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Abstract 

Understanding the rules governing the astonishing diversity existing between 

individuals belonging to the same population has been one of the central role of 

biology. Recent years have seen the advent of genome-wide association studies to 

link genotype and phenotype at a population level. However, in most of the cases, 

an important amount of phenotypic variance remains unexplained and is called 

missing heritability. By combining the powerful model Saccharomyces cerevisiae, 

an elegant design borrowed to classical genetics and high-throughput strategies of 

genotyping and phenotyping, this work focused on increasing knowledge on the 

genetic architecture of traits and more precisely on some putative causes of this 

missing heritability at a species-wide level. Thus, we could quantify the effect of low 

frequency variants, obtain a global view of the genetic complexity spectrum as well 

as the impact of the genetic backgrounds on this complexity. Lastly, by using cutting 

edge long read sequencing strategies, a strong foundation for the identification of 

structural variants in natural population has been laid and allowed to a first view of 

their phenotypic effect. 
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Genotype-phenotype relationship 

 

Highlighting the factors controlling the variation present in natural populations is a 

keystone that has been gathering efforts of several generations of biologists for more 

than 150 years. Indeed, in the mid 19th century, a Moravian friar, Gregor Mendel laid 

the foundation for the dissection of the underlying genetic basis of traits by setting 

out to understand the principles of heredity (Mendel, 1866). His work paved the way 

for modern genetics. Johannsen proposed in 1911 that genotype and phenotype are 

two distinct abstraction levels working together : ‘the qualities of both ancestor and 

descendant are in quite the same manner determined by the nature of the “sexual 

substance”—i.e. the gametes—from which they have developed’ (Johannsen, 1911). 

He then coined this ‘sexual substance’ to the genotype and the ‘qualities’ of the 

individuals to the phenotype. However, despite several generations of geneticists 

having tackled the question, fully grasping the intricacies of the relationship between 

genotype and phenotype still remains strongly challenging. The astonishing amount 

of phenotypic variation observed between individuals of every natural population is 

tightly linked to the underlying genetic variation. A better comprehension on how 

the two are connected is one of the main drivers in a wide spectrum of domains, 

including human genetics, etiology but also diagnosis and prognosis of complex 

diseases, evolutionary biology, quantitative genetics and genomics. 

 

 

‘As the great botanist Bichat long ago said, if everyone were cast in the same 

mould, there would be no such thing as beauty.’ 

--- Charles Darwin, The Descent of Man, and Selection in Relation to Sex, 1871 
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Decomposition of a trait 

In order to try and unravel the phenotype-genotype relationship, one might first 

understand how the two are related to each other and what defines them. The 

phenotypic variance is the result of the sum of several variances: the genetic, the 

environmental and the one generated by the interaction between genotype and 

environment. A good illustration of all those effects is seen with human skin color. 

The pigmentary phenotype of skin is complex both at the genetic and physiological 

level. However, a fair number of genes have been found to impact skin pigmentation 

level (Rees, 2003). Exposure to ultra-violet radiation is an environmental factor 

having a major impact on skin pigmentation level. I know for a fact that a PhD 

student writing his thesis manuscript indoor will have a lighter skin color than the 

one who spend several weeks under the sunrays. Finally, on a more serious note, one 

example allowing to illustrate how genes and environment can jointly contribute to 

phenotype is the susceptibility to skin cancer (Gupta et al., 2016). Indeed, individuals 

with naturally darker skin tones, although not being immune from it (Lozano et al., 

2012), will have a reduced risk of developing skin cancer due to long and or 

repetitive UV-light exposure.  

The genetic variance can in turn be broken down into additive and non-additive 

effects. Variants can act additively when the sum of their effects equals their 

combined effects. Conversely, variants that act in a non-additive way will have a 

different combined effect compared to the sum of their individual effect. Non-

additive phenomena encompass interactions both intralocus i.e. dominance and 

interloci, i.e. epistasis. The environmental part is de facto very variable and difficult 

to take into account. One main advantage of using model organisms is that this 

becomes easy to control because all experiments can be carried out under 

standardized conditions thus allowing to disregard this variance. The only remaining 

source of variance, outside genetic factors is then the experimental errors i.e. the 

noise (Bloom et al., 2013).  
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The genetic architecture of traits  

To fully uncover how traits are shaped by the genotype, it is of prime interest to fully 

unveil their genetic architecture. Genetic architecture of traits depicts the attributes 

linked to genetic variation which will induce a phenotypic variation in a population 

(Mackay, 2001; Timpson, Greenwood, Soranzo, Lawson, & Richards, 2018). More 

precisely, it encompasses the number of variants governing a given phenotype, the 

extent of their effect on the said phenotype, the frequency at which they are found in 

the population and finally the interactions they may have between each other and 

also with their environment. It seems obvious that each trait, depending on their 

complexity will have its very own genetic architecture. The simplest phenotypes are 

controlled by only one gene and follow a Mendelian inheritance. In this category can 

be found traits related to anatomy like shape of the ears (Gordon et al., 2013), 

metabolism such as lactose intolerance (Swallow, 2003) and in many genetic 

disorders, e.g. cystic fibrosis (Ratjen et al., 2015), Huntington’s disease (Bates et al., 

2015), Retinitis pigmentosa (Parmeggiani et al., 2011) and many other. In fact, more 

than 5,000 monogenic traits have been mapped to a single gene 

(https://www.omim.org/). Oppositely, other traits are highly polygenic with 

hundreds or even thousands of genes responsible for it such as height which is often 

used as the archetype of extreme polygenicity. However, studies highlighted the fact 

that a broad range of other traits going from diabetes to body mass index or 

autoimmune diseases (Boyle et al., 2017; Shi et al., 2016) are also highly polygenic 

thus deciphering the complete genetic architecture of those traits is highly 

challenging. Getting a deeper understanding of this genetic architecture is of prime 

interest to better grasp the biological foundations of those traits but also to improve 

diagnosis and even prognosis of certain diseases by giving a predictive power based 

on the genotype. However, this obviously raises some ethical questions and dilemma 

especially for uncurable diseases, as Wexler stated about Huntington’s disease: “Do 
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you want to know how and when you are going to die, especially if you have no 

power to change the outcome? Should such knowledge be made freely available? 

How does a person choose to learn this momentous information? How does one cope 

with the answer?” (Wexler, 2018). 

 

Mapping the causal variants 

To unveil the genetic causes underlying the natural variation observe among traits, 

strategies have been developed both for human and model organisms. The aim of 

these techniques is very straightforward: mapping all the loci that induce a 

phenotypic variation for a given trait in a population. Quantitative Trait Loci (QTL) 

correspond to genomic regions that are involved in the variation of a quantitative 

phenotype in a population. Individuals used in a mapping population need to have 

segregating markers along their genomes. One prerequisite for QTL mapping is then 

to genotype and phenotype each individual. Although several techniques can be used 

like microarray-based genotyping, with the plummeting cost of DNA sequencing, 

genotyping by whole genome sequencing is now becoming the standard method and 

allows to detect every discriminating markers between each individual e.g. Single 

Nucleotide Polymorphisms (SNP) or small insertions/deletions (Indels). There are 

two main approaches to detect QTLs, either by linkage analysis or genome-wide 

association studies. Both approaches have several alternatives but not all of them 

will be discussed in the following sections. We will discuss the advantages but also 

the limits for both mapping strategies.  
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Linkage analysis 

Linkage mapping aims to identify QTLs based on a mapping population coming 

from two genetically distinct parental lines. After crossing, the offspring is 

individually genotyped and phenotyped in a quantitative manner. Recombination 

events during meiosis shuffles parental genetic markers along the genomes of the 

resulting progeny. The following step results in testing for each marker if all the 

progeny having one of the parental alleles have a significantly different phenotype 

from the progeny carrying the other parental allele. If this is the case, a QTL will be 

present around the locus of this particular marker (Figure 1). A key factor 

Figure 1. Principle of linkage mapping  

To quantify to which extent a linkage is found between a marker and a phenotype,  

the logarithm of odds (LOD Score) is calculated and when above the significance 

threshold, a QTL is detected. 
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influencing the size of the mapped genomic regions is the number of markers and 

how they are distributed between the parental lines. The second important variable 

is the recombination rate in the QTL region. The higher the recombination rate is 

(Figure 2), the more crossing over there will be in the progeny, the shorter the 

genomic blocks between recombination points will be, the smaller number of 

individual markers will be in those blocks. Classical approaches use F2 generation 

as mapping population but depending on the organisms used, this can lead to the 

identification of QTL spanning several megabases if the recombination rate is low. 

Figure 2. Recombination rate in multiple organisms 

Recombination rate per kb is inversely correlated to the genome size (in log scale), 

Pearson’r =0.90, p-value=6.3e-25. The name of different model organism are 

displayed and colors represent different phyla. S. cerevisiae stands as an outlier 

having a recombination rate above the expected one given his genome size. Adapted 

from Lynch (2006). 
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Alternatives to the classical QTL approach exists (Figure 3). One of them is the Bulk 

Segregant Analysis (BSA) (Magwene et al., 2011; Segrè et al., 2006). For BSA, 

individuals coming from a cross are still phenotyped separately and the one 

displaying extreme phenotypes i.e. in the tails of the distribution, are pooled in order 

to be genotyped as a bulk (Figure 3A). Because individuals with similar phenotype 

will tend to display similar genotypes, loci involved in the phenotype of interest will 

co-segregate in individuals displaying the same phenotype. Therefore, allele 

frequencies will be measured in this pool and strong deviation from random allele 

segregation (allele frequency of 0.5) will map the QTLs position (Figure 3A).  

In order to reduce this extensive linkage disequilibrium between markers, 

successively backcrossed individuals or recombinant inbred lines can be used (van 

Swinderen et al., 1997) (Figure 3B). Another workaround to reduce the size of 

mapped region is to increase the size of the mapping population and/or using model 

organisms with high recombination rate e.g. Saccharomyces cerevisiae (Lynch, 

2006) (Figure 2). 

To go even further in scale and in resolution, x-QTL methods have been developed 

(Figure 3C) where a very large number - usually around a million - of individuals 

coming from recombinant inbred lines are phenotyped in bulk to keep only the 

extreme phenotype in a complex trait e.g. with flow cytometry. Then, as for BSA, 

sequencing of the pooled individuals will detect any deviation in allele frequencies 

to pinpoint causal QTLs. This method has now been used in yeast for a few years 

(Ehrenreich et al., 2010) but very recently, in a tour de force, has been successfully 

applied to C. elegans (Burga et al., 2019). 
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Figure 3. Alternative strategies to linkage mapping 

Different type of mapping populations can be used. Either A. a population after 

numerous inbred crosses to generate highly recombinant individuals, B. a pool of F2 

individuals with extreme phenotypes, or C. a combination of the two previous by 

selecting extreme phenotypes from highly recombined individuals. 
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Once QTLs are mapped, there is still a long-way to be able to pinpoint the exact 

genetic variants explaining the observed phenotypic variance. Indeed, to date, 

thousands of QTLs have been mapped but only a fraction has been narrowed down 

to a Quantitative Trait Gene (QTG) and even less at the nucleotide resolution i.e. 

Quantitative Trait Nucleotide (QTN). Moreover, because of the tedious process of 

functional validation, variants to validate a QTL are often prioritized leading to an 

ascertainment bias (Rockman, 2012): only the QTL with the largest effect and 

corresponding to missense or non-sense variants in candidate genes will be 

investigated and subsequently validated. However, thanks to high throughput 

genome editing technique, we know that a lot of functional variation is linked to non-

coding regions (Jakobson and Jarosz, 2019; Sharon et al., 2018) and that 

synonymous variants happen to often have a strong phenotypic impact by modifying 

codon bias usage thus impeding the optimal translation speed ultimately leading to 

problem in the folding of the protein (Jakobson and Jarosz, 2019; She and Jarosz, 

2018). 

 

Linkage mapping has been applied to several organisms such as yeast (Steinmetz et 

al., 2002), worm (Rockman and Kruglyak, 2009) or plants (Brachi et al., 2010), but 

also using various phenotypes such as expression level to map eQTL (Brem and 

Kruglyak, 2005; Rockman et al., 2010): QTL that are involved in the modification 

of expression level of a transcript. Over the years, plethora of QTLs have been found. 

In yeast, to date, 284 QTNs have been functionally validated to the nucleotide level  

(Peltier et al., 2019) revealing the extensive work for bridging the gap between 

genotype and phenotype using this model organism for the past 20 years. 

 

One argument demeaning the use of classical linkage analysis is that this technique 

tends to only map variants with a large phenotypic effect. However, the use of more 

powerful linkage techniques like x-QTL allow to map variants with smaller effects. 
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Another drawback of linkage mapping is that it can only highlight QTLs between 

two parental lines. With the extensive phenotypic and genetic diversity observed 

inside a population, QTLs highlighted by linkage mapping between several parental 

pairs taken across the population can differ significantly. Nevertheless,  techniques 

do exist to go beyond this biparental model with joint analysis of multiple related 

biparental families (Jamann et al., 2015) but requires a lot of time and efforts to 

generate all the corresponding mapping populations. This allows to detect shared 

QTL between several lines but also to test for genetic interaction between QTL 

depending on the genetic background as shown by a massive QTL mapping between 

16 lines in a round robin design with each of the cross having a mapping population 

of a thousand individuals (Bloom et al., 2019). 
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Genome-wide association studies 

The target of Genome-Wide Association Studies (GWAS) is to assess the effect of 

an allele by finding statistical difference between the average phenotypic value of a 

group of individuals with and another without it and repeat this process for each 

discriminating polymorphic site along the genome. GWAS thus aim at finding trait 

associated variants among all the biallelic sites in a population (Figure 4). Unlike 

linkage mapping which uses genetic recombination during meiosis, association 

studies rely on one side to ancestral recombination but also more generally to the 

historical evolutionary forces that drives natural population i.e balance between 

mutations and selection. Therefore, it takes advantage of the natural genetic and 

phenotypic variation and does not require the need to generate a de novo mapping 

population. Moreover, GWAS can potentially access all variants present in natural 

Figure 4. Principle of GWAS 

For each discriminating variant of the genome between individuals of a natural 

population, statistical phenotypic difference will be assessed between the group of 

individual with one or the other allelic version. Permutations allow for a significance 

threshold to be decided. Any variant having a p-value above (smaller value) this 

threshold will be significantly associated with the phenotype. 
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population and not be restricted to a small amount of genetic backgrounds, thus 

having the eagerness to shed light on the genetic architecture of traits. However, we 

will discuss how GWAS despite having greatly improved our global understanding 

of the genotype-phenotype relationship might still not be the goose that lays golden 

eggs.  

 

GWAS has been first introduced in human genetics almost 15 years ago (Hirschhorn 

and Daly, 2005) but is now also applied in several model organisms such as yeast 

(Peter et al., 2018), plants (Alonso-Blanco et al., 2016; Atwell et al., 2010; Seymour 

et al., 2016), mouse (Flint and Eskin, 2012; Gonzales et al., 2018) or worm (Cook et 

al., 2017) as well as non-model organisms with crops (Wang et al., 2017) and cattle 

(Higgins et al., 2018). GWAS in human in the last 15 years has yielded plethora of 

variants strongly associated (p value threshold of 5x10-8) with complex traits. The 

GWAS Catalog (https://www.ebi.ac.uk/gwas/) (MacArthur et al., 2017) has 

inventoried to this date nearly 90 000 trait associated SNPs. The real power of 

GWAS resides in the fact that its detection power depends on the sample size used. 

Indeed, the more samples are drawn from the initial population, the higher the 

chances are of discovering more phenotypically relevant variants for some traits. 

GWAS allows to map common variants having small effect but also the few common 

variant responsible for an important variation in phenotype. 

 

GWAS, albeit a powerful tool, also has a fair number of limitations and prerequisites 

for its use. Due to historical reasons, both geographic or demographic, a population 

can be divided in subpopulations and encounter new sources of stresses, 

environments or selection forces, thus evolving separately one from the other and 

retaining specific genotypic patterns. This phenomenon where subpopulations can 

be differentiated by comparing genotypes is referred to as population structure or 

population stratification (PS). It is the result of non-random mating, so allele 
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frequencies will differ from one subpopulation to another. One consequence of PS 

is that it might result in spurious associations between genotype and phenotype. 

Thus, when conducting GWAS, care must be taken to avoid or correct for PS 

(Hellwege et al., 2017). 

 

Theoretically, GWAS aims at uncovering all the variant contributing to a phenotype. 

Yet, when comparing the phenotypic variance explained by all significantly 

associated variants with the genetic variance, also called broad-sense heritability 

(H²), a significant discrepancy is found. This difference has been coined as “missing 

heritability” (Maher, 2008; Manolio et al., 2009). The textbook example for missing 

heritability is human height. This phenotype has long been estimated to be about 

80% heritable using twin studies (Silventoinen et al., 2003) but recent reevaluation 

put the heritability at around 60% (Speed et al., 2017). In 2008, only 40 genetic 

variants had been significantly associated with height and explained only about 5% 

of the heritability (Manolio et al., 2009). Six years later, the number of associated 

SNPs was around 700 and explain roughly 20% of broad-sense heritability (Wood 

et al., 2014). In 2018, by using meta-analysis of several GWAS, with a sample size 

of 700,000 individuals, 3290 height associated SNPs still explain only around 25% 

of the broad-sense heritability (Yengo et al., 2018). Although reducing, the gap 

between explained and observed heritability is still significant. In the last decade, a 

lot of efforts have been put in investigating the potential sources of this missing 

heritability. This search is important because this would first yield a better 

understanding of the biology and etiology of traits. Besides, it would also allow for 

a gain in predictive power for personalized medicine. While we are able to infer with 

near perfect accuracy phenotype from genotype in some experimental crosses 

(Bloom et al., 2013; Hallin et al., 2016; Märtens et al., 2016), gaining this level of 

prediction within natural population is far from being easy. Looking at all the sources 

of missing heritability comes back to understanding and measuring all the parameters 

having a role in the genetic architecture of traits (Eichler et al., 2010).  
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Potential sources of missing heritability 

 

The role of rare variants 

One of the major points taken from the populations genomics studies is that when 

looking at the allele frequencies of all the variants, a strong bias towards lower allele 

frequencies is detected (Auton et al., 2015; Peter et al., 2018) implying that rare 

variants are (very) common. In human for example, about 90% of all the genetic 

variants detected have a Minor Allele Frequency (MAF) lower than 0.05 (Auton et 

al., 2015), meaning that they are present in less than 5% of the individuals. This 

observation is not idiosyncratic to human as the same ascertainment is true for other 

model species such as yeast (Peter et al., 2018) (Figure 5). This implies the very 

Figure 5. MAF of variants in 1,011 yeast isolates 

92% of the nucleotidic variants in yeasts have a MAF lower than 0.05. Percentage of 

total number of variants is indicated above each bar for variants below a MAF of 

0.05. Adapted from Peter et al. (2018). 
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counterintuitive fact that most of the genetic variation observed in a population is 

constituted by rare variants. As the definition of rare variants in terms of MAF is 

variable throughout literature, hereinafter, we will refer to common (MAF > 0.05), 

low frequency (MAF < 0.05) or rare (MAF < 0.01) variants.  

 

Although low-frequency and rare variants are known for a long time to be sources 

for an important number of mendelian disorders (Gibson, 2012), they also play a role 

in numerous common diseases or other complex traits. Variants having a strong 

negative impact on the phenotype are expected to be found at low allele frequencies 

because of selection pressure against them. However, because of high mutation rates 

at the population level, purifying selection is not strong enough to remove all 

deleterious mutations. Moreover, selection might not act as strongly for recessive 

variants or mutations involved in cryptic variation i.e. has no phenotypic effect in 

one condition but can be deleterious (or beneficial) in another. 

 

In yeast, out of the 284 QTNs previously detected by linkage mapping, 150 are 

present at a low frequency in the initial population of 1011 isolates (Peltier et al., 

2019; Peter et al., 2018) (Figure 6). When looking at only one cross in linkage 

mapping, most of the phenotypic variance might be explained by few of those SNPs. 

However, when looking at the population level, even though they do have large 

effect size, they do not explain an important part of variance because heritability 

relies both on effect size and allele frequency. A good example can be 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 which displayed much smaller effect sizes 

of about 1 mm. 
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Unfortunately, rarer variants in the population are difficult to detect with GWAS 

(Gibson, 2012; Manolio et al., 2009). This is because a strong relationship does 

exists between sample size and statistical power to detect alleles with lower allele 

frequencies (Gorlov et al., 2008), meaning that the rarer a variant is in the population, 

the bigger the sample size has to be for detecting it. Moreover, GWAS significance 

not only depends on the frequency of the variant but also on the effect size, so that 

small effect variants won’t be detected easily even with very large sample sizes. On 

top of that, human genotyping method often relies on SNP arrays which by design 

can only capture variants down to a certain frequency in the population but this 

problem is now alleviated with whole exome sequencing becoming standard. 

Accounting for low frequency and rare variants becomes easier in human as with the 

always growing sample size and the possibility to perform meta-analysis using data 

coming from different datasets, sufficient detection power can be achieved. 

Moreover, whole exome or even whole genome sequencing allows to account for the 

entire allelic spectrum of a population. 

Figure 6. Allele frequency of the  known QTNs in yeast 

150 QTNs are found at a low frequency in the population. Each bar has a width of 

0.01 allele frequency. Dotted line shows the 0.05 allele frequency threshold. Adapted 

from Peltier et al. (2019). 
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Numerous efforts have been made towards accounting for rare variants with different 

experimental designs (Lee et al., 2014; Zuk et al., 2014). Recent studies really shed 

light on the real phenotypic impact that low frequency and rare variants have at the 

population-level and to which extent they contribute to missing heritability. Indeed, 

recent mapping studies focused on assessing the role of these variants and all of them 

converged to the same conclusion: the effect of rare variants is pervasive across the 

population with the presence of a high number of them having a strong phenotypic 

impact. This allows them to account for an important part of the missing heritability 

(Bloom et al., 2019; Fournier et al., 2019; Wainschtein et al., 2019). However, rare 

variants alone are not sufficient to completely bridge the gap between observed and 

explained heritability, suggesting that part of it is still hidden under the effect of other 

mechanisms.  



 20 

Non-additive effects 

GWAS mainly works with the assumption that phenotypes are under complete 

additive control. However, the phenotypic effects of the causal variants may not be 

necessarily combining their effect under an additive model but may instead interact 

in a synergistic manner resulting in phenotypes that are either higher or lower than 

expected under complete additivity. Genetic interactions can either take place 

between two different loci (epistasis) or inside the same locus (dominance) in a 

diploid context. Study of yeast crosses showed that although traits were mostly 

controlled by additivity, about a third of the genetic variance is linked to non-additive 

effects (Bloom et al., 2013, 2015; Fournier et al., 2019). 

 

First introduced by Mendel in the mid 19th century with its third law of inheritance 

(Mendel, 1866), dominance and recessiveness are genetic concepts that nowadays 

seem obvious. Most of the mutation inducing loss of function are recessive for the 

reason that most of the time, the activity of the gene product from the other functional 

allele is sufficient to ensure proper functioning of the biological pathway. Exception 

is made in the case of haploinsufficiency where the absence of one of the two copies 

leads to abnormal phenotypes (Deutschbauer et al., 2005). However, these loss of 

function mutations represents only a fraction of the mutational effect spectrum.  

To decompose genetic variance and more precisely the part played by non-additive 

effect, a successive intercrossing of two divergent yeast strains over 12 sexual 

generations has been achieved in order to first reduce linkage between markers of 

the two strains. Then, 86 MATa and 86 MAT haploids coming from this twelfth 

generation were crossed in a systematic pairwise manner to generate a large hybrid 

diploid panel of 6,642 individuals. After phenotyping this set on 9 growth conditions, 

a complete decomposition of traits variance in diploid has been performed. They 

found that on average, dominance accounted for 10% of the total phenotypic 

variance and 9% was accounted for by epistatic interactions (Hallin et al., 2016). 
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Bateson first coined the term “epistasis” in 1909  to explain observed deviation from 

the expected Mendelian inheritance (Bateson, 1909). From an etymological point of 

view, epistasis means standing upon suggesting characters stacked on each other 

from which you had to remove the top one i.e. the epistatic character, to reveal the 

underlying one i.e. the hypostatic character. This definition is now known as the 

biological epistasis. Since then the definition has seen a lot of remodeling and a 

widely used definition is the one of Fisher who takes a statistical approach to define 

epistasis. He explained that epistasis accounts for the deviation from additivity in a 

Figure 7. Biological and statistical epistasis 

Biological epistasis arises from interaction in an individual whereas statistical 

epistasis comes from a population phenomenon with varying genotypes modifying 

interactions in a background dependent manner. DNA variants are represented by 

vertical bars, biomolecules by circle, triangle and squares, the interactions by dashed 

lines. Final phenotype is represented as background color Adapted from Moore & 

Williams (2005). 
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linear model (Fisher, 1918). However, both i.e. biological and statistical definition 

of epistasis are important because of the core difference between the two. On the one 

hand, biological epistasis is taking place at the cellular level and reflects the 

phenotypic effect of physical molecular interactions between proteins and/or 

molecules (Figure 7A). On the other hand, statistical epistasis can only happen in a 

population because it compares the relationship between genotypes and phenotypic 

variation to a linear model (Figure 7B), although other contexts of non-linear 

genotype-phenotype maps can exist (Sailer and Harms, 2017). This main difference 

is also what is linking them (Moore and Williams, 2005): biological epistasis in 

several individuals will lead to statistical epistasis at the population level (Figure 7). 

