs distants ou 
trans- LQIOXHQW� pJDOHPHQW� VXU� OH� QLYHDX� G¶H[SUHVVLRQ� GHV� JqQHV� HQ� LPSDFWDnt 
directement des facteurs de transcription ou des protéines impliquées dans la 
signalisation de la régulation par exemple (Lutz et al., 2019) (Figure 4). De manière 
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 
façon plus importante à la variance phénotypique (Albert et al., 2018; Hill et al., 
2021) HQ�UDLVRQ�G¶HIIHWV�SOXV�FLEOpV�VXU�OD�WUDQVFULSWLRQ�(Coolon et al., 2015; Emerson 
et al., 2010)��/¶DQDO\VH�GH�O¶H[SUHVVLRQ�GX�JqQH�TDH3 dans une population de plus 
de 50 isolats de la levure S. cerevisiae D� UpFHPPHQW� PLV� HQ� pYLGHQFH� O¶RULJLQH�
SRO\JpQLTXH�GH�O¶H[SUHVVLRQ�GX�JqQH�DYHF�MXVTX¶j�����YDULDQWV�UpJXODWHXUV�LGHQWLILpV�
(Metzger and Wittkopp, 2019).  
 

 

Figure 4. Classification des variants génétiques régulateurs. 
/HV�YDULDQWV�JpQpWLTXHV�UpJXODQW�ORFDOHPHQW�O¶H[SUHVVLRQ�GHV�JqQHV��JDXFKH���RX�cis-eQTL 
(pour expression Quantitative Trait Loci), RQW�XQ�LPSDFW�GLUHFW�VXU�OH�QLYHDX�G¶H[SUHVVLRQ�Ht 
peuvent par exemple être localisés dans le promoteur du gène. Les variants régulateurs 
distants (droite), ou trans-eQTL, sont situés dans une région éloignée par rapport au gène 
influencé, voire sur un autre chromosome. Ces trans-eQTL peuvent par exemple engendrer 
XQH�PRGLILFDWLRQ�G¶XQ�IDFWHXU�GH�WUDQVFULSWLRQ�UpJXODQW�SDU�OD�VXLWH�OH�QLYHDX�G¶H[SUHVVLRQ�GX�
gène considéré. 

Les variants structurels 

Différents types de variants structurels (SV pour Structural Variant��V¶DMRXWHQW�DX[�
SNP et participent activement à 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 
G¶HUUHXUV� GH� UpSDUDWLRQ� GH� O¶$'1�RX�GH� VpJUpJDWLRQ�Ges chromosomes mais sont 
DXVVL� XQH� UpSRQVH� HIILFDFH� G¶DGDSWDWLRQ� j� XQ� VWUHVV� RX� j� XQ� SURFHVVXV� GH�
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) particulièrement conservés pour leurs 
intérêts industriels. En effet, certains de ces SV induisent la surexpression du gène 
SSU1 impliqué dans la tolérance au sulfite, un composé utilisé pour son rôle 
antioxydant (Marullo et al., 2020; Pérez-Ortín et al., 2002)�� /¶pPHUJHQFH� GX�
séquençage de lectures longues a largement contribué à la détection de ces variants 
VWUXFWXUHOV� �69�� TXL� pWDLW� MXVTX¶DORUV� FRPSOLTXpH�� HQ� SDUWLFXOLHU� SRXU� OHV� 69�
réciproques (De Coster et al., 2019)��'HV�pWXGHV�SOXV�ODUJHV�GHV�69�j�O¶pFKHOOH�G¶XQH�
SRSXODWLRQ�RQW�SX�YRLU�OH�MRXU�FKH]�O¶+RPPH�(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 
SDUWLFXOLqUHPHQW�FDUDFWpULVpV�GDQV�OHV�JpQRPHV��'LIIpUHQWHV�H[SpULHQFHV�G¶pYROXWLRQ�
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 gènes ou 
seulement quelques paires de bases. Chez les plantes ou les levures par exemple, les 
duplications complètes du génome (WGD pour Whole-Genome Duplication) sont 
considérées comme un mécanisme évolutif clé (Albertin and Marullo, 2012; Ohno, 
1970; Otto, 2007)��'H�SOXV��DX�VHLQ�G¶XQH�PrPH�HVSqFH��LO�HVW�SRVVLEOH�G¶REVHUYHU�
G¶LPSRUWDQWHV� YDULDWLRQV� GH� OD�SORwGLH�� 3DU� H[HPSOH�� GDQV� OD� SRSXODWLRQ� GHV� �����
isolats de S. cerevisiae, 87% de la population naturelle est diploïde. Des isolats 
polyploïdes (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 polyploïdie sur 
le fitness des individus dans des conditions de laboratoire (Figure 5A), ces individus 
SRO\SORwGHV�RQW�pWp�VSpFLILTXHPHQW�LVROpV�GDQV�GHV�HQYLURQQHPHQWV�OLpV�j�O¶DFWLYLWp�
humaine comme la production de bière, de vin de palme ou en boulangerie (Peter et 
al., 2018). Les aneuploïdies ± PRGLILFDWLRQ� GX� QRPEUH� G¶XQ� RX� SOXVLHXUV�
chromosomes ± provoquent également une diminution du fitness chez la levure 
S. cerevisiae (Figure 5B). 'H� PDQLqUH� LQWpUHVVDQWH�� OH� QRPEUH� G¶DQHXSORwGLHV�
retrouvé dans la population par chromosome est inversement corrélé à la taille du 
chromosome concerné (Figure 5C) et VXJJqUH�XQ�HIIHW�SOXV�GpOpWqUH�HQ�SUpVHQFH�G¶XQ�
nombre plus grand de gènes dupliqués (Peter et al., 2018).  
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Figure 5. Variation de la ploïdie et des aneuploïdies dans une population de levures.  
(A.) Distribution des valeurs de croissance des isolats selon leur ploïdie dans 36 conditions 
de culture. Les isolats diploïdes possèdent une mesure de fitness globalement supérieure aux 
autres ploïdies. (B.) Distribution des valeurs de croissance des isolats dans 36 conditions de 
FXOWXUH�VHORQ�OD�SUpVHQFH�RX�QRQ�G¶DQHXSORwGLHV�GDQV�OHXU génome. Un impact négatif sur le 
ILWQHVV�GHV�LVRODWV�HVW�REVHUYp�HQ�FDV�G¶DQHXSORwGLH���&���&RUUpODWLRQ�QpJDWLYH�HQWUH�OH�QRPEUH�
G¶DQHXSORwGLHV�GpWHFWpHV�GDQV� OD� SRSXODWLRQ� HW� OD� WDLOOH�GX�FKURPRVRPH�FRQFHUQp��)LJXUHV�
adaptées de Peter et al., 2018. 
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Une des seules aneuploïdies viables chH]�O¶+RPPH�DIIHFWH�OH�FKURPRVRPH�����XQ�
des plus courts du génome humain. Dans le cas de la trisomie 21 ou syndrome de 
Down, le surdosage des gènes du chromosome 21 entraîne de nombreuses variations 
phénotypiques (Antonarakis, 2017; Patterson, 2009). De nombreux mécanismes 
UpJXODQW� O¶H[SUHVVLRQ�GHV�JqQHV� j�GLIIpUHQWV�QLYHDX[�VRQW� FHSHQGDQW�PLV� HQ�SODFH�
pour compenser le surdosage (Hose et al., 2015; Liu et al., 2017). Les mécanismes 
GH� FRPSHQVDWLRQ� �� WROpUDQFH� j� O¶pFKHOOH� FKURPRVRPLTXH� VRQW� HQFRUH� IORXV� HW� GHV�
questions se posent également sur O¶LPSDFW�GHV�&19�j�O¶pFKHOOH�GX�JqQH��(Q�HIIHW��
les CNV sont très répandus dans les génomes et concernent un grand nombre de 
JqQHV��&KH]�O¶+RPPH� 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 gènes est dupliqué ou supprimé dans au moins une souche 
avec une fréquence plus grande pour les gènes localisés dans les régions 
subtélomériques (Peter et al., 2018). Les conséquences de ces variants du nombre de 
copies peuvent être plus ou moins délétères. Chez les bactéries et les levures, les 
&19�VRQW�IUpTXHPPHQW�DVVRFLpV�j�GHV�PpFDQLVPHV�G¶DGDSWDWLRQ�j�O¶HQYLURQQHPHQW��
FRPPH� OD�UpVLVWDQFH�DX[�DQWLELRWLTXHV��DX[�DQWLIRQJLTXHV�RX�j�G¶DXWUHV�FRPSRVpV�
chimiques (Fogel and Welch, 1982; Sandegren and Andersson, 2009; Soo et al., 
2011; Todd and Selmecki, 2020). &KH]�O¶+RPPH��OHV�CNV sont largement impliqués 
dans les cancers, que ce soit comme déclencheurs de tumeur ou en conséquence du 
processus de tumorigenèse (Beroukhim et al., 2010). En plus des évènements de 
duplication ou de délétion de gènes, des insertions peuvent également avoir lieu. 
Elles peuvent concerner des éléments transposables ou être associées à des 
introgressions ou des transferts horizontaux de gènes (HGT pour Horizontal Gene 
Transfer).  
 
Le pangénome 

/¶pWXGH� GHV� YDULDWLRQV� JpQpWLTXHV� DX� VHLQ� GH� SRSXODWLRQV� QDWXUHOOHV� D� SHUPLV� GH�
mettre en évidence la variabilité du contenu en gènes entre individus appartenant à 
une même espèce. Ces observations introduisent pour la première 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 gènes 
SUpVHQWV�GDQV�WRXV�OHV�LQGLYLGXV�G¶XQH�HVSqFH��HW�GX�JpQRPH�DFFHVVRLUH��F¶HVW-à-dire 
GHV�JqQHV�GRQW�OD�SUpVHQFH�YDULH�HQWUH�LQGLYLGXV�G¶XQH�SRSXODWLRQ��&HUWDLQV�JqQHV�
peuvent être présents dans un seul individu de la population, faisant extrêmement 
varier les génomes. Ces gènes uniques peuvent représenter de 20 à 40% du 
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pangénome de certaines espèces 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 séquHQoDJH�GH�GLIIpUHQWHV�SRSXODWLRQV�SDUWLFLSHQW�j�O¶HIIRUW�SRXU�GpILQLU�
le pangénome humain (Sherman and Salzberg, 2020)��/¶pWXGH�GHV�SDQJpQRPHV�SHXW�
avoir des intérêts biotechnologiques pour certaines espèces, comme celui des plantes 
utilisées en agriculture notamment. En effet, des génomes contenant certains gènes 
accessoires sont sélectionnés pour des phénotypes spécifiques à une culture (Bayer 
et al., 2020; Golicz et al., 2016; Tao et al., 2019). Dans différentes espèces de levures, 
une diversité importante des gènes accessoires est retrouvée bien que le génome de 
base constitue entre 75 et 90% des génomes (Mccarthy and Fitzpatrick, 2019; Peter 
et al., 2018). 'H�PDQLqUH�JpQpUDOH��j�O¶pFKHOOH�GX�JpQRPH�GH�S. cerevisiae, les gènes 
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 gènes accessoires, RQ� UHWURXYH� GLIIpUHQWV� W\SHV� G¶LQVHUWLRQV� FRPPH� OHV�
+*7� RX� OHV� LQWURJUHVVLRQV�� &HV� LQWURJUHVVLRQV� SURYLHQQHQW� GH� WUDQVIHUW� G¶XQ� RX�
SOXVLHXUV� JqQHV� VXLWH� j� XQ� pYqQHPHQW� G¶K\EULGDWLRQ� HQWUH� HVSqFHV� SURFKHV�� &KH]�
O¶+RPPH��GHV�LQWURJUHVVLRQV�SURYHQDQW�G¶HVSqFHs archaïques Néandertaliennes ou 
Dénisoviennes sont retrouvées dans certaines sous-populations et peuvent impacter 
les phénotypes (Bergström et al., 2021; McCoy et al., 2017; Skov et al., 2020). La 
régulation de ces gènes est également spécifique par rapport au reste du génome. 
8QH� UpJXODWLRQ� ORFDOH� GH� O¶H[SUHVVLRQ� GHV� JqQHV� HVW� SUpGRPLQDQWH� LQGLTXDQW� OD�
conservation des SNP régulateurs au cours des générations (McCoy et al., 2017).  
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Histoire évolutive des génomes   

/¶HQVHPEOH� GHV� YDULDQWV� JpQpWLTXHV� LGHQWLILpV� JUkFH� DX[� QRPEUHX[� SURMHWV� GH�
VpTXHQoDJH�HVW�XQ�H[FHOOHQW�PDUTXHXU�GH�O¶KLVWRLUH�pYROXWLYH�GHV�HVSqFHV��6XU�OD�EDVH�
de ces variants, la divergence génétique entre chaque individu peut être estimée et 
regroupée dans une matrice de distances génétiques. Cette matrice permet alors la 
FRQVWUXFWLRQ�G¶DUEUHV�GH�W\SH�Qeighbour joining. Des sous-JURXSHV�G¶LQGLYLGXV�± ou 
sous-populations ± peuvent y être identifiés et rapportés aux origines géographiques, 
pFRORJLTXHV�RX�GHV�pYqQHPHQWV�GH�GRPHVWLFDWLRQ���VpOHFWLRQ��/¶pWXGH�GH�OD�GLYHUVLWp�
génétique au sein de ces sous-populations et entre les différents sous-groupes permet 
G¶REWHQLU�GHV�LQIRUPDWLRQV�VXU�OHV�YDULDQWV�JpQpWLTXHV�XQLTXHV�RX�Sartagés entre les 
individus et de dater ces évènements. La recherche des ancêtres communs est aussi 
IRQGDPHQWDOH� SRXU� UHWUDFHU� O¶RULJLQH� GHV� JpQRPHV�� VRLW� SDU� OH� VpTXHQoDJH� GH�
JpQRPHV� DQFHVWUDX[� IRVVLOHV� TXDQG� FHOD� HVW� SRVVLEOH�� VRLW� SDU� O¶DQDO\VH� G¶HVSqFHs 
SURFKHV�UpYpODQW�GHV�pYqQHPHQWV�G¶LQWURJUHVVLRQ�SDU�H[HPSOH� 
 
'H�QRPEUHX[�VFpQDULRV�RQW�pWp�SURSRVpV�FHV����GHUQLqUHV�DQQpHV�VXU�O¶RULJLQH�HW�OD�
FRQVWUXFWLRQ� GX� JpQRPH� GH� O¶+RPPH� PRGHUQH� DYHF� OH� VpTXHQoDJH� GH� SOXVLHXUV�
PLOOLHUV�G¶LQGLYLGXV��/¶DQDO\VH�GHV 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 
GLIIpUHQWHV�K\SRWKqVHV�VXJJpUDQW�O¶RULJLQH�GH�O¶+RPPH�PRGHUQH�HQ�$IULTXH� il y a 
����j���PLOOLRQ�G¶DQQpHV�(Bergström et al., 2021)��'HV�SKDVHV�GH�GLVSHUVLRQ��G¶DERUG�
HQ�$IULTXH��SXLV�VXU�OHV�DXWUHV�FRQWLQHQWV�RQW�VXLYL�HW�FUpp�GHV�JRXORWV�G¶pWUDQJOHPHQW�
génétiques dans les autres sous-populations expliquant la plus faible diversité 
génétique (Auton et al., 2015; Bergström et al., 2021)��'H�SOXV��O¶DFFqV�DX[�JpQRPHV�
G¶LQGLYLGXV� DUFKDwTXHV� IRVVLOHV� �+RPPHV� GH� 1pDQGHUWDO� HW� 'pQLVRYD�� GDWDQW� GH�
SOXVLHXUV�GL]DLQHV��YRLUH�FHQWDLQHV�GH�PLOOLHUV�G¶DQQpHV�D�SHUPLV�GH�UHWUDFHU�HQFRUH�
SOXV� HIILFDFHPHQW� O¶KLVWRLUH� pYROXWLYH� KXPDLQH�� (Q� HIIHW�� OH� Jpnome de certaines 
sous-populations contient des fragments génomiques de ces espèces archaïques. 
'¶XQ� F{Wp�� OHV� VRXV-SRSXODWLRQV� HXUDVLHQQHV� FRQWLHQQHQW� HQYLURQ� ��� G¶$'1�
néandertalien (Green et al., 2010; Sankararaman et al., 2012; Yang et al., 2012) alors 
TXH� OHV� SRSXODWLRQV� G¶$VLH� GX� 6XG� �� 2FpDQLH� RX� G¶$VLH� GH� O¶(VW� FRPSRUWHQW�
UHVSHFWLYHPHQW� HQ�PR\HQQH� �� HW� ����� G¶$'1� GpQLVRYLHQ� GX� 6XG� RX� GH� 6LEpULH�
(Bergström et al., 2020; Browning et al., 2018; Massilani et al., 2020; Prüfer et al., 
2017; Reich et al., 2010)�� &HV� pYqQHPHQWV� G¶LQWURJUHVVLRQ� VXJJqrent ainsi une 
FRKDELWDWLRQ�HW�GHV�FURLVHPHQWV�HQWUH�O¶+RPPH�PRGHUQH�HW�GHV�HVSqFHV�DUFKDwTXHV�
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MXVTX¶j�LO�\�D�-40/-60 000 ans (Bergström 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 allèles 
introgressés (Harris and Nielsen, 2016; Juric et al., 2016; Petr et al., 2019; 
Sankararaman et al., 2016).  

 

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 à 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 ELHQ�VSpFLILTXHV�SRXU�FKDTXH�FRQWLQHQW��j�O¶H[FHSWLRQ�
des sous-populations américaines qui présentent des mélanges plus importants et des 
génomes dits mosaïques (Figure 6B) (Auton et al., 2015).  
 
'H�PDQLqUH�pTXLYDOHQWH��XQH�VWUXFWXUH�LPSRUWDQWH�V¶HVW�GpJDJpH�GH�O¶pWXGH�GH������
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 évènements de domestication. Cependant, 3 sous-
JURXSHV� G¶LVRODWV� QH� SUpVHQWHQW� SDV� GH� VWUXFWXUH� ELHQ� GpILQLH�� 2Q� \� UHWURXYH� GHV�
VRXFKHV� G¶RULJLQHV� pFRORJLTXHV� RX� JpRJUDSKLTXHV� YDULpHV� FRQVWLWXpHV� G¶XQH�
mosaïque de génomes ancestraux (Figure 7A) (Peter et al., 2018). La diversité 
génétique intraspécifique importante (avec un maximum de 1,83% de divergence) et 
O¶LPSDFW� GH� O¶+RPPH� VXU� OD� VpOHFWLRQ� GHV� LVRODWV� GDQV� OHV� SURFHVVXV� LQGXVWULHOV�
FRPSOH[LILHQW�O¶pWXGH�GH�O¶KLVWRLUH�pYROXWLYH�GHV�JpQRPHV�DX�VHLQ�GH�FHWWH�HVSqFH��'H�
SOXV�� MXVTX¶j� UpFHPPHQW�� DXFXQ� DQFrWUH� FRPPXQ� Q¶DYDLW� pWp� LGHQWLILp� SRXU� FHWWH�
HVSqFH��/D�GpFRXYHUWH�G¶LVRODWV�SURYHQDQW�GH�&KLQH�DYHF�XQH�LPSRUWDQWH�GLYHUJHQFH�
génétique par rapport au reste de la population suggère une origine asiatique de 
O¶HVSqFH��(Q�FRKpUHQFH�DYHF�FHWWH�K\SRWKqVH��GHV�HVSqFHV�SURFKHV�GH�S. cerevisiae, 
telles que Saccharomyces mikatae ou Saccharomyces arboricola, sont elles-mêmes 
RULJLQDLUHV�G¶$VLH�GH�O¶(VW�(Figure 7B) (Duan et al., 2018; Peter et al., 2018). Comme 
dans le génome humain, certains clades contiennent un nombre important 
G¶LQWURJUHVVLRQV� SURYHQDQW� notamment GH� O¶HVSqFH� SURFKH�
Saccharomyces paradoxus, avec un maximum de 300 ORF (pour Open Reading 
Frames) par génome. Un hybride entre les espèces S. cerevisiae et S. paradoxus, a 
UpFHPPHQW�pWp�pWXGLp�HW�SHUPHW�GH�PLHX[�FRPSUHQGUH�O¶RULJLQH�GHV�LQWURJUHVVLRQV�
�'¶$QJLROR�HW�DO��������. Le génome de cet hybride a en effet révélé de larges régions 
GH�SHUWH�G¶KpWpUR]\JRWLH��/2+�pour Loss of Heterozygosity) en faveur de la version 
S. paradoxus pour environ 9,7% du génome �'¶$QJLROR�HW�DO����������/¶LQVWDELOLWp�
GX� JpQRPH� GH� O¶K\EULGH� FRQGXLVDQW� j� OD� IRUPDWLon de ces évènements de LOH 
favorise la recombinaison méiotique et mitotique, restaurant ainsi la fertilité de 
O¶K\EULGH�HW�VD�FDSDFLWp�j�VH�FURLVHU�DYHF�G¶DXWUHV�LQGLYLGXV��'¶$QJLROR�HW�DO��������.   
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)LJXUH� ��� 6WUXFWXUH� HW� RULJLQH� G¶XQH� SRSXODWLRQ� GH� ����� LVRODWV� QDWXUHOV� GH�
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 à partir de la comparaison des gènes communs entre les différentes 
sous-populations de S. cerevisiae et des espèces proches, du genre Saccharomyces. Origines 
géographiques des isolats de S. cerevisiae HW� FDOFXO� GH� OD� GLVWDQFH� SDU� UDSSRUW� j� O¶DQFrWUH�
commun S. cerevisiae (Sc) / Saccharomyces paradoxus �6S���HQ�EOHX��HW�OH�QRPEUH�G¶25)�
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   

/¶LGHQWLILFDWLRQ� GH� VRXV-populations au sein des espèces révèle des pressions de 
VpOHFWLRQ� OLpHV� QRWDPPHQW� j� O¶HQYLURQQHPHQW� GH� YLH� GHV� LQGLYLGXV�� 'LIIpUHQWHV�
adaptations des génomes aux conditions environnementales peuvent ainsi être 
détectées dans les sous-populations.  
 
Chez la levure S. cerevisiae, il est intéressant de noter que certaines sous-populations 
VRQW�G¶RULJLQH�QDWXUHOOH�DORUV�TXH�G¶DXWUHV�RQW�pWp�GRPHVWLTXpHV�SDU�O¶+RPPH��&HV�
isolats domestiqués sont impliqués dans des processus industriels divers comme par 
H[HPSOH� O¶pODERUDWLRQ� GH� YLQ�� GH� ELqUH�� GH�SDLQ�� GH� SURGXLWV� ODLWLHUV�� GH� VDNp�� 3DU�
conséquent, les génomes des isolats non-domestiqués ont évolué de façon distincte 
par rapport aux génomes des isolats domHVWLTXpV�� 7DQGLV� TXH� O¶pYROXWLRQ� SDU�
accumulation de SNP a prédominé dans les sous-populations naturelles, la 
domestication a participé à une variation importante du contenu en gènes (Peter et 
al., 2018). Ces différences illustrent la sélection subie par les populations naturelles 
par rapport à la sélection humaine qui favorise de meilleurs phénotypes pour des 
intérêts 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 être performantes dans des milieux qui contiennent notamment du 
galactose comme source de carbone. Différentes adaptations à ce milieu ont été 
identifiées dans les génomes de cette sous-population telles que des HGT de gènes 
impliqués dans le métabolisme du galactose (GAL7, GAL10 et GAL1) 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 être très variable. La sous-population des souches de 
vin et celle des souches de saké présentent par exemple une diversité génétique intra-
clade très faible, ʌ = 1x10í3 et 0,8x10í3 respectivement. Cette valeur de diversité 
nucléotidique, ʌ, représente la valeur moyenne de la divergence nucléotidique 
FDOFXOpH�SRXU� FKDTXH�SDLUH�G¶LQGLYLGXV��À O¶LQYHUVH�� OHV� LVRODWV� LPSOLTXpV�GDQV� OD�
fermentation de la bière se répartissent dans 3 sous-populations distinctes qui 
présentent une diversité nucléotidique intra-clade beaucoup plus importante, de 
O¶RUGUH� GH� ʌ = 2,8x10í3. Les souches de bière ont cependant des caractéristiques 
partagées entre ces clades, à savoir des génomes polyploïdes (n > 2), des 
aneuploïdies fréquentes et un GHJUp� G¶KpWpUR]\JRWLH� LPSRUWDQW�� &HOD� LOOXVWUH� OD�
coexistence de plusieurs évènements indépendants de domestication pour les 
souches de bière, dans le cadre desquels les mêmes caractéristiques ont été 
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sélectionnées�� DORUV� TX¶XQ� DQFrWUH� FRPPXn unique serait j� O¶RULJLQH� GHV� VRXV-
populations de vin ou de saké (Peter et al., 2018). 
 
/¶pYROXWLRQ� GHV� JpQRPHV� HVW� LQIOXHQFpH� SDU� GLYHUV� IDFWHXUV�� SDUIRLV� DVVRFLpV� j�
O¶+RPPH��PDLV�DXVVL�UHODWLIV�DX[�FRQGLWLRQV�GH�YLH�RX�DX�FOLPDW��&KH]�O¶+RPPH��SDU�
H[HPSOH��OD�FRXOHXU�GH�OD�SHDX�HVW�OLpH�j�O¶H[SRVLWLRQ�YDULDEOH�DX[�89�G¶XQH�UpJLRQ�
JpRJUDSKLTXH� j� O¶DXWUH� (Jablonski and Chaplin, 2000). Il a ainsi été montré que 
O¶pYROXWLRQ�GH�FHUWDLQHV�UpJLRQV�JpQRPLTXHV�HVW�OLpH�DX�GHJUp�G¶H[SRVLWLRQ�DX[�89�
des sous-SRSXODWLRQV� HW� TXH� O¶LPSRUWDQWH� YDULDQFH� SKpQRW\SLTXH� GH� FH� WUDLW� HVW�
associée à 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)�� 'H� PDQLqUH� LQWpUHVVDQWH�� O¶+RPPH� PRGHUQH��
RULJLQDLUH� G¶$IULTXH� R�� O¶H[SRVLWLRQ� DX[�89�HVW� LPSRUWDQWH�� SRVVqGH� OHV� YDULDQWV�
ancestraux produisant plus de mélanine. Ces variants ancestraux ont notamment été 
remplacés par des variants introgressés à partir des espèces archaïques, Néandertal 
et Dénisova, moins exposées aux UV (Crawford et al., 2017; Simonti et al., 2016). 
'¶DXWUHV�YDULDQWV� LQWURJUHVVpV�PDLQWHQXV�DX�FRXUV�GHV�JpQpUDWLRQV�HQ� UDLVRQ�GH� OD�
faible exposition aux UV se retrouvent dans les sous-populations eurasiennes. Une 
pWXGH� UpFHQWH� D� SDU� H[HPSOH� SHUPLV� G¶DVVRFLHU� GHV� YDULDnts introgressés avec la 
prédisposition à la kératose actinique��PDODGLH�FDXVpH�SDU�O¶H[SRVLWLRQ�FKURQLTXH�DX[�
UV (Simonti et al., 2016). Des questions se posent alors sur la conservation de 
variants génétiques, pourtant délétères, dans certaines sous-populations. Reprenons 
O¶H[HPSOH�GH�OD�GUpSDQRF\WRVH��OD�PXWDWLRQ�HQWUDvQDQW�XQH�DOWpUDWLRQ�GH�OD�ȕ-globine 
doit être présente sous sa forme homozygote, HbS, pour provoquer la maladie. 
Cependant, la forme hétérozygote, un allèle sain HbA et un allèle 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 
SUpYDOHQFH� SOXV� LPSRUWDQWHV� GH� O¶DOOqOH� +E6� GDQV� OHV� VRXV-populations africaines 
subsahariennes où le paludisme se propage toujours intensivement.  
 
