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English Summary 

Adaptation is the process by which an organism or a population acquires new features that               
increase its ability to survive and reproduce in a given environment. It has been heavily               
documented using phenotypic observations in the past, and has been the object of many              
mathematical theories. Today, next generation sequencing has provided scientists with more           
data than ever, and allows to develop new methods based on previous theories, and to test                
these theories on real data 
 
The manuscript is divided into five parts.  
Chapter One is an introduction to the methods and theory used throughout this PhD project.               
The four following chapters describes different parts of my work during these three years,              
where I applied the theories discussed in chapter one, and each chapter is associated with               
manuscripts either published or submitted/ in preparation. 
Chapter Two is divided in two parts showing my analyses on a dataset obtained from               
resequencing individuals from a local thyme metapopulation. The two phenomenons studied           
are gynodioecy and chemotypes maintenance. For each of these maintenance, we state and             
test possible causes using population genetic theory. I found that gynodioecy in this thyme              
metapopulation is more likely to be maintained by recurrent selective sweeps than by             
balancing selection. The chemotype maintenance analysis could not let me conclude on one             
type of selection, but I uncovered possible causing genes that could be linked to this               
maintenance, these genes having functions associated with cell wall which is known to be              
important in resistance to temperature stress. 
In Chapter Three, I explain the work i did on testing the accuracy of a new DFE inference                  
method polyDFE developed in my lab. To do so, we designed and used simulations and               
compared polyDFE performance inferring the Distribution of Fitness Effects with another           
widely used method called dfe-alpha. The simulations showed that polyDFE performed well,            
and that its performances were at least comparable to dfe-alpha. It also performs better in               
discriminating deleterious substitutions from beneficial ones in a simulation without positive           
selection. 
In Chapter Four, I talk about my stay abroad project in Montpellier, in Nicolas Galtier’s team,                
where we wanted to test the impact of population size variations on the DFE inference and                
more precisely on the proportion of adaptive mutations. We simulated two type of species in               
a context of glaciation cycles, which in terms of population size, is a succession of               
bottlenecks and population expansion. 
On earth, these cycles lead to 80% glacial temperatures, and 20% warmer temperatures. We              
assumed that one species was expanding demographically in glacial context, and the other in              
inter-glacial context. We used both polyDFE and another similar method called DoFE            
developed in Nicolas Galtier’s team to compare performances and to confirm the obtained             
results. We found that both methods tend to overestimate the proportion of adaptive             
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mutations. We also found that glacial species, where individuals spend more time at high Ne,               
tends to have more adaptive mutations than estival ones.  
Finally, in Chapter Five, I present my analysis on plant domestication data using polyDFE              
and seek to test the cost of domestication hypothesis. This hypothesis states that due to               
multiple bottlenecks, domesticated species have a small effective population size which leads            
to accumulation of deleterious mutations and to a low genomic diversity. We used polyDFE              
and population genetic measures to have an overview of the selective pressures on these              
genes. Using the whole genome, we found that many hypotheses that have been verified in               
other species do not hold for every crop. The differences between cultivated and wild crops               
were small. If some species did show a cost of domestication, we also found species in which                 
domestication lead to an increase in genomic diversity, and that genomic diversity did not              
lead to more purifying selection in every case. We also found that genomic diversity increase               
lead to a decrease in the efficiency of purifying selection in this dataset.  
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Danish summary 
Adaptation er processen hvormed en organisme eller population tilegner sig nye egenskaber            
der øger dens evne til at overleve og reproducere i et givet miljø. Det er tidligere blevet                 
kraftigt dokumenteret igennem observationer af fænotyper og har været genstand for mange            
matematiske teorier. I dag har næste-generations sekventering givet forskere mere data end            
nogensinde før og tillader nu udvikling af metoder baseret på eksisterende teorier og             
muligheden for at teste disse teorier på rigtig data. 
 
Manuskriptet er opdelt i fem dele. 
Kapitel et er en introduktion til metoder og teori brugt i dette PhD projekt. 
De fire efterfølgende kapitler beskriver forskellige dele ad mit arbejde igennem tre år, hvor              
jeg har anvendt teorierne gennemgået i kapitel et og hver kapitel passer til et manuskript,               
enten publiceret eller submitted/under forberedelse. 
Kapitel to er opdelt i to dele der viser mine analyser af et datasæt med resekventerede                
individer fra en lokal timian metapopulation. 
De to fænomener studeret her er gynodioecy- og chemotype vedligeholdelse. For hver af             
disse vedligeholdelse postulerer og tester vi mulige årsager ved brug af populationsgenetisk            
teori. Jeg fandt at det er mere sandsynligt, at gynodioecy i denne timian metapopulation er               
bevaret af tilbagevendende selektive sweeps i forhold til balancerende selektion. Analysen af            
chemotype vedligeholdelse tillod mig ikke at konkludere at der var tale om en enkelt type               
selektion, men jeg fandt flere mulige kausale genere der kan være knyttet til denne              
vedligeholdelse, da disse gener har funktioner associeret med cellevæggen, hvilket er kendt            
som en vigtig resistens overfor temperatur stress. 
I kapitel tre forklarer jeg det arbejde jeg lavede på at teste nøjagtigheden af nye DFE                
følgeslutnings metoden polyDFE udviklet i min gruppe. 
For at gøre dette designede og brugte vi simuleringer og sammenlignede polyDFEs ydeevne             
til at følgeslutte Distributionen af Fitness Effekter med en anden almindelig brugt metode             
kaldet dfe-alpha. Simuleringerne viste at polyDFE klarede sig godt og at dens ydeevne i hvert               
fald var sammenlignelig med dfe-alpha. Den virker også bedre til at skelne skadelige             
substitutioner fra gavnlige i en simulering uden positiv selektion. 
I kapitel fire fortæller jeg om mit udlandsophold i Monpellier, i Nicolas Galtier’s gruppe,              
hvor vi ville teste indvirkningen af variation i populationsstørrelse på DFE følgeslutning og             
mere præcist på andelen af adaptive mutationer. Vi simulerede to typer af arter i en kontekst                
af istidscykler, hvilket i populationsstørrelse termer er in succession af flaskehalse og            
populationsekpansioner. 
På jorden leder disse cyklusser til 80 % glaciale temperaturer og 20 % varmere temperaturer.               
Vi antog at en art ekspanderede demografisk i glacial kontekst og den anden i inter-glacial               
kontekst. Vi brugte både polyDFE og en anden lignende metode kaldet DFEm udviklet i              
Nicolas Galtier’s grupper til at sammenligne ydeevne og bekræfte de opnåede resultater. Vi             
fandt at begge metoder har det med at overestimere andelen af adaptive mutationer. Vi fandt               
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også, at glaciale arter hvor individer bruger mere tid med høj Ne, har det med at have flere                  
adaptive mutationer end estivale. 
Til slut, i kapitel fem, præsenterer jeg min analyse af plantedomesticerings data ved brug af               
polyDFE og forsøger at teste cost of domestication hypotesen. Denne hypotese siger at             
grundet adskillige flaskehalse har domesticerede arter en mindre effektiv         
populationsstørrelse, hvilket leder til akkumeleing af skadelige mutationer og en lav           
genomisk diversitet. Vi bruger polyDFE og populationgenetiske mål til at danne overbliv            
over det selektive pres på disse gener. Ved brug af hele genomet finder vi, at mange                
hypoteser der er blevet verificeret i andre arter ikke holder for enhver afgrøde. Forskellen              
imellem kultiverede og vilde afgrøder var lille. Hvis nogle arter havde en cost of              
domestication fandt vi også arter hvor domesticering førte til en forøgelse af den genomiske              
diverstitet og at genomisk diversitet ikke førte til mere negativ selektion i hvert tilfælde. Vi               
fandt også at forøgelse af genomisk diversitet ikke førte til en formindsket effektivitet af              
negativ selektion i dette datasæt. 
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Chapter I: Introduction 

 
 

The question of adaptation in evolutionary biology remains to this day the subject of              
many theories and speculations. The increasing quantity of available data from           
high-throughput sequencing techniques allows nowadays to test those hypotheses using          
mathematical theories.  

 
Classical measures of forms of selection, along with the distribution of fitness effects (DFE)              
which allows to have an overview of selective pressures acting on a population, can be               
inferred from population genetic data and allow to have a broad view of the selective               
pressures acting at the whole population level. Other local measures exist allowing to test for               
selection in a restricted region. 
The goal of this thesis was to infer the DFE, and to test for the occurence of selection in                   
specific genomic regions from population genomics data. We used novel and known            
approaches, in order to test pre-defined verbal hypotheses and to learn more about the              
mechanism of adaptation.  
 
In this first chapter, I focus on providing the reader with the definitions necessary to               
understand the next studies, beginning by a model of neutral evolution and incorporating             
notions of effective population size, selection, fitness, and so on. I then review the different               
existing theories and resulting mathematical measures that allow one to detect different forms             
of selection including the ones I used in chapter 2. As this is the core of the new method I                    
used in chapter 3, 4 and 5, I put emphasis on explaining the Poisson Random Field. I then                  
mention existing experimental approaches that support the known assumptions about the           
Distribution of Fitness Effects, assumptions that are used in  the new method.  
Finally, I outline the rest of the thesis chapters which are about applications of the introduced                
methods and that constitutes my work during this thesis. 
 

General Definitions: fitness, adaptation, selection 
Evolutionary biology is a broad field which goal is to understand how species evolved              

to this day and to predict the possible consequences of a given environmental change on the                
evolution of a species. From the time when a species emerges to years after, it may have                 
given birth to a whole variety of new variants inhabiting very different environments and              
subjects to a wide range of selective pressures. These evolutions are interesting to understand,              
especially in today’s context and in order to bring new advances in biodiversity conservation              
programs but also in epidemiology biology to cite only a few examples. 
A number of species are facing the disappearance of their niches, due to climate change or to                 
human exploitation, and are forced to migrate and/or adapt to the new possibilities they are               
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offered, sometimes with a very small number of surviving individuals. Co-evolution of host             
and pathogens is another example of rapid evolution that we seek to understand and that have                
implications for our health.  
The rise of high throughput data has enabled the scientific community to study evolutionary              
questions even more precisely, and has already enabled to make major discoveries about             
evolution such as precise human out of africa history (1000 Genomes Project Consortium,             
2015), high-altitude adaptation in humans living in Tibet linked to a Denisovan gene             
(Huerta-Sanchez et al., 2014), discoveries about the cost of domestication (Cruz F, vila C,              
Webster MT 2008; Lu J et al., 2006; Nabholz B et al., 2014; Koenig D et al., 2013 ; Bellucci                    
E., Bitocchi E., Ferrarini A., et al., 2014) (which I detail in Chapter 5) and so on.  
 
Understanding the mechanism of evolution is necessary to be able to make such inferences,              
and we will now focus on explaining those mechanisms in the next paragraphs. 
 
From one generation to another, not all genetic variants or so called alleles will be               
transmitted, and mutations create new alleles. There can already be a change in the              
population, without considering any selection.  
The most simple mathematical model for evolution is called the Wright-Fisher model            
(Wright, 1931). It contains a number of assumptions that are not always met such as               
non-overlapping generations, random mating, no new mutations, recombination, selection, or          
population structure but it is useful to get a simple first idea on how evolution works. In this                  
model, to construct the next generation of individuals, it is assumed that the new generation               
contains as many alleles as the previous ones, and that each new individual allele inherits its                
genetic material from a randomly chosen allele from the previous generation, which may be              
used several times. Each allele has the same probability of being sampled than the others. If                
we consider a population of N individuals, we have: 
 

(a given allele is transmitted to the following generation)P = 1
N  

 
In other words, the probability for an allele to be sampled follows an uniform distribution               
(Figure 1).  
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Figure 1: An example of random sampling of 10 alleles in one generation. The numbered               
circles represents unique alleles. The blue boxes represents generations. The arrows           
represents transmission t the next generation. The chance for each allele to get passed to               
generation 2 is the same for every one of them and is equal to 1/9 here. 
 
 
In this simple model, alleles can increase or decrease in frequency purely by chance. They               
can be lost or fixed (loss and fixation can be called absorption) without any regards for the                 
potential advantages they procure. This phenomenon of random sampling is called genetic            
drift. We can here understand that because of randomness only, all individuals might not be               
contributing to the next generations alleles.  
This understanding allows us to define the effective population size (Ne), which is the              
effective number of individuals contributing to the next generation. It can vary, depending of              
the gender ratio, of the number of offspring per parents, or of the number of breeding                
individuals at a fixed point in time, all of which are situations that are not considered in the                  
Wright-Fisher model. The evolution of allele frequencies highly depends of its effective            
population size. If the population have a small Ne, for example during a sudden drop in                
population size called a bottleneck, chances are that its diversity will decrease because of a               
higher rate of alleles absorption. Without mutations to create diversity, alleles will eventually             
all be absorbed at variable speed. 
Knowing all the previous theory, it is possible to derive a few number of interesting results.                
One can derive the probabilities of absorption of an allele, and if we incorporate mutation               
rate, it is also possible to derive the number of mutations that will fixate every generation. It                 
is the basis of the molecular clock theory, stating that mutations fixate at a fixed rate and                 
that by looking at the number of fixed mutations (substitutions) between two species, and by               
knowing the mutation rate of both of them, it is possible to estimate their divergence time                
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since their Most Recent Common Ancestor (MRCA) (Nielsen & Slatkin, 2013; Wakeley,            
2009 ).  
 
We can now step aside from the Wright-Fisher model to introduce the notions of selection               
and fitness.  
 
In a given environment, it is possible that an allele confers an advantage in reproduction or in                 
survival, and in this case it has more chances of being selected for the next generation. The                 
probability of passing an allele to the next generation is no longer uniform. The alleles have                
more chances of contributing to the next generation if they allow an individual to have more                
reproductive success or/and if the individual survives better. If that is the case, those alleles               
are said to have a higher fitness than the others, and are selected for.  
 
Fitness is defined as the ability of an organism, population, or species to survive and pass on                 
its genes to the next generation in a given set of conditions constituting its environment (Orr,                
2009). Depending on the scale observed, fitness can be measured as how quickly an entity is                
able to reproduce, the number of offsprings it has, or how long it is able to survive. It should                   
be noted that reproduction and survival notions to define fitness are linked: if an individual               
survive long enough, it will have more chances to reproduce and more chances for its alleles                
to persist. 
Fitness, once defined, is measured either in relative terms compared to the others entities in               
which case we talk about relative fitness or in absolute terms, independent from the others               
(absolute fitness). Relative fitness is the ratio of the allele’s fitness on the maximum allele               
fitness in the population.  
 
If we have a population with alleles A and a, and we consider wA and wa the absolute fitness                   
advantages procured respectively by allele A and a, and N(A) and N(a) the number of               
individuals carrying respectively the allele A and a in the current generation t, according to               
Sawyer, Hartl, 1992 and Sethupathy, Hannenhalli, 2008, then: 
 

(A is transmitted to the next generation)P = wA N (A)*
N (A)+N (a)  

(a is transmitted to the next generation)P = wa N (a)*
N (A)+N (a)  

 
wA (respectively a) here is called the absolute fitness of allele A (respectively a) and is equal                 
to: 
 

Aw = N (A) in generation t
N (A) in generation t+1  

 
There is still an impact of population size as in genetic drift, but this impact is reduced by                  
selection.  
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Selection for the fittest traits therefore allows an organism to adapt to new environments or               
conditions. In order to select relevant alleles and to adapt, diversity is required whether it is                
existing diversity or one induced by new mutations. If environmental conditions change, then             
the species or population will need to have at least some individuals with traits allowing them                
to persist in these new conditions, traits that are likely different from the ones enabling               
survival in the previous environment. Chances are that if the considered population already             
have a diversity of traits, it will be more likely to have some individuals with an optimal                 
setup to survive to changes. The fittest individuals, here seen as a combination of traits, will                
then survive and reproduce, allowing the population to adapt and spread again.  
Diversity of traits are introduced by mutations creating variants. Mutations can have different             
fitness effects, increasing, decreasing or not affecting fitness in a given environment.  
An individual can then be viewed as a set of variants or traits contributing to fitness. If the                  
environment changes, then the fitness value of this individual’s traits might change as well as               
it is intrinsically dependent of the environment. Some theories such as fitness landscapes             
even assumes that in a given set of conditions and for a given set of traits, optimal                 
combination of values for each trait exists to reach the highest possible fitness (Wright,              
1932).  
 
To sum up the previous paragraphs, selection in itself allows the fittest individuals to spread               
to the next generation, and fitness depends of the combination of an individual traits/              
phenotypes in a given environment.  
 
 
Evolution of variants within a population is therefore affected by a balance between genetic              
drift and selection on variants (Fisher, 1930; Ohta, 1992). This balance is influenced by              
demography, recombination, and population structure. Demography can increase or decrease          
the efficiency of selection compared to drift. Therefore, to be able to measure the actual               
impact of selection, a measure of Ne should be taken into account. As for recombination, if a                 
gene A is in linkage disequilibrium (LD) and does not recombine as much as expected with                
another gene B which is selected for, gene A has more chances of being transmitted along                
with gene B. This phenomenon is called a selective sweep or a genetic hitchhiking (Nielsen               
& Slatkin, 2013). It tends to remove diversity in regions containing an advantageous variant,              
letting mutations sweep to fixation regardless of their effects. Population structure or            
subdivision happens when in a population, individuals do not mix freely and are subdivided              
in groups due to disparities in their environment. It can also affects the balance between drift                
and selection, by reducing the chances of random alleles to mix freely. 
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Adaptation can now be reformulated in regards to fitness. Adaptation is a mechanism in              
which an entity can increase its fitness by the means of mutations on existing traits or existing                 
variability, and selection. The most advantageous traits that increase fitness will be called             
beneficial and will be selected for, whereas the harmful traits are called deleterious and will               
not be passed to the next generation. It is however highly dependent on demography for               
selection must be faster and more efficient than genetic drift for it to occur. It is also affected                  
by recombination, mutation rate, and structure. 
 

Measuring selection 

 
Mathematically, selection on a set of traits is defined as a coefficient , its            − ,+ ]s [ ∞ ∞   
absolute value reflecting the intensity of selection. It can be linked to fitness by defining it as                 
a relative advantage given by having a certain allele. If we note the relative fitness of            i w     
allele i compared to the maximum fitness in the population not including i, then it is linked to                  
its selection coefficient  by:is  

i iw = 1 + s  
Selection can have multiple effects that are summed up by its coefficient. They can be               
deduced from the previous formula. 
Purifying selection is suppressing deleterious mutations that decrease fitness and is reflected            
by a negative coefficient: the allele’s fitness is lower than the maximum one, so it won’t be                 
spreading. Positive or directional selection acts on beneficial mutations that increase fitness            
and allows them to spread: the considered allele’s fitness is the highest. When the coefficient               
s absolute value is small, and the relative fitness is near one, the mutations have a low or a                   
null impact on fitness and are called neutral or nearly neutral. In this case, drift has more                 
impact on the population than selection. There is also balancing selection, in which variety or               
diversity is selected for, which is the case in alleles displaying heterozygote advantage for              
example, or in frequency-dependent selection. This last form of selection is not reflected by              
the selection coefficient. 
The effects of selection, as said before, highly depend of Ne. If is above 1, the            Ne2 × s      
probability of fixation is about and do not depends of drift or population size anymore:     s2            
the allele considered is strongly advantageous. If is below -1, then the allele is       Ne2 × s         
strongly deleterious. And if it is between -1 and 1, then drift dominates this allele’s evolution                
and the probability of fixation is around (Nielsen and Slatkin, 2013). Because the product       1

Ne         
is used to define selection and not only the coefficient, a coefficient iseN × s           s    e  S = N × s   

defined and is commonly used.  
 
 
Alleles frequencies are affected in a distinct way by each type of selection and observing               
them can allow one to detect which type of selection is acting in a dataset. Most models using                  
allele frequencies assume that selection will only act on non synonymous mutations, that             
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induce an amino acid change, and compare non synonymous (NS) single-nucleotide           
polymorphism (SNP) frequencies to synonymous (S) ones to detect variations due to            
selection and to distinguish it to demography which acts on all types of mutations. 
 
In a population, if an allele or a SNP is positively selected, then it will spread in the                  
population, creating an excess of high frequency alleles. If it is negatively selected, then it               
will appear in low frequency.  
A way to summarize these alleles frequencies that can be used to study fitness and selection                
is the Allele Frequency Spectrum or Site Frequency Spectrum (SFS), folded or unfolded.             
The SFS is the distribution of alleles frequencies within a population (Fisher, 1930;             
Eyre-Walker and Keightley, 2007). It is a polymorphism measure that does not include             
fixated alleles, and therefore in a population of n individuals, the unfolded SFS consists of the                
counts of derived alleles appearing in 1 individual t o n-1 individuals. To estimate it,               
however, it is necessary to know which allele is ancestral, or to estimate the folded SFS,                
which is obtained by adding together the frequencies of ancestral or derived alleles (for              
example, the folded SFS first category is the number of SNPs appearing in only one or in n-1                  
individuals). We will use just the term SFS to refer by default to the unfolded SFS from now                  
on.  
 
From what we said before, we can see that different forms of selection will lead to different                 
SFS shapes (Figure 2). Purifying selection leads to an excess of low frequency alleles in the                
SFS, by preventing new alleles to spread into the population. Positive selection leads to an               
excess of both low and high frequency alleles, sweeping new alleles that are in LD with the                 
selected one to fixations whereas alleles not in LD are decreasing in frequency. Balancing              
selection, on the other hand, will favor intermediate frequencies alleles.  
If the population’s size is known, it is possible to infer the neutral SFS to be able to test for                    
deviations and possibly traces of selection (Crow, Kimura, 1970; Wakeley, 2009).  
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Figure 2: The impact of mutation (represented as a star, creating a new allele in orange)                
effects on allele frequencies and on the Site Frequency Spectrum (green=beneficial,           
red=purifying, blue=balancing) 
 
Another, complementary way of looking at selection is to look at a population’s divergence              
with a close species, called an outgroup. Alleles that are fixed in a population likely spread to                 
fixation either because of demography or because they harbour beneficial mutations that lead             
to a higher fitness in the environment the population is in. Fixed alleles contribute to               
divergence compared to an outgroup, so high divergence can be interpreted as the presence of               
advantageous mutations.  
 
It is often the case that both polymorphism (SFS or diversity counts) and divergence are               
observed in order to deduce a selection regime. A number of papers assumes that divergence               
can help as a measure of positive selection because positive selected alleles sweeps to              
fixation quickly, leaving no polymorphism, and that polymorphism is more affected by            
neutral, nearly neutral, and negative selection. This is extending the neutral theory of             
molecular evolution introduced by Kimura in 1968, stating that most of the variation within              
and between species is neutral because deleterious mutations are removed immediately and            
that beneficial mutations are rare and sweep to fixation instantaneously. 
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Allele frequencies as well as divergence can be affected not only by selection, but also by                
mutation rates, demography, recombination, and genetic drift. Therefore, caution has to be            
taken and these different influences must be taken into account. It must also be mentioned               
that more and more work is being done on synonymous mutations and codon preference bias,               
and that the hypothesis stating that those mutations are not selected might not be completely               
true (Pouyet et al., 2016). 
In order to discriminate selection type, several tests have been designed, making use of the               
theories described above. These measures are either directed at some specific regions or             
genes, or span throughout the whole genome to get a broad view of selective pressures.  
 

Detecting selection on a specific genomic region  
 
Existing measures allow to detect selection on specific regions of genomes. One way of              
doing so is to calculate the wanted statistic on all regions of the genome, and to detect the                  
regions where the statistic contrasts with the rest of the genome. Demography acts on the               
whole genome, whereas selection mostly acts locally. Therefore, this approach allows to find             
true signals of selection by contrasting the wanted statistics on region of interest with the               
whole genome.  
 
Commonly used measures are statistics related to linkage disequilibrium, Tajima’s D, the            
ratio of non-synonymous diversity rate on synonymous diversity rate, population structure           
measures such as FsT and Hudson’s Snn, the HKA test and the McDonald and Kreitman test. 
 
Linkage Disequilibrium (LD) is defined as the non-random association of alleles or lack of              
recombination compared to what is expected. It can be used to detect positive selection, more               
specifically selective sweeps patterns as they tend to increase LD. When a gene is under               
strong positive selection, genes that are in close proximity or in LD will increase in frequency                
as well, creating a region of low diversity in the genome. These regions can be detected and                 
interpreted as selective sweeps resulting from positive selection (Kim Y., Nielsen R., 2004;             
Hudson RR et al., 1994). Kim and Nielsen reanalysed a dataset of D.simulans in 2004 and                
were able to confirm the findings of strong patterns of LD associated with selective sweep               
near an insecticide resistance gene. 
 
Tajima’s D (TD) is used to discriminate between selective sweeps (or recent population             
expansion) and balancing selection (or recent population contraction) (Tajima F., 1989). It            
compares two estimators of the population’s amount of genetic variability: the observed            
number of segregating sites and the mean pairwise differences.  
The number of segregating sites is not affected by the frequencies of its variants: each               
mutation has the same contribution, whether it appears in one or all individuals. However, the               
average number of pairwise differences is affected, and rare variants will contribute little to              
the average number of pairwise differences compared to the segregating sites measures.  
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Therefore if the average number of pairwise differences is smaller than the number of              
segregating sites, then there is an excess of rare variants and fewer haplotypes, which              
happens in the case of selective sweeps or population expansion. If the average number of               
pairwise differences if bigger, there is a lack of rare alleles, which happens in the case of                 
balancing selection or population contraction. One known application of the TD test was on              
the FOXP2 gene associated with language in humans, which was shown to have undergone a               
selective sweep (Enard et al., 2002). 
Fu and Li derived a similar test using an outgroup to detect selection (Fu, Li, 1992).  
 
The ratio of non-synonymous diversity (piN) on synonymous diversity (piS) is indicative of             
the purifying selection strength. Purifying selection acts to reduce functional changes, and            
therefore reduces piN. A high ratio therefore indicates a relaxed purifying selection and             
vice-versa. In the same logic, the ratio of non-synonymous substitutions (dN) on synonymous             
substitutions (dS) is expected to be higher in loci under strong positive selection or relaxed               
purifying selection (James et. al., 2017; Chen et. al., 2017). However, both ratios can also be                
modified by demography : smaller population are more subject to the effect of random drift               
than selection, and this can severely affect the interpretation (Brandvain, Wright, 2016).  
 