However, two molecules that do not have a direct physical interaction may also  

exhibit epistatic interactions e.g. via different biological pathways. 

Although examples of epistasis are known to have a phenotypic impact since 

Bateson’s work, it is only in this last decade that we fully grasp the prevalence of 

such interactions at a genomic level by having a view of the global genetic interaction 

networks. Genome-scale characterization of genetic interactions has been performed 

on model organisms using either knock-down by RNA interference for 

Caenorhabditis elegans (Byrne et al., 2007; Lehner et al., 2006) and Drosophila 

melanogaster (Billmann et al., 2016; Horn et al., 2011) or knock-out approach with 

synthetic genetic array technology for S. cerevisiae (Costanzo et al., 2010, 2016). 

The pairwise cross of the yeast deletion mutant collection lead to the generation of 

about 23 million double mutants. This achievement allowed to detect almost one 

million genetic interactions with about 550,000 negative and 350 000 positive 

interactions (Costanzo et al., 2016), revealing how important genetic interactions are 

in shaping the phenotypic landscape of a cell. This digenic interaction screening has 

also been useful to understand the functional wiring of the cell. However, this gave 

no information about higher order epistasis that include three or more genes. 

Recently, a glimpse into the global trigenic interaction network has been revealed 
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(Kuzmin et al., 2018) with a subset of 200,000 triple mutants and estimated that 

trigenic interactions might be as much as 100 times more prevalent than digenic 

interactions and is highly interconnected with it. Extensive higher-order epistasis i.e. 

interactions between three, four or even more loci, have been characterized in yeast 

(Mullis et al., 2018; Taylor and Ehrenreich, 2014, 2015) as well as in other species 

(Hanlon et al., 2006; Pettersson et al., 2011). 

 

When investigating non-additivity effects at the population level, only variation that 

naturally occur within this population can be taken into account. As already 

discussed before, in most of the natural populations, a strong bias towards lower 

allele frequencies is observed. However, having a sufficiently high MAF is critical 

when it comes to detecting interactions in a population in order to achieve sufficient 

statistical value. Moreover, if a given variant shows epistatic or dominance effect at 

a given locus but is at a very small allele frequency, the phenotypic variance at the 

population level might just appear as additive. So non-additive effect might in fact 

just add a “random perturbation” without converging towards positive or negative 

interactions (Mackay, 2014; Paixão & Barton, 2016) unless they are under strong 

selection and gain sufficient allele frequency in the population to be detected through 

GWAS. Conclusions about the relative contribution of non-additive effects on 

complex traits variation suggests that in an human outbred population, epistasis and 

dominance do not play a significant role in phenotypic variation, except for some 

cases in the ABO locus for effects on factor VIII and Willebrand factor (Mäki-Tanila 

and Hill, 2014; Zhu et al., 2015). 
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Structural variants 

SNPs are far from being the only form of genetic variation present in the genome. 

Structural variants (SV) come in all shapes and sizes: this includes deletions, 

insertions, copy number variation (CNV), inversions and translocations (Figure 8). 

Altogether those large-scale variants make up for an important part of genetic 

variation between individuals from the same species. Indeed, human genomes are 

constituted only of ~0.1% of SNPs but of ~1.5% of structural variants (Pang et al., 

2010). Thus, their phenotypic effect at both the individual and population level can 

be extensive. SVs contribute to human genomic variation leading to fitness 

advantages (Radke and Lee, 2015) but are obviously well known for being the cause 

of rare and common diseases (Conrad et al., 2010; Sudmant et al., 2015; 

Weischenfeldt et al., 2013) as well as drivers of oncogenesis (Beroukhim et al., 2010) 

by activating oncogenes and inactivating tumor suppressors (Zack et al., 2013). SVs 

can be on one hand copy number neutral with inversions and balanced translocations 

and copy number variant with insertions, deletion or imbalanced translocations. 

Although being known for a long time, the role of structural variants in the 

phenotypic landscape has been overlooked for a very simple reason: detecting them 

remains challenging. Nevertheless, accessing CNVs is easily achievable through 

coverage analysis of short-read sequencing strategies like Illumina. Gross 

chromosomal rearrangements such as translocations can be directly detected by 

looking at karyotypes. Having a systematic and precise detection is hard to achieve 

even through the use of the most recent advances in sequencing technologies. 

Detecting SVs relies heavily on the ability to map the exact start and end breakpoints 

for the variant in question. Although SV detection through the use of short read 

length is feasible, recent advances in sequencing technologies with long reads such 

as Oxford Nanopore (Jain et al., 2016) facilitates breakpoints detection with the 

adapted detection tools (Cretu Stancu et al., 2017; Gong et al., 2018; Sedlazeck et 

al., 2018). Moreover, as longer reads also allow for highly contiguous de novo 
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genome assemblies, it is then possible to accurately map the SVs after assembly 

(Biederstedt et al., 2018) and not directly with the raw reads mapped against a 

reference genome. However, as fast as this sequencing technologies is advancing, to 

this date, it is still prone to systematic errors especially in homopolymers (Jain et al., 

2018) and requires polishing steps by more accurate reads such as Illumina to 

produce good quality assemblies (Fournier et al., 2017; Istace et al., 2017). 

 

Out of the many phenotypic outcomes that structural variants can have 

(Weischenfeldt et al., 2013), chronic myeloid leukemia stands as a good illustration 

on how translocations can have dramatic phenotypic effects. Patients diagnosed with 

chronic myeloid leukemia carry in 95% of the cases the Philadelphia chromosomes 

which is characterized by a reciprocal translocation between chromosomes 9 and 22 

(Druker et al., 1996). At the breakpoint, genomic recombination results in the 

Figure 8. Types of structural variants 

A schematic overview of the structural characteristics of SVs with balanced SVs 

encompassing Deletion, Insertion, Inversion and reciprocal translocations. On the 

other hand, unbalanced SVs also called CNVs arise with tandem or dispersed 

duplications, aneuploidies and non-reciprocal translocations. 

Modified from Hurles et al. (2008) 
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juxtaposition of BCR and ABL1 which generates the BCR-ABL1 fusion gene. The 

Bcr-Abl protein has a tyrosine kinase activity that is deregulated which in turn will 

lead to oncogenesis (Lugo et al., 1990). Although many reciprocal translocations can 

remain phenotypically silent in an individual, problems may arise during meiosis 

where only a fraction of the gametes will be euploid. Thus, translocation carriers will 

display important problems of fertility and/or risk of transmitting severe phenotypic 

conditions to their progeny who will carry partial aneuploidies.  

 

A reciprocal translocation between chromosome VIII and XVI in S. cerevisiae 

confers a sulfite resistance (Pérez-Ortín et al., 2002). Interestingly, this translocation 

is restricted to a subpopulation of strains used in winemaking, due to a selection 

pressure on this phenotypic advantage as sulfite is an antioxidant and antimicrobial 

compound widely used in winemaking processes. It has been shown that the 

translocation happened in micro-homology regions in the two promoters of the SSU1 

and ECM34 genes (Pérez-Ortín et al., 2002). Ssu1p is involved in sulfite efflux (Park 

and Bakalinsky, 2000), however, this simple change of promoter is not sufficient to 

induce the observed sulfite resistance. As a matter of fact, by using CRISPR-Cas9, 

a recent study engineered this translocation in the strain BY which normally does 

not have a strong resistance to sulfite (Fleiss et al., 2019). Surprisingly, this even had 

a negative impact on sulfite resistance. The cause for this was that more than a simple 

promoter change, the ECM34 promoter in the wine strains also has tandem repeat of 

a 76 bp and that the number of these repeats is directly correlated to the sulfite 

resistance level in the translocated strains (Pérez-Ortín et al., 2002). Indeed, the 

introduction of the repeated sequence in the promoter induced an increase in sulfite 

resistance (Fleiss et al., 2019). This example depicts how complex structural variants 

i.e. a combination of translocation and copy-number variant can have an important 

phenotypic impact that would thrive through natural selection and be part of 

S. cerevisiae evolution. 
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The previous examples were cases of extreme phenotypic outcome for translocations 

where this type of event could disrupt genes, change their regulation or create fusion 

genes. However, the same study (Fleiss et al., 2019) also randomly introduced non-

gene disrupting translocations by targeting TY transposable elements as 

translocation breakpoints and phenotyped the translocated strains on various 

conditions. The translocated strains displayed a surprising amount of phenotypic 

variance on several growth conditions. This led to the conclusions that the sole 

modification of the 3D architecture of the genome is enough to generate a range of 

fitness effect thus widening the phenotypic landscape of an individual. 

 

Variation in the number of copies can be either in direct repeat i.e. tandem 

duplication, or somewhere else in the genome i.e. dispersed duplication (Figure 8), 

they also can display a wide distribution of sizes and fitness effects, from few base 

pairs in direct repeats as shown in the previous example of sulfite resistance in yeast, 

up to complete chromosomal duplications as in down syndrome for humans. CNV 

formation can occur via different mechanisms, both through recombination e.g. 

Nonhomologous End Joining, and replication-based mechanisms e.g. fork stalling 

and template switching (Stankiewicz and Lupski, 2010). They are extremely 

prevalent in with more than 80% of all ORFs belonging to the yeast pangenome 

having a CNV in at least one strain (Peter et al., 2018).  

CNV has been proven to be a fast way of adapting to new stringent environments 

and displayed extensive dynamic in the way they appear and are maintained (Lauer 

et al., 2018). Although adaptation through CNV often leads to direct fitness gain for 

a particular phenotype, as large size CNV can be energetically costly for the cell 

(Tang and Amon, 2013), it can also represent a case of fitness trade off under other 

conditions (Sunshine et al., 2015). 1,834 strains with telomeric amplifications 

(amplification from one point in the chromosome up to the telomere) were 
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engineered. Competition experiment with all strains pooled in three different nutrient 

limited conditions revealed that 175 of these CNVs  induced fitness variation but 

they were mostly condition specific. Indeed, only four regions increased the fitness 

in all three conditions and seven decreased it in all three conditions (Sunshine et al., 

2015). 

 

CNV have already been taken into account in some GWAS (Craddock et al., 2010; 

Marshall et al., 2017). In yeast for example, GWAS with both CNVs and SNPs 

revealed that on average, variation in copy number explained a larger part of the 

heritability than SNP (Peter et al., 2018). Complex genetic disorders have SNP based 

heritability but are also possibly caused by multiple if not all types of structural 

variants. For instance, in Autism Spectrum Disorder (ASD), most of the liability is 

explained by common variants (Gaugler et al., 2014). However, CNVs are 

significantly associated in 10% of the individuals presenting ASD (Sebat et al., 

2007), indels in 1% (Weiss et al., 2008), as well as cases of gene-disrupting balanced 

translocations (Kim et al., 2008). 
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Other causes for missing heritability 

 

• Non-coding variants 

A fair number of studies on human traits are based on exome SNP arrays. This 

implies that only gene-coding regions are taken into account which in human consist 

in only ~1.5% of the whole genome. However, most of the functional variation can 

be due to regions outside of exons (Hindorff et al., 2009; The ENCODE project 

consortium, 2012). Indeed, by elegantly developing a high-efficiency and scalable 

CRISPR-Cas9 genome editing technique entitled CRISPEY, more than 16,000 

individual genetic variants were introduced in a yeast genetic background. Among 

them, 572 were found to significantly modify the fitness on rich glucose medium. 

These phenotypically relevant variants were particularly enriched in transcription 

binding sites or other regulatory sequences with only a fifth directly located in amino 

acid sequences (Sharon et al., 2018). A common intronic variant recently mapped 

through GWAS affects the regulation of EDN1 through trans-effects. This gene is 

implicated in vasoconstriction and the variant strongly upregulates its expression 

level, leading to multiple vascular diseases, suggesting pleiotropic effects (Gupta et 

al., 2017). These observations imply that most of the variation actually comes from 

modification of gene expression levels. 

 

• Mitochondrial effects 

In humans, plethora of diseases are associated with mitochondrial variants. 

Mitochondrial DNA is, as its nuclear counterpart, prone to variation between 

different individuals as shown in humans (Diroma et al., 2014), fly (Bevers et al., 

2018), fission yeast (Tao et al., 2019) or in worm (Zhu et al., 2019). In S. cerevisiae, 

a recent study on 96 natural isolates highlighted the importance role played by cyto-

nuclear interactions in both respiratory and non-respiratory phenotypes 

(Vijayraghavan et al., 2019). Interactions between nuclear and mitochondrial 
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genomes can have substantial phenotypic effects (Joseph et al., 2013) sometimes 

leading up to a lethal phenotype, called cytonuclear incompatibilities (Chou and Leu, 

2010; Hou et al., 2015). Although being very often overlook in GWAS, some recent 

associations studies based on mitochondrial DNA start to arise (Guyatt et al., 2019). 

 

• Pangenome 

All individuals belonging to the same population do not have the same exact gene 

content. The totality of the genes present in a population is called the pangenome 

(Tettelin et al., 2005). It encompasses the core genome referring to the genes present 

in every individual and the accessory genome accounting for genes present in a 

subset of all the individuals. Part of the reasons why gene content might differ 

between individuals is the presence of introgressed regions resulting from an 

hybridization event with another species but also the presence of horizontal gene 

transfers (HGT). The study of 1,011 natural S. cerevisiae isolates emphasized the 

extensive size of the yeast pangenome with close to 7,800 ORFs containing 2,856 

accessory ORFs (Peter et al., 2018). About one third of the accessory genes 

originated from hybridization events with Saccharomyces paradoxus, a sister species 

of S. cerevisiae. This accessory genome is more prone to variation both in terms of 

nucleotidic sequence and in copy number. Moreover, some of these variable ORFs 

were significantly associated with a phenotype (Peter et al., 2018). In addition, 

introgressions and HGT giving specific domestication related functions in cheese 

and flor populations of yeast have been detected (Legras et al., 2018). Together, these 

studies confirm the role of the accessory genome in the phenotypic landscape of a 

species. 
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• Environmental factors 

With human diseases, A problem might also arise from the fact that most of the 

studied diseases suffer from a categorical and dichotomic classification: people are 

either cases if they display the symptoms or control if not. However, being controlled 

by multiple genes, complex diseases appear either with a range of symptoms and 

severity or by a threshold dependent response masking a continuum of other 

molecular traits and risk factors (Gibson, 2012). Genetic disorders can also have 

different states with several development stages. Moreover, factors like 

environmental exposure or tissue type likely change regulatory mechanisms of the 

cells. Indeed, Trans eQTLs appear more highly tissue-specific than cis-eQTLs 

(GTEx Consortium, 2017). They can also induce epigenetic changes that will in turn 

modify gene expression (Finucane et al., 2018; Yengo et al., 2018). Post-

transcriptional regulation mechanisms (Wu et al., 2013) are also playing an 

important role in the phenotypic landscape. However, in order to have the best 

understanding and quantification of all those mechanisms, they have to be 

considered at the same time by the use of a systemic approach by linking SNPs, gene 

expression level and protein level.  
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Genetic background effect 

 

Despite the importance of understanding the genetic basis of complex traits, we 

currently lack complete knowledge of the relevant genetic components, even in 

scenarios where environment and other non-heritable contributing elements are well 

controlled (Mackay et al., 2009). The impact of genetic backgrounds, inter alia, on 

the phenotypic expression are still poorly understood to date. However, a better 

understanding of background-specific effect on phenotypic expression variation 

would lead to a greater perception of the genotype–phenotype relationship. 

Behind the simplicity of a Mendelian inheritance, there is a clear hidden complexity 

of how variants exert a functional impact among individuals of the same species. 

Although this has been known for decades, the continuous level of the underlying 

phenotypic spectrum is overlooked. It is evident that most monogenic mutations do 

not always strictly follow Mendelian inheritance (Antonarakis et al., 2010). Many 

genetic disorders are referred as Mendelian that is caused by monogenic mutations. 

However, people inheriting the same mutation often display variation in phenotypic 

expression. This has come to be described by two words: ‘penetrance’ and 

‘expressivity’ (Jarvik and Evans, 2017; Zlotogora, 2003). First, a mutation can 

exhibit incomplete penetrance, meaning that an individual may have this particular 

mutation but may not express the expected phenotype because of modifiers, epistatic 

interactions or suppressors present in the genome or because of the environment 

(Figure 9). An example is the BRCA1 alleles, which predispose to breast and ovarian 

cancer in humans. Individuals with a mutation in the BRCA1 gene have more or less 

80% risk to develop this disease, therefore showing incomplete penetrance 

(Mavaddat et al., 2013). Second, the penetrance of a mutation is sometimes 100%, 

meaning that all the individuals present the expected trait (Figure 9), but they exhibit 
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different degrees of expressivity. Neurofibromatosis type I, a Mendelian disorder, is 

a notorious example of large variable expressivity. The disease is caused by 

dominant mutations in the NF1 gene (Pasmant et al., 2012) and individuals carrying 

a mutation show a significant phenotypic heterogeneity. In fact, this is the case of a 

large number of diseases referred as caused by mutations occurring in single genes 

such as cystic fibrosis, Huntington’s disease, and Fragile X (Arning, 2016; Cutting, 

2010; Garber et al., 2008). In the case of cystic fibrosis, there is even evidence that 

modifiers, mutations in other genes, impact the phenotype (Emond et al., 2012; 

Rosendahl et al., 2013). Even for Down Syndrome, a whole chromosome disorder, 

there is evidence of phenotypic expression variation due to genetic background 

Figure 9. Penetrance and expressivity of traits 

In the case of a monogenic disease, all individual carrying the causal allele are 

expected to develop the same trait. However, in some cases, individual with the 

causal allele do not express the expected phenotype, resulting in incomplete 

penetrance. For other traits, the phenotype will be expressed differentially depending 

on the individuals: some will develop more severe symptoms while other display 

milder symptoms thus representing the phenotypic expressivity. 
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differences (Ackerman et al., 2012; Li et al., 2012). More broadly, the phenotypic 

expression can be modified by various factors with the two most reported being age 

(Mavaddat et al., 2013) and sex (Tai et al., 2007). However, phenotypic expression 

can also be impacted by genetic background with the presence of genetic interactions 

and modifiers as already mentioned, mutation type (Thauvin-Robinet et al., 2009) 

and environment (Lachance et al., 2013). The distinction between penetrance and 

expressivity reflects an overly simplified view for several reasons. First, the full 

breadth of expression is not systematically characterized for any monogenic 

mutation in humans. Second, considerable uncertainty is introduced at the 

phenotypic level, because it is difficult to accurately characterize a trait measurement 

Figure 10. Phenotypic impact of the genetic background 

A. An allele present in different genetic background could result in the same 

phenotypic outcome at the organismal level. However, this does not mean that 

intermediate phenotypes such as molecular traits (e.g. gene expression level) will be 

the same. Each layer of intermediate phenotype acts as a lens that can deviate the 

phenotype in a specific way with the organism phenotype as the focal point of all 

those superimposed lenses.  

B. If a mutation occurs in this gene, incident intermediates phenotypes can be altered 

and completely change the organism phenotypic outcome. 
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for most genetic disorders. Most diseases are obviously a complex layering of 

intermediate molecular traits, for example gene expression, methylation, protein and 

metabolite levels. Several layers of intermediate molecular traits account for the 

global phenotype at the individual level. Thus, two individuals can display the same 

trait at the organism level but exhibit completely different intermediate phenotypes 

at the molecular level, or vice versa (Figure 10). To better understand the genetic 

basis of diseases, a more precise estimation of the phenotypic value as well as a more 

complete picture of the genetic architecture of the molecular traits are probably 

essential. 

 

Genetic backgrounds, natural populations and model organisms 

Variation among individuals of natural populations provides useful raw material to 

dissect the relationship between genetic variants and phenotypes (Alonso-Blanco et 

al., 2016; Auton et al., 2015; Durbin et al., 2010; Walter et al., 2015). Moreover, 

high-throughput genotyping and phenotyping technologies have greatly enhanced 

the power to dissect the genetic complexity hidden behind traits in model as well as 

in non-model organisms (Ellegren, 2014). A focus on the effects of the genetic 

backgrounds in natural populations is timely given several recent technological 

developments. Besides classical examples in human diseases, variation of 

phenotypic expressivity of monogenic mutations were also observed in model 

organisms at a genome-wide scale such as in yeast (Dowell et al., 2010; Hou et al., 

2016), mouse (Doetschman, 2009; Montagutelli, 2000; Percival et al., 2017; Yoshiki 

and Moriwaki, 2006) and worm (Paaby et al., 2015; Vu et al., 2015). 

High-throughput experiments are very useful to quantify the prevalence of the 

genetic background effects on functional variants between individuals. As an 

example, model organisms allow for systematic testing of loss-of-function 

phenotypes. In this context, systematic gene deletion collections were obtained for 

two closely related yeast Saccharomyces cerevisiae laboratory isolates (S288c and 
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S1278b) (Giaever et al., 2002; Montagutelli, 2000). An extensive difference of gene 

essentiality was found by comparing those two gene knockout libraries. In fact, 

nearly 5% of the genes identified as essential in one isolate are dispensable for 

survival in the other. In addition, rescue of the viable phenotype generally is of high 

order of complexity, requiring several modifier genes to counter the effect of a 

conditionally lethal deletion (Dowell et al., 2010). The genetic basis behind the 

disparity observed between these genetic backgrounds is still unknown. A similar 

study has been conducted using the nematode Caenorhabditis elegans by knocking 

down ~1400 genes with RNAi in the two canonical N2 Bristol and CB4856 

Hawaiian isolates (Vu et al., 2015). Reduced expression of ~20% of the tested genes 

led to a trait that varied considerably across the lines. In parallel, the same conclusion 

was reached by targeting 29 maternal-effect genes in 55 wild C. elegans strains from 

around the world (Paaby et al., 2015). By perturbing known embryonic genes, the 

variability of the embryonic lethality expressivity across genetic backgrounds was 

clearly highlighted. Finally, the same mutation has also been recently expressed in a 

large number of Drosophila genetic backgrounds (Chow et al., 2016; Park et al., 

2014). The Rh1G69D allele, which is a model for retinitis pigmentosa (RP), was 

crossed in multiple isolates of the Drosophila Genetic Reference Panel representing 

roughly 200 wild-derived strains (Chow et al., 2016; Mackay et al., 2012). It turns 

out that the retinal phenotype of Rh1G69D varies in a quantitative manner 

throughout the population, suggesting strong background effects. Using genome-

wide association followed by functional validation with RNAi knock-down, the 

authors identified 10 modifier loci involved in the expressivity of RP (Chow et al., 

2016). Many of these modifiers have human orthologs and most have not yet been 

implicated in the onset of retinitis pigmentosa. All together, these examples highlight 

that the phenotypic expression of a specific mutation varies tremendously and 

heritably, depending on the interacting alleles present in each genetic background. 
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The hidden complex inheritance of simple Mendelian cases is a continuum 

By performing a species-wide survey of monogenic variants in the yeast S. 

cerevisiae, it has been recently shown that genes and alleles underlying the onset of 

Mendelian traits are variable in terms of their type, frequency and genomic 

distribution at the population level (Hou et al., 2016). The effect of a rare monogenic 

mutation of the PDR1 gene, which confers resistance to cycloheximide and 

anisomycin, was explored and highlighted a continuum of the phenotypic spectrum. 

The Pdr1p protein is a transcription factor regulating the expression of various 

multidrug resistance ATP-Binding Cassette (ABC) transporters. In a yeast clinical 

isolate (YJM326), the presence of a nonsynonymous mutation in the sequence of the 

inhibitory domain of Pdr1p leads to constitutive expression of the downstream 

transporter coding genes, conferring the drug resistance trait. Twenty sensitive 

natural isolates were crossed with the resistant YJM326 isolate and the fitness 

distribution as well as the segregation of the drug resistance in the offspring were 

evaluated (Figure 11). Seventy percent of the cases displayed a classic Mendelian 

inheritance. But more interestingly, increased genetic complexity was observed in 

30% of the cases, with significant and continuous deviations from the Mendelian 

expectation (Figure 11). In five cases, a slight deviation from Mendelian inheritance 

was observed. The level of genetic complexity was low and the variation of 

expressivity observed in these cases was due to the presence of one or two modifiers 

and/or gene interactions. Finally, the fitness distribution appeared to be normal for 

one given cross, which is characteristic of a complex trait. This study clearly 

demonstrated that the genetic complexity of traits could be dynamic, transitioning 

from clear Mendelian to diverse complex inheritance patterns depending on various 

genetic backgrounds. The power of this study lies in the fact that assumptions 

regarding the number of modifiers involved can be made by looking at the 

phenotypic distribution and segregation patterns in the offspring (Figure 11). 

Consequently, it is possible to more accurately estimate the genetic complexity of 
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traits. Deeper dissection of the transition between simple and complex traits in 

natural populations might therefore lead to new insights into the genetic architecture 

of traits. 

  

Figure 11. Trait complexity acts as a continuum at the species level 

When crossing a rare variant with other genetic backgrounds, underlying genetic 

complexity of trait displays a continuum ranging from Mendelian or monogenic trait 

up to a complex trait. Genetic complexity underlying the trait can be assessed by 

looking at the offspring phenotypic distribution. A bimodal distribution following 

Mendelian ratios (2:2 for haploids and 3:1 for diploids) suggests a monogenic trait. 