Ces observations illustrent ainsi la complexité derrière la constitution et le maintien 
de la diversité génétique au sein des populations. De plus, sur la grande diversité 
génétique présente au sein des espèces, peu de variants sont associés à un ou 
plusieurs phénotypes. Inversement, la variance phénotypique de nombreux traits 
FRPSOH[HV�Q¶HVW�H[SOLTXpH�TX¶HQ�SDUWLH�SDU�XQ�QRPEUH�OLPLWp�GH�YDULDQWV�JpQpWLTXHV�� 
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Étude de la relation génotype-phénotype  

$SUqV�O¶pWDEOLVVHPHQW�GHV�SUHPLqUHV�EDVHV�GH�OD�JpQpWLTXH�LO�\�D���� ans, la mise au 
point de différentes stratégies de séquençage et la démocratisation de la génomique 
GHV�SRSXODWLRQV�RQW�ERXOHYHUVp�OHV�PDQLqUHV�G¶pWXGLHr les relations entre le génotype 
et le phénotype. Des catalogues de variants génétiques détectés au sein de 
SRSXODWLRQV�QDWXUHOOHV�RQW�SHUPLV�GH�UHFRQVWUXLUH�XQH�SDUWLH�GH�O¶KLVWRLUH�pYROXWLYH�
de certaines espèces et de mieux caractériser les régions génomiques qui ont subi 
GLYHUVHV� SUHVVLRQV� GH� VpOHFWLRQ�� /¶HQVHPEOH� GH� FHWWH� GLYHUVLWp� JpQpWLTXH� HVW� OH�
IRQGHPHQW�GH� OD�YDULDQFH�SKpQRW\SLTXH�REVHUYpH�HQWUH� OHV� LQGLYLGXV�G¶XQH�PrPH�
HVSqFH��8Q�REMHFWLI�PDMHXU�UHVWH�GRQF�DXMRXUG¶KXL�GH�GLVVpTXHU��VXU�OD�EDVH�GH 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).  
Après un rappel des méthodes de génétiques classiques directes ou indirectes pour 
LGHQWLILHU�O¶LPSOLFDWLRQ�GH�YDULDQWV�JpQpWLTXHV�GDQV un phénotype, nous évoquerons 
les deux stratégies majeures de mise en relation du génotype à la variance 
phénotypique. Tout G¶DERUG�� OHV�DQDO\VHV�GH� OLDLVRQ�TXL� UHSRVHQW� VXU� OHV�EDVHV�GH�
O¶KpUpGLWp� HW� GH� OD� VpJUpJDWLRQ� GHV� DOOqOHV� GDQV� OD� GHVFHQGDQFH� G¶XQ� FURLVHPHQW��
(QVXLWH��OHV�DQDO\VHV�G¶DVVRFLDWLRQ�TXL�UHSRVHQW�TXDQW�j�HOOHV�VXU�OD�UHFRPELQDLVRQ�
DQFHVWUDOH� DX� VHLQ� G¶XQH� ODUJH� SRSXODWLRQ� G¶LQGLYLGXV� JpQpWLTXHPHQW� GLIIpUHQWV��
&KDTXH� VWUDWpJLH� SRVVqGH� VHV� SURSUHV� OLPLWHV� SRXU� GpFRPSRVHU� O¶DUFKLWHFWXUH�
JpQpWLTXH�FRPSOqWH�GHV�SKpQRW\SHV�HW� OHV�EDVHV�GH�O¶KpULWDELOLWp�PDQTXDQWH�VHURQW�
alors exposées.  

Stratégies de génétique classique  

Dès 1941, et DYDQW�PrPH�OD�GpFRXYHUWH�GH�OD�VWUXFWXUH�GH�O¶$'1��GX�FRGH�JpQpWLTXH�
SXLV�GHV�PpFDQLVPHV�GH�O¶H[SUHVVLRQ�JpQpWLTXH�GDQV�OHV�DQQpHV�����Beadle et Tatum 
pPHWWHQW�O¶K\SRWKqVH�G¶XQ�JqQH�SRXU�XQH�HQ]\PH�FKH]�OH�FKDPSLJQRQ�Neurospora 
crassa (Beadle and Tatum, 1941)��/¶LGHQWLILFDWLRQ�GHV�pWDSHV�GH�WUDQVFULSWLRQ�HW�GH�
WUDGXFWLRQ�SRXU�OH�SDVVDJH�G¶$'1�HQ�$51P�SXLV�HQ�protéine (Jacob and Monod, 
1961) couplée à la mise au point du séquençage Sanger (Sanger et al., 1977) sont à 
O¶RULJLQH� GH� OD� ELRORJie et la génétique moléculaires. Par conséquent, différentes 
stratégies de mutagénèse aléatoire ou dirigée ont été établies pour lier les variations 
génétiques et phénotypiques.  
 



26 
 

Les stratégies de mutagénèse aléatoire consistent à introduire des mutations dans le 
génome à des positions variables non contrôlées puis à associer un phénotype à ces 
PXWDWLRQV��/¶HIIHW�PXWDJqQH�G¶DJHQWV�SK\VLTXHV��UD\RQV�;��RX�FKLPLTXHV��sulfure 
de 2,2'Ǧdichlorodiéthyle ou gaz moutarde) est décrit dès la première moitié du XXème 
siècle (Auerbach and Robson, 1946; Muller, 1928). Différents agents mutagènes 
rentrent alors dans les laboratoires pour réaliser des expériences de mutagénèse 
aléatoire sur les génomes. De JUDQGV�FULEODJHV�PHWWHQW�HQ�pYLGHQFH�O¶DVVRFLDWLRQ�GH�
plusieurs gènes et mutations à un phénotype dans les années 70. Environ 90 
mutations dans 24 gènes 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 parallèle, des criblages ont aussi été réalisés dans des organismes modèles 
multicellulaires plus complexes comme le nématode C. elegans ou encore la souris 
M. musculus. Brenner a par exemple identifié près de 250 mutations dans 77 gènes 
altérant les mouvements de C. elegans j� SDUWLU� G¶XQ� WUDLWHPHQW� j� O¶(06�
(méthanesulfonate d'éthyle). Chez la souris, des criblages à grande échelle réalisés 
par traitement ENU (N-nitroso-N-éthylurée�� RQW� SHUPLV� G¶LGHQWLILHU� GHV� JqQHV�
candidats associés à des maladies humaines (Hitotsumachi et al., 1985; Hrabé de 
Angelis et al., 2000; Nolan et al., 2000). La caractérisation moléculaire des mutants 
LGHQWLILpV�SDU�PXWDJpQqVH�DOpDWRLUH�V¶HVW�GpYHORSSpH�JUkFH�DX�VpTXHQoDJH�GH�O¶$'1��
G¶DERUG�SDU�OHV�PpWKRGHV�GH�6DQJHU�RX�GH�0D[DP�HW�*LOEHUW�SXLV� OHV�PpWKRGHV�j�
haut-GpELW��/D�GpPRFUDWLVDWLRQ�GH�O¶XWLOLVDWLon des techniques de séquençage à haut-
débit a permis la mise en place de nouvelles stratégies de mutagénèse aléatoire, 
SHUPHWWDQW�GH�OLPLWHU�O¶XWLOLVDWLRQ�G¶DJHQWV�PXWDJqQHV�HW�GH�FDUDFWpULVHU directement 
le variant génétique responsable. Nous pouvons par exemple citer les stratégies de 
VpTXHQoDJH�G¶LQVHUWLRQV�GH�WUDQVSRVRQV��7,6��PLVHV�DX�SRLQW�LO�\�D����DQV�(Cain et 
al., 2020; van Opijnen and Levin, 2020; van Opijnen et al., 2009). Ces stratégies 
UHSRVHQW� VXU� O¶LQWURGXFWLRQ� G¶XQ� WUDQVSRVRQ� H[RJqQH� GDQV� OHV� FHOOXOHV� FLEODQW�
aléatoirement dHV� UpJLRQV� JpQRPLTXHV�� /¶LPSDFW� SKpQRW\SLTXH� GH� O¶LQVHUWLRQ� GX�
transposon varie ainsi selon sa localisation et seules les cellules dont le transposon 
V¶HVW�LQVpUp�GDQV�XQH�UpJLRQ�QRQ-essentielle dans les conditions testées peuvent alors 
survivre. La sélectLRQ�VXLYLH�GX�VpTXHQoDJH�FLEOp�GHV�SRVLWLRQV�G¶LQVHUWLRQ�SHUPHWWHQW�
DLQVL�G¶LGHQWLILHU�OHV�UpJLRQV�JpQRPLTXHV�VDQV�FRQVpTXHQFH�VXU�OD�VXUYLH�GHV�FHOOXOHV�
dans les conditions testées (Figure 8).  
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Figure 8. Stratégie de séquençage G¶LQVHUWLRQV�GH�WUDQVSRVRQV.  
�$���&UpDWLRQ�G¶XQH�OLEUDLULH�GH�PLOOLRQV�GH�PXWDQWV�G¶LQVHUWLRQ�GH�WUDQVSRVRQ�j�SDUWLU�G¶XQH�
FRQVWUXFWLRQ�FRPSRVpH�G¶XQ�WUDQVSRVRQ�SRXYDQW�V¶LQVpUHU�DOpDWRLUHPHQW�GDQV�OHV�JpQRPHV�HW�
G¶XQ�PDUTXHXU�GH�VpOHFWLRQ�GH�O¶LQVHUWLRQ��XQH�FDVVHWWH�GH�UpVLVWDQFH�j�un antibiotique (Ab) 
par exemple. Sélection des mutants sur un milieu sélectif, supplémenté en antibiotique par 
H[HPSOH��&HV�PXWDQWV�SRVVqGHQW�G¶XQH�SDUW�O¶LQVHUWLRQ�GH�WUDQVSRVRQ�HW�G¶DXWUH�SDUW�SHXYHQW�
VXUYLYUH�j�O¶LQWHUUXSWLRQ�GX�JpQRPH�HQJHQGUpH���%���,GHQWLILFDWLRQ�GHV�UpJLRQV�G¶LQVHUWLRQ�SDU�
regroupement des mutants survivants et extraction de leur ADN génomique pour en amplifier 



28 
 

VSpFLILTXHPHQW� OHV� UpJLRQV� G¶LQVHUWLRQ� GX� WUDQVSRVRQ�� &HV� UpJLRQV� JpQRPLTXHV� VRQW� DORUV�
séquencées et alignées le long du gpQRPH�GH�O¶LQGLYLGX�FRQVLGpUp�SRXU�HQ�GpWHUPLQHU�OHV�VLWHV�
SUpFLV�G¶LQVHUWLRQ�GX�WUDQVSRVRQ���&���'LIIpUHQWHV�SUREOpPDWLTXHV�SHXYHQW�rWUH�pWXGLpHV�DYHF�
FHWWH�VWUDWpJLH��/D�VXUYLH�GHV�PXWDQWV�G¶LQVHUWLRQ�G¶XQ�PrPH�LQGLYLGX�SHXW�rWUH�WHVWpH�GDQV�
plusieurs coQGLWLRQV�� OD�FRPSDUDLVRQ�GHV�SURILOV�G¶LQVHUWLRQ�GX� WUDQVSRVRQ�SHUPHWWUD�DORUV�
G¶LGHQWLILHU� GHV� JqQHV� HVVHQWLHOV� XQLTXHV� DX[� FRQGLWLRQV� WHVWpHV�� FRPPH� SDU� H[HPSOH� GHV�
JqQHV� LPSOLTXpV� GDQV� OD� UpVLVWDQFH� j� XQ� VWUHVV�� 3OXVLHXUV� LQGLYLGXV� G¶XQH� PrPH� HVSqFH�
peuYHQW�pJDOHPHQW�VXELU�OD�VDWXUDWLRQ�HQ�WUDQVSRVRQV�HW�OD�FRPSDUDLVRQ�GHV�SURILOV�G¶LQVHUWLRQ�
révèlera des gènes essentiels conditionnels à certains fonds génétiques.  

Cette approche à haut-GpELW�SHUPHW�DLQVL�GH�SDVVHU�HQ�UHYXH�O¶HQVHPEOH�GX�JpQRPH�
et de tester en parallèle différents individus et / ou dans différentes conditions 
H[SpULPHQWDOHV�� ¬� O¶KHXUH� DFWXHOOH�� OHV� RUJDQLVPHV� XQLFHOOXODLUHV�� EDFWpULHV� RX�
levures, sont les cibles principales pour la mutagénèse par insertion de transposons 
et de nombreux systèmes 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 
QRPEUHXVHV�EDFWpULHV�SDWKRJqQHV�GH�O¶+RPPH�D�DLQVL�pWp�FULEOp�DILQ�G¶LGHQWLILHU�OHXUV�
gènes 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 parallèle des stratégies de mutagénèse aléatoire, des outils de biologie 
moléculaire basés sur des principes de recombinaison homologue ont permis la mise 
en place de stratégies de mutagénèse ciblée. Ces stratégies ont premièrement consisté 
j�YDOLGHU�OH�U{OH�G¶XQ�JqQH�GDQV�XQ�SKpQRW\SH�G¶LQWpUrW��'HV�PXWDQWV knock-out (KO) 
VRQW�JpQpUpV�HW�SHUPHWWHQW� O¶LQDFWLYDWLRQ�G¶XQ�JqQH��VRXYHQW�SDU� OD�GpOpWLRQ�de ce 
GHUQLHU��j�SDUWLU�GH�V\VWqPH�DGDSWp�VHORQ�O¶HVSqFH��&KH]�OD�OHYXUH�S. cerevisiae, la 
PpWKRGH�HVW�VLPSOH�HW�UHSRVH�VXU�O¶DPSOLILFDWLRQ�3&5�G¶XQ�PDUTXHXU�G¶DX[RWURSKLH�
RX�G¶XQH�FDVVHWWH�GH�UpVLVWDQFH�j�XQ�DQWLELRWLTXH�DYHF��� SE�G¶KRPRORJLH�GH�FKDTXH�
côté avec la région génomique à déléter. Ainsi, la transformation des cellules avec 
FH�IUDJPHQW�G¶$'1�FRQGXLW�j�XQ�UHPSODFHPHQW�GH�O¶$'1�JpQRPLTXH�VLWXp�HQWUH�OHV�
��UpJLRQV�G¶KRPRORJLH�SDU�OH�IUDJPHQW�3&5�JUkFH�j�OD�UHFRPELQDLVRQ�KRPRORJXH�
(Shortle et al., 1982; Wach et al., 1994)�� '¶DXWUHV� PpWKRGHV� VRQW� pJDOHPHQW�
GLVSRQLEOHV� SRXU� G¶DXWUHV� HVSqFHV�� FRPPH� OH� V\VWqPH� GH� UHFRPELQDLVRQ�&UH�/R[�
notamment utilisé pour générer des mutants chez la souris (Sauer and Henderson, 
1988). Le séquençage des génomes de référence de nombreuses espèces à la fin des 
DQQpHV����D�SHUPLV�GH�FDUDFWpULVHU�XQH�JUDQGH�SDUWLH�GHV�JqQHV�HW�G¶HQ�GpILQLU�OHXU�
ORFDOLVDWLRQ� JpQRPLTXH� SUpFLVH�� &HV� GRQQpHV� RQW� FRQGXLW� j� O¶pWDEOLVVHPHQW� GH�
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collections de délétions, pour lesquelles chaque gène a été supprimé 
LQGLYLGXHOOHPHQW� DILQ� G¶HQ� pWXGLHU� OD� FRQVpTXHQFH� SKpQRW\SLTXH�� &HV� SUHPLqUHV�
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 modèles 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 (Frøkjaer-
Jensen et al., 2010). Des collections de doubles et triples mutants ont également été 
réalisées chez la levure S. cerevisiae DILQ� G¶pWXGLHU� OHV� UpVHDX[� G¶LQWHUDFWLRQ� GHV�
JqQHV� DX� VHLQ� GH� O¶HVSqFH� (Costanzo et al., 2016; Kuzmin et al., 2018)��'¶DXWUHV�
VWUDWpJLHV�RQW� pWp�GpYHORSSpHV�GDQV� OH�EXW�G¶DOWpUHU� O¶DFWLRQ�G¶XQ�JqQH��FRPPH� OD�
WHFKQLTXH�GH�O¶LQWHUIpUHQFH�j�$51�ODUJHPHQW�XWLOLVpH�HW�GpFULWH�FKH]�C. elegans (Fire 
et al., 1998)��&H�V\VWqPH�UHSRVH�VXU�O¶LQWURGXFWLRQ�GDQV�OHV�FHOOXOHV�G¶$51�GRXEOH�
brin (dsRNA) qui vont interférer avec les ARNm complémentaires au dsRNA et 
LQKLEHU�O¶H[SUHVVLRQ�GX�JqQH�FLEOp��'LIIpUHQWV�FULEODJHV�GHV�JpQRPHV�RQW�DLQVL�pWp�
UpDOLVpV�DYHF�FHWWH�PpWKRGH�GDQV�SOXVLHXUV�RUJDQLVPHV�DILQ�G¶pWXGLHU�OHV�SKpQRW\SHV�
résultants (Dietzl et al., 2007; Kamath et al., 2003; Kiger et al., 2003; Timmons et 
al., 2001)��&H�PpFDQLVPH�G¶LQWHUIpUHQFH�D�pWp�GpFULW�FKH]�GH�QRPEUHX[�HXFDU\RWHV�j�
O¶H[FHSWLRQ�GH�S. cerevisiae��R��LO�Q¶H[LVWH�SDV. Enfin, l¶RXWLO�biomoléculaire G¶pGLWLRQ�
du génome CRISPR-Cas (pour Clustered Regularly Interspaced Short Palindromic 
Repeats) développé il y a PRLQV� GH� ��� DQV� HVW� DXMRXUG¶KXL� LQFRQWRXUQDEOH� HW�
représente la méthode de choix pour induire des modifications génétiques chez les 
organismes eucaryotes (Doudna and Charpentier, 2014; Jinek et al., 2012). Cette 
VWUDWpJLH�GpULYH�G¶XQ�PpFDQLVPH�G¶LPPXQLWp�DGDSWDWLYH�GHV�EDFWpULHV��(OOH�SHUPet 
via un ARN guide de cibler une région spécifique du génome qui sera clivée par 
O¶HQGRQXFOpDVH�&DV���/HV�FRQVpTXHQFHV�GH�OD�FDVVXUH�GRXEOH�EULQ�GH�O¶$'1�SHXYHQW�
être multiples ��XQH�GpOpWLRQ�GH�OD�UpJLRQ��OH�UHPSODFHPHQW�G¶XQ�VHXO�RX�GH�SOXVLHXUV�
nucléotLGHV�� O¶LQKLELWLRQ� GH� O¶H[SUHVVLRQ� G¶XQ� JqQH� RX� HQFRUH� O¶LQWURGXFWLRQ� GH�
YDULDQWV� VWUXFWXUHOV� �&19� RX� LQYHUVLRQ� SDU� H[HPSOH��� *UkFH� j� O¶HIILFDFLWp� GH� FH�
système, de nombreuses variations génétiques peuvent être induites à haut-débit dans 
les génomes dans uQ�JUDQG�QRPEUH�G¶LQGLYLGXV�HQ�SDUDOOqOH�j�O¶DLGH�G¶RSWLPLVDWLRQV�
GH�O¶RXWLO�GH�EDVH�(Fleiss et al., 2019; Sharon et al., 2018). 
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Les analyses de liaison  

/¶LGHQWLILFDWLRQ� GH� YDULDQWV� JpQpWLTXHV� UHVSRQVDEOHV� GH� OD� YDULDQFH� SKpQRW\SLTXH�
REVHUYpH� DX� VHLQ� G¶XQH� SRSXODWLRQ� VH� EDVH� VXU� O¶pWXGH� GH� OD� VpJUpJDWLRQ� GHV�
marqueurs génétiques au sein de cette population. On définit alors comme QTL (pour 
Quantitative Trait Loci) la région génomique DVVRFLpH� j� OD� YDULDWLRQ� G¶XQ� WUDLW�
quantitatif (ou complexe). La précision de la région génomique détectée varie selon 
la stratégie employée, le nombre de marqueurs génétiques et le déséquilibre de 
OLDLVRQ��TXL�SHXW�rWUH�GpILQL�FRPPH�O¶DVVRFLDWLRQ�QRQ�DOpDWRLUH�GH���PDUTXHXUV�DX�VHLQ�
G¶XQH�SRSXODWLRQ��/D�UpVROXWLRQ�GX�47/�SHXW�DOOHU�G¶XQH� ODUJH�UpJLRQ�GX�JpQRPH�
contenant plusieurs gènes et éléments régulateurs, à un seul gène, QTG (pour 
Quantitative Trait Gene), voire au nucléotide près, QTN (pour Quantitative Trait 
Nucleotide).  

Le principe des analyses de liaison 

L¶DQDO\VH�GH�OLDLVRQ�SHUPHW�O¶LGHQWLILFDWLRQ�GH�47/�HQ�pWXGLDQW�OD�GHVFHQGDQFH�LVVXH�
G¶XQ�FURLVHPHQW�HQWUH�GHX[�LQGLYLGXV�JpQpWLTXHPHQW�GLIIpUHQWV��/HV�pYqQHPHQWV�GH�
recombinaison se produisant lors de la méiose vont induire un mélange des variants 
génétiquHV� SDUHQWDX[� DX� VHLQ� GH� OD� GHVFHQGDQFH�� SHUPHWWDQW� DLQVL� G¶REWHQLU� XQH�
combinaison unique pour chaque descendant. Le phénotypage et le génotypage des 
GHVFHQGDQWV�SRXUURQW�DORUV�SHUPHWWUH�G¶DVVRFLHU�XQ�SKpQRW\SH�SDUWLFXOLHU�j�GHV�47/��
En effet, tous les descendants présentant un phénotype proche partageront les 
YDULDQWV�JpQpWLTXHV�LPSOLTXpV�GDQV�OH�WUDLW��¬�O¶LQYHUVH��OHV�YDULDQWV�SDUHQWDX[�VHURQW�
aléatoirement répartis sur le reste du JpQRPH��)LJXUH��$���/¶LQWpUrW de croiser deux 
parents génétiquement diverJHQWV� SHUPHW� G¶DXJPHQWHU� OH� QRPEUH� GH� YDULDQWV�
génétiques utilisés comme marqueurs dans la descendance. Les premiers marqueurs 
JpQpWLTXHV� XWLOLVpV� GDQV� OHV� VWUDWpJLHV� G¶DQDO\VHV� GH� OLDLVRQ� pWDLHQW� GHV� VLWHV� GH�
restriction enzymatique, RFLP (pour Restriction Fragment Length Polymorphisms) 
(Botstein et al., 1980)��$XMRXUG¶KXL��JUkFH�DX[�VWUDWpJLHV�GH�VpTXHQoDJH�KDXW-débit, 
ce sont les SNP entre les génomes parentaux qui servent de marqueurs moléculaires. 
7RXV� OHV� RUJDQLVPHV� QH� VRQW� SDV� DGDSWpV� j� O¶DQDO\VH�GH� OLDLVRQ��(Q�HIIHW�� DILQ� GH�
définir une localisation précise des QTL, le taux de recombinaison doit être 
suffisamment élevé pour permettre un mélange efficace des marqueurs génétiques 
parentaux dans la descendance et éviter ainsi un déséquilibre de liaison trop 
LPSRUWDQW�� ,O� HVW� DXVVL�SRVVLEOH�G¶DXJPHQWHU� OH�QRPEUH�GH�JpQpUDWLRQV� HW�GRQF�GH�
PpLRVHV� HW� �� RX� GH� GHVFHQGDQWV� SULV� HQ� FRPSWH� GDQV� O¶DQDO\VH� SRXU� DPpOLRUHU� OD�
résolution. De manière intéressante, il a été 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) 
UHQGDQW�DLQVL�OHV�OHYXUHV�OHV�PRGqOHV�OHV�SOXV�DSSURSULpV�SRXU�FH�W\SH�G¶DQDO\VH�(Fay, 
2013; Lynch, 2006; Swinnen et al., 2012).  

 
Figure 9. Principe des analyses de liaison.  
�$��� $� SDUWLU� GH� OD� GHVFHQGDQFH� G¶XQ� FURLVHPHQW� HQWUH� �� LQGLYLGXV� DX� JpQRW\SH� HW� DX�
SKpQRW\SH�G¶LQWpUrW�GLIIpUHQWV��XQ�VFRUH�GH�OLDLVRQ��/2'�VFRUH�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 = 
6,3e-25). Figure adaptée de Lynch, 2006. 
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Les applications des analyses de liaison 

/HV� DQDO\VHV� GH� OLDLVRQ� RQW�� GHSXLV� OD� ILQ� GHV� DQQpHV� ���� SHUPLV� G¶Ldentifier de 
nombreux QTL associés à des traits complexes dans différents organismes modèles. 
2Q�SHXW�SDU�H[HPSOH�FLWHU�OD�PLVH�HQ�pYLGHQFH�GH�O¶LPSOLFDWLRQ�GH�SOXVLHXUV�JqQHV�
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 être laborieux et onéreux. Pour pallier à 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; Segrè et al., 2006)�� ¬� SDUWLU� G¶XQH�
génération F2 de descendants, les individus présentant un phénotype « extrême » ± 
F¶HVW-à-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 tySH� G¶DQDO\VH�� OH� QRPEUH� GH�
GHVFHQGDQWV�HW�OH�QRPEUH�G¶pYqQHPHQWV�GH�UHFRPELQDLVRQV�GRLYHQW�rWUH�UHODWLYHPHQW�
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 
GHVFHQGDQWV�� DILQ� G¶DXJPHQWHU� OH� QRPEUH� G¶pYqQHPHQWV� GH� UHFRPELQDLVRQ�� 'HV�
stratégies plus poussées, appelées x-QTL, ont ainsi été développées afin de faciliter 
OHV� pWDSHV� GH� SKpQRW\SDJH� HW� JpQRW\SDJH� HQ� JURXSH�� 'HV� PLOOLRQV� G¶LQGLYLGXV�
peuvent être inclus dans les analyses et cette méthode a montré son efficacité pour 
O¶RUJDQLVPH� PRGqOH� S. cerevisiae (Ehrenreich et al., 2010) mais aussi pour le 
nématode C. elegans (Burga et al., 2019).  

/H� QLYHDX� G¶H[SUHVVLRQ� GHV� JqQHV� ILJXUH� pJDOHPHQW� SDUPL� OHV� SKpQRW\SHV� SRXU�
lesquels les analyses de liaison ont donné de nombreux résultats. En effet, des eQTL 
(pour expression Quantitative Trait Loci) impliqués dans la régulation de 
O¶H[SUHVVLRQ� Jénique ont été identifiés grâce à des analyses de liaison. Dans les 
DQQpHV� ������ OH� QLYHDX� G¶H[SUHVVLRQ� GH� FKDTXH� JqQH� GDQV� XQH� SRSXODWLRQ� GH�
descendants était quantifié par les technologies de puces à ADN (Brem et al., 2002; 
Jansen and Nap, 2001; Steinmetz et al., 2002). La levure S. cerevisiae a été le modèle 
SULYLOpJLp� SRXU� FH� W\SH� G¶DQDO\VH� HW� D� SHUPLV� OH� SUHPLHU� FULEODJH� j� O¶pFKHOOH� GX�
génome des mécanismes complexes de régulation des gènes avec des eQTL agissant 
localemeQW�HW�G¶DXWUHV�j�GLVWDQFH�(Brem et al., 2002)��'¶DXWUHV�RUJDQLVPHV�PRGqOHV�
ont également été soumis à ces analyses (Jansen and Nap, 2001; Rockman et al., 
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2010; Schadt et al., 2003). La caractérisation de la rpJXODWLRQ�GH� O¶H[SUHVVLRQ�GHV�
gènes peut révéler des intérêts biotechnologiques chez les plantes ou servir de 
PRGqOH�SRXU�pWXGLHU�GHV�PDODGLHV�KXPDLQHV�FRPPH�O¶REpVLWp�GDQV�OH�PRGqOH�PXULQ�
par exemple (Schadt et al., 2003). Les stratégies de séquençage des ARN (RNA-seq) 
DFWXHOOHV�RQW�SHUPLV�G¶DXJPHQWHU�FRQVLGpUDEOHPHQW�OH�GpELW�HW�OH�QRPEUH�G¶LQGLYLGXV�
pWXGLpV�SDVVDQW�DLQVL�G¶XQH�FHQWDLQH�j�SOXV�GH������GHVFHQGDQts (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) 
SHUPHWWDQW�GH�UpDOLVHU�GHV�DQDO\VHV�GH�OLDLVRQ��/¶LGHQWLILFDWLRQ�GH�S47/��SRXU�protein 
Quantitative Trait Loci) révèle ainsi de nouveaux réseaux de régulation au niveau 
protéique (Albert et al., 2018; Foss et al., 2007). Cependant ces techniques restent 
laborieuses j�PHWWUH�HQ�°XYUH�j�KDXW-débit et restent donc rares.  