The FsT statistics is a measure of population structure or differentiation. It is equal to  

, where is the expected heterozygosity per site within subpopulations, and isHT

H − HT S   Hs           HT   

the expected heterozygosity per site between subpopulations.  
When a locus shows a statistically higher FsT than the rest of the genome, then this locus                 
presents an excess of diversity when comparing the two assumed subpopulations. It might be              
interpreted as evidence for geographically specific positive selection. When a locus on the             
contrary shows balancing or species-wide positive selection, there is a decrease in FsT             
(Bowcock et al., 1991; Akey et al., 2002). 
FiT and FiS are measures related to FsT by the formula: . FiT is           1 )(1 )1 − F IT = ( − F IS − F ST    
the inbreeding coefficient of individuals relative to the total population and is equal to             

where is the mean observed heterozygosity per site in individuals inHT

H − HT I  HI            

subpopulations. FiS is the inbreeding coefficient of individuals relative to subpopulations and            

is equal to . A high value indicates that individuals are more homozygous than   HS

H − HS I            

expected within subpopulations. FsT measures were used by Bersaglieri et al. in 2004 to              
demonstrate that lactase intolerance gene was selected for in Europe and is linked to a long,                
common haplotype. 
 
Hudson Snn (Hudson et. al., 1987) is another way of measuring population structure. It uses               
two set of sequences from two defined subsets to measure structure between those subsets.              
For each sequence, it finds the sequences in the dataset showing the least different              
nucleotides, and determine the proportion of those sequences that are in the same subset as               
the first sequence. Snn is defined as the mean of those proportions for each sequence in the                 
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dataset. If it is equal to 0.5, it means no structure is found between the two subsets. If it is                    
close to 1, then there is a structuration. 
 
The HKA test (Hudson et al., 1987) uses polymorphism and divergence count data in two               
locus. It is assumed that the ratio of polymorphism on divergence counts should be the same                
between all locus under neutrality. If the ratio is reduced in locus 1 compared to locus 2, then                  
it is possible that a selective sweep affected locus 1 or that balancing selection affected locus                
2.  
Table 1: HKA test contingency table 

 Locus 1 Locus 2 

P (# polymorphism sites) P1 P2 

D (# fixed sites) D1 D2 

 
The HKA test can be used to screen for these signals by comparing each locus two by two                  
and detect traces of selective sweeps. A known application allowed to find a diversity              
reduction in an intron of the Dmd gene in humans which hinted towards a selective sweep                
acting near this intron (Nachman and Crowell, 2000). 
 
 
The McDonald and Kreitman’s test, or MK test (McDonald, Kreitman, 1991) uses the             
previous theories to quantify the amount of positive selection in a population and is similar to                
the HKA test in this way, but it can be applied to a region bigger than just one loci,                   
theoretically even to the whole genome. It is therefore at the interface between this section               
and the next one. It uses polymorphism and divergence counts data with a distinction              
between NS and S mutations, an excess of NS divergence being associated with positive              
selection, and a lack of NS divergence associated with purifying selection. Hereafter is a table               
summarizing the measures used in the MK test. 
 
Table 2: McDonald and Kreitman contingency table 

 S (# Synonymous) NS (# Non Synonymous) 

P (# polymorphism sites) Ps Pns 

D (# fixed sites) Ds Dns 

 
If the NS on S polymorphism ratio (Pn/Ps) is equal to the NS on S divergence ratio (Dn/Ds),                  
then no selection occurs in this model. On the contrary if Pn/Ps is below Dn/Ds, then there                 
are adaptive mutations since there are more NS fixed mutations than under neutrality. And if               
Pn/Ps is above Dn/Ds then purifying selection is assumed since less fixed NS mutations than               
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neutrality are observed. This test was used by McDonald and Kreitman in 1991 to              
demonstrate that positive selection affected the Adh gene in Drosophila. 
However conclusions must be drawn cautiously. An excess of Dn/Ds might also be observed              
following some demographic conditions such as a bottleneck. It would then be possible to              
fixate NS mutations belonging not to the adaptive class but to the nearly neutral class or even                 
to the deleterious class depending of the effective population size and to the rate of               
recombination. Moreover, slightly deleterious mutations in general contribute more to          
polymorphism than divergence, and no matter the demographic conditions, are prone to make             
the test underestimate the number of adaptive mutations (Eyre Walker, 2002). 
 
 
A number of measures can therefore be used to detect specific forms of selection. We sum up                 
the effects of selection regimes on each of the previously mentioned measures below in table               
3. It can be seen here that a single statistic alone is not sufficient to discriminate between the                  
forms of selection acting on a genomic region. 
 
Table 3: Overview of local tests of selection. A “/” indicates that the test cannot detect the                 
form of selection indicated in the column. Each intersection shows the expected impact of the               
selection type on the statistic we look at. 

Type of test Positive 
selection 

Selective 
neutrality 

Negative/Purify
ing selection 

Balancing 
selection 

LD Increase LD, 
reduces 
diversity 

/ / / 

piN/piS Increase slightly =1 Decrease / 

dN/dS Increase =1 Decrease  

Tajima’s D <0 =0 / >0 

FsT Increase / / Increase 

HKA Can detect 
positive 
selection 

/ / / 

MK Test Pn/Ps < Dn/Ds Pn/Ps = Dn/Ds Pn/Ps > Dn/Ds / 
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Selection detection on a global scale 
In this part, we describe selection tests that can span the whole genome or a subset of it,                  
giving selective pressures estimates. 
 
A way of looking at selection throughout the whole genome or a subset is by inferring the                 
Distribution of Fitness Effects (DFE) which is the probability density of mutations in the              
whole range of possible scaled selection coefficients S=Ne*s values [- ], these         ,∞  + ∞   
selection coefficients depending of the fitness effect of the mutation (figure 3).  
 

 
Figure 3: An example figure of the Distribution of Fitness Effects 
 
Inferring the DFE allows one to quantify the amount of mutations in each fitness effects               
category that can be defined arbitrarily. It allows, for example, to estimate the proportion of               
adaptive mutations called (Keightley, Eyre-Walker, 2007b) but also the proportion of   α          
neutral or highly deleterious mutations. It is a global overview of the selective pressures              
spanning the observed data, which can be a defined subset of a genome, and allows to answer                 
questions related to it. For example, a recent article have compared the DFE in several               
metazoan species to infer and test a hypothesis stating that Ne is correlated with the number    α             
of adaptive substitutions a species is susceptible to have (Galtier, 2015). The DFE has also               
been used to estimate the proportion of strongly deleterious mutations, both in humans             
(Eyre-Walker et al., 2006) and chimpanzees (Bataillon et al., 2015). 
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Several methods exists to infer the DFE, some of them based on experimental evolution,              
others using polymorphism and divergence. 
 
Experimental evolution studies can  allow to directly estimate fitness, that can be defined as 
viability or growth rate, and therefore the DFE when applied to microorganisms. Two classes 
of methods can be used: either a collection of single-step (only one mutation) mutants is 
obtained by inducing mutations (site-directed mutagenesis) or by letting population evolve 
for a short time (fluctuation assay), either a whole population is left to evolve under a known 
selective pressure. In both cases, fitness is measured in all individuals of the population after 
the experiment compared to the ancestral lines. DFE shapes have been deduced from these 
experiments and are used in mathematical theories about fitness.  The beneficial part of the 
DFE shape deduced included exponential distributions which is in line with the extreme 
value theory. 
As for the whole DFE, it mostly fitted a gamma or an exponential distribution (Bataillon, 
Bailey, 2014). A reflected displaced gamma distribution is also suitable to approximate the 
DFE shape, as predicted by Fisher’s fitness landscape theory where phenotypes are modeled 
as a set of traits affecting fitness (Martin G., Lenormand T., 2006). 
 
If not using experimental evolution, many mathematical models to infer the DFE from             
patterns of nucleotide diversity use the Poisson Random Field theory or PRF theory             
(Sawyer, Hartl, 1992; tutorial by Sethupathy, Hannenhalli, 2008). In this approach,           
polymorphism and divergence counts follow a Poisson distribution, and their probability of            
occurrence depends only on their respective means. Those means can be estimated from the              
Wright-Fisher model as functions of the mutation rate, which follows a gamma distribution,             
and of the assumed DFE parameters. A maximum likelihood approach can then be used using               
the real counts to retrieve those parameters and plot the DFE. As one of the main methods                 
used in this thesis, called polyDFE, is based on the PRF theory, we explain it a bit more in the                    
next section 
 

Poisson Random Field Theory 

The goal here is to get the polymorphisms P and divergence D counts expectations as               
functions of the DFE. It is assumed here that P and D follow a Poisson distribution, which                 
then allow us, if we have the expectations’ formulas, to estimate the underlying DFE              
parameters by using a maximum likelihood approach. 
 
 
Here we refer to SFS(i), which is the number of sites where i individuals have the derived                 
allele, as Pi. We want to infer E(Pi) and E(D) for non-synonymous and synonymous counts,               
and we note them as E(Pi-NS), E(Pi-S), E(D-NS) and E(D-S).  
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An intuition to calculate those expectations is as follows: the number of mutations appearing              
in i individuals in a population sample would be the number of mutations that occurred until                
sampling, that are at a certain frequency in the population, and that are detected at frequency i                 
in the sample. Indeed, the mutation frequency in the sample does not always corresponds to               
the whole population frequencies, which can lead to error in the SFS if not taken into                
account. 
 
E(Pi )=mutation rate * P(mutation have frequency x) *P(a polymorphic site is observed at 
frequency i in the sample given its frequency x in the population) 

If we follow the same reasoning, the number of fixed mutations in a sample E(D) would be 
the number of mutations that occurred since divergence from the outgroup and that have been 
fixed, knowing that errors are possible since mutations in the sample can appear as fixed 
when they are not fixed in the actual population. This would lead to false divergence counts if 
not taken into account. 

E(D)=mutation rate* time divergence * P(fixation of a mutation) + number of polymorphism 
fixed in the sample but not in the population 

Hereafter is a summary of what we are looking at so far (Figure 3). 

 

Figure 3: Poisson Random Field theory parameters 
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What differs between NS and S counts is the probability for a mutation to reach a certain                 
frequency or even go to fixation. In non synonymous counts, this probability depends of              
S(=Nes), the coefficient of selection. Estimating this probability then allows to calculate the             
expected number of sites having a certain frequency in a population, which is useful in both                
polymorphism and divergence counts.  

Since we are interested in new mutations, we know their initial frequency is 1 / (population                
size). The Wright-Fisher model allows to calculate the number of alleles transmitted to the              
next generation in both a neutral and in a selected case if the previous generation frequencies                
are known. However, here we want to infer the allele frequency after a given number of                
generations knowing only the initial frequencies. A diffusion approximation can be used to             
do that. Using this approximation, the probability of extinction, of fixation (which are used in               
E(D)), and g(x) the mean time spent close to frequency x until absorption can be derived.  

If we go back to E(Pi), the number of sites in the population with derived allele frequency x                  
is then the product of the mutation rate and g(x). To get the expected number of sites in the                   
sample with frequency i, this has to be multiplied with the probability that each of these x                 
sites appears i times in the sample, which follows a binomial distribution. This product then               
has to be integrated for every possible value of x, and that gives us E(Pi).  

 

This model can then be extended to include demography parameters. 
Demography parameters can be included using the approach of Eyre-Walker et al., 2006,             
which consists in adding ri parameters to the formulas for the expectations of polymorphisms              
counts for every frequencies, the same parameter being shared by NS and S count              
expectations. The intuition behind it is that demography affects non-synonymous and           
synonymous sites the same way. However, if a site is under strong selection, positive or               
negative, then it will either be lost or fixed quickly. Sites under strong selection tend to show                 
less in polymorphism counts than sites under weak selection. 
 
Finally, in order to include the DFE in the model, we then have to integrate over all the                  
possible values of S (which can, or not, include positive selection) and to assume a density                
distribution of the DFE in the integration. Often, the gamma distribution is assumed (S)  ϕ             
because of the broad panel of forms it can take. This will give us expectations like: 

(P i) (P i|S)ϕ(S)dSE = ∫
+∞

−∞
E  

,(D) (D|S)ϕ(S)dSE = ∫
+∞

−∞
E  

 being the DFE.(S)  ϕ   
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Then a maximum likelihood approach can be used to infer the parameters (mutation rate,              
DFE parameters, demography, divergence ) for a given dataset. 
 
 
This method is used in dfe-alpha’s software (Keightley, Eyre-Walker, 2007b), DoFE           
(Eyre-Walker et. al., 2006), by Boyko et al., 2008 and in numerous others. 
 
However, most methods using the PRF theory are biased in some ways regarding the              
underlying hypotheses. It assumes the same effective size between polymorphism and           
divergence to infer the DFE. It also assumes that synonymous mutations are exempt of              
selection. It assumes that demography acts the same way on selected and non selected sites.               
Lastly, it is based on the infinite site model which states that a mutation can only occur once                  
in a defined site.  
 
 
 

Outline of the thesis 
 
The work I did during these last three years can be divided into two projects, the first one                  
using measures of selection on a local population on a specific region of the genome, and the                 
second on a broader range of species using a new method inferring selective pressure on the                
whole genome. 
 
In the first project, which is the object of Chapter 2, we studied a thyme meta-population in                 
the Saint-Martin-de-Londres basin in France in order to decipher the causes of two             
polymorphisms maintenance: gynodioecy and chemotype polymorphism. In order to assess          
significance, we compared the subset of interest measures to the whole population’s            
distribution.  
 
 
In the second project, I used a novel approach, called polyDFE, to infer the DFE developed                
by Thomas Bataillon, Sylvain Glemin, and Paula Tataru. The second project can be divided              
into three parts.  
 
In the first part that I present in Chapter 3, I participated in the first tests of polyDFE by                   
simulating data in order to compare its performance to a similar method called dfe-alpha.  
In the second part (Chapter 4), I studied the impact of effective population size variation on                
the method, using simulated data mimicking the glaciations cycles on Earth and comparing             
its performances with another similar method developed in Montpellier, called DoFE.  
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In the last part (Chapter 5), I used polyDFE on real domestication data from plants of the                 
ARCAD project.  
The cost of domestication hypothesis states that domesticated species, due to multiple            
bottlenecks and linkage of potentially neutral or even deleterious effects genes to the genes              
selected to create the population, would carry a genetic load compared to their wild              
counterpart. Deleterious mutations would sweep to fixation with the selected genes, and we             
therefore expect a reduced efficiency of purifying selection in domesticated species and            
possibly more neutral mutations, as well as a reduced genetic diversity and therefore of              
effective population size.  
This phenomenon has already been observed in several species such as dogs (Cruz F, vila C,                
Webster MT 2008), horses, rice (Lu J et al., 2006; Nabholz B et al., 2014), tomato (Koenig D                  
et al., 2013), beans (Bellucci E., Bitocchi E., Ferrarini A., et al., 2014).  
In Chapter 5, we wanted to see if we can detect the cost of domestication effects on ten plant                   
species from the ARCAD project, and compare its intensity between perennial and cultivated             
plants.  
Testing the method previously proved it to be reliable, and I could then test the domestication                
syndrome hypothesis on the available plant data.  
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Chapter 2: Detection of causing genes and selective pressure 
in the maintenance of two polymorphisms in a Thymus vulgaris 
metapopulation 
Contributors: Maeva Mollion, Emeric Figuet, Nikolai Cryer, Sylvain Santoni, Thomas          
Lenormand, Sandrine Maurice, Nicolas Galtier,  Thomas Bataillon & Bodil Ehlers 
 
In this chapter, we used local measures of selection to test a priori hypotheses about the                
maintenance of polymorphisms in a Thymus vulgaris population. 
As there were two forms of polymorphisms studied and therefore two articles, this chapter is               
splitted in two. The first part is about the maintenance of gynodioecy, and the second, about                
the maintenance of a chemotype polymorphism.  
 
As said in chapter 1, species diversity is often linked to different environmental conditions              
and constraints. Within one species, it is possible that subgroups would form, exhibiting             
different, heritable phenotypes and having characteristics that are specific to certain habitats.            
These subgroups can also be called ecotypes. One way to observe this phenomenon can be to                
create different conditions in vitro and to observe adaptation occuring. It is called an              
experimental evolution approach. The conditions are then known and controlled which allows            
to draw precise conclusions. However, things could happen quite differently in vivo because             
of more complex environments and also in the cases where we are looking at species with                
longer life cycles and propagation strategies than microorganisms.  
Another way to observe this phenomenon is to look directly at natural populations presenting              
a certain diversity that can be caused by environmental contrasts or by other factors.  
 
Here, we focused on a Thymus vulgaris metapopulation dataset that was available when I              
began my PhD. The dataset consisted of transcriptomic (RNA-seq) and population genomics            
data.  
The studied thyme metapopulation is located in a small scale basin (less than 5 km2) in                
Saint-Martin-de-Londres, in France. Despite the small scale, it presents two polymorphism           
maintenance.  
 
The first of these two maintenance consists in gynodioecy, a system where hermaphrodites             
and male sterile plants coexists. In thyme, male sterility is caused by a cytoplasmic male               
sterility gene (CMS), and fertility can be restored by a nuclear gene called a restorer (Rf).  
An hypothesis from Delph and Kelly (2014) states that gynodioecy maintenance can be             
caused either by recurrent selective sweeps of CMS genes and Rf genes, or by balancing               
selection between CMS and Rf genes. This hypothesis can be tested by looking at a selection                
measure, Tajima’s D, in the cytoplasmic genes compared to the rest of the genome. This is                
possible only because cytoplasmic genes, which includes CMS genes, do not go through             
meiotic recombination since they are maternally inherited. If one cytoplasmic gene is affected             
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by some form of selection, the whole organelle’s genome should be affected as well, leaving               
a distinct signal that is kept in the next generations. 
This hypothesis have been tested in other gynodioecious populations, notably Beta vulgaris            
and several species of Silene (Delph and Kelly, 2014; Ingvarsson and Taylor, 2002). Most              
found evidence of balancing selection and only one Silene study showed evidence of             
recurrent selective sweeps. However, the number of species in which it has been tested is               
small, and we lack a complete overview on the phenomenon and its explanation through a               
consistent range of species.  
 
To test the gynodioecy hypothesis, as no reference genome or transcriptome is available for              
Thymus vulgaris, I first identified the organelles/cytoplasmic contigs by homology search. I            
then concatenated them to obtain three contigs: one corresponding to mitochondria, one            
chloroplastic, and one concatenating both of them and suppressing redundancies existing           
between those two organelles.  
I then used the available contigs’ sequences to compute Tajima’s D (TD) on all nuclear               
contigs and on the concatenated contigs. Since TD values are affected by demography and              
that demography should affect nuclear and organelles contigs the same way, I then could              
compare organelles TD values to nuclear TD distribution and draw conclusions about the             
selective regime acting on organelles contigs. We found that the balancing selection            
hypothesis could be safely rejected. According to the found TD values, the recurrent selective              
sweeps hypothesis is more plausible. This study lead to Manuscript I hereafter.  
 
 
The second studied polymorphism maintenance is linked to essential oil production. Thymus            
vulgaris plants can be identified as one of six subtypes characterized as the essential oils they                
can produce. Each subtype is called a chemotype. Chemotypes are determined by an epistatic              
series of five loci in a biosynthetic pathway (Granger, Passet, 1973; Vernet, Gouyon,             
Valdeyron, 1986).  
The essential oils themselves are either phenolic (P) or non phenolic (NP) and it has been                
found that NP plants can be found in low altitude where frost can occur, whereas phenolic                
can be found in high altitudes that are experiencing drought (Amiot, 2005).  
P and NP plants are climatic ecotypes, as confirmed by transplant experiments (Thompson et.              
al, 2007), and we studied the causes for their maintenance within this thyme population. We               
formulated the hypothesis that genes linked to production of either P or NP essential oils               
might include genes linked to temperature stress resistance and that the climatic ecotypes             
maintenance is due to balancing selection. 
 
To understand the climatic ecotypes maintenance, I first had to select candidate genes that              
would be causing differences between P and NP ecotypes. Based on a priori knowledge, I               
selected one gene from the monoterpene biosynthesis pathway, which is responsible for            
determining the production of either P or NP essential oils. I then did a differential analysis                
between P and NP individuals and selected the 34 most differentially expressed genes to              
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complete the list. The first selected gene from the monoterpene biosynthesis enzyme, called             
gamma terpinene, was found among those genes. By looking at their names and gene              
ontologies, we noticed that most of them were related to cell wall functions.  
We then looked at different selection measures to uncover patterns of selection. That included              
purifying selection (by looking at piN/piS), if some genes are preferably not mixing between              
P and NP individuals (by looking at FsT) and if there were traces of balancing selection or                 
selective sweep (TD). We did not found any clear cut form of selection acting on all our                 
candidate genes or even on all our monoterpene synthase dataset, the results being often              
contrasted. This study lead to Manuscript II. 
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Manuscript I: Gynodioecy- published 
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Abstract

Gynodioecy is a sexual dimorphism where females coexist with hermaphrodite individuals. In most cases, this dimorphism

involves the interaction of cytoplasmic male sterility (CMS) genes and nuclear restorer genes. Two scenarios can account for

how these interactions maintain gynodioecy. Either CMS genes recurrently enter populations at low frequency via mutation

or migration and go to fixation unimpeded (successive sweeps), or CMS genes maintain polymorphism over evolutionary

time through interactions with a nuclear restorer allele (balanced polymorphism). To distinguish between these scenarios,

we used transcriptome sequencing in gynodioecious Thymus vulgaris and surveyed genome-wide diversity in 18 naturally

occurring individuals sampled from populations at a local geographic scale. We contrast the amount and patterns of nu-

cleotide diversity in the nuclear and cytoplasmic genome, and find ample diversity at the nuclear level (p¼ 0.019 at synon-

ymous sites) but reduced genetic diversity and an excess of rare polymorphisms in the cytoplasmic genome relative to the

nuclear genome. Our finding is incompatible with the maintenance of gynodioecy via scenarios invoking long-term balanc-

ing selection, and instead suggests the recent fixation of CMS lineages in the populations studied.

Key words: balancing selection, cytoplasmic male sterility, single nucleotide polymorphism, selective sweeps, Thymus

vulgaris.

Introduction

Gynodioecy is a reproductive system in which two sexual

morphs (hermaphrodites and females) coexist. Richards

(1997) states that 7% of angiosperm species are gynodioe-

cious, but this figure is highly dependent on the flora studied,

and other authors suggest a much lower frequency of gyno-

dioecy (Charlesworth 2002). The most recent data survey

comprising 449 plant families and 13,208 genera indicates

that gynodioecy occurs in 2% of angiosperm genera and in

18% of all angiosperm families (Dufay et al., 2014). Together

with monoecy (Renner, 2014), gynodioecy is viewed as a

key pathway underlying the evolutionary transition from

hermaphroditism to separate sexes (dioecy) during the

diversification of flowering plants (Charlesworth and

Charlesworth, 1978; Dufay et al., 2014). Yet rather than

being a purely transitory stage, gynodioecy also appears to

be a stable sexual system in several genera such as Thymus,

Saponaria, Dianthus, and Silene (Desfeux et al., 1996;
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Manicacci et al., 1998). As a consequence, the maintenance

of gynodioecy (the coexistence of pure females and hermaph-

rodites) has attracted considerable theoretical attention

(Frank, 1989; Hurst et al., 1996; Couvet et al., 1998;

McCauley and Olson, 2008; Delph and Kelly, 2014).

One of the key factors influencing the maintenance of

gynodioecy lies in its underlying genetics (Lewis, 1941). Sex

determination in most gynodioecious species involves cyto-

plasmic genes that cause male sterility (cytoplasmic male ste-

rility, hereafter CMS), which turn hermaphrodites into

females, and nuclear restorer alleles that “restore” the male

function (Couvet et al., 1990; Schnable and Wise, 1998). A

female plant carries a CMS gene that blocks the development

of functional anthers, whereas hermaphrodites either lack a

CMS gene or carry one in combination with a nuclear allele

for restoring the male function (Touzet and Meyer, 2014).

Because CMS genes are maternally inherited, they gain fitness

differently from nuclear genes (Hurst et al., 1996). In particu-

lar, CMS genes can invade a population of hermaphrodites

provided the females have a small fertility advantage over

hermaphrodites. However, in a population containing a

CMS gene, any nuclear allele able to restore the male function

will also be favored. It is expected that as the frequency of the

CMS gene increases in the population, selection will more

strongly favor the restorer alleles, which should subsequently

spread in the population.

The maintenance of females in a population therefore

depends either on a mechanism that prevents the fixation

of nuclear restorer alleles, or on the recurring appearance of

new CMS genes. This has led to two main scenarios for the

maintenance of gynodioecy (Charlesworth, 2002; Delph and

Kelly, 2014). In the first scenario, a new CMS type enters the

population and starts spreading, creating the condition for a

matching restorer allele to also sweep to fixation. Under this

scenario, females can cooccur with hermaphrodites because

new CMS lineages regularly enter the population, either by

spontaneous mutation or via migrants carrying different CMS

genes (Frank, 1989). This scenario, initially termed “an epi-

demic scenario” by Frank (1989), is hereafter labelled scenario

A (see table 1 for a summary). Under the second scenario,

usually termed “the balancing selection scenario” (hereafter

scenario B, table 1), polymorphism is maintained by both the

nuclear restorer and the CMS alleles by negative frequency-

dependent selection (Charlesworth, 1981; Gouyon et al.,

1991). This scenario implies a negative pleiotropic fitness ef-

fect (or “cost”) associated with carrying a nuclear restorer

allele in combination with a CMS gene that it does not re-

store. Once a CMS lineage and the corresponding nuclear

restorer allele reach a high frequency in the population, re-

storer alleles of other CMS genes are counter-selected be-

cause they tend to cooccur with the frequent CMS gene

that they do not restore. As a consequence, the frequency

of females among the carriers of rare CMS genes will grow,

ultimately leading to an increase in the frequency of these rare

CMS lineages and a decrease in the common one. This neg-

ative frequency dependence leads to cyclical dynamics where

the amplitude of the cycles depends mainly on the magnitude

of the cost (Gouyon et al., 1991; Dufa€y et al., 2007).