Deviations from these ratios are signs of higher but intermediate level of complexity. 

Ultimately, a normal phenotypic distribution depicts a complex phenotype. 
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Conclusion 

Understanding the phenotypic effects of natural genetic variants remains a major 

challenge in biology. This is obviously clear in the case of personalized medicine, 

with the hope to predict an individual’s disease risk from his genetic data. The 

advances of high-throughput sequencing technologies hold the promise that whole-

genome sequencing will be routine in medical care and will enhance the power to 

determine the genetic basis of traits. Comprehensive dissection of the genetic 

mechanisms underlying natural phenotypic diversity seems to be within reach. Since 

the rise of high-throughput sequencing technologies, a lot of effort has been put into 

genome-wide association and linkage mapping strategies to dissect the genotype–

phenotype relationship. Nevertheless, limitations have been clearly highlighted by 

all association studies in humans, where all causal variants found fail to explain the 

entirety of the observed phenotypic variance. This unexplained variance is better 

known as the missing heritability (Manolio et al., 2009; Zuk et al., 2014). Because 

of this missing heritability, predictions about phenotypic variation remain limited. 

Possible reasons for this grey zone are the presence of a high number of rare variants, 

which are background specific, in natural populations and the intricate pattern of 

genetic interaction between all the genes that cannot be detected using these 

methods. Rare variants and genetic interactions clearly contribute to phenotypic 

expressivity variation. Deeper characterization of the inheritance, expressivity and 

genetic interactions hidden behind the phenotypic landscape of natural populations 

will bring further valuable insight into the conversion of genetic into phenotypic 

variation. 
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Yeast as a powerful tool to dissect the genotype-phenotype 

relationship. 

 

Studying the causes for the missing heritability and more generally genetic 

architecture of traits require the use of an adapted model organism. Yeast stands as 

a powerful model to study it. They have long been used as a model in several 

domains of biology because of being a unicellular eukaryote that is easily laboratory 

amendable, with a short generation time, a small and compact genome (Goffeau et 

al., 1996) and numerous genetic or molecular tools available. As proved with the 

various examples discussed in the previous sections, yeast stands as an exceptional 

asset to dissect all the aspects of the genetic architecture of traits. We now have 

access to more than a thousand of natural isolates presenting a wide range of 

phenotypic and genetic diversity (Figure 12). 

As with their haplodiplobiontic life cycle, crossing and sporulating isolates to 

generate successive generations is relatively easy. Obtaining a large progeny of 

hundreds or even thousands of segregants from a large number of crosses between 

natural isolates can be done quickly. A major advantage of yeast is the fact that once 

genotyped, one can phenotype them as far as imagination goes thanks to their clonal 

replication by budding. This comes in handy for applying mapping strategies on a 

large panel of phenotypes either related to growth, morphology or molecular traits. 

Yeast also are convenient for scaling up experiment in large-scale high-throughput 

studies and can efficiently be paired with automated handling both in liquid or solid 

to manipulate thousands of isolates at the same time. These high-throughput methods 

can uncover the full potential of yeast especially when paired with classical yeast 

genetic techniques such as crosses, tetrad dissections or genome editing. The very 

fact that yeast sporulates is what makes them very unique for genetic studies. Indeed, 

through sporulation and tetrad dissection, it is possible to access the outcome of 

individual meiosis events and chromosomal segregation in the four resulting spores. 
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Figure 12. Genetic diversity of 1,011 natural isolates of S. cerevisiae 

Tree based on pairwise nucleotidic diversity between isolates. 26 clades based on 

geographical or ecological origins are depicted by colors. The top left inset represents 

a magnification of the Wine/European cluster. Adapted from Peter et al. (2018). 
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Understanding how genetic variance controls the amount of phenotypic variation in 

a natural population is a central question in biology. This allows individuals to adapt 

to ever changing environments and the presence of other selective pressures. Each 

trait is shaped by the genetic makeup of an individual and thus can be idiosyncratic 

to this individual. The main theme of my project is to use the awesome power of 

yeast genetics to investigate as much as possible the genetic architecture of traits 

through the lens of the missing heritability and its different main components.  

 

Based on the recently published collection of whole genome resequencing of more 

than 1,000 natural isolates of S. cerevisiae, our lab currently has the best 

understanding of both genetic and phenotypic natural diversity of any eukaryotic 

model. By taking advantage of this raw material, we selected a panel of 55 natural 

strains that are diploid, homozygous and representative of the natural diversity of the 

species. From these, stable founder haploid were generated in both mating types and 

crossed in an all by all manner, also called a diallel cross scheme, generating more 

than 3,000 hybrids that were then phenotyped on a wide range of conditions 

impacting various cellular pathways. This dataset proved to be a goldmine to 

investigate genetic architecture of traits. The first chapter of this project aimed at 

uncovering several aspects of this genetic architecture (Figure 1A). First, the diallel 

hybrid panel allowed us to precisely measure and separate the part of the phenotypic 

variance explained by additive phenomena from the part due to non-additive 

phenomena at a population-scale. This allowed to confirm that most of the 

phenotypic variance is controlled by additivity while non-additivity still represent 

about a third of the total variance. Next, we sought to infer mode of inheritance for 

each cross/trait combination. There again, most of the conditions were 

predominantly controlled by additivity but we also found an important role for 

dominance as well as over- and underdominance suggesting the presence of genetic 

interactions with large effects. 
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Figure 1. Schematic overview of the project 

Starting from populations of natural yeast isolates, we wanted to investigate the 

putative cause of missing heritability. For that, Several aspects of genetic architecture 

of traits have been investigated using: A. a diallel hybrid diploid panel, B. the haploid 

progeny of these hybrids and C. natural structural variants. 
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The last aim of this study was to uncover the part played by low frequency and rare 

variants in the phenotypic landscape of the population. By performing GWAS, we 

could see an enrichment of significantly associated variants having lower allele 

frequency and that on average, they explained as much heritability as the common 

variants. 

 

To go further with this first analysis of the architecture of traits in diploid, in the 

second chapter, we then aimed at obtaining a global view of the genetic complexity 

of traits by looking at the phenotypic distribution of large progenies (Figure 1B). To 

do so, we subsampled the previously generated diallel panel of hybrid and proceeded 

with 190 crosses coming from a diallel of 20 parental strains. For each of these 

crosses, a large offspring was generated and then phenotyped on the same conditions 

as the hybrids. Phenotypic distribution of the offspring allows to differentiate 

between monogenic traits, oligogenic traits and complex traits. Although most of the 

cross/trait combinations were complex, some conditions showed an extensive 

number of monogenic inheritance patterns thus revealing the presence of high impact 

variants. We then could follow the effect of these high effect variants across different 

genetic backgrounds to trace their expressivity level throughout the population. We 

uncovered a large number of cases of such expressivity with increases in the genetic 

complexity in some crosses carrying one of these variants. 

 

In the last chapter, our efforts focused on another important part of both genetic 

architecture and missing heritability which is the impact of structural variation in the 

phenotypic landscape (Figure 1C). The goal here was first to introduce the tools 

needed to perform such studies, that is taking advantage of new generation long read 

sequencing technologies such as Oxford Nanopore to facilitate genome assemblies 

and structural variant detection in natural populations. The first aim of this study has  

been to focus on a non-model yeast species, namely Brettanomyces bruxellensis. 
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This species features extensive large-scale structural variation as demonstrated by 

pulsed field gel electrophoresis in several natural isolates, making it a model of 

choice for this type of study. However, the lack of a good quality reference genome 

pushed us to generate one on our own. Thus, we completed the assembly of the 

UMY321 with 8 chromosomes and a total of 13Mb by combining the length of 

nanopore reads with the quality of Illumina short reads. In order to highlight 

structural variants, two other divergent strains of B. bruxellensis have also been 

sequenced using the same method, which allowed to highlight the presence of 11 

gross chromosomal rearrangements. Another part of this work was to obtain a much 

broader view of the overall landscape of structural variation in S. cerevisiae. To do 

so, 100 natural isolates coming from the 1,002 yeast genomes project have been 

sequenced both with Illumina and Oxford nanopore. De novo assembly of their 

genome has just been finalised. This dataset will allow us to better grasp the 

prevalence of structural variants in a natural population as well as in a near future to 

assess their putative association with phenotypic variation. 

 

Altogether, this project focused on obtaining a better view of several aspects of the 

genetic architecture of traits in natural populations and more precisely to some 

causes for missing heritability. Thanks to an adapted experimental design and the 

use of a powerful model organism, it allowed us to study these mechanisms 

underlying missing heritability by taking advantage of the very large phenotypic and 

genotypic diversity present in yeast. Indeed, we could quantify the effect of low 

frequency variants, to determine the complexity spectrum of genetic complexity as 

well as its background dependent dynamic. Finally, we showed the prevalence of 

structural variation between individuals belonging to the same population, thus 

laying the foundation for further experiments assessing their phenotypic outcome. 
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Summary 

 

Genome-wide association studies (GWAS) allow to dissect the genetic basis of 

complex traits at the population level. However, despite the extensive number of 

trait-associated loci found, they often fail to explain a large part of the observed 

phenotypic variance. One potential reason for this discrepancy could be the 

preponderance of undetected low-frequency genetic variants in natural populations. 

To increase the allele frequency of those variants and assess their phenotypic effects 

at the population level, we generated a diallel panel consisting of 3,025 hybrids, 

derived from pairwise crosses between a subset of natural isolates from a completely 

sequenced 1,011 Saccharomyces cerevisiae population. We examined each hybrid 

across a large number of growth traits, resulting in a total of 148,225 cross/trait 

combinations. Parental versus hybrid regression analysis showed that while most 

phenotypic variance is explained by additivity, a significant proportion (29%) is 

governed by non-additive effects. This is confirmed by the fact that a majority of 

complete dominance is observed in 25% of the traits. By performing GWAS on the 

diallel panel, we detected 1,723 significantly associated genetic variants, 16.3% of 

which are low-frequency variants in the initial population. These variants, which 

would not be detected using classical GWAS, explain 21% of the phenotypic 

variance on average. Altogether, our results demonstrate that low-frequency variants 

should be accounted for as they contribute to a large part of the phenotypic variation 

observed in a population. 
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Introduction 

 

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 continuous search to unravel 

the intricate relationship existing between genotype and phenotype in natural 

populations has seen tremendous progress in the last 10 years with the rise of  high-

throughput sequencing and GWAS (Alonso-Blanco et al., 2016; Auton et al., 2015; 

Mackay et al., 2012; Peter et al., 2018; Visscher et al., 2017). However, this major 

leap forward also comes with some limitations. As discussed before, very often in 

association studies, variants associated with complex traits fail to explain a large part 

of the observed phenotypic variation (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). This missing heritability has been attributed to several phenomena, one of 

which is the presence of low frequency and rare variants (Gibson, 2012; Hindorff et 

al., 2009; Manolio et al., 2009; Pritchard, 2002; Walter et al., 2015). Therefore, 

measuring the effect of rare and low frequency variants in natural populations is of 

prime interest in order to better understand the genetic architecture of traits as well 

as to unravel part of the missing heritability. Here, we investigated the underlying 

genetic architecture of phenotypic variation 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 purpose, we 

generated and examined a large set of traits in 3,025 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. 
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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 Table S1). Haploid  isogenic lines of both mating types 

were generated for each of the diploid homozygous lines (Figure S1). A full diallel 

cross panel was constructed by systematically crossing the 55 selected isolates in a 

pairwise manner (Figure 1D). In total, we generated 3,025 hybrids, representing 

2,970 heterozygous hybrids with a unique parental combination and 55 homozygous 

hybrids. All 3,025 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 S2, 

Figure S3, Table S2). We used growth as a proxy for fitness traits (see Methods). 

Ultimately, this phenotyping step led to the characterization of 148,225 hybrid/trait 

combinations. 
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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. 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 3,025 hybrids. 

This panel was then phenotyped on 49 growth conditions impacting various cellular 

processes. 
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Estimation of genetic variance components using the diallel panel  

 

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 

combinations, whereas the Specific Combining Ability (SCA) corresponds to the 

residual variation unaccounted for from the sum of GCAs from the parental 

combination. Consequently, the phenotype of a given hybrid can be formulated as µ 

+ GCAparent1 + GCAparent2 + SCAhybrid, where µ 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 the model used (see Methods). Using GCA and SCA values, we 

estimated both broad- (H2) and narrow-sense (h2) heritabilities for each trait (Figure 

2). Broad-sense heritability is the fraction of phenotypic variance explained by 

genetic contribution. In a diallel cross, the total genetic variance 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 µg.ml-1) and the highest for 

sodium meta-arsenite (2.5 mM), respectively. The additive part (h2 values) ranged 

from 0.12 to 0.86, with the lowest value for fluconazole (1 µg.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, 
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explaining on average one third of the phenotypic 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 traits 

display a larger non-additive contribution, such as in galactose (2%) or ketoconazole 

(10 µg/ml). Interestingly, we revealed that these two conditions revealed to be 

mainly controlled by dominance (see below). Altogether, our results highlight the 

main role of additive effects in shaping complex 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, 2015). Nonetheless, non-additive effects still  

plain a third of the observed phenotypic variance. 

Figure 2. Heritability measurements 

A. Orange bars represent the narrow-sense heritability h2 for each condition while 

blue bars represent broad-sense heritability H2. The difference between H2 and h2 

depicts the part of variance due to non-additive effects. B. Overall mean additive and 

non-additive effects for every tested growth condition. C. Representation of H2 as a 

function of h2 showing the relative additive versus non-additive effects for each 

condition. Outlier conditions in terms of non-additive variance will lie further away 

from the linear regression line. Person’s r (95% confidence interval: 0.684 – 0.889) 

with the corresponding p-value is displayed. 



 66 

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 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/trait combination (Lippman and Zamir, 2007), i.e. 

additivity, partial or complete dominance towards one or the other parent and finally 

overdominance or underdominance (Figure 3A-B, see Methods).  

Only 17.4% of all hybrid/trait combinations 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 (Figure 3C). Interestingly, these events are not as rare as previously 

described (Zorgo 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 trait/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 traits (33 out of 49) showed 

a prevalence of additive effects (Figure 3F). 

However, 17 traits were not predominantly additive throughout the population. 

Indeed, a total of 12 traits were detected as mostly dominant with 4 cases of best 

parent dominance, including galactose (2%) and ketoconazole (10 µg.ml-1), and 8 of 

worst parent dominance. The remaining 5 conditions displayed a majority of partial 

dominance (Figure 3F). These results confirm the importance of additivity in the 
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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 impact of epistasis on phenotypic 

variation. 

 

 

  

Figure 3. Mode of inheritance 

A. Representation of the different mode of inheritance depending on the hybrid value 

when a separation can be achieved between parental strains and B. if a clear 

separation cannot be achieved between parental strains. C. Percentage of parental 

phenotypes separated from each other for which a complete partition of different 

inheritance modes can be achieved. D. Inheritance modes for every cross and 

condition where no separation can be achieved between the two homozygous 

parents. E. Inheritance modes for every cross and condition where a clear phenotypic 

separation can be achieved between the two homozygous parents. F. The number of 

conditions in each main inheritance mode. 
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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. However, 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.  

Figure 4. Rare and low-frequency variants detection 

A. Comparison of MAF for each SNP between the whole population (1,011 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). 
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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 Methods, Table S1). 

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 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 population 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 Methods). 

We used a classical additive model, encoding for SNPs where linear relationship 

between trait and genotype is assessed, i.e. 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 heterozygous and 

homozygous thus revealing overdominant and dominant effects. For each of these 

two models, we performed mixed-model association analysis of the 49 growth traits 

with FaST-LMM (Lippert et al., 2011; Widmer et al., 2014). Overall, GWAS 

revealed 1,723 significantly associated SNPs (Table S4) by detecting from 2 to 103 

significant SNPs by condition, with an average of 39 SNPs per trait. Minor allele 

frequencies of the significantly associated SNPs were determined in the 1,011 

sequenced genomes, from which the diallel parents were selected (Figure 4). 

Interestingly, 16.3% of the significant SNPs (281 in total) corresponded to low-

frequency variants (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 additive and overdominant models, 
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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 Methods) 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 

respective allele frequency, it is noteworthy that low-frequency variants explained a 

slightly (but significantly) higher 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 S4A). It is noteworthy that this trend was robust 

and conserved across the two encoding models implemented, accounting for additive 

and overdominant effects (Figure S4A).  

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 S4), 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 phenotypes in yeast leading to the 

identification of 178 quantitative trait genes (QTG) (Peltier et al., 2019) and we 

found that 27 of the genes we detected are included in this list (Figure S4C). In 

addition, 23 associated genes were also found as overlapping with a recent large-

scale linkage mapping survey in yeast (Bloom et al., 2019) (Figure S4C). We then 

asked whether the associated genes were enriched for specific gene ontology (GO) 

categories (Table S3). This analysis revealed an enrichment (p-value= 5.39x10-5) in 
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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-frequency 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 µg.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) → TTA (Leu)) for the first position and a non-synonymous 

mutation (GAA (Glu)→ AAA (Lys)) for the second position (Figure 5A). The 

phenotypic advantage conferred by this allele was observed with a significant 

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 variant, 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. 
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Figure 5. Low-frequency variant functional validation in 6-azauracil 100µg.ml-1 

A. Schematic representation of SGD1 with the relative position of the detected SNPs. 

The minor allele is represented in orange with its MAF in the population and in the 

diallel cross panel. B. boxplot and density plot of the normalized phenotypes for each 

genotype on 6-azauracil 100 µg.ml-1. Number of observations is displayed in the 

boxplots. C. Phenotypic validation after allele replacement of the minor allele with 

the major allele using CRISPR-Cas9 in the strains carrying the minor allele. Error 

bars represent median absolute deviation (4 replicates). 
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Conclusion 
 

Understanding the source of the missing heritability is essential to precisely address 

and dissect the genetic architecture of complex traits. 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, 

2019; Peter et al., 2018). This observation was corroborated by additional mapped 

loci via linkage mapping and analyses (Bloom et al., 2019). 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 traits 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 variation. 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 context of unexplained heritability. 
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Supplementary material 

 

 

Figure S1. Phenotypic correlation between MATa and MATα isolates 

A. Correlation between growth ratio of different mating types for all parental strains 

across all conditions. B. Correlation between mating types by strain. Pearson’s r and 

corresponding p-values are indicated for each strain. The growth ratio used is the 

median of 54 replicates for each strain. 
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Figure S2. Phenotypic variance in hybrids 

A. Phenotypic distribution for all hybrids in the different growth conditions. 

Conditions are organized by type of stress in each panel. B. Blue bars show the 

phenotypic variance of the growth ratio for the hybrids in each condition (mean = 

0.027). Orange bars represent the variance due to noise between each plate (mean = 

0.006). Noise has been measured as the mean variance of every parental replicates 

across all plates for each condition (2 replicates per plate, 27 plates, i.e. 54 replicates 

per parental isolate). Error bars represent interquartile range. 

Figure S3. Correlation between conditions 

Correlogram of all tested growth conditions. Numbers in each cell represent 100 x 

Pearson’s r value. 
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Figure S4. Significantly associated SNPs 

A. Variance explained for each significantly associated SNPs, for rare (MAF<1%), 

low-frequency (MAF<5%) and common (MAF>5%) variants for both encoding 

models (in grey), additive encoding only (in orange) and overdominant encoding (in 

blue). All p-values are calculated using a two-sided Mann-Whitney-Wilcoxon test. 

B. Position of the unique significantly associated SNPs. C. Venn diagram comparing 

the overlap between the 546 unique genes in our dataset with the 178 known QTGs 

(Peltier et al., 2019) and 195 QTGs recently highlighted (Bloom et al., 2019).  
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Table S1. Strains used for the diallel cross  

Strain Name Isolation Ecological Origin Continent GWAS 

included 

∑1278b NA Laboratory NA Yes 

1560 Manzanilla-Alorena, olive (Noe) Nature Europe Yes 

2162 Forest soil, 30C Soil Europe 
 

2187 Forest soil, 30C Soil Europe Yes 

BJ20 Bark from Quercus wutaishanica Tree Asia Yes 

CECT10109_1b Prickly pear Fruit Europe Yes 

CLIB1071 Cider brewery, dry cider Cider Europe Yes 

CLIB1410 Rice wine. Oenology Fermentation Asia 
 

CLIB154_1b Wine Wine Europe 
 

CLIB382_1b Beer Beer Europe Yes 

CLIB413_1b Fermenting rice beverage Fermentation Asia Yes 

CLIB485 Cider brewery Cider Europe 
 

CLQCA_04-021 Beetle Insect South America Yes 

CLQCA_10-027 Grass Nature South America 
 

CLQCA_20-184 Flower from Heliconia sp. Flower South America Yes 

CLQCA_20-246 Termite mound Insect South America Yes 

CLQCA_20-259 Decaying fruit Fruit South America 
 

DBVPG1058 Baker's yeast Bakery Europe 
 

DBVPG1564 Grape must Wine Europe Yes 

DBVPG2088 Cognac Distillery Europe 
 

DBVPG3591_1b Cocoa beans Nature NA Yes 

ES4M07 Fruiting body of Geastrum sp. Fruit Asia Yes 

EXF-5247 Seawater in harbour Water Europe Yes 

EXF-5248 Seawater in harbour Water Europe Yes 

EXF-5295 Kefyr Fermentation Europe 
 

EXF-5297 Mashed pears Fruit Europe 
 

EXF-7197 Quercus sp. Tree Europe Yes 

FY4 NA Laboratory NA Yes 

HN10 Rotten wood Nature Asia Yes 

HN15 Rotten wood Nature Asia Yes 

HN16 Soil Soil Asia Yes 

I14_1b Vineyard soil Wine Europe Yes 

L-1374 Wine Wine South America 
 

NC_02_b Exudate from Quercus sp. Tree North America Yes 

NPA03.1 Palm wine Palm wine Africa Yes 

sample 40 Tree leaves Tree Europe Yes 

T7_b Exudate from Quercus sp. Tree North America 
 

UC8_1b Wine Wine Africa 
 

UCD_05-780 Beetle Insect North America 
 

UCD_09-448 Olives Fruit North America Yes 

WE372_1b Wine Wine Africa 
 

Y12_1b Palm wine Palm wine Africa Yes 

YJM326_b Human, clinical Human. clinical North America Yes 

YJM421_b Ascites fluid Human. clinical North America Yes 

YJM434_1b Human, clinical Human. clinical NA 
 

YJM627 Seg, Y55 NA Europe Yes 

YJM990 Clinical Human, clinical North America 
 

YPS133 Soil beneath Quercus alba Soil North America 
 

YPS141 Soil beneath Quercus velutina Soil North America 
 

YPS142 Surface of Tuber magnatum Nature North America 
 

YPS143 Banana wine Wine North America Yes 

YPS163 Soil beneath Quercus rubra Soil North America Yes 

YPS615 Quercus sp. Tree North America 
 

YPS617 Quercus sp. Tree North America Yes 

ZP_611 Quercus robur Tree North America Yes 
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Table S2. Phenotyping conditions and their respective type of induced stress 

Categories Sub-categories Conditions Abbreviation 
Reference   SC  

Cell wall Membrane stability SC SDS 0.01% SDS001 

SC SDS 0.025% SDS0025 

SC SDS 0.05% SDS005 

Ergosterol synthesis SC fluconazole 1 µg/ml Fluco1 

SC fluconazole 5 µg/ml Fluco5 

SC fluconazole 10 µg/ml Fluco10 

Erg synthesis + multiple 
targets 

SC ketoconazole 10 µg/ml Keto10 

SC ketoconazole 30 µg/ml Keto30 

SC ketoconazole 60 µg/ml Keto60 

Cold 
 

SC 14°C 14Deg 

DNA metabolism Telomere dynamics SC sodium (meta)arsenite 1 mM SMA1 

SC sodium (meta)arsenite 
2.5 mM  

SMA25 

SC sodium (meta)arsenite 5 mM SMA5 

DNA damage SC 4-NQO 1 µg/ml 4NQO1 

SC 4-NQO 2 µg/ml 4NQO2 

SC 4-NQO 3 µg/ml 4NQO3 

DNA synthesis SC 5-FU 50 µg/ml 5FU50 

SC 5-FU 100 µg/ml 5FU100 

SC 5-FU 250 µg/ml 5FU250 

General cellular damage 
 

SC CuSO4 0.1 mM CuSO401 

SC CuSO4 0.5 mM CuSO405 

SC CuSO4 1 mM CuSO41 

Metabolism Carbon sources utilization SC galactose 2%   Gal2 

SC glycerol 2%        Gly2 

Carbon  starvation SC glucose 0.01%   Glu001 

SC galactose  0.01% Gal001 

SC glycerol  0.01% Gly001 

High carbon source 

tolerance 

SC glucose 10%   Glu10 

SC galactose  10% Gal10 

SC glycerol 10% Gly10 

Osmotic stress 
 

SC NaCl 0.5 M NaCl05 

SC NaCl 1 M NaCl1 

Oxydative stress 
 

SC methyl viologen 0.5 mM MV05 

SC methyl viologen 1 mM MV1 

SC methyl viologen 2.5 mM MV25 

Protein stability 
 

SC formamide 1% Form1 

SC formamide 2% Form2 

SC formamide 5% Form5 

Signal transduction 

pathways 

 
SC caffeine 10 mM Caf10 

SC caffeine 20 mM Caf20 

SC caffeine 40 mM Caf40 

Subcellular organisation Microtubules function SC benomyl 50 µg/ml Beno50 

SC benomyl 100 µg/ml Beno100 

Translation Ribosomes function SC cycloheximide  0.1 µg/ml CHX01 

SC cycloheximide  0.25 µg/ml CHX025 

SC cycloheximide  0.5 µg/ml CHX05 

Transcription GTP and UTP nucleotide 

pools 

SC 6-azauracil 50 µg/ml 6AU50 

SC 6-azauracil 100 µg/ml 6AU100 

SC 6-azauracil 200 µg/ml 6AU200 
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Table S3. GO Term associated with the 546 unique genes with a significantly 

associated SNPs 

GOID TERM Pvalue 
NUM LIST 

ANNOTATIONS 

LIST 

SIZE 

TOTAL NUM 

ANNOTATIONS 

FDR 

RATE 

GO:0050896 response_to_stimulus 5.40E-05 147 546 1277 0.00% 

GO:0051716 cellular_response_to_stimulus 6.00E-04 128 546 1112 0.00% 

GO:0065007 biological_regulation 1.50E-03 205 546 2026 0.00% 

GO:0006950 response_to_stress 2.00E-03 96 546 787 0.00% 

GO:0033554 cellular_response_to_stress 4.17E-03 90 546 736 0.00% 

GO:0010646 regulation_of_cell_communication 8.23E-03 28 546 147 0.00% 

GO:0051179 localization 1.23E-02 162 546 1568 0.00% 

GO:0048583 regulation_of_response_to_stimulus 1.74E-02 33 546 195 0.25% 

GO:0050794 regulation_of_cellular_process 2.14E-02 159 546 1547 0.22% 

GO:0050789 regulation_of_biological_process 2.36E-02 168 546 1656 0.20% 

GO:0009966 regulation_of_signal_transduction 2.88E-02 26 546 140 0.18% 

GO:0035556 intracellular_signal_transduction 3.28E-02 39 546 255 0.17% 

GO:0007154 cell_communication 4.07E-02 61 546 472 0.15% 

 