Les limites des analyses de liaison 

Les résultats des analyses de liaison réalisées ces 20 dernières années ont permis en 
SDUWLH�G¶pOXFLGHU�OHV�EDVHV�JpQpWLTXHV�j�O¶RULJLQH�GHV�WUDLWV�FRPSOH[HV��(Q�HIIHW��GHV�
catalogues conséquents de QTL et même de QTN ont été associés à des phénotypes 
compOH[HV��/HV�YDOLGDWLRQV�PROpFXODLUHV�GH�FHV�471�GRQQHQW�pJDOHPHQW�O¶RFFDVLRQ�
G¶DOOHU�SOXV�ORLQ�GDQV�O¶pWXGH�GH�O¶LPSDFW�GH�WHOV�YDULDQWV�JpQpWLTXHV�VXU�OD�YDULDQFH�
SKpQRW\SLTXH� GDQV� XQH� HVSqFH�� 3OXVLHXUV� pWXGHV� QRWDPPHQW� FKH]� O¶+RPPH� HW� OD�
GURVRSKLOH�RQW�G¶ailleurs montré que les variants impliqués dans les traits quantitatifs 
pWDLHQW�GHV�YDULDQWV�JpQpWLTXHV�UDUHV�RX�j�IDLEOH�IUpTXHQFH��F¶HVW-à-dire présents dans 
moins de 1 à 5% GHV� LQGLYLGXV� GH� O¶HVSqFH� (MacKay et al., 2009). De manière 
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)��/¶pOXFLGDWLRQ�FRPSOqWH�GH�O¶RULJLQH�GHV�WUDLWV�
complexes est ainsi rendue difficile par les nombreux variants rares impliqués avec 
une faible contribution à la variance phénotypique. De plus, ces systèmes restent 
limités à deux parents (et donc deux fonds génétiques) et ne permettent donc pas de 
UHSUpVHQWHU� WRXWH� OD� GLYHUVLWp� JpQpWLTXH� G¶XQH� HVSqFH�� &HV� GHUQLqUHV� DQQpHV�� GHV�
GHVLJQV� H[SpULPHQWDX[� LQQRYDQWV� RQW� SHUPLV� G¶DOOHU� SOXV� ORLQ� JUkFH� DX� PRGqOH�
S. cerevisiae�� HQ� SDUWLFXOLHU�� '¶XQ� F{Wé, une étude portant sur environ 20 000 
GHVFHQGDQWV� G¶XQH� JpQpUDWLRQ� )�� D� FRQVLGpUDEOHPHQW� DPpOLRUp� OD� UpVROXWLRQ� GH�
détection des QTL et illustre la pléiotropie et les caractéristiques de certains variants 
génétiques (Jakobson and Jarosz, 2019)��'¶XQ�DXWUH�F{Wp��SRXU�PLHux représenter la 
GLYHUVLWp�DX�VHLQ�GH�O¶HVSqFH��XQH�VWUDWpJLH�G¶DQDO\VHV�GH�OLDLVRQ�D�pWp�pODERUpH�j�SDUWLU�
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de 16 parents génétiquement divers, chacun étant croisé à tour de rôle avec un autre 
SDUHQW��'HX[�SRSXODWLRQV�GLIIpUHQWHV�G¶HQYLURQ������GHVFHQGDQWs ont été générées 
pour chaque croisement et révèlent ainsi une contribution importante des variants 
rares dans la population (Bloom et al., 2019). Malgré les innovations régulières, le 
SULQFLSH�GHV�DQDO\VHV�GH�OLDLVRQ�UHVWH�OLPLWDQW�j�OD�IRLV�SRXU�OH�FKRL[�GH�O¶RUJDQLVPH�
modèle, en raison de la descendance conséquente à générer, mais aussi du fait du 
PDQTXH�GH�UHSUpVHQWDWLYLWp�GH�OD�GLYHUVLWp�JpQpWLTXH�GH�O¶HVSqce.  

/HV�pWXGHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�� 

/HV�QRPEUHX[�SURMHWV�GH�VpTXHQoDJH�GH�SOXVLHXUV�FHQWDLQHV�G¶LQGLYLGXV�G¶XQH�PrPH�
espèce ont fourni une vue globale de la diversité génétique intra-spécifique. Les 
pWXGHV� G¶DVVRFLDWLRQ� SDQJpQRPLTXH� �GWAS pour Genome-Wide Association 
Studies) se sont révélées une stratégie HIILFDFH� DILQ� G¶H[SORUHU� O¶LPSDFW� GH� FHWWH�
variabilité sur certains phénotypes. Ces études permettent également de considérer 
XQ� SDQHO� G¶HVSqFHV� SRXU� OHVTXHOOHV� OHV� DQDO\VHV� GH� OLDLVRQ� QH� VRQW� SDs adaptées, 
FRPPH�O¶+RPPH�SDU�H[HPSOH�� 

/H�SULQFLSH�GHV�pWXGHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH 

PoXU�OD�SUHPLqUH�IRLV�HQ�������OHV�pWXGHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�VRQW�GpFULWHV�
FRPPH� XQH� VWUDWpJLH� DGDSWpH� SRXU� GLVVpTXHU� O¶RULJLQH� GH� PDODGLHV� JpQpWLTXHV�
humaines et identifier des cibles thérapeutiques (Hirschhorn and Daly, 2005). À 
SDUWLU� G¶XQ� SDQHO� G¶LQGLYLGXV�� OHV� pWXGHV G¶DVVRFLDWLRQ� SHUPHWWHQW� G¶DVVRFLHU�
VWDWLVWLTXHPHQW�GHV�YDULDQWV�JpQpWLTXHV�FDXVDX[�j� OD�YDULDWLRQ�G¶XQ�SKpQRW\SH�� WHO�
TXH�OD�WDLOOH�RX�OHV�V\PSW{PHV�G¶XQH�PDODGLH��'HV�JURXSHV�G¶LQGLYLGXV�VRQW�FUppV�
selon la valeur phénotypique testée et sont mis en parallèle avec les variants 
JpQpWLTXHV� SUpVHQWV� GDQV� OD� SRSXODWLRQ�� /¶DVVRFLDWLRQ� HVW� GpWHFWpH� FRPPH�
VWDWLVWLTXHPHQW� VLJQLILFDWLYH� VHORQ� OH� QRPEUH� G¶LQGLYLGXV� GX� VRXV-groupe 
phénotypique possédant le même variant (Figure 10). Les grands projets de 
séquençage qui concernent des centaines de génomes permettent ainsi de disposer 
GHV� JpQRW\SHV� GH� VXIILVDPPHQW� G¶LQGLYLGXV� SRXU� YDOLGHU� VWDWLVWLTXHPHQW�
O¶DVVRFLDWLRQ��$X� VHLQ� G¶XQH� HVSqFH�� OHV� pYqQHPHQWV� GH� UHFRPELQDLVRQ� DQFHVWUDOH�
accumulés au cours des générations participent activement à la diversité des 
JpQRPHV��,QFOXUH�XQ�JUDQG�QRPEUH�GH�JpQRPHV�GDQV�OHV�pWXGHV�G¶DVVRFLDWLRQ�UpGXLW�
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 GHV�pWXGHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH��RX�*:$6��  
¬� SDUWLU� GH� OD� YDULDQFH� REVHUYpH� SRXU� XQ� SKpQRW\SH� G¶LQWpUrW� DX� VHLQ� G¶XQH� SRSXODWLRQ�
naturelle, chaque variant génétique est associé 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 GHV�pWXGHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH 

Dès la mise en application de ces stratégies, de nouveaux gènes responsables de 
maladies génétiques humaines ont pu être mis en évidence. Par exemple, les 
SUHPLqUHV� pWXGHV� G¶DVVRFLDWLRQ� RQW� SHUPLV� G¶LGHQWLILHU� Hn partie les origines 
génétiques de la dégénérescence maculaire liée à l'âge (DMLA)�� MXVTX¶DORUV�
inconnues, associant ainsi à la maladie un variant présent dans un intron du gène 
CFH codant le facteur H (Klein et al., 2005). Depuis plus de 15 ans, les études 
G¶DVVRFLDWLRQ�SDQJpQRPLTXH�RQW�ERXOHYHUVp�OD�FDUDctérisation des bases génétiques 
des traits complexes en identifiant par exemple plus de 25 0000 variants associés à 
XQH� PXOWLWXGH� GH� WUDLWV� FKH]� O¶+RPPH� �https://www.ebi.ac.uk/gwas/, consulté le 
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07/07/2021) (Buniello et al., 2019). Au-GHOj�GH�O¶+RPPH��OHV�organismes modèles 
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 pJDOHPHQW�pWp�VRXPLV�j�GHV�pWXGHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�VXU�OD�EDVH�GHV�
grands projets de séquençDJH��/¶H[SORVLRQ�GHV�pWXGHV�G¶DVVRFLDWLRQ�D��GH�OD�PrPH�
manière que le séquençage haut-débit, conduit à des listes de variants génétiques 
associés à une multitude de phénotypes et, inversement, de traits complexes associés 
à 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-
SKpQRW\SH�� 8Q� DWODV� GHV� UpVXOWDWV� GH� FH� W\SH� G¶pWXGHV� FKH]� O¶+RPPH�
(https://atlas.ctglab.nl/) a par exemple permis de déceler le rôle pléiotropique de la 
majorité des variants génétiques causaux alors impliqués dans plusieurs phénotypes. 
'H�SOXV��FHV� WUDYDX[�RQW�PRQWUp� O¶LPSDFW�SUpSRQGpUDQW�GHV�JqQHV�HW�GHV�pOpPHQWV�
UpJXODWHXUV� GDQV� O¶pWDEOLVVHPHQW� GHV� SKpQRW\SHV� (Watanabe et al., 2019). Ces 
GHUQLqUHV�DQQpHV��OHV�pWXGHV�G¶DVVRFLDWLRQ�RQW�SULV�XQH�QRXYHOOH�GLPHQVLRQ��(Q�HIIHW��
les données de transcriptomique, métabolomique, protéomique ou encore 
G¶pSLJpQRPLTXH� RQW� SHUPLV� G¶DFFURvWUH� OH� QRPEre de phénotypes étudiés et 
G¶LQGLYLGXV� LQFOXV� GDQV� OHV� DQDO\VHV�� TXH� FH� VRLW� FKH]� O¶+RPPH� RX� HQFRUH� GDQV�
différents modèles végétaux (Jansen et al., 2019; Kawakatsu et al., 2016; Scossa et 
al., 2021; The GTEx Consortium, 2017, 2020). Parmi les méta-analyses réalisées, 
O¶pWXGH�SRUWDQW� VXU� OHV�RULJLQHV�JpQpWLTXHV�GHV� WURXEOHV�GX� VRPPHLO� FRQVLGqUH� OHV�
génomes, les transcriptomes et les épigénomes et est à FH�MRXU��O¶pWXGH�G¶DVVRFLDWLRQ�
OD�SOXV�FRQVpTXHQWH�LQFOXDQW�SOXV�GH�����PLOOLRQV�G¶LQGLYLGXV�(Jansen et al., 2019). 
'DQV�OH�FDGUH�GX�*7([�FRQVRUWLXP��O¶DQDO\VH�GX�WUDQVFULSWRPH�GH�����GRQQHXUV�GDQV�
49 tissus différents (de 73 à 670 individus/tissu) révèle une régulation en majorité 
ORFDOH�HW�FRPSOH[H�GH�O¶H[SUHVVLRQ�GHV�JqQHV�GDQV�OHV�WLVVXV��&HV�UpVXOWDWV�LOOXVWUHQW�
également les limites de la détection des eQTL distants impactant faiblement la 
variance phénotypique en raison du pouvoir statistique restreint dans des tissus avec 
HQFRUH�SHX�G¶LQGLYLGXV�(The GTEx Consortium, 2017, 2020).  
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/¶KpULWDELOLWp�PDQTXDQWH�� 

La taille humaine figure parmi les phénotypes dont les origines génétiques ont été 
OHV� SOXV� GLVVpTXpHV�� QRWDPPHQW� SDU� O¶LQWHUPpGLDLUH� G¶pWXGHV� G¶DVVRFLDWLRQ�
SDQJpQRPLTXH��3OXVLHXUV�PLOOLHUV�GH�YDULDQWV�JpQpWLTXHV�VRQW�DXMRXUG¶KXL�DVVRFLpV�j�
ce phénotype (Akiyama et al., 2019; Guo et al., 2021; Manolio et al., 2009; Wood et 
al., 2014; Yengo et al., 2018)��&HSHQGDQW�� O¶HQVHPEOH�GH�FHV�YDULDQWV�DVVRFLpV�QH�
SHUPHW�G¶H[SOLTXHU�TXH�����GH�O¶KpULWDELOLWp��H2) du trait dans la population (Yengo 
et al., 2018), ce qui illustre les limites des étuGHV�G¶DVVRFLDWLRQ��'LIIpUHQWHV�YDULDQWHV�
GHV� pWXGHV� G¶DVVRFLDWLRQ� FODVVLTXHV�� FRPPH� OHV� PpWD-analyses ou encore les 
enrichissements vers des sous-populations, permettent de détecter des variants plus 
UDUHV�GDQV�O¶HVSqFH��&HV�YDULDQWV�UDUHV��WURXYpV�GDQV�PRins de 5% de la population) 
ne peuvent en effet pas être détectés avec un pouvoir statistique suffisant par les 
pWXGHV�G¶DVVRFLDWLRQ�FODVVLTXHV��,O�HQ�YD�GH�PrPH�SRXU�OHV�YDULDQWV�DYHF�XQ�LPSDFW�
faible sur la variance phénotypique. Par conséquent, une part G¶KpULWDELOLWp�
manquante reste ainsi à être explorée (MacKay et al., 2009; Manolio et al., 2009; 
Tam et al., 2019). 

2ULJLQHV�GH�O¶KpULWDELOLWp�PDQTXDQWH  

%LHQ�TXH�GH�QRPEUHXVHV�VWUDWpJLHV�DLHQW�pWp�GpYHORSSpHV�DILQ�GH�GLVVpTXHU�O¶RULJLQH�
génétique de la variance phénotypique, les variants génétiques identifiés ne 
SHUPHWWHQW�G¶H[SOLTXHU�TX¶XQH�SDUWLH�GH�O¶KpULWDELOLWp��H2���/¶KpULWDELOLWp�PDQTXDQWH�
correspond ainsi à 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 interacWLRQV� JpQpWLTXHV�� OHV� YDULDQWV� VWUXFWXUHOV�� O¶HIIHW� GHV�
JpQRPHV� PLWRFKRQGULDX[� RX� HQFRUH� O¶pSLJpQpWLTXH. /HV� pWXGHV� G¶DVVRFLDWLRQ�
pangénomique classiques ne sont notamment pas adaptées à la détection de ces 
sources de variance génétique. En effet, ces dernières détectent effectivement en 
majorité des variants génétiques avec des effets additifs sur la variance phénotypique 
(Visscher et al., 2017). Des effets non-DGGLWLIV�� GH� GRPLQDQFH� RX� G¶pSLVWDVLH��
participent cependant aussi à 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¶HIIHW�Ges variants rares  

Les grands projets de séquençage dans différentes espèces 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 à 5% dans les populations 
étudiées de S. cerevisiae ou chez O¶+RPPH��)LJXUH���� (Auton et al., 2015; Peter et 
al., 2018). De plus, une importante contribution de ces variants rares dans les 
phénotypes cRPSOH[HV�D�pWp�GpFULWH�FKH]�O¶+RPPH�HW�OD�GURVRSKLOH�(MacKay et al., 
2009). Récemment, O¶DQDO\VH� GH� ���� 471� LGHQWLILpV� SDU� DQDO\VHV� GH� OLDLVRQ� HW�
validés fonctionnellement a révélé une fréquence allélique inférieure à 5% dans la 
population des 1011 isolats naturels de S. cerevisiae SRXU�SOXV�GH�����G¶HQWUH�HX[�
(Peltier et al., 2019).  

 

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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¬� O¶pFKHOOH� G¶XQH� SRSXODWLRQ�� OD� GpWHUPLQDWLRQ� GH� O¶LPSDFW� IRQFWLRQQHO� GH� FHV�
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 G¶DVVRFLDWLRQ� UHSRVH� FHSHQGDQW� VXU� OD� IUpTXHQFH� DOOpOLTXH� GHV� YDULDQWV�
génétiques dans la population nécessaire pour significativement associer le variant à 
un phénotype. En conséquence, seuls les variants dont la fréquence allélique mineure 
dans la population est supérieure à 0,05 (5%) sont inclus dans les stratégies 
FODVVLTXHV� G¶DVVRFLDWLRQ� GH� W\SH� GWAS. Le design expérimental du croisement 
GLDOOqOH�D�SHUPLV�GH�FRQWRXUQHU�FHWWH�OLPLWH�HW�G¶LQFOXUH�FHV�YDULDQWV�UDUHV�GDQV�XQH�
DQDO\VH� G¶DVVRFLDWLRQ� (Fournier et al., 2019). En effet, cette stratégie consiste à 
UpDOLVHU�GHV�FURLVHPHQWV�GLULJpV�HQWUH�XQH�VpOHFWLRQ�G¶LQGLYLGXV�OHV�XQV�DYHF�OHV�DXWUHV�
HW� G¶HVWLPHU� O¶LPSDFW� GHV� FRPSRVDQWHV� JpQpWLTXHV� SRXU� FKDTXH� SKpQRW\SH� WHVWp�
(Griffing, 1956). À 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 à 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 être 
LQFOXV� GDQV� OD� PDWULFH� SRXU� O¶pWXGH� G¶DVVRFLDWLRQ� SDQJpQRPLTXH. De manière 
intéressante, plus de 16% des variants rares dans la population sont associés à la 
variance phénotypique observée dans 49 conditions de culture, confirmant ainsi le 
rôle notable de cet aspect de la diversité génétique souvent oublié (Fournier et al., 
2019)��'¶DXWUHV�VWUDWpJLHV�G¶LQFOXVLRQ�GHV�YDULDQWV�UDUHV�GDQV�OHV�DQDO\VHV�RQW�DXVVL�
été développées chez la levure (Bloom et al., 2019) RX�HQFRUH�FKH]�O¶+RPPH�SRXU 
GpWHUPLQHU� O¶LPSDFW� GHV� YDULDQWV� UDUHV� VXU� O¶H[SUHVVLRQ� GHV� JqQHV (Ferraro et al., 
2020; Li et al., 2021, 2017). 

/¶HIIHW�GX�IRQGV�JpQpWLTXH� 

'H�PDQLqUH�pYLGHQWH�� O¶pOXFLGDWLRQ�GH�O¶RULJLQH�GHV�WUDLWV�FRPSOH[HV�GHPDQGH�XQH�
UpVROXWLRQ� ILQH� SRXU� GpWHUPLQHU� O¶LQWpJUDOLWp� GHV� YDULDQWV� JpQpWLTXHV� LPSOLTXpV��
Concernant les traits monogéniques, bien que le variant causal associé au phénotype 
puisse plus simplement être identifié, une complexité sous-jacente peut apparaître. 
(Q�HIIHW�� OD� SUpVHQFH� G¶XQH�PrPH�PXWDWLRQ� SHXW� HQWUDvQHU� XQ� SKpQRW\SH� DYHF�XQ�
GHJUp�GH�JUDYLWp�YDULDEOH�VHORQ�O¶LQGLYLGX��RQ�SDUOH�DORUV�G¶H[SUHVVLYLWp��'DQV�OH�FDV�
G¶XQH�PDODGLH�JpQétique, la neurofibromatose de type I par exemple, une mutation 
dans le gène NF1 induit la maladie. Cependant la sévérité des symptômes sera 
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YDULDEOH� HQWUH� LQGLYLGXV� SRUWHXUV� G¶XQH�PXWDWLRQ�� DOODQW� GH� O¶DSSDULWLRQ� GH� WkFKHV�
pigmentées au développement de tumeurs cutanées (Pasmant et al., 2012). Dans des 
cas plus extrêmes, malgré la présence de la mutation causale, le phénotype peut ne 
pas se manifester. La mutation du gène BRCA1, par exemple, prédispose au cancer 
GX�VHLQ�HW�GHV�RYDLUHV�FKH]�O¶+RPPH��&HSHQGDQW������GHV�LQGLYLGXV�SRVVpGDQW�OD�
mutation ne développeront pas ce cancer au cours de leur vie (Mavaddat et al., 2013). 
On parle alors de pénétrance incomplète du phénotype. Ces phénomènes suggèrent 
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 
SHUPLV�G¶LGHQWLILHU�des variants modificateurs impliqués dans des maladies humaines 
ou encore dans les conséquences phénotypiques de mutations de type perte de 
IRQFWLRQ�FKH]� OD�OHYXUH�HW�G¶DXWUHV�RUJDQLVPHV� (Chow et al., 2016; Cutting, 2010; 
Hamilton and Yu, 2012; Hou et al., 2019). /¶LQGXFWLRQ� GH� PXWDWLRQV� SHUWH� GH�
fonction ± par délétion, inhibition ou interruption de gènes ± dans différents fonds 
JpQpWLTXHV�SHUPHW�GH�PHWWUH�HQ�pYLGHQFH�GH� O¶H[SUHVVLYLWp�SKpQRW\SLTXH�HQWUH� OHV�
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)��¬� O¶pFKHOOH� GX� JpQRPH�� HQYLURQ� ����GH� YDULDWLRQ� SKpQRW\SLTXH� HQWUH�
plusieurs fonds génétiques a été observé après induction de mutations perte de 
fonction au sein des espèces modèles C. elegans (Vu et al., 2015) et 
S. cerevisiae (Galardini et al., 2019). De manière plus stricte, la délétion 
systématique de chacun des 5100 gènes dans 2 isolats de S. cerevisiae a révélé 5% 
GH�JqQHV�FRQGLWLRQQHOV�HVVHQWLHOV��F¶HVW-à-dire dont la délétion ne conduit à la létalité 
que dans un seul des 2 fonds génétiques (Dowell et al., 2010)��3RXU�O¶LQVWDQW��FHV�
pWXGHV� QH� FRQVLGqUHQW� TX¶XQ� IDLEOH� QRPEUH� GH� IRQGV� JpQpWLTXHV� HW� QH� VRQW� SDU�
conséquent pas représentatifs de la diversité génétique des espèces. 

L¶HIIHW�GHV�YDULDQWV�VWUXFWXUHOV  

Du fait de la difficulté à caractériser les variants structurels dans les génomes, les 
pWXGHV� G¶DVVRFLDWLRQ� SDQJpQRPLTXH� QH� SUHQQHQW� FRXUDPPHQW� HQ� FRPSWH� TXH� OHV�
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 
GDQV� XQH� DQDO\VH� G¶DVVRFLDWLRQ� LQFOXDQW� ���� LVRODWV� QDWXUHOV� FXOWLYpV� GDQV� ���
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 été identifié dans 
OD�UpJXODWLRQ�ORFDOH�GH�O¶H[SUHVVLRQ�GHV�JqQHV��G¶DXWDQW�SOXV�ORUVTXH�OH�69�LPSDFWH�
une région codante (Scott et al., 2021)��/¶DUULYpH�GHV�VWUDWpJLHV�GH�VpTXHQoDJH�GH�
OHFWXUHV�ORQJXHV�SHUPHW�DXMRXUG¶KXL�G¶LQFOXUH�DYHF�SOXV�GH�SUpFLVLRQ�OHV�69�GDQV�OHV�
pWXGHV� G¶DVVRFLDWLRQ� SDQJpQRPLTXH� (De Coster et al., 2021). Bien que ce type 
G¶pWXGHV� VRLW� HQFRUH� UDUH�� SOXVLHXUV� WUDLWV� RQW� pWp� DVVRFLpV� DYHF� GLIIpUHQWV� 69��
délétions ou duplications, dont des effets sur la taille humaine (Beyter et al., 2021).   
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Saccharomyces cerevisiae FRPPH�PRGqOH�G¶pWXGH�GH�OD�UHODWLRQ�
génotype-phénotype  

/¶pWXGH�GHV�UHODWLRQV�JpQRW\SH-phénotype se révèle toujours extrêmement complexe 
PDOJUp� OHV� DYDQFpHV� VFLHQWLILTXHV� HW� WHFKQRORJLTXHV� SHUPHWWDQW� G¶DSSURIRQGLU� OHV�
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 révèle comme un modèle de choix. Nous exposerons ainsi dans un 
SUHPLHU� WHPSV� OHV� VRXUFHV� GH� GLYHUVLWp� JpQpWLTXH� DX� VHLQ� GH� O¶HVSqFH� HW� GDQV� XQ�
GHX[LqPH�WHPSV�OD�ODUJH�SDOHWWH�G¶RXWLOV�GLVSRQLEOHV�Sour cet organisme modèle. 

*pQRPLTXH�GHV�SRSXODWLRQV�GDQV�O¶HVSqFH�Saccharomyces cerevisiae  

Depuis des millénaires, la levure S. cerevisiae est couramment utilisée dans les 
processus de fermentation pour la fabrication de vin, de bière ou de pain (Giannakou 
et al., 2020). Au milieu du XIXème siècle, Louis Pasteur décrit pour la première fois 
le rôle de S. cerevisiae dans la fermentation alcoolique (Pasteur, 1858). Très 
rapidement au début du XXème siècle, ce champignon unicellulaire est devenu un 
PRGqOH� HQ� ODERUDWRLUH�� G¶DERUG� SRXU� GHV� LQWpUrWV� ELRWHFKQRORJLTXHV�� SXLV� FRPPH�
organisme modèle 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 
entièrement séquencé en 1996 (Dujon, 2019; Goffeau et al., 1996). Ce séquençage a 
UpYpOp� OD�SUpVHQFH�G¶HQYLURQ������JqQHV� UpSDUWLV� VXU����FKURPRVRPHV� LVVXV�G¶XQ�
processus de duplication complète 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)��/¶pWXGH�OD�SOXV�FRPSOqWH�UpDOLVpH�j�FH�MRXU�D�
été conduite sur 1011 isolats naturels représentatifs de la diversité écologique, 
JpRJUDSKLTXH�HW�JpQpWLTXH�GH�O¶HVSqFH�(Peter et al., 2018). Cette population contient 
à 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 
GLYHUVLWp�JpQpWLTXH�LPSRUWDQWH�D�pWp�PLVH�HQ�pYLGHQFH�DX�VHLQ�GH�O¶HVSqFH�DYHF�SOXV�
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 gènes ± chaque gène 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 à 5%, Figure 11), cette diversité nucléotidique est représentative 
GHV�pYqQHPHQWV�pYROXWLIV�TXL�RQW�IDoRQQp�OHV�JpQRPHV�DX�VHLQ�GH�O¶HVSqFH��VpSDUDQW�
O¶HVSqFH� HQ� DX� PRLQV� ��� VRXV-populations distinctes (Figure 12). Ces sous-
populations opposent les isolats domestiqués pDU�O¶+RPPH�DX[�LVRODWV�QDWXUHOV��HW�
GHV� VRXFKHV� PRVDwTXHV�� QRWDPPHQW� G¶RULJLQH� FOLQLTXH�� V¶LQWHUFDOHQW� HQWUH� FHV� ��
catégories (Peter et al., 2018).  