Finally, Couvet et al. (1998) showed that polymorphism for

CMS types and their matching restorer alleles can also be

maintained if populations are embedded in a metapopulation

structure (Scenario C, table 1) where frequent founder events

arise and new populations are created by a restricted number

of originators from a migrant pool. Note that these different

scenarios are not mutually exclusive. For instance, the meta-

population effect described by Couvet et al. (1998) could ap-

ply irrespective of the assumption regarding the cost of

restoration (scenario B) or the frequency at which new CMS

types or matching restorer types are introduced via mutation

or migration (scenario A). Each of these scenarios is best

viewed as a minimum set of assumptions needed to ensure

the theoretical maintenance of gynodioecy.

Directly testing which of these processes actually governs

the maintenance of gynodioecy in a given species is a daunt-

ing task, as it requires measuring whether nuclear restorer

alleles carry a fitness cost, and documenting these costs in

nature is challenging. Of all the studies conducted in gyno-

dioecious species, very few have provided evidence for a cost

of restoration (De Haan et al., 1997, in Plantago lanceolata;

Bailey, 2002, in Lobelia siphilitica; Del Castillo and Trujillo,

2009, in Phacelia dubia). Furthermore, evidence for a cost

of restoration makes scenario B credible without necessarily

excluding scenario A.

Here, we argue that it is possible to distinguish between

some of these scenarios using an indirect yet powerful source

of information: specifically, the patterns of nucleotide diversity

in the nuclear genome compared with the chloroplast and

mitochondrial genomes (collectively referred to as the cyto-

plasmic genome). Given that no formal expectation for ob-

served patterns of genome diversity has yet been derived for

the scenarios in table 1, we first sketch why examining pat-

terns of nucleotide diversity can be insightful. Scenarios A and

B are expected to leave radically different footprints in the

amount and patterns of nucleotide diversity in nuclear and

cytoplasmic genomes. Under scenario A, we expect the cyto-

plasmic genomes to harbor patterns of genetic diversity typ-

ical of recent selective sweeps, whereas under scenario B, the

cytoplasmic genomes should exhibit a signature of balancing

selection (Ingvarsson and Taylor, 2002; St€adler and Delph,

2002; Delph and Kelly, 2014; see fig. 1). Furthermore, mito-

chondrial and chloroplast genomes are uniparentally (mater-

nally) inherited and hardly recombine (but see Barr et al.,

2005, and Davila et al., 2011, for evidence of occasional

double-strand breaks in plant mitochondrial genomes). The

cytoplasmic genome is therefore expected to behave as a

single “super locus.” Thus, selection acting on any given

CMS gene is expected to imprint the whole “super locus”

by linkage, making the footprints of selection potentially
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conspicuous relative to those expected under neutrality

(fig. 1). In contrast, selection affecting a nuclear gene involved

in restoration will only affect patterns of polymorphism at

nearby genomic regions, leaving the rest of the nuclear ge-

nome unaffected. Therefore, patterns of genetic diversity in

the nuclear genome can be used as a reference that reflects

sampling and demographic effects independent of

gynodioecy-related selection.

We study Thymus vulgaris, a gynodioecious species with

nucleo-cytoplasmic sex inheritance. The genus Thymus con-

tains many gynodioecious species but no record of dioecy. All

gynodioecious Thymus species studied so far exhibit a high

(>50% on average) and variable frequency of females

(Manicacci et al., 1998; Thompson, 2002). In T. vulgaris, fe-

male frequency can vary from 10% to 85% among popula-

tions (Belhassen et al., 1989; Manicacci et al., 1998). This

species has previously been used to study the genetics of

sex inheritance (Charlesworth and Laporte, 1998; Ehlers

et al., 2005) and the cost of restoration (Gigord et al.,

1999). Both scenarios A and B and the metapopulation effect

studied by Couvet et al. (1998) can potentially account for the

variability in female frequency observed among populations

(Belhassen et al., 1990).

We sequenced the transcriptome of 18 thyme plants that

were grown from seeds collected in natural populations in

southern France. We used a simple yet popular summary sta-

tistic, Tajimas’s D (hereafter TD), to quantify patterns of nu-

cleotide diversity and test selective neutrality. This statistic is

often applied to summarize the effect of selection on the site

frequency spectrum (SFS) of nucleotide polymorphism

Table 1

Summary of Possible Scenarios for the Maintenance of Gynodioecy and Their Expected Impact on Patterns of Genome Diversity

Scenario Expected Footprint on Genome Diversity References

(A) Epidemic scenario

New CMS genes and matching nuclear restorer alleles regularly

enter the population (via mutation and/or migration) and

sweep to fixation.

Strong recent sweep signal in the whole cytoplasmic genome

Sweep signal at and in the immediate vicinity of restorer genes

Neutrality in the nuclear genome except for demographic and

sampling effects

Frank (1989)

(B) Balancing selection

One or more CMS types and their matching nuclear restorer

alleles carrying pleiotropic fitness costs reach a polymorphic

equilibrium. This equilibrium goes from punctuated equi-

libria to cycles of varying amplitude and period depending

on the parameter values.

Balancing selection, possibly complicated by the amplitude of

the cycles in the whole cytoplasmic genome and at the nu-

clear restorer genes and their immediate genomic vicinity.

Neutrality in the rest of the nuclear genome.

Charlesworth (1981)

Gouyon et al. (1991)

Bailey et al. (2003)

Dufa€y et al. (2007)

(C) Metapopulation effect

A metapopulation with extinction–recolonization with two

CMS genes. Strong founder effects with no subsequent mi-

gration and the fact that populations have different outputs

depending on their local sex ratio are enough to maintain

polymorphism of both CMS genes and their matching re-

storer alleles.

Balancing selection, possibly complicated by the metapopula-

tion effect.

Nuclear genome neutrality, but the effect of sampling and

metapopulation functioning might skew expectations rela-

tive to a stable nonsubdivided population.

Couvet et al. (1998)

FIG. 1.—Contrasting expectations for Tajima’s D statistic in cytoplas-

mic genomes relative to nuclear genomes under scenarios A and B.

Scenario A involves recurrent selective sweeps of new CMS alleles (coun-

teracted by recurrent selection of novel restorer [Rf] alleles that also peri-

odically go to fixation). Scenario B involves balancing selection that

maintains both CMS and restorer gene polymorphism over long time

periods. If a recent sweep has affected CMS (scenario A), one expects

fragments anchored in the cytoplasmic genome to exhibit negative TD

values relative to the values in the nuclear genome. Conversely, if balanc-

ing selection affects CMS (scenario B), we expect both cytoplasmic organ-

elles to exhibit positive TD values relative to the nuclear genome. The

histogram represents the hypothetical distribution of expected TD values

across nuclear fragments under neutrality. Further description of these

scenarios is given in table 1.
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(Tajima, 1989). It is particularly useful here as it is expected to

behave differently under scenarios A and B: very negative

estimates of TD are expected following a recent selective

sweep (scenario A) and highly positive values under balancing

selection (scenario B, see Conceptual fig. 1). TD values can

also be influenced by demographic effects in the history of the

sampled individuals. We therefore use the empirical distribu-

tion of TD in the nuclear genome to control for the effects of

an unknown demography on the SFS.

Materials and Methods

Plant Material

Eighteen individual thyme plants were used for this study. All

plants were obtained from seeds collected from four distinct

populations around Saint Martin de Londres, 25 km north of

Montpellier (an area comprising roughly 10 km North–South

by 10 km East–West). All populations were at least 2 km

apart. All plants were raised in the experimental garden of

“LabEx CeMEB” in Montpellier. We collected young leaves

from each individual plant in October at the time where plants

begin to produce new leaves after the summer drought. As

sampling occurred after the flowering season, the plants were

not sex determined. However, an individual’s sex was not

expected to affect patterns of analyzed nucleotide diversity,

which reflects population-level processes.

Previous work documented very different sex ratios among

local populations in that region and uncovered functionally

different CMS lineages via controlled crosses (Belhassen et al.,

1991, 1993; Manicacci et al., 1996). Recent field observations

(2012–2017) of the populations sampled in the present study

confirm the variation in sex ratios between the sampling loca-

tions used (BKE, TB personal observations). Our regional sam-

pling is thus at a meaningful scale to test scenarios underlying

the maintenance of gynodioecy.

Preparation of RNA Samples

Leaf samples were ground in liquid nitrogen and total cellular

RNA was extracted using a Sigma-Aldrich (St. Louis, MO)

SpectrumTM Plant Total RNA kit with a DNase treatment fol-

lowed by quantification with the Invitrogen (Carlsbad, CA)

Quant-iTTM RiboGreen RNA reagent based on the manufac-

turer’s protocol on a Tecan (M€annedorf, SWISS) Genios spec-

trofluorometer. RNA quality was assessed by running 1ll of

each RNA sample on an RNA 6000 Pico chip on an Agilent

Bioanalyzer 2100 (Santa Clara, CA). Samples with an RNA

Integrity Number (RIN) value greater than eight were deemed

acceptable according to the Illumina sequencing protocols.

Library Production

The Illumina, Inc. (San Diego, CA) TruSeq RNA Sample

Preparation Kit v2 was used according to the manufacturer’s

protocol with the following modifications. In brief, poly-A

containing mRNA molecules were purified from 2lg of total

RNA using poly-T oligo attached magnetic beads. The purified

mRNA was cut by addition of the fragmentation buffer and

heated at 94 �C in a thermocycler for 4 min to yield library

fragments of 300–400 bp. First strand cDNA was synthesized

using random primers to eliminate the general bias towards

the 3’ end of the transcript. Second-strand cDNA synthesis,

end repair, A-tailing, and adapter ligation was done in accor-

dance with the protocols supplied by the manufacturer.

Purified cDNA templates were enriched by 15 cycles of PCR

for 10 s at 98 �C, 30 s at 65 �C, and 30 s at 72 �C using PE1.0

and PE2.0 primers and with Phusion High-Fidelity DNA poly-

merase (New England Biolabs, Ipswich, MA). Each indexed

cDNA library was verified and quantified using a DNA 100

chip on a Bioanalyzer 2100 then equally mixed with nine

(from different genotypes). The final library was then quanti-

fied by real time PCR with the Kapa Biosystems (Wilmington,

MA) Library Quantification Kit for Illumina Sequencing

Platforms adjusted to 10 nM in water and sent to the GeT

core facility (Toulouse, FRANCE, http://get.genotoul.fr/) for

sequencing.

Library Clustering and Sequencing Conditions

The final mixed cDNA library was sequenced using the

Illumina mRNA-seq paired-end protocol on a HiSeq2000 se-

quencer for 2 � 100 cycles. The library was diluted to 2 nM

with NaOH and 2.5ll transferred into 497.5ll HT1 to give a

final concentration of 10 pM. Then 120ll was transferred to

a 200ll strip tube and placed on ice before loading onto the

Cluster Station mixed library from the ten individual indexed

libraries being run on a single lane. The flow cells were

clustered using the Paired-End Cluster Generation Kit v4

following the Illumina PE_amplification_Linearization_

Blocking_PrimerHyb_v7 recipe. Following the clustering pro-

cedure, the flow cell was loaded onto the Illumina HiSeq 2000

instrument following manufacturer’s instructions. The se-

quencing chemistry used was v4 (FC-104-4001, Illumina)

using SCS 2.6 and RTA 1.6 software with the 2 � 100 cycle,

paired-end, indexed protocol. The Illumina base call files were

processed using the GERALD pipeline to produce paired se-

quence files containing reads for each sample in the Illumina

FASTQ format.

Transcriptome Assembly and SNP Calling

A set of predicted cDNA was obtained following the work-

flow of Cahais et al. (2012). Contigs shorter than 200 base

pairs were discarded. Open reading frames (ORFs) were pre-

dicted using the script transcripts_to_best_scoring_ORFs.pl,

which is part of the Trinity package (see a summary of the

contig assembly in table 2). The reads were mapped to the

predicted cDNA using BWA (Li and Durbin, 2009). More spe-

cifically, we used BWA ALN for read mapping with the
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command line bwa aln -n 0.04 -o 1 -e -1 -d 16 -i 5 -k 1 -t 4 -M

10 -O 11 -E 4.

For each position of each contig and each individual, gen-

otypes were called using the reads2snps method developed

by Tsagkogeorga et al. (2012) and Gayral et al. (2013). This

method includes a module for detecting hidden paralogy,

which in the case of RNA-seq data manifests via an excess

of heterozygous genotypes and positive across-individual cor-

relation in read counts (Gayral et al., 2013). Positions detected

as potentially paralogous by this method (P< 0.01) were

coded as missing data and disregarded in further analysis.

Contig Annotation

We used a homology search to identify the contigs located in

cytoplasmic genomes (i.e., chloroplast or mitochondrial

genomes). We used two reference sequences from close rel-

atives to thyme: the Origanum vulgare chloroplast genome

(114 genes, NCBI accession number JX880022, Lukas and

Novak, 2013) and Salvia miltiorrhiza mitochondrial genome

(167 genes including 138 protein coding genes, NCBI acces-

sion number NC_023209.1, Qian et al., 2013). A blastn with

default parameters and an identity threshold set to 95% was

applied to the ORF-containing subset of our de novo assembled

contigs using the two reference sequences as search databases.

Contigs matching any of these reference sequences were an-

notated as cytoplasmic contigs and analyzed separately for SNP

calling. This was done by using the reads2snps program (Gayral

et al., 2013) with the default options except for the minimum

required coverage to call a genotype, which was set to five

instead of ten per position per individual because there was

no risk of confusion between a sequencing error and hetero-

zygosity, as the organelle genomes are haploid.

For similar reasons, we discarded cytoplasmic contigs for

which the estimated Fis was below 0.95. As no heterozygosity

is expected in organelle genes, contigs showing Fis values

much below one must either correspond to wrongly anno-

tated nuclear genes or to duplicated genes collapsed into a

single contig during assembly. Filtering out undesired contigs

based on heterozygosity allowed us to use a diploid genotyper

in this analysis. Following Gayral et al. (2013), we discarded

contigs with more than half the bases undetermined and with

stop or frameshift codons >20 bases away from the start or

end of the sequence. We then used custom-made scripts to

merge the cytoplasmic contigs into a concatenated sequence,

with an option to filter out contigs with traces of

heterozygosity.

We also examined whether any contigs in our transcrip-

tome displayed homology to the pentatricopeptide repeat

gene family that contains known nuclear restorers (Kotchoni

et al., 2010; Touzet and Meyer, 2014) but no such contigs

were found (data not shown).

Blastn and blast2go (Conesa et al., 2005; Bethesda, 2008)

were used on the fasta sequences of the identified candidate

contigs to determine their putative functions, along with web

searches on the returned results in Genbank.

Analysis of Nucleotide Diversity Patterns

We calculated the nucleotide diversity at nonsynonymous

sites (piN), synonymous sites (piS) and TD (Tajima, 1989) on

all nuclear contigs and the cytoplasmic super locus. The piN/piS
ratio can be used as an integrative measure of the strength of

purifying selection on a genome. The piN and piS measures

were calculated for each contig using custom-written

Cþþ programs (Gayral et al., 2013). The TD statistics were

obtained via a custom-made program, and the calculated

values were checked against those obtained using DnaSP v5

(Librado and Rozas, 2009). For the contigs attributed to the

cytoplasmic genome, we also computed the piN/piS ratio and

the TD of the concatenated cytoplasmic “supercontig,” as

these are best viewed as a single nonrecombining unit.

We used both linear regression and robust locally weighted

(lowess) regression (Cleveland, 1979) to investigate the covari-

ation patterns between gene expression levels and nucleotide

diversity. All statistical analyses were performed in R (R Core

Team, 2013).

Results

Overview of the Contig Assembly and Amounts of
Nucleotide Diversity

The contig assembly we obtained de novo from our RNA-seq

data comprised 111,942 contigs after quality control filtering

(table 2). Among these, 22,278 contigs included an ORF and

were sufficiently covered for genotype and SNP calling.

Although the sample was obtained at a fairly local geo-

graphic scale, we detected ample nucleotide variation. Using

piS to measure the amount of nucleotide polymorphism, we

observed an average nucleotide diversity (mean piS ¼ 0.019,

median piS ¼ 0.016; fig. 2) in the higher range of values

recently reported in comparable population genomics studies

based on transcriptome resequencing (Chen et al., 2017). The

amount of synonymous diversity detected throughout the

T. vulgaris genome therefore offers ample statistical power

to detect and analyze footprints of selection. The nuclear

contigs show a slight deficit of heterozygotes relative to

Hardy–Weinberg expectations, as measured by Fis (table 3).

Table 2

Thymus vulgaris Transcriptome Assembly Characteristics

Contigs Set n N50 (bp) Mean Length (bp)

Filtered contigs 1,11,942 1,004 681

Contigs containing ORFs 51,615 1,074 710

Homology to mitochondrion 131 756 562

Homology to chloroplast 75 852 597

ORF: open reading frames; N50: median size of contigs.
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This finding is consistent with an outcrossing mating system,

with a weak degree of genetic differentiation between the

sample populations creating a deficit of heterozygotes.

Within our assembly, we detected 65 contigs homologous

to the chloroplast genome reference and 90 homologous to

the mitochondrial genome reference. Among these, 21 con-

tigs displayed homology to both the chloroplast and mito-

chondrial reference genomes.

Although it might seem surprising that a sizeable fraction of

contigs had homology to both the mitochondrial and chloro-

plast reference genomes, Veronico et al. (1996) and Cummings

et al. (2003) report that there is insertion of chloroplast genes in

mitochondrial genomes, even if the opposite case has not been

observed. As a check, we downloaded the mitochondrial and

chloroplast genomes for five plant species with well-annotated

published genomes (Arabidopsis thaliana, Medicago trunca-

tula, Silene latifolia, Oryza sativa, and Zea mays). Nucleotide

blasts on the complete mitochondrial and chloroplast genomes

revealed that shared paralogs between chloroplasts and mito-

chondria are not uncommon (table 4).

We used the four-gamete test (Hudson and Kaplan,

1985) and checked that there was no evidence of recom-

bination in either the chloroplast or mitochondrial contigs

(supplementary fig. 4, Supplementary Material online).

Although this test might miss a fraction of the recombining

events (Meyers and Griffith, 2003), these are unlikely to

drastically affect the coalescent genealogies underlying

the observed diversity patterns, otherwise they would

have been revealed via the four-gamete test.

When comparing nucleotide diversity in cytoplasmic versus

nuclear contigs (table 3), we note that nucleotide diversity is

substantially reduced in mitochondrial and chloroplast contigs

relative to nuclear ones (fig. 2a and table 3).

Footprints of Selection in Cytoplasmic Genomes Suggest a
Recent Sweep in the Coalescence History of Our Sample

To set an expectation for TD under neutrality, we used the set

of nuclear contigs containing a polymorphic coding sequence

(CDS) as the neutral genomic background. This background

distribution of TD, which incorporates possible biasing effects

of demographic history, was slightly skewed relative to neu-

tral expectations in a stable nonsubdivided population (mean-

¼ 0.17; skewness¼ 0.93; fig. 3).

We computed a single TD value per organelle by sepa-

rately concatenating the sequence of contigs mapping to

FIG. 2.—Genome-wide distribution of summary statistics of nucleotide diversity. Histograms denote genome-wide distributions of nuclear contigs.

Individual ticks mark the values for contigs in the mitochondrial (top red) and chloroplast (bottom green) genomes. (a) Nucleotide diversity at synonymous

positions (piS). (b) Distribution of the ratios of nucleotide diversity at nonsynonymous and synonymous sites (piN/piS).

Table 3

Mean and SEs of Nucleotide Diversity Statistics in Nuclear, Chloroplastic, and Mitochondrial Contigs

Genome n piN piS Fis Tajima’s D

Nuclear 18909 0.0031 (<0.0001) 0.0197 (<0.0001) 0.018 (<0.0001) 0.30 (0.009)

Mitochondrial 26 0.0005 (0.0007) 0.0005 (0.0002) n.a.a �1.93b

Chloroplastic 6 0.0007 (0.0004) 0.0004 (0.0002) n.a.a �1.80b

NOTE.—n denotes the number of polymorphic contigs per genome.
aFis is only computed for nuclear contigs.
bwe report a single value for the concatenated contigs of each organelle (no SE reported).
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mitochondria and to chloroplasts. We also computed TD

on a “supercontig” containing all 32 contigs assigned to

organelles, and eliminated redundancies between the two

organelles. The chloroplast and mitochondrial genomes

exhibited very negative TD values (values for concatenated

contigs: mitochondria: �1.93; chloroplasts: �1.80; and

supercontig: �1.98), which corresponded to the 0.8%,

0.27%, and 0.19% most extreme negative values, respec-

tively, observed in the nuclear background distribution

(fig. 3). The piN/piS ratios are markedly lower in the nuclear

genome than in the cytoplasmic genome, but the sam-

pling variance attached to the cytoplasmic estimates is

considerable due to the low polymorphic contig numbers

in these genomes (table 3). According to our predictions

(table 1), these results support scenario A, which involves

the occurrence of a recent selective sweep.

The diversity patterns we report here were obtained from

transcriptome sequencing from a sample of genes that are

biased towards those with moderate to strong expression levels

in leaves. As biasing our sample towards more highly expressed

genes might also bias the genome-wide distribution of TD, we

addressed this concern by examining how much the expression

levels of contigs covaried with the summary statistics we used.

We detected a slight tendency for highly expressed genes to

have stronger purifying selection as measured by piN/piS: a lin-

ear regression of log(expression) explains 5% of the total var-

iation, but a local regression reveals little systematic trend

(supplementary figs. 1 and 2, Supplementary Material online).

We note that the differences in level of gene expression weakly

covaried with TD: a linear regression model with log(expression)

explained 4.8% of the total variation in TD, and a local robust

regression suggested no discernable trend (supplementary fig.

3, Supplementary Material online). This observation and the

strikingly similar TD values for mitochondria and chloroplasts

(fig. 3, Supplementary Material online) support our hypothesis

that both cytoplasmic genomes can be viewed as a single non-

recombining entity.

Discussion

Diversity Patterns Are Compatible with a Recent Selective
Sweep in Cytoplasmic Genomes

The levels of nucleotide diversity, as measured by piS, are

comparable in the mitochondrial and chloroplast genomes

and low compared with the diversity observed in nuclear con-

tigs (fig. 2a). This pattern is consistent with selection affecting

the cytoplasmic genomes and eliminating nucleotide diversity.

This observation could also be explained by a systematically

lower per-nucleotide mutation rate of cytoplasmic genes rel-

ative to nuclear ones. However, evidence for such a mecha-

nism is indirect, and relies on the difference in substitution

rates (Mower et al., 2007; Drouin et al., 2008); in some cases

the inferred mutation rates in mitochondria are potentially

high (Sloan et al., 2012).

Both cytoplasmic genomes also exhibit significantly nega-

tive TD compared with the nuclear genome values (fig. 3),

which is incompatible with the positive TD predicted by

Table 4

Homology Between Chloroplasts and Mitochondria for Five Plant Species

Species Genbank Reference

Chloroplast/Mitochondrion

Length Chloroplast/

Mitochondrion and Ratio

Chloroplast)
Mitochondriona (%)

Mitochondrion)
Chloroplasta (%)

Arabidopsis thaliana NC_000932/NC_001284.2 154478/366924 ¼ 0.4 4–5 1

Medicago truncatula NC_003119/NC_029641.1 124033/271618 ¼ 0.45 1 <1

Silene latifolia NC_016730.1/HM562727.1 151736/253413 ¼ 0.59 1 <1

Oryza sativa japonica KT289404.1/BA000029.3 134536/490520 ¼ 0.27 18 6

Zea mays NC_001666/NC_007982.1 140384/569630 ¼ 0.24 29 4

aReciprocal homology searches using mitochondrial or chloroplast sequences as Query/Database were performed to assess the amount of genes that shared exhibited shared
homology between these two genomes.

FIG. 3—Genome-wide distribution of Tajima’s D statistic in the nu-

clear (blue histogram) genome versus cytoplasmic contigs (red: mitochon-

drial genome; green: cytoplasmic genome; orange: supercontig). Tajima’s

D for the chloroplasts lies in the 0.0089th quantile of most negative values

observed in the nuclear genome. Tajima’s D for the mitochondria lies in the

0.0027th quantile of most negative values.
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scenario B (maintenance of CMS alleles via balancing selec-

tion), but consistent with scenario A, in which a new CMS

lineage has recently swept to fixation. Under “balancing

selection” we expect at least two distinct CMS lineages to

segregate at intermediate frequencies in both local and global

(species-wide) populations. Using 20% as a threshold for the

frequency of the least common CMS lineage maintained by

balancing selection, the probability of missing a second CMS

lineage in a sample of 18 individuals is only 0.8̂18�0.02. Our

sampling scheme, and the fact that sufficient nucleotide di-

versity is available, ensures that we have adequate power to

distinguish between scenarios.

Population subdivision, range expansion, and sampling all

influence the SFS and TD values (St€adler et al., 2009). Our sam-

ple probably does not comply with the assumption of a single

nonsubdivided population. Indeed, the empirical distribution of

TD values for the nuclear genome exhibits a slightly positive

mean and a positive skew (fig. 3). A bottleneck followed by a

population expansion generates an excess of rare variants (rel-

ative to a stable population), which will also yield more negative

TD values than expected (Tajima, 1989; St€adler et al., 2009).

However, demographic history is unlikely to explain the negative

TD in the cytoplasmic contigs, as it should affect nucleotide

diversity in all contigs (both nuclear and cytoplasmic). This is

clearly not the case as the mean TD in the nuclear contigs is

slightly positive (table 3). Molecular variation patterns resulting

from balancing selection should only be weakly affected by

population structure; old alleles maintained by balancing selec-

tion can survive speciation and result in trans-species polymor-

phism (Delph and Kelly, 2014). Even in the presence of

subdivided populations, scenario B would still predict positive,

not negative, TD values in the cytoplasmic genomes. Therefore,

only scenario A can account for the patterns in the data, per-

haps complicated by an unknown regional population structure.

Relative to the nuclear genome, nucleotide diversity in both

chloroplasts and mitochondria are more likely to be affected by

linked selection (e.g., selective sweeps or background selec-

tion). Theoretical studies have shown that while these processes

can reduce neutral diversity, TD is relatively insensitive to back-

ground selection (Charlesworth et al., 1995). Therefore, stron-

ger background selection in cytoplasmic genes relative to

nuclear genes might contribute to the differences in piS, but

is unlikely to account for the strongly negative TD values ob-

served in the cytoplasmic contigs relative to the nuclear ge-

nome. Few recent studies have extensively compared

nucleotide diversity in nuclear versus cytoplasmic plant

genomes, yet a study in two sister species of Arabidopsis found

no such traces of cytoplasmic selection (Wright et al., 2008).