 

Table S4. Significantly associated SNPs 

This table is available on the online version of the paper on BioRXiv: 

https://www.biorxiv.org/content/10.1101/609917v1 

  

https://www.biorxiv.org/content/10.1101/609917v1
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CHAPTER 2 

 

Species-wide survey of genetic complexity 

and phenotypic expressivity of traits 
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Summary 
 

Understanding the genetic basis of traits with the underlying level of complexity  and 

how it varies depending on the genetic background is of prime interest to gain better 

insights into the genetic architecture of traits. The classical dichotomy existing 

between monogenic and complex traits is overly simplistic as the inheritance of the 

trait complexity behaves in a dynamic way depending on the considered genetic 

background. Indeed, variation of a given trait can be controlled by only one gene in 

a specific genetic background and have several modifiers in another one. However, 

no systematic and species-wide assessment of this phenotypic expressivity has been 

performed yet. To dissect the prevalence of expressivity and the overall genetic 

complexity of traits at a population-scale, we first generated a large diallel hybrid 

panel composed of 190 unique hybrids coming from 20 natural isolates 

representative of the S. cerevisiae genetic diversity. For each of these hybrids, a large 

progeny of 160 individuals (corresponding to 40 full tetrads) was obtained, leading 

to a total of 30,400 offspring individuals. Their mitotic growth has been assessed on 

40 growth conditions inducing various cellular stress. As the phenotypic distribution 

of the offspring of a given cross allows to infer the inheritance patterns to a trait, we 

assessed the inheritance patterns for 3,841 cross/trait combinations and revealed that 

while complex inheritance were the most common, 11% of the cross/traits 

combinations had their phenotypic variation controlled by a single gene with a large 

effect and 4% displayed digenic interactions. We identified 26 major effect loci on 

various traits and parental genetic backgrounds. Measurement of the extent of 

expressivity was performed  by investigating the variation of inheritance patterns 

throughout all the crosses having one parent who carries one of these loci. We found 

that trait complexity was highly dynamic and tightly linked to the genetic 

background. Indeed, 22 out of the 26 major effect loci were subjected to various level 

of expressivity with one to nine crosses showing departure from monogenic 

inheritance.  
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Introduction 

The year 1900 has been a keystone for modern genetics with the independent 

rediscovery of Mendel’s law by De Vries, Correns and Tschermak (Correns, 1900; 

Tschermak-Seysenegg, 1900; De Vries, 1900). This was followed 20 years later by 

the work of Altenburg and Muller who first dissected a complex traits in Drosophila 

(Altenburg and Muller, 1920). Since then, phenotypes were usually classified as 

either monogenic if they follow a Mendelian inheritance pattern or complex if the 

phenotypic diversity is explained by the combined effect of multiple genes. 

However, this classical view is overly simplistic and does not reflect the true nature 

of genetic complexity of traits. One lesson learned from both model organism and 

human genetic studies is that the effect of a given variant can be highly variable 

across several genetic backgrounds and can be modulated by the combined action of 

other variants (Antonarakis et al., 2010; Chow et al., 2016; Fournier and Schacherer, 

2017; Hou et al., 2016a; Paaby et al., 2015).  

Yet, we still lack a comprehensive and complete view of the inheritance patterns of 

phenotypes in different genetic backgrounds but also and more importantly to 

understand the dynamic of specific genetic variants in different genetic backgrounds.  

The underlying genetic complexity of a trait can be assessed by looking at 

inheritance patterns. To do so, one might first access an important number of 

descendant and assess their phenotypic distribution. A unique feature of yeast is 

tetrad analysis. Indeed, when crossing two haploid yeast strains, the resulting diploid 

cell can then undergo meiosis leading to the generation of a tetrad constituted of four 

haploid spores, enclosed in an ascus. Therefore, by harvesting and analyzing each 

segregant of the tetrad it is possible to access the result of each independent meiosis 

event. Then, the pattern of phenotypic distribution of this offspring relative to its 

parents as well as the tetrad segregation information can be used to construe the 

underlying genetic complexity of a phenotype. 

By crossing a single S. cerevisiae lab strain (namely, ∑1278b) to 41 natural isolates 
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and phenotyping their offspring on 30 growth conditions impacting various cellular 

pathways, a first estimation of the monogenic compared to complex inheritance has 

been previously carried out and highlighted that 8.9 % of the  studies cross/trait 

combinations displayed Mendelian inheritance (Hou et al., 2016a). On top of that, 

this studies also demonstrated the dynamic of trait complexity depending on the 

genetic background that a particular variant lies in. Indeed, an isolate containing a 

variant conferring resistance to cycloheximide and anisomycin was crossed with 20 

isolates sensitive to these compounds. Offspring analysis showed that in 30% of the 

cross, a deviation from a Mendelian inheritance was observed. This expressivity 

reflected the presence of genetic modifiers in some of the explored genetic 

backgrounds. However, this study suffered from several biases. First, for the 

estimation of the prevalence of Mendelian inheritance, as only one strain was 

systematically crossed to the others, the full breadth of genetic diversity hasn’t been 

explored. Moreover, strong allelic effects that are specific to this particular 

background might impact several crosses in a similar way thus inducing a bias. 

Extending this study by performing a “many by many” cross instead of a “one by 

many” will allow to obtain a systematic and unbiased view of the genetic complexity 

of traits as well as measuring expressivity for variants with important phenotypic 

effect. We already showed in the previous chapter how a diallel cross design can 

help in many ways to understand more about the genetic architecture of traits in a 

diploid panel.  

Here, we combined the power of classical yeast genetic techniques with high 

throughput phenotyping and machine learning algorithm to get the first species-wide 

view of genetic complexity of traits but also to investigate expressivity through the 

lens of genetic complexity in a high number of cross/trait combinations. Twenty 

S. cerevisiae natural isolates that are representative of the entire species diversity  

were crossed in a pairwise manner to obtain 190 unique hybrids. Then we obtained 

a large progeny of 160 individual for each of these crosses leading to 30,400 
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individuals. The phenotyping of this diallel offspring panel on 40 growth conditions 

impacting different physiological pathways allowed us to analyze the phenotypic 

distribution and segregation patterns of the progenies of 7,600 cross/trait 

combinations. We could confidently infer the inheritance pattern  for  3,841 of those 

combinations and found that 11% were following a monogenic inheritance pattern, 

4% had an oligogenic inheritance with examples of recessive epistasis and 

suppressor genes. Most of the cross/trait combinations surveyed (80%) displayed a 

complex inheritance pattern. Moreover, we could assess the prevalence of 

expressivity at the population level by following the deviation of monogenic 

inheritance for strains carrying a major locus. 

  

Figure 1. Experimental design of the diallel offspring panel 

Experimental design followed to infer inheritance pattern to each cross/trait 

combination coming from a pairwise cross of 20 natural isolates  
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Results 

Generation of a large offspring at a species-wide level 

Out of the 55 natural isolates selected in the diallel hybrid panel used in chapter 1, 

we wanted to select 20 isolates that would still be representative of S. cerevisiae 

genetic diversity. However, we also wanted to make sure that the selected strains had  

collinear genomes i.e. devoid of any gross chromosomal translocations, as this would 

strongly impede the offspring viability of the hybrids (Hou et al., 2014). This 

selection is also necessary because our analysis pipeline is based on segregation 

patterns of the offspring phenotypes. Segregation analysis is only possible if 

information for all four spores of a tetrad is available as loci are expected to segregate 

in a 2:2 ratio during meiosis. To assess their genome collinearity, all 55 haploid 

strains were crossed with the reference strain S288C and five tetrads (a total of 20 

spores) were dissected (Figure S1). Number of viable spores per tetrad has been 

obtained. All crosses are expected to show mostly tetrads containing four viable 

spores. However, for example, translocated strains are characterized by a 

predominance of tetrads with only three or two viable spores. Surprisingly, 28 strains 

showed viability profiles deviated from full viable tetrads (Figure S1). In these 

strains, putative translocations  are suspected, highlighting the importance of such 

structural variation in the phenotypic landscape of S. cerevisiae. The 20 selected 

isolates (Table 1) were then crossed in an all by all manner without reciprocal crosses 

or homozygous crosses leading to a half diallel cross of 190 hybrids. For each of 

these hybrids, a large progeny of 160 haploids coming from 40 tetrads with four 

viable spores were obtained, summing up to 30,400 spores. In total, 66,992 spores 

had to be manually dissected to obtain the expected progeny from fully viable 

tetrads. 
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Table 1: Strains used in this study 

Strain Name Isolation 
Ecological 

Origin 
Continent 

Abbreviated 

name 

YJM627 Seg, Y55 NA Europe 00 

YPS141 Soil beneath Quercus velutina Soil North America 05 

DBVPG1564 Grape must Wine Europe 09 

UCD_09-448 Olives Fruit North America 11 

CLIB1071 Cider brewery, dry cider Cider Europe 17 

WE372 Wine Wine Africa 18 

DBVPG1058 Baker's yeast Bakery Europe 42 

YJM421 Ascites fluid Human. clinical North America 53 

YJM434 Human, clinical Human. clinical NA 54 

CECT10109 Prickly pear Fruit Europe 60 

Y12 Palm wine Palm wine Africa 65 

CLIB154 Wine Wine Europe 67 

NPA03.1 Palm wine Palm wine Africa 70 

HN16 Soil Soil Asia 74 

EXF-7197 Quercus sp. Tree Europe 76 

CLQCA_20-184 Flower from Heliconia sp. Flower South America 78 

YPS615 Quercus sp. Tree North America 80 

1560 Manzanilla-Alorena, olive Nature Europe 82 

FY NA Laboratory NA 83 

∑1278b NA Laboratory NA 84 

 

Offspring viability and reproductive isolation 

One of the first phenotypes that we analysed was the viability of the offspring to look 

for reproductive isolation. Reproductive isolation can either take place before mating 

(pre-zygotic) preventing formation of a viable zygote or after mating (post-zygotic) 

leading to reduced offspring viability. All the crosses performed were viable 

suggesting no pre-zygotic reproductive isolation in the studied population. Under 

normal circumstances, with no post-zygotic reproductive isolation, viability of the 

progeny of a given cross should lie between 85 and 100% with lethality possibly 

being attributed to experimentation (e.g. zymolyase digestion or spore manipulation 

with the micro-needle) or to random errors in chromosome segregation during 

meiosis (Chu and Burgess, 2016). Any deviation from this implies the presence of 

post-zygotic reproductive isolation between two parental isolates. Many factors can 

lead to a drop in offspring viability (Hou et al., 2016b) such as chromosomal 
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rearrangements (Charron et al., 2014; Hou et al., 2014) as well as genetic 

incompatibilities (Bikard et al., 2009; Hou et al., 2015; Seidel et al., 2008). However, 

the parental strains were selected based on their genome collinearity, chromosomal 

rearrangements are theoretically out of the picture. In our 190 crosses, we observed 

a mean viability of 78% with levels ranging from 48% to 96% (Figure 2A, Figure 

S2). In total, 72% of the crosses displayed viability below 85% suggesting a strong 

prevalence of reproductive isolation in our panel. Genetic divergence between 

parental isolates goes from 0.04% up to 0.95%. Interestingly, we could observe a 

moderate but significant anti-correlation between offspring viability and genetic 

distance between the parental isolates (Figure 2B). This result suggests that the 

genetic divergence level between parental strains is a driver of intraspecific 

reproductive isolation. A possible explanation for this phenomenon is the result of 

the mismatch repair (MMR) system through its anti-recombination effect which 

detects mismatches between two homeologous chromosomes and will prevent 

formation of crossover (Iyer et al., 2006). Anti-recombination leads to poor 

chromosomal segregation during meiosis and ultimately to lethal aneuploidies (Chu 

and Burgess, 2016). We also observed this phenomenon in other yeast species with 

higher level of intraspecific genetic diversity such as Lachancea kluyveri which goes 

up to 3% of divergence between the most diverged strains (Figure 2C). More 

importantly, the slope of the curve is almost exactly the same between the two 

species, suggesting that the effect of the MMR on anti-recombination depending on 

the level of heterozygosity is linear and conserved across species (Figure 2C). 

However, crosses with viability being strongly deviated from this linear regression 

are also observed indicating the presence of other viability impeding mechanisms in 

our panel.  
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Figure 2. Reproductive isolation in the diallel panel 

A. Viability of the offspring coming from the 190 crosses. B. Relationship between 

genetic distance separating the two parents and the offspring viability in the 190 

crosses. Correlation assessed by Pearson’s r,  r = -0.38, p-value = 8.35e-8. Blue line 

is the fitted linear model with a slope of -0.2. C. Relationship between genetic 

distance separating the two parents and the offspring viability in both S. cerevisiae 

(blue) and in Lachancea kluyveri (orange) which has a much wider genetic diversity 

(up to 3%). Regression line for L. kluyveri is -0.22, Pearson’s r = -0.92, p-

value=3.12e-14. 
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Table 2: Conditions used for phenotyping the diallel offspring panel 

  
Categories Sub-categories Conditions Abbreviation 
Reference   SC  

Cell wall 

Membrane 

stability 

SC SDS 0.01% SDS001 

SC SDS 0.025% SDS0025 

SC SDS 0.05% SDS005 

Ergosterol 

synthesis 

SC fluconazole 1 µg/ml Fluco1 

SC fluconazole 5 µg/ml Fluco5 

SC fluconazole 10 µg/ml Fluco10 

Erg synthesis + 

multiple targets 

SC ketoconazole 10 µg/ml Keto10 

SC ketoconazole 30 µg/ml Keto30 

SC ketoconazole 60 µg/ml Keto60 

Cold  SC 14°C 14Deg 

DNA 

metabolism 

Telomere 

dynamics 

SC sodium (meta)arsenite 1 mM SMA1 

SC sodium (meta)arsenite 2.5 mM  SMA25 

SC sodium (meta)arsenite 5 mM SMA5 

DNA synthesis 

SC 5-FU 50 µg/ml 5FU50 

SC 5-FU 100 µg/ml 5FU100 

SC 5-FU 250 µg/ml 5FU250 

General 

cellular 

damage 

 
SC CuSO4 0.1 mM CuSO401 

SC CuSO4 0.5 mM CuSO405 

SC CuSO4 1 mM CuSO41 

Metabolism 

Carbon sources 

utilization 

SC galactose 2%   Gal2 

SC glycerol 2%        Gly2 

Carbon  starvation 

SC glucose 0.01%   Glu001 

SC galactose  0.01% Gal001 

SC glycerol  0.01% Gly001 

High carbon 

source tolerance 

SC glucose 10%   Glu10 

SC galactose  10% Gal10 

SC glycerol 10% Gly10 

Osmotic stress  SC NaCl 0.5 M NaCl05 

Oxydative 

stress 
 

SC methyl viologen 0.5 mM MV05 

SC methyl viologen 1 mM MV1 

SC methyl viologen 2.5 mM MV25 

Protein 

stability 
 

SC formamide 1% Form1 

SC formamide 2% Form2 

SC formamide 5% Form5 

Signal 

transduction 

pathways 

 
SC caffeine 10 mM Caf10 

SC caffeine 20 mM Caf20 

SC caffeine 40 mM Caf40 

Translation 
Ribosomes 

function 

SC cycloheximide  0.1 µg/ml CHX01 

SC cycloheximide  0.25 µg/ml CHX025 

SC cycloheximide  0.5 µg/ml CHX05 
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Inferring inheritance patterns 

The main objective of this work has been to infer complexity level of traits at a 

population scale and assess its dynamic across multiple genetic backgrounds. To do 

so, we first conducted a large-scale phenotyping of the whole panel of 30,400 haploid 

progeny coming from 190 hybrids. We selected 40 conditions impacting various 

cellular pathways (Table 2) and measured their mitotic growth ability on solid media 

by assessing colony sizes. From more than three million phenotypic measurements 

grouped for each cross and condition (trait), we obtained 7,600 phenotypic 

distributions of haploid progenies i.e. one distribution for each cross/trait 

combination. The inheritance pattern reflects the genetic complexity of a trait in a 

given cross between two specific genetic backgrounds (Figure 3). 

 

The simplest case of genetic complexity is the mendelian inheritance. It can be seen 

for a cross where the phenotypic variation is controlled by only one locus with each 

of the two parental strains bearing a different allelic version generating distinct 

phenotypes. After going through meiosis, as loci segregate randomly, half of the 

offspring will inherit the allele of one parent while the other half will inherit the other 

allele. This will translate on the phenotypic level as a bimodal distribution of the trait 

with each mode enclosing half of the progeny and centered on one parental 

phenotypic value. This can be confirmed by the analysis of the segregation pattern 

in the tetrad where all tetrads should have two spores in each mode (Figure 3B). 

 

One main advantage of looking at the progeny’s phenotypic distributions is the 

ability to distinguish between various types of digenic interactions. Indeed, 

distinction between the presence of modifier genes such as suppressor (a gene 

masking the effect of another) and recessive epistatic interactions can be readily 

ascertained. Any deviation from a Mendelian 2:2 segregation of the phenotype 

depicts a change of the underlying genetic complexity with the presence of a genetic 
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interaction. In both cases of suppressor and epistasis, a bimodal distribution of the 

progeny’s phenotype will still be observed but each cluster won’t be equally 

represented. A main cluster will encompass roughly 75% of the offspring while the 

other retains about 25%. Moreover, when looking at the segregation of the phenotype 

in the tetrads, a maximum of tetrads with three spores in the main cluster is expected 

as this will represent the tetratype (Figure 3C-D). Distinction between recessive 

epistatic interaction and the specific case of suppressor is achieved by the position 

of the parental isolates relative to the two modes of the distribution. Indeed, the 

scenario where the two parents are centered on the main cluster is characteristic of 

an epistatic interaction with the auxiliary cluster being formed with the offspring 

carrying the two interacting alleles (Figure 3D). In the case of a suppressor, one 

parent is centered on the main cluster and the other parent displays a phenotype 

similar to the auxiliary cluster (Figure 3C).  

 

On the other end of the complexity spectrum is the complex inheritance pattern when 

a phenotypic variance in a given cross is controlled by multiple loci. Under the 

assumption that one trait is governed by several (more than two) genes with small 

effects, the parental combinations will be shuffled in the progeny leading to a normal 

distribution of the phenotype (Figure 3A). In the case of a complex inheritance, no 

particular clustering of the phenotype can be done with a unimodal phenotypic 

variation of the offspring so tetrad analysis is uninformative. 
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Figure 3. Inferring inheritance based on offspring phenotypic segregation 

Left panel shows the expected phenotypic segregation  in each type of tetrad, Parental 

Ditype (PD), Non-Parental Ditype (NPD) and Tetratype (TT). The middle panel is 

the density of the phenotypic distribution of the offspring. Black lines are the median 

of the parental phenotypes. Grey boxes show the median absolute deviation of the 

parental phenotypic values. Bars in the bottom are the phenotypic value for each 

descendant and are color coded depending on the cluster they belong to. Right panel 

is the segregation pattern of the spores in each tetrad with their respective tetrad type 

PD, NPD or TT. A. Example of a complex inheritance. B.  Monogenic inheritance. 

C-D. oligogenic inheritance with C. a suppressor and D. a recessive epistasis 
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Framework of the analysis of inheritance patterns 

To infer the complexity level for each of the cross/trait combination, we based our 

analysis on a manually constructed decision tree to classify distributions into 

different inheritance categories based on their underlying genetic complexity (Figure 

S3). Yet, the first step of this process is the determination of unimodality vs. 

bimodality of the distribution. This distinction is far from trivial and required to be 

assessed in a very specific manner. To do so, we used a machine learning algorithm, 

more precisely, we build a random forest classifier. 

This method  belongs to the class of supervised machine learning meaning that it 

requires an a priori learning. Applied to our problem, this meant that a subset of the 

distributions first had to be manually annotated as bimodal or unimodal. These 

manually annotated distributions then served as a training set. The construction of 

the training set is explained in Methods. During training, we give the model the true 

(expected) output (bimodal or unimodal) for a representative subset of our dataset 

(i.e. the training set). The model then learned to distinguish between the two types 

of distributions based on the available variables. A decision tree computes the best 

predictors to achieve the most accurate estimates. A single decision tree is not very 

accurate by itself, especially for data with important variances like ours. The idea 

behind a random forest is then to combine a large number of all those decision trees 

(i.e. a forest) having a weak prediction power by themselves to obtain a far better 

prediction power in the end. 

Concretely, with our dataset, as random forest expects only one observation with 

multiple descriptive variables, our distributions had first to be summarized by a 

certain number of values. We first fitted a mixture model of two gaussian distribution 

with an Expectation Maximization (EM) algorithm which estimated the mean, 

variance and proportion of each of the two clusters of the mixture model (Figure 4). 

From these values, 13 different variables were computed to facilitate the distinction 

between unimodal and bimodal distributions (See methods). These were then fed 
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into the random forest. A majority voting on the output was done to attribute the final 

class, i.e. the modality of the input distribution (Figure 4). 

 

Once the modality of the distribution has been assessed, information about the 

phenotypic value of the parental isolates and analysis of segregation of the phenotype 

in each tetrad allowed for a final classification of each cross/trait combination to a 

complexity level (Figure S3). Combining all of these parameters allowed us to infer 

the complexity level for each cross/traits combination by making a difference 

between a monogenic inheritance pattern, several types of oligogenic phenotypic 

distributions and complex inheritance patterns (Figure S3). 
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Figure 4. Workflow to classify a distribution as bimodal or unimodal 

The input phenotypic distribution of the offspring from one cross is first fed into a 

EM algorithm to fit two normal distributions on the distribution and estimate the 

parameters of each. From these parameters, 13 variables are computed which will 

then be used to run the random forest. Several trees are randomly created and each 

will output a result regarding the modality of the input distribution. The final 

classification will be achieved by majority voting of all the trees. 
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To assess the effectiveness and precision of our random forest model, we manually 

annotated for bimodality or unimodality seven conditions (caffeine 10 mg.ml-1,   

cycloheximide 0.5 mg.ml-1, CuSO4 0.1 mM, CuSO4 0.5 mM, galactose 2%, 

methylviologen 1 mg.ml-1 and NaCl 0.5 M) with various levels of bimodality. We 

then compared the output of the random forest with the manually annotated 

distributions. This resulted in one confusion matrix for each condition (Figure S4A). 

We then computed the Negative Predictive Value (NPV), the precision, the 

sensitivity and specificity for each confusion matrix (Figure S4B). While NPV, 

precision and specificity are always very high with means of 92.7%, 96.2% and 

95.5% respectively, sensitivity is more variable with a mean of 79.1%. This indicates 

that although there are few false positive, there is sometimes a significant amount of 

false negative meaning that distributions that are actually bimodal are not detected 

as such. Although not being extremely biased, our model still has flaws that would 

need to be addressed by improving sampling method for the training test (See 

methods) or adding new descriptive variables such as p-values of multimodality tests 

such as the Hartigan’s Dip test (Hartigan and Hartigan, 1985) or the Silverman test 

(Silverman, 1981). 
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Figure 5. Overview of the inheritance patterns 

A. Global repartition of the inheritance patterns for the 3,841 cross/trait 

combinations. B. Condition-wise repartition of the inheritance patterns. Bottom panel 

shows the separation of oligogenic inheritance patterns between epistasis and 

suppressors. 
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Global picture of inheritance patterns 

In order to automatically infer genetic complexity in the 7,600 distributions, some 

criteria first needed to be fulfilled. The two parental isolates from which the cross is 

made need to have distinct phenotypic values. Indeed, in this case, when looking at 

the phenotypic distribution of the offspring, no distinction could be ascertained 

between a bimodal distribution with each mode centered on a parent and a normal 

distribution (Figure S3). To ensure a good separation between the two parents of 

each cross, we filtered out all those cross/trait combinations that had an absolute 

difference between the two parental phenotypic value smaller than the experimental 

noise (see Methods). Although this filtering step removed 50% of the overall 

distributions, it allowed for a more robust extrapolation of the underlying genetic 

complexity. In some conditions (SDS 0.05% and 0.025%, caffeine 40 mM and 

cycloheximide 0.5 mg/ml), this filter removed most if not all of the distributions 

because these conditions were very stringent and just a few of the offspring were 

actually fit enough to grow but all parents and most of the offspring were dead. 