 
Figure 12. Arbre phylogénétique basé sur la diversité nucléotidique entre 1011 isolats 
naturels de Saccharomyces cerevisiae.  
Cet arbre de type 1HLJKERXU�-RLQLQJ�HVW�FRQVWUXLW�j�SDUWLU�G¶XQH�PDWULFH�GHV�GLVWDQFHV�pWDEOLH�
entre les 1 544 489 sites bialléliques des 1011 souches. Plusieurs sous-populations 
domestiquées ou sauvages sont retrouvées et réparties au sein de 26 clades spécifiques et 3 
régions mosaïques. Figure adaptée de Peter et al., 2018. 
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*UkFH�j�O¶pWXGH�GH�FHWWH�SRSXODWLRQ��XQH�ODUJH�GLYHUVLWp�GH�YDULDQWV�JpQpWLTXHV�D�pWp�
décrite et exploitée pour définir leurs origines et conséquences. Le pangénome de 
O¶HVSqFH�HVW�FRQVWLWXp�G¶environ 4900 gènes communs à tous les individus (génome 
de base) et de 2800 gènes accessoires regroupant à la fois des introgressions et des 
HGT (Li et al.; Peter et al., 2018). De manière intéressante, les gènes 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 GpYRLOH�XQH�PXOWLWXGH�G¶pYqQHPHQWV�G¶DGDSWDWLRQ�j�O¶HQYLURQQHPHQW��
QRWDPPHQW�SDU�O¶LQWHUPpGLDLUH�GH�YDULDQWV�VWUXFWXUHOV��¬�O¶pFKHOOH�GX�JpQRPH�HQWLHU��
des variations importantes de la ploïdie sont observées au sein de la population. Alors 
que les génomes diploïdes sont majoritaires, des individus polyploïdes (3n, 4n et 5n) 
sont fréquemment retrouvés dans des processus de domestication spécifiques. Dans 
des conditions expérimentales de laboratoire, le fitness de ces isolats polyploïdes est 
plus impacté (Figure 5A) (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 espèce, 63% des isolats, majoritairement domestiqués, 
pUpVHQWHQW�GH�O¶KpWpUR]\JRWLH�FRPELQpH�j�GH�SOXV�RX�PRLQV�ODUJHV�UpJLRQV�GH�/2+�
(LOH pour Loss of Heterozygosity) selon les sous-populations. Par exemple, les 
/2+�UHFRXYUHQW�MXVTX¶j�����GHV�JpQRPHV de souches utilisées dans la production 
de saké (Peter et al., 2018). Des aneuploïdies ainsi que des duplications de gènes 
sont également fréquemment observées dans les génomes. Les aneuploïdies 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 à différents stress environnementaux et favorisent un intérêt 
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 acquLV� GH� QRPEUHX[� &19� SRXU� V¶DGDSWHU� DX[� FRQGLWLRns 
environnementales, comme par exemple le gène CUP1, associé à 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 
SRXU� O¶H[SUHVVLRQ� GHV� JqQHV� GXSOLTXés, à 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 
RQW�pJDOHPHQW�G¶LPSRUWDQWHV�FRQVpTXHQFHV�SKpQRW\SLTXHV�HW�LQIOXHQFHQW�QRWDPPHQW�
O¶H[SUHVVLRQ� GHV� JqQHV� DGMDFHQWV� (Gorkovskiy and Verstrepen, 2021; Hou et al., 
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2014; Marullo et al., 2020; Naseeb and Delneri, 2012). Cependant, les génomes sont 
SRXU�O¶LQVWDQW�SULQFLSDOHPHQW�FRQVWUXLWV�VXU�OD�EDVH�GH�OHFWXUHV�FRXUWHV��OLPLWDQW�DLQVL�
OD�GpWHFWLRQ�GH�SRLQWV�G¶LQYHUVLRQ�RX�GH�WUDQVORFDWLRQ��HQWUH�DXWUHV�pYqQHPHQWV��De 
PDQLqUH�pYLGHQWH��OHV�SHUVSHFWLYHV�j�PR\HQ�WHUPH�LPSOLTXHQW�OH�VpTXHQoDJH�G¶LVRODWV�
avec les stratégies de type Oxford Nanopore ou PacBio afin de mieux caractériser 
les réarrangements chromosomiques.  

Saccharomyces cerevisiae, comme outil génétique et moléculaire efficace  

(Q�SOXV�GH�OD�GLYHUVLWp�JpQpWLTXH�LPSRUWDQWH�SUpVHQWH�DX�VHLQ�GH�O¶HVSqFH��OD�OHYXUH�
S. cerevisiae est particulièrement facile à manipuler en laboratoire. En effet, les 
RXWLOV�GH�ELRORJLH�PROpFXODLUH�VRQW�VLPSOHV�G¶XVDJH�HW�RSWLPLVpV�Gans cette espèce. 
Les remplacements alléliques par recombinaison homologue avec 50 pb 
G¶KRPRORJLH� GH� FKDTXH� F{Wp� GH� OD� UpJLRQ� FLEOpH� RQW� ORQJWHPSV� pWp� OD� VWUDWpJLH�
privilégiée de mutagénèse des génomes (Shortle et al., 1982; Wach et al., 1994). 
Grâce à cette méthode, diverses collections de délétion des 6000 gènes ont été 
JpQpUpHV�HW�RQW�QRWDPPHQW�SHUPLV�G¶LGHQWLILHU�OHV�JqQHV�HVVHQWLHOV�GDQV�OD�VRXFKH�GH�
référence S288C (Giaever et al., 2002; Winzeler et al., 1999)��/¶pWXGH�Ge ces gènes 
HVVHQWLHOV�HVW�pJDOHPHQW�SRVVLEOH�SDU�O¶LQWHUPpGLDLUH�G¶DXWUHV�WHFKQLTXHV�FRPPH�OD�
mutagénèse par insertion de transposons. Divers outils de transposition tels que les 
systèmes 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 après son développement, le système CRISPR-Cas a aussi été adapté à 
la levure S. cerevisiae et permet de produire de nombreuses modifications génétiques 
différentes (DiCarlo et al., 2013). Un dérivé du système CRISPR, le système 
CRISPEY, a par exemple été développé pour réaliser des milliers de variants 
génétiques à haut-débit en une expérience unique (Sharon et al., 2018). Une approche 
LQQRYDQWH�SRXU�pWXGLHU�O¶LPSDFW�GHV�WUDQVORFDWLRQV�VXU�OHV�SKpQRW\SHV�D�pJDOHPHQW�
été mise au point grâce à CRISPR-Cas9. De manière intéressante, la réorganisation 
�'�G¶XQ�PrPH�JpQRPH�GH�S. cerevisiae par des translocations réciproques ciblant 
des régions répétées, les éléments transposables endogènes, induit une variance 
phénotypique considérable dans différentes conditions (Fleiss et al., 2019). 
 
Un second avantage de cette levure repose sur son cycle cellulaire 
KDSORGLSORELRQWLTXH��F¶HVW-à-GLUH�TX¶HOOH�SHXW�VH�PDLQWHQLU�GDQV�XQ�pWDW�KDSORwGH�RX�
diploïde (Herskowitz, 1988). Le mode de reproduction asexuée par mitose est 
SULYLOpJLp�TXH�FH�VRLW�j�O¶pWDW�KDSORwGH�RX�GLSORwGH�DYHF�XQ�WHPSV�GH�JpQpUDWLRQ�GH���
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j��K��'¶XQ�F{Wp��OH�SDVVDJH�GH�O¶pWDW�GLSORwGH�j�KDSORwGH�VH�SURGXLW�SDU�PpLRVH�ORUVTXH�
OHV�QXWULPHQWV�PDQTXHQW�GDQV�OH�PLOLHX��'H�O¶DXWUH�F{Wp��GHX[�LQGLYLGXV�KDSORwGHV�GH�
signe sexuel opposé, MATa et MATĮ, peuvent se croiser par reproduction sexuée 
pour former un diploïde hétérozygote stable. Il est ainsi simple de croiser des 
individus haploïdes entre eux en laboratoire, induire la méiose et disséquer les 
tétrades résultantes du croisement.  
 
/¶REWHQWLRQ�UDSLGH�G¶XQH�ODUJH�GHVFHQGDQFH�G¶XQ�FURLVHPHQW��MXVTX¶j�GHV�PLOOLHUV�GH�
ségrégants) associée à un taux de recombinaison élevé (Lynch, 2006) permet de 
réaliser des analyses de liaison à 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 DILQ�G¶HQ�DPpOLRUHU�GLIIpUHQWV�DVSHFWV�WHOV�TXH�OD�WROpUDQFH�j�OD�FKDOHXU�
(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 être fonctionnelOHPHQW�YpULILpV�HW�SUpFLVpV�j�O¶pFKHOOH�GX�471�(Peltier et al., 
2019)��(Q�GHKRUV�GH�O¶pWXGH�GH�SKpQRW\SHV�G¶LQWpUrW�ELRWHFKQRORJLTXH��OHV�SUHPLqUHV�
EDVHV� GH� OD� UpJXODWLRQ� GH� O¶H[SUHVVLRQ� GHV� JqQHV� RQW�SX� rWUH� pWDEOLHV� JUkFH� j� GHV�
analyses de liaison chez S. cerevisiae��/H�QLYHDX�G¶H[SUHVVLRQ�GH�FKDTXe gène 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)��¬�FH�MRXU��O¶pWXGH�LQFOXDQW�OH�SOXV�G¶LQGLYLGXV�± F¶HVW-à-
dire une descendance de plus de 1000 ségrégants ± D�UpYpOp�O¶LPSDFW�SUpGRPLQDQW�
des variants génétiques locaux sur la varLDWLRQ�GH�O¶H[SUHVVLRQ�GHV�JqQHV�ELHQ�TXH�OHV�
eQTL distants soient plus nombreux et pléiotropiques (Albert et al., 2018). 
Cependant, ces eQTL ne représentent pas la diversité génétLTXH�GH� O¶HVSqFH�HW� OD�
SUHVVLRQ�GH�VpOHFWLRQ�VXELH�SDU�OHV�JpQRPHV�DX�FRXUV�GHV�JpQpUDWLRQV��/¶pWXGH�GHV�
RULJLQHV� GH� OD� YDULDWLRQ� GHV� WUDQVFULSWRPHV� GDQV� XQ� SHX� PRLQV� G¶XQH� FHQWDLQH�
G¶LVRODWV�QDWXUHOV��Q� �����via XQH�pWXGH�G¶DVVRFLDWLRQ�SDQJpQRPLTXH a ainsi permis 
G¶LGHQWLILHU�DYHF�XQH�SOXV�JUDQGH�UpVROXWLRQ�GHV�H47/�ORFDX[�DX�VHLQ�GH�O¶HVSqFH��
&HV�H47/�UpJXODQW�OD�YDULDWLRQ�G¶H[SUHVVLRQ�RQW�PDMRULWDLUHPHQW�pWp�ORFDOLVpV�GDQV�
OHV�SURPRWHXUV�HW�GDQV�OHV�UpJLRQV��¶875�GHV�JqQHV�LPSDFWpV�(Kita et al., 2017).  
 
/H�QLYHDX�G¶H[SUHVVLRQ�GHV�JqQHV�IDLW�SDUWLH�GH�OD�GLYHUVLWp�GHV�SKpQRW\SHV�SRXYDQW�
être pWXGLpH�HW�LQFOXVH�GDQV�GHV�DQDO\VHV�G¶DVVRFLDWLRQ�FKH]�S. cerevisiae (Botstein 
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and Fink, 2011). En effet, des techniques de phénotypage adaptées à cette levure ont 
été décrites pour différents critères 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 critères moléculaires parmi lesquels le transcriptome, le protéome ou le 
métabolome (Skelly et al., 2013). Les stratégies de phénotypage massives dans la 
population déjà génotypée de S. cerevisiae peuvent alors fournir de solides bases 
pour réaliser des études G¶DVVRFLDWLRQ� SDQJpQRPLTXH. 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 à des stress (Peter et al., 2018)��/¶H[SORUDWLRQ�GHV����FRQGLWLRQV�WHVWpHV�D�
permis de mettre en évidence 35 variants génétiques ± 22 CNV et 13 SNP ± 
impliqués dans la variance phénotypique de 14 traits. De manière intéressante, les 
CNV ont un impact phénotypique environ 10 fois plus élevé que les SNP (Peter et 
al., 2018).  
 

 

  



48 
 

Références 

Adams, M.D., Celniker, S.E., Holt, R.A., Evans, C.A., Gocayne, J.D., Amanatides, P.G., 
Scherer, S.E., Li, P.W., Hoskins, R.A., Galle, R.F., et al. (2000). The genome sequence of 
Drosophila melanogaster. Science 287, 2185±2195. 

Akiyama, M., Ishigaki, K., Sakaue, S., Momozawa, Y., Horikoshi, M., Hirata, M., Matsuda, 
K., Ikegawa, S., Takahashi, A., Kanai, M., et al. (2019). Characterizing rare and low-
frequency height-associated variants in the Japanese population. Nat. Commun. 10. 

Albert, F.W., and Kruglyak, L. (2015). The role of regulatory variation in complex traits and 
disease. Nat. Rev. Genet. 16, 197±212. 

Albert, F.W., Bloom, J.S., Siegel, J., Day, L., and Kruglyak, L. (2018). Genetics of trans-
regulatory variation in gene expression. Elife 7, 1±44. 

Albertin, W., and Marullo, P. (2012). Polyploidy in fungi: Evolution after whole-genome 
duplication. Proc. R. Soc. B Biol. Sci. 279, 2497±2509. 

Alonso-Blanco, C., Andrade, J., Becker, C., Bemm, F., Bergelson, J., Borgwardt, K.M.M., 
Cao, J., Chae, E., Dezwaan, T.M.M., Ding, W., et al. (2016). 1,135 Genomes Reveal the 
Global Pattern of Polymorphism in Arabidopsis thaliana. Cell 166, 481±491. 

Andersson, R., and Sandelin, A. (2020). Determinants of enhancer and promoter activities of 
regulatory elements. Nat. Rev. Genet. 21, 71±87. 

Antonarakis, S.E. (2017). Down syndrome and the complexity of genome dosage imbalance. 
Nat. Rev. Genet. 18, 147±163. 

Arabidopsis Genome Initiative (2000). Analysis of the genome sequence of the flowering 
plant Arabidopsis thaliana. Nature 408, 796±815. 

Ascencio, D., Diss, G., Gagnon-Arsenault, I., Dubé, A.K., DeLuna, A., and Landry, C.R. 
(2021). Expression attenuation as a mechanism of robustness against gene duplication. Proc. 
Natl. Acad. Sci. U. S. A. 118. 

Auerbach, C., and Robson, J.M. (1946). Chemical Production of Mutations. Nature 157, 302. 

Auton, A., Abecasis, G.R., Altshuler, D.M., Durbin, R.M., Bentley, D.R., Chakravarti, A., 
Clark, A.G., Donnelly, P., Eichler, E.E., Flicek, P., et al. (2015). A global reference for 
human genetic variation. Nature 526, 68±74. 

Baba, T., Ara, T., Hasegawa, M., Takai, Y., Okumura, Y., Baba, M., Datsenko, K.A., Tomita, 
M., Wanner, B.L., and Mori, H. (2006). Construction of Escherichia coli K-12 in-frame, 
single-gene knockout mutants: the  Keio collection. Mol. Syst. Biol. 2, 2006.0008. 

Bartle, L., Peltier, E., Sundstrom, J.F., Sumby, K., Mitchell, J.G., Jiranek, V., and Marullo, 
P. (2021). QTL mapping: an innovative method for investigating the genetic determinism of  
yeast-bacteria interactions in wine. Appl. Microbiol. Biotechnol. 105, 5053±5066. 

%DWHVRQ�� :�� �������� 0HQGHO¶V� SULQFLSOHV� RI� KHUHGLW\�� E\� :�� Bateson. Cambridge 
[Eng.]University Press. 



 49 

Bayer, P.E., Golicz, A.A., Scheben, A., Batley, J., and Edwards, D. (2020). Plant pan-
genomes are the new reference. Nat. Plants 6, 914±920. 

Beadle, G.W., and Tatum, E.L. (1941). Genetic Control of Biochemical Reactions in 
Neurospora. Proc. Natl. Acad. Sci. 27, 499 LP ± 506. 

Beleza, S., Johnson, N.A., Candille, S.I., Absher, D.M., Coram, M.A., Lopes, J., Campos, J., 
Araújo, I.I., Anderson, T.M., Vilhjálmsson, B.J., et al. (2013). Genetic architecture of skin 
and eye color in an African-European admixed  population. PLoS Genet. 9, e1003372. 

Bergström, A., McCarthy, S.A., Hui, R., Almarri, M.A., Ayub, Q., Danecek, P., Chen, Y., 
Felkel, S., Hallast, P., Kamm, J., et al. (2020). Insights into human genetic variation and 
population history from 929 diverse  genomes. Science 367. 

Bergström, A., Stringer, C., Hajdinjak, M., Scerri, E.M.L., and Skoglund, P. (2021). Origins 
of modern human ancestry. Nature 590, 229±237. 

Beroukhim, R., Mermel, C.H., Porter, D., Wei, G., Raychaudhuri, S., Donovan, J., Barretina, 
J., Boehm, J.S., Dobson, J., Urashima, M., et al. (2010). The landscape of somatic copy-
number alteration across human cancers. Nature 463, 899±905. 

Beyter, D., Ingimundardottir, H., Oddsson, A., Eggertsson, H.P., Bjornsson, E., Jonsson, H., 
Atlason, B.A., Kristmundsdottir, S., Mehringer, S., Hardarson, M.T., et al. (2021). Long-read 
sequencing of 3,622 Icelanders provides insight into the role of structural variants in human 
diseases and other traits. Nat. Genet. 53, 779±786. 

Blattner, F.R., Plunkett, G. 3rd, Bloch, C.A., Perna, N.T., Burland, V., Riley, M., Collado-
Vides, J., Glasner, J.D., Rode, C.K., Mayhew, G.F., et al. (1997). The complete genome 
sequence of Escherichia coli K-12. Science 277, 1453±1462. 

Bloom, J.S., Ehrenreich, I.M., Loo, W.T., Lite, T.-L.V., and Kruglyak, L. (2013). Finding 
the sources of missing heritability in a yeast cross. Nature 494, 234±237. 

Bloom, J.S., Kotenko, I., Sadhu, M.J., Treusch, S., Albert, F.W., and Kruglyak, L. (2015). 
Genetic interactions contribute less than additive effects to quantitative trait  variation in 
yeast. Nat. Commun. 6, 8712. 

Bloom, J.S., Boocock, J., Treusch, S., Sadhu, M.J., Day, L., Oates-Barker, H., and Kruglyak, 
L. (2019). Rare variants contribute disproportionately to quantitative trait variation in yeast. 
Elife 8, 1±19. 

Botstein, D., and Fink, G.R. (2011). Yeast: An experimental organism for 21st century 
biology. Genetics 189, 695±704. 

Botstein, D., White, R.L., Skolnick, M., and Davis, R.W. (1980). Construction of a Genetic 
Linkage Map in Man Using Restriction Fragment Length Polymorphisms. Am J Hum Gen 
32, 314±331. 

Branton, D., Deamer, D.W., Marziali, A., Bayley, H., Benner, S.A., Butler, T., Ventra, M. 
Di, Garaj, S., Hibbs, A., Jovanovich, S.B., et al. (2009). The potential and challenges of 
nanopore sequencing. Nat. Biotechnol. 26, 1146±1153. 

Brauer, M.J., Christianson, C.M., Pai, D.A., and Dunham, M.J. (2006). Mapping novel traits 



50 
 

by array-assisted bulk segregant analysis in Saccharomyces  cerevisiae. Genetics 173, 1813±
1816. 

Brem, R.B., Yvert, G., Clinton, R., and Kruglyak, L. (2002). Genetic dissection of 
transcriptional regulation in budding yeast. Science (80-. ). 296, 752±755. 

Browning, S.R., Browning, B.L., Zhou, Y., Tucci, S., and Akey, J.M. (2018). Analysis of 
Human Sequence Data Reveals Two Pulses of Archaic Denisovan Admixture. Cell 173, 53-
61.e9. 

Buniello, A., Macarthur, J.A.L., Cerezo, M., Harris, L.W., Hayhurst, J., Malangone, C., 
McMahon, A., Morales, J., Mountjoy, E., Sollis, E., et al. (2019). The NHGRI-EBI GWAS 
Catalog of published genome-wide association studies, targeted arrays and summary 
statistics 2019. Nucleic Acids Res. 47, D1005±D1012. 

Burga, A., Ben-David, E., Lemus Vergara, T., Boocock, J., and Kruglyak, L. (2019). Fast 
genetic mapping of complex traits in C. elegans using millions of individuals  in bulk. Nat. 
Commun. 10, 2680. 

Cain, A.K., Barquist, L., Goodman, A.L., Paulsen, I.T., Parkhill, J., and van Opijnen, T. 
(2020). A decade of advances in transposon-insertion sequencing. Nat. Rev. Genet. 21, 526±
540. 

Chandler, C.H., Chari, S., Tack, D., and Dworkin, I. (2014). Causes and consequences of 
genetic background effects illuminated by integrative genomic analysis. Genetics 196, 1321±
1336. 

Chow, C.Y., Kelsey, K.J.P., Wolfner, M.F., and Clark, A.G. (2016). Candidate genetic 
modifiers of retinitis pigmentosa identified by exploiting natural  variation in Drosophila. 
Hum. Mol. Genet. 25, 651±659. 

Christen, B., Abeliuk, E., Collier, J.M., Kalogeraki, V.S., Passarelli, B., Coller, J.A., Fero, 
M.J., McAdams, H.H., and Shapiro, L. (2011). The essential genome of a bacterium. Mol. 
Syst. Biol. 7, 528. 

Coe, K.A., Lee, W., Stone, M.C., Komazin-Meredith, G., Meredith, T.C., Grad, Y.H., and 
Walker, S. (2019). Multi-strain Tn-Seq reveals common daptomycin resistance determinants 
in  Staphylococcus aureus. PLoS Pathog. 15, e1007862. 

Cook, D.E., Zdraljevic, S., Roberts, J.P., and Andersen, E.C. (2017). CeNDR, the 
Caenorhabditis elegans natural diversity resource. Nucleic Acids Res. 45, D650±D657. 

Coolon, J.D., Stevenson, K.R., McManus, C.J., Yang, B., Graveley, B.R., and Wittkopp, P.J. 
(2015). Molecular Mechanisms and Evolutionary Processes Contributing to Accelerated  
Divergence of Gene Expression on the Drosophila X Chromosome. Mol. Biol. Evol. 32, 
2605±2615. 

Costanzo, M., VanderSluis, B., Koch, E.N., Baryshnikova, A., Pons, C., Tan, G., Wang, W., 
Usaj, M., Hanchard, J., Lee, S.D., et al. (2016). A global genetic interaction network maps a 
wiring diagram of cellular function. Science 353. 

'H�&RVWHU��:���'H�5LMN��3���'H�5RHFN��$���'H�3RRWHU��7���'¶+HUW��6���6WUD]LVDU��0���6OHHJHUV��
K., and Van Broeckhoven, C. (2019). Structural variants identified by Oxford Nanopore 



 51 

PromethION sequencing of the human genome. Genome Res. 29, 1178±1187. 

De Coster, W., Weissensteiner, M.H., and Sedlazeck, F.J. (2021). Towards population-scale 
long-read sequencing. Nat. Rev. Genet. 30. 

Crawford, N.G., Kelly, D.E., Hansen, M.E.B., Beltrame, M.H., Fan, S., Bowman, S.L., 
Jewett, E., Ranciaro, A., Thompson, S., Lo, Y., et al. (2017). Loci associated with skin 
pigmentation identified in African populations. Science 358. 

Cutting, G.R. (2010). Modifier genes in Mendelian disorders: the example of cystic fibrosis. 
Ann. N. Y. Acad. Sci. 1214, 57±69. 

'¶$QJLROR�� 0��� &KLDUD�� 0�� 'H�� <XH�� -��� ,UL]DU�� $��� 6WHQEHUJ�� 6��� /ORUHG�� $��� %DUUp�� %���
Schacherer, J., Marangoni, R., and Gilson, E. (2020). A yeast living fossil reveals the origin 
of genomic introgressions. Nature 587. 

Darwin, C. (1868). The Variation of Animals and Plants Under Domestication. London John 
Murray. 1st Ed 2. 

'HSKRXUH��1���+ZDQJ��6���2¶6XOOLYDQ��&���'RGJVRQ��6�(���Gygi, S.P., Amon, A., and Torres, 
E.M. (2014). Quantitative proteomic analysis reveals posttranslational responses to 
aneuploidy in  yeast. Elife 3, e03023. 

DiCarlo, J.E., Norville, J.E., Mali, P., Rios, X., Aach, J., and Church, G.M. (2013). Genome 
engineering in Saccharomyces cerevisiae using CRISPR-Cas systems. Nucleic Acids Res. 
41, 4336±4343. 

Dietzl, G., Chen, D., Schnorrer, F., Su, K.-C., Barinova, Y., Fellner, M., Gasser, B., Kinsey, 
K., Oppel, S., Scheiblauer, S., et al. (2007). A genome-wide transgenic RNAi library for 
conditional gene inactivation in  Drosophila. Nature 448, 151±156. 

Doudna, J.A., and Charpentier, E. (2014). Genome editing. The new frontier of genome 
engineering with CRISPR-Cas9. Science 346, 1258096. 

Dowell, R.D., Ryan, O., Jansen, A., Cheung, D., Agarwala, S., Danford, T., Bernstein, D.A., 
Alexander Rolfe, P., Heisler, L.E., Chin, B., et al. (2010). Genotype to phenotype: A 
Complex problem. Science (80-. ). 328, 469. 

Duan, S.F., Han, P.J., Wang, Q.M., Liu, W.Q., Shi, J.Y., Li, K., Zhang, X.L., and Bai, F.Y. 
(2018). The origin and adaptive evolution of domesticated populations of yeast from Far East 
Asia. Nat. Commun. 9. 

Dujon, B. (2019). My route to the intimacy of genomes. FEMS Yeast Res. 19. 

Dujon, B., Sherman, D., Fischer, G., Durrens, P., Casaregola, S., Lafontaine, I., De Montigny, 
J., Marck, C., Neuvéglise, C., Talla, E., et al. (2004). Genome evolution in yeasts. Nature 
430, 35±44. 

Eder, M., Sanchez, I., Brice, C., Camarasa, C., Legras, J.-L., and Dequin, S. (2018). QTL 
mapping of volatile compound production in Saccharomyces cerevisiae during alcoholic 
fermentation. BMC Genomics 19, 166. 

Ehrenreich, I.M., Torabi, N., Jia, Y., Kent, J., Martis, S., Shapiro, J.A., Gresham, D., Caudy, 



52 
 

A.A., and Kruglyak, L. (2010). Dissection of genetically complex traits with extremely large 
pools of yeast segregants. Nature 464, 1039±1042. 

Eid, J., Fehr, A., Gray, J., Luong, K., Lyle, J., Otto, G., Peluso, P., Rank, D., Baybayan, P., 
Bettman, B., et al. (2009). Real-time DNA sequencing from single polymerase molecules. 
Science (80-. ). 323, 133±138. 