Evidence for Selective Sweeps versus Balancing Selection in
Other Species

Although our data refute the scenario of long-term balancing

selection in cytoplasmic genes, they cannot prove that the

detected selective sweep signal is uniquely driven by the dy-

namics of CMS genes in maintaining gynodioecy and is not

instead due to cytoplasmic genes involved in other types of

adaptation. We hence review the empirical evidence for se-

lective sweeps or balancing selection in other plant species

where CMS is known.

The theory predicts that when a CMS gene sweeps to

fixation together with the nuclear allele that restores male

function, the population returns to being composed of her-

maphrodites until a new CMS gene enters the populations

via mutation or migration (Frank, 1989). These hermaphro-

dites are expected to carry “hidden” CMS genes (termed

“hidden” because individuals harboring these CMS genes

also carry a nuclear restorer), which can be uncovered in

crosses with individuals having a different nuclear back-

ground. Empirical studies have shown examples of hidden

CMS genes in a number of crop (e.g., maize, rice, and sun-

flower) and noncrop (e.g., Nemophila menziesii) species

(Schnable and Wise, 1998; Barr, 2004; Chen and Liu,

2014). The expected footprint of the CMS genes in these

examples is that of a selective sweep, similar to what we

have documented.

In previous studies of the nucleotide diversity of natural

populations of Beta vulgaris and several species of Silene to

infer the mechanisms underlying the maintenance of gyno-

dioecy, some find evidence of balancing selection (reviewed in

Delph and Kelly, 2014) but one reports evidence for recurrent

sweeps in Silene (Ingvarsson and Taylor, 2002). Virtually all

published studies use only a few (5–10) gene fragments from

mitochondrial (e.g., St€adler and Delph, 2002) or chloroplast

genomes (Fénart et al., 2006), but never use nuclear diversity

as a control. One exception is Lahiani et al. (2013), who

reported the TD for four nuclear fragments, two mitochon-

drial gene fragments, and four chloroplast fragments in

Silene. No consistent trend towards a negative TD was

detected in the cytoplasmic fragments.

Connection with Previous Studies on Cytoplasmic Diversity
in Thymus vulgaris

Cytoplasmic male sterility in natural T. vulgaris populations

has been previously studied using plants originating from

the same geographic region as those used in the present

study. These studies relied on intra and interpopulation

crosses and backcrosses, and the genotyping of individuals

from these crosses using restriction fragment length poly-

morphism in mitochondrial DNA. These investigations doc-

ument the existence of several different mitochondrial

molecular types. Although this is not in itself evidence of

an equally high number of functionally different CMS

lineages, these results suggest the presence of multiple

CMS lineages in the region, not just across but also within

populations (Belhassen et al., 1991, 1993; Manicacci et al.,

1996).
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It is worth considering what patterns of nucleotide diversity

would be expected if multiple CMS lineages were present. If

two CMS lineages were present in the sample of 18 individ-

uals and both coexisted for sufficient generations (in a coa-

lescence timescale), the underlying genealogy would exhibit

long internal branches separating the two CMS lineages. This

situation would generate a sizeable amount of polymorphism

at intermediate frequencies, generating a positive TD. Instead,

our data is compatible with a recent sweep of cytoplasmic

genomes.

An intriguing but theoretically plausible explanation is that

because mutations in numerous cytoplasmic genes can cause

CMS, different CMS lineages could be created on the back-

bone of a recently swept cytoplasmic lineage (scenario 7 in

Frank, 1989). This idea remains speculative as it assumes a

high cytoplasmic mutation rate for a new CMS. Cytoplasmic

diversity data does not allow any inference of the age and

strength of a sweep, so we cannot infer, even crudely, the

number of CMS types that may have survived the selective

sweep we have detected.

If truly distinct CMS lineages exist in the populations

(Manicacci et al., 1996), we predict that many types should

be recently derived via new mutations from a previous (pos-

sibly restored) type. Further studies should explore the extent

to which this selective sweep pattern is also found on a wider

geographic scale in T. vulgaris and in other species of the

genus Thymus.

Supplementary Material

Supplementary data are available at Genome Biology and

Evolution online.
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Summary: 
(1) goal of the research 
Thymus vulgaris is a Lamiale, aromatic plant exhibiting chemotypes polymorphism with a            
discrimination between non phenolic chemotypes and phenolic chemotypes. Past studies          
showed that non phenolic individuals were better at surviving periods of winter frost whereas              
phenolic individuals are more suited to survive summer drought. We want to identify the              
genes and mechanisms responsible for this ecotypic discrimination and to seek traces of             
selection that could characterize this maintenance of polymorphisms. 
 (2) methods 
Transcriptome and nucleotidic diversity data obtained on Thymus vulgaris samples were           
available from a RNA seq experiment followed by a run on the POPPHYL pipeline.We              
performed a differential analysis between phenolic and non phenolic individuals on the            
expression data by using the packages limma and voom. We then looked at the diversity               
patterns of enzymes of the most differentially expressed contigs found and of the gamma              
terpinene synthase, an enzyme from the terpene biosynthesis chain that discriminate phenolic            
and non phenolic terpenes production. Roles and gene ontologies of the candidate contigs             
were then identified by using NCBI’s blastn. 
 (3) key results 
The gamma terpinene synthase is among the most differentially expressed genes between the             
two ecotypes. Looking at its diversity patterns, it shows little traces of structure and selection               
between phenolic and non phenolic individuals. The most differentially expressed genes are            
involved in cell wall mechanisms that could be linked to freezing and drought resistance.              
Some of them do present traces of structure and selection but it could be due to sampling                 
errors. 
(4) conclusion 
We were able to find differentially expressed genes between phenolic and non phenolic             
individuals coding for proteins related to abiotic stress and likely involved in the ecotypic              
differences for drought and resistance. The gamma terpinene synthase enzyme is among the             
most differentially expressed genes and shows a small structure between the two ecotypes but              
do not show clear-cut footprints of past selection history. Further studies should be done to               
understand how chemotype variation and frost/drought resistance are genetically correlated. 
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INTRODUCTION 
 
Understanding how natural selection can override the homogenizing effect of geneflow to            
craft adaptation to local environment remains a challenging task (Savolainen et al 2013).  
 
Reciprocal transplant experiments have been successful in showing the presence of local            
adaptation in plants to e.g. climate (Galloway & Fenster 2000, Etterson 2004, Thompson et al               
2007) and soil (Macnair 1987, Brady et al. 2005) ). Although local adaptation has been               
frequently reported (Linhart & Grant 1996), we still know very little about which genes are               
actually responsible for adaptation to specific environmental conditions. 
 
Progress in genome sequencing means that it is now feasible to scrutinize the entire genome               
for footprints of selection in patterns of nucleotide polymorphisms. Yet untargeted           
genome-wide scans for selection have little statistical power to infer selection on a particular              
genomic region. Furthermore, even when genomic regions harbor convincing footprints of           
selection it is still a formidable task to link the inferred selection to the phenotypes that                
mediate adaptation. One promising way to make progress is to harness prior knowledge of              
phenotypic variation that has a clear link to fitness. In that regard, ecotypic variation has been                
documented for numerous plant species that harbor sometimes spectacular adaptation to           
variation in soil and climatic conditions. 
  
Thymus vulgaris L. is an aromatic woody shrub that dominates in Mediterranean open             
garrigue vegetation from sea level and to low montane regions of about 800 m elevation. The                
species has a chemical polymorphism for the production of the main monoterpene in its              
aromatic oil. Several different chemical phenotypes (hereafter chemotypes) exist, and in           
France, at least seven distinct chemotypes occur naturally (Vernet et al. 1986, Thompson             
2002, Keefover-ring et al 2009) (see Figure 1).  
The chemotypes can be divided into phenolic and non-phenolic depending on the chemical             
structure of their main monoterpene. The phenolic chemotypes (thymol T and carvacrol C)             
are typically found on shallow stony soils where winter temperatures are mild (low elevation              
and area close to the Mediterranean) and summers are warm and very dry. The non-phenolic               
chemotypes (geraniol G, linalool L, alpha-terpineol A, thuyanol U, and eucalyptol E) are             
dominating in areas with deeper and more moist soil, and where the winter temperature              
frequently drops below -10 C (Thompson et al. 2007). The non-phenolic chemotypes are             
frequently found at low montane regions or, when closer to the Mediterranean Sea, at valley               
depressions with temperature inversion during winter.  
Reciprocal transplant experiments at both regional and local scales (Thompson et al 2007) as              
well as controlled temperature exposure experiments (Amiot et al 2005) confirm that the             
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distinction between phenolic and non-phenolic chemotypes are indeed reflected in their           
ability to survive different climatic stresses.  
Phenolic types survive better episodes of severe summer drought than non-phenolic types,            
and non-phenolic types survive better episodes of severe winter frost than phenolic.  
The phenolic T. vulgaris are thus regarded a summer drought resistant ecotype, and the              
non-phenolic a winter frost resistant ecotype. This makes them suitable for studies on the              
genetics behind local adaptation to climatically different environments. 
 
In the basin of St. Martin de Londres, just 20 km north of Montpellier all seven chemotypes                 
can be found at a very small spatial scale (inter-population distance from 200m –a few               
kilometers) (Thompson 2005) (see Figure 2). The valley has a temperature inversion, which             
renders the winter temperature locally to drop well below that of the surrounding outskirts.              
Phenolic and non-phenolic plants can be found to co-exist within the same population but              
non-phenolic types dominate in the populations located in the lower parts of the basin (which
is also colder in the winter) and phenolic types dominate in the slightly higher outskirts of the                 
basin (where winter temperature are milder). 
 
 
 

 
Figure 1: Simplified pathway of terpene production in Thymus vulgaris. The blue rectangles             
represent the enzymes. The essential oils are represented as ovals, and the dashed line              
separates non phenolic essential oils from phenolic essential oils. The conditions of growth             
are pointed in parenthesis. 
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Figure 2: Chemotype repartition in the Saint martin de londres basin. Each color corresponds              
to a chemotype, the correspondence being shown in figure 1. 
 
 
Here we make use of transcriptome study performed on T. vulgaris plants originating from              
different locations in the basin of St. Martin de Londres.  
 
Plants used originate from seeds collected in the wild and were germinated and raised at the                
experimental garden of CEFE labex, in Montpellier. The transcriptomes were initially carried            
out on 18 plants and used in a different study related to the plants breeding system.  
For a subset of these plants (ten) the chemical type had been determined by GCMS, and five                 
of these were of a phenolic type and five of a non-phenolic type. As most of these plants are                   
no longer alive, it was not possible to determine the chemical type of all 18 individuals used                 
in the original transcriptome study. We here use the information on these ten plants chemical               
type (i.e. either phenolic or non-phenolic) to reanalyze the transcriptome data set with the aim               
of testing for differences in gene expression between phenolic and non-phenolic types.  
We ask 1) if gene fragments with differential gene expression between phenolic and             
non-phenolic ecotype show any distinct patterns of selection and 2) if gene fragments that              
show differential gene expression belong to specific gene ontologies (i.e. to understand which             
gene functions may be responsible for the ecotypic differences in response to local climatic              
conditions (early winter frost versus summer drought) and if they harbor any traces of              
selection in relation with this ecotypic difference. 
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MATERIAL AND METHODS 
 
Plant Material 
The 10 individual thyme plants were obtained from seeds collected from 4 distinct             
populations in the Bassin of Saint Martin de Londres 25 km north of Montpellier (an area                
comprising roughly 10 km North- South by 10 km East West). All populations are distant               
from at least 2 km. All plants were raised in the experimental garden of CEFE, CNRS in                 
Montpellier. We collected young leaves from each individual plant at their same growth             
stage, in October – at the time where plants begin to produce new leaves after the summer                 
drought. 
  
Sequencing and transcriptome assembly: 
The ten individuals studied here are a subset of 18 individuals for which transcriptome data               
was obtained previously (Mollion et al 2018).We refer the reader to this publication for              
details about how RNA sequencing was performed as well as how a transcriptome assembly              
was obtained as well as SNP calling using mapped reads on the transcriptome assembly. 
  
Choice of prior candidate genes 
As prior candidates genes susceptible to act in the chemotype polymorphism maintenance,            
we first chose enzymes from the monoterpene biosynthesis pathway, which are the ones             
defining the chemotypes. Among this pathway as seen in Figure 1, the gamma terpinene              
synthase is the enzyme at the junction between non phenolic and phenolic oil production. If it                
is present and active in a plant, then it will produce a phenolic chemotype. If not, the plant                  
will produce non-phenolic essential oils. We therefore selected it as our first candidate gene              
that is likely to show potential selection pattern. 
  
Two FASTA sequences corresponding to this enzyme were retrieved on Genbank as Tps1             
(accession JQ957864.1) and Tps2 (accession JX997981.1). We then used a homology search            
to retrieve the contigs in our transcriptome assembly that could correspond to this enzyme.              
We used a local blastn with default parameters to look for the retrieved FASTA sequences of                
gamma terpinene synthases in the subset of our de novo assembled contigs containing open              
reading frames (ORFs). The match showing the highest identity score and highest e-value             
was kept. 
  
The candidate list was compiled after differential expression analysis by adding the 34 most              
differentially expressed genes between phenolic and non phenolic individuals as detailed in            
the following section. 
 

 

Differential expression analysis 
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The differential expression analysis was carried on the set of 10 individuals: For each              
individual the dominant monoterpene was used to define his “chemotype”. Extensive           
chemical analysis of monoterpene compositions in natural populations of T. vulgaris show            
that individuals can be assigned unambiguously to one of 6/7 chemotypes. Once the the              
chemotype was determined without any ambiguity for each individual (one A, one G, one L,               
two U, two T and three C), we used the broader category of phenolic (hereafter referred as P)                  
and non- phenolic monoterpenes (NP). This gives us 5 independent biological replicates each             
for NP and P samples. 
  
In order to perform differential expression analysis, a measure of gene expression for each              
contig for each individual was obtained as the number of reads from the individual              
transcriptomes that are mapped to each considered contig. 
Reads of each individual transcriptome were aligned to our de novo assembled contigs             
reference using the BWA software (Li and Durbin, 2010), and the number of reads mapping               
to each contig (RNA seq counts) was used as raw measure of gene expression for each                
individual. 
  
  
cDNA libraries were built independently for each individual, and after sequencing can have a              
different number of total reads (i.e. library size). This difference in the total number of reads                
produced for each individual can lead to detecting spurious differential expression that are             
solely driven by a difference in library size. The counts were therefore normalized, in order to                
reduce the impact of differences in library size. To do that, counts were divided by size                
factors, a measure taking into account the geometric mean of the gene expression for each               
contig through each library and the median of the genes expression in the considered library.               
We used DESeq2 estimated size factors (Love et. al, 2014). 
  
To test for differential expression, we used for each contig the following generalized linear              
model: 
Normalized Counts = a+b*ChemotypeCategory , a and b being constants and           
ChemotypeCategory a variable indicating if the chemotype is P or NP. 
  
The a and b parameters were estimated using a weighted least square regression, the weights               
depending on the standard deviation of each data point, was estimated by local regression. 
Student t-tests were performed on each contig to determine if the variable            
ChemotypeCategory had an impact on expression, or in other words to test if the gene was                
differentially expressed. 
All these steps were performed in R by using the Bioconductor packages limma (Ritchie et.               
al, 2015) and voom (Charity et. al, 2014). 
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The p-values obtained for each contig were corrected for multiple testing using the Benjamini              
and Hochberg correction. We used as threshold the p-values cutoff that controls for a given               
false discovery rate (5%). Two lists of contigs were kept at the end of this analysis. We kept                  
the list of significantly differentially expressed genes (7 genes with p-values ensuring an             
overall FDR of 5%), and the list of the 34 most differentially expressed genes (FDR cutoff                
<12%). We determined the contigs of interest’s putative functions and ontologies by using             
the softwares blastn (Conesa et.al, 2005) and blast2GO (Bethesda, 2008). 
  
Gene Ontology Enrichment Test 
  
We selected a set of Gene Ontology (GO) terms, chosen because of a priori knowledge about                
reactions to freezing and drought in plants. We used a fisher’s exact test to determine if those                 
gene ontologies were significantly more often occurring in our differentially expressed genes. 
  
The chosen GOs that were selected a priori were related directly to freezing or drought stress.                
The list was completed by including GO with cell wall related mechanisms for two reasons.               
The first reason is that cell wall modifications are one known way for the plant to resist to                  
temperature and water stress (Tenhaken, 2014; Gall et. al, 2015, Ramakrishna, Ravishankar,            
2011). The second reason is related to a previous hypothesis that the trichomes cell wall               
would be different between phenolic and non phenolic individuals as a resistance strategy             
during freezing stress (Amiot et. al, 2005). The last added ontologies have been found in               
other plant cases of resistance to freezing (Li et. al, 2016). 
  
The complete list contained the following ontologies: response to temperature stimulus           
(GO:0009266), response to cold (GO:0009409), response to water (GO:0009415), response          
to water deprivation (GO:0009414), drought recovery (GO:0009819), cell wall         
(GO:0005618), plant-type cell wall organization (GO:0009664), cellulose catabolic process         
(GO:0030245), cellulose biosynthetic process (GO:0030244), pectin catabolic process        
(GO:0045490), nucleotide binding (GO:0000166), ion binding (GO:0043167), and catalytic         
activity (GO:0003824). 
  
For each GO term, we reported the number of contigs in the differentially expressed set               
where it appeared, the same number in the whole list of contigs, and likewise, the number of                 
contigs where this GO term was absent in the set of differentially expressed genes and in the                 
full set. This contingency table was used to perform a fisher’s exact test. 
The obtained list of p-values was adjusted using a Benjamini and Hochberg correction, and              
declared significant if presenting a p-value below 0.05 after correction. 
  
Selection pattern detection on the candidate genes polymorphism data 
  
We looked at selection patterns of the 34 most differentially expressed genes. The rationale              
for doing so is because of our design, genuinely differently expressed genes might not reach               
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significance after multiple tests correction but still be informative about broad gene functions             
underlying ecotypic differences. 
  
To detect pattern of selection we used Hudson’s Snn, the ratio of non-synonymous (piN) on               
synonymous (piS) nucleotidic diversity, and Tajima’s D (TD). 
All 18 thyme individuals of the study previously published by Mollion et al (2018), including               
those for which the chemotype was not ascertained as P or NP, were used to obtain                
population genetics measures except for Snn where a chemotype identification was required.            
For the Snn measures we only used the 10 individuals for which chemotypes were known. 
  
  
As we expect P and NP individuals to have at least some genes conferring them an advantage                 
in their respective environments, and therefore to not be intercrossing freely between those             
environments, we used the Snn measure (Hudson, 2000) on our candidate genes. This             
measure calculates the probability that two close sequences are also in the same locality or set                
of individuals defined, here P or NP individuals. If there is a strong structuration between P                
and NP, then we expect Snn to be close to 1. 
  
  
The piN/piS ratio is commonly used to quantify the amount of purifying selection on a               
genome. Highly conserved genes will show low piN/piS, indicating strong purifying           
selection. We therefore expect, that among either P or NP individuals, genes having a role in                
ecotypic differentiation would be under purifying selection. 
  
Tajima’s D is a statistic comparing the number of segregating sites to the average number of                
pairwise difference, and is often used to detect footprints of either balancing selection             
(positive TD) or selective sweeps (negative TD). One possible explanation for chemotype            
maintenance is balancing selection. If there are traces of balancing selection, then we expect              
strongly positive TD values for the concerned contigs. If there are traces of selective sweep,               
we would see the opposite tendency (more negative values). 
  

We calculated piN and piS using executables from the PopPhyl project (as in Gayral et.al,               
2013). TD calculations were made using a homemade script which results were checked by              
comparing it to DnaSP version 5 (Librado, Rozas, 2009). Snn was measured between P and               
NP individuals using a homemade script 
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RESULTS 
 
Prior candidate genes : identification of contigs corresponding to the gamma terpinene            
synthase 
We retrieved the gamma terpinene synthase FASTA sequences on Genbank, which           
corresponded to tsp1 and tsp2 and did a homology search of these sequences on our 51615 de                 
novo assembled ORF contigs sequences used as search database. 
  
Gamma terpinene synthase sequences matched with Contig12377 with the highest alignment           
score and displaying more than 80% identity to the query. Both references tsp1 and 2 are                
1482 bp long, and Contig12377 matched to both respectively with length 1788 and 1791. 
  
Differential gene expression analysis 
  
Of the starting 51615 contigs used for the differential analysis, 50638 remain after we              
removed those with lowest coverage (an average of less than five reads mapping), and 36205               
remains after removing the contigs having more than three individuals with no coverage. 
  
The normalization by the library size makes the median of reads counts per contigs go from                
5438 before normalization to 5380.1 after, and the mean, from 835.95 to 10139.97. 
Before normalization, the reads counts mean per library was comprised between 9825.8 and             
10505.7 and the median, between 3715 and 7062. 
  
After normalization, the counts goes from a minimum of 9825.8 to a maximum of 10505.7               
and the median goes from a minimum of 5215.8 to a maximum of 5521.8 (boxplots of log                 
coverage of normalized libraries in Supp. Fig. 1). The variance between libraries has             
therefore been considerably reduced. 
[MOU1]  

After normalization for library size, we modelled the mean variance relationship and derived             
a weight for each count to be used for statistical inference on differences of expression. The                
standard deviation decreased with the mean read count (see Supp. Fig. 2, Sqrt (standard              
deviation)=3.2-0.2*log2(count size +0.5) with p-value<2e-16 and R-squared=70%). 
  
When using an overall false discovery rate (FDR) of 5%, seven significantly differentially             
expressed contigs were found between phenolic and non phenolic chemotypes (Supp. Figure            
3 & 4, Supp. Table 1). We note that expression of these contigs was close to average, which                  
shows that the inference of differential expression is not biased by the strength of expression.               
When setting our FDR threshold to 12% (instead of 5%), 34 genes differentially expressed              
genes were found and this included the gamma terpinene synthase enzyme. 
  

Differential expression analysis reveals functions in cell wall formation potentially          
linked to freezing resistance 
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The differentially expressed contigs could be annotated using homology search and were            
found to have roles and ontologies related to the plant’s cell wall matrix (Supp. Table 1,                
Supp.Fig.5). They were all expressed in higher levels in phenolic compared to non phenolic              
individuals. 
  

Among the 34 genes 3 were hypothetical proteins with no known functions. When looking at               
annotations, 6 contigs do not show any possible gene ontologies, leaving us with 28 contigs               
for the gene ontology analysis. 
For our enrichment analysis, some of our candidate gene ontologies we chose a priori were               
not considered further as they never appeared in those contigs: response to cold             
(GO:0009409), response to water deprivation (GO:0009414), drought recovery        
(GO:0009819), nucleotide binding (GO:0000166), ion binding (GO:0043167), and catalytic         
activity (GO:0003824). 
  
Among the 28 contigs that could be annotated, most have functions related to cell wall. This                
finding was also confirmed when examining gene ontologies (GO) of the candidates for             
differential expression. In particular the set of candidates was significantly enriched for            
specific gene ontologies (Supp.Fig.7, Supp. Table 2). The Gene Ontology enrichment test we             
used found that “cell wall” and other functions related to it (cellulose or pectin) were enriched                
in the differentially expressed genes set (Table 1). 
 

 

Table 1: Gene Ontology occurrences for the chosen candidate GO in the 28 most              
differentially expressed genes between P and NP. The fisher’s exact test’s p-value corrected             
by Benjamini and Hochberg method is reported in the last column. 

GO description GO Count  
in Set 

Count 
Other 
GOs in  
Set 

GO 
Count 
in Full 

Count 
Other 
GOs in  
Full 

P-valu
e 

GO:000926
6 

Response to  
temperature stimulus 

0 28 1  654  1 

GO:000561
8 

cell wall 2 26 4 651 0.05 
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GO:000966
4 

plant-type cell wall   
organization 

1 27 1 654 0.11 

GO:003024
5 

cellulose catabolic  
process 

1 27 1 654 0.11 

GO:003024
4 

cellulose 
biosynthetic process 

2 26 4 651 0.05 

GO:004549
0 

pectin catabolic  
process 

2 26 1 654 0.03 

 

 

 

Detecting footprints of selection in candidates genes 
  
In order to detect patterns of selection, we compared the values observed for the 34               
candidates to the global distribution obtained on all contigs for three statistics: Hudson’s Snn,              
piN/piS, and Tajima’s D. For each statistic, we examine whether the values observed on our               
set of candidate genes form a pattern suggestive of the occurrence of selection. 
  
  
Before examining the values of our set of candidates, we examined if our chosen summary               
statistics were not also influenced by expression level. We can for instance expect a              
correlation of purifying selection patterns with expression, and that the most expressed genes             
should also be the most constrained (lowest piN/piS). In that case, expression should be taken               
into account in our analysis. However, none of the selection patterns were correlated with              
expression (expression being measured by mean/variance, and median/interquartile range         
ratios). 
We also examined if constraints on expression would induce a difference in the variance as               
measured by the interquartile range of expression in some contigs. When measuring the             
interquartile range of expression for phenolic individuals divided by the same measure for the              
non-phenolic individuals, each of the interquartile normalized by the mean of P or NP              
individuals, we did not find any correlations with our selection pattern measures. 
The proportion of variance of summary statistics explained by expression measures (mean,            
median, variance or interquartile range) was less than 0.001 %. Patterns of selection was              
therefore examined without taking expression into account. 
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Figure 3: Distribution of Hudson Snn’s measures for all contigs. The 30 most DE genes are 
highlighted in red, and the gamma terpinene in green. 
 
When we look at the extent of nucleotide differences between individuals classified on the 
basis of their chemotype (as measured by Snn), the gamma terpinene  synthase lies in the top 
9%  quantile of the empirical distribution (Snn=0.527, Figure 3). Values above 0.6 include 
candidate contigs which are homologous to an esterase lipase, an expansin, a xyloglucan 
glycosyltransferase, and an hypothetical protein, and a F-box protein (Sn=0.72). When 
considering the group of candidates as a whole, there was no consistent pattern of excess 
genetic differentiation among the P and NP individuals (which one could expect if a fraction 
of these genes harbor polymorphisms that entail sizably different selection coefficients in P 
versus NP individuals). 
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Figure 4: Histogram of the log(piN/piS) for each contig with emphasis on candidate genes. 
The 34 most differentially expressed genes’ values are red dots whereas the terpene synthases 
are in green and cyan.  
 