However, this illustrates how reshuffling of loci can create rare but strong allelic 

combinations leading to extreme phenotypes, very far from parental phenotypic 

values. 

We classified the remaining 3,841 distributions in one of three complexity level: 

monogenic, oligogenic and complex (Figure 5, Figure S3). Overall, 80.3% of the 

considered distributions displayed inheritance patterns corresponding to a complex 

inheritance pattern (Figure 5A). In the meantime, 11.2% appear as monogenic and 

only 4% as oligogenic (Figure 5A). The remaining 4.5% failed to be sorted into one 

of the previous categories for various reasons, either the parents could not be 

confidently attributed to one cluster or the tetrad segregation phenotype could not 

result in a confident classification. These results confirm the fact that inheritance 

patterns are mainly complex but also that in a non-negligible number of cases, one 

gene is actually responsible for most of the observed genetic variance. However, this 
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overview can be completed by the fact that this repartition of the complexity is highly 

dependent on the surveyed conditions. Indeed, extensive variation in the complexity 

repartition was observed between the conditions (Figure 5B). For example, 

conditions like copper sulfate, SDS or galactose show high proportion of monogenic 

inheritance (up to 58% in CuSO4 0.1 mM). Contrarily, the resistance to ketoconazole 

or growth at 14°C showed no such trend, suggesting either that phenotypic variation 

for some traits have a simpler genetic basis or that high effect variants are common 

in these particular traits. However, these results were expected because of previous 

population-scale phenotyping (Fournier et al., 2019; Peter et al., 2018) which already 

showed a bimodal distribution of the phenotype in the whole natural population of 

S. cerevisiae for traits such as copper sulfate, galactose or NaCl. In copper sulfate, 

we also know from GWAS analysis (Peter et al., 2018) that the main component of 

phenotypic variation is a copy number variation of the CUP1 gene. 

 

We further dissected the 153 distributions corresponding to an oligogenic inheritance 

and could highlight several types of digenic interactions (Figure 5). First, we 

detected 87 cases of recessive epistasis. In 66 cross/trait combinations, inheritance 

patterns suggest the presence of a suppressor. However, our model might 

underestimate the real number of oligogenic distributions because distribution with 

two clusters of unequal repartitions are more delicate to detect if they are close to 

each other. Indeed, the two distributions might easily merge if their standard 

deviation is high due to the combined effect of multiple genes with small effects.   
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Condition dependent major effect loci 

One of the main advantages of using a diallel design is that we can follow the effect 

of a genetic variant across several genetic backgrounds spread across the genetic 

diversity of the whole population. When looking at genetic complexity in all the 

crosses sharing one parent, we could infer the presence of a major locus with high 

phenotypic impact. Such variant is expected to mostly lead to a monogenic 

inheritance in the offspring of each cross involving this particular strain. For that, we 

introduced a “high effect score”. By taking all crosses sharing a common parent in a 

given condition, we computed this score as the proportion of crosses displaying a 

monogenic inheritance. For instance, out of 19 crosses sharing a given parent under 

the same growth condition, if 18 display a monogenic inheritance, then the score of 

the parent would be 18/19 = 0.95. The closer it is to 1, the higher the probability of 

having a major locus in this strain. By looking at scores above 0.5 (suggesting that 

at least half of the crosses with the same parental strain display Mendelian 

inheritance in their offspring) a total of 26 high effect variants were found (Figure 

6). They were spread throughout nine conditions and present in 17 strains suggesting 

that almost each strain has at least one high impact variant. Conditions such as 

CuSO4 (0.1 mM) or SDS (0.01%) display respectively 9 and 7 high effect variants. 

With these information alone, it is not possible to say if the causal variant are the 

same between all the strain or not. For copper sulfate, as stated before, one reason 

for this high number of strains carrying variant with large phenotypic effect might 

just be a higher number of CUP1 copies. Opposite to that, we can see conditions 

such as Methyl Viologen (MV) or NaCl where only one strain seems to carry a high 

phenotypic effect variant. This suggests the presence of a low frequency variant. In 

these cases, mapping of the causal variant should be performed by bulk segregant 

analysis. Once mapped, minor allele frequency of the variant could be easily 

determined within the 1,011 reference panel. 
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Genetic background and expressivity 

As stated, if a variant with a high phenotypic impact is present in one strain, most of 

the crosses involving this strain as a parent should display a monogenic inheritance 

pattern. Interestingly, only four strains had a high impact score of 1 (Figure 6) 

suggesting that the complexity level in crosses carrying such variants remains 

unchanged regardless of the background it lies in. This highlights that most of the 

high effect variants display various modifications of the genetic complexity 

depending on the genetic backgrounds they are in. The presence of such expressivity 

implies the presence of other modifier genes contributing to the phenotype and 

modifying the expected phenotypic outcome of the initial causal variant. We 

followed the effect of each of the 26 variant across all the 20 genetic background to 

assess the fraction of changes in inheritance patterns. These changes can be from 

monogenic to oligogenic with the effect of a suppressor, or even from monogenic to 

complex with several other loci combining their effect with the variant of interest.  

The crosses involving the strains carrying high effect variants display between zero 

and nine cases with inheritance patterns deviating from monogenic (Figure 7A).  

Figure 6. Variants with high phenotypic impact 

Each tile represents the presence of a detected major locus in a given parental strain 

and condition. Color of the tile represents the high effect score.  

 



 107 

If we follow the expressivity of the major effect locus present in the strain WE372_1 

(number 18, Figure 6-7) in different concentrations of methylviologen, we detect 2, 

2 and 9 cases of phenotypic distribution displaying deviation from the expected 

monogenic inheritance in media supplemented with 0.5, 1 and 2.5 mg.ml-1 of 

methylviologen, respectively (Figure 7B). However when looking at their 

inheritance pattern, we can see that in the first concentration, two distributions are 

classified as complex, in the second the two increases in complexity correspond to 

suppressors and in the higher concentration, six inheritance pattern indicated the 

presence of suppressors and three complex distributions were detected (Figure 7B).  

The crosses classified as complex in the lowest and highest concentration might just 

be misclassifications. When only focusing at the suppressors,  we can see a 

progression as none are detected in the first concentration, then two in 

methylviologen 1 mg.ml-1 and finally up to six in the highest concentration. This 

suggests a threshold dependent effect for the suppressor (or suppressors) of this 

phenotype. 

This example also allows to understand that expressivity level described here might 

be overestimated in some cases because of spurious classifications of distributions 

as complex. As in the lowest concentration, parents are relatively close to each other, 

which impacts the accurate detection of bimodal distribution in the offspring. 

Repeating the phenotyping with more replicates per offspring for the cases 

displaying high expressivity might help improving confidence in the detection of 

complexity modifications by reducing the noise in the phenotype measurement.  
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Figure 7. Expressivity of high effect variants 

A. Number of inheritance pattern showing deviations from monogenic inheritance 

for each major locus. 

B. All offspring phenotypic distribution for the 19 crosses involving the isolate 

WE372_1 as a parent in the three media supplemented with different concentrations 

of  methyl-viologen. Background color represent the inheritance pattern associated 

to a cross 
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Conclusion 

 

By performing a species-wide screen of genetic complexity of traits in S. cerevisiae 

with 190 crosses coming from 20 natural isolates, we were able to assess the 

complexity level of 7,600 cross/trait combinations. Moreover, we highlighted the 

prevalence of expressivity with most of the followed variants displaying departure 

from monogenic inheritance patterns. 

 

The study of the phenotypic distribution allows to reflect the underlying genetic 

complexity of a trait up to a certain degree, proving to be a powerful tool to detect 

strong allelic effects for monogenic and low complexity genetic interactions. 

Nevertheless, it remains very limited when it comes to figuring out the number and 

effect size of genetic variants involved in complex traits. Indeed, simulations of traits 

with only two loci acting additively already resulted in a normal distribution of the 

phenotype. Another important limitation of this method is the lack of power to 

resolve small effects. Indeed, we can only assume the genetic complexity of traits 

that show really contrasting phenotypes between the different alleles. If two alleles 

show a relatively small phenotypic difference between them, no differentiation will 

be possible due to experimental and biological noise masking the true allelic effect. 

For this purpose, we measured experimental noise to obtain confidence in the results. 

 

Genetic complexity is variable between traits 

It clearly appears that some traits have a more simple genetic basis than others. When 

for some trait, almost half of the crosses show monogenic inheritance, others only 

display complex inheritance patterns. 

Because of the way we detect them, suppressors are modifier genes that mask or 

counter the effect of an otherwise monogenic trait, it thus makes sense to find them 

only in crosses with one strain carrying a monogenic variant. However, strong 
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digenic recessive epistatic interactions, although being found in almost all 

conditions, are quite rare in terms of proportion compared to other type of traits. This 

underlies that these interactions are strongly related to specific and rare allelic 

combinations between precise genetic backgrounds suggesting little selection acting. 

There again, our experimental design only allows us to focus on the interactions 

having an important phenotypic impact, which represent only a fraction of all digenic 

interaction that can potentially exist (Costanzo et al., 2016). 

 

The dynamic nature of trait complexity 

We highlighted the dynamic nature of trait complexity with the effect of monogenic 

variants transitioning from monogenic inheritance pattern up to a complex one 

depending on the genetic background it lies in. This suggests that the number of gene 

controlling a phenotype is highly dependent on specific and sometimes rare allelic 

combinations modifying the “expected” phenotype. Although such a continuum of 

genetic complexity has already been observed with a different variant (Hou et al., 

2016a), almost all the detected high effect variants in this study with only 20 different 

natural isolates showed variation in their trait complexity level across several genetic 

backgrounds. We can easily predict that with more genetic backgrounds, other 

modification of the genetic complexity and thus of monogenic distribution will arise.  

There are two possible ways to test this. First, following the same design as the one 

used here, one can cross the strain carrying a particular variant with other strains and 

look for modifications in the inheritance pattern in their progeny. Another solution 

which could be applied at a much higher scale would be to first map the variant via 

bulk segregant analysis. Then, we could introduce it in an important number of 

strains via CRISPR/Cas9 directed mutagenesis and assess the induced phenotypic 

change. 
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Based on our results, we can assert that expressivity is pervasive, as seen for variants 

with a strong phenotypic effect. This observation questions the existence of 

monogenic traits at the population level. Indeed, Mendelian inheritance seems to be 

mostly cross/trait specific rather than conforming to a simple trait related pattern for 

every individual. This might be because of the intricacies of genetic interactions and 

metabolic pathways combined with the extensive genetic variation which yields 

important number of allelic combinations with potential epistatic effect. This would 

allow in some cases to widen the phenotypic and complexity landscape of a trait. 

The dynamic nature of trait complexity also raises the fact that gaining strong 

phenotype prediction power solely based on genotype is very unlikely even for traits 

thought to be monogenic. 

 

Altogether, this works lays the ground for a more complete and in detail exploration 

of variants displaying different levels of expressivity by testing their effects in a 

wider number of genetic backgrounds. This would allow to obtain a picture of the 

diversity of the modifier landscape. 
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Supplementary material 

 

  

Figure S1. Assessing the collinearity of the genomes 

Each of the 55 strains were crossed with the reference strain to assess the collinearity. 

Here is represented the number of viable spores per tetrad for each cross. Color of 

the bars represent the viability of the offspring and label color represent the genome 

collinearity or not between the tested isolates and the reference strain. 
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Figure S2. Viability per tetrad in the diallel offspring panel 

Each panel represent the number of tetrads having 4,3,2,1 or 0 viable spores for each 

cross. Background color and number represent the viability of the offspring. Only the 

viability of the offspring coming from 190 crosses in the upper triangle has been  

assessed, lower triangle of this matrix has just been copy pasted to facilitate the 

reading when following one particular isolates. The matrix of panel is facetted with 

MAT isolates on the x axis and MATa isolates on the y axis. 
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Figure S3. Decision tree for the classification of inheritance modes 

The phenotypic distribution of the progeny of each cross on each condition is 

extracted. The first step is to determine the unimodality or bimodality of the 

distribution. If the distribution is bimodal, the parental phenotypic values and the 

segregation of the phenotype in the tetrads is assessed to further classify the 

distribution between oligogenic and monogenic inheritance. If a normal distribution 

is observed,  the good separation of the parental phenotype is assessed to ensure the 

presence of a complex trait. 

Courtesy of Andreas Tsouris. 
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Figure S4. Confusion matrix to assess the power of the random forest 

A. Example of a confusion matrix with the metrics associated to it (Precision, 

Negative Predictive Value (NPV), Sensitivity and specificity) and how to compute 

them. B. Metrics of the seven confusion matrices to assess the reliability of the 

constructed random forest. 
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CHAPTER 3 

Exploring the structural variation landscape 

using long read sequencing 
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Summary 

The extensive genetic variation between individuals of a population is not restricted 

to Single Nucleotide Polymorphisms (SNPs). Structural variation is a key player of 

this variation and is likewise causative of various phenotypes. However, the nature 

and number of these events at a population-scale is complex. Small reads sequencing 

technologies fail to accurately detect Structural Variants (SVs) such as translocations 

and inversions and yield a high number of false positive. Recent years have seen the 

advent of long read sequencing technologies which pledge to allow for precise SV 

detection. This chapter summarizes various projects and collaborations I was 

involved in, all aiming at building a stronger knowledge of structural variation with 

particular emphasis on translocations. In the first part, we set out the interest of using 

a non-conventional yeast species, namely Brettanomyces bruxellensis which harbors 

extensive genomic rearrangements. In order to carry out systematic detection of SVs 

in this species, we first had to generate a high-quality reference sequence that could 

also be used for any other population genomics studies. This sequence holds its 

promises by being of high contiguity and completeness and will set the ground for 

mapping structural variation when comparing different individuals of this species. 

The second part focuses on building an exhaustive species-wide catalog of structural 

variation in S. cerevisiae by the sequencing and de novo assembly of roughly 100 

natural isolates using long read sequencing (out of which I sequenced 30). Initial 

results mapped 42 translocations and 148 inversions but finer analysis are required. 

Finally, the third part of this chapter is dedicated to understand the phenotypic 

outcome of translocations in a fixed genetic background. Through the creation of an 

efficient and precise genome editing tool, dozens of independents translocated 

strains were generated in a single genetic background. Those strains only varied by 

their chromosomal organization, my role has been to phenotype them. It revealed 

that the sole effect of tridimensional reorganization due to translocations was 

sufficient to generate an important phenotypic diversity.  
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Introduction 

Current studies and knowledge about genetic variation are strongly biased towards 

single nucleotide polymorphisms. Nonetheless, SNPs are far from being the only 

source of genetic variation. Genomes can also differ by the presence of structural 

variation that can be both balanced if the number of copies is not changed or 

unbalanced if the variant result in a change of the copy number of a portion of the 

genome. We already know from population scale studies that Copy Number Variants 

(CNVs) play a significant role in the phenotypic diversity of a population as GWAS 

encompassing CNVs in 1,011 yeast natural isolates revealed that they outnumbered 

SNPs both by number but also by their effect size (Peter et al., 2018). However, 

CNVs are far from being the only type of SVs in a population. Moreover, unbalanced 

SVs have been more extensively studied than balanced SVs for the simple reason 

that they are easier to detect, especially at a population scale. Indeed, short-read 

sequencing approaches do not allow for precise detection of SVs because they tend 

to yield a high number of false positives as well as false negatives. With the recent 

advances in sequencing technologies and the rise of long read sequencing, detection 

of such variants at a large scale is now much more attainable.  

 

Long reads facilitate SV detection for two main reasons: on the one hand, as the 

reads are longer, there are more chances to detect a read that either spans the entire 

length of the variant plus its flanking regions or contains the breakpoint of a 

translocation or an inversion. On the other hand, longer reads mean easier assembly.  

Assembly can be assimilated to a puzzle with pieces that fit together. Assembling a 

puzzle with 10,000 pieces is more difficult and error-prone than assembling a 10-

pieces puzzle. If we can cover the entire genome with less reads, it will be easier to 

piece them together. Nowadays with long read strategies, we can obtain read length 

with a mean of 20 kb or higher which means that theoretically for a typical yeast 

genome of 12 Mb, only 600 reads are needed to cover its entire length. Once 
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assembled, genomes can be compared to each other to reveal structural variations. 

This strategy of mapping structural variation through de novo assembly has recently 

been applied to 22 strains of S. cerevisiae using Oxford Nanopore long read 

sequencing (Istace et al., 2017). This study unveiled part of the structural variation 

landscape in this species by detecting a total of 29 translocations and 4 inversions 

(Istace et al., 2017). Similarly, using PacBio sequencing in 7 S. cerevisiae natural 

isolates and 5 isolates of its sister species Saccharomyces paradoxus, 28 inversions 

and 6 reciprocal translocations were mapped with most of them being in 

S. paradoxus (Yue et al., 2017). 

 

In this chapter, we focused on laying the basis for a systematic exploration of SVs at 

a species-wide level both in S. cerevisiae and in the non-model yeast 

Brettanomyces bruxellensis as well as gaining knowledge on the phenotypic impact 

of such variants. To do so, we sequenced isolates with Oxford Nanopore 

Technologies long read solution. Unlike other sequencing methods based on the 

synthesis of DNA molecules such as Illumina or PacBio, the Oxford Nanopore 

approach consists in an array of proteins (pores) that detects consecutive 6-mer of a 

native DNA molecule sensing a change in electrical signal as DNA is fed through 

the pore.   
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Part 1 : High-quality de novo genome assembly of 

the Brettanomyces bruxellensis yeast using nanopore MinION 

sequencing 
 

Our first aim has been to focus on structural variation in a non-model yeast species. 

We chose to work on the yeast species Brettanomyces bruxellensis. This species is 

isolated from different fermented beverages. It is of high industrial interest because 

of its association with wine spoilage where it produces volatile phenolic compounds 

that are very odorant with smells described as barnyard or horse sweat (Chatonnet et 

al., 1992). However, B. bruxellensis is also responsible for specific organoleptic 

properties of spontaneously fermented Belgian beers (hence its name) such as lambic 

or gueuze (Spitaels et al., 2014). What makes this species of high interest for 

structural variant exploration is its genomic plasticity. Indeed, natural isolates show 

different ploidy levels (Avramova et al., 2018; Borneman et al., 2014; Curtin and 

Pretorius, 2014) and extensive chromosomal rearrangements, which were observed 

through electrophoretic karyotypes (Hellborg and Piskur, 2009). The exploration of 

structural variants such as large indels, inversions and translocations at the species 

level would help to provide insights into the forces that shape genomic architecture 

and evolution. However, to conduct a population genomic survey, the availability of 

a high-quality reference sequence with a completeness level allowing to cover most 

of the genomic variation and a contiguity level to efficiently detect structural 

variants, is a prerequisite. The lack of such reference genome pushed us to generate 

a de novo and high-quality genome assembly of the UMY321 isolate with the 

combination of long reads coming from Oxford Nanopore and short reads from 

Illumina sequencing. 
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Three B. bruxellensis isolates (UMY321, UMY315, and 133) were sequenced in this 

study (Table 1). These strains were determined to be diploid based on flow cytometry 

analysis and were all isolated from wine or grape must in Italy or South Africa. The 

genome of the UMY321 isolate was sequenced using a combination of Oxford 

Nanopore long-read and Illumina short-read sequencing data to obtain a high-quality 

assembly. By contrast, the UM315 and 133 isolates were only sequenced using a 

short-read strategy. In addition, these genomes were compared to previously genome 

sequences of six other B. bruxellensis isolates (Table 1) (Borneman et al., 2014; 

Crauwels et al., 2014; Curtin et al., 2012; Olsen et al., 2015; Piškur et al., 2012). 

 

 

 

De novo genome assembly construction and comparison 

Sequencing of the UMY321 isolate required three MinION runs using the R7.3 

chemistry and 2D libraries with a DNA fragmented to 8 kb. Briefly, 2D sequencing 

works by linking a hairpin to one end of a double stranded DNA fragment which 

allows to sequence both strands of the DNA thus yielding better sequencing accuracy 

than 1D alone (where only one of the two strands is sequenced). A total of 1.15 Gb 

Strain Ploidy Ecological Origin Geographical Origin Reference 

AWRI1499 3n Wine Australia Curtin et al.(2012) 

AWRI1608 3n Wine Australia Borneman et al.(2014) 

AWRI1613 2n Wine Australia Borneman et al.(2014) 

CBS11270 2n Industrial ethanol Sweden Olsen et al.(2015) 

CBS2499 2n Wine France Piškur et al.(2012) 

ST05_12_22 2n Lambic beer Belgium Crauwels et al.(2014) 

UMY315 2n Must Italy This study 

UMY321 2n Red wine Italy This study 

133 2n Merlot wine South Africa This study 

Table 1. Description of the B. bruxellensis isolates used in this study 

 



 125 

was generated with 41,686 2D reads having an average quality greater than nine 

(phread score). For our assembly, we focused on these reads which represented 376.8 

Mb with a mean read length of 9,033 bp and a median of 8,676 bp. Four subsets 

representing different coverage (10x, 15x, 20x and the total dataset representing 

roughly 25x) were submitted to four different assemblers: ABruijn (Lin et al., 2016) 

Canu (Berlin et al., 2015), miniasm (Li, 2016), and SMARTdenovo 

(https://github.com/ruanjue/smartdenovo). One known flaw of Oxford Nanopore 

sequencing is the high error rate associated with it (around 10% for 2D reads with 

R7.3 chemistry) (Jain et al., 2016). In order to counter this, the assemblies were 

subsequently polished with Illumina reads (around 100x of paired-end reads) using 

Pilon (Walker et al., 2014). This hybrid strategy allows to take advantage of both 

sequencing technologies, combining the ease of assembly given by Oxford 

Nanopore long reads with the precision of the Illumina paired-end reads.  

 

Figure 1. Metrics related to the constructed assemblies 

Metrics are displayed per assembler and per dataset used. 

https://github.com/ruanjue/smartdenovo
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Comparing the results from the four assemblers with the four datasets, we decided 

to make our final assembly based on the results of SMARTdenovo with a 20x 

coverage because it resulted in the best contiguity metrics (Figure 1): the final 

assembly contained eight scaffolds for a size of 12,965,163 bp, revealing near 

chromosome scale resolution. This level of contiguity is essential for the detection 

of structural variants. The completeness of our assembly has also been assessed by 

running CEGMA (Parra et al., 2007). It revealed that out of the 248 most conserved 

genes in all eukaryotic genomes, 242 displayed complete alignment and only 3 were 

not detected in our assembly. This result confirmed the high level of completeness 

of this assembly. 

 

Comparison with available assemblies of B. bruxellensis 

To date, several assemblies of the B. bruxellensis species have already been released 

(Borneman et al., 2014; Crauwels et al., 2014; Curtin et al., 2012; Olsen et al., 2015; 

Piškur et al., 2012). These assemblies are related to isolates from different ecological 

and geographical origins (Table 1). They were mostly constructed by combining 

several sequencing methods, such as 454, PacBio, and Illumina, as well as optical 

mapping in the most recently published assembly (Olsen et al., 2015). The 

assemblies have very variable metrics associated with each of them (Table 2). In 

terms of contiguity, our assembly and the assembly generated for the CBS11270 

isolate are close, and reach a chromosome-scale resolution. However, the CBS11270 

assembly is much larger than the others (17.3 Mb vs. 12.7–13.4 Mb), although it 

does also contain ∼2.5 Mb of undetermined (N) residues. 
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Strain # Scaffolds 
Assembly 

Size (Mb) 

Maximum 

Scaffold Size 
N50 N90 # N 

AWRI1499 

(Curtin et 
al. 2012) 

324 12.7 170,307 65,420 22,583 57 

CBS11270 

(Olsen et 

al. 2015) 

15 17.3 4,993,495 3,706,654 944,992 2,497,785 

CBS2499 

(Piškur et 

al. 2012) 

84 13.4 2,877,306 1,792,735 190,560 586,105 

ST05_12_22 

(Crauwels et 

al.2014) 

85 13.1 1,439,423 732,210 177,142 218,317 

UMY321 

(this study) 
8 13 3,829,289 1,917,156 1,329,398 2708 

 

By comparing the assembly metrics, we determined that our assembly is closer to 

that for CBS11270, which was generated by combining PacBio and Illumina 

sequencing methods as well as optical mapping, and much better than the other three 

available for comparison, which were much more fragmented and comprised at least 

84 scaffolds. 