Emerson, J.J., Hsieh, L.-C., Sung, H.-M., Wang, T.-Y., Huang, C.-J., Lu, H.H.-S., Lu, M.-
Y.J., Wu, S.-H., and Li, W.-H. (2010). Natural selection on cis and trans regulation in yeasts. 
Genome Res. 20, 826±836. 

Evertts, A.G., Plymire, C., Craig, N.L., and Levin, H.L. (2007). The hermes transposon of 
Musca domestica is an efficient tool for the mutagenesis of  Schizosaccharomyces pombe. 
Genetics 177, 2519±2523. 

Fay, J.C. (2013). The molecular basis of phenotypic variation in yeast. Curr. Opin. Genet. 
Dev. 23, 672±677. 

Fay, J.C., Liu, P., Ong, G.T., Dunham, M.J., Cromie, G.A., Jeffery, E.W., Ludlow, C.L., and 
Dudley, A.M. (2019). A polyploid admixed origin of beer yeasts derived from European and 
Asian wine  populations. PLoS Biol. 17, e3000147. 

Ferguson-Smith, M.A., Aitken, D.A., Turleau, C., and de Grouchy, J. (1976). Localisation of 
the human ABO: Np-1: AK-1 linkage group by regional assignment of  AK-1 to 9q34. Hum. 
Genet. 34, 35±43. 

Ferraro, N.M., Strober, B.J., Einson, J., Abell, N.S., Aguet, F., Barbeira, A.N., Brandt, M., 
Bucan, M., Castel, S.E., Davis, J.R., et al. (2020). Transcriptomic signatures across human 
tissues identify functional rare genetic  variation. Science 369. 

Field, Y., Fondufe-Mittendorf, Y., Moore, I.K., Mieczkowski, P., Kaplan, N., Lubling, Y., 
Lieb, J.D., Widom, J., and Segal, E. (2009). Gene expression divergence in yeast is coupled 
to evolution of DNA-encoded  nucleosome organization. Nat. Genet. 41, 438±445. 

Fire, A., Xu, S., Montgomery, M.K., Kostas, S.A., Driver, S.E., and Mello, C.C. (1998). 
Potent and specific genetic interference by double-stranded RNA in Caenorhabditis  elegans. 
Nature 391, 806±811. 

)OHLVV��$���2¶'RQQHOO��6���)RXUQLHU��7���/X��:���$JLHU��1���'HOPDV��6���6FKDFKHUHU��-���DQG�
Fischer, G. (2019). Reshuffling yeast chromosomes with CRISPR/Cas9. PLoS Genet. 15, 
e1008332. 

Flint, J., and Eskin, E. (2012). Genome-wide association studies in mice. Nat. Rev. Genet. 
13, 807±817. 

Flint, J., Harding, R.M., Boyce, A.J., and Clegg, J.B. (1998). 1 The population genetics of 
the haemoglobinopathies. Baillieres. Clin. Haematol. 11, 1±51. 

Fogel, S., and Welch, J.W. (1982). Tandem gene amplification mediates copper resistance in 
yeast. Proc. Natl. Acad. Sci. U. S. A. 79, 5342±5346. 

Foss, E.J., Radulovic, D., Shaffer, S.A., Ruderfer, D.M., Bedalov, A., Goodlett, D.R., and 
Kruglyak, L. (2007). Genetic basis of proteome variation in yeast. Nat. Genet. 39, 1369±



 53 

1375. 

Fournier, T., Saada, O.A., Hou, J., Peter, J., Caudal, E., and Schacherer, J. (2019). Extensive 
impact of low-frequency variants on the phenotypic landscape at population-scale. Elife 8, 
1±18. 

Frøkjaer-Jensen, C., Davis, M.W., Hollopeter, G., Taylor, J., Harris, T.W., Nix, P., Lofgren, 
R., Prestgard-Duke, M., Bastiani, M., Moerman, D.G., et al. (2010). Targeted gene deletions 
in C. elegans using transposon excision. Nat. Methods 7, 451±453. 

Fuentes, R.R., Chebotarov, D., Duitama, J., Smith, S., De la Hoz, J.F., Mohiyuddin, M., 
Wing, R.A., McNally, K.L., Tatarinova, T., Grigoriev, A., et al. (2019). Structural variants 
in 3000 rice genomes. Genome Res. 29, 870±880. 

Galardini, M., Busby, B.P., Vieitez, C., Dunham, A.S., Typas, A., and Beltrao, P. (2019).  
The impact of the genetic background on gene deletion phenotypes in Saccharomyces 
cerevisiae . Mol. Syst. Biol. 15, 1±13. 

Gallone, B., Steensels, J., Prahl, T., Soriaga, L., Saels, V., Herrera-Malaver, B., Merlevede, 
A., Roncoroni, M., Voordeckers, K., Miraglia, L., et al. (2016). Domestication and 
Divergence of Saccharomyces cerevisiae Beer Yeasts. Cell 166, 1397-1410.e16. 

Gangadharan, S., Mularoni, L., Fain-Thornton, J., Wheelan, S.J., and Craig, N.L. (2010). 
DNA transposon Hermes inserts into DNA in nucleosome-free regions in vivo. Proc. Natl. 
Acad. Sci. 107, 21966±21972. 

Gerke, J., Lorenz, K., and Cohen, B. (2009). Genetic interactions between transcription 
factors cause natural variation in yeast. Science 323, 498±501. 

Giaever, G., Chu, A.M., Ni, L., Connelly, C., Riles, L., Véronneau, S., Dow, S., Lucau-
Danila, A., Anderson, K., André, B., et al. (2002). Functional profiling of the Saccharomyces 
cerevisiae genome. Nature 418, 387±391. 

Giannakou, K., Cotterrell, M., and Delneri, D. (2020). Genomic Adaptation of 
Saccharomyces Species to Industrial Environments. Front. Genet. 11, 1±10. 

Goffeau, A., Barrell, B.G., Bussey, H., Davis, R.W., Dujon, B., Feldmann, H., Galibert, F., 
Hoheisel, J.D., Jacq, C., Johnston, M., et al. (1996). Life with 6000 Genes conveniently 
among the different interna- Old Questions and New Answers The genome . At the beginning 
of the se- of its more complex relatives in the eukary- cerevisiae has been completely 
sequenced Schizosaccharomyces pombe indicate. Science (80-. ). 274, 546±567. 

Golicz, A.A., Batley, J., and Edwards, D. (2016). Towards plant pangenomics. Plant 
Biotechnol. J. 14, 1099±1105. 

Gonzales, N.M., Seo, J., Hernandez Cordero, A.I., St. Pierre, C.L., Gregory, J.S., Distler, 
M.G., Abney, M., Canzar, S., Lionikas, A., and Palmer, A.A. (2018). Genome wide 
association analysis in a mouse advanced intercross line. Nat. Commun. 9. 

Gorkovskiy, A., and Verstrepen, K.J. (2021). The Role of Structural Variation in Adaptation 
and Evolution of Yeast and Other  Fungi. Genes (Basel). 12. 

Green, R.E., Krause, J., Briggs, A.W., Maricic, T., Stenzel, U., Kircher, M., Patterson, N., 



54 
 

Li, H., Zhai, W., Fritz, M.H.-Y., et al. (2010). A draft sequence of the Neandertal genome. 
Science 328, 710±722. 

Griffing, B. (1956). Concept of General and Specific Combining Ability in  Relation to 
Diallel Crossing Systems. Aust. J. Biol. Sci. 9, 463±493. 

Gulcher, J., and Stefansson, K. (1998). Population genomics: Laying the groundwork for 
genetic disease modeling and targeting. Clin. Chem. Lab. Med. 36, 523±527. 

Guo, J., Bakshi, A., Wang, Y., Jiang, L., Yengo, L., Goddard, M.E., Visscher, P.M., and 
Yang, J. (2021). Quantifying genetic heterogeneity between continental populations for 
human height and body mass index. Sci. Rep. 11, 1±9. 

Guo, Y., Park, J.M., Cui, B., Humes, E., Gangadharan, S., Hung, S., FitzGerald, P.C., Hoe, 
K.L., Grewal, S.I.S., Craig, N.L., et al. (2013). Integration profiling of gene function with 
dense maps of transposon integration. Genetics 195, 599±609. 

Hamilton, B.A., and Yu, B.D. (2012). Modifier genes and the plasticity of genetic networks 
in mice. PLoS Genet. 8, e1002644. 

Harris, K., and Nielsen, R. (2016). The Genetic Cost of Neanderthal Introgression. Genetics 
203, 881±891. 

Herrick, J.B. (1910). Peculiar elongated and sickle-shaped red blood corpuscles in a case of 
severe anemia. 1910. Yale J. Biol. Med. 74, 179±184. 

Herskowitz, I. (1988). Life cycle of the budding yeast Saccharomyces cerevisiae. Microbiol. 
Rev. 52, 536±553. 

Hill, M.S., Vande Zande, P., and Wittkopp, P.J. (2021). Molecular and evolutionary 
processes generating variation in gene expression. Nat. Rev. Genet. 22, 203±215. 

Hirschhorn, J.N., and Daly, M.J. (2005). Genome-wide association studies for common 
diseases and complex traits. Nat. Rev. Genet. 6, 95±108. 

Hitotsumachi, S., Carpenter, D.A., and Russell, W.L. (1985). Dose-repetition increases the 
mutagenic effectiveness of N-ethyl-N-nitrosourea in  mouse spermatogonia. Proc. Natl. 
Acad. Sci. U. S. A. 82, 6619±6621. 

Hose, J., Yong, C.M., Sardi, M., Wang, Z., Newton, M.A., and Gasch, A.P. (2015). Dosage 
compensation can buffer copynumber variation in wild yeast. Elife 4, 1±27. 

Hou, J., Friedrich, A., de Montigny, J., and Schacherer, J. (2014). Chromosomal 
rearrangements as a major mechanism in the onset of reproductive  isolation in 
Saccharomyces cerevisiae. Curr. Biol. 24, 1153±1159. 

Hou, J., Tan, G., Fink, G.R., Andrews, B.J., and Boone, C. (2019). Complex modifier 
landscape underlying genetic background effects. Proc. Natl. Acad. Sci. U. S. A. 116, 5045±
5054. 

Hrabé de Angelis, M.H., Flaswinkel, H., Fuchs, H., Rathkolb, B., Soewarto, D., Marschall, 
S., Heffner, S., Pargent, W., Wuensch, K., Jung, M., et al. (2000). Genome-wide, large-scale 
production of mutant mice by ENU mutagenesis. Nat. Genet. 25, 444±447. 



 55 

Hu, X.H., Wang, M.H., Tan, T., Li, J.R., Yang, H., Leach, L., Zhang, R.M., and Luo, Z.W. 
(2007). Genetic dissection of ethanol tolerance in the budding yeast Saccharomyces  
cerevisiae. Genetics 175, 1479±1487. 

Jablonski, N.G., and Chaplin, G. (2000). The evolution of human skin coloration. J. Hum. 
Evol. 39, 57±106. 

Jacob, F., and Monod, J. (1961). Genetic regulatory mechanisms in the synthesis of proteins. 
J. Mol. Biol. 3, 318±356. 

Jain, M., Olsen, H.E., Paten, B., and Akeson, M. (2016). The Oxford Nanopore MinION: 
delivery of nanopore sequencing to the genomics community. Genome Biol. 17, 1±11. 

Jakobson, C.M., and Jarosz, D.F. (2019). Molecular Origins of Complex Heritability in 
Natural Genotype-to-Phenotype  Relationships. Cell Syst. 8, 363-379.e3. 

Jansen, R.C., and Nap, J.P. (2001). Genetical genomics: the added value from segregation. 
Trends Genet. 17, 388±391. 

Jansen, P.R., Watanabe, K., Stringer, S., Skene, N., Bryois, J., Hammerschlag, A.R., de 
Leeuw, C.A., Benjamins, J.S., Muñoz-Manchado, A.B., Nagel, M., et al. (2019). Genome-
wide analysis of insomnia in 1,331,010 individuals identifies new risk loci and functional 
pathways. Nat. Genet. 51, 394±403. 

Jeffares, D.C., Jolly, C., Hoti, M., Speed, D., Shaw, L., Rallis, C., Balloux, F., Dessimoz, C., 
Bähler, J., and Sedlazeck, F.J. (2017). Transient structural variations have strong effects on 
quantitative traits and reproductive isolation in fission yeast. Nat. Commun. 8, 1±11. 

Jinek, M., Chylinski, K., Fonfara, I., Hauer, M., Doudna, J.A., and Charpentier, E. (2012). A 
programmable dual-RNA-guided DNA endonuclease in adaptive bacterial immunity. 
Science 337, 816±821. 

Johnson, M.S., Martsul, A., Kryazhimskiy, S., and Desai, M.M. (2019). Higher-fitness yeast 
genotypes are less robust to deleterious mutations. Science 366, 490±493. 

Juric, I., Aeschbacher, S., and Coop, G. (2016). The Strength of Selection against 
Neanderthal Introgression. PLoS Genet. 12, e1006340. 

Kamath, R.S., Fraser, A.G., Dong, Y., Poulin, G., Durbin, R., Gotta, M., Kanapin, A., Le 
Bot, N., Moreno, S., Sohrmann, M., et al. (2003). Systematic functional analysis of the 
Caenorhabditis elegans genome using RNAi. Nature 421, 231±237. 

Kariuki, S.N., and Williams, T.N. (2020). Human genetics and malaria resistance. Hum. 
Genet. 139, 801±811. 

Kawakatsu, T., Huang, S. shan C., Jupe, F., Sasaki, E., Schmitz, R.J.J., Urich, M.A.A., 
Castanon, R., Nery, J.R.R., Barragan, C., He, Y., et al. (2016). Epigenomic Diversity in a 
Global Collection of Arabidopsis thaliana Accessions. Cell 166, 492±505. 

Kiger, A.A., Baum, B., Jones, S., Jones, M.R., Coulson, A., Echeverri, C., and Perrimon, N. 
(2003). A functional genomic analysis of cell morphology using RNA interference. J. Biol. 
2, 27. 



56 
 

Kim, D.-U., Hayles, J., Kim, D., Wood, V., Park, H.-O., Won, M., Yoo, H.-S., Duhig, T., 
Nam, M., Palmer, G., et al. (2010). Analysis of a genome-wide set of gene deletions in the 
fission yeast  Schizosaccharomyces pombe. Nat. Biotechnol. 28, 617±623. 

Kita, R., Venkataram, S., Zhou, Y., and Fraser, H.B. (2017). High-resolution mapping of cis-
regulatory variation in budding yeast. Proc. Natl. Acad. Sci. U. S. A. 114, E10736±E10744. 

Klein, R.J., Zeiss, C., Chew, E.Y., Tsai, J.-Y., Sackler, R.S., Haynes, C., Henning, A.K., 
SanGiovanni, J.P., Mane, S.M., Mayne, S.T., et al. (2005). Complement factor H 
polymorphism in age-related macular degeneration. Science 308, 385±389. 

Kumar, P., Henikoff, S., and Ng, P.C. (2009). Predicting the effects of coding non-
synonymous variants on protein function using the SIFT algorithm. Nat. Protoc. 4, 1073±
1082. 

Kuzmin, E., VanderSluis, B., Wang, W., Tan, G., Deshpande, R., Chen, Y., Usaj, M., Balint, 
A., Usaj, M.M., Van Leeuwen, J., et al. (2018). Systematic analysis of complex genetic 
interactions. Science (80-. ). 360. 

Lander, E.S., Linton, L.M., Birren, B., Nusbaum, C., Zody, M.C., Baldwin, J., Devon, K., 
Dewar, K., Doyle, M., FitzHugh, W., et al. (2001). Initial sequencing and analysis of the 
human genome. Nature 409, 860±921. 

Lauer, S., Avecilla, G., Spealman, P., Sethia, G., Brandt, N., Levy, S., and Gresham, D. 
(2018). Single-cell copy number variant detection reveals the dynamics and diversity of 
adaptation. 

Legras, J.L., Galeote, V., Bigey, F., Camarasa, C., Marsit, S., Nidelet, T., Sanchez, I., 
Couloux, A., Guy, J., Franco-Duarte, R., et al. (2018). Adaptation of s. Cerevisiae to 
fermented food environments reveals remarkable genome plasticity and the footprints of 
domestication. Mol. Biol. Evol. 35, 1712±1727. 

Lewis, E.B. (1978). A gene complex controlling segmentation in Drosophila. Nature 276, 
565±570. 

Li, G., Ji, B., and Nielsen, J. The pan-genome of Saccharomyces cerevisiae. 

Li, J., Kong, N., Han, B., and Sul, J.H. (2021). Rare variants regulate expression of nearby 
individual genes in multiple tissues. PLoS Genet. 17, 1±26. 

Li, X., Kim, Y., Tsang, E.K., Davis, J.R., Damani, F.N., Chiang, C., Hess, G.T., Zappala, Z., 
Strober, B.J., Scott, A.J., et al. (2017). The impact of rare variation on gene expression across 
tissues. Nature 550, 239±243. 

Lichtenstein, P., Yip, B.H., Björk, C., Pawitan, Y., Cannon, T.D., Sullivan, P.F., and 
Hultman, C.M. (2009). Common genetic influences for schizophrenia and bipolar disorder: 
A population-based study of 2 million nuclear families. Lancet 373, 1±14. 

Lickwar, C.R., Mueller, F., Hanlon, S.E., McNally, J.G., and Lieb, J.D. (2012). Genome-
wide protein-DNA binding dynamics suggest a molecular clutch for  transcription factor 
function. Nature 484, 251±255. 

Liti, G., and Louis, E.J. (2012). Advances in quantitative trait analysis in yeast. PLoS Genet. 



 57 

8, e1002912. 

Liu, F., Visser, M., Duffy, D.L., Hysi, P.G., Jacobs, L.C., Lao, O., Zhong, K., Walsh, S., 
Chaitanya, L., Wollstein, A., et al. (2015). Genetics of skin color variation in Europeans: 
genome-wide association studies with  functional follow-up. Hum. Genet. 134, 823±835. 

Liu, Y., Borel, C., Li, L., Müller, T., Williams, E.G., Germain, P.-L., Buljan, M., Sajic, T., 
Boersema, P.J., Shao, W., et al. (2017). Systematic proteome and proteostasis profiling in 
human Trisomy 21 fibroblast cells. Nat. Commun. 8, 1212. 

Lloyd-Jones, L.R., Robinson, M.R., Moser, G., Zeng, J., Beleza, S., Barsh, G.S., Tang, H., 
and Visscher, P.M. (2017). Inference on the Genetic Basis of Eye and Skin Color in an 
Admixed Population via  Bayesian Linear Mixed Models. Genetics 206, 1113±1126. 

Lubliner, S., Regev, I., Lotan-Pompan, M., Edelheit, S., Weinberger, A., and Segal, E. 
(2015). Core promoter sequence in yeast is a major determinant of expression level. Genome 
Res. 25, 1008±1017. 

Lutz, S., Brion, C., Kliebhan, M., and Albert, F.W. (2019). DNA variants affecting the 
expression of numerous genes in trans have diverse  mechanisms of action and evolutionary 
histories. PLoS Genet. 15, e1008375. 

Lynch, M. (2006). The origins of eukaryotic gene structure. Mol. Biol. Evol. 23, 450±468. 

Mackay, T.F. (2001). The genetic architecture of quantitative traits. Annu. Rev. Genet. 35, 
303±339. 

MacKay, T.F.C., Stone, E.A., and Ayroles, J.F. (2009). The genetics of quantitative traits: 
Challenges and prospects. Nat. Rev. Genet. 10, 565±577. 

Magwene, P.M., Willis, J.H., and Kelly, J.K. (2011). The statistics of bulk segregant analysis 
using next generation sequencing. PLoS Comput. Biol. 7, e1002255. 

Maher, B. (2008). Personal genomes: The case of the missing heritability. Nature 456, 18±
21. 

Manolio, T.A., Collins, F.S., Cox, N.J., Goldstein, D.B., Hindorff, L.A., Hunter, D.J., 
McCarthy, M.I., Ramos, E.M., Cardon, L.R., Chakravarti, A., et al. (2009). Finding the 
missing heritability of complex diseases. Nature 461, 747±753. 

Marsit, S., Mena, A., Bigey, F., Sauvage, F.-X., Couloux, A., Guy, J., Legras, J.-L., Barrio, 
E., Dequin, S., and Galeote, V. (2015). Evolutionary Advantage Conferred by an Eukaryote-
to-Eukaryote Gene Transfer Event in  Wine Yeasts. Mol. Biol. Evol. 32, 1695±1707. 

Martin, R.G., Matthaei, J.H., Jones, O.W., and Nirenberg, M.W. (1961). Ribonucleotide 
composition of the genetic code. Biochem. Biophys. Res. Commun. 6, 410±414. 

Marullo, P., Claisse, O., Raymond Eder, M.L., Börlin, M., Feghali, N., Bernard, M., Legras, 
J.L., Albertin, W., Rosa, A.L., and Masneuf-Pomarede, I. (2020). SSU1 Checkup, a Rapid 
Tool for Detecting Chromosomal Rearrangements Related to the SSU1 Promoter in 
Saccharomyces cerevisiae: An Ecological and Technological Study on Wine Yeast. Front. 
Microbiol. 11, 1±14. 



58 
 

Massilani, D., Skov, L., Hajdinjak, M., Gunchinsuren, B., Tseveendorj, D., Yi, S., Lee, J., 
Nagel, S., Nickel, B., Devièse, T., et al. (2020). Denisovan ancestry and population history 
of early East Asians. Science (80-. ). 370, 579 LP ± 583. 

Mavaddat, N., Peock, S., Frost, D., Ellis, S., Platte, R., Fineberg, E., Evans, D.G., Izatt, L., 
Eeles, R.A., Adlard, J., et al. (2013). Cancer risks for BRCA1 and BRCA2 mutation carriers: 
results from prospective  analysis of EMBRACE. J. Natl. Cancer Inst. 105, 812±822. 

Maxam, A.M., and Gilbert, W. (1977). A new method for sequencing DNA. Proc. Natl. Acad. 
Sci. U. S. A. 74, 560±564. 

Mccarthy, C.G.P., and Fitzpatrick, D.A. (2019). Pan-genome analyses of model fungal 
species. 1±23. 

McCoy, R.C., Wakefield, J., and Akey, J.M. (2017). Impacts of Neanderthal-Introgressed 
Sequences on the Landscape of Human Gene Expression. Cell 168, 916-927.e12. 

0HQGHO��*����������9HUVXFKH��EHU�3OIODQ]HQK\EULGHQ��9HUKDQGOXQJHQ�'HV�1DWXUIRUVFKHQGHQ�
9HUHLQHV�%U�QQ�Bd. IV. 

Metzger, B.P.H., and Wittkopp, P.J. (2019).  Compensatory trans Ǧregulatory alleles 
minimizing variation in TDH3 expression are common within Saccharomyces cerevisiae . 
Evol. Lett. 3, 448±461. 

Michel, A.H., Hatakeyama, R., Kimmig, P., Arter, M., Peter, M., Matos, J., De Virgilio, C., 
and Kornmann, B.T. (2017). Functional mapping of yeast genomes by saturated 
transposition. Elife 6. 

Morgan, T.H., Sturtevant, A.H., Muller, H.J., and Bridges, C.B. (1915). The Mechanism of 
Mendelian Heredity. New York,Holt. 

Muller, H.J. (1928). The Production of Mutations by X-Rays. Proc. Natl. Acad. Sci. U. S. A. 
14, 714±726. 

Mullis, M.N., Matsui, T., Schell, R., Foree, R., and Ehrenreich, I.M. (2018). The complex 
underpinnings of genetic background effects. Nat. Commun. 9, 1±10. 

Naseeb, S., and Delneri, D. (2012). Impact of chromosomal inversions on the yeast DAL 
cluster. PLoS One 7, e42022. 

1LNRODF�3HUNRYLF��0���DQG�3LYDF��1����������*HQHWLF�0DUNHUV�RI�$O]KHLPHU¶V�'LVHDVH��$GY��
Exp. Med. Biol. 1192, 27±52. 

Nolan, P.M., Peters, J., Strivens, M., Rogers, D., Hagan, J., Spurr, N., Gray, I.C., Vizor, L., 
Brooker, D., Whitehill, E., et al. (2000). A systematic, genome-wide, phenotype-driven 
mutagenesis programme for gene function  studies in the mouse. Nat. Genet. 25, 440±443. 

Nurk, S., Koren, S., Rhie, A., Rautiainen, M., Bzikadze, A. V, Mikheenko, A., Vollger, M.R., 
Altemose, N., Uralsky, L., Gershman, A., et al. (2021). The complete sequence of a human 
genome. BioRxiv 2021.05.26.445798. 

Nurse, P., and Thuriaux, P. (1980). Regulatory genes controlling mitosis in the fission yeast 
schizosaccharomyces pombe. Genetics 96, 627 LP ± 637. 



 59 

Nurse, P., Thuriaux, P., and Nasmyth, K. (1976). Genetic control of the cell division cycle in 
the fission yeast Schizosaccharomyces  pombe. Mol. Gen. Genet. 146, 167±178. 

Ohno, S. (1970). Evolution by Gene Duplication. Heidelb. Springer 98±106. 

Ohya, Y., Sese, J., Yukawa, M., Sano, F., Nakatani, Y., Saito, T.L., Saka, A., Fukuda, T., 
Ishihara, S., Oka, S., et al. (2005). High-dimensional and large-scale phenotyping of yeast 
mutants. Proc. Natl. Acad. Sci. U. S. A. 102, 19015 LP ± 19020. 

van Opijnen, T., and Levin, H.L. (2020). Transposon Insertion Sequencing, a Global Measure 
of Gene Function. Annu. Rev. Genet. 54, 337±365. 

van Opijnen, T., Bodi, K.L., and Camilli, A. (2009). Tn-seq: high-throughput parallel 
sequencing for fitness and genetic interaction  studies in microorganisms. Nat. Methods 6, 
767±772. 

Otto, S.P. (2007). The Evolutionary Consequences of Polyploidy. Cell 131, 452±462. 

Paaby, A.B., White, A.G., Riccardi, D.D., Gunsalus, K.C., Piano, F., and Rockman, M. V. 
(2015). Wild worm embryogenesis harbors ubiquitous polygenic modifier variation. Elife 4, 
1±17. 

Parts, L., Cubillos, F.A., Warringer, J., Jain, K., Salinas, F., Bumpstead, S.J., Molin, M., Zia, 
A., Simpson, J.T., Quail, M.A., et al. (2011). Revealing the genetic structure of a trait by 
sequencing a population under  selection. Genome Res. 21, 1131±1138. 

Parts, L., Batté, A., Lopes, M., Yuen, M.W., Laver, M., San Luis, B.-J., Yue, J.-X., Pons, C., 
Eray, E., Aloy, P., et al. (2021). Natural variants suppress mutations in hundreds of essential 
genes. Mol. Syst. Biol. 17, e10138. 

Pasmant, E., Vidaud, M., Vidaud, D., and Wolkenstein, P. (2012). Neurofibromatosis type 1: 
From genotype to phenotype. J. Med. Genet. 49, 483±489. 

Pasteur, L. (1858). 1RXYHDX[� IDLWV� FRQFHUQDQW� O¶KLVWRLUH� GH� OD� IHUPHQWDWLRQ� DOFRROLTXH��
Comptes Rendus Chim. 47, 1011±1013. 

Patterson, D. (2009). Molecular genetic analysis of Down syndrome. Hum. Genet. 126, 195±
214. 

Payen, C., Di Rienzi, S.C., Ong, G.T., Pogachar, J.L., Sanchez, J.C., Sunshine, A.B., 
Raghuraman, M.K., Brewer, B.J., and Dunham, M.J. (2014). The Dynamics of Diverse 
Segmental Amplifications in Populations of Saccharomyces cerevisiae Adapting to Strong 
Selection. G3 Genes, Genomes, Genet. 4, 399±409. 