In the empirical distribution of log(piN/piS) (Figure 4), gamma terpinene synthase lies in the              
lower range and is close to the peak of the distribution (piN/piS = 0.028). The remaining                
candidate contigs span the range of the observed distribution and do not show any consistent               
pattern that could be interpreted as overall stronger (as evidenced by lower piN/piS) or more               
relaxed selection. 
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Figure 5: Histogram of Tajima’s D with emphasis on candidate genes. The 34 most 
differentially expressed contigs’ values are red dots whereas the terpene synthases are in 
green and cyan.  
 
The gamma terpinene synthase presents TD value close to the mean of the whole distribution               
(TD=0.18, Figure 5). The most extreme values of TD found among candidates is found for a                
contig with homology to a lipoxygenase family protein (TD=3.067). But here again, we do              
not see any trend suggesting that candidate contigs exhibit TD values suggestive of recent              
selective sweeps (if TD values lies in the most negative range) or balancing selection (very               
positive values). 
 
 
 
 
 
 
 
 
 
 
 
 

46 



DISCUSSION 
 
Despite a modest sample size, we uncovered consistent differential gene expression between            
the 2 classes of chemotypes for a small set of genes. The genes that were differentially                
expressed between the two chemotypes did not show any specific selection signatures            
(balancing selection or indication of recent sweep). One of the possibility is that the locus of                
selection might also be in regions that were not surveyed by our transcriptome sequencing              
approach. In particular, we have not surveyed polymorphism in regulatory regions that may             
account for the differences of expression that we uncovered. 
Our main and most striking result is the fact that differentially expressed genes between non               
phenolic and phenolic chemotypes were all related to cell wall mechanisms such as cohesion,              
protection, biogenesis, and growth. Those genes’s predicted functions are related to lignin,            
pectin, glucans, cellulose, hemicellulose and expansin which are among the most well known             
actors of cell wall related mechanisms (Lodish et. al, 2000). It has been reported that proteins                
such as expansin, xyloglucan, lignins, and pectins can be used as a defense mechanism              
against drought or freezing stress (Tenhaken, 2014; Gall et. al, 2015) and that more generally,               
cell wall do play a role in plant resistance against those stresses (Ramakrishna, Ravishankar,              
2011). 
An increased lignification strengthens the plant’s secondary cell wall, allowing the plant to be              
able to maintain its stature and to prevent water loss or damages due to freezing. In case of                  
drought, cell wall elasticity should be maintained to counteract the loss of cell turgor which               
affects the plant’s growth. Cell wall elasticity can be regulated by acting on pectins,              
hemicellulose, and expansin expression, and can allow the plant to keep growing even under              
a drought stress. The pectin matrix can also be regulated in order to prevent water loss, which                 
is useful in drought and freezing stress (Gall et.al, 2015). 
  
When plants are exposed to frost, they must avoid the formation of ice crystals in the cell.                 
Accumulation of solutes such as sucrose can depress freezing point of water in the cell. If                
water instead freezes outside the cell (i.e. in intercellular spaces) this cause dehydration of the               
cell much similar to a plant drying out during drought. This process of dehydration (extra               
cellular freezing) is therefore similar to that of water stress (drought), and at least a partly                
overlap in response to these stresses are observed (Hiilovaara-Teijo & Palpa 1999). 
In T. vulgaris, previous ecological studies of natural populations in the same geographic             
locations show that populations rarely experience both severe drought stress in summer and             
severe freezing in winter. Populations typically only experience one or the other. Ecotypes             
(here NP versus P chemotypes) show reduced performance after drought or freezing            
depending on which of these stress factors is the more important selective force in the wild.                
This suggests that, in T vulgaris, the physiological mechanisms and functional traits involved             
in adaptation to drought and freezing episodes may be distinct (Thompson et al. 2007). 
  
Other strategies exist for plants to endure freezing or drought stress. It can include              
morphological changes in the roots to allow it to gather more water or nutrients in the case of                  
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drought, osmotic adjustment, accumulation of osmolytes and organic acids to maintain turgor            
pressure, regulation of stomatal movements, changes in carbohydrates metabolites to ensure           
membrane stability (Valliyodan, Nguyen, 2006), synthesis of cryoprotectant molecules         
(Ramakrishna, Ravishankar, 2011) or even changes in flowering time to avoid freezing or             
drought period at critical development periods. Some pathways have been identified and we             
checked if the related Gene Ontology terms (Response to water, response to temperature             
stimulus (which include response to freezing)) were enriched in our differentially expressed            
genes. This was not the case, and only cell wall related ontologies were found to be enriched                 
in our set of differentially expressed genes (Table 1). 
  
Alternatively, cell wall genes are differentially expressed in P and NP plants because P-plants              
grow more/show higher vegetative growth and hence recover faster after summer drought            
than NP-plants. We sampled leaves for transcriptome sequencing occurred in the autumn just             
at the time where plants begin their regrowth after being near dormant during the              
Mediterranean summer. Indeed, in a big reciprocal transplant experiment, it was found that             
phenolic plants attained a larger size than non-phenolic plants when grown in phenolic             
region, whereas there was no difference in size between P and NP plant at NP regions                
(Thompson et al. 2007). 
No compelling traces of selection were uncovered in this study when focusing on contigs              
with gene expression differences among two strongly locally adapted ecotypes. We           
acknowledge that interpreting this negative result is not straightforward because our study has             
inherent limitations. The sample size we used limits our power to detect modest gene              
expression differences and we can only survey a fraction of the genome for footprints of               
selection in polymorphisms. Moreover, our sampling scheme and the small number of            
individuals and populations surveyed precludes us to make precise inference about spatially            
varying selection from patterns of nucleotide variation. 
  
  
It would be interesting to further study the differentially expressed genes found and             
investigate whether they procure an advantage during a freezing or drought stress. This set of               
candidate genes are a useful entry point for future landscape genomics studies aiming at              
tracking the covariation between molecular polymorphism, adaptive phenotypes and fine          
grained environmental variation. 
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Abbreviations 
 
BLAST Basic Local Alignment Search Tool 
CDS Coding Sequences 
DE Differentially Expressed 
NP Non Phenolic 
ORF Open Reading Frame 
P Phenolic 
piN Nucleotidic diversity for non synonymous sites 
piS Nucleotidic diversity for synonymous sites 
SFS Site Frequency Spectrum 
SNP Single Nucleotide Polymorphism 
TD Tajima’s D 
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Supplementary Figure 1: Log coverage of normalized counts per libraries (A:alpha-terpineol,           
G: Geraniol, L: Linalool, U: thuyanol, C: carvacrol, T: thymol, the numbers identifies the              
libraries having the same chemotypes) 
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Supplementary Figure 2: Standard deviation as a function of counts transformed by voom             
(log2(count+0.5) for every contigs. The red line represents the mean variance lowess            
regression by voom. Each point corresponds to a contig.  
A simple linear regression shows this result: 
Residuals: 
     Min       1Q   Median       3Q      Max  
-1.13283 -0.22448 -0.02626  0.17995  1.94686  
 
Coefficients: 
                Estimate Std. Error t value Pr(>|t|)  
(Intercept)    3.2489355  0.0083058   391.2   <2e-16 *** 
(v$voom.xy)$x -0.2001037  0.0006919  -289.2   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.3326 on 36203 degrees of freedom 
Multiple R-squared:  0.6979, Adjusted R-squared:  0.6979  
F-statistic: 8.363e+04 on 1 and 36203 DF,  p-value: < 2.2e-16 
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Supplementary Figure 3: Histogram of the frequencies of normalized average expressions of 
every contig with emphasis of the seven differentially expressed contigs. The seven 
significantly differentially expressed genes are highlighted as red dots on the x-axis.  
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Supplementary Figure 4: Heatmap of the seven differentially expressed contigs normalized 
expression counts for each library (NP: Non Phenolic, P: Phenolic). Each line corresponds to 
one contig and each column to one individual or library. The range of color goes from white 
(low expression) to red (high expression). 
 
 
 
 
 
Supplementary Table 1: 7 most differentially expressed contigs list between P and NP             
individuals 

Name of the   
contig 

Identifier Function Gene Ontology Ratio Expression NP/P 
 

Contig71976 XP_0128318
59.1 

pectin esterase inhibitor   
(cell wall, response to    
stress (Gall et. al, 2015)) 

C:cellular_component; 
F:molecular_function 0.819 

Contig74515 XP_0042380
20.1 

rhamnogalactorunate lyase  
b (expansion of cell, lignin     
degradation (Naran et.al,   
2007)) 

P:carbohydrate metabolic  
process; 
F:molecular_function 0.777 

Contig21476 Gb 
KVI04342.1 

diacylglycerol/ 
o-acyltransferase wsd1-like  

F:transferase activity,  
transferring acyl groups;   
P:lipid metabolic process;   0.842 
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(cuticular wax biosynthesis   
(Li et.al, 2008) 
 

P:biosynthetic process;  
C:plasma membrane 

Contig71769 gb|EOY3012
8.1 

Plant invertase/pectin  
methylesterase inhibitor  
superfamily (plant cell wall    
cohesion (Cosgrove, 2005)) 

P:cell morphogenesis; C:cell   
wall; P:cell wall organization    
or biogenesis;  
C:extracellular region;  
P:growth 0.868 

Contig10367 XP_0128391
73.1 
 

endobetaglucanase (plant  
cell wall biogenesis   
(Cosgrove, 2005)) 

P:carbohydrate metabolic  
process; P:catabolic  
process; 
C:cellular_component; 
F:hydrolase activity, acting   
on glycosyl bonds 0.876 

Contig7915 XP_0128281
06.1 

Villin-3-like isoform x1/actin   
depolymerizing factor  
(regulation of cell wall    
growth (Hussey, 2006) 
 

P:cytoskeleton organization;  
P:cellular component  
assembly; F:cytoskeletal  
protein binding 0.809 

Contig2390 Gb 
AEQ55276.1 

expansin protein  
(plasmodesm, plant cell   
wall (Gall et. al, 2015) 

P:cell morphogenesis; C:cell   
wall; P:cell wall organization    
or biogenesis;  
C:extracellular region;  
P:growth 0.686 
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Supplementary Figure 5: Word cloud of ontologies from the 7 significantly differentially            
expressed contigs list 
 

54 



 
Supplementary Figure 6: Heatmap  of the 34 most differentially expressed contigs normalized 
expression counts for each library (NP: Non Phenolic, P: Phenolic). Each line corresponds to 
one contig, and each column, to one individual or library. The linalool production enzyme 
was added to the list. Contig12377 = gamma terpinene, Contig71000= linalool; The range of 
color goes from white (low expression) to red (high expression). 
 
 
Supplementary Table 2- 34 most differentially expressed contigs list between P and NP             
individuals 

Name 
of the  
contig 

Acces
sion 

Fonction Gene Ontology Ratio Expression NP/P 

Contig1
09333

XP_01
28429
65.1 

protein eceriferum 26-like 

F:transferase activity 0.928 

Contig2
5407 

XP_00
63457
04.1 

probable LRR receptor-like   
serine/threonine-protein kinase  
At4g20940 

C:membrane; P:phosphorylation;  
F:kinase activity 0.887 

Contig5
0657 

: 
XP_01
10942
04.1 

uncharacterized protein  
LOC105173962 

 0.903 
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Contig6
5743

XP_00
23116
17.1 

lipoxygenase family protein F:oxidoreductase activity, acting   
on single donors with    
incorporation of molecular   
oxygen, incorporation of two    
atoms of oxygen; F:metal ion     
binding; P:oxylipin biosynthetic   
process; P:oxidation-reduction  
process 0.889 

Contig1
0367 

XP_01
28391
73.1 

endoglucanase 10-like P:carbohydrate metabolic  
process; P:catabolic process;   
C:cellular_component; 
F:hydrolase activity, acting on    
glycosyl bonds 0.876 

Contig8
0021

XP_01
28556
55.1 

pectate lyase P:pectin catabolic process;   
F:metal ion binding; F:pectate    
lyase activity 0.813 

Contig2
1476

 

XP_01
28483
31.1 

o-acyltransferase wsd1-like F:transferase activity,  
transferring acyl groups; P:lipid    
metabolic process;  
P:biosynthetic process;  
C:plasma membrane 0.842 

Contig4
5387

 

XP_00
25173
83.1 

xyloglucan glycosyltransferase  
4 

C:trans-Golgi network;  
C:endosome; C:integral  
component of membrane;   
F:cellulose synthase  
(UDP-forming) activity; C:plasma   
membrane 0.837 

Contig7
5171 

XP_01
28559
28.1 

transmembrane 9 superfamily   
member 4-like F:transferase activity,  

transferring acyl groups 0.856 

Contig7
915

XP_01
28281
06.1 

villin-3-like isoform x1 P:cytoskeleton organization;  
P:cellular component assembly;   
F:cytoskeletal protein binding 0.809 

Contig1
8046 

gb|AJ
Q2063
6.1 

long chain acyl- synthetase 2 F:very long-chain fatty acid-CoA    
ligase activity; P:long-chain fatty    
acid metabolic process; P:cutin    
biosynthetic process;  
C:plasmodesma; C:endoplasmic  
reticulum; P:defense response to    
fungus; F:long-chain fatty   
acid-CoA ligase activity; P:lateral    
root formation 0.933 
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Contig1
2377 

gb|AF
Z4178
6.1 

gamma-terpinene synthase F:magnesium ion binding;   
P:metabolic process; F:terpene   
synthase activity 0.732 

Contig7
1976 

XP_01
28318
59.1 

glucomannan 
4-beta-mannosyltransferase 
9-like 

P:carbohydrate metabolic  
process; P:catabolic process;   
C:cell wall; P:cell wall    
organization or biogenesis;   
F:enzyme regulator activity 0.819 

Contig7
4515 

XP_00
42380
20.1 

probable rhamnogalacturonate  
lyase b 

 0.777 

Contig3
0169 

XP_01
28503
32.1 

protein trichome  
birefringence-like 3 C:membrane; C:integral  

component of membrane 0.822 

Contig7
3962 

XP_01
28524
93.1 

malonyl-coenzyme:anthocyanin 
5-o-glucoside-6 
-o-malonyltransferase-like 

C:plant-type vacuole membrane;   
C:integral component of   
membrane; F:malate  
transmembrane transporter  
activity; P:malate  
transmembrane transport 0.873 

Contig5
7331 

XP_01
28282
09.1 

F-box protein At2g32560-like   
isoform X2 

 0.894 

Contig7
1769 
 

gb|EO
Y3012
8.1 

plant invertase pectin   
methylesterase inhibitor  
superfamily F:metal ion binding 0.868 

Contig9
5309 

XP_01
01090
83.1 

xyloglucan 
galactosyltransferase katamari1  
homolog 

P:xyloglucan biosynthetic  
process; C:integral component of    
membrane; 
F:galactosyltransferase activity;  
C:Golgi apparatus 0.885 

Contig1
0655

XP_01
51620
92.1 

gdsl esterase lipase exl3-like 

 0.821 

Contig4
7250 

gb|EO
Y0293
2.1 

Clp ATPase 
F:nucleotide binding; F:ATP   
binding 1.162 

Contig1
03713 

gb|KD
O5872
0.1 

hypothetical protein  
CISIN_1g041382mg 

F:nucleotide binding; F:ATP   
binding; P:mitotic sister   
chromatid cohesion; P:regulation   
of gene expression; F:chromatin    
binding 1.112 
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Contig2
830 

XP_00
96271
14.1 

uncharacterized protein  
LOC104117735 

 1.103 

Contig2
2383 

gb|AJ
D2518
5.1 
XP_01
28436
27.1 

cytochrome P450 CYP76S7 
geraniol 8-hydroxylase-like 

F:iron ion binding;   
F:oxidoreductase activity, acting   
on paired donors, with    
incorporation or reduction of    
molecular oxygen; C:integral   
component of membrane;   
P:oxidation-reduction process;  
F:monooxygenase activity;  
F:heme binding 1.276 

Contig1
2322 

XP_01
28379
83.1 

glucomannan 
4-beta-mannosyltransferase 
2-like 

C:integral component of   
membrane 0.895 

Contig8
6612 

XP_01
28438
73.1 

aluminum-activated malate  
transporter 4-like 

C:plant-type vacuole membrane;   
C:integral component of   
membrane; F:malate  
transmembrane transporter  
activity; P:malate  
transmembrane transport 0.829 

Contig2
390 

Gb 
AEQ5
5276.1 

expansin protein P:cell morphogenesis; C:cell   
wall; P:cell wall organization or     
biogenesis; C:extracellular  
region; P:growth 0.686 

Contig1
253 

XP_00
63502
75.1 

probable polygalacturonase  
at1g80170 

P:carbohydrate metabolic  
process; F:polygalacturonase  
activity; P:cell wall organization;    
C:extracellular region 0.801 

Contig9
708

gb|EY
U4261
3.1 

hypothetical protein  
MIMGU_mgv1a003791mg 

F:oxidoreductase activity,  
oxidizing metal ions; P:lignin    
catabolic process; F:copper ion    
binding; P:lignin biosynthetic   
process; C:apoplast;  
P:oxidation-reduction process;  
F:hydroquinone:oxygen 
oxidoreductase activity 0.728 

Contig7
4736 

XP_01
10816
01.1 

uncharacterized protein  
LOC105164610 

 0.831 

Contig2
109 

XP_01
28421
71.1 

uncharacterized protein  
LOC105962410 C:membrane; C:integral  

component of membrane 0.806 
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Contig7
4837 

gb|EO
Y0940
9.1 

Uncharacterized protein  
TCM_024834 

F:zinc ion binding; F:metal ion     
binding; F:protein-disulfide  
reductase activity;  
P:oxidation-reduction process;  
P:intracellular signal  
transduction; C:intracellular 0.563 

Contig1
05547

gb|EY
U3259
9.1 

calcium ion binding 

F:metal ion binding 1.701 

Contig6
2444 

XP_01
10822
44.1 

uncharacterized protein  
LOC105165067 

 1.401 

 
 
 

 
Supplementary Figure 7: Word cloud of ontologies from the 34 most differentially expressed             
contigs list 
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Chapter 3: polyDFE checks and simulations 

Contributors: Paula Tataru, Maeva Mollion, Sylvain Glemin, Thomas Bataillon  
 
 
In this chapter, I highlight my contribution to the polyDFE software, which has been to               
participate in testing this method’s accuracy by using simulations in collaboration with Paula             
Tataru and Thomas Bataillon.  
 
Most methods that infer DFE based on the Poisson Random Field (PRF) theory use              
polymorphism and divergence from an outgroup data to infer a negative and neutral DFE              
based on the assumption that beneficial mutations sweep to fixation so quickly that they have               
a negligible contribution to polymorphism (Smith, Eyre-Walker, 2002; Keightley,         
Eyre-Walker, 2010). The proportion of beneficial mutations is then inferred from the      α       
observed number of fixed substitutions at NS sites compared to the derived expected             
divergence caused by deleterious and neutral mutations. 
However, this assumption seems unlikely to be completely true as mutations have to first              
increase in frequency to fixate, and weakly deleterious and beneficial mutations are expected             
to contribute in the same way to polymorphism and divergence (Charlesworth, Eyre-walker,            
2007) which would mean that if we take into account deleterious mutations of low intensity,               
positive mutations and their contribution to SFS should also be considered.  
A second hypothesis that most methods share is that ingroup data which affects             
polymorphism and divergence, and outgroup data which affects divergence share the same            
effective population size Ne. However, this is also unlikely to be always the case and a                
difference in Ne between ingroup and outgroup will affect the inference. For example, if Ne               
is smaller in the ingroup, then purifying selection will be less effective in the ingroup and                
there might be more genetic drift. More genetic drift mean that more mutations will              
contribute to divergence by chance only. If the outgroup’s Ne is bigger than the ingroup’s Ne,                
then the global assumed Ne will be bigger than the ingroup’s Ne. Therefore, the inference               
will underestimate the effect of drift and and might conclude wrongly that some fixed              
mutations are beneficial.  
To improve the bias these last assumptions can create on the DFE inference, a new robust                
method called polyDFE allowing to infer the full DFE from polymorphism data was designed              
by Tataru et al., 2017. In order to test its accuracy, we conducted population genomics data                
simulations using the SFS-CODE software, under several scenarios where different          
combinations of known parameters made varied. We then ran polyDFE on these     α         
simulations to test its accuracy in recovering the DFE parameters and . As a comparison, I           α      
also ran another widely used method called dfe-alpha (Eyre-Walker and Keightley, 2007) on             
these same simulations. 
 

64 



polyDFE method 
polyDFE is a new method that have been developed by Thomas Bataillon, Sylvain Glemin,              
and Paula Tataru (Tataru et al., 2017). It is based on the PRF theory, and differs from it by                   
the fact that it incorporates demography nuisance parameters (as in Eyre-Walker et al., 2006,              
the method being explained in chapter 1), ancestral errors, and that the full DFE can be                
inferred from polymorphism data alone- this last point removing the bias that can appear if               
there is a difference in Ne between the ingroup and the outgroup.  
 
The ancestral error term (misidentification of the ancestral and derived allele in    εanc         
computing the unfolded SFS) is incorporated in the polymorphism counts expectation.  
Shared demography parameters are added to the non-synonymous and synonymous   ri         
polymorphism counts (Eyre-Walker et. al, 2006).  
In the divergence counts, a term accounting for the possible errors due to sampling the      rn           
ingroup and falsely detecting a fixed mutation is also added.  
 
Mutation variability throughout the genome is also allowed by splitting the data between             
genomic fragments with specific mutation rates, each following  a gamma distribution.  
 
Finally the polymorphism and divergence counts are modeled as following a negative            
binomial distribution instead of a Poisson distribution, which allows more variability. 
 
 
The DFE assumed includes every possible values from –∞ to +∞ and can be set as a reflected                  
Gamma distribution (model A, with no positive s), a negative reflected gamma distribution             
with a positive exponential distribution (Gamma+Expo: model C), or a negative reflected            
gamma distribution with a peak of positive distribution (Gamma+Peak: model B). 
 
In this study, we have only used model C (Gamma Exponential) which has 4 parameters: Sd                
(scaled mean of the gamma distribution), b (shape of the gamma distribution), Sb (mean of               
the exponential distribution) and pb (probability for a mutation to be beneficial) as in Figure               
3. 
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Figure 3: Assumed DFE shape and parameters: a mixture of a Gamma distribution for the               
negative part and of a negative exponential distribution for the positive part (not to scale) 
 
 
Once parameters have been retrieved by maximum likelihood estimations by polyDFE, it is             
possible to infer α, the proportion of adaptive substitutions, from expectations derived either             
from the whole data, either from polymorphism data only. We calculated α as the ratio of                
expected divergence counts under selection assuming a positive selection coefficient over the            
expected counts for every possible selection coefficient (1).  
 

(1)α = E(Dns)
E(Dns|S>=0)  

Dns being the non-synonymous divergence counts, and S=4Ne*s. 
 
For more details about the method, we refer the reader to Tataru et. al publication in 2017.  
 
 

Dfe-alpha method and its difference from polyDFE 
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Dfe-alpha is a method developed by Eyre-Walker and Keightley, 2007, first designed to infer              
the deleterious DFE from polymorphism data, then extended to infer an estimate of the              
proportion of adaptive substitutions using divergence data (Eyre-Walker and Keightley,    α        
2009), and later to infer the rate and fitness effects of beneficial mutations, taking then the                
name DFE-adaptive (Schneider et al., 2011)). There has been a recent improvement allowing             
to estimate the unfolded SFS taking hold of the ancestral identification problem (Keightley             
et.al, 2016) but we have not used it at the time of the study. 
 
The inferred is corrected for misattributed polymorphism (Keightley and Eyre-Walker,  α         
2012). To calculate , it is assumed that the inferred DFE incorporate only negative   α            
selection but that observed divergence counts incorporate beneficial mutations. The          
difference between the observed and expected number of NS substitutions would then reflect             
beneficial substitutions. 
Therefore: 
 

(2)α = Dns
Dns − E(Dns)  

 
Like polyDFE, it is based on the PRF theory. However, it models a deleterious DFE which is                 
assumed to follow a gamma distribution. A second difference is that dfe-alpha fits an explicit               
demographic model where the user can choose to fit from 0 to three population size changes                
in the past.  
 
 
In polyDFE, can be calculated from the full DFE inferred and is therefore called (in  α             αdfe   
equation (1)), or by using observed divergence counts like in dfe-alpha, in which case it is                
still called (defined in equation (2)). This notation is only dependent of the calculation  αdiv             
method, and the real that we can get from the simulations does not need any subscript.α  
 
At the time when we ran these programs, we were not aware of an implemented method to                 
correct the unfolded spectrum from ancestral errors in dfe-alpha, which is why I used the               
folded spectrum in dfe-alpha method for the comparison. 
I inferred , and compared this measure in the two methods. We used polyDFE by  αdiv              
inferring a full DFE using an unfolded SFS and no divergence, with or without ancestral error                

. I used dfe-alpha by inferring a deleterious DFE using a folded SFS.ε   
 
Dfe-alpha was run in three steps, as the user manual suggests. First, the neutral SFS is                
analyzed using the program est_dfe to estimate demographic and mutation parameters using            
the two epochs model.  
Second, the selected SFS is analysed using est_dfe, the previously inferred neutral            
parameters, and by giving the program the real positive parameters. In the third step, is              αdiv  
estimated using the program est_alpha_omega. 
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Simulations conducted with SFS_CODE 
 
In order to perform simulations with known DFE parameters to compare the performance of              
the new program polyDFE to those of dfe-alpha, we used SFS-CODE, a program to simulate               
datasets under known selection, mutation, linkage, and demographic parameters (Hernandez,          
2008). The full details of the simulation setups can be found in Tataru et al., 2017.  
To simulate ingroup and outgroup, we simulated two populations that split and evolved             
independently during 5 time units. Each population consisted of a 10.8Mb genomic element             
separated in 1000 non recombining, independent fragments (each being an SFS-CODE run).            
Each of these fragments consisted of 216 base long segments between which recombination             
occurred at a 2e-5 rate.  
Selection was applied to the ingroup’s non synonymous mutations, consisting of the same             
DFE assumed in polyDFE: a reflected gamma distribution for the deleterious part, and an              
exponential distribution for the beneficial one.  
 
10 diploid individuals (20 sequences) were then sampled from the ingroup and one from the               
outgroup and we used custom made scripts to retrieve SFS and divergence counts.  
 