 

A MUMmer comparison of our UMY321 assembly to that of CBS11270 indicates 

that 91 and 99.6% of the assemblies aligned, respectively, with one another and 

revealed that the scaffolds are mostly collinear (Figure 2). However, some large 

repetitive regions can be observed in the CBS11270 assembly, e.g. on chromosome 

1, between chromosomes 1 and 6, and between chromosomes 4 and 5 (Figure 2) that 

are absent in our assembly, and could explain the size differences between the 

assemblies (17.3 Mb vs. 12.97 Mb). Moreover, some synteny breaks can be 

observed, at the level of scaffolds, specifically between three and four. All the 

inconsistencies between the assemblies could be related either to structural 

rearrangements between the isolates or to assembly errors and would require further 

investigations to reach a conclusion as to their most likely source. 

 

Table 2. Metrics associated to B. bruxellensis publicly available assemblies 
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Suitability of our assembly for population genomics studies 

As previously mentioned, to function as a valuable resource for conducting 

population genomics studies, a reference genome should combine high contiguity 

(for the detection of structural variants) and completeness (for the efficient detection 

of SNPs and small indels). At the contiguity level, our assembly is close from a 

chromosomal-scale resolution, which suggests that it would be highly suitable for 

gross structural rearrangement detection (translocations, inversions, and long 

insertions/deletions). 

 

Figure 2. Comparison of the CBS11720 and UMY321 assemblies 

The alignments and the plot were generated with the MUMmer software suite. Red 

lines: sequences aligning in the same direction. Blue lines: sequences aligning in the 

opposite. 
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To test our assembly for the detection of polymorphism along the genome, we further 

investigated the mapping of the Illumina reads. As previously mentioned, 98.89% of 

the UMY321 Illumina reads mapped on our assembly. The read coverage was 

homogeneous along the scaffolds (Figure 3A), which suggests that the strain is 

devoid of aneuploidy and segmental duplication and confirms the lack of large 

repetitive regions within our assembly. 

 

A total of 83,006 SNPs was detected with GATK (McKenna et al., 2010), among 

which 374 were homozygous and 82,632 were heterozygous. The 374 homozygous 

SNPs could be considered as false positives. Although not completely negligible, 

this number is very low and could be related to the high error rate of the MinION 

technology, which is not completely compensated by using Illumina short reads 

(Istace et al., 2017). 

 

 

Figure 3. Mapping of the Illumina reads vs. the UMY321 reference assembly. 

A. Illumina reads coverage along the reference genome. B. Frequency of the 

reference allele at heterozygous sites along the genome. (Each color corresponds to 

a scaffold). 
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The UMY321 isolate that we sequenced is diploid, and the detection of these 82,632 

heterozygous SNPs revealed that the two genomic copies are not identical and have 

a high heterozygosity level. These heterozygous positions are mostly evenly 

distributed all along the genome, with several regions showing loss of heterozygosity 

(LOH) on scaffolds 1, 2, 3, and 6 (Figure 3B). 

 

B. bruxellensis is a yeast species of great importance in fermented beverage 

industries, largely thought of as a contaminant organism (Masneuf-Pomarede et al., 

2016; Schifferdecker et al., 2014). This species is also an interesting model to study 

genome evolution and dynamics as it is characterized by a large genomic plasticity. 

For these reasons, we sought to generate a high-quality genome assembly and 

ultimately obtain a suitable reference genome for population genomics. Our analyses 

show that the B. bruxellensis assembly that we generated with a combination of 

moderate coverage (20x) MinION long-reads in addition to a higher coverage (100x) 

of Illumina reads utilized for sequence polishing purposes, is highly valuable for 

population genomic studies and outperforms previously available sequences. To 

obtain a species-wide view of the genetic variability of B. bruxellensis, many more 

isolates should be surveyed using both short-read as well as long-read sequencing 

techniques, which will to qualify and quantify the extensive structural variation 

happening in this species. In the laboratory, dozens of natural isolates are currently 

being sequenced using the Oxford Nanopore MinION. 

 

  This part is a modified version of the publication: 
 

 

Fournier, T.*, Gounot, J.S.*, Freel. K., Cruaud. C, Lemainque, A., Aury, J.M., 

Wincker, P., Schacherer, J. and Friedrich, A. (2017). High-quality de novo 

genome assembly of the Dekkera bruxellensis yeast using nanopore MinION 

sequencing. G3. 

*: Equal contribution 
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Part 2: Generation of a population-wide catalog of structural 

variation in 95 natural S. cerevisiae isolates 

 

Despite the good knowledge of the genetic diversity based on SNPs and its 

implication on the phenotypic landscape that we acquired recently in S. cerevisiae 

(Peter et al., 2018), we still lack a complete and unbiased view of structural variation 

in this species. Nevertheless, a previous study sequenced 22 strains of S. cerevisiae  

with long read technologies (Istace et al., 2017). Although this study allowed to 

understand the important prevalence of structural variation in natural populations, 

the number of considered strains were not enough to really grasp the full diversity of 

SVs and understand the global repartition of these types of variants throughout the 

whole species. Questions still remain such as the presence of conserved SVs across 

the population that potentially have a phenotypic advantage to some isolates. 

Therefore, we wanted to obtain a much broader view which could lead to the 

generation of an exhaustive catalog of the structural variation in S. cerevisiae by 

sequencing 95 natural isolates, representative of the species diversity, both in term 

of ecological origins but also in terms of genomic features. Indeed, we selected 15 

haploid isolates, 35 heterozygous diploids and 2 homozygous diploids. To these, 43 

monosporic isolates coming from heterozygous diploids were also added (Table3). 

All the strains have been sequenced using Oxford Nanopore sequencing technology 

to provide long reads thus facilitating de novo genome assembly and subsequent 

detection of SVs based on these assemblies. A first glance at the results already 

detected that about a third of the natural isolates are carrier of a translocation. 

Moreover, 174 insertions of 5 kb or more have been detected with one particular 

insertion of 35 kb in chromosome 14 appearing in 75% of the sequenced isolates 

proving that some SVs are under strong selection allowing them to raise to an 

important frequency in the population. More in-depth analysis are needed to obtain 

a complete picture of SVs in S. cerevisiae.  
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Table 3. Strains sequenced and de novo assembled 

Standardized 

name 

Strain Ecological origin Geographical origin Genome 

AAB CBS422a Beer Odessa, Ukraine Haploid 

AAC CBS2165a Beer England Hetero/aneu/poly 

AAR CLIB382_1b Beer Ireland Haploid 

ABA YJM326_b Human, clinical California, USA Haploid 

ACH CLIB483_1b Cider Brittany, France Haploid 

ADA Y55 Lab NA Homozygous 

ADE PW5_b Palm wine Aba, Abia State, Nigeria Hetero/aneu/poly 

ADI YJM981_b Human, clinical Italy Haploid 

AEH CBS7964 Industrial Brazil Haploid 

AEL CBS1394 Distillery NA Hetero/aneu/poly 

AFH CBS1509 Distillery NA Haploid 

AFI CBS2183 Wine Chateau Chalon France Haploid 

AGA CBS3012 Wine Cadiz, Spain Hetero/aneu/poly 

AGK CBS2361 Nature UK Haploid 

AHG CBS1586 Fruit NA Haploid 

AHL CBS3081 Industrial Spain Haploid 

AIC CBS2807 Wine Slovakia Haploid 

AIE CBS2910 Human Portugal Hetero/aneu/poly 

AIF CBS457 Wine Italy Hetero/aneu/poly 

AIG CBS1463 Beer NA Haploid 

AIS MC9 wine AP, Italy Hetero/aneu/poly 

AKH NPA02-1 Palm wine Nigeria Monosporic 

ALH CLQCA_19-011 Nature Napo, Ecuador Monosporic 

ALI CLQCA_20-060 Water Ecuador Hetero/aneu/poly 

ALS 21-4-0116 Tree Male levare, Slovakia Monosporic 

AMH EN14S01 Soil Sinyi, Nantou, Taiwan Monosporic 

AMM SJ5L12 Tree Beinan, Taitung, Taiwan Monosporic 

AMP SJ5L14 Fruit Taian, Miaoli, Taiwan Monosporic 

ANL A-6 Beer Ghana Hetero/aneu/poly 

ANM A-18 Beer Ghana Hetero/aneu/poly 

APG VF8_(6) Bioethanol Araras, S‹o Paulo, Brazil Haploid 

AQG CBS7539 Beer Plovdiv, Bulgaria Monosporic 

ARN CBS2246 Human, clinical Netherlands Hetero/aneu/poly 

ASB CBS4255 Human, clinical NA Hetero/aneu/poly 

ASG CBS1489 Human, clinical Italy Homozygous 

ATM UC10 Wine California, USA Monosporic 

ATV CECT1462 Beer UK Hetero/aneu/poly 

AVI YPS163 Soil Pennsylvanian Monosporic 

AVN CH02 Beer Ivory Coast Hetero/aneu/poly 

BAD DJ71 Palm wine Yoboki, Djibouti Hetero/aneu/poly 

BAF DJ74 Palm wine Yoboki, Djibouti Hetero/aneu/poly 

BAG SX1 Tree Shaanxi province, China Monosporic 

BAI BJ6 Fruit Changping, Beijing, China Monosporic 

BAK BJ20 Tree Beijing, China Monosporic 

BAL HN6 Nature Hainan province, China Monosporic 

BAP HN16 Soil Hainan province, China Homozygous 

BAQ HN19 Tree Hainan province, China Monosporic 

BBF CCY_21-4-102 Water Slovakia Hetero/aneu/poly 

BBM 908 Distillery Jalisco, Mexico Monosporic 

BBT 2281 Wine Spain Hetero/aneu/poly 

BCE HE006 Human French Guiana Monosporic 

BDC #36 Nature Israel Hetero/aneu/poly 

BDF #57 Nature Israel Hetero/aneu/poly 

BDH #59 Nature Israel Monosporic 
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BDM MAJ_A Nature Majunga, Madagascar Monosporic 

BDN MAJ_G Nature Majunga, Madagascar Monosporic 

BEM CLIB653 Beer Chad Hetero/aneu/poly 

BFH EXF-5871 Dairy Slovenia Hetero/aneu/poly 

BFP EXF-7197 Tree Montenegro Monosporic 

BGN CLIB561 Dairy Normandy, France Monosporic 

BGP CLIB562 Dairy Normandy, France Monosporic 

BLD DBVPG1608 Wine La Mancha, Spain Monosporic 

BMC UWOPS03-459.1 Tree Malaysia Monosporic 

BPG DBVPG1841 NA Ethiopia Hetero/aneu/poly 

BPK DBVPG1861 Water Rajamaki River, Finland Hetero/aneu/poly 

BTE YS8(E) Bakery NA Hetero/aneu/poly 

CAS B-17 Wine Georgia Monosporic 

CBK 1 Insect Schleswig-Holstein Haploid 

CCC CLQCA_20-156 Flower Yasuni, Orellana Monosporic 

CCQ Ksc2-2B Tree Japan Monosporic 

CCT S11F3-6B Tree Sri Lanka Monosporic 

CDA S8BM-32-4D(a) Tree Sri Lanka Haploid 

CDG N3.00-7A Wine Blagoveshchensk, Russia Monosporic 

CDN UCD_61-190-6A Insect California, USA Hetero/aneu/poly 

CEI GE14S01-7B Soil Taiwan Monosporic 

CEL JCM_3529-7B Fermentation Tailand Monosporic 

CEQ MUCL_30909-2C Fermentation Burundi Monosporic 

CFC 4.5_WLP530 Beer Westmalle, Belgium Hetero/aneu/poly 

CFS UCD_40-255 Wine Walnut Creek, California Hetero/aneu/poly 

CGH VNL3 NA Vietnam Hetero/aneu/poly 

CHS SC 32 F. Dromer IP Human, clinical France Monosporic 

CIH PB12 Human, clinical Netherlands Hetero/aneu/poly 

CKB malade 98 1655/125391 Human, clinical Paris, France, H3 Hetero/aneu/poly 

CLL K10 Sake Japan Hetero/aneu/poly 

CLN K14 Sake Japan Homozygous 

CMF RIB6001 Sake Japan Hetero/aneu/poly 

CNB SM.8.2.C13 Bioethanol Brazil Monosporic 

CPA 906 Nature Mexico Monosporic 

CPG 1560 Nature Aceituna, Spain Monosporic 

CPI LCBG-3D6 Distillery Tamaulipas, Mexico Monosporic 

CPS FTPW4 Palm wine Burkina Faso Hetero/aneu/poly 

CQI MTF2552 Fermentation West Africa Monosporic 

CQS CEY647 Nature French Guiana Monosporic 

CRB SC2-37 Wine Italy Monosporic 

CRE CLQCA_17-111 Insect Ecuador Hetero/aneu/poly 
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As for B. bruxellensis, the first goal has been to sequence the genomic DNA of all 

these isolates using Oxford Nanopore. To do so, a total of 30 MinION and one 

PromethION flowcells have been used. My implication in this project has been to 

extract the DNA, prepare the librairies and run the samples on MinION flowcells for 

30 of the isolates. After basecalling with Guppy, the 30 MinION flowcells yielded 

from 330 Mb up to 21.7 Gb (mean of 6 Gb) and 87 Gb for the PromethION flowcell. 

The sequencing yield was quite heterogeneous across the runs mostly because 

several generations of library preparation chemistry were used as this technology is 

moving forward and evolving quite fast. Once demultiplexed, a total of 196 Gb was 

available. We measured the mean and median read length as well as the N50 (shortest 

read to get half of the total bases sequenced) for each strain. Mean read length for 

each strain went from 3.2 kb to 25 kb (mean 10.5 kb), median read length from 1.7 kb 

to 21.8 kb (mean 6.8 kb) and N50 from 4.6 kb up to 38 kb (mean 18.5 kb) (Figure 

4A). Overall these results were satisfying and as the amount of data per strain was 

sufficient (median coverage of 77x) (Figure 4B) we wanted to find the best possible 

set of reads for assembly. To do so, we used Filtlong 

(https://github.com/rrwick/Filtlong), to select the equivalent of 40x coverage of the 

best reads available for each strain (See methods) which allowed to improve the 

metrics of the dataset used (Figure 4A).   
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Figure 4. Metrics of the sequencing and assembly of the 95 strains. 
A. Mean read length, median read length and N50. All reads without filtering are in 

orange, 40x coverage selection of best set of reads using Fitlong are represented in blue. 

B. Coverage distribution for the 95 strains. C. Number of contigs after assembly with 

different assembly pipelines. Colors represent the different type of isolates used in this 

study: Haploid, Heterozygous or aneuploid or polyploid isolates, Homozygous diploids 

and finally Monosporic diploid isolates. Dotted line represents a number of 17 contigs 

for the 16 genomic chromosomes and the mitochondrial contig. 
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Assembly of the genomes has been performed using several assembly pipelines with 

different assemblers e.g. Canu (Koren et al., 2017) as a standalone, or coupled with 

SMARTdenovo (https://github.com/ruanjue/smartdenovo), flye (Kolmogorov et al., 

2019) and wtdbg2 (Ruan and Li, 2019), in order to find the best combination. 

Overall, SMARTdenovo offers better assembly quality with fewer contigs, 

especially for isolates that are heterozygous, aneuploid or polyploid (Figure 4C). 

Although the results are still fresh and would require further validations, with the 

available de novo assemblies coming from SMARTdenovo, a first catalog of 

structural variants can be put together. While an automated script is currently being 

developed to detect structural variants from de novo assemblies, a first rough 

estimation can be made by looking at the dotplot output given by MUMmer (Kurtz 

et al., 2004). This allows to visually see translocation events as well as inversions by 

comparing the contigs of the de novo assembly with the reference assembly.  

This first overview of the assemblies allowed to detect 42 translocations with 18 

being reciprocal and 24 being non-reciprocal in 31 strains. Overall, the number of 

translocations by isolate ranged from 0 to 4 (Figure 5A). A reciprocal translocation 

in the strain CECT10266 between the chromosomes VII and XII detected here has 

already been characterized twice (Hou et al., 2014; Istace et al., 2017) as being 

mediated by homologous recombination between two Ty2 retrotransposons. 

Extreme cases of translocations occur in the isolate UWOPS03-459.1 harboring four 

translocations with multiple successive translocation events happening in the same 

chromosome (Figure 5B) with the initial chromosome VII now being spread across 

four contigs in this strain suggesting three translocation events.  

https://github.com/ruanjue/smartdenovo
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Figure 5. First overview of the translocations in S. cerevisiae 
A. Number of translocations per strains. B. MUMmerplot of the UWOPS03-459.1 

isolate. Red lines: sequences aligning in the same direction. Blue lines: sequences 

aligning in the opposite (Inversion). Black arrows indicate breakpoints of 

translocations. 
 



 138 

A total of 148 inversions (of size >5kb) have been detected, ranging from 0 to 9 

inversions  per strain (Figure 6A). Interestingly, one inversion on the right arm of 

chromosome XIV and spanning approximately 35 kb  has been detected in 75 strains 

suggesting that this particular inversion has been selected. It is located in a region 

that is flanked by Ty elements (Figure 6B) that could have recombined with each 

other which might explain the origin of this inversion. When looking at the position 

of the strains with and without this inversion on the tree of nucleotidic diversity of 

the species, no clear clustering of strains with and without this inversion seems to 

appear. However, all the strains belonging to the wine cluster and more generally 

strains belonging to a fermentation process harbor this inversion (Figure 6C). 

 

Several limitations come from this analysis. The number of non-reciprocal 

translocations might be overestimated because translocations tend to happen next to 

telomeric regions so it is possible that reciprocal translocations happening within a 

few kilobases of the telomeres might not be visually detected as such. Another reason 

for the putative overestimation of non-reciprocal translocations and underestimation 

of reciprocal translocation events would be the poor contiguity of the assembly for 

some strains which complicates breakpoints detection. Indeed, if a translocation 

breakpoint is not resolved by the assembly, it will lie on a contig end and thus won’t 

be detectable. 
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Figure 6. Overview of inversions. 
A. Number of Inversions per strain. B. Schematic view of the inversion in chromosome 

14. C. Neighbor-joining tree of 1,011 S. cerevisiae isolates. The 95 resequenced and 

assembled strains are color coded in  blue where the inversion in chromosome 14 was 

detected and in orange for the strains were this inversion was not detected. Pie charts 

indicate the repartition of strains with and without this inversion in each cluster. Size of 

the pie charts reflects the number of strains. 
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This first glance at structural variation in the genomic landscape of S. cerevisiae 

allows to understand the important prevalence of chromosomal rearrangements with 

about a third of the strains displaying at least one translocation event. This result is 

lower than what has been previously reported by the study of 22 natural isolates of 

S. cerevisiae which suggested that 16 of these strains were carrying translocation 

events. However, as the present work is still in its premises, no real conclusions can 

be drawn at that time. First, all the assemblies need to be polished with Illumina 

reads to increase its accuracy. Then, the exact number of translocations and 

inversions can be refined and the exact breakpoints determined. Also, determination 

of the number and size of insertions and deletions has to be performed. An important 

point to take into account is that the 34 heterozygous strains still need to be phased 

in order to map potential heterozygous SVs in their genomes.  

 

Once a catalog of structural variants will be available, the next step would be to gain 

knowledge about the phenotypic impact of structural variants. This is quite 

challenging especially for balanced variants. Indeed, in order to assess their 

phenotypic impact on the phenotypic landscape of the species, one solution would 

be to perform GWAS by considering the translocations or inversions for example. 

Once the catalog will be completed and polished, a genotyping of the detected SVs 

could be done in the entire population of 1,011 strains based on the Illumina reads 

already available so that frequencies of each SV can be determined. However, 

gaining enough detection power for obtaining genome-wide significance requires a 

variant to be present in at least 5% of the population which is very unlikely for such 

type of structural variants. Moreover, even if two events are similar, they might have 

completely distinct phenotypic outcome. Indeed, even the smallest difference in 

breakpoint position might be enough to change the phenotypic outcome of such 

variants. For example, a SV with a breakpoint inside a promoter region might not 
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have the same impact as if it was outside the promoter or inside a coding region 

although being only few dozens of base pairs apart. Although exact breakpoints were 

not determined yet, the example of the 35 kb inversion on chromosome 14 stands as 

a good example on how SVs can be positively selected for and reach high frequency 

in the population. Further validation is needed to know if such variation is linked to 

a phenotypic advantage or not. 
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Part 3: Assessing the phenotypic impact of structural variation 

through yeast chromosome reshuffling using CRISPR/Cas9 

 

Both balanced and unbalanced SVs are known to have a phenotypic impact. 

However, the fitness effect of balanced SVs (Colson et al., 2004; Naseeb et al., 2016) 

has been less documented than CNVs, partly because they are much more 

challenging to map than CNVs. One way to assess the effect of balanced structural 

variants is to generate isogenic strains which differ only by chromosomal 

rearrangements. Previous studies demonstrated that double strand breaks (DSB) in 

dispersed repetitive elements such as the Ty retrotransposons can lead to 

chromosomal rearrangements (Argueso et al., 2008). Thus, generating multiple of 

those DSBs simultaneously in Ty elements might result in genome reshuffling with 

multiple translocations without being a gene or promoter disruptive event. For this 

purpose, a CRISPR-Cas9 based system to shuffle the yeast genome has been 

engineered by Aubin Fleiss in the group of Gilles Fischer. This system allows to 

generate DNA double strand breaks in long terminal repeats (LTR) regions of the 

yeast Ty3 retrotransposons which would then be randomly repaired with other 

homolog LTR regions. A gRNA with a target sequence is inserted in a pGZ110 

plasmid containing the sequence of Cas9 endonuclease (Figure 7A). The target 

sequence can induce DSB in only 5 copies of Ty3 LTR located in chromosomes IV, 

VII, XV and XVI. Throughout the genome, 30 other copies of solo LTR display too 

much mismatches for the gRNA thus no DSB should theoretically occur at these 

sites. Chances are that after the Cas9 induced DSB, the homology region used for 

the repair comes from a different region of the genome thus leading to the generation 

of a balanced translocation (Figure 7B). This technique allows to study the effect of 

non-gene-disrupting translocations, meaning that the sole effect of the change in 

tridimensional configuration of the genome is assessed. 
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BY4741 and BY4742 cells were transformed with the Cas9/gRNA plasmid targeting 

the five Ty3 LTRs. In total, 211 and 159 transformants have been obtained, 

respectively. To assess the efficiency of the genome reshuffling, 69 transformants 

(37 BY4741 and 32 BY4742) were karyotyped with pulse field gel electrophoresis. 

Figure 7. Strategy to reshuffle the yeast genome. 

A. Cloning gRNA target sequences in the pGZ110 vector with a 20 bp oligonucleotide 

corresponding to the target sequence of a unique gRNA targeting LTRs of interest. B. 

Frequency of the reference allele at heterozygous sites along the genome. (Each color 

corresponds to a scaffold). 
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Among them, 30 showed clear chromosomal rearrangements on the gels, 

representing 18 different karyotypes in total over a total of 23 predicted of viable 

combinations of rearranged chromosomes (Figure 8A). This result demonstrated that 

genomes are efficiently reshuffled via this strategy. In total, 23 strains displayed the 

predicted karyotypic profiles (Figure 8B).  
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However, colony-PCR failed to validate the expected junctions for 16 of them. To 

investigate these junctions, Oxford Nanopore sequencing of the genomic DNA and 

de novo assembly of five strains allowed to characterize all rearrangements 

happening in these strains. Surprisingly, only one strain (YAF129) had the expected 

genome organization and no supplemental rearrangement. The four other strains had 

various additional rearrangements including simple duplication up to complex 

rearrangements involving multiple events (Figure 9). The karyotyping step did not 

allow to pinpoint those additional rearrangements because they resulted in very 

similar karyotypes. These unexpected rearrangements all happened in direct vicinity 

of transposable elements or solo LTRs (Figure 9). Moreover, seven strains did not 

display the expected karyotypes (Figure 8B) with translocations involving other 

chromosomes than the 4 initially targeted by the unique PAM sequence of the gRNA. 

Using once again a de novo assembly from Oxford Nanopore reads, the genome of 

the YAF064 exposed a reciprocal translocation between chromosome VII and XV. 

Although breakpoint on chromosome XV matches the targeted CRISPR cut site, the 

one on chromosome VII does not. Moreover, an important triplication of 110 kb 

flanked by LTRs regions is also present. All of these observations suggest that the 

unexpected rearrangements observed are most likely due to crossovers with uncut 

LTRs during search for homology and repair (Payen et al., 2008).  

Figure 8. Induction of multiple rearrangements. 

A. Predicted rearranged karyotypes (types A to X). Chromosomes are represented 

proportionally to their size in kb. Centromeres are represented by black dots. The 

chromosomal location of the 5 cutting sites corresponding to the 5 best matches to the 

gRNA are indicated by colored triangles on the type A profile. The number of strains of 

each type that were characterized by PFGE is indicated below each drawing. Types B to 

F have only 2 chimerical junctions resulting from a single reciprocal translocation 

between 2 chromosomes. Types G to M have 3 chimerical junctions resulting from 

translocations between 3 chromosomes (G, H, L, M) or the transposition of the 

chromosomal fragment XV.2 (I, J, K). Types N to V have 4 chimerical junctions resulting 

from a combination of translocations and transpositions. Types W and X have all 5 

chimerical junctions. B. PFGE of 22 strains with predicted (left) and unpredicted (right) 

karyotypes. The control WT strains (BY4741 and BY4742) are located on the external 

lanes of each gel and their chromosome size is indicated on the left. The predicted types 

are in bold when all chimerical junctions were validated by PCR. 
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Figure 9. Long read sequencing resolved SVs in four strains with karyotype 

predicted rearrangements. 
The wild type structure in BY4741 shows the 4 targeted chromosomes with black dots 

for centromeres. Each chromosome is fragmented by black lines representing DSB 

targeted Ty3 LTRs. Within chromosome IV a grey dotted line and sections named 1.1 

and 1.2 represent an unpredicted position used for a reciprocal translocation in YAF155. 