Payne, A., Holmes, N., Rakyan, V., and Loose, M. (2019). BulkVis: a graphical viewer for 
Oxford nanopore bulk FAST5 files. Bioinformatics 35, 2193±2198. 

Peltier, E., Friedrich, A., Schacherer, J., and Marullo, P. (2019). Quantitative trait nucleotides 
impacting the technological performances of industrial saccharomyces cerevisiaestrains. 
Front. Genet. 10. 

Pérez-Ortín, J.E., Querol, A., Puig, S., and Barrio, E. (2002). Molecular characterization of 
a chromosomal rearrangement involved in the adaptive  evolution of yeast strains. Genome 



60 
 

Res. 12, 1533±1539. 

Peter, J., De Chiara, M., Friedrich, A., Yue, J.X., Pflieger, D., Bergström, A., Sigwalt, A., 
Barre, B., Freel, K., Llored, A., et al. (2018). Genome evolution across 1,011 Saccharomyces 
cerevisiae isolates. Nature 556, 339±344. 

Petr, M., Pääbo, S., Kelso, J., and Vernot, B. (2019). Limits of long-term selection against 
Neandertal introgression. Proc. Natl. Acad. Sci. U. S. A. 116, 1639±1644. 

Prüfer, K., de FilipSR��&���*URWH��6���0DIHVVRQL��)���.RUOHYLü��3���+DMGLQMDN��0���9HUQRW��%���
Skov, L., Hsieh, P., Peyrégne, S., et al. (2017). A high-coverage Neandertal genome from 
Vindija Cave in Croatia. Science 358, 655±658. 

Ramaswami, G., and Geschwind, D.H. (2018). Genetics of autism spectrum disorder. Handb. 
Clin. Neurol. 147, 321±329. 

Ratjen, F., Bell, S.C., Rowe, S.M., Goss, C.H., Quittner, A.L., and Bush, A. (2015). Cystic 
fibrosis. Nat. Rev. Dis. Prim. 1, 15010. 

Rees, D.C., Williams, T.N., and Gladwin, M.T. (2010). Sickle-cell disease. Lancet 376, 
2018±2031. 

Reich, D., Green, R.E., Kircher, M., Krause, J., Patterson, N., Durand, E.Y., Viola, B., 
Briggs, A.W., Stenzel, U., Johnson, P.L.F., et al. (2010). Genetic history of an archaic 
hominin group from Denisova Cave in Siberia. Nature 468, 1053±1060. 

Rhoads, A., and Au, K.F. (2015). PacBio Sequencing and Its Applications. Genomics, 
Proteomics Bioinforma. 13, 278±289. 

Rockman, M. V, Skrovanek, S.S., and Kruglyak, L. (2010). Selection at linked sites shapes 
heritable phenotypic variation in C. elegans. Science 330, 372±376. 

Rubin, G.M., Yandell, M.D., Wortman, J.R., Gabor Miklos, G.L., Nelson, C.R., Hariharan, 
I.K., Fortini, M.E., Li, P.W., Apweiler, R., Fleischmann, W., et al. (2000). Comparative 
genomics of the eukaryotes. Science 287, 2204±2215. 

Ryder, E., Ashburner, M., Bautista-Llacer, R., Drummond, J., Webster, J., Johnson, G., 
Morley, T., Chan, Y.S., Blows, F., Coulson, D., et al. (2007). The DrosDel deletion 
collection: a Drosophila genomewide chromosomal deficiency  resource. Genetics 177, 615±
629. 

Sanchez, M.R., Payen, C., Cheong, F., Hovde, B.T., Bissonnette, S., Arkin, A.P., Skerker, 
J.M., Brem, R.B., Caudy, A.A., and Dunham, M.J. (2019). Transposon insertional 
mutagenesis in Saccharomyces uvarum reveals trans-acting  effects influencing species-
dependent essential genes. Genome Res. 29, 396±406. 

Sandegren, L., and Andersson, D.I. (2009). Bacterial gene amplification: Implications for the 
evolution of antibiotic resistance. Nat. Rev. Microbiol. 7, 578±588. 

Sanger, F., Nicklen, S., and Coulson, A.R. (1977). DNA sequencing with chain-terminating 
inhibitors. Proc. Natl. Acad. Sci. U. S. A. 74, 5463±5467. 

Sanger, F., Coulson, A.R., Friedmann, T., Air, G.M., Barrell, B.G., Brown, N.L., Fiddes, 



 61 

J.C., Hutchison, C.A. 3rd, Slocombe, P.M., and Smith, M. (1978). The nucleotide sequence 
of bacteriophage phiX174. J. Mol. Biol. 125, 225±246. 

Sankararaman, S., Patterson, N., Li, H., Pääbo, S., and Reich, D. (2012). The date of 
interbreeding between Neandertals and modern humans. PLoS Genet. 8, e1002947. 

Sankararaman, S., Mallick, S., Patterson, N., and Reich, D. (2016). The Combined Landscape 
of Denisovan and Neanderthal Ancestry in Present-Day Humans. Curr. Biol. 26, 1241±1247. 

Santiago, M., Matano, L.M., Moussa, S.H., Gilmore, M.S., Walker, S., and Meredith, T.C. 
(2015). A new platform for ultra-high density Staphylococcus aureus transposon libraries. 
BMC Genomics 16, 252. 

Sauer, B., and Henderson, N. (1988). Site-specific DNA recombination in mammalian cells 
by the Cre recombinase of  bacteriophage P1. Proc. Natl. Acad. Sci. U. S. A. 85, 5166±5170. 

Schadt, E.E., Monks, S.A., Drake, T.A., Lusis, A.J., Che, N., Colinayo, V., Ruff, T.G., 
Milligan, S.B., Lamb, J.R., Cavet, G., et al. (2003). Genetics of gene expression surveyed in 
maize, mouse and man. Nature 422, 297±302. 

Schadt, E.E., Turner, S., and Kasarskis, A. (2010). A window into third-generation 
sequencing. Hum. Mol. Genet. 19, 227±240. 

Scopel, E.F.C., Hose, J., Bensasson, D., and Gasch, A.P. (2021). Genetic variation in 
aneuploidy prevalence and tolerance across Saccharomyces  cerevisiae lineages. Genetics 
217. 

Scossa, F., Alseekh, S., and Fernie, A.R. (2021). Integrating multi-omics data for crop 
improvement. J. Plant Physiol. 257, 153352. 

Scott, A.J., Chiang, C., and Hall, I.M. (2021). Structural variants are a major source of gene 
expression differences in humans and often affect multiple nearby genes. BioRxiv 
2021.03.06.434233. 

Segrè, A. V, Murray, A.W., and Leu, J.-Y. (2006). High-resolution mutation mapping reveals 
parallel experimental evolution in yeast. PLoS Biol. 4, e256. 

Selmecki, A.M., Maruvka, Y.E., Richmond, P.A., Guillet, M., Shoresh, N., Sorenson, A.L., 
De, S., Kishony, R., Michor, F., Dowell, R., et al. (2015). Polyploidy can drive rapid 
adaptation in yeast. Nature 519, 349±352. 

Sharon, E., Chen, S.-A.A., Khosla, N.M., Smith, J.D., Pritchard, J.K., and Fraser, H.B. 
(2018). Functional Genetic Variants Revealed by Massively Parallel Precise Genome 
Editing. Cell 1±14. 

Shendure, J., and Ji, H. (2008). Next-generation DNA sequencing. Nat. Biotechnol. 26, 
1135±1145. 

Shendure, J., Balasubramanian, S., Church, G.M., Gilbert, W., Rogers, J., Schloss, J.A., and 
Waterston, R.H. (2017). DNA sequencing at 40: past, present and future. Nature 550, 345±
353. 

Sherman, R.M., and Salzberg, S.L. (2020). Pan-genomics in the human genome era. Nat. 



62 
 

Rev. Genet. 21, 243±254. 

Shortle, D., Haber, J.E., and Botstein, D. (1982). Lethal disruption of the yeast actin gene by 
integrative DNA transformation. Science 217, 371±373. 

Signor, S.A., and Nuzhdin, S. V (2018). The Evolution of Gene Expression in cis and trans. 
Trends Genet. 34, 532±544. 

Simonti, C.N., Vernot, B., Bastarache, L., Bottinger, E., Carrell, D.S., Chisholm, R.L., 
Crosslin, D.R., Hebbring, S.J., Jarvik, G.P., Kullo, I.J., et al. (2016). The phenotypic legacy 
of admixture between modern humans and Neandertals. Science (80-. ). 351, 737±741. 

Skarnes, W.C., Rosen, B., West, A.P., Koutsourakis, M., Bushell, W., Iyer, V., Mujica, A.O., 
Thomas, M., Harrow, J., Cox, T., et al. (2011). A conditional knockout resource for the 
genome-wide study of mouse gene function. Nature 474, 337±342. 

Skelly, D.A., Merrihew, G.E., Riffle, M., Connelly, C.F., Kerr, E.O., Johansson, M., Jaschob, 
D., Graczyk, B., Shulman, N.J., Wakefield, J., et al. (2013). Integrative phenomics reveals 
insight into the structure of phenotypic diversity in  budding yeast. Genome Res. 23, 1496±
1504. 

Skov, L., Coll Macià, M., Sveinbjörnsson, G., Mafessoni, F., Lucotte, E.A., Einarsdóttir, 
M.S., Jonsson, H., Halldorsson, B., Gudbjartsson, D.F., Helgason, A., et al. (2020). The 
nature of Neanderthal introgression revealed by 27,566 Icelandic genomes. Nature 582, 78±
83. 

Soo, V.W.C., Hanson-Manful, P., and Patrick, W.M. (2011). Artificial gene amplification 
reveals an abundance of promiscuous resistance determinants in Escherichia coli. Proc. Natl. 
Acad. Sci. U. S. A. 108, 1484±1489. 

Souciet, J., Aigle, M., Artiguenave, F., Blandin, G., Bolotin-Fukuhara, M., Bon, E., Brottier, 
P., Casaregola, S., de Montigny, J., Dujon, B., et al. (2000). Genomic exploration of the 
hemiascomycetous yeasts: 1. A set of yeast species for  molecular evolution studies. FEBS 
Lett. 487, 3±12. 

Steenwyk, J.L., and Rokas, A. (2018). Copy Number Variation in Fungi and Its Implications 
for Wine Yeast Genetic Diversity  and Adaptation. Front. Microbiol. 9, 288. 

Steinmetz, L.M., Sinha, H., Richards, D.R., Spiegelman, J.I., Oefner, P.J., McCusker, J.H., 
and Davis, R.W. (2002). Dissecting the architecture of a quantitative trait locus in yeast. 
Nature 416, 326±330. 

Struhl, G. (1981). A gene product required for correct initiation of segmental determination 
in Drosophila. Nature 293, 36±41. 

Swinnen, S., Schaerlaekens, K., Pais, T., Claesen, J., Hubmann, G., Yang, Y., Demeke, M., 
Foulquié-Moreno, M.R., Goovaerts, A., Souvereyns, K., et al. (2012). Identification of novel 
causative genes determining the complex trait of high  ethanol tolerance in yeast using 
pooled-segregant whole-genome sequence analysis. Genome Res. 22, 975±984. 

Tam, V., Patel, N., Turcotte, M., Bossé, Y., Paré, G., and Meyre, D. (2019). Benefits and 
limitations of genome-wide association studies. Nat. Rev. Genet. 20, 467±484. 



 63 

Tan, Z., Hays, M., Cromie, G.A., Jeffery, E.W., Scott, A.C., Ahyong, V., Sirr, A., Skupin, 
A., and Dudley, A.M. (2013). Aneuploidy underlies a multicellular phenotypic switch. Proc. 
Natl. Acad. Sci. U. S. A. 110, 12367±12372. 

Tao, Y., Zhao, X., Mace, E., Henry, R., and Jordan, D. (2019). Exploring and Exploiting Pan-
genomics for Crop Improvement. Mol. Plant 12, 156±169. 

Tettelin, H., Masignani, V., Cieslewicz, M.J., Donati, C., Medini, D., Ward, N.L., Angiuoli, 
S. V, Crabtree, J., Jones, A.L., Durkin, A.S., et al. (2005). Genome analysis of multiple 
SDWKRJHQLF� LVRODWHV� RI� 6WUHSWRFRFFXV� DJDODFWLDH�� � LPSOLFDWLRQV� IRU� WKH� PLFURELDO� ³SDQ-
JHQRPH´��3URF��1DWO��$FDG��6FL��8��6��$��102, 13950±13955. 

The C. elegans Sequencing Consortium (1998). Genome sequence of the nematode C. 
elegans: a platform for investigating biology. Science 282, 2012±2018. 

The GTEx Consortium (2017). Genetic effects on gene expression across human tissues. 
Nature 550, 204±213. 

The GTEx Consortium (2020). The GTEx Consortium atlas of genetic regulatory effects 
across human tissues. Science 369, 1318±1330. 

Thierry, A., Khanna, V., Créno, S., Lafontaine, I., Ma, L., Bouchier, C., and Dujon, B. (2015). 
Macrotene chromosomes provide insights to a new mechanism of high-order gene 
amplification in eukaryotes. Nat. Commun. 6, 6154. 

Thierry, A., Khanna, V., and Dujon, B. (2016). Massive Amplification at an Unselected 
Locus Accompanies Complex Chromosomal Rearrangements in Yeast. G3 (Bethesda). 6, 
1201±1215. 

Timmons, L., Court, D.L., and Fire, A. (2001). Ingestion of bacterially expressed dsRNAs 
can produce specific and potent genetic  interference in Caenorhabditis elegans. Gene 263, 
103±112. 

Tirosh, I., Barkai, N., and Verstrepen, K.J. (2009). Promoter architecture and the evolvability 
of gene expression. J. Biol. 8, 95. 

Todd, R.T., and Selmecki, A. (2020). Expandable and reversible copy number amplification 
drives rapid adaptation to antifungal drugs. Elife 9, 1±33. 

Todd, R.T., Forche, A., and Selmecki, A. (2017). Ploidy Variation in Fungi: Polyploidy, 
Aneuploidy, and Genome Evolution. Microbiol. Spectr. 5. 

Torres, E.M., Sokolsky, T., Tucker, C.M., Chan, L.Y., Boselli, M., Dunham, M.J., and Amon, 
A. (2007). Effects of aneuploidy on cellular physiology and cell division in haploid yeast. 
Science 317, 916±924. 

Venter, J.C., Adams, M.D., Myers, E.W., Li, P.W., Mural, R.J., Sutton, G.G., Smith, H.O., 
Yandell, M., Evans, C.A., Holt, R.A., et al. (2001). The sequence of the human genome. 
Science 291, 1304±1351. 

Visscher, P.M., Wray, N.R., Zhang, Q., Sklar, P., McCarthy, M.I., Brown, M.A., and Yang, 
J. (2017). 10 Years of GWAS Discovery: Biology, Function, and Translation. Am. J. Hum. 
Genet. 101, 5±22. 



64 
 

Vu, V., Verster, A.J., Schertzberg, M., Chuluunbaatar, T., Spensley, M., Pajkic, D., Hart, 
G.T., Moffat, J., and Fraser, A.G. (2015). Natural Variation in Gene Expression Modulates 
the Severity of Mutant Phenotypes. Cell 162, 391±402. 

Wach, A., Brachat, A., Pöhlmann, R., and Philippsen, P. (1994). New heterologous modules 
for classical or PCR-based gene disruptions in Saccharomyces cerevisiae. Yeast 10, 1793±
1808. 

:DWDQDEH��.���6WULQJHU��6���)UHL��2���8PLüHYLü�0LUNRY��0���GH�/HHXZ��&���3ROGHUPDQ��7�-�&���
van der Sluis, S., Andreassen, O.A., Neale, B.M., and Posthuma, D. (2019). A global 
overview of pleiotropy and genetic architecture in complex traits. Nat. Genet. 51, 1339±1348. 

Waterston, R.H., Lindblad-Toh, K., Birney, E., Rogers, J., Abril, J.F., Agarwal, P., Agarwala, 
R., Ainscough, R., Alexandersson, M., An, P., et al. (2002). Initial sequencing and 
comparative analysis of the mouse genome. Nature 420, 520±562. 

Watson, J.D., and Crick, F.H.C. (1953). Molecular Structure of Nucleic Acids: A Structure 
for Deoxyribose Nucleic Acid. Nature 171, 737±738. 

Weiss, C. V., Chuong, J.N., and Brem, R.B. (2019). Genetic Mapping of Thermotolerance 
Differences Between Species of Saccharomyces Yeast via Genome-Wide Reciprocal 
Hemizygosity Analysis. J. Vis. Exp. 1±8. 

Wenger, A.M., Peluso, P., Rowell, W.J., Chang, P.-C., Hall, R.J., Concepcion, G.T., Ebler, 
J., Fungtammasan, A., Kolesnikov, A., Olson, N.D., et al. (2019). Accurate circular 
consensus long-read sequencing improves variant detection and  assembly of a human 
genome. Nat. Biotechnol. 37, 1155±1162. 

Wheeler, D.A., Srinivasan, M., Egholm, M., Shen, Y., Chen, L., McGuire, A., He, W., Chen, 
Y.J., Makhijani, V., Roth, G.T., et al. (2008). The complete genome of an individual by 
massively parallel DNA sequencing. Nature 452, 872±876. 

Winzeler, E.A., Shoemaker, D.D., Astromoff, A., Liang, H., Anderson, K., Andre, B., 
Bangham, R., Benito, R., Boeke, J.D., Bussey, H., et al. (1999). Functional characterization 
of the S. cerevisiae genome by gene deletion and  parallel analysis. Science 285, 901±906. 

Wittkopp, P.J. (2005). Genomic sources of regulatory variation in cis and in trans. Cell. Mol. 
Life Sci. 62, 1779±1783. 

Wittkopp, P.J., and Kalay, G. (2011). Cis-regulatory elements: molecular mechanisms and 
evolutionary processes underlying  divergence. Nat. Rev. Genet. 13, 59±69. 

Wolfe, K.H. (2015). Origin of the yeast whole-genome duplication. PLoS Biol. 13, 1±7. 

Wolfe, K.H., and Shields, D.C. (1997). Molecular evidence for an ancient duplication of the 
entire yeast genome. Nature 387, 708±713. 

Wood, A.R., Esko, T., Yang, J., Vedantam, S., Pers, T.H., Gustafsson, S., Chu, A.Y., Estrada, 
K., Luan, J., Kutalik, Z., et al. (2014). Defining the role of common variation in the genomic 
and biological architecture of adult human height. Nat. Genet. 46, 1173±1186. 

Yamamoto, F.I., Clausen, H., White, T., Marken, J., and Hakomori, S.I. (1990). Molecular 
genetic basis of the histo-blood group ABO system. Nature 345, 229±233. 



 65 

Yang, M.A., Malaspinas, A.-S., Durand, E.Y., and Slatkin, M. (2012). Ancient Structure in 
Africa Unlikely to Explain Neanderthal and Non-African Genetic Similarity. Mol. Biol. Evol. 
29, 2987±2995. 

Yengo, L., Sidorenko, J., Kemper, K.E., Zheng, Z., Wood, A.R., Weedon, M.N., Frayling, 
T.M., Hirschhorn, J., Yang, J., and Visscher, P.M. (2018). Meta-analysis of genome-wide 
association studies for height and body mass index in ~700 000 individuals of European 
ancestry. Hum. Mol. Genet. 27, 3641±3649. 

Yona, A.H., Manor, Y.S., Herbst, R.H., Romano, G.H., Mitchell, A., Kupiec, M., Pilpel, Y., 
and Dahan, O. (2012). Chromosomal duplication is a transient evolutionary solution to stress. 
Proc. Natl. Acad. Sci. U. S. A. 109, 21010±21015. 

Yvert, G., Brem, R.B., Whittle, J., Akey, J.M., Foss, E., Smith, E.N., Mackelprang, R., and 
Kruglyak, L. (2003). Trans-acting regulatory variation in Saccharomyces cerevisiae and the 
role of transcription factors. Nat. Genet. 35, 57±64. 

Yvert, G., Ohnuki, S., Nogami, S., Imanaga, Y., Fehrmann, S., Schacherer, J., and Ohya, Y. 
(2013). Single-cell phenomics reveals intra-species variation of phenotypic noise in yeast. 
BMC Syst. Biol. 7, 54. 

Zarrei, M., MacDonald, J.R., Merico, D., and Scherer, S.W. (2015). A copy number variation 
map of the human genome. Nat. Rev. Genet. 16, 172±183. 

Zou, Y., Xue, W., Luo, G., Deng, Z., Qin, P., Guo, R., Sun, H., Xia, Y., Liang, S., Dai, Y., 
et al. (2019). 1,520 Reference Genomes From Cultivated Human Gut Bacteria Enable 
Functional Microbiome Analyses. Nat. Biotechnol. 37, 179±185. 

 
  



66 
 

 
  



67 
 

98(�'¶(16(0%/(�'8�352-(7� 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



68 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



69 
 

/D�FRPSUpKHQVLRQ�GH�O¶RULJLQH�JpQpWLTXH�GH�OD�YDULDQFH�SKpQRW\SLTXH�REVHUYpH�DX�
sein de populations naturelles est une problématique majeure en biologie. En effet, 
FHWWH�YDULDQFH�UHSRVH�HQ�PDMRULWp�VXU�GHV�RULJLQHV�JpQpWLTXHV�FRPSOH[HV��F¶HVW-à-dire 
que plXVLHXUV�YDULDQWV�VRQW�UHVSRQVDEOHV�GX�WUDLW�pWXGLp�SDU�GHV�HIIHWV�G¶DGGLWLYLWp��GH�
GRPLQDQFH� RX� PrPH� G¶LQWHUDFWLRQ�� &HV� GHUQLqUHV� GpFHQQLHV�� OHV� QRPEUHXVHV�
avancées technologiques, notamment dans le cadre du séquençage des génomes, ont 
SHUPLV�G¶DYRLU�XQH�SUHPLqUH�YXH�G¶HQVHPEOH�GHV�YDULDQWV�JpQpWLTXHV�SUpVHQWV�DX�VHLQ�
de populations naturelles. Le nombre et le type de variants génétiques, allant de 
variations nucléotidiques à de larges remaniements génomiques, révèlent ainsi une 
diversité importante des génRPHV�DX�VHLQ�GHV�HVSqFHV��¬�O¶KHXUH�DFWXHOOH��GLYHUVHV�
stratégies ± GH� JpQpWLTXH� FODVVLTXH�� G¶DQDO\VHV� GH� OLDLVRQ� RX� HQFRUH� G¶pWXGHV�
G¶DVVRFLDWLRQ�SDQJpQRPLTXH�± ont permis de poser les premières bases permettant 
G¶H[SORUHU�OD�UHODWLRQ�HQWUH�JpQRW\SH-phénoW\SH�DX�VHLQ�G¶RUJDQLVPHV�PRGqOHV�RX�GH�
SRSXODWLRQV� KXPDLQHV�� &HSHQGDQW�� O¶HQVHPEOH� GH� OD� FRPSOH[LWp� GHV� WUDLWV� UHVWH�
GLIILFLOH� j� FDSWXUHU� HW� OHV� YDULDQWV� GpWHFWpV� Q¶H[SOLTXHQW� TX¶HQ� SDUWLH� OD� YDULDQFH�
phénotypique observée. De nombreux facteurs sont limitants dans ces études tels que 
OH�QRPEUH�G¶LQGLYLGXV�RX�GH�SKpQRW\SHV�LQFOXV�SDU�H[HPSOH�� 
 
/¶REMHFWLI�GH�PRQ�SURMHW�GH�WKqVH�D�FRQVLVWp�j�WLUHU�SURILW�GHV�DYDQFpHV�WHFKQRORJLTXHV�
HW�GHV�UHVVRXUFHV�j�GLVSRVLWLRQ�DILQ�GH�PLHX[�FDUDFWpULVHU�O¶RULJLQH�JpQpWLTXe de la 
complexité des traits. Pour cela, la levure Saccharomyces cerevisiae est un modèle 
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 entièrement séquencée. 
&DUDFWpULVWLTXH� GH� OD� GLYHUVLWp� JpRJUDSKLTXH� HW� pFRORJLTXH� GH� O¶HVSqFH�� FHWWH�
FROOHFWLRQ� SHUPHW� G¶DYRLU� XQH� ERQQH� UHSUpVHQWDWLYLWp� GH� OD� GLYHUVLWp� JpQpWLTXH�� HW�
représente les fondations de cette exploration.  
 
0DOJUp� OD� GLVSRQLELOLWp� GH� QRPEUHX[� RXWLOV� JpQpWLTXHV� HW� PROpFXODLUHV� HW� G¶XQH�
collection de plus de 1000 individus génétiquement divers pour cette espèce de 
OHYXUH�� OD� FDUDFWpULVDWLRQ� GH� O¶DUFKLWHFWXUH� JpQpWLTXH� GHV� WUDLWs reste limitée au 
QRPEUH�GH�SKpQRW\SHV�pWXGLpV��8QH�pWXGH�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�UpDOLVpH�SRXU�
36 conditions de croissance a, par exemple, permis de mettre en évidence des 
YDULDQWV�JpQpWLTXHV��613�RX�&19��Q¶H[SOLTXDQW�TX¶XQH�IDLEOH�SDUWLH�GH�OD�YDULDQce 
phénotypique observée, à savoir, en moyenne et respectivement, 4,49% ou 36,8%. 
$ILQ�G¶HQJOREHU� XQ� QRXYHO� DVSHFW� GH� O¶pWDEOLVVHPHQW�GHV� SKpQRW\SHV�� QRXV� DYRQV�
alors considéré une des étapes intermédiaires entre le génotype et le phénotype final, 
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à savoir le niveau de transcription des ~6000 gènes constituant le génome de 
S. cerevisiae��/¶DQDO\VH�GH�OD�YDULDWLRQ�GH�O¶H[SUHVVLRQ�GHV�JqQHV�HW�GH�OHXU�UpJXODWLRQ�
JpQpWLTXH�IDLW�O¶REMHW�GH�PRQ�premier chapitre. Deux objectifs majeurs se dégagent 
de cet axe. Le premier repose sur des aspects techniques et le défi que représente la 
« génération ª�GHV� WUDQVFULSWRPHV�G¶XQ�PLOOLHU�G¶LQGLYLGXV��/H�VHFRQG�FRQVLVWH�HQ�
O¶DQDO\VH�GHV�RULJLQHV�JpQpWLTXHV�GH� OD� UpJXODWLRQ�GH� O¶H[SUHVVLRQ�GHV�JqQHV�FKH]�
S. cerevisiae sur la EDVH�GH�O¶HQVHPEOH�GHV�GRQQpHV�JpQpUpHV. Une stratégie à haut-
GpELW�G¶H[WUDFWLRQ�HW�GH�VpTXHQoDJH��51$-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 à mettre en évidence les caractéristiques des variations de 
O¶H[SUHVVLRQ�GHV�JqQHV�DX�VHLQ�GH�O¶HVSqFH�HW�G¶HQ�GpWHUPLQHU�OHV�RULJLQHV�JpQpWLTXHV��
Ainsi, une exploration des modules de co-H[SUHVVLRQ� GDQV� O¶HVSqFH� D� UpYpOp� OHV�
processus les plus exprimés, à savoir la synthèse protéique et la glycolyse 
notamment, et les réseaux de gènes les moins exprimés. Ces gènes peu exprimés sont 
DFFHVVRLUHV�� F¶HVW-à-dire absents de certains génomes, ou impliqués dans les 
processus méiotiques et la reproduction sexuée. Ces résultats ont pu être mis en lien 
HW�FRQILUPpV�UHVSHFWLYHPHQW�SDU�O¶DQDO\VH�GH�O¶H[SUHVVLRQ�GHV�JqQHV�j�O¶pFKHOOH�GX�
pangénome et par des signatures transcriptionnelles associées à la ploïdie des isolats. 
Des signatures transcriptionnelles spécifiques à 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 
G¶DQDO\VHU�OD�UpJXODWLRQ�GH�OD�WUDQVFULSWLRQ�GHV�JqQHV��3DU�H[HPSOH��XQ�PpFDQLVPH�
GH�FRPSHQVDWLRQ�GH�O¶H[Sression des gènes est constaté en réponse aux variations du 
QRPEUH� GH� FRSLHV� GDQV� OHV� JpQRPHV�� eJDOHPHQW�� XQH� pWXGH� G¶DVVRFLDWLRQ�
SDQJpQRPLTXH� D� SX� rWUH� UpDOLVpH� HQ� FRQVLGpUDQW� OD� YDULDWLRQ� G¶H[SUHVVLRQ� SRXU�
chaque gène dans 969 isolats comme un phénotype. &HWWH�pWXGH�G¶DVVRFLDWLRQ�D�PLV�
HQ�pYLGHQFH�GHV�YDULDQWV�JpQpWLTXHV�UpJXODWHXUV��RX�H47/��LQIOXHQoDQW�O¶H[SUHVVLRQ�
des gènes à distance ou localement ainsi que leur contribution à la variance 
phénotypique. Ces travaux ont ainsi fourni pour la première fois une vision 
G¶HQVHPEOH� GH� OD� UpJXODWLRQ� JpQpWLTXH� GH� O¶H[SUHVVLRQ� GHV� JqQHV� DX� VHLQ� G¶XQH�
population de plusieurs centaines de levures.  
 