For this comparison, four values of were simulated: 0, 20, 50, and 80%. Each of those      α            
values came from combinations of possible ranges for the all selection parameters, leading to              
18 simulations setups. Three demographic simulations were added on top of the “base”             
simulation (including or not positive selection): shrink (the population size is halved), grow             
(the population size doubles), and exp (the population size grows exponentially to double the              
initial one). For those simulations, the population size changes occurred 2.5 time units after              
the split. 
 
 
 

Accuracy and comparison of polyDFE and dfe-alpha 
Both polyDFE and dfe-alpha were provided with initial parameters matching those used for             
the simulations. 
The supplementary figure S28, S29, and figure 7 from from Tataru et al., 2017 reflects the                
accuracy of both methods for each simulation. 
Accuracy is measured as log2(estimated parameter / simulated parameter).  
 
For both methods, a high (>80%) led to a good accuracy of the estimates which were less     α             
than 2 folds from the real alpha. 
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For simulations with a null , polyDFE led to very accurate estimates with lower variance     α           
than dfe-alpha. For intermediate values of , polyDFE inference improved as increased,      α      α  
and performed the worst when Sb was low. Dfe-alpha performance varied depending on the              
cause of the difference in but was eventually a little more precise than polyDFE when     α            α 
was very high (80%).  
 
When we considered simulations including a different demography scenario for the ingroup            
(supplementary figure S29), when a deleterious DFE was simulated, estimates from both            
programs were close, but polyDFE performed slightly better. It also had a better accuracy              
when an exponential growth was simulated. When a medium was considered, estimates         α    
were generally close between the two methods but the difference increased when a growth              
scenario was simulated. Dfe_alpha tends to overestimate when the population is growing       αdiv      
which means fixed mutations are misinterpreted as positive selection, whereas polyDFE tends            
to underestimate it. 
 
What could be seen apart from the comparisons with dfe-alpha was that globally, polyDFE              
can accurately recover under our simulations setups. The performances improved as   α         α 
increases.  
 
 
The following article explains more in detail the method principle and the different             
simulations done to test polyDFE accuracy to show the impact of not taking beneficial              
mutations into account, of ancestral errors, and of demography as well as a test on real data. 
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ABSTRACT The distribution of fitness effects (DFE) encompasses the fraction of deleterious, neutral and beneficial mutations.
It conditions the evolutionary trajectory of populations, as well as the rate of adaptive molecular evolution (α). Inferring DFE
and α from patterns of polymorphism, as given through the site frequency spectrum (SFS) and divergence data, has been a
longstanding goal of evolutionary genetics. A widespread assumption shared by previous inference methods is that beneficial
mutations only contribute negligibly to the polymorphism data. Hence, a DFE comprising only deleterious mutations tends to be
estimated from SFS data, and α is then predicted by contrasting the SFS with divergence data from an outgroup. We develop a
hierarchical probabilistic framework that extends previous methods to infer DFE and α from polymorphism data alone. We use
extensive simulations to examine the performance of our method. While an outgroup is still needed to obtain an unfolded SFS,
we show that both a DFE comprising both deleterious and beneficial mutations, and α can be inferred without using divergence
data. We also show that not accounting for the contribution of beneficial mutations to polymorphism data leads to substantially
biased estimates of the DFE and α. We compare our framework with one of the most widely used inference methods available
and apply it on a recently published chimpanzee exome data set.

KEYWORDS distribution of fitness effects, rate of adaptive molecular evolution, beneficial mutations, polymorphism and divergence data, Poisson random

field

New mutations are the ultimate source of heritable variation.
Their fitness properties determine the possible evolutionary tra-
jectories that a population can follow (Bataillon and Bailey 2014).
For instance, supply rate and fitness effects of beneficial muta-
tions determine the expected rate of adaptation of a population
(Lourenço et al. 2011), while the proportion of deleterious muta-
tions conditions the expected drift load of a population (Kimura
et al. 1963). Even a few beneficial mutations with large effects can
quickly move a population towards its fitness optimum, while
the fitness can be reduced through the accumulation of multi-
ple deleterious mutations with small effects that occasionally
escape selection. Genome-wide rates and effects of new muta-
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tions influence, among others, the evolutionary advantage of
sex (Otto and Lenormand 2002), the expected degree of parallel
evolution (Chevin et al. 2010b), the maintenance of variation on
quantitative traits (Hill 2010), and the evolutionary potential
and capacity of populations to respond to novel environments
(Chevin et al. 2010a; Hoffmann and Sgrò 2011).

Effects of new mutations on fitness are typically modeled as
independent draws from an underlying distribution of fitness
effects (DFE) which spans deleterious, neutral and beneficial mu-
tations. There has been considerable focus on estimating the DFE
of new non-synonymous mutations to learn more about factors
governing the rate of adaptive molecular evolution, commonly
defined as the proportion of fixed adaptive mutations among all
non-synonymous substitutions, denoted α. Therefore, inferring
the DFE, both from experimental (Halligan and Keightley 2009;
Bataillon et al. 2011; Sousa et al. 2011; Jacquier et al. 2013; Batail-
lon and Bailey 2014), and from polymorphism and divergence
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data (Eyre-Walker et al. 2006; Keightley and Eyre-Walker 2007;
Boyko et al. 2008; Eyre-Walker and Keightley 2009; Keightley
and Eyre-Walker 2012; Galtier 2016), has been a longstanding
goal of evolutionary genetics.

The McDonald-Kreitman test (McDonald et al. 1991) was one
of the first attempts to use DNA data to measure the amount
of selection experienced by genes. It compares the amount of
variation within a species (ingroup) to the variation between
species. The test contrasts the amount of variation found at syn-
onymous and non-synonymous sites, where synonymous sites
are assumed to be neutrally evolving. Smith and Eyre-Walker
(2002) further developed this test to infer α and the amount of
purifying selection, defined as the proportion of strongly dele-
terious mutations (see also Fay and Wu (2000); Welch (2006)
for a maximum likelihood approach). Building on the Poisson
Random Field (PRF) theory (Sawyer and Hartl 1992; Sethupathy
and Hannenhalli 2008) and arising as extensions to the classic
McDonald-Kreitman test, a series of methods have been devel-
oped to not only characterize the amount of selection, but also
the DFE (Bustamante et al. 2003; Piganeau and Eyre-Walker 2003;
Eyre-Walker et al. 2006; Keightley and Eyre-Walker 2007; Boyko
et al. 2008; Keightley and Eyre-Walker 2010; Gronau et al. 2013;
Kousathanas and Keightley 2013; Racimo and Schraiber 2014),
using it as a building block to estimate α (Loewe et al. 2006; Eyre-
Walker and Keightley 2009; Schneider et al. 2011; Keightley and
Eyre-Walker 2012; Galtier 2016).

Assuming that sites are independent, new mutations arise as
a Poisson process and always occur at new sites, these methods
then either model the observed variation using a Poisson distri-
bution or a binomial distribution conditioned on the total num-
ber of observed mutations (as in (Keightley and Eyre-Walker
2007). Patterns of nucleotide variation within the ingroup can be
summarized via the polymorphism counts occurring in each fre-
quency class and form the site frequency spectrum (SFS), while
variation between the ingroup and outgroup is measured by
fixed mutations as divergence counts (Figure 1). The means of
each entry of the SFS and divergence counts are calculated as a
function of the DFE and other parameters. Selection is assumed
to be weak (s << 1, but note that 4Nes can still be large) and
the DFE to be constant in time and the same in both the ingroup
and outgroup.

In order to disentangle selection from demography and other
forces (Nielsen 2005), the sequenced sites are divided into two
classes of neutrally evolving and selected sites. The DFE is
then inferred by contrasting the SFS counts for the neutral and
selected sites, by assuming that demography and other forces
equally affect the two classes.

Ideally, a full demographic model should be jointly inferred
with the DFE parameters from the data. This can be computa-
tionally very demanding and instead a simplified demography
can be often assumed, where a few population size changes
are allowed (Keightley and Eyre-Walker 2007; Eyre-Walker and
Keightley 2009; Kousathanas and Keightley 2013), or a some-
what more complex model is inferred (Boyko et al. 2008). Alter-
natively, the explicit inference of demography can be avoided
altogether by introducing a series of nuisance parameters that
account for demographic and other effects. These parameters
account for distortions of the polymorphism counts relative to
neutral expectations in an equilibrium Wright-Fisher population
(Eyre-Walker et al. 2006; Galtier 2016). The approach of Eyre-
Walker et al. (2006) can potentially be more robust for estimating
a DFE than putting a lot of faith in a simplified demographic

scenario, especially when demography cannot be simply sum-
marized by a few changes in population size. However, this
approach will only be accurate for modeling the SFS in the limit
of weak selection, as neutral and selected sites will increasingly
have experienced different histories.

The proportion of adaptive substitutions, α, is typically ob-
tained as a ratio between an estimate of the number of adap-
tive substitutions and the observed selected divergence counts
(Loewe et al. 2006; Eyre-Walker and Keightley 2009; Keightley
and Eyre-Walker 2012; Galtier 2016). The number of adaptive
substitutions is calculated by subtracting the expected counts
accrued by fixation of deleterious and neutral mutations from
the observed divergence counts at selected sites. These expected
counts are calculated from an inferred DFE of deleterious mu-
tations (henceforth denoted deleterious DFE). The deleterious
DFE is most often inferred from the SFS data under the assump-
tion that all mutations at selected sites are deleterious. This
approach for estimating α heavily relies on the assumption that
the ingroup and outgroup species share the same DFE - or more
accurately, the same distribution of scaled selection coefficients
S = 4Nes. Unfortunately, this assumption of invariance might
not often be met in practice, because the DFE might change, or
simply because it is unlikely that both the ingroup and outgroup
lineages evolved with the same population size.

There has been great focus on developing methods inferring
a deleterious DFE from polymorphism data alone (Eyre-Walker
et al. 2006; Keightley and Eyre-Walker 2007; Kousathanas and
Keightley 2013; Racimo and Schraiber 2014). These methods rely
on a crucial assumption: beneficial mutations contribute neg-
ligibly to polymorphism and are not modeled. The reasoning
behind this assumption is that strongly selected beneficial mu-
tations will fix very quickly and that “at most an advantageous
mutation will contribute twice as much heterozygosity during
its lifetime as a neutral variant” (Smith and Eyre-Walker 2002),
which is backed by one study (Keightley and Eyre-Walker 2010).
We note that there is no sharp difference in the expected con-
tribution to SFS and divergence counts between beneficial and
deleterious mutations when their selection coefficients are small
(|Nes| < 1) (Charlesworth and Eyre-Walker 2007; Eyre-Walker
and Keightley 2007). Hence, there is scope for weakly-selected
deleterious and beneficial mutations to contribute to both poly-
morphism and divergence data.

We develop a hierarchical probabilistic model that combines
and extends previous methods, and that can infer both the full
DFE and α from polymorphism data alone. While some DFE
methods do model a full DFE encompassing both deleterious
and beneficial mutations (Bustamante et al. 2003; Piganeau and
Eyre-Walker 2003; Boyko et al. 2008; Schneider et al. 2011; Gronau
et al. 2013; Galtier 2016), the majority of them do not estimate α
(but see Schneider et al. (2011), who estimate related quantities).
We note that an outgroup is still needed in order to obtain an
unfolded SFS, but our inference method does not have to assume
invariance of the DFE in the ingroup and outgroup lineages. We
show that the assumption that beneficial mutations make negli-
gible contribution to SFS data is unfounded and that a full DFE
can also be inferred from polymorphism data alone. Using the
estimated full DFE, we show how α can be inferred without rely-
ing on divergence data. Performing inference on polymorphism
data alone is desirable when assumptions regarding outgroup
evolution (for example, invariance of the DFE) are unlikely to
be met. We also demonstrate that when the contribution of
beneficial mutations to SFS data is ignored, both the inferred
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Figure 1 Schematic of data and the hierarchical model assumed in the inference method. Throughout the figure, gray and Blue fill-
ing indicates sites that are assumed to be evolving neutrally or potentially under selection, respectively, while red and blue outlines
indicates polymorphism and divergence data (expectations), respectively. (A) The history and coalescent tree of two populations:
the ingroup (on the left side), for which polymorphism data is collected, and the outgroup (on the right side), for which divergence
counts are obtained. A total of n sequences are sampled from the ingroup (marked in red), with the most recent common ancestor
(MRCA) marked with a red circle. The MRCA of the whole ingroup population is marked with a gray circle. From the outgroup we
typically have access to one sequence (marked in blue). The total evolutionary time between the MRCA of the sample (red circle)
and the sampled outgroup sequence can be divided into the time from the MRCA of the sample to the MRCA of the whole ingroup
population (blue dot-dash line) and T, the time from the ingroup MRCA to the sampled outgroup sequence (blue full line). (B)
Observed site frequency spectrum and divergence counts (pz(i) and dz, with z ∈ {neut, sel} and 1 ≤ i < n). (C) Expected counts
(E [ Pz(i) ] and E [ Dz ], with z ∈ {neut, sel} and 1 ≤ i < n), model parameters and relations between parameters, expectations and
data. The dashed gray and Blue arrows connect observed counts from (B) with matching expected counts from (C).

deleterious DFE and α can be heavily biased. This point was
also made by Messer and Petrov (2013) in the context of studies
relying on McDonald-Kreitman tests. We compare our method
and illustrate the resulting bias using the most widely used
inference method, dfe-alpha (Keightley and Eyre-Walker 2007;
Eyre-Walker and Keightley 2009; Schneider et al. 2011; Keight-
ley and Eyre-Walker 2012). We also investigate the impact of
misidentifying the ancestral state on inference, and illustrate
our method by reanalyzing a recently published exome data set,
containing both polymorphism and divergence counts for three
chimpanzee subspecies (Bataillon et al. 2015).

Hierarchical model for inference of DFE and α

Based on PRF theory, we build a hierarchical model to infer
the DFE from polymorphism (SFS) and divergence counts. Our
model combines and extends features from different approaches.
Figure 1 shows a schematic of the model. We offer below a sum-
mary of the assumptions and theory underlying our approach.
Further details on the likelihood function, its implementation
and numerical optimization can be found in the Supplemental

Material.

Notations and assumptions

The data is divided into sites that are assumed to be either
evolving neutrally (henceforth marked by the subscript neut),
or those bearing mutations with fitness consequences for which
the DFE is estimated (henceforth marked by the subscript sel).
Let the observed SFS be given through pz(i), where pz(i) is the
count of polymorphic sites that contain the derived allele i times,
(1 ≤ i < n), and lz the total number of sites surveyed, where n
is the sample size and z ∈ {neut, sel}. We denote by Pz(i) the
corresponding random variable per site, defined as the random
number of sites that contain the derived allele i times, normal-
ized by lz. From PRF theory, pz(i) follows a Poisson distribution
with mean lzE [ Pz(i) | θ, φ ], where θ = 4Neµ is the scaled mu-
tation rate per site per generation, and φ is a parametric DFE
(Figure 1B and C). A specific example of φ will be given in the
Results and Discussion section. We assume additive selection and
we define the selection coefficient s as the difference in fitness
between the heterozygote for the derived allele and the homozy-
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Figure 2 Expected counts per site as a function of S, for θ =
0.001 and λ = 0.005.

gote for the ancestral allele, leading to fitness of 1, 1 + s and
1 + 2s for the ancestral homozygote, heterozygote and derived
homozygote genotypes, respectively.

Expected SFS
From PRF theory (Sawyer and Hartl 1992; Sethupathy and Han-
nenhalli 2008),

E [ Pneut(i) | θ ] =
θ

i
,

E [ Psel(i) | θ, S ] = θ
∫ 1

0
B(i, n, x)H(S, x) dx,

(1)

where

B(i, n, x) =
(

n
i

)
xi(1− x)n−i

is the binomial probability of observing i derived alleles in a
sample of size n when the true allele frequency is x, and

H(S, x) =
1− e−S(1−x)

x(1− x)
(
1− e−S

) .

Note that due to our scaling of the mutation rate, H(s, x) is pro-
portional (with a factor of 1/2) to the mean time a new semidom-
inant mutation of scaled selection coefficient S = 4Nes spends
between x and x + dx (Wright 1938). Figure 2 shows the expec-
tations from equation (1) as a function of S.

To obtain E [ Psel(i) | θ, φ ], we integrate over the DFE,

E [ Psel(i) | θ, φ ] =
∫ ∞

−∞
E [ Psel(i) | θ, S ] φ(S) dS. (2)

Relative to the expected SFS of independent sites under a Wright-
Fisher constant population (equations (1) and (2)), the observed
SFS can be distorted due to demography, ascertainment bias,
non-random sampling, and linkage. We account for such distor-
tions that affect both the neutral and selected sites to a similar
extent by using the approach of Eyre-Walker et al. (2006) and
introduce nuisance parameters ri, 1 ≤ i < n, that scale the
expected SFS, for z ∈ {neut, sel},

E [ Pz(i) | θ, ri, φ ] = ri E [ Pz(i) | θ, φ ] . (3)

To avoid identifiability issues, we set r1 = 1.

Full DFE and divergence counts
Unlike methods that infer only a strictly deleterious DFE, we
can incorporate a full DFE that includes both deleterious and
beneficial mutations. We optionally model divergence counts
dz as a Poisson distribution with mean ld

zE [ Dz | λ, θ, φ ]. Here,
ld
z is the number of sites used for divergence counts, and can

possibly be different than lz. We have that

E [ Dneut | λ ] = λ,

E [ Dsel | λ, S ] = λ
S

1− e−S ,
(4)

where λ = Tθ is a composite divergence parameter that accounts
for the number of neutral mutations that go to fixation during
the divergence time T from the most recent common ancestor
(MRCA) of the ingroup population to the outgroup (blue full line
in Figure 1A). The term S/(1− e−S) accounts for the fixation
of a mutation with scaled selection coefficient S, and can be
obtained as limx→1 H(S, x). Figure 2 shows the expectations for
the divergence counts at selected sites from equation (4) as a
function of S.

As divergence counts are calculated by comparing the out-
group sequence to the sample of sequences from the ingroup,
polymorphism may be misattributed as divergence, i.e. muta-
tions that are polymorphic in the ingroup population but fixed in
the sample are counted as divergence. This is the case for muta-
tions that occur between the MRCAs of the sample and ingroup
(blue dot-dash line in Figure 1A). Misattributed polymorphism
can lead to biased inference of α (Keightley and Eyre-Walker
2012). To account for this issue, we adjust the above means to
also incorporate the misattributed polymorphism by increasing
the expectations with the contributions coming from mutations
present in all n sampled individuals,

E [ Dneut | λ, θ, rn ] = E [ Dneut | λ ] + θrn
1
n

,

E [ Dsel | λ, θ, rn, S ] = E [ Dsel | λ, S ]

+ θrn

∫ 1

0
B(n, n, x)H(S, x) dx.

(5)

Assuming that the ingroup and outgroup share the same
DFE, we integrate over it to obtain

E [ Dsel | λ, θ, rn, φ ] =
∫ ∞

−∞
E [ Dsel | λ, θ, rn, S ] φ(S) dS. (6)

Unfolded SFS and ancestral misidentification
When only a deleterious DFE is inferred, the folded SFS is typ-
ically used, where only sums of the form pz(i) + pz(n− i) are
modeled. This is sufficient for inference of a deleterious DFE
(Keightley and Eyre-Walker 2007). However, the unfolded SFS
contains valuable information for inference of the full DFE, as
beneficial mutations are expected to be present in high frequen-
cies (Fay and Wu 2000; Durrett 2008). To obtain an unfolded
SFS, the ancestral state needs to be identified, and this is prone
to polarization errors (Hernandez et al. 2007). Error rates can be
reduced by relying on more than one outgroup populations, as
described by Keightley et al. (2016). Even for potentially well-
identified ancestral states, polarization errors can remain, for
instance at hypermutable CpG sites in mammals. We use the
approach of Williamson et al. (2005); Boyko et al. (2008); Glémin
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et al. (2015), which has proved efficient to correct for this problem
(Glémin et al. 2015). We model the mean of Pz(i), z ∈ {neut, sel}
as a mixture of sites whose ancestral states were correctly identi-
fied (with probability 1− ε), or misidentified (with probability
ε),

E [ Pz(i) | θ, ri, ε, φ ] = (1− ε)E [ Pz(i) | θ, ri, φ ]

+ εE [ Pz(n− i) | θ, ri, φ ] .
(7)

Mutation variability
There is substantial evidence that both substitution and mutation
rates vary along the genome (Golding 1983; Yang 1996; Arndt
et al. 2005; Hodgkinson and Eyre-Walker 2011; Francioli et al.
2015), with a long tradition of modeling this variability in phylo-
genetic inferences as a gamma distribution (Golding 1983; Yang
1996). A few DFE inference methods allow for mutation rates to
vary in a non-parametric fashion (Bustamante et al. 2003; Gronau
et al. 2013). We model mutation variability by assuming that mu-
tation rates follow a gamma distribution with mean θ̄ and shape
a. This is motivated by the phylogenetic approaches, but also
by mathematical convenience: if the mean of a Poisson distri-
bution follows a gamma distribution, the resulting distribution
is a negative binomial. We assume that the data is divided into
m non-overlapping fragments of lengths l j

neut + l j
sel, 1 ≤ j ≤ m;

for each fragment j, we have the SFS pj
z(i), 1 ≤ i < n. We can

also include an additional md fragments of lengths ld,j
neut + ld,j

sel

for which we have the divergence counts, dj
z. We assume that

each fragment has a constant mutation rate θ, and mutation rates
can vary between fragments. Given the mutation rate θj of the

fragment j, then pj
z(i) and dj

z follow the Poisson distributions

with means l j
zE
[

Pz(i) | θj, ri, ε, φ
]

and ld,j
z E

[
Dz | λ, θj, rn, φ

]
,

given by equations (1) – (6). Integrating over the mutation rates
distribution, we obtain that pj

z(i) and dj
z have a negative bino-

mial distribution with shape a and means l j
zE
[

Pz(i) | θ̄, ri, ε, φ
]

and ld,j
z E

[
Dz | λ, θ̄, rn, φ

]
, respectively.

Inferring α using divergence or polymorphism data alone
Once the DFE is estimated, α can be calculated from the observed
divergence counts as follows (Eyre-Walker and Keightley 2009)

α ≈
dsel −

ld
sel

ld
neut

dneut

∫ 0

−∞

S
1− e−S φ(S) dS

dsel
, (8)

where the numerator represents the estimated number of adap-
tive substitutions, obtained by subtracting the expected deleteri-
ous and neutral substitutions from the total observed divergence
counts at selected sites. Keightley and Eyre-Walker (2012) ex-
tended equation (8) to account for misattributed polymorphism.
We correct for it by removing the expected number of mutations
that are in fact polymorphic from dsel and dneut. These expecta-
tions can be readily obtained from equation (5) by setting λ = 0.
The new estimate of α is obtained as in equation (8), where dsel
and dneut are replaced with the re-adjusted divergence counts
d∗sel and d∗neut given by

d∗neut = dneut − ld
neutE [ Dneut | λ = 0, θ, rn ] ,

d∗sel = dsel − ld
selE [ Dsel | λ = 0, θ, rn, φ ] .

(9)

This approach to calculate α relies heavily on the assump-
tion that the ingroup and outgroup share the same scaled DFE.
However, if one has access to an estimated full DFE purely from
polymorphism data, α can still be estimated by replacing the
observed divergence counts with the expected counts from equa-
tion (4). As λ will cancel out in the resulting fraction, α can be
obtained by setting λ = 1. Then,

α ≈

∫ ∞

0
E [ Dsel | λ = 1, S ] φ(S) dS

∫ ∞

−∞
E [ Dsel | λ = 1, S ] φ(S) dS

. (10)

In the following, we refer to the two above estimates of α as
αdiv and αdfe, respectively, to distinguish more clearly the type
of information used.

Likelihood estimation and comparison of models
The framework described above allows maximum likelihood es-
timation of both evolutionary (mutation rates, DFE parameters)
and nuisance parameters, as well as the error in the ancestral
states, ε. Details about the implementation and optimization
of the likelihood function are given in the Supplemental Ma-
terial. Note that in our implementation, likelihood ratio tests
(LRTs) can be used to rigorously test whether polymorphism
data provides evidence for a full DFE, or if a strictly deleterious
DFE is sufficient. This framework also allows to decide whether
including nuisance parameters and / or ancestral error provides
a better fit to the data. The reported p-values for the LRT are
obtained by assuming that the likelihood ratio under the null
hypothesis (reduced model is correct) follows a χ2 distribution.

Results and Discussion

To investigate the statistical performance of our method to infer
the DFE, α and test hypothesis regarding the contribution of
beneficial mutations to patterns of polymorphism, we performed
extensive simulations using SFS_CODE (Hernandez 2008). We
generated exome-like data, where a 10.8Mb genetic segment
was simulated per data set, containing multiple independent
fragments (typically of 216 sites) for which recombination took
place. We sampled 20 sequences (10 diploid individuals) from
the ingroup, and one sequence from the outgroup. We explored a
wide range of simulated DFEs (12 full and 5 deleterious, Table 1),
chosen such that the simulated α had one of four possible values
(0%, 20%, 50% and 80%, Figure 3A). Most simulations were
performed using a constant population size and without error
in the identification of the ancestral state. Results are shown for
this case unless stated otherwise. These assumptions were later
relaxed. For each considered simulation scenario (one given
DFE, demographic, linkage, misidentification of the ancestral
state), we simulated 100 replicate data sets. For more details on
the simulated data, see the Supplemental Material.