Each shaded block contains both the chromosomal structure discovered using long read 

sequencing and the karyotype predicted by the CHEF gels (Type) for a single YAF strain. 

Below each chromosome is the size in kb. Stars on the chromosome name and size 

represent deviations from the corresponding karyotype predictions. Lower case italicized 

letters (a-i) represent unanticipated SVs captured by long reads. The key denotes from 

left to right, the type of SV (dup=duplication, del=deletion, trans=translocation), the size 

in kb and the repetitive element associated at the border of the element. For translocations 

only the SV type and repetitive element associated with the event is noted. For 

duplications, dotted lines represent the region duplicated and its new position. The SV d 

represents a deletion of 1kb from XV followed by recombination within full length Ty2 

elements. For YAF155 two additional chromosomes, II (brown) and VIII (purple), were 

involved. 
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My role in this project has been to assess the phenotypic impact of such genome 

reshuffling. To do so, 22 rearranged strains were selected with 15 having a predicted 

karyotype and 7 having an unpredicted karyotype. As for the other phenotypic 

screens, these strains were phenotyped on 40 growth conditions (see Methods) which 

were compared to the growth in complete synthetic media. In total, 943 phenotypic 

measurements were performed. This led to the identification of reshuffled strains 

having a significant difference in phenotype compared to the original unshuffled 

strain. We identified 91 strain/trait combinations displaying superior growth and 48 

displaying slower growth compared to their wild type counterpart.  

The strongest phenotypic advantages of all corresponded to the strain with the 

unpredicted karyotype harboring the 110 kb triplication (YAF064, see above) when 

DNA synthesis is impaired (in the presence of the pyrimidine analog 5-fluorouracile) 

and in starvation (low carbon concentration 0.01% of galactose or glycerol) (Figure 

10). However, none of 36 triplicated genes with a known function is directly 

involved either in DNA synthesis or starvation, suggesting that the other 18 

uncharacterized genes present in this region could be involved in these phenotypes. 

More generally, for the conditions that produce the greatest effects, most of the 

strains tended to react in a similar way. For instance, in the presence of 6-azauracil 

(6AU), 4NQO and high glucose concentration all the strains that showed a 

significant phenotypic variation grew slower than the WT while in the presence of 

galactose, caffeine, cycloheximide and fluconazole all the strains that showed a 

significant variation grew faster than the WT (Figure 10). Most strains (19 out of 22) 

showed variations in at least 2 different conditions showing that genome shuffling is 

efficiently broadening the phenotypic diversity.  
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The most variable strain, YAF132, presented significant growth variations in 17 out 

of the 40 conditions (faster and slower than the WT in 15 and 2 conditions, 

respectively). By opposition, the 2 type J strains (YAF021 and YAF040) as well as 

one strain with an unpredicted karyotype (YAF135) showed no phenotypic variation 

in nearly all the 40 conditions. The strain devoid of additional rearrangement as 

validated by sequencing (YAF129, see above) had significant growth variations in 

13 conditions, including fitness advantage in many environmental conditions. 

 

  

Figure 10. Phenotypic diversity of reshuffled strains. 
Phenotypic variation among reshuffled strains. The heatmap represents the growth ratio 

of each strain (i.e. the colony size on the tested conditions divided by its size on SC) 

divided by the growth ration of BY4741 or BY4742, depending on the origin of the 

shuffled strain (Methods). The stars indicate the significant phenotypic effects (*, ** and 

*** indicate pval<10-2, 10-3 and 10-4, respectively). The strain names in red correspond 

to the unpredicted karyotypes in figure 8B. 
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We showed that the generation of scarless and markerless SVs in a fixed genetic 

background widens the phenotypic landscape accessible by a strain with many cases 

of fitness advantages. We could prove at least for one strain that the sole effect of 

changing the chromosomal configuration through balanced SVs such as reciprocal 

translocations without any gene or regulatory element disruption was sufficient to 

generate strong phenotypic diversity. As Ty3 LTRs, which are used as breakpoints 

in this study, are known to contain regulatory elements (Bilanchone et al., 1993), it 

is also possible that their transcriptional activity might result in the observed 

phenotypic diversity in the reshuffled strains. It is worthy to note that the strongest 

growth defect is observed in presence of 6-AU, a GTP depleting compound. 

Sensitivity to this compound is associated with mutations affecting transcriptional 

elongations (Exinger and Lacroute, 1992; Malagon et al., 2006; Mason and Struhl, 

2005; Powell and Reines, 1996) suggesting global and important changes in the 

regulation of expression levels due to modification of the tridimensional 

conformation of the genome (Spielmann et al., 2018). 

 

  This part is a modified version of the publication: 
 

 

Fleiss, A.*, O’Donnell, S.*, Fournier, T., Lu. W, Agier, N., Delmas, S., 

Schacherer, J. and Fischer, G. Reshuffling yeast chromosomes with 

CRISPR/Cas9 (PloS Genetics, in press) 

*: Equal contribution 
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METHODS 
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Wet lab procedures 

 

Selection of the Saccharomyces cerevisiae isolates 

Out of the collection of 1,011 strains (Peter et al., 2018), a total of 53 natural isolates 

were carefully selected to be representative of the Saccharomyces cerevisiae species. 

We selected isolates from broad ecological origins and we prioritized for strains that 

were diploid, homozygous, euploid and genetically as diverse as possible, i.e. up to 

1% of sequence divergence. All the isolate details, including ecological and 

geographical origins, are listed in table 1. In addition to these 53 isolates, we included 

two laboratory strains, namely ∑1278b and the reference S288c strain (Table 1). 

 

Table 1. Strains used in chapter 1 and 2. Strains in bold are used in chapter 2. 

Strain Name Isolation Ecological Origin Continent 
GWAS 

included 

∑1278b NA Laboratory NA Yes 

1560 Manzanilla-Alorena, olive (Noe) Nature Europe Yes 

2162 Forest soil, 30C Soil Europe  

2187 Forest soil, 30C Soil Europe Yes 

BJ20 Bark from Quercus wutaishanica Tree Asia Yes 

CECT10109_1b Prickly pear Fruit Europe Yes 

CLIB1071 Cider brewery, dry cider Cider Europe Yes 

CLIB1410 Rice wine. Oenology Fermentation Asia  

CLIB154_1b Wine Wine Europe  

CLIB382_1b Beer Beer Europe Yes 

CLIB413_1b Fermenting rice beverage Fermentation Asia Yes 

CLIB485 Cider brewery Cider Europe  

CLQCA_04-021 Beetle Insect South America Yes 

CLQCA_10-027 Grass Nature South America  

CLQCA_20-184 Flower from Heliconia sp. Flower South America Yes 

CLQCA_20-246 Termite mound Insect South America Yes 

CLQCA_20-259 Decaying fruit Fruit South America  

DBVPG1058 Baker's yeast Bakery Europe  

DBVPG1564 Grape must Wine Europe Yes 

DBVPG2088 Cognac Distillery Europe  

DBVPG3591_1b Cocoa beans Nature NA Yes 

ES4M07 Fruiting body of Geastrum sp. Fruit Asia Yes 

EXF-5247 Seawater in harbour Water Europe Yes 

EXF-5248 Seawater in harbour Water Europe Yes 

EXF-5295 Kefyr Fermentation Europe  
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EXF-5297 Mashed pears Fruit Europe  

EXF-7197 Quercus sp. Tree Europe Yes 

FY4 NA Laboratory NA Yes 

HN10 Rotten wood Nature Asia Yes 

HN15 Rotten wood Nature Asia Yes 

HN16 Soil Soil Asia Yes 

I14_1b Vineyard soil Wine Europe Yes 

L-1374 Wine Wine South America  

NC_02_b Exudate from Quercus sp. Tree North America Yes 

NPA03.1 Palm wine Palm wine Africa Yes 

sample 40 Tree leaves Tree Europe Yes 

T7_b Exudate from Quercus sp. Tree North America  

UC8_1b Wine Wine Africa  

UCD_05-780 Beetle Insect North America  

UCD_09-448 Olives Fruit North America Yes 

WE372_1b Wine Wine Africa  

Y12_1b Palm wine Palm wine Africa Yes 

YJM326_b Human, clinical Human. clinical North America Yes 

YJM421_b Ascites fluid Human. clinical North America Yes 

YJM434_1b Human, clinical Human. clinical NA  

YJM627 Seg, Y55 NA Europe Yes 

YJM990 Clinical Human, clinical North America  

YPS133 Soil beneath Quercus alba Soil North America  

YPS141 Soil beneath Quercus velutina Soil North America  

YPS142 Surface of Tuber magnatum Nature North America  

YPS143 Banana wine Wine North America Yes 

YPS163 Soil beneath Quercus rubra Soil North America Yes 

YPS615 Quercus sp. Tree North America  

YPS617 Quercus sp. Tree North America Yes 

ZP_611 Quercus robur Tree North America Yes 

 

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 MATα haploids, respectively. The mating-type 

(MATa and MATα) of antibiotic-resistant clones was determined using testers of 

well-known mating type. For each genetic background, we selected a MATa and 

MATα clone that are resistant to G418 or nourseothricin, respectively.  
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Phenotyping of the parental haploid strains was performed to check for mating type 

specific fitness effects. All MATa and MATα parental strains were tested on all 49 

growth conditions (Table 2) using the same procedure as the phenotyping assay of 

the hybrid matrix. The overall correlation between the MATa and MATα parental 

strains was 0.967 (Pearson, p-value < 1e-324), with an average correlation per strain 

of 0.976 across different conditions (Figure 1). No significant mating type specificity 

was identified. 

 

 

  

Figure 1. Phenotypic correlation between MATa and MAT isolates 

Correlation of the phenotypes between mating types by strain. Pearson’s r and 

corresponding p-values are indicated for each strain. Blue line indicates fitted linear 

model and grey envelope represents 95% confidence interval 
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Diploid 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 MATα parental strains on solid YPD. 

The parental strains, i.e. 55 MATa HO::∆KanMX and 55 MATα HO::∆NatMX 

strains were arrayed and mated in a pairwise manner on YPD for 24 hours at 30°C. 

The mating mixtures were replicated on YPD supplemented with G418 (200 µg.ml-

1) and nourseothricin (100 µg.ml-1) for double selection of hybrid individuals. After 

24 hours, plates were replicated again on the same media to eliminate potential 

residuals of non-hybrids cells. In total, we generated 3,025 hybrids, representing 

2,970 heterozygous hybrids with a unique parental combination and 55 homozygous 

hybrids. 

 

Selection of collinear strains 

In chapter 2, as we wanted to maximize the chance of obtaining viable progenies, 

only considering colinear strains was a way to first remove important bias in 

offspring viability as translocations drastically impede viability by 25 or 50% with a 

majority of tetrads with three or two viable spores (Hou et al., 2014). Obtaining fully 

viable tetrads was of prime interest for us as we wanted to perform segregation 

analysis of the phenotype in tetrads. 

All 55 strains were crossed with FY4 (reference strain), sporulated and 5 tetrads were 

dissected for each hybrid to check their collinearity. Colinear strains would show a 

majority of tetrads with four viable spores. This step lead to the characterization of 

27 strains being colinear out of the 55 initially selected for the construction of the 

diallel hybrid panel (Figure S1 in Chapter 2). In chapter two, 20 of the strains that 

are colinear with the reference strain were selected to be as representative of the 

whole diversity of the species (Table 1). 

 



 159 

Generation of large haploid progenies for 20x20 diallel cross 

The 20 parental strains are a subset of the previous parental strains forming the diallel 

panel of 3,025 hybrids. The resulting 20 by 20 diallel cross encompassed 190 hybrids 

without reciprocal crosses. Each hybrid was sporulated for two days on a medium 

containing only 1% of potassium acetate. For each of the 190 crosses, enough spores 

were dissected in order to obtain 160 haploid progenies originating from 40 fully 

viable tetrads i.e. with all four spores viable. The manual dissection of 66,992 spores 

using the Singer SporePlay micromanipulator lead to a total panel of 30,400 haploid 

individuals coming from complete tetrads. In order to facilitate dissections, tetrads 

were incubated  15 minutes in a solution with 1.5e-2 mg.ml-1 of zymolyase to gently 

digest the ascus wall. After dissection of the ascus wall, each spore of a tetrad is 

arrayed on solid YPD to retain the tetrad information. After incubation of 48h at 

30°C, viable spores are determined by the formation of a colony.  

 

Spore viability analysis 

Spore viability has been assessed for each cross as the number of colony forming 

spores divided by the total number of dissected spores. Information about the number 

of viable spores per tetrad was also retained as this gives indications for inferring 

reproductive isolation mechanisms. The nucleotidic diversity between the parental 

isolates was computed as the number of SNPs differentiating the two genomes 

divided by the overall genome length. 
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High-throughput phenotyping and growth quantification 

Quantitative phenotyping was performed using colony growth on solid media. 

Strains were pregrown in liquid YPD medium and pinned onto a solid SC (Yeast 

Nitrogen Base with ammonium 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 1,536 density format using the replicating 

ROTOR™ robot (Singer Instruments). The plates were incubated for 24 hours at 

30°C (except for 14°C phenotyping) and picture was taken at a 12Mpx resolution. 

To correct for unevenness of cell spotting during plate replication, a picture of each 

plate was taken right after replication and spot size measured for each colony. This 

initial measurement was then subtracted to the final colony size after growth to get 

corrected colony sizes, thus strongly reducing experimental noise. Negative 

corrected values were adjusted to 0. 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 calculating the normalized growth 

ratio between the corrected colony size on a condition and the corrected colony size 

on SC. The value considered as the phenotype is the median of all the replicates, thus 

smoothing the effects of pinning defect or contamination.  

 

- Phenotyping of the diallel hybrids panel (Chapter 1) 

Two biological replicates (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 (Table 

2). The selected conditions impact a broad range of cellular responses, and multiple 

concentrations were tested for each compound. Most tested conditions displayed 

distinctive phenotypic patterns, suggesting different genetic basis for each of them. 

This phenotyping step led to the determination of 148,225 hybrid/trait combinations.  
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Table 2. Phenotyping conditions and their respective type of induced stress 

Categories Sub-categories Conditions Abbreviation Chapter 

Reference   SC   

Cell wall 

Membrane 

stability 

SC SDS 0.01% SDS001 1,2,3 

SC SDS 0.025% SDS0025 1,2 

SC SDS 0.05% SDS005 1,2 

Ergosterol 

synthesis 

SC fluconazole 1 µg/ml Fluco1 1,2,3 

SC fluconazole 5 µg/ml Fluco5 1,2,3 

SC fluconazole 10 µg/ml Fluco10 1,2,3 

Erg synthesis + 
multiple targets 

SC ketoconazole 10 µg/ml Keto10 1,2,3 

SC ketoconazole 30 µg/ml Keto30 1,2,3 

SC ketoconazole 60 µg/ml Keto60 1,2,3 

Cold  SC 14°C 14Deg 1,2,3 

DNA 

metabolism 

Telomere 

dynamics 

SC sodium (meta)arsenite 1 mM SMA1 1,2,3 

SC sodium (meta)arsenite 2.5 mM  SMA25 1,2,3 

SC sodium (meta)arsenite 5 mM SMA5 1,2 

DNA damage 

SC 4-NQO 1 µg/ml 4NQO1 1,3 

SC 4-NQO 2 µg/ml 4NQO2 1 

SC 4-NQO 3 µg/ml 4NQO3 1 

DNA synthesis 

SC 5-FU 50 µg/ml 5FU50 1,2,3 

SC 5-FU 100 µg/ml 5FU100 1,2,3 

SC 5-FU 250 µg/ml 5FU250 1,2,3 

SC Hydroxyurea 15 mg/ml HU15 3 

SC Hydroxyurea 30 mg/ml HU30 3 

General 

cellular 

damage 

 
SC CuSO4 0.1 mM CuSO401 1,2 

SC CuSO4 0.5 mM CuSO405 1,2,3 

SC CuSO4 1 mM CuSO41 1,2,3 

Metabolism 

Carbon sources 
utilization 

SC galactose 2%   Gal2 1,2,3 

SC glycerol 2%        Gly2 1,2,3 

Carbon  starvation 

SC glucose 0.01%   Glu001 1,2 

SC galactose  0.01% Gal001 1,2,3 

SC glycerol  0.01% Gly001 1,2,3 

High carbon 

source tolerance 

SC glucose 10%   Glu10 1,2,3 

SC galactose  10% Gal10 1,2,3 

SC glycerol 10% Gly10 1,2 

Osmotic stress  SC NaCl 0.5 M NaCl05 1,2,3 

SC NaCl 1 M NaCl1 1,3 

Oxydative 

stress 
 

SC methyl viologen 0.5 mM MV05 1,2,3 

SC methyl viologen 1 mM MV1 1,2,3 

SC methyl viologen 2.5 mM MV25 1,2 

Protein 

stability 
 

SC formamide 1% Form1 1,2,3 

SC formamide 2% Form2 1,2,3 

SC formamide 5% Form5 1,2,3 

Signal 

transduction 

pathways 

 
SC caffeine 10 mM Caf10 1,2,3 

SC caffeine 20 mM Caf20 1,2,3 

SC caffeine 40 mM Caf40 1,2,3 

Subcellular 

organisation 
Microtubules 

function 

SC benomyl 50 µg/ml Beno50 1 

SC benomyl 100 µg/ml Beno100 1,3 

Translation 
Ribosomes 

function 

SC cycloheximide  0.1 µg/ml CHX01 1,2,3 

SC cycloheximide  0.25 µg/ml CHX025 1,2,3 

SC cycloheximide  0.5 µg/ml CHX05 1,2,3 

Transcription 
GTP and UTP 

nucleotide pools 

SC 6-azauracil 50 µg/ml 6AU50 1,3 

SC 6-azauracil 100 µg/ml 6AU100 1,3 

SC 6-azauracil 200 µg/ml 6AU200 1 
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- Phenotyping of haploid offspring panel (Chapter 2) 

We measured two biological replicates of each haploid progeny. For the parental 

strains, four biological replicates per plate and 19 technical replicates were made as 

each parent was present in 19 crosses. The 30,400 haploid spores as well as the 20 

parental strains in both mating types were phenotyped on 40 growth conditions 

(Table 2) leading to more than 2,500,000 phenotypic measurements.  

 

- Phenotyping of CRISPR reshuffled strains (Chapter 3) 

Each reshuffled strain had six biological replicates and the reference strains BY4741 

and BY4742 were present 96 times on each condition. Raw sizes were corrected 

using two successive corrections: a spatial smoothing was applied to the colony size 

(Baryshnikova et al., 2010). This allowed to account for variation of the plate 

thickness. Another correction was then applied to rescale colony size by row and 

column  (Baryshnikova et al., 2010) which is important for colonies lying at the 

edges of the plate thus having easier access to nutrients compared to strains in the 

center. All calculations were performed using R. Once the corrected sizes were 

obtained, the growth ratio of each colony was computed as the colony size on the 

tested conditions divided by its size on SC. To detect the phenotypic effect of the 

engineered translocations, each growth ratio has been normalized by the growth ratio 

of BY4741 or BY4742, depending on the origin of the shuffled strain, on the 40 

tested condition (Table 2). Each experiment was repeated 2 times independently in 

the 40 growth conditions. 
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CRISPR-Cas9 genome editing 

- gRNA cloning 

pGZ110 plasmid containing Cas9 endonuclease coding sequence and a backbone of 

gRNA is first linearized using LguI restriction enzyme, creating 5’ and 3’ overhangs 

of 3 bp. In order to clone a single 20 bp target sequence in the gRNA backbone, two 

23 bp complementary oligonucleotides with 3bp overhangs on 5’ and 3’ 

complementing the LguI restriction site are annealed. Annealing is achieved by 

mixing equimolar mix of both oligonucleotides, heating at 95°C for 5 minutes and 

cool at room temperature to allow for slow and correct annealing. The resulting 

double stranded insert is then ligated to the linearized plasmid.  

 

- Chromosomal reshuffling 

pGZ110 plasmid containing a 20bp insert targeting the Ty3-LTRs of interest has 

been transformed without any repair fragment to allow for translocation events to 

happen. After transformation, cells were plated on YPD to check for viability and on 

synthetic medium depleted of leucine to select for transformants. This was done by 

Aubien Fleiss. 

 

- Allele editing of SGD1 

The pAEF5 plasmid is the same as pGZ110 except for the LEU2 cassette that has 

been replaced by a HygMX cassette providing resistance to hygromycin. This allows 

to use the plasmid in prototrophic genetic backgrounds. 20 bp gRNA targeting SGD1 

has been cloned into the pAEF5 plasmid as explained in the previous section (gRNA 

cloning). This plasmid was co-transformed with the repair fragment of 100 

nucleotides containing the desired allele. Transformed cells were then plated on YPD 

supplemented with 200 µg.ml-1 hygromycin at 30°C to select for transformants. 

Colonies were then arrayed on a 96 well plate with 100 µl YPD and grown for 24 

hours to induce plasmid loss. The plate was then pinned back onto solid YPD for 
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24h then replica plated to YPD supplemented with 200 µg.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 (4 technical replicates and 4 biological 

replicates) on the corresponding condition to measure differences with their wildtype 

counterparts. 

 

Karyotyping yeast by Pulsed Field Gel Electrophoresis 

Karyotyping of the reshuffled yeast were performed by preparing agarose plugs 

allowing to keep yeast chromosomes intact. This step has been performed 

following standard procedure (Török et al., 1993). Plugs were then placed in a 1% 

Seakem GTC agarose and 0.5x TBE gel. PFGE was conducted with the CHEF-

DRII (BioRad) system following: 6 V/cm for 10 hours with a switching time of 60 

seconds followed by 6 V/cm for 17h with switching time of 90 seconds. The 

included angle was 120° for the whole duration of the run. 
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Computational analysis 

 

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 =  𝜇 + 𝑔𝑖 +  𝑔𝑗 + 𝑠𝑖𝑗 + 𝑒 

 

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

jth parental strains, 𝜇 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: 

 

𝑔�̂� = (
𝑁 − 1

𝑁 − 2
) × (𝑧𝑖∙ − 𝜇) 

 

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 𝜇 is the population mean. The error term 

associated with 𝑔𝑖  is: 

 

𝑒𝑔𝑖
= √

(𝑁 − 1) × 𝜎2𝑧𝑖𝑗∙

𝑛 × 𝑁 × (𝑁 − 2)
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Where N is the total number of parental types, n is the number of replicates for the 

𝑖 × 𝑗 hybrid, and 𝜎2𝑧𝑖𝑗∙ is the variance of fitness values from a full-sib family 

involving the ith and jth parents, which is expressed as:  

 

𝜎2𝑧𝑖𝑗∙ = 𝜎2𝑧𝑖 + 𝜎2𝑧𝑗 + 𝜎2𝑧𝑖𝑗 + 2 × 𝑐𝑜𝑣(𝑧𝑖 , 𝑧𝑗) 

 

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

 

𝑠𝑖�̂� = 𝑧𝑖𝑗∙̅̅ ̅̅ −  𝑔�̂� − 𝑔�̂� − 𝜇 

 

The error term associated with 𝑠𝑖�̂� is: 

 

𝑒𝑠𝑖𝑗
= √

(𝑁 − 3) × 𝜎2𝑧𝑖𝑗∙

𝑛 × (𝑁 − 1)
 

Using combining ability estimates, broad- and narrow-sense heritabilities can be 

calculated. Narrow sense heritability (h2) accounts for the part of phenotypic 

variance explained only by additive variance, expressed as the additive variance (𝜎𝐴
2) 

over the total phenotypic variance observed (𝜎𝑃
2): 

 

ℎ2 =
𝜎𝐴

2

𝜎𝑃
2 =

𝜎(𝑔𝑖+𝑔𝑗)
2

𝜎(𝑔𝑖+𝑔𝑗)
2 + 𝜎𝑠𝑖𝑗

2 + 𝜎𝑒
2 

Where 𝜎(𝑔𝑖+𝑔𝑗)
2  is the sum of GCA variances, 𝜎𝑠𝑖𝑗

2  is the SCA variance and 𝜎𝑒
2 is the 

variance due to measurement error, which is expressed as:  

𝜎𝑒
2 = (𝑁 − 2) (𝑒𝑔𝑖

̅̅ ̅̅ + 𝑒𝑔𝑗
̅̅ ̅̅ )

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ 2

+
(

(𝑁2 − 𝑁)
2 − 1)

(
(𝑁2 − 𝑁)

2
+ 𝑁 − 3)

×  𝑒𝑠𝑖𝑗
̅̅ ̅̅ 2 
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On the other hand, broad-sense heritability (H2) depicts the part of the phenotypic 

variance explained by the total genetic variance 𝜎𝐺
2: 

 

𝐻2 =
𝜎𝐺

2

𝜎𝑃
2 =

𝜎(𝑔𝑖+𝑔𝑗)
2 + 𝜎𝑠𝑖𝑗

2

𝜎(𝑔𝑖+𝑔𝑗)
2 + 𝜎𝑠𝑖𝑗

2 + 𝜎𝑒
2 

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.  