'DQV�O¶H[SORUDWLRQ�GHV�UHODWLRQV�JpQRW\SH-phénotype, il a été mis en évidence une 
complexité sous-jacente même dans des cas dits simples ou monogéniques. En effet, 
DORUV�TXH�GDQV�FHV�FDV��XQH�PXWDWLRQ�HVW�UHVSRQVDEOH�G¶XQ�SKpQRW\SH��O¶LPSDFW�GX�
fonds génétique des individus avec la mutation peut entraîner une variation du 
SKpQRW\SH�UpVXOWDQW��VpYpULWp��GpODLV�G¶DSSDULWLRQ�SRXU�XQH�PDODGLH��SDU�H[HPSOH���
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&HSHQGDQW�� OD� SUpYDOHQFH�GH� FHV� HIIHWV� GX� IRQGV� JpQpWLTXH� GDQV� OHV� JpQRPHV� Q¶D�
jamais été estimée et caraFWpULVpH�j�O¶pFKHOOH�G¶XQH�HVSqFH��0RQ�second chapitre 
H[SORUH�DLQVL�FHWWH�SUREOpPDWLTXH�j�O¶DLGH�G¶XQH�VWUDWpJLH�KDXW-débit de saturation des 
génomes en transposons, appliquée à plus de 100 isolats naturels de S. cerevisiae 
représentatifs de la diversité GH� O¶HVSqFH�� 1RXV� DYRQV, dans ce cadre, pu étudier 
O¶LPSDFW�GH�SOXVLHXUV�PLOOLHUV�G¶LQWHUUXSWLRQV�GH�JqQHV�SDU�GHV�WUDQVSRVRQV�GDQV�FHV�
GLIIpUHQWV�IRQGV�JpQpWLTXHV��/H�VpTXHQoDJH�SXLV�OD�FRPSDUDLVRQ�GHV�VLWHV�G¶LQVHUWLRQ�
des transposons dans les génomes révèlent des motifs particuliers dans les gènes et 
leurs régions adjacentes, VHORQ�O¶LPSDFW�SKpQRW\SLTXH�HQJHQGUp�SDU� OHV�LQVHUWLRQV��
8QH�DEVHQFH�GH�GpWHFWLRQ�G¶LQVHUWLRQV�GH�WUDQVSRVRQV�GDQV�XQ�JqQH�HW�VRQ�SURPRWHXU�
reflète une perte de fitness engendrée paU� O¶LQVHUWLRQ��¬� O¶LQYHUVH�� GH�QRPEUHXVHV�
LQVHUWLRQV�VRQW�GpWHFWpHV�GDQV�OHV�JqQHV�SRXU�OHVTXHOV�O¶LQVHUWLRQ�GH�WUDQVSRVRQ�Q¶D�
SDV�G¶HIIHW�PDMHXU�VXU�OH�ILWQHVV��8Q�PRGqOH�ORJLVWLTXH�EDVp�VXU�FHV�PRWLIV�SDUWLFXOLHUV�
D�pWp�PLV�HQ�SODFH�DILQ�GH�SUpGLUH�O¶LPSDFW�G¶XQH�SHUWH�GH�IRQFWLRQ�SRXU�FKDTXH�JqQH�
sur le fitness du fonds génétique considéré. Ces valeurs prédictives ont ainsi permis 
G¶HVWLPHU�OD�SURSRUWLRQ�j�O¶pFKHOOH�GX�JpQRPH�GH�JDLQ�HW�GH�SHUWH�GH�ILWQHVV�GDQV�OHV�
différents fonds génétiques par rapport j�OD�VRXFKH�GH�UpIpUHQFH�6���&��/¶DQDO\VH�
des gènes impactés par ces effets du fonds génétique révèle des évènements de 
YDULDWLRQ� GH� ILWQHVV� OLpHV� j� O¶HQYLURQQHPHQW�� j� VDYRLU� XQH� FRPSpWLWLRQ� HQ� PLOLHX�
composé de galactose ainsi que des évènements plus rares (~1/3) strictement liés au 
fonds génétique.  
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CHAPITRE I  

 
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 
(Lee et al., 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 trans-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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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 = 5,59.10-12) was found as well as for ADP 
metabolic (p-value = 1,78.10-11) and glycolytic processes (p-value = 2,09.10-09). The 
enrichments for cytoplasmic translation and, this time, ATP metabolic processes are 
even stronger in the second most expressed gene module (p-value = 1,30.10-85 and 
1,64.10-14 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 < 2,2.10-16). 
This subgroup also displayed an enrichment for unannotated genes (p-value = 
5,76.10-55, Table S5) and genes involved in component for morphogenesis and in the 
meiotic cell cycle process (p-values = 1,01.10-06 and 4,85.10-05 respectively, Table 
S5). As an example, the master meiosis regulator IME1 (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 
= 4,11.10-09), thiamine-containing compound metabolic process (p-value = 4,95.10-

05) or maltose metabolic process (p-value = 7,67.10-05). 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 = 1,08.10-20) (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 GAL80 genes were overexpressed as well as calcium 
ion transport genes (VCX1, RCH1, YVC1 and PMC1) 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 SSU1 
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-Ortín et al., 2002; Zimmer et 
al., 2014) as well as an inversion (García-Ríos and Guillamón, 2019) were identified 
in wine isolates as responsible of an overexpression of the SSU1 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 = 
3,32.10-05) (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; Gonçalves 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 = 2,21.10-43, 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 = 3,10.10-23) (Table S16). Finally, an enrichment for 
ATP metabolic (p-value = 9,25.10-09) and ergosterol biosynthetic processes (p-value 
= 1,82.10-12) 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 = 9,75.10-11) with different processes such as conjugation (p-
value = 1,27.10-18) and response to pheromone (p-value = 3,77.10-16) (Table S18). 
Furthermore, genes with the higher fold change are the mating pheromone factor a 
and Į genes (MF(ALPHA)1 and MFA2) and the receptors for the a and Į factor 
pheromone genes (STE3 and STE2), 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 Į (Figure 3F). Finally, a strong enrichment in ribosome 
biogenesis was observed for the downregulated genes in this set of haploid strains 
(p-value = 6,90.10-119) (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 
³UHSURGXFWLRQ´�SURFHVV�*2�WHUP�LQ�WKH�����KDSORLG�LVRODWHV. 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 
AQY1 to YPR204W genes. This duplicated region is present in both wild and 
domesticated lineages (Bergström 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 ARR1-3 genes duplication in S. cerevisiae 
as well as in its sister species Saccharomyces paradoxus (Bergström 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. 

 

 

 

  



92 
 

 
 

 



93 
 

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 = 8,09.10-20, 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-04.  
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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 (eQTL) 
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). 
 
 
 
 
 
 
 
 
  



100 
 

  



101 
 

 
 
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 GAL80 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 = 4,216e-08). 
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 = 4,7.10-04 and 1,32.10-01 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 = 1,17.10-01 and 1,58.10-01 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 genH�DV�ZHOO�DV�LQ�WKH��¶-
XQWUDQVODWHG� WUDQVFULEHG� UHJLRQ� ��¶-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 (Horák, 2013; Johnston, 1987). GAL3p is 
a repressor 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, GAL80 expression is 
regulated by two distant eQTL located in the PRM5 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 GAL80 expression is not completely explained 
by these detected cis- and trans-eQTL. The genetic basis of GAL80 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 SSU1 gene in the wine subpopulation (1.). Interestingly, 
the SSU1 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 
SSU1 gene have been described in the wine strains for sulfite tolerance (García-Ríos 
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and Guillamón, 2019; Pérez-Ortín 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-
Ortín 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 SSU1 gene and thus 
lead to an upregulation. Indeed, compared to other natural isolates, the 23 isolates 
heterozygous for the translocations significantly overexpressed SSU1 gene (Figure 
S7D). The strong SSU1 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 5E). 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 
LQWURJUHVVLRQ� HYHQWV� WKHUHE\� GLGQ¶W� UHVXOW� LQ� KLJKHU� GLIIHUHQWLDO� H[SUHVVLRQ� OHYHOV�
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 
�'¶$QJLROR�HW�DO���������3HWHU�HW�DO��������.  
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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 SSU1, 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-Ortín 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 (Bergström et al., 2014; Gonçalves 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), 
Ȉ1278b 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-FLWUDWH�EXIIHU����ௗP0��S+������EHIRUH�D�51DVH�$�WUHDWPHQW�������J�P/���7R�
avoid cell aggregates, each sample was sonicated followed by the DNA labelling 
ZLWK�SURSLGLXP�LRGLGH����ௗ�J�P/���D�IOXRUescent intercalating agent. DNA content 
ZDV� WKHQ�TXDQWLILHG�XVLQJ� WKH����ௗQP�H[FLWDWLRQ� ODVHU�RI� WKH�$FFXUL�&��SOXV�IORZ�
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, 750µL of cells are transferred in sterile 0.45µM 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)25 residues which can hybridize the polyA tails of mRNA. A final volume 
of 10µL of purified mRNA was obtained to prepare the sequencing library.  

Sequencing libraries were prepared with the NEBNext® 8OWUD��,,�'LUHFWLRQDO�51$�
Library Prep Kit for Illumina (NEB, #E7765L) still in 96-well plates. The 3-step 
protocol was followed and adapted for around 10ng of intact RNA in 5µL. The first 
step consisted in cDNA synthesis from 5µL of purified mRNA. The purified mRNA 
were fragmented during 15 minutes at 94°C and the two cDNA strands were 
successively synthesized. The cDNA were then purified using NEBNext sample 
purification magnetic beads and eluted in 50µL of 0.1X Tris-EDTA buffer. Dual 
index duplex adapters were ligated to the cDNA in the second step. In total, 96 
combinations of TS HT dual index duplex mixed adapters from IDT® (Integrated 
DNA Technologies®) were used and each prepped DNA was assembled to a unique 
barcode combination, 2.5µL at 2µM. The adaptor-ligated DNA were purified using 
NEBNext sample purification magnetic beads and eluted in 15µL of 0.1X Tris-
EDTA buffer. A final PCR enrichment of the barcoded DNA was performed in a 9-
F\FOH� DPSOLILFDWLRQ� XVLQJ� ,OOXPLQD� 3�� DQG� 3�� XQLYHUVDO� SULPHUV� �3�� ,'7� �� �¶-
AATGATACGGCGACCACCGA-�¶� �� 3�� ,'7� �� �¶-
CAAGCAGAAGACGGCATACGA-�¶��� ���/� RI� ILQDO� EDUFRGHG� '1$� ZHUH�
purified and eluted in 0.1X Tris-EDTA buffer. 

For each sample, the final barcoded DNA was quantified XVLQJ�WKH�4XELW��GV'1$�
+6� $VVD\� .LW� �,QYLWURJHQ�� in 96-well plate with a microplate reader (Tecan 
Infinite F200 Pro), excitation laser set at 485nm and emission laser at 528nm. All 
the samples from the 96-well plate with a concentration higher than 1ng/µL were 
grouped with the same amount of DNA, 20ng, for each. The DNA integrity of the 
pool was controlled on 1% agarose gel and quantified on Nanodrop and Qubit using 
WKH�4XELW��GV'1$�+6�$VVD\�.LW��,QYLWURJHQ��� 

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 
RWKHUZLVH�VWDWHG��6LJQLILFDQW�HQULFKPHQW�ZDV�FRQVLGHUHG�XQGHU�³3URFHVV´�RQWRORJ\�
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 

https://www.yeastgenome.org/goTermFinder
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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 (GWAS)  

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 5th 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):  

ݏݐ݊ݑ݋ܿ�݈݈݈݁݁ܽ�݁ݒ݅ݐܽ݊ݎ݁ݐ݈ܽ
ݏݐ݊ݑ݋ܿ�݈݈݈݁݁ܽ�݁ܿ݊݁ݎ݂݁݁ݎ ൅  ݏݐ݊ݑ݋ܿ�݈݈݈݁݁ܽ�݁ݒ݅ݐܽ݊ݎ݁ݐ݈ܽ

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 Ȥ2 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 > 0.5 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 
RFFXUUHQFHV� RI� WKHVH� JHQHV� LQ� HDFK� FODGH�� :H� WKHQ� DSSOLHG� )LVKHU¶V� H[DFW� WHVWV�
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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 SSU1 gene was explored to detect translocations previously 
described (García-Ríos and Guillamón, 2019; Pérez-Ortín 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 SSU1 locus ± no translocation, FY4xFY5 diploid isolate  
- the VIII-t-XVI translocation, ABD isolate, similar to Y9 (Pérez-Ortín 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-Ortín 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, etc. 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 
S7I). 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/b3307r7u1cahb8c/AADCxC-N353oEBjP9S4_EFK4a?dl=0 
 

 

Supplementary figures 

 
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. 
  

https://www.dropbox.com/sh/b3307r7u1cahb8c/AADCxC-N353oEBjP9S4_EFK4a?dl=0
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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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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, 
*** p-value < 0.001, **** p-value < 1e-04. (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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Figure S5. Gene expression in the pangenome. (A.) Distribution of the number of each 
ORF 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. 
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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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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.) SSU1 gene 
expression variation between 23 isolates carrying a PCR-validated translocation on one of 
the two chromosomes and other isolates without a characterized SSU1 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-D[LV��� 7KH� SRLQWV¶� FRORU�
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 
SRLQWV¶� FRORU� KLJKOLJKWV� LI� WKH� GLIIHUHQFH� EHWZHHQ� WKH� PHDQ� RI� LQWURJUHVVHG� DQG� QRQ-
introgressed AAR is significant (using Wilcoxon test, p-value adjusted with Bonferroni 
correction).  
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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; Vu et al., 2015; Wang 
et al., 2015). In yeast, a hallmark study comparing systematic gene deletion 
collections in two laboratory strains, 61278b 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 Illumina 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 
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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).  

 
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 61278b 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 
backgrounds. The distance matrix was calculated using the Euclidean distance method. The 
genetic origin of each isolate was color-coded, and the total insertion numbers per isolate was 
represented by dot size under the origin color code. Genes annotated as essential in the 
reference S288C are highlighted in black, and genes annotated as either galactose or 
respiration related are highlighted in yellow on the sidebars. Genes within duplicated 
chromosomes were removed (yellow bars on heatmap). Biological processes that are 
enriched in subclusters are annotated.  
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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. ����������LQ�WKH�EDFNJURXQG��)LVFKHU¶V�H[DFW�WHVW�
P-value = 0.82). By contrast, these respiration-related genes are significantly over-
represented in the remaining group (140/453 vs. 691��������)LVFKHU¶V�H[DFW�WHVW�3-
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 (SPT7, SPT8, SWC4, SWC5, 
ARP6, ARP7, SIN3, RKR1, YAF9, UME1, NGG1, CHD1, STH1, for example) as well 
as genes involved in nuclear-cytoplasmic protein transfer (KAP120, KAP122, 
KAP123, 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 PMT1, PMT2 and GET2, which are involved in ER 
related glycosylation and are known to have physical interactions. The functional 
enrichments in the anti-FRUUHODWHG�VXEJURXSV�VXJJHVW�D�SRWHQWLDO�³UHZLUH´�EHWZHHQ�
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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.  
 

 
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 
for hits that impact different numbers of genetic backgrounds. A cut-off of |z-statistics| > 3 
is indicated with dotted lines.   
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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 
SDLUZLVH� 3HDUVRQ¶V� FRUUHODWLRQ�� *HQH� HVVHQWLDOLW\� DQQRWDWLRQV� DUH� LQGLFDWHG� RQ� WKH� XSSHU�
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 = 1.49, 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 5. 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-VLGHG�)LVFKHU¶V�H[DFW�WHVW��  
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(Figure 5.) Global enrichment for background-specific (blue) and environment-related 
(orange) hits are presented on the left panel, and strain-centric enrichments are on the right 
panel. Enrichments with a p-value < 0.05 are shown. (B.) Predicted fitness for genes 
annotated in Respiration/mitochondrial targeting, Transcription and chromatin organization 
and Nuclear-cytoplasmic transport in the reference S288C. Genes in different processes are 
color-coded according to the predicted fitness probability, toward 1 (blue) for healthy/non-
essential genes and 0 (red) for sick/essential genes. Detailed annotated version of this chart 
can be found in Figure S5A. (C.) Predicted fitness in other backgrounds compared to the 
reference S288C. Blue squares represent a switch from healthy to sick (loss-of-fitness) and 
orange squares represent a switch from sick to healthy (gain-of-fitness) for any given gene in 
a given background. All 38 isolates are shown in Figure S5B. 
  



156 
 

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 (RIM8 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 
(OST1, OPI3 and FAB1). 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.  
 

 
 
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 YN00 
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 µg/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 µg/mL). To avoid cell aggregates, each sample 
was sonicated then the DNA was labelled with propidium iodide (16 µg/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 µg 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 
.LW��7KHUPR�6FLHQWLILF����7KH�FRQVWUXFWLRQ�ZDV�YHULILHG�XVLQJ�HQ]\PDWLF�GLJHVWLRQ�
with KpnI and PvuI.  
 
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 µL 
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 
0DVWHU3XUH��<HDVW�'1$�3XULILFDWLRQ�.LW��/XFLJHQ���&HOOV�ZHUH�O\VHG�XVLQJ�D�O\VLV�
solution supplemented in zymolyase 20T (1.5 mg/ml). Proteins and cellular debris 
were removed with the MPC Protein Precipitation Reagent and several RNase A 
treatments were realized to eliminate RNA. gDNA was then precipitate with ethanol. 
The pellet was washed twice with 70% ethanol and resuspended in 80 µl of water. 
The gDNA sample integrity was controlled on 1% agarose gel and quantified on 
1DQRGURS�DQG�4XELW�XVLQJ�WKH�4XELW��GV'1$�%5�$VVD\�.LW��,QYLWURJHQ������[���
µg of gDNA were digested in parallel with 50 units of DpnII (NEB #R0543L) and 
NlaIII (NEB #R0125L) in 50 µl for 16h at 37°C. The enzymatic reactions were 
inactivated for 20 min at 65°C and DNA fragments were ligated with 25 Weiss units 
of T4 Ligase (Thermo Scientific #EL0011) in a total volume of 400µLlfor 6h at 
22°C. Circular DNA were then precipitated overnight at -20°C with ethanol, salt 
(NaOAc 3M pH5.2) and glycogen. After an 70% ethanol wash, the DNA pellet was 
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resuspended in 50µL of water. The junction between the genomic region and the 
transposon insertion site was amplified on both DpnII and NlaIII digested and re-
circularized gDNA by PCR using outward-facing primers targeting the transposon. 
The PCR products were controlled on 1% agarose gel and displayed variable sizes 
FHQWUHG�DURXQG�����ES��1DQRGURS�DQG�4XELW�XVLQJ�WKH�4XELW��GV'1$�%5�$VVD\�
Kit (,QYLWURJHQ���TXDQWLILFDWLRQV�ZHUH�WKHQ�SHUIRUPHG�WR�SRRO�WKH�VDPH�DPRXQW�RI�
NlaIII-digested and DpnII-digested PCR products. For each sample, at least 6 µg at 
minimum 30 ng/µl 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 Illumina 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 

x 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 
³LQYLDEOH´��H[FOXVLYHO\�IRU�DQQRWDWLRQV�ZLWK�JHQH�GHOHWLRQ�LQ�WKH�6���&�EDFNJURXQG��
Respiration related gene annotations were obtained from SGD with the phenotype 
³UHVSLUDWLRQ��DEVHQW´�DIter 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 
FRQVWUXFWHG� XVLQJ� WKH� JOP��� IXQFWLRQ� IURP� WKH�5� SDFNDJH� ³VWDWV´�� XVLQJ� LQVHUWLRQ�
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 
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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-YDOLGDWLRQ� ZDV� SHUIRUPHG� XVLQJ� WKH� 5� SDFNDJH� ³FDUHW´�� ZLWK�
WUDLQ&RQWURO���DQG�WUDLQ���IXQFWLRQV��PHWKRG� �³JOP´��IDPLO\� �³ELQRPLDO´���&URVV-
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.  
 

x 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 
WKH�5�SDFNDJH�³LPSXWH´��ZLWK�N� �����URZPD[� �����DQG�FROPD[� ������4XDQWLOH�
normalization of the imputed matrix was performed using normalize.quantiles() 
function in WKH�5�SDFNDJH�³SUHSURFHVV&RUH´��:H�FDOFXODWHG�WKH�QXPEHU�RI�JHQHV�WKDW�
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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x 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. 
 

x 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.  
 

x 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). 
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x Correlation in environment-related cases   

'LVWDQFH� PDWUL[� ZDV� EDVHG� RQ� SDLUZLVH� 3HDUVRQ¶V� FRUUHODWLRQ� EHWZHHQ� SUHGLFWHG�
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 
3HDUVRQ¶V�FRUUHODWLRQ�!������FRUUHODWLRQ��RU���-0.6 (anti-correlation).  
 

x 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-VLGHG�)LVKHU¶V�H[DFW�WHVW�� 
 
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/AADuaghBECbXSmzYWhOitSeZa?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:   

Z-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.  
 
TableS5. Genetic interaction degree and dN/dS values and gene classifications. 
 
  

https://www.dropbox.com/sh/61pgn2tvbo2ccdt/AADuaghBECbXSmzYWhOitSeZa?dl=0
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Supplementary figures   

 

 
 
Figure S1. (A.) Number of reads (y-axis, log10 scale) vs. number of unique insertion sites 
(x-axis, log10 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.  
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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 61278b. 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 5C. (C.) Example of functional rewire in 
a natural isolate CIB compared to the reference S288C for a transcription-related hit BMH1. 
Relative fitness ratio (colony size for WT divided by deletion of BMH1) is shown on the 
upper right panel. Colony sizes of BMH1 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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$PpOLRUHU�OD�GLVVHFWLRQ�GH�O¶DUFKLWHFWXUH�génétique des traits 
FRPSOH[HV� j� O¶pFKHOOH� G¶XQH� HVSqFH� JUkFH� j� GHV� VWUDWpJLHV� j�
haut-débit  

/¶pOXFLGDWLRQ� GHV� EDVHV� JpQpWLTXHV� GHV� WUDLWV� FRPSOH[HV� VH� SUpVHQWH� FRPPH� XQ�
REMHFWLI�IRQGDPHQWDO�HQ�PpGHFLQH�KXPDLQH�QRWDPPHQW��(Q�HIIHW��O¶LGHQWLILFDWLRQ�GHV�
variants génétiques causaux et la compréhension des mécanismes sous-jacents sont 
un atout majeur pour comprendre des maladies, et potentiellement trouver de 
QRXYHOOHV�FLEOHV�WKpUDSHXWLTXHV��&HSHQGDQW��O¶H[SORUDWLRQ�GH�O¶RULJLQH�JpQpWLTXH�GH�
la variance phénotype se révèle être extrêmement complexe. Afin de disséquer cette 
complexité, de nombreuses stratégies analytiques ont ainsi été mises en place sur 
différents organismes modèles (Cain et al., 2020; Doudna and Charpentier, 2014; 
MacKay et al., 2009; Segrè et al., 2006; Tam et al., 2019). Nos travaux se sont 
concentrés sur la levure Saccharomyces cerevisiae, une espèce pour laquelle de 
nombreux outils génétiques et moléculaires existent, et une population de plusieurs 
PLOOLHUV�G¶LQGLYLGXV�D�pWp�VpTXHQFpH�(Duan et al., 2018; Gallone et al., 2016; Marsit 
et al., 2015; Peter et al., 2018). Deux techniques à haut-débit nous ont permis de 
franchir de nouvelles étapes pour mieux caractériser les relations entre le génotype 
et les phénotypes. 
 
'¶XQH�SDUW��XQH�VWUDWpJLH�GH�PXWDJpQqVH�SDU�LQVHUWLRQV�GH�WUDQVSRVRQ�D�pWp�UpDOLVpH�
GDQV� XQH� FHQWDLQH� G¶LQGLYLGXV� UHSUpVHQWDQW� OD� GLYHUVLWp� GH� O¶HVSqFH� S. cerevisiae. 
Cette méthode permet de mettre en évidence la variation de la tolérance des pertes 
GH�IRQFWLRQ�HQJHQGUpHV�SDU�O¶LQVHUWLRQ�GH�WUDQVSRVRQ�VHORQ�OH�IRQGV�JpQpWLTXH��(Q�
effet, un modèle logistique basé sur la variation des profilV�G¶LQVHUWLRQV�GDQV�a�����
JqQHV�HQWUH����LVRODWV�D�SHUPLV�GH�SUpGLUH�O¶HIIHW�GHV�PXWDWLRQV�GH�SHUWHV�GH�IRQFWLRQ�
sur le fitness des isolats. De cette manière, les pertes de fonction de 15% des gènes 
(n = 632) entraînent dans les différents fonds génétiques un gain ou une perte de 
fitness par rapport à la souche de référence, S288C. Parmi ces 632 cas, plus de 2/3 
GHV�JqQHV��Q� ������VRQW�DVVRFLpV�j�GHV�YDULDWLRQV�GH�ILWQHVV�OLpHV�j�O¶HQYLURQQHPHQW��
à savoir une compétition en milieu composé de galactose. Des gènes impliqués dans 
les processus de respiration ont ainsi des conséquences variables sur le fitness dans 
GLIIpUHQWV� IRQGV� JpQpWLTXHV�� /¶pWXGH� GH� FHV� FDV� OLpV� j� O¶HQYLURQQHPHQW� UpYqOH�
également une anti-corrélation du fitness prédit entre des gènes de la respiration et 
des gènes 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 gènes relatifs à la respiration a des effets délétères sur le fitness de 
O¶LQGLYLGX, alors aucun effet phénotypique ne sera observé pour les gènes associés à 
la régulation de transcription et / ou au transport nucléaire-cytoplasmique, et 
inversement. Par ailleurs, ~1/3 des gènes (n = 179) sont spécifiques aux effets du 
fonds génétique et sont majoritairement unique à un isolat. De manière intéressante, 
bien que ces cas soient rares, ces gènes sont fonctionnellement associés chez un 
PrPH�LQGLYLGX��&HOD�VXJJqUH�GRQF�XQH�FRKpUHQFH�GH�O¶HIIHW�GX�IRQGV�JpQpWLTXH�DX�
VHLQ�GH�UpVHDX[�G¶LQWHUDFWLRQV�JpQpWLTXHV��'H�SOXV��FHV�����GH�JqQHV�SUpVHQWDQW�XQ�
effet dépendant du fonds génétique ont des caractéristiques évolutives communes et 
sont plus enclins à contenir des mutations.     
 