The general shape of the DFE is not agreed upon (Welch
et al. 2008; Bataillon and Bailey 2014). The DFE has been mod-
eled using a wide range of functional continuous forms (Boyko
et al. 2008; Kousathanas and Keightley 2013; Galtier 2016), but
also as a discrete distribution (Keightley and Eyre-Walker 2010;
Gronau et al. 2013; Kousathanas and Keightley 2013). We use a
DFE consisting of a mixture between gamma and exponential
distributions, that model deleterious and beneficial mutations,
respectively. With probability 1− pb, a new mutation is deleteri-
ous and its selection coefficient comes from a reflected gamma
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Table 1 Simulated DFEs

DFE type DFE abbreviation Sd b pb Sb α
fu

ll
D

FE
s

low α, low Sd LALSD -10 0.4 0.02 4 0.21

low α, low b LALB -400 0.15 0.02 4 0.21

low α, low pb LALPB -400 0.4 0.005 4 0.21

low α, low Sb LALSB -400 0.4 0.02 0.1 0.22

medium α, medium Sd MAMSD -400 0.4 0.02 4 0.53

medium α, low pb MALPB -400 0.65 0.005 4 0.50

medium α, low Sb MALSB -400 0.4 0.07 0.1 0.50

medium α, high Sb MAHSB -400 0.4 0.005 16 0.51

high α, high Sd HAHSD -10 000 0.4 0.02 4 0.80

high α, high b HAHB -400 0.65 0.02 4 0.80

high α, high pb HAHPB -400 0.4 0.07 4 0.81

high α, high Sb HAHSB -400 0.4 0.02 16 0.81

high Sb HSB -400 0.4 0.02 800 0.99

de
le

te
ri

ou
s

D
FE

s

low Sd DelLSD -10 0.4 0 - 0

low b DelLB -400 0.15 0 - 0

medium Sd DelMSD -400 0.4 0 - 0

high Sd DelHSD -10 000 0.4 0 - 0

high b DelHB -400 0.65 0 - 0

Notes: The DFE consists of a mixture between a gamma and exponential distributions: a new mutation is deleterious with probability 1− pb, and has a
selection coefficient drawn from a reflected gamma distribution with mean Sd < 0 and shape b; a new mutation is beneficial with probability pb, and
has a selection coefficient drawn from an exponential distribution with mean Sb > 0.

distribution with mean Sd < 0 and shape b, while with probabil-
ity pb, a new mutation is beneficial and its selection coefficient
comes from an exponential distribution with mean Sb > 0 (Fig-
ure 3A). We do not explore alternative parametric DFE families,
but they could be easily incorporated within this framework. For
such studies, see Welch et al. (2008); Kousathanas and Keightley
(2013).

We inferred the DFE and α parameters using three different
models: a full DFE was inferred from both polymorphism and di-
vergence data; a full DFE was inferred from polymorphism data
alone; or a deleterious-only DFE was inferred from polymor-
phism data alone. We calculated αdfe and αdiv from the inferred
DFEs; αdfe is always 0 for inference assuming only a deleterious
DFE, so here we only calculated αdiv. Distortion parameters
r were always estimated, while the ancestral misidentification
error ε was fixed at 0, unless otherwise specified.

Reporting inference quality

We report inference performance using log2(estim/sim) on a
log-modulus scale. Here, estim is the estimated value, while
sim is the simulated value. Unlike the relative error, defined
as 1 − (estim/sim), this log ratio gives equal weight to both
overestimation and underestimation of the parameters. For
example, the log ratios of 1 and −1 correspond to the estimated
value being double or half the simulated value, respectively.
When sim equals estim, the ratio is equal to 0.

Where applicable, we report log2(estim/sim) for the DFE pa-
rameters, α and ε in the Supplemental Material. The remaining
parameters (θ̄, a, λ, ri) are also estimated, but are not of interest
here, and we do not investigate how well they are recovered (but
see the Supplemental Material for details). For the sake of clarity,
the figures in the main text do not cover all simulated DFEs, but
illustrate the main results and overall trends. Where applicable,
we also report in the Supplemental Material the p-values for
different LRTs.

Inference of deleterious DFE

Using simulations that did not contain any beneficial mutations
in the polymorphism data, we investigated how well we can
infer the deleterious DFE and if our method can recover the fact
that all polymorphic mutations are deleterious. We observed
that the two parameters determining the deleterious DFE, Sd
and b, and α are accurately inferred when only a deleterious
DFE was estimated (Figure 4A and Figure S1). When, instead, a
full DFE was inferred from the polymorphism data alone, the
parameters showed different amounts of bias (Figure 4A and
Figure S1). When using a LRT to compare the relative goodness
of fit on simulated data, virtually all data sets rejected the full
DFE model in favor of the reduced model (Figure S2). This
indicates that our method can accurately detect if there is no
empirical evidence for the presence of beneficial mutations in
the SFS. So in principle, one can perform estimation under both
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Figure 3 Example of simulated and inferred mixture of gamma
and exponential DFEs. (A) Three of the simulated DFEs (Ta-
ble 1) with different α values (proportion of beneficial substi-
tutions). The DFEs are parameterized by Sd (mean selection
coefficient of deleterious mutations), b (shape of distribution
of deleterious DFE), pb (proportion of beneficial mutations),
and Sb (mean selection coefficient of beneficial mutations).
The inset shows a zoom-in of the beneficial part of the DFE.
(B) Simulated discretized DFE (corresponding to MAMSD
from Table 1), together with the mean (over the 100 replicates)
inferred discretized DFE using both polymorphism and di-
vergence data and only polymorphism data, where a full DFE
and a deleterious DFE was inferred.

the full and deleterious DFE models and use the LRT to decide
which model is most appropriate for the data.

Inference of full DFE

From the expected contribution of mutations to polymorphism
and divergence data, as a function of S (Figure 2), it is evident
that if beneficial mutations occur at any appreciable rate, they
should have a non-negligible impact in the polymorphism data.
This suggests that it should be possible to infer the full DFE
from polymorphism data alone. We investigated this using data
generated under a full DFE. As expected, the deleterious DFE
parameters were inferred equally well regardless of whether the
divergence data was used or not (Figure S3). The variance of the
estimates seems to be somewhat larger when divergence data is
not used, but this is most likely due to the inference using less
data. The parameters of the beneficial part of the DFE and α
were inferred with different levels of accuracy (Figure 4B and
Figure S3). As beneficial mutations become more common or
of stronger effects, they dominate the divergence counts and
also make substantial contribution to SFS counts, which alone
can allow reliable estimation of the beneficial fraction of the
DFE and α. For α ≈ 20%, the use of divergence data provides

more accurate estimates than when relying on polymorphism
data alone. This could be explained by the fact that the poly-
morphism data is dominated by deleterious mutations and it
is more difficult to tell apart the amount of beneficial selection
from polymorphism data alone. However, as α increases, the
differences in performance between the inference with and with-
out divergence diminishes, strongly indicating that divergence
data is not necessarily needed for accurate inference.

Similar to Schneider et al. (2011), we observe a strong negative
correlation between the proportion of beneficial mutations pb
and their scaled selection coefficient Sb (Figure S4). This illus-
trates the fact that pb and Sb are difficult to estimate separately,
but their product, which largely determines α, is more accurately
estimated. This can be seen in Figure S3, where even though pb
and Sb might be slightly biased, α is more accurately inferred.
Schneider et al. (2011) reported that the estimation of pb and Sb
improves as more sites are included. We used a fixed number
of sites in simulations, but we do observed that pb, Sb and α are
better estimated as α increases.

When inferring a full DFE, we can calculate both αdiv and
αdfe, which should both be good predictors of the true simulated
α. We generally found very good correlation between the two
estimated values (Figure S5).

We note here that Schneider et al. (2011) is the only method
that we are aware of that can estimate both a full DFE and α
from polymorphism data alone, though the authors did not
investigate the power to infer α, but rather the product pbSb,
which is taken as a proxy for α. Additionally, they did not
consider different deleterious DFEs in their simulations. Our
simulated DFEs were chosen such that they cover cases with
the same simulated pb and Sb, but generate different α values.
The differences in α can be driven by the amount of beneficial
mutations, but also by the intensity of purifying selection, as
reflected in the properties of the deleterious fraction of the DFE.
These simulations revealed that the amount and strength of
positive selection is not the only determinant of how accurately
pb and Sb are inferred. For example, the results in Figure 4B are
given for simulated DFEs that differ only in the value of Sd and
we find a clear difference in the inference performance.

Biases arising from not inferring the full DFE

Divergence data is clearly not necessary for reliably estimating
the full DFE. This raises the question: what happens when infer-
ence methods ignore the presence of beneficial mutations in the
polymorphism data? Using simulated data generated assuming
full DFEs, we performed inference only on polymorphism data
where we inferred either a full DFE or under a reduced model
restricted to only a deleterious DFE. The reduced model corre-
sponds to the common approach for empirical studies of DFE
from population genomics data, which tends to assume an ex-
clusively deleterious DFE (Slotte et al. 2010; Strasburg et al. 2011;
Halligan et al. 2013; Racimo and Schraiber 2014; Arunkumar et al.
2015; Bataillon et al. 2015; Castellano et al. 2016; Charlesworth
2015; Harris and Nielsen 2016), even though methods exist to
infer a full DFE from the SFS data (Schneider et al. 2011).

As α increased, the inferred Sd and b were increasingly biased
(Figure 4C and Figure S6). The mean Sd was estimated to be
more negative, while the shape b was estimated to be closer to
0: the inferred deleterious DFEs were getting much more lep-
tokurtic than the parametric DFE used for simulations. This
resulted in inferring DFEs with more probability mass accumu-
lating close to 0. A straightforward interpretation is that the
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Figure 4 Inference of α (proportion of beneficial substitutions) and DFE parameters: Sd (mean selection coefficient of deleterious
mutations), b (shape of distribution of deleterious DFE), pb (proportion of beneficial mutations), and Sb (mean selection coefficient
of beneficial mutations). (A) Quality for inference performed on polymorphism data alone, for three simulated deleterious DFEs
(Table 1) with different Sds. The DFE parameters are inferred using only polymorphism data assuming a full and deleterious DFE.
(B) Quality for inference performed on polymorphism and divergence data, for three simulated DFEs with different α values (Ta-
ble 1). The DFEs differ only in the simulated value of Sd. The DFE parameters are inferred using polymorphism and divergence
or only polymorphism data. (C) Quality for inference performed on polymorphism data alone, for three simulated DFEs with
different α values (Table 1). The DFEs differ only in the simulated value of Sb. Only polymorphism data is used, and the DFE pa-
rameters are inferred assuming a full DFE where ε is set to 0 and is not estimated and a deleterious DFE, where ε is set to 0 and is
not estimated, or is estimated. The data was simulated with ε = 0.

inference method attempted to fit the SFS counts contributed
by the weakly beneficial mutations by fitting a DFE that com-
prised a sizable amount of weakly deleterious mutations (the
best proxy for beneficial mutations). A comparison of the sim-
ulated and inferred discretized DFEs (Figure 3B and Figure S7)
illustrates this point: the inference with only deleterious DFE
overestimated the amount of mutations which experience weak
negative selection (simulated: 0.07, deleterious DFE: 0.11 in the
range (−1, 0)).

We can test for the presence of beneficial mutations in the
polymorphism data by comparing the inferences with a full or
deleterious DFE using a LRT (Figure S8). We observed that there

exists a stronger preference for the full DFE model for larger
α. Even for relatively large α, if the mean effect of beneficial
selection was very low (Figure S8, MALSB where Sb = 0.1),
the LRT indicated that there were no beneficial mutations in
the polymorphism data. These mutations can pass as weakly
deleterious mutations when fitting the data. When a deleterious-
only DFE is inferred, the LRT favored the model with ε 6= 0.
This is because ε can partly mimic expected patterns contributed
by weakly beneficial mutations to polymorphism data.

Inferring only a deleterious DFE also leads to a consistent bias
in α. This bias is not well correlated with simulated α values, but
it is apparent that a higher α leads to a smaller bias (Figure S6).
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Figure 5 Inference of α (proportion of beneficial substitutions), ε (rate of ancestral error), and DFE parameters: Sd (mean selection
coefficient of deleterious mutations), b (shape of distribution of deleterious DFE), pb (proportion of beneficial mutations), and Sb
(mean selection coefficient of beneficial mutations). The figure shows the inference quality for three simulated DFEs (Table 1) with
different α values. The DFEs differ only in the simulated value of Sd. A full DFE is inferred from both polymorphism and diver-
gence data, and ε is set to 0 and is not estimated, or is estimated. The data was simulated with ε = 0.05.

To obtain α from a deleterious DFE, we need to rely on the
divergence data. Yet for large α, the signal of positive selection
in the divergence data is sufficiently strong that it overrides the
bias in Sd and b, so α is estimated more accurately.

The assumption of negligible contribution of beneficial muta-
tions to SFS counts can be traced back to Smith and Eyre-Walker
(2002). To support the claim, the authors stated that “if advan-
tageous mutations, with an advantage of Nes = 25 occur at
one-hundredth the rate of neutral mutations, they will account
for 50% of substitutions, but account for just 2% of heterozygos-
ity”. Our simulated Sb (which is scaled by 4Ne) was typically 4.
To investigate what happens when selection is much stronger,
we simulated a full DFE with Sb = 800 such that only 10% of
beneficial mutations (0.2% of all mutations) had a selection co-
efficient of 100 or less. Here, the simulated α was nearly 100%
and one would expect that most mutations would fix quickly.
While the DFE parameters could not be recovered as accurately
(Figure S9), the estimated α was very precise, regardless of the
model used for inference. Hence, even with very strong posi-
tive selection, there is sufficient information in polymorphism
data to estimate α without relying on divergence data. The bias
in Sd, b and α (Figure S9) and LRT (Figure S10) from inference
with only deleterious DFE followed the same trend as before.
However, even though α was large, pb and Sb were not that well
estimated. This is most likely because when Sb is getting very
large, the expected counts from equation (1) become indepen-
dent of S, since H(S, x) ≈ 1

x(1−x) for large S (Figure 1D). This
explains why the inference method will have trouble finding
precise values of Sb.

Keightley and Eyre-Walker (2010) investigated if the presence
of beneficial mutations in the polymorphism data could poten-
tially affect the inference when assuming only a deleterious DFE.
For this, they simulated data using a partially reflected gamma
distribution, given by

φ(S; Sd, b) =
1

1 + eS Γ(|S|;−Sd, b),

where Γ(x; m, s) is the density of a gamma distribution with

mean m and shape s. This distribution arises from the assump-
tion that the absolute strength of selection is gamma distributed
and that each site can be occupied by either an advantageous
or a deleterious allele, both having the same absolute selection
strength |s|. Keightley and Eyre-Walker (2010) simulated data
with |Sd| = 400 and b = 0.5. Due to the chosen distribution, the
simulated proportion of beneficial selection was pb = 0.0214,
while the mean selection coefficient of beneficial mutations was
only Sb = 0.014 (pbSb = 0.00029). These values are close to one
of our own simulated DFEs with α ≈ 20% (LALSB, Table 1), with
the difference that we simulated an Sb that was approximately 7
times larger. For this simulation scenario we did, indeed, find
little bias in Sd and b when inferring only a deleterious DFE (Fig-
ures S6 and S7). However, arguably, this strength of beneficial
mutations is extremely low. For example, Schneider et al. (2011)
inferred the strength of beneficial mutations from Drosophila
and found pbSb to be two to three orders of magnitude higher:
pb = 0.0096 and Sb = 18 (pbSb = 0.1728).

Impact of ancestral error on inference
The results presented above were based on simulations where
the true ancestral state was used. To investigate the conse-
quences of misidentification of the ancestral state, we first added
errors to the simulated data using one unique error rate ε (set
to 5%) for both neutral and selected sites (see Supplemental
Material for details). Inferring a full DFE using divergence data,
we found that we can properly account for the rate of misiden-
tification, and the error ε is accurately recovered (Figure 5 and
Figure S11). As expected, the inference of the DFE and α is bi-
ased when the misidentification is not accounted for. A LRT
for ε 6= 0 (Figure S14) supported the use of a model including
the joint estimation of ε and DFE parameters for the data with
errors, but rejected the more complex model for the data without
error.

Galtier (2016), who also used distortion parameters ri when
inferring the DFE, stated that these parameters are “expected
to capture any departure from the expected SFS as soon as it
is shared by synonymous and non-synonymous sites”. Our
results indicate that the misidentification of the ancestral state
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cannot be accurately accounted for by the ri parameters (Figure 5
and Figure S11). However, we did find that the resulting bias
decreased with α and that the preference (as measured by a LRT)
for models inferring ε 6= 0 also decreased for data sets with
higher α (Figure S14). For data simulations with α ≈ 80%, the
inference was just as good when ε was set to 0. To investigate
this in more details, we also ran the inference with ri = 1 (i.e.
no distortion correction) and ε = 0 on those simulated DFEs.
The results showed a large bias in the DFE parameters and α
when ri = 1 (Figure S12), and a LRT favored the estimation of
ri values (Figure S15). Merely using the ri parameters without
explicitly accounting for misidentification of the ancestral state
is not always accurate and can bias inference of DFE and α.

Both the presence of beneficial mutations and ε 6= 0 create
similar patterns in the polymorphism data, as the frequency
of common derived alleles increases. We have seen that ε can
account for some of the positive selection in the data (Figure 4C,
Figures S6 and S7). Similarly, we observed that positive selec-
tion can account for some of the misidentification of ancestral
states. For simulations with a deleterious DFE and incorrect
ancestral states, we found that when assuming ε = 0, the param-
eters inferred using a full DFE are generally more accurate than
when only a deleterious DFE is inferred (Figure S13). A LRT
also supported the use of a full DFE (Figure S16). Comparing
the inferred Sb when ε is inferred or not (Figure S13) showed
that this parameter is higher when ε = 0, further indicating
that it captured some of the ancestral misidentification errors.
Therefore, if the data contains sites that have the ancestral state
misidentified, which is virtually always the case in empirical
data sets, ancestral misidentification will be wrongly interpreted
as positive selection if the misidentification is not accounted for.
If ε is inferred jointly with the DFE parameters, a LRT comparing
models with full DFE or only deleterious DFE can correctly de-
tect that the polymorphism data does not contain any beneficial
mutations (Figure S16).

Our approach to modeling misidentification of ancestral
states assumes identical errors at both neutral and selected sites.
To investigate how different error rates for neutral and selected
sites affected our inference, we simulated data using two differ-
ent error rates, εneut and εsel, for the neutral and selected sites, re-
spectively, and assumed one unique ε during inference. We sim-
ulated data using εneut = 5% and εsel = 10%, and εneut = 10%
and εsel = 5%. Inferring a full DFE using divergence data, we
found that the two different error rates create biases in the esti-
mated parameters (Figure S17), though this bias was reduced
when the error rate ε was estimated. We observed a lower bias
when εsel < εneut, which is the more realistic scenario, as se-
lected sites are expected to be less prone to homoplasy when
purifying selection predominates. A LRT for ε 6= 0 (Figure S18)
showed a notable difference between the two different simu-
lations: when εneut = 5% and εsel = 10%, the LRT generally
supported the estimation of ε at approximately 10% (Figure S17),
while for εneut = 10% and εsel = 5%, the LRT supported ε = 0.
The distortion created in the data was instead captured by the ri
parameters (Figure S19), which greatly deviated from 1 when ε
was not estimated.

Our simulation results illustrated that systematically incorpo-
rating the rate of ancestral error is crucial for a reliable inference
of DFE parameters and α, and a LRT can be used to avoid model
over-fitting when the ri parameters are sufficient for correcting
departures from the expected SFS.

Distortions of the SFS by linkage and demography

It has previously been suggested that correcting for demography
by using the observed SFS at neutral sites can also reduce some
of the bias introduced by linkage (Kousathanas and Keightley
2013; Messer and Petrov 2013). We explored this possibility by
simulating different levels of linkage (see Supplemental Material
for details). We found that, indeed, the ri parameters could
partially correct for the presence of linkage (Figure S20), with
the most pronounced effect on Sd and b. A LRT for ri 6= 1
(Figure S21) increasingly favored models fitting ri as the level of
linkage increased.

For the previous simulations we used a constant population
size. To check that the ri parameters can also correct for demog-
raphy, we simulated data using different demography scenarios
(see Supplemental Material for details). When populations size
varies in time, Ne is typically taken to be the harmonic mean of
the different sizes (Kliman et al. 2008). While this approximation
may be valid for neutral sites, those under selection experience a
different Ne, which depends on the strength of selection S (Otto
and Whitlock 1997). Therefore, for these simulations, we do
not have a priori knowledge of the Ne that accurately captures
the interaction between selection and demography. We could
only compare b and pb, which are independent of Ne, and α,
for which a value can be obtained by tracking the proportion of
adaptive mutations contributing to divergence in forward simu-
lations. As before, we first simulated a deleterious DFE, similar
to previous studies (Eyre-Walker et al. 2006; Keightley and Eyre-
Walker 2007; Boyko et al. 2008; Eyre-Walker and Keightley 2009).
We found that a LRT correctly detected that ri 6= 1 (Figure S23),
but that parameters can only partially correct for demography
(Figure S22). The b parameter was accurately inferred when
ri parameters were estimated. However, the estimated α was
still biased (Figure S22). As no full DFE was inferred, α was
calculated from the divergence data, assuming the same DFE in
the ingroup and outgroup. However, as the ingroup underwent
variable population size, its Ne was different from the constant-
sized Ne of the outgroup, and therefore the two populations
had different scaled DFEs. This difference could explain the
observed bias in α. Eyre-Walker and Keightley (2009) noticed
the same effect and proposed a correction for α. However, their
correction requires the ratio of the Nes of the two populations,
which is typically unknown.

We then investigated if the ri parameters could also correct
for demography when a full DFE was simulated (Figure S24).
The LRT (Figure S25) showed a clear preference for ri 6= 1. When
inferring the DFE from both polymorphism and divergence data,
we observed a bias in b and pb. As before, this was caused by the
incorrect assumption of a shared DFE between the ingroup and
outgroup. When only polymorphism data was used for infer-
ence, the ri parameters could accurately correct the estimation of
pb and b, but the inferred α (estimated via αdfe) was still slightly
biased. To investigate if this bias was caused by linkage, we also
ran simulations with reduced linkage (Figure S24), but the bias
remained.

We investigated if the full or deleterious DFE model is pre-
ferred for the data simulated under variable population size.
We found that a LRT consistently preferred the full DFE model
when the SFS contained beneficial mutations (Figure S26). Un-
der demographic simulations, the estimated αdfe and αdiv could
differ considerably (Figure 6). When only a deleterious DFE was
simulated, relying on divergence data to estimate α can lead to
heavily biased estimates. Note that when the population size
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Figure 6 Inference of α (proportion of beneficial substitutions) for different demographic scenarios. The figure shows the inference
quality for αdfe (inferred from DFE alone) and αdiv (inferred from DFE and divergence data) for four simulated demographic scenar-
ios (detailed in the Supplemental Material) and a deleterious DFE only or a full DFE (Table 1). For all inference only SFS data was
used, and a LRT was performed to compare the full and deleterious only DFE models. The estimated value of α was obtained from
the model preferred by the LRT.

was halved and a full DFE was simulated, the LRT favored the
incorrect deleterious DFE model. In this simulation, the incor-
rect model choice can be explained by the extra deleterious load
incurred by the population shrinkage.

The simulated demographics were the same for both dele-
terious and full DFE simulations, and therefore the inferred
ri parameters on the deleterious and full DFE data should be
highly correlated, which we detected (Figure S27). One of the
simulations showed no correlation in ri and the LRT preferred
the less complex model with ri = 1 (Figures S23 and S25). The
change in population size for this simulation was most likely
not strong enough for it to leave an appreciable footprint in the
data.

Galtier (2016) is the only study that we are aware of that tested
if demography can be accurately accounted for when a full DFE
was simulated. While the estimated α values from Galtier (2016)
were somewhat more accurate than what we found, there are
critical differences between these studies. While we simulated a
continuous full DFE, Galtier (2016) assumed that all beneficial
mutations had the same selection coefficient Sb. Nevertheless,
Galtier (2016) inferred a continuous full DFE and used equa-
tion (8) for calculating α, where the integration limit was set to
some Sadv > 0 instead of 0. The reasoning behind this is that
mutations with a selection coefficient S > 0 that is not very
large should not be considered advantageous mutations. Galtier
(2016) used an arbitrary cutoff at Sadv = 5. Note that a different
cut-off value of Sadv would lead to different α values: the smaller
Sadv, the larger the estimated α.

Inference of mutation variability
Our framework provides means for estimating mutation vari-
ability, and this has been applied for all inferences performed.
The shape parameter a of the gamma distribution governing the
mutation rate was recovered accurately (data not shown). How-
ever, not modeling the mutation rate variability does not bias
the remaining parameters. This is explained by the fact that the
expected values of the SFS and divergence counts depend only
on the average mutation rate and are independent of mutation
variability.

Comparison with the dfe-alpha method
We compared our method with dfe-alpha, one of the most widely
used inference methods for DFE and α. dfe-alpha was originally
developed to infer a deleterious DFE (Keightley and Eyre-Walker

2007), and it was subsequently extended to estimate α (Eyre-
Walker and Keightley 2009), model a full DFE (Schneider et al.
2011) and correct α for misattributed polymorphism (Keightley
and Eyre-Walker 2012). For simplicity, and as we showed that
accounting for errors in the identification of the ancestral state is
crucial for accurate inference (Figure 5 and Figure S11), we chose
to run dfe-alpha with a folded SFS, where only a deleterious DFE
can be estimated. We then compared with our method when
only a deleterious DFE was inferred, where ε was either set to
0 or estimated. Although these comparisons are quite limited
in scope, we found that, for simulations with only a deleterious
DFE, our method provided better estimates and with lower
variance than dfe-alpha (Figure 7 and Figure S28). For these
simulations, we also found that, sometimes, dfe-alpha estimated
an α that was very large, both on the negative and positive side
(Figure S28, DelHB simulation). This seemed to be the result of
the correction for the misattributed polymorphism introduced
in Keightley and Eyre-Walker (2012), as the uncorrected α was
much closer to the true value (data not shown). This most likely
explains the general differences observed between the estimated
α from dfe-alpha and our method. When the inference was
performed on data simulated with a full DFE, we observed
the same type of bias in Sd and b as described before (Figure 7
and Figure S28). When demography and a strictly deleterious
DFE were simulated, the estimation was, again, comparable
(Figure S29). However, when demography was simulated on
top of a full DFE, the bias of b differed between dfe-alpha and
our method. This could be explained by the differences between
the two methods for accounting for demography: while we used
the nuisance parameters ri, dfe-alpha only allows the population
to undergo a few size changes in the past.

Analysis of chimpanzee data
To illustrate the use of our method, we reanalyzed a recently
published chimpanzee exome data set (Table 2), covering the
central, eastern and western chimpanzee subspecies (Bataillon
et al. 2015). We assumed that the synonymous SNPs are neu-
trally evolving and we estimated the DFE and α from the non-
synonymous SNPs.

Bataillon et al. (2015) inferred a deleterious-only DFE from
the SFS using the method of Eyre-Walker et al. (2006), and the
presence and strength of positive selection by relying on a variety
of summary statistics. They found that the larger the effective
population size, the stronger the purifying selection, and that
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autosomal regions have undergone less positive selection than
the X chromosome. We analyzed the data by inferring both a
deleterious and a full DFE, while relying or not on the divergence
counts (Figure 8A), where both ε and the nuisance parameters r
were estimated. From the inferred DFEs, we also estimated αdiv
and αdfe (Figure 8B). The variability of parameter estimates was
obtained by using 100 bootstrapped data sets.