 

Computation 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 =
𝑃1 + 𝑃2

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 . To obtain 

a robust classification, confidence intervals for each class were based on the standard 

deviation of hybrid (6 replicates) and parents (54 replicates) (Table 3). P2 is the 

phenotypic value of the fittest parent while P1 is the phenotypic value of the least fit 

parent. 
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Table 3. Confidence intervals for the classification in different inheritance mode 

Inheritance mode Formula 

Underdominance 𝐻𝑦𝑏 < 𝑃1 − (𝜎𝑃1 + 𝜎𝐻𝑦𝑏) 

Dominance P1 𝑃1 − (𝜎𝑃1 + 𝜎𝐻𝑦𝑏) < 𝐻𝑦𝑏 < 𝑃1 + (𝜎𝑃1 + 𝜎𝐻𝑦𝑏) 

Partial dominance P1 𝑃1 + (𝜎𝑃1 + 𝜎𝐻𝑦𝑏) < 𝐻𝑦𝑏 < 𝑀𝑃𝑉 − (
𝜎𝑃1 + 𝜎𝑃2

2
+ 𝜎𝐻𝑦𝑏) 

Additivity 𝑀𝑃𝑉 − (
𝜎𝑃1 + 𝜎𝑃2

2
+ 𝜎𝐻𝑦𝑏) < 𝐻𝑦𝑏 < 𝑀𝑃𝑉 + (

𝜎𝑃1 + 𝜎𝑃2

2
+ 𝜎𝐻𝑦𝑏) 

Partial dominance P2 𝑀𝑃𝑉 + (
𝜎𝑃1 + 𝜎𝑃2

2
+ 𝜎𝐻𝑦𝑏) < 𝐻𝑦𝑏 < 𝑃2 − (𝜎𝑃2 + 𝜎𝐻𝑦𝑏) 

Dominance P2 𝑃2 − (𝜎𝑃2 + 𝜎𝐻𝑦𝑏) < 𝐻𝑦𝑏 < 𝑃2 + (𝜎𝑃2 + 𝜎𝐻𝑦𝑏) 

Overdominance 𝑃2 + (𝜎𝑃2 + 𝜎𝐻𝑦𝑏) < 𝐻𝑦𝑏 

 

When a clear separation is possible between the two parental phenotypic values  

(𝑃1 + 𝜎𝑃1 < 𝑃2 − 𝜎𝑃2), the full decomposition in the seven above mentioned 

categories is possible (Table 3). 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 underdominance. All calculations were 

performed in R using custom scripts. 
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Genome-wide association studies on the diallel panel 

Whole genome sequences for the parental strains were obtained from the 1002 yeast 

genome project (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 Durbin, 2010). 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 combinations, including the diagonal, i.e. the 

34 homozygous parental genotypes. For each cross, we combined the genotypes of 

both parents to generate the hybrid diploid genome. As a result, heterozygous 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., 2014). We used the normalized phenotypes by replacing the observed 

https://github.com/MicrosoftGenomics/FaST-LMM
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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 

bedFiles 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 fraction 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 trait-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. Taken together, 

GWA revealed 1,723 significantly associated SNPs (Figure 4-Source Data 1), with 

1,273 and 450 SNPs for overdominant and additive model, respectively. 

 

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. Significant enrichment is considered under 

“Process” ontology with a p-value cutoff of 0.05.  

 

 

  

https://www.yeastgenome.org/goTermFinder
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Random forest classifier 

Assessing bimodality on high number of distributions is very challenging. Although 

multiple statistical methods exist, they would often fail to precisely detect cases of 

bimodality vs unimodality in our very diverse dataset. To counter that while still 

retaining systematical and unbiased assessment of bimodality in our large dataset, 

we developed a random forest classifier approach. A random forest is a machine 

learning algorithm that works by building a large number of decision trees i.e. a 

forest, to cluster different observations in different groups. Each tree is different from 

the other as each node branching the tree is determined by randomly chosen variables 

among all available variables in the dataset. All decision trees are run independently 

and the majority is voting (ensemble method).  

 

Variables used for the random forest 

We first performed expectation maximization (EM) to fit 2 gaussian distributions 

over every distribution and extracted the following 5 parameters: �̂� ,the proportion 

of observations in the main cluster;  �̂�1 and �̂�2, the estimated means of each mode; 

�̂�1
2 and �̂�2

2, the estimated variances of each mode. From these five parameters, 13 

variables were computed to use as input for the random forest (Table 4).  
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Table 4. Variables used in the random forest 

Variable Formula 

Proportion in bigger 

cluster 
𝑋1 = �̂� 

Difference of means 𝑋2 = |�̂�1 − �̂�2| 

Smallest variance 𝑋3 = 𝑚𝑖𝑛(�̂�1
2, �̂�2

2) 

Highest variance 𝑋4 = 𝑚𝑎𝑥(�̂�1
2, �̂�2

2) 

Ratio of variances 𝑋5 =
𝑚𝑎𝑥(�̂�1

2, �̂�2
2)

𝑚𝑖𝑛(�̂�1
2, �̂�2

2)
 

Unbiased estimator of 

variance 
𝑋6 = 𝑉𝑎�̂�(𝑋) = 𝑆2 =

𝑛

𝑛 − 1
𝑆𝑛

2 

p-value of EM test applied 

to the distribution 
𝑋7 = ℙ(𝐸𝑀𝑛

(𝐾)
> 𝑞

((𝜒(2))
.095

2
)
 

Asymmetry coefficient 

estimation 
𝑋8 =

𝑛 ∑ (𝑥𝑖 − �̅�)3𝑛
𝑖=1

(𝑛 − 1)(𝑛 − 2)(�̂�2)3/2
 

Kurtosis estimation 𝑋9 =
𝑛(𝑛 + 1) ∑ (𝑥𝑖 − �̅�)4𝑛

𝑖=1

(𝑛 − 1)(𝑛 − 2)(𝑛 − 3)(�̂�2)2
− 3

(𝑛 − 1)2

(𝑛 − 2)(𝑛 − 3)
 

d value (Holzmann and 

Vollmer, 2008) 
𝑋10 =

|�̂�1 − �̂�2|

2√�̂�1�̂�2

 

u value (Behboodian, 

1970) 
𝑋11 =

|�̂�1 − �̂�2|

2(min (�̂�1, �̂�2)
 

∆µ value (Ashman et al., 

1994) 
𝑋12 =

√2|�̂�1 − �̂�2|

√�̂�1
2 + �̂�2

2
 

bimodality coefficient 

(Pfister et al., 2013) 

𝑋13 =
𝑋8

2 + 1

𝑋9 − 3 +
3(𝑛 − 1)2

(𝑛 − 2)(𝑛 − 3)
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Determination of a training set 

Random forest first need a training set with already pre-annotated observations to 

train and find the tree that will be the most representative of the rest of the data. One 

drawback of this is that the final tree might be overfitted to the training set. 

Therefore, building a good training set is of prime interest to generate the forest, as 

this set will serve as the foundation from which all trees will be generated. A good 

training set must fulfill two main criteria to prevent overfitting: it needs to be 

representative of the sample and needs to be equilibrated between classes in order to 

avoid the predictor to have a stronger power towards one or the other class. 

 

Figure 2. Hierarchical clustering based on principal component of all 

distributions  

Separation on the first two dimensions on the 13 descriptive variables of each 

phenotypic distribution. Number represent the index of each distribution. 

Hierarchical clustering then finds the best number of classes (here three) and 

classified each distribution. 



 174 

Once all the values described in table 4 have been computed for each distribution,  

we used hierarchical clustering based on principal component with the FactoMineR 

R package (Lê et al., 2008) to classify the distribution based on their parameters. We 

found three classes (Figure 2) with very different proportion : 88% of the total 

observations was in class1, 10% in class 2 and only 2% in class 3. To construct the 

training dataset while remaining representative of the initial sample, we iteratively 

selected a proportional amount of observations from each of those classes. Each 

iteration adds 30 observations and computes the precision based on the resulting 

confusion matrix: 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

Where TP is the number of true positive, TN the number of true negative, FP the 

number of false positive and FN the number of false negative. 

This sampling algorithm stops after two successive iterations showed less than 

0.01% of improvement. With this sampling method, the final training set contained 

510 phenotypic distributions coming from all tested conditions.  

 

Experimental noise measurement 

A measure of experimental noise was required to make distinction between 

significantly different measurements and variation due to our experimental design. 

In order to assess this noise in a systematic manner, we compared two identical but 

independent experiment of measuring colony size on standard complete growth 

medium of our entire dataset. The ratio between the two measurement is expected to 

be one. Any deviation would be imputable to noise. Thus we defined the noise as the 

mean standard deviation of this ratio for each cross.   
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Cluster assignment for parental strains 

For each cross/trait combinations displaying bimodality,  position of the parental 

phenotypes relative to the two modes of the offspring phenotypes has to be assessed. 

To infer the belonging of a parental phenotype to one or the other cluster,  Wilcoxon 

test was performed between all phenotypic values coming from the replicates of a 

parent and all the offspring coming from the same cluster. Values of the test i.e. the 

difference in median of the two samples is extracted. The parent is inferred to the 

cluster that is closer to him i.e. with the smallest difference in median. 

 

Decision Tree 

Once modality of the distribution has been assessed. Other parameters still need to 

be checked to infer genetic complexity of a given cross/trait combination. Two 

parameters allow to precise the genetic complexity if a bimodal distribution is 

detected: the parental phenotype and the segregation of the tetrad regarding the two 

clusters. This tree is represented as Figure S3 in chapter 2. It allowed for a 

differentiation between complex traits, monogenic traits and oligogenic traits (Figure 

S3, chapter 2). Furthermore, as we benefit from the parental phenotype, based on 

their position relative to the two modes of a bimodal distribution, we can differentiate 

between a recessive epistatic interaction and the special case of a modifier gene 

acting as a suppressor (Figure S3, chapter 2). All traits categorized as oligogenic 

were manually curated to correct for misclassifications by the decision tree.  
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Filtering step 

Although the noise in our experimental design is relatively contained, if two parents 

have the same phenotypic value, it is impossible to make a difference between an 

unimodal distribution and a bimodal distribution with two modes centered on each 

parent as they would have the same theoretical mean. With our analysis pipeline, 

such cases would be detected as a complex trait because of the unimodal nature of 

the offspring distribution thus leading to an overestimation of complex traits and 

underestimation of monogenic and/or oligogenic traits. Therefore, we only kept 

distributions with parents having distinct phenotypes, i.e. the difference between the 

parental phenotype has to be greater than the noise (|P1-P2| > noise). This filtering 

step left only 3,841 out of 7,600 phenotypic distributions. Although drastically 

reducing the number of cross/trait combination considered, this allowed to have a 

more robust estimation of trait complexity across the population. 
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Sequencing and de novo assembly 

 

DNA preparation 

Yeast cell cultures were grown overnight at 30° in 20 ml of YPD medium to early 

stationary phase before cells were harvested by centrifugation. Total genomic DNA 

was than extracted using the QIAGEN Genomic-tip 100/G according to the 

manufacturer’s instructions. DNA quality was assessed on 1% agarose gel to check 

DNA integrity, quantified on Qubit and Nanodrop to assess quantity and purity  of 

the sample. 

 

Illumina sequencing 

Genomic Illumina sequencing libraries were prepared with a mean insert size of 280 

bp and were subjected to paired-end sequencing (2 × 100 bp) on Illumina HiSeq2000 

sequencers. 

 

Minion library preparation and sequencing 

As MinION technology was launched in 2017 and quickly evolved with a lot of 

changes both in hardware, software and chemistry, all the project involving this 

technology had different protocols for library preparation but also different analysis 

and assembly pipelines. 

 

- Chapter 3 – Part 1: 

For this project, we used two-dimensional (2D)  library preparation with the R7.3 

pores as it yielded more accurate results after basecalling. 2 μg of genomic DNA was 

sheared to ∼8,000 bp with g-TUBE. Sequencing libraries were prepared according 

to the SQK-MAP005-MinION gDNA Sequencing Kit protocol. 
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- Chapter 3 – Part 2: 

Genomic DNA was first sheared to ~20,000 bp using g-TUBE. The sequencing of 

the 95 strains using Oxford Nanopore technology has been performed using R9.4 

and R9.4.1 versions of the pores. Similarly two chemistries generations have been 

used for the library preparation, SQK-LSK108 and SQK-LSK109 respectively, 

which generated 1D sequences by ligation of adapters. Barcoding of the libraries by 

ligation of barcodes EXP-NBD113 (for SQK-LSK108) and EXP-NBD114 (for 

SQK-LSK109) allowed to multiplex up to 12 libraries on the same flowcell. 

 

- Chapter 3 – Part 3: 

Similarly, strains YAF019 and YAF064 were sequenced using 1D ligation library 

preparation using the SQK-LSK108 kit. Strains YAF129, YAF140, YAF153, 

YAF155 and YAF156 were barcoded with EXP-NBD114 and library prepared with 

SQK-LSK109 kit. 

 

De novo genome assembly 

- Chapter 3 – Part 1: 

For the assembly of the strain UMY321, raw reads were first basecalled with 

Albacore. Basecalled reads were then trimmed of their adapter using Porechop  

(https://github.com/rrwick/Porechop). Four different assemblers have been used and 

compared: ABruijn (v0.3b) (Lin et al., 2016), Canu (v1.1)(Berlin et al., 2015), 

miniasm (v0.2-r137-dirty) (Li, 2016), and SMARTdenovo 

(https://github.com/ruanjue/smartdenovo). These assemblers were assessed on 

different subset of 2D reads (10x, 15x, 20x or 25x). To cope with the high error rate 

of Oxford Nanopore reads, assemblies were further polished with 100x of Illumina 

reads using Pilon (v1.18) (Walker et al., 2014). SSPACE-LongRead (v1.1) (Boetzer 

and Pirovano, 2014) was finally used to scaffold the selected assembly using long-

reads information. 

https://github.com/rrwick/Porechop
https://github.com/ruanjue/smartdenovo
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- Chapter 3 – Part 2: 

The 95 strains were assembled using the LRSDAY pipeline (Yue and Liti, 2018). 

Briefly, raw reads were basecalled  and demultiplexed using Guppy (v2.3.5). 

Selection of the best set of reads was done with Fitlong 

(https://github.com/rrwick/Filtlong), removing all reads below 1,000 bp and having 

a mean Q-score (PHRED score) below 10. Final subsample represented a coverage 

of 40x. Subsampled reads were corrected using Canu (v1.8) (Koren et al., 2017). For 

the assembly, four different assemblers were benchmarked: Canu (Koren et al., 

2017), Flye (Kolmogorov et al., 2019), SMARTdenovo 

(https://github.com/ruanjue/smartdenovo) and wtdbg2 (Ruan and Li, 2019). 

 

- Chapter 3 – Part 3: 

Similarly, CRISPR reshuffled strains were assembled using LRSDAY pipeline (Yue 

and Liti, 2018) with SMARTdenovo as assembler. This was done by Samuel 

O’Donnell. 

 

Illumina reads mapping 

Reads coming from Illumina HiSeq2000  were mapped with BWA (v0.7.4) (Li and 

Durbin, 2010). GATK (v3.3) (McKenna et al., 2010) was used for calling 

polymorphic positions as well as for local realignment of the reads around indels. 

 

Assembly completeness evaluation 

Assessing the completeness of the B. bruxellensis was needed to ensure the quality 

of the reference. The first parameter checked has been the proportion of unmapped 

short reads through the use of Samtools (v0.1.19) (Li et al., 2009) using the option 

“view -f 4 -c”. Then, CEGMA (v2.5) (Parra et al., 2007) was run in order to recover 

and assess the number of ultraconserved eukaryotic genes as they are expected to be 

present in every eukaryotic assembly. 

https://github.com/rrwick/Filtlong
https://github.com/ruanjue/smartdenovo
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Whole genome comparison 

Whole genome comparisons has been used either to assess assembly quality relative 

to another one (Chapter 3 part 1) but mostly to unveil gross structural rearrangements 

(Chapter 3 part 2). These comparisons were performed with the MUMmer suite 

(v3.0) (Kurtz et al., 2004). nucmer was used to align the sequences (with –maxmatch 

option). The alignments coordinates were extracted to determine the proportion of 

non-N residues of each assembly that were covered. The delta files were filtered for 

alignments <5 kb and plots were generated with mummerplot. 
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CONCLUSION & PERSPECTIVES 

 

 

  



 184 

  



 185 

Studies aiming at building the link between genotype and phenotype often suffer 

from different limitations. Either they do not focus on a representative sample of the 

global variation at the population level or fail to explain an important part of this 

phenotypic variation. Here we wanted to investigate the full breadth of the genetic 

architecture of traits  by combining a classical elegant and powerful crossing scheme 

with more advanced high-throughput techniques. The concept of the diallel cross  is 

based on a scheme where a given set of individuals is crossed in all pairwise 

combinations. Consequently, all haplotype combinations are represented. This 

design has been extensively used by breeders for crops and cattle for decades with 

the aim to improve agronomic traits such as yield and to further dissect the 

underlying genetic components (Griffing, 1956). We applied the same technique but 

combined it with the powerful S. cerevisiae model and high-throughput techniques 

of both phenotyping and genotyping. Overall, this workflow allowed us to expose 

and decompose several aspects of traits’ genetic makeup in a powerful and unbiased 

manner. Yet, the power of this design can be pushed even further and would allow 

other important discoveries leading to an even better understanding of how the 

genetic makeup of an individual can contribute to its phenotype. 
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The diallel panel as a framework for elucidating the genetic architecture of 

traits 

By performing a diallel cross between a wide variety of natural isolates in chapter 1, 

corresponding to representatives of different populations representing almost the 

complete species, we generated a large panel of 3,025 diploids with all possible 

haplotype combinations. With this panel, we could precisely measure the relative 

part of phenotypic variation induced by additive as well as non-additive genetic 

effects. We were able to take advantage of the  allele frequencies reshuffling of the 

alleles that were initially below the threshold of 5% in the initial population. Due to 

the pairwise crossing, we ended up with an increase of their frequency in the diallel 

population and retained enough power to perform Genome-Wide Association 

Studies. Classical GWAS approach would have filtered out these candidates due to 

their low frequency, thus overriding potential variants that have a substantial 

contribution to the phenotypic variation in the whole natural population. 

 

As one of the main points of performing a diallel cross was to study the potential 

causes for missing heritability e.g. the low frequency variants and the non-additive 

effects, this design could also allow to investigate at a species-wide level other 

putative causes for this missing heritability such as the role of mitochondria in the 

phenotypic landscape. Here, the advantage of the diallel design lies in the fact that 

in a full diallel cross, crosses involving the same two parents are present twice and 

are called reciprocal crosses: theoretically, the genome of the cross between parent 

X of MATa and parent Y of MAT is the same as parent Y of MATa and parent X of 

MAT. Although this is true for the nuclear genome, this could differ for the 

mitochondrial genome. Indeed, as yeast are homoplasmic i.e. all copies of the 

mitochondrial DNA is the same in a cell, nothing says if the reciprocal cross would 

inherit its mitochondrion from the parent of MATa , the parent of MAT or if 

recombination between the two occurred  (Dujon et al., 1974; Fritsch et al., 2014; 
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Leducq et al., 2017). Assessing the effect of the mitotype would require to have 

reciprocal crosses with one diploid having the mitotype of one parent and the other 

diploid having the mitotype of the other parent. Then, a phenotypic comparison of 

both reciprocal crosses differing only by their mitotype could be performed. Yet, 

selecting for a specific mitotype is challenging. One way to do this selection would 

be to remove the mitochondria from all parents from the same mating type so that 

only one mitotype can be passed on the diploid and no recombination event between 

the two parental mitochondrial DNA could happen (Figure 1) (Paliwal et al., 2014; 

Wolters et al., 2018). 

 

  

Figure 1. Assessing the mitochondrial effect in reciprocal crosses 
All isolates from one of the mating type is grown in presence of ethidium bromide to 

remove the mitochondria from the cells. Then, a standard diallel cross can be done with 

the isolates from the opposite mating type still retaining their mitochondria. This results 

in reciprocal crosses differing only by their parental mitotype. 
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Diallel offspring panel to assess the genetic complexity and phenotypic 

expressivity 

In chapter 2, we dissected the genetic complexity of traits by using the offspring of 

190 hybrids coming from the diallel panel. This allowed to reveal that at the species 

level, some conditions are controlled by few major effect genes compared to other 

conditions controlled by a larger number of loci. Interestingly, major effect loci often 

showed a departure from monogenic inheritance in the offspring indicating an 

increase of the genetic complexity of some cross/trait combinations. These findings 

highlight the presence of modifier genes in some genetic backgrounds. In conclusion, 

our results could assess the pervasive nature of expressivity at a population level 

with a range of intensity depending on the variant and/or condition considered.  

We assumed according to the Mendelian dogma of inheritance that each of the two 

parental alleles will be transmitted to the progeny with equal probabilities i.e. 0.5/05. 

However, examples of deviation from this dogma exist, as seen in genomic regions 

that deviate from the expected frequency of parental alleles (0.5/0.5) in F2 progeny. 

This phenomenon, known as Transmission Ratio Distortion (Dunn and Bennett, 

1968 ; TRD), occurs if one of the two parental allele is preferentially passed to its 

offspring. General mechanisms and concepts of unequal allelic transmission are 

known, with meiotic drive systems (Sandler and Novitski, 1957), segregation 

distorters (Charlesworth and Hartl, 1978) and deleterious or lethal genetic 

interactions (Bateson-Dobzhansky-Muller Incompatibilities ; BDMIs) 

(Dobzhansky, 1937; Muller, 1942). As BDMIs can lead to reproductive isolation, 

they can impact the evolution of some populations and are believed to be one of the 

drivers of speciation. TRDs have been highlighted in a wide range of cases both 

inter- and intra- species (Hou et al., 2015; Leppälä et al., 2013; Lyon, 2003; Seidel 

et al., 2008) but few information is available regarding the prevalence, repartition 

and nature of TRDs at a species-wide level (Seymour et al., 2019). Conducting a 

population-wide mapping of such events would also allow to understand the impact 
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of such events as evolutionary forces shaping populations and subpopulations in a 

species.  

Using the offspring coming from a diallel panel has the potential to answer questions 

in a systematic manner. A crossing scheme as done in chapter 2 would be 

representative of almost the entire genetic diversity of the species. For each cross, an 

offspring with a very large number of individuals (~1500 individuals) has to be 

generated. Mapping TRDs in this context would consist in a regular bulk segregant 

analysis where all segregants are pooled and sequenced as a bulk. Then, allele 

frequency is assessed for each discriminating genomic position between the two 

parental strains. Any deviation from an allele frequency of 0.5 will pinpoint a locus 

involved in TRD. With the high number of offspring used and the high 

recombination rate of S. cerevisiae, we can obtain a good mapping resolution and 

resolve TRD to causal loci. 

 

Obtaining a global and unbiased view of the overall population of S. cerevisiae 

Despite the use of diallel panels, both in a diploid context and with their respective 

haploid progenies, part of the genetic architecture is still unexplained. An easy but 

tedious follow up would be to consider a larger number of natural isolates to 

construct the diallel panel e.g. a 100 x 100 diallel panel to encompass even more 

genetic diversity and be more representative of the natural population. As a large 

part of the S. cerevisiae natural population is constituted of heterozygous diploids 

(416 out of 694 diploid isolates) (Peter et al., 2018), this would first require to 

generate monosporic homozygous isolates then delete the HO endonuclease in order 

to generate stable haploid isogenic lines of both mating types. A drawback would 

then be that we “lose” the heterozygosity present in the natural diploid background, 

thus the monosporic isolate is no longer representative of the natural isolate and two 

monosporic isolates from the same heterozygous background will not display the 

same pattern of genetic variation. 
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Widening the accessible phenotypic range 

Taking advantage of the asexual reproduction of the budding yeast, we can genotype 

and phenotype a given strain as many times as we want. Going further in deciphering 

the genotype-phenotype relationship would therefore benefit from investigating 

other phenotypes. Not only could we try other conditions with different type of stress 

such as other toxins or changing carbon sources, etc. But more conceptually, not 

focusing on a growth phenotype could bring more information or at least a different 

one. For example, phenotyping at the cellular and subcellular level has seen 

tremendous improvements and interest. Possibilities exist to generate extremely high 

quantity of data with high-throughput imaging systems that could then be combined 

to analysis software such as CalMorph (Ohya et al., 2005; Okada et al., 2015) or 

machine learning algorithms such as neural networks to do image analysis. For 

example, the CalMorph software is able to estimate 501 morphological parameters 

based on images of yeast cells whose cell wall, nuclear DNA and actin filaments 

have been stained with specific dyes. Both the parameters such as cell size, cell 

roundness, bud shape, nuclei size  are measured but also their variance corresponding 

to a biological phenotypic noise. Moreover, it is possible to work with asynchronous 

cells as it is possible to categorize them depending on their phase of cellular cycle. 

Applying this technique to our diallel panel would reflect phenotypes way beyond 

colony size. Yet, the same methodology of looking for ratio between growth in a 

specific condition over growth in a standard condition can also be applied with those 

morphological traits thus increasing again the number of potential traits that we can 

look at.  

Phenotyping goes as far as imagination goes… 
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