'¶DXWUH�SDUW��XQH�VWUDWpJLH�GH�VpTXHQoDJH�GHV�$51�PHVVDJHUV��51$-seq) couplée à 
XQH� pWXGH� G¶DVVRFLDWLRQ� SDQJpQRPLTXH� RQW� IRXUQL� OD� EDVH� GH� O¶H[SORUDWLRQ� GH� OD�
YDULDWLRQ� G¶XQ� PLOOLHU� GH� WUDQVFULSWRPHV� DX� VHLQ� GH� O¶HVSqFH� S. cerevisiae. Une 
UpJXODWLRQ�LPSRUWDQWH�HW�FRPSOH[H�GX�QLYHDX�G¶H[SUHVVLRQ�GHV�JqQHV�D�pWp�PLVH�HQ�
évidence dans la population. Alors que des évènements de domestication liés à 
certaines sous-populations ont apporté des signatures transcriptionnelles pour une 
YRLH� PpWDEROLTXH� SUpFLVH�� O¶H[SUHVVLRQ� LPSRUWDQWH� GHV� SURFHVVXV� PpWDEROLTXHV�
(glycolyse) et moléculaires (transcription, traduction) généraux est conservée de 
manièrH�pTXLYDOHQWH�GDQV� OD�SRSXODWLRQ��'HV�PpFDQLVPHV�JOREDX[�GH� O¶H[SUHVVLRQ�
GHV�JqQHV�RQW�DXVVL�pWp�PLV�HQ�pYLGHQFH��WHOV�TXH�O¶H[SUHVVLRQ�SOXV�IDLEOH�GHV�JqQHV�
DFFHVVRLUHV�RX�OD�FRPSHQVDWLRQ�GH�O¶H[SUHVVLRQ�GHV�YDULDQWV�GX�QRPEUH�GH�FRSLHV��
gènes ou chromosomes, par exemple. Grâce au jeu de données conséquent généré, 
XQH�pWXGH�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�D� pWp� UpDOLVpH� DILQ�G¶LGHQWLILHU� OHV�YDULDQWV�
JpQpWLTXHV�UpJXODWHXUV�GH�OD�YDULDWLRQ�GH�O¶H[SUHVVLRQ�GHV�JqQHV��RX�H47/��GDQV�����
isolats naturels. Au total, �����H47/�RQW�pWp�DVVRFLpV�j�OD�YDULDWLRQ�G¶H[SUHVVLRQ�GH�
2023 gènes, parmi OHVTXHOV� HQYLURQ� ������ LQIOXHQFHQW� O¶H[SUHVVLRQ� GHV� JqQHV� j�
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 manière intéressante, tandis les eQTL 
distants ciblent à la fois le génome de base et les gènes accessoires, les eQTL locaux 
régulent majoritairement le génome accessoire, suggérant un mécanisme différent de 
régulation de la transcription pour ces gènes.  
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Plusieurs centaines de transcriptomes : ressource considérable 
pour démêler les relations génotype-phénotype 

Ces premières analyses des 969 transcriptomes de S. cerevisiae constituent une 
SUHPLqUH�pWDSH�GDQV�OD�GLVVHFWLRQ�GH�O¶RULJLQH�JpQpWLTXH�GH� OD�YDULDWLRQ�GX�QLYHDX�
G¶H[SUHVVLRQ�GHV�JqQHV�DX�VHLQ�G¶XQH�HVSqFH��&HSHQGDQW��OH�RX�OHV�H47/�DVVRFLpV�j�
OD�YDULDWLRQ�G¶H[SUHVVLRQ�GH�a �����JqQHV�Q¶H[SOLTXHQW�TX¶XQH�SDUWLH�GH�OD�YDUiance 
phénotypique (en moyenne 16%). Une importante héritabilité manquante subsiste 
encore (Manolio et al., 2009). Bien que les variants rares HW�j�IDLEOH�IUpTXHQFH��F¶HVW-
à-dire avec une fréquence allélique inférieure à 5% dans la population étudiée, ne 
SXLVVHQW�SDV�rWUH�LQFOXV�GDQV�OHV�DQDO\VHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�(MacKay et 
al., 2009; Manolio et al., 2009; Tam et al., 2019)�� G¶DXWUHV� VRXUFHV� G¶KpULWDELOLWp�
manquante, comme les variants structurels par exemple, peuvent être caractérisées 
et étudiées. Différentes approches et perspectives sont ainsi envisagées avec le jeu 
de données généré.  
 
Analyse approfondie du pangénome 

/HV�PpWKRGHV�G¶H[WUDFWLRQ�HW�GH�VpTXHQoDJH�XWLOLVpHV�SRXU�JpQpUHU�OHV�WUDQVFULSWRPHV�
SHUPHWWHQW�G¶DFFpGHU�j�WRXV�OHV�$51P�WUDQVFULWV�DX�VHLQ�GHV�LVRODWV�pWXGLpV��j�OD�IRLV�
FRUUHVSRQGDQW�DX[�JqQHV�FRQVWLWXDQW�OH�JpQRPH�GH�EDVH�GH�O¶HVSqFH��FRUH�JHnome) 
ainsi que des gènes accessoires. Dans un premier temps, les gènes accessoires 
LGHQWLILpV�SDU�VpTXHQoDJH�GH�O¶$'1�JpQRPLTXH� (Peter et al., 2018) ont servi pour 
pWXGLHU� O¶H[SUHVVLRQ� GX� JpQRPH� DFFHVVRLUH� SDU� UDSSRUW� DX� JpQRPH� GH� EDVH�� 'H�
manière intéressante, des différences, à la foLV� GX� QLYHDX� G¶H[SUHVVLRQ� HW� GH� OD�
régulation, sont observées entre les gènes accessoires et le génome de base. Afin 
G¶DIILQHU� FHV� UpVXOWDWV�� LO� HVW� SRVVLEOH� GH� UHFRQVWUXLUH� OH� SDQJpQRPH� j� SDUWLU� GHV�
transcrits séquencés dans la population. Cette stratégie permettra alors de définir plus 
précisément les gènes présents et transcrits dans chaque génome, que ce soit des 
gènes accessoires déjà identifiés, mais aussi des gènes de novo exprimés dans 
certaines souches. Dans cette optique, un assemblage peut être réalisé à partir de 
toutes les lectures séquencées non alignées sur le génome de la souche de référence, 
S288C (Figure 1). À partir de ces assemblages, des recherches de type BLAST 
SHUPHWWHQW�GH�YDOLGHU�OHV�JqQHV�DFFHVVRLUHV�SURYHQDQW�G¶pYqQHPHQWV�G¶LQWURJUessions 
ou de transferts horizontaux de gènes. Ces analyses ont récemment été initiées dans 
O¶pTXLSH� HW� UpYqOHQW� XQH� VWUXFWXUH� FRQVHUYpH� GHV� JqQHV� DFFHVVRLUHV� DX� VHLQ� GHV�
différentes sous-populations. En effet, ces gènes accessoires sont introgressés de plus 
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G¶XQH� GL]DLQH� G¶HVSqFHV� GLIIpUHQWHV� HW� SRXU� FKDTXH� VRXV-SRSXODWLRQ�� O¶RULJLQH�� OH�
QRPEUH� HW� O¶H[SUHVVLRQ� GH� FHV� JqQHV� GpILQLVVHQW� XQH� VLJQDWXUH� GH� FHOOH-ci. 
/¶LGHQWLILFDWLRQ�GH�JqQHV�de novo est une tâche plus ardue à réaliser. En effet, ces 
gènes dérivHQW�GH�UpJLRQV�LQWHUJpQLTXHV�RX�FKHYDXFKDQWHV�DYHF�G¶DXWUHV�JqQHV�HW�QH�
VRQW� SDV� LQWURJUHVVpV� G¶DXWUHV� HVSqFHV� (Vakirlis et al., 2018). Sans connaître 
O¶RULHQWDWLRQ�GHV�OHFWXUHV�GH�51A-VHT��LO�HVW�pJDOHPHQW�GLIILFLOH�GH�GLVFHUQHU�O¶RULJLQH�
de la lecture entre gènes chevauchants. De plus, une majorité de gènes potentiels 
courts (< 100 SE��UpVXOWHQW�GH�O¶DVVHPEODJH�GHV�OHFWXUHV�GH�51$-seq non alignées 
sur le génome de référence, le bruit doit ainsi être différencié des réels gènes de novo 
(Blevins et al., 2021)��/¶pWXGH�GX�SDQJpQRPH�j�WUDYHUV�OH�51$-seq a un avantage 
principal car tous les gènes transcrits sont identifiés. La transcription de ces gènes 
met ainsi en évidence leur rôle fonctionnel, faisant office de mDUTXHXUV�G¶pYROXWLRQ�
HW�G¶DGDSWDWLRQ�j�O¶HQYLURQQHPHQW�(Bergström et al., 2014; Blevins et al., 2021; Peter 
et al., 2018).  

 

 

)LJXUH����(WXGH�GH�OD�FRPSRVLWLRQ�HW�GH�O¶H[SUHVVLRQ�GX�SDQJpQRPH�GH�S. cerevisiae à 
partir des lectures non alignées. Deux types de gènes accessoires peuvent être identifiés : 
OHV�JqQHV�SURYHQDQW�G¶pYqQHPHQWV�G¶LQWURJUHVVLRQV�RX�GH�WUDQVIHUWV�KRUL]RQWDX[�de gènes, ou 
des gènes de novo exprimés pour lesquels la séquence protéique peut prédire de leur fonction. 
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&DUDFWpULVDWLRQ�GHV�YDULDQWV�VWUXFWXUHOV�SRXU�H[SORUHU�O¶KpULWDELOLWp�PDQTXDQWH 

/¶pWXGH�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�UpDOLVpH�SRXU�LGHQWLILHU�OHV�YDUiants génétiques 
UHVSRQVDEOHV�GH�OD�YDULDQFH�GX�QLYHDX�G¶H[SUHVVLRQ�GHV�JqQHV�SUHQG�uniquement en 
FRPSWH�OHV�VLWHV�GH�SRO\PRUSKLVPH�QXFOpRWLGLTXH��613��GH�O¶HVSqFH��&HSHQGDQW��OHV�
613�QH�UHSUpVHQWHQW�TX¶XQH�SDUWLH�GH�OD�GLYHUVLWp�JpQpWLTXH�SUpVHQWH�DX�VHLQ de la 
population. Parmi les autres variants génétiques, les CNV ont pu être déterminés lors 
du séquençage des génomes des 1011 isolats naturels de S. cerevisiae (Peter et al., 
2018)��&HV�&19�RQW�DXVVL�pWp� LQFOXV�GDQV� OHV�pWXGHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�
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). Il HVW� GRQF� SULPRUGLDO� G¶LQFOXUH� FHV� &19� GDQV� QRV� pWXGHV� G¶DVVRFLDWLRQ�
SDQJpQRPLTXH�SRXU�GpWHUPLQHU�OHXU�LPSDFW�VXU�OD�YDULDWLRQ�G¶H[SUHVVLRQ�GHV�JqQHV��
Cette perspective sera réalisée à court terme car la méthodologie et les données 
QpFHVVDLUHV� VRQW� FRQQXHV�� /¶LQWpJUDOLWp des variants structurels présents dans les 
génomes est néanmoins difficile à caractériser avec un simple séquençage des 
JpQRPHV� SDU� OD� VWUDWpJLH� ,OOXPLQD��8Q� GHV� REMHFWLIV� GH� O¶pTXLSH, à moyen terme, 
consiste à reséquencer les génomes des 1011 isolats naturels de S. cerevisiae avec 
une stratégie de type Oxford Nanopore. Grâce à cette stratégie, des lectures longues 
sont générées (plusieurs kilobases). Ces lectures longues permettront ainsi 
G¶LGHQWLILHU� OHV� YDULDWLRQV� LQFOXDQW� GHV� FHQWDLQHV� GH� SDLUHV� GH� EDVHV� FRPPH� OHV�
translocations ou les inversions et leurs points de cassure sur les chromosomes. 
Grâce à ces données, une nouvelle matrice de variants génétiques incluant aussi la 
FRPSOH[LWp�VWUXFWXUHOOH�GHV�JpQRPHV�VHUD�OD�EDVH�GH�QRXYHOOHV�pWXGHV�G¶DVVRFLDWLRQ�
pangénomique pour disVpTXHU�O¶RULJLQH�JpQpWLTXH�GH�OD�YDULDWLRQ�G¶H[SUHVVLRQ�GHV�
gènes.  
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'LVVHFWLRQ�GHV�GLIIpUHQWV�QLYHDX[�GH�UpJXODWLRQ�GH�O¶H[SUHVVLRQ�
des gènes comme intermédiaires des relations entre le 
génotype et les phénotypes 

En parallèle de notre projet de RNA-seq, XQH�FROODERUDWLRQ�DYHF�O¶pTXLSH�GH�0DUNXV�
Ralser (The Francis Crick Institute-Londres / Charité University-Berlin) a permis 
G¶pWDEOLU� OH� SURWpRPH� SRXU� XQH� SDUWLH� LPSRUWDQWH� GH� OD� FROOHFWLRQ� G¶LVRODWV� GH�
S. cerevisiae. 'HV�YDOHXUV�G¶DERQGDQFH�SURWpLTXH�RQW�été obtenues pour environ 2000 
gènes dans 808 isolats naturels. De la même manière que pour le transcriptome, une 
pWXGH�G¶DVVRFLDWLRQ�SDQJpQRPLTXH�D�pWp�UpDOLVpH�HW�D�UpYpOp�DX�WRWDO������S47/��SRXU�
protein Quantitative Trait Loci) impactant la variance phénotypique de 857 protéines 
traduites. Le chevauchement entre eQTL et pQTL détectés par les analyses 
G¶DVVRFLDWLRQ�HVW�SHX�LPSRUWDQW��Q = 15/1924 QTL). Pour les gènes impliqués dans 
le métabolisme des acides aminés notamment, la régulation peut être 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 
GDQV�OHV�PrPHV�FRQGLWLRQV��GH�OD�GHVFHQGDQFH�G¶XQ�FURLVHPHQW�HQWUH���LVRODWV, a aussi 
mis en évidence une différence importante entre variants génétiques associés à la 
variation de transcription et de traduction des gènes (Foss et al., 2007). Grâce aux 
GRQQpHV�GH�SURWpRPLTXH�UpFHPPHQW�JpQpUpHV�VXU�XQ�JUDQG�pFKDQWLOORQ�G¶LVRODWV�GH�
S. cerevisiae (n = 808), nous constatons que la synthèse protéique est 
majoritairement régulée à distance (91,2% des pQTL) malgré un impact plus 
important des variants locaux (situés principalement dans les promoteurs) sur la 
variance phénotypique (Figure 2). Il est ainsi intéressant de noter que les règles de 
la régulation génétique de la transcription et de la traduction sont similaires dans ce 
sens. Cependant, les origines génétiques de cette régulation (à savoir les variants 
génétiques détectés) sont bien différentes. 
&HV� GHX[� MHX[� GH� GRQQpHV� IRXUQLVVHQW� pJDOHPHQW� OD� SRVVLELOLWp� G¶H[SORUHU� OHV�
mécanismes de régulation post-transcriptionnelle. De manière générale, nous 
constatons une atténuation post-transcriptionnelle illustrée par une diminution de la 
variDQFH�GHV�QLYHDX[�G¶DERQGDQFH�SURWpLTXH�HQWUH�OHV�LVRODWV�QDWXUHOV�SDU�UDSSRUW�j�
OD� YDULDQFH� GH� O¶H[SUHVVLRQ� GHV� gènes (Figure 2). Plus spécifiquement, une 
compensation de la transcription, et encore plus de la synthèse protéique des gènes 
affectés par une aneuploïdie, est détectée chez les 200 individus concernés. Ces 
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UpVXOWDWV� FRQILUPHQW�� j� O¶pFKHOOH� G¶XQH� SRSXODWLRQ� QDWXUHOOH�� OHV� REVHUYDWLRQV� GpMj�
établies dans des souches disomiques construites en laboratoire (Dephoure et al., 
2014; Hose et al., 2015). 
 

 
Figure 2. ([SORUDWLRQ� GX� SURWpRPH� DX� VHLQ� GH� O¶HVSqFH� GH� S. cerevisiae. Les valeurs 
G¶DERQGDQFH� SURWpLTXH� GDQV� OD� SRSXODWLRQ� VRQW� JpQpUpHV� SDU� VSHFWURPpWULH� GH� PDVVH� HW�
SHUPHWWHQW� GH� UpDOLVHU� XQH� pWXGH� G¶DVVRFLation pangénomique (1.). Cette dernière révèle 
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 gène 
transcrit et traduit révèle une pluV� IDLEOH�YDULDQFH�GHV�YDOHXUV�G¶DERQGDQFH�SURWpLTXH� ������
&HFL�VXJJqUH�DLQVL�XQ�PpFDQLVPH�G¶DWWpQXDWLRQ�SRVW-WUDQVFULSWLRQQHOOH�GH� O¶H[SUHVVLRQ�GHV�
gènes.  
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/¶HQVHPEOH�GH�FHV�GRQQpHV�LOOXVWUH�FODLUHPHQW�GLIIpUHQWV�QLYHDX[�GH�UpJXODWLRQ�GH�
O¶H[SUHVVLRQ� GHV� Jènes qui doivent être décrits avec précision pour comprendre 
O¶LPSOLFDWLRQ� GHV� LQWHUDFWLRQV� HQWUH� WUDQVFULSWLRQ� HW� WUDGXFWLRQ� GDQV� OD� GLYHUVLWp�
SKpQRW\SLTXH�REVHUYpH�DX�VHLQ�G¶XQH�SRSXODWLRQ��$ILQ�GH�FRPSOpWHU�FHV�UpVXOWDWV��
O¶REMHFWLI, à moyen terme, sera GH�JpQpUHU�OHV�SURWpRPHV�GH�O¶HQVHPEOH�GHV�LVRODWV�HQ�
milieu SC+AA, donc dans les mêmes conditions que les transcriptomes. Enfin, le 
F°XU� GH� OD� UHODWLRQ� HQWUH� WUDQVFULSWLRQ� HW� WUDGXFWLRQ� SHXW� DXVVL� rWUH� H[SORUp pour 
comprendre les mécanismes de régulation post-transcriptionnelle grâce à la stratégie 
de ribosome profiling (Ingolia et al., 2009). Cette technique consiste au séquençage 
GHV� IUDJPHQWV� G¶$51P� SULV� HQ� FKDUJH� SDU� OHV� ULERVRPHV� SHQGDQW� OD� WUDGXFWLRQ��
révélant ainsi la dynamique de traduction des différents gènes. Un premier aperçu 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 gènes dans 8 isolats 
naturels. De manière intéressante, ces travaux ont également montré une dynamique 
G¶DWWpQXDWLRQ� SRVW-transcriptionnelle importante, notamment pour les gènes 
essentiels et / ou impliqués dans les complexes protéiques. De la même manière 
TX¶DYHF�OH�WUDQVFULSWRPH�HW�OH�SURWpRPH��LO�VHUDLW�LQWpUHVVDQW�G¶pWXGLHU�XQ�SOXV�JUDQG�
QRPEUH�G¶LQGLYLGXV�DILQ�GH�PHWWUH�HQ�SODFH�XQH�DQDO\VH�G¶DVVRFLDWLRQ�SDQJpQRPLTXH��
Cependant, le ribosome profiling reste encore difficilement applicable à grande 
échelle, notamment pour une population de levures de plusieurs centaines 
G¶LQGLYLGXV��'HV�DYDQFpHV�WHFKQRORJLTXHV�VHURQW�DLQVL�HVVHQWLHOOHV�SRXU�DWWHLQGUH�FHV�
REMHFWLIV�HW�GLVVpTXHU�OD�FRPSOH[LWp�GHUULqUH�OD�UpJXODWLRQ�GH�O¶H[SUHVVLRQ�GHV�JqQHV��� 
 
La ressource des 1000 transcriptomes de S. cerevisiae constitue un atout majeur dans 
O¶H[SORUDWLRQ� GHV� UHODWLRQV� HQWUH� OH� JpQRW\SH� HW� OH� SKpQRW\SH�� 'H� QRPEUHXVHV�
perspectives découlent de ces travaux, et couplés à diverses stratégies expérimentales 
ou analytiques, SHUPHWWURQW� G¶pOXFLGHU� OD� FRPSOH[LWp� JpQpWLTXH� H[SOLTXDQW� OD�
YDULDQFH� SKpQRW\SLTXH�� ¬� O¶KHXUH� DFWXHOOH�� JUkFH� DX[� DYDQFpHV� VFLHQWLILTXHV� HW�
WHFKQRORJLTXHV�� O¶DQDO\VH�GH�FHQWDLQHV�HW�PrPH�GH�PLOOLHUV�GH�SKpQRW\SHV�j�KDXW-
débit se développe de manière croisVDQWH��1RXV�SRXYRQV�SDU�H[HPSOH�FLWHU�O¶DQDO\VH�
de plus de 500 traits de morphologie des cellules (Ohya et al., 2005; Yvert et al., 
2013) RX�O¶XWLOLVDWLRQ�G¶LQGLYLGXV��LGHQWLILDEOHV�SDU�GHV�FRGH-barres moléculaires, en 
compétition dans des milliers de conditions expérimentales en parallèle (Piotrowski 
et al., 2017). Ces nouvelles techniques permettront ainsi de fournir des ressources 
SRXU�GHV�pWXGHV�G¶DVVRFLDWLRQ�SDQJpQRPLTXH supplémentaires.  
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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 (p = 3!10"3), 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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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 m + GCAparent1 + GCAparent2 + SCAhybrid, where m 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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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
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the model used (see Materials and methods). Using GCA and SCA values, we estimated both broad-

(H2) and narrow-sense (h2) 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 H2 values for each condition ranged from 0.64 to 0.98, with the lowest value

observed for fluconazole (1 mg.ml!1) and the highest for sodium meta-arsenite (2.5 mM), respec-

tively. The additive part (h2 values) ranged from 0.12 to 0.86, with the lowest value for fluconazole (1

mg.ml!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 h2 = 0.55). However, non-additive

components contribute significantly to some traits, explaining on average one third of the pheno-

typic variance observed (mean H2 - h2 = 0.29) (Figure 2b). Despite a good correlation between

broad- and narrow-sense heritabilities (Pearson’s r = 0.809, p-value=1.921e-12) (Figure 2c), some
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traits display a larger non-additive contribution, such as in galactose (2%) or ketoconazole (10 mg/

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 3c). Interestingly, these events are not as rare as previously described (Zörgö 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 mg.ml!1), 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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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

Figure 4. Rare and low-frequency variants detection. (a) Comparison of MAF for each SNP between the whole population (1011 strains) and the hybrid

diallel matrix used for GWAS. Hollow blue circles represent the MAF of all SNPs common to the initial population and the diallel hybrids (31,632). Full

orange circles show the MAF of significantly associated SNPs. Vertical orange line shows the 5% MAF threshold. (b) Proportion of SNPs with a MAF

below 0.05. (c) Proportion of significantly associated SNPs with a MAF below 0.05. (d) Fraction of heritability explained for common and low-frequency

variants. P-value was calculated using a two-sided Mann-Whitney-Wilcoxon test, difference in location of !4.5e!3 (95% confidence interval !7.9e!3 -

1.4e!3). (e) Absolute effect size of common and low-frequency variants.

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
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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=5.39!10"5) 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 mg.ml"1) 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) fi TTA

(Leu)) for the first position and a non-synonymous mutation (GAA (Glu)fi 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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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

P

1278b 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 MATa haploids,
respectively. The mating-type (MATa and MATa) 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
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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<1e-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 MATa parental strains on solid YPD. The parental strains, that is 55 MATa HO::DKanMX

and 55 MATa HO::DNatMX 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 mg.ml!1) and

nourseothricin (100 mg.ml!1) 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.l!1, amino acid mixture 2 g.l!1, agar 20 g.l!1, glucose 20 g.l!1) 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):

zij ¼ !þ gi þ gjþ sijþ e

Where zij is the fitness value of the hybrid resulting from the combination of ith and jth parental

strains, ! is the mean population fitness, gi and gj are the general combining ability for the ith and jth

parental strains, sij is the specific combining ability associated with the i$ j hybrid, and e is the error

term (i = 1...N, j = 1. . .N, N = 55). General combining ability for the ith parent is calculated as:

gi ¼
N! 1

N! 2

! "

$ !zi% !!ð Þ

Where N is the total number of parental types, zi%
!

is the mean fitness value of all half sibling
hybrids involving the ith parent, and ! is the population mean. The error term associated with gi is:
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egi ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

N" 1ð Þ%s
2zij&

n%N% N" 2ð Þ

s

Where N is the total number of parental types, n is the number of replicates for the i% j hybrid,

and s
2zij& is the variance of fitness values from a full-sib family involving the ith and jth parents, which

is expressed as:

s
2zij& ¼ s

2ziþs
2zjþs

2zij þ 2% cov zi; zj
" #

Specific combining ability for the i% j hybrid combination therefore:

sij ¼ zij&
"
" gi" gj"!

The error term associated with sij is:

esij ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

N" 3ð Þ%s
2zij&

n% N" 1ð Þ

s

Using combining ability estimates, broad- and narrow-sense heritabilities can be calculated. Nar-
row sense heritability (h2) accounts for the part of phenotypic variance explained only by additive

variance, expressed as the additive variance (s2
A) over the total phenotypic variance observed (s2

P):

h2 ¼
s
2
A

s
2
P

¼
s
2

giþgjð Þ

s
2

giþgjð Þ
þs

2
sij
þs

2
e

Where s
2

giþgjð Þ
is the sum of GCA variances, s2

sij
is the SCA variance and s

2
e is the variance due to

measurement error, which is expressed as:

s
2

e ¼ N" 2ð Þ egi
"
þ egj

"" #

" 2

þ

N2"Nð Þ
2

" 1

$ %

N2"Nð Þ
2

þN" 3

& '% esij
" 2

On the other hand, broad-sense heritability (H2) depicts the part of the phenotypic variance

explained by the total genetic variance s
2
G:

H2 ¼
s
2
G

s
2
P

¼
s
2

giþgjð Þ
þs

2
sij

s
2

giþgjð Þ
þs

2
sij
þs

2
e

Phenotypic variance explained by non-additive variance is therefore equal to the difference
between H2 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:

MPV ¼
P1þP2

2

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 Hyb1! sP1 þ sHyb

! "

Dominance P1 P1! sP1 þ sHyb

! "

1þ sP1 þ sHyb

! "

Partial dominance P1 P1þ sP1 þ sHyb

! "

! sP1þsP2

2
þ sHyb

! "

Additivity MPV þ sP1þsP2

2
þ sHyb

! "

2! sP2 þ sHyb

! "

Partial dominance P2 MPV ! sP1þsP2

2
þ sHyb

! "

þ sP1þsP2

2
þ sHyb

! "

Dominance P2 P2! sP2 þ sHyb

! "

2þ sP2 þ sHyb

! "

Overdominance P2þ sP2 þ sHyb

! "

When a clear separation is possible between the two parental phenotypic values
(P1þ sP12! sP2),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 Illumina 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:

d¼
x1
"
" x2

"

sdPooled

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

sdPooled ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

sd1
2þ sd2

2

2

s

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:

Effect size¼
xHeterozygous

"
" xMajor

"

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 size¼
xHeterozygous

"
" xMajor and 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-Cas9 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 mg.ml"1 hygromycin at 30˚C to select for trans-

formants. Colonies were then arrayed on a 96 well plate with 100 ml 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 mg.ml"1 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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