We found that, for the autosomes, the central chimpanzees,

the subspecies with the largest effective size, experienced the
strongest purifying selection, while the western chimpanzees,
with the smallest effective population size, had the most relaxed
purifying selection (Figure 8A). These results are in accordance
with the original study and hold regardless of the type of the
DFE assumed and type of data used. The consistency of the
inferred DFE is also supported by a LRT, which indicates that
there is little evidence for the presence of beneficial mutations
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Table 2 Summary of chimpanzee exome data from Bataillon
et al. (2015)

central eastern western

au
to

so
m

es
20

M
b

si
te

s sample size 24 22 12

# synonymous SNPs 33941 21871 10217

# non-synonymous SNPs 25290 16664 8567

X
ch

ro
m

os
om

e
0.

89
M

b
si

te
s sample size 21 19 9

# synonymous SNPs 684 492 202

# non-synonymous SNPs 471 323 150

Notes: As some of the sequenced chimpanzees were males, the sam-
ple size (number of haploid chromosomes sequenced) varies between
the autosomes and X chromosomes. The number of sites represents
the number of sequenced sites where SNPs where potentially called.
SNPs orientation was inferred via parsimony using the human reference
genome, as well as the orangutan reference genome. Further details
on the SNP, divergence calling and SNP orientation are available in
Hvilsom et al. (2012).

in the polymorphism data (Figure S30). Even when divergence
data is used, very little positive selection is found on the auto-
somes. When analyzing the X chromosome, the overall picture
changes. While the smaller amount of data (Table 2) leads to a
larger variance in the estimates, there is considerable difference
between the estimated DFEs (Figure 8A). This is also supported
by the LRT (Figure S30), which shows more evidence for benefi-
cial mutations in the polymorphism data for the X chromosomes
than for the autosomes. Although the p-values obtained on the
original data are not significant, the bootstrapped data point to
the presence of beneficial mutations in the X-linked SFS from
the central chimpanzees. The stronger evidence found in the
central chimpanzee could be a result of the higher proportion
of beneficial mutations with S > 10 and the larger sample size
and, therefore, higher amount of polymorphism data (Table 2).
We would expect that support for the presence of beneficial
mutations in the SFS data would be stronger if the number of
sequenced individuals would have been larger. Our findings of
more evidence for positive selection on the X chromosome than
on the autosomes is also in line with the original study (Hvilsom
et al. 2012; Bataillon et al. 2015). While for the autosomes, the type
of DFE (full or deleterious only) assumed and the type of data
used did not affect drastically the inferred discretized DFE (Fig-
ure 8A), the same cannot be said for the X chromosome - further
indicating that care needs to be taken when making assumptions
of no presence of beneficial mutations in the polymorphism data
or about the invariance of the DFE in the ingroup and outgroup
species used. We also observed the same trend in the inferred
discretized DFE for the chimpanzee subspecies previously noted
for the simulated data: the estimated proportion for S ∈ (−1, 0)
is considerably larger when only a deleterious DFE is estimated
(Figure 8A).

While for the autosomes, the inferred discretized DFE is very
similar across assumptions, the same cannot be said about the
inferred α, where the type of inferred DFE and type of data
used does leave a clear impact (Figure 8B). In line with the
observations from the discretized DFE, the estimated α is larger

for the X chromosome than the autosomes.
A visual comparison of the observed SFS and divergence

counts with the expected counts given the fitted DFEs (Fig-
ure S31) reveals that autosomal patterns of polymorphism and
divergence are generally well fitted. Consistent with the LRTs,
the models using a full DFE do not further improve the fit of
data. For the X chromosome the data are intrinsically more noisy,
but using a full DFE yields expectations that are closer to the
observed data.

Conclusion

We have presented a new method to infer the DFE and pro-
portion of advantageous substitutions, α, from polymorphism
and divergence data. We demonstrated that inference can be
performed using polymorphism data alone, without relying on
the assumption that the DFE is shared between the the ingroup
and the outgroup. We additionally illustrated that when the
effects of beneficial mutations on polymorphism data were not
modeled, the inferred deleterious DFE was biased. This bias
arises from an increase of mutations at selected sites that seg-
regate at high frequencies. Methods ignoring the contribution
of beneficial fraction to SFS counts will tend to infer DFEs that
have a larger amount of slightly deleterious mutations, as this
is the best way to account for the observed data. Therefore, the
estimated deleterious DFE had a much larger mass close to 0
compared to the simulated deleterious DFE. This, in turn, could
be achieved by a larger (more negative) Sd and a lower b of
the gamma distribution used here for the deleterious DFE. In
cases where polymorphism data did not contain any beneficial
mutations, the inference was much more accurate under a re-
duced model positing only a deleterious DFE. The use of a LRT
comparing a model featuring a full DFE and a deleterious DFE
would accurately select the reduced model and allow precise
inference of the deleterious DFE. This is an important result, as
it suggests that using a full DFE for inference from SFS data does
not come with a cost when no beneficial mutations contributed
to the SFS counts, and that the method does not spuriously infer
presence of beneficial mutations.

In order to correct for demography and other forces that
can distort the SFS data, such as linkage, we used the nuisance
parameters ri. These parameters have the potential of account-
ing for more complex scenarios without directly modeling the
underlying changes in population size, and potentially, other
events such as migration and admixture. This correction could
prove more robust than just allowing for a few population size
changes, as dfe-alpha assumes. However, we did not test the
behavior of our method under these more complex scenarios
and the extent of bias in α they might generate.

In order to infer the full DFE, we used the unfolded SFS.
This requires the identification of the ancestral state, which is
prone to errors. These errors can be accounted for by using
a probabilistic modeling of the ancestral state (Schneider et al.
(2011); Gronau et al. (2013); Keightley et al. (2016)). We assumed
that the polymorphism data is composed of a mixture of sites
with correctly inferred ancestral state and sites with incorrect
ancestral state. This approach has proved to be efficient for
unbiased estimation of GC-biased gene conversion (Glémin et al.
2015), a weak selection-like process. We also showed that we
could capture the errors in the identification of ancestral state
and, as opposed to the expectations of Galtier (2016), that the
ri parameters are not sufficient to correct for misidentification
of ancestral state. The inferred parameters were biased when
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the neutral and selected sites did not share the error rate of the
ancestral state identification.

When using the divergence data in the inference, we cor-
rected for mutations that were fixed in the sample but that were,
in fact, polymorphic in the population. These mutations would
incorrectly be counted into the divergence data. Our correction
is different than the one used by Keightley and Eyre-Walker
(2012), which is implemented in dfe-alpha. We found that this
correction can sometimes lead dfe-alpha to predict extreme posi-
tive or negative values of α. Our approach showed a much more
consistent behavior throughout the simulations.

Similar to the ri parameters, both our approach and methods
that use probabilistic modeling to account for the identification
of ancestral state rely on that the same process applies to both
neutral and selected sites. This is probably not the case, as one
could expect that the error in the identification of the ancestral
state is different for the sites that are under selection. Theoreti-
cally, the neutral and selected sites could both be modeled with
their own ε, but this would not easily be identifiable. Addition-
ally, error rates might vary with strength of selection, with some
selected sites being more prone to misidentification of ancestral
state (Keightley et al. 2016). To correct for variable error rates
and rates that are not shared by neutral and selected sites, DFE
inference will benefit by using maximum likelihood methods
for inference of ancestral states (Hernandez et al. 2007; Wilson
et al. 2011; Keightley et al. 2016). This reduces the errors, but not
necessary remove them completely (Glémin et al. 2015). Com-
bining accurate ancestral state inference and models including
errors is thus an efficient strategy. Especially, separate inference
of neutral and selected ancestral states by maximum likelihood
(Keightley et al. 2016) should make the residual errors similar
between both sites, making our method more accurate.

Throughout this paper, we used LRTs for model testing. How-
ever, inferences with or without divergence data are not compa-
rable through LRT or AIC, or any other similar method (as the
data used are different). Using a recently published chimpanzee
exome data set (Bataillon et al. 2015), we showed that care needs
to be taken when choosing the type of data analyzed and the
type of DFE assumed. In order to make an informed choice
about including or not the divergence data in the inference of
the DFE and α, a goodness of fit test could be developed that
investigates how closely the predicted SFS matches the observed
one.

Our general approach can be applied to a wide range of
species where the amount and impact of beneficial mutations
on patterns of polymorphism and divergence varies widely (as
uncovered by Galtier (2016)). Our method allows to accurately
detect if beneficial mutations are present in the data, and a LRT
can be used to decide if a full or strictly deleterious DFE should
be inferred. Importantly, we also show that estimating a full
DFE, and thus learning about the property of beneficial muta-
tions and expected amounts of adaptive substitution, is possible
without relying on divergence data. We also note that alterna-
tive statistics with different properties for measuring molecular
adaptation, such as ωA, the rate of adaptive evolution relative
to the mutation rate, and Ka+ , the rate of adaptive amino acid
substitution, can be used (Gossmann et al. 2010; Castellano et al.
2016). These might be better suited for studying various aspects
of adaption (Castellano et al. 2016). It remains to be investigated
how reliably they can be estimated using our framework.

Availability
The source code implementing the maximum likelihood frame-
work presented here is freely available from https://github.com/
paula-tataru/polyDFE/.
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Chapter 4: Simulations of glacial-interglacial cycles and impact        
on the DFE inference 
Contributors: Marjolaine Rousselle, Maeva Mollion, Benoit Nabholz, Thomas Bataillon,         
Nicolas Galtier 
 
The effective population size Ne represents the number of individuals effectively           
participating in the construction of the next generation. This notion is of importance, for in               
the construction of a new generation, not all individuals will contribute by sharing their traits,               
either because of a lower fitness or because of the random selection operated by genetic drift.  
Genetic drift is even more prevalent in complex demographic scenarios, which tend to bias              
the inference of selection in a population. It is not a trivial problem as a number of species do                   
have a demography that leads to a decreased efficiency of selection.  
As an example, we can cite domesticated species, be it plants or animals, which demography               
contains severe bottlenecks. The human out of Africa migration also lead to a population size               
reduction. A larger phenomenon that impacts a big number of species is the alternance of               
glacial and inter-glacial species in the Quaternary on earth (Hewitt 1996). Some species             
thrives and expands under inter-glacial regimes, while the contrary happens with others.  
In this study I did during my stay-abroad Montpellier in collaboration with Nicolas Galtier,              
Benoit Nabholz, and Marjolaine Rousselle, we wanted to understand how this regular            
succession of bottlenecks would affect our DFE inference, and more precisely the measure of              
the proportion of adaptive substitutions that we can calculate from it. To do so, we     α            
simulated data matching the bottleneck succession described above, and inferred the DFE on             
it.  
 
It was also an opportunity to compare the performance of polyDFE to another similar              
program developed in Nicolas Galtier’s team called DoFe.  
 

DoFE method  
DoFE is a program developed by Nicolas Galtier, which is based on the PRF.  
It uses both polymorphism and divergence data in order to infer the DFE and can compute                
both and , fixing arbitrarily the threshold defining beneficial mutations not at 0 but αdiv   αdfe             
at 5 to avoid including nearly neutral beneficial mutations. Like in polyDFE (described in              
Chapter 2) and in Eyre-Walker et al., 2006, it does not model explicitly demography but               
instead assumes it affects NS and S sites the same way and models it by nuisance parameters.                 
It does not infer an ancestral error, and it has an extra parameter which represents a class of                  
highly beneficial mutations.  
 
When compared to polyDFE on metazoan data, performances were found to be similar.  
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Simulations using SLiM software 
In order to assess the performances of both polyDFE and DoFE, we simulated data using               
SLiM (Haller B.C., Messer P.W. 2017). It is a forward simulator of a population’s evolution               
that can incorporate selection and complex demographic scenarios. It has also proven to be              
faster than SFS-CODE (Messer, 2013).  
SLiM was run with a fixed mutation rate of 2.2e-9, and produced 1500 genomic coding               
fragments (recombining at rate 1e-6) of 999 bp alternating with separated by 500 non coding               
bp. Three mutation class were assumed: one neutral (proportion=0.25), one deleterious           
following a gamma distribution (mean=-2.5, shape=0.3, proportion=0.7485), and one positive          
being a fixed peak (at 0.01, proportion=0.0015). 
 
The simulation was set for a population of 10000 populations, evolving during 10000             
generations, after which an output of polymorphism and fixed substitutions from a sample of              
10 diploid individuals was obtained.  
 
In order to simulate the glacial-interglacial cycles, we assumed that one cycle lasted for 1000               
generations among which 800 generations were glacial and 200 interglacial. We also            
assumed that the last 110 generations were interglacial. 
 
Four setups were therefore designed, each containing 50 replicates. We considered that            
populations alternated between a normal size Ni and a “bottleneck” size Ni/sh, sh being a               
shrink parameter that could be either 10 or 100 (which means the population size was shrunk                
to either 1000 or 100 individuals). 
We also considered that a species could be either adapted to glacial periods (called glacial               
species), in which case it spent a cycle mostly at a normal size, or adapted to interglacial                 
periods (temperate species), where it spent 80% of a cycle at a shrank size.  
The four simulations were: 

- Glacial species with sh=10 
- Glacial species with sh=100 
- Temperate species with sh=10 
- Temperate species with sh=100 
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Figure 1: Schematics of the four simulated scenarios of population size variations during             
10000 generations. The population size is represented in vertical axis and time in horizontal              
axis.  
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Assumed impact of the different simulations setups on alpha 
 
When the output of the simulations is obtained, since the simulation ends in an interglacial               
species, glacial species will be sampled at a smaller size than the one they spent the most time                  
in (Ne), and temperate species, at a higher size. inference will be affected both by the         α         
population size at the time of sampling, and by ancient demography affecting divergence and              
polymorphism counts. In both cases the amplitude of the impact will depend of whether              
polymorphic sites coalesce at the sampling size or before. In the case where it coalesce at the                 
sampling size, the glacial species SFS will behave at a smaller size than the real Ne, and the                  
temperate species SFS, at a bigger size. 
 
 
As glacial species are sampled during a bottleneck, if we only consider the low population               
size impact, we assume that genetic drift effects will be stronger than selection during that               
time, and that divergence counts might be misleading, as it will be fixing more nearly neutral                
mutations. However it should be noted that since glacial species spend more time at high Ne,                
a fraction of divergence counts will still be caused by adaptive mutations. 
If polymorphic sites coalesce at the small sampling size, then the time since the most recent                
common ancestor will be smaller and divergence counts as well. Therefore, will be           α    
underestimated. It is possible since right after a bottleneck, polymorphic sites tends to             
coalesce faster, and tends to be more representative of recent population size. However, the              
bottleneck in our simulations did not last for a very long time, and if even a fraction of                  
polymorphic sites take longer to coalesce, part of the spectrum will behave as a high               
population size SFS which would reduce the bias. 
 
Temperate species will be sampled at a high population size, where purifying selection is              
more efficient and adaptive mutations more likely to occur. However, temperate species            
spends more time at low Ne, which means that a portion of divergence will be caused by                 
genetic drift only. At the time of sampling, if polymorphic sites coalesce at the high sampling                
population size, then divergence counts will increase, and that will lead to an overestimation              
of . This bias might be reduced if part of polymorphic sites coalesce not at recent high α                 
population size but at an older, low population size. It might happen as coalescent theory               
does predicts that after a population expansion, polymorphic sites tends to take longer to              
coalesce than older sites.  
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Figure 2: Schematics representing two populations: the top on evolving at high Ne before              
encountering a bottleneck. The bottom one evolving at low Ne before encountering a             
population expansion. Evolution of the size of populations and predicted coalescent trees are             
represented, as well as interpretations.  
 
We are not sure whether the effect of recent population size will be prevalent to ancestral size                 
or not. Since demography is taken into account by using nuisance parameters , selection            ri   
inferred using polymorphism counts might not be affected as much.  
If the most recent population size impact on the counts prevails in the inference over past                
demography, then glacial species will be underestimated because the sampling occurs after    α          
a bottleneck, and temperate species , overestimated because it happens after a population     α         
expansion. That was shown to be the case in a study considering single population size               
changes by Eyre-Walker in 2002 using the McDonald and Kreitman’s test. 
 
As for the shrinkage parameter, we assume more pronounced effects when a 100 ratio is used                
compared to a 10 ratio.  
 

Results  
 
The simulations showed that the real was higher for glacial than for temperate species, and      α           
higher for 10 than 100 ratio of population reduction.  
Both programs polyDFE and DoFE had similar performances.  
However, when we ran polyDFE without using divergence data at all (using and using            αdfe    
only polymorphism data), parameter showed a much higher imprecision. Only 50 replicates   α          
were run because of a time constraint. Therefore, using only polymorphism data might             
require a dataset containing more SNPs and more replicates to resolve this issue.  
Our estimations were always higher than true , the overestimation being more marked forα      α        
temperate species. The sampling occurs in the middle of an interglacial period, which means              
that the temperate population size is higher than its long-term size, and vice-versa for the               
glacial population size. This means that since the sampling occurs at high size for temperate               
species, the programs might infer a more effective purifying selection, which in turn will              
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increase . Glacial species is also overestimated which might prove that coalescence in a α    α            
low population size took longer than the number of generations in which the population was               
in a bottleneck.  
Estimations of were more accurate than as assumed, since demography might have  αdfe      αdiv        
lead to discrepancies between polymorphism and divergence data. 
Finally, we observed that our inferences of glacial were always higher than temperate ,       α      α  
and that varying the intensity of the bottlenecks by a factor 10 or 100 lead to a more severe                   
overestimation in the most bottlenecks in temperate species.  
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Abstract :  

Estimating the proportion of adaptive substitutions (α) is  of primary importance to uncover the

determinants of adaptation in comparative genomic studies. Several methods have been proposed to

estimate α from patterns of coding sequence polymorphism and divergence. However, estimators of

α can be biased when the underlying assumptions are not met. Here we focus on a potential source

of bias, i.e., variation through time in the long term effective population size (Ne) of the considered

species.  We  show  via  simulations  that  ancient  demographic  fluctuations  can  generate  severe

overestimations of α, and this irrespective of the recent population history.

Introduction :

The  proportion  of  adaptive  amino-acid  substitutions,  α,  is  an  important  parameter  routinely

analyzed in a number of population genomic studies. Methods for estimating α usually rely on the

Mc Donald & Kreitman principle, which is based on the comparison of polymorphic and fixed

mutations  at   synonymous  vs.  non-synonymous  positions  [1]  [2]  [3]  [4]  [5].These  methods,

however, make various assumptions that are not always met in real data. One of them is that the

stringency  of  purifying  selection  against  deleterious  mutations  has  been  constant  over  the

considered  time  period,  so  that  the   rate  of  non-adaptive  (neutral  and  slightly  deleterious)

substitutions  during  divergence,  ωna,  can  be  estimated  based  on  polymorphism data.  Sequence
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divergence, however, builds up across long periods of time. If the selection regime has changed in

the past, so that polymorphism data are not representative of the average long-term process, then the

estimation of α can be flawed [6].

Importantly, the strength of purifying selection is determined by the effective population size (Ne),

which likely varies in time. The geographic range of palearctic species, for instance, have expanded

and contracted due to the alternation of glacial and interglacial periods during the Quaternary [7].

Species adapted to warm habitats, hereafter called "temperate", have mainly subsisted in refugees

during glacial periods, where their census population size was presumably reduced. Conversely,

species adapted to cold habitats,hereafter called "alpine", have presumably occupied larger ranges

during cold periods than during warm ones [8] [9]. Both types of species are particularly prone to

discrepancies between current and average long-term Ne, which might bias standard estimators of

α.  Methods  taking  into  account  recent  Ne changes  that  affect  polymorphism in  the  estimation

process have been developed and proved to perform well [2]. In contrast, ancient changes that affect

divergence have been poorly investigated. Modeling single changes in Ne, Eyre-Walker showed

that in presence of slightly deleterious mutations, an increase in Ne in the past could yield spurious

evidence  for  positive  selection,  whereas  a  decrease  in  Ne  can  either  increase  or  decrease  α

depending on when it happened [6].

To further explore the extent of the error one can make when assessing the genome-wide adaptive

rate, we simulated coding sequence evolution under plausible demographic scenarios of fluctuating

Ne  and  accounting  for  linkage  effects,  and  tested  the  performance  of  the  most  recent

implementations  of  the  McDonald-Kreitman  approach  [4] [5]. Our  results  reveal  a  substantial

overestimation of α and of the adaptive rate ωa in most scenarios, calling for a re-examination of the

interpretation of the high values of α often reported based on these methods.

Material and methods :

a. Generating simulated data of temperate and glacial species
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We simulated the evolution of coding sequences in a single population evolving forward in time

using SLIM V2 [10]. We considered panmictic populations of diploid individuals whose genomes

consisted of 1500 coding sequences, each of 999 base pairs. The mutation rate was set to 2.2e-9 per

generation  [11] and the recombination rate to 1e-8 per base pair per generation  [12]. Simulations

differed from one another with respect to the demographic scenario and the assumed distribution of

the fitness effect of mutations (DFE) as shown in figure 1. The alternation of a high (105) and a low

Ne (104) was assumed to follow quaternary climatic cycles, with temperate species having a high

Ne in interglacial periods, and alpine having a high Ne in glacial periods. Each combination of

parameters was replicated 50 times. From each replicate, we computed the true number of fixed and

segregating mutations, their fitness effects and population frequencies, from which we calculated

the true values of the proportion of adaptive substitutions α, the rate of adaptive substitutions ωa and

the rate of non-adaptive substitutions ωna.

b. Computing estimates of α, ωa, and ωna 

Non-synonymous and synonymous unfolded site frequency spectra (SFS) were built by summing

across genes counts of derived allele frequency obtained from the SLIM output. An unfolded SFS is

a vector of 2n-1 entries corresponding to the counts of SNPs at which the absolute frequency of the

derived allele is 1, 2, ..., 2n-1, respectively, in a sample of n diploid individuals. Here samples of

size  n=10 individuals were considered. Non-synonymous and synonymous divergence data were

obtained by summing the number of substitutions recorded by SLIM.

We estimated α, ωa, and ωna from simulated SFS and divergence data using two distinct programs

introduced by Galtier (2016)  [4] and Tataru et al. (2017)  [5], denoted by G and T underscripts,

respectively. Both programs re-implement and extend a method of estimation of the adaptive rate

introduced by Eyre-Walker et al. [13]. Distinct DFE models were considered and fitted to SFS and

divergence data. The  model “Gamma” only considers neutral and deleterious effects, whereas the

model  “GammaExpo”  includes  an  additional  class  of  exponentially  distributed  advantageous

mutations  [4] [5].  Two approaches  were taken for estimating ωa,  ωna and α posterior  to  model
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fitting. In the first approach [13], the expected ωna is estimated from the inferred model parameters,

whereas ωa and α are obtained by subtracting ωna from the observed dN/dS ratio (dN/dS=ωa+ωna

and ωa=α*dN/dS). In the second approach [4] [5], which is only applicable to  models including an

adaptive component such as GammaExpo, divergence data were only used at model fitting step,

ωna, ωa and α being estimated directly from the inferred model parameters. We called this procedure

“GammaExpo*”.  Besides,  we accounted for demographic effects  by using nuisance parameters,

which correct each class of frequency of the synonymous and non-synonymous SFS relative to the

neutral expectations in an equilibrium Wright–Fisher population. When the method yielded negative

values, we set them to zero.

Results and discussion

a.  Influence  of  past  demographic  fluctuations  on  the  estimations  of  the  parameters  of

adaptation

We report a substantial overestimation of α in the great majority of scenarios of fluctuating Ne,

especially  for temperate  species,  whereas methods tend to estimate very well  positive selection

inference when Ne is stable (Figure 2). In the worst case (model GammaG , temperate species), all

the replicates yielded estimated α values above 0.13, 54% of which being above 0.4, whereas no

adaptive mutations have been simulated (true α=0 , figure 2).The overestimation of α for temperate

species is caused by an underestimation of the non-adaptive substitution rate ωna, indicating that this

result  is indeed due to the presence of slightly deleterious mutations. As for alpine species, for

which the last episode of demographic fluctuation is a population decrease, we still observe inflated

α values with some models, contrary to the findings of  [6]. This might be because the average

coalescence  time  is  here  longer  than  the  last  inter-glacial  period  (11.000  generations),  so  that

polymorphism reflect a period that may span several cycles of fluctuations. Thus the long term

population size (i.e. the average Ne represented by divergence data), which can be approximated by

the time harmonic mean, may not be greater than the recent Ne (i.e. the average Ne represented by

polymorphism data) even in alpine species.
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b. Comparison of the different methods of inference of  α

Figure 2 shows that the five tested methods are globally consistent, all showing an overestimation

of α when there are past fluctuations of Ne.

There  is  a  significant  positive  correlation  between the  two pairs  of  methods  GammaExpo and

GammaExpo*  of  the  implementations  of  Galtier  and  Tataru  [4]  [5]  (R=0,59  and  R=0,73

respectively,  and  see  Figure  S1).  However,  the  methods  differ  in  terms  of  variance  of  the

estimations and in the extent of the overestimation they produce. The method performing the best is

GammaExpo*. This method uses the observed non synonymous divergence count during the fitting

of the positive DFE, and estimate  ωa   directly from this DFE, not through a comparison of the

observed divergence and the estimated ωna. Consequently the discrepancies between divergence and

polymorphism data are mitigated, as the parameters of the DFE are adjusted from the two sources

of data simultaneously. Ideally, using solely polymorphism data, such as developed in [5], removes

all  risks  of  discrepancies,  but  such method needs  high  quality  datasets,  and estimation  relying

exclusively  on  SFS  data  pay  a  penalty  because  estimates  will  have  inherently  more  sampling

variance  [5].  Nevertheless,  with  such method,  α  estimates  will  reflect  the  recent  proportion  of

adaptive substitutions, contrary to the α estimated by the other models. For the sake of simplicity

we presented the implementation Gamma of Galtier in the following.

c. Control analyses

We explored how estimation of α  and ωa is  influenced by changes in the DFE, as well  as in

recombination rate and the intensity of the bottlenecks (Table 1). When we adaptive mutation are

part of the simulation, we observe a slight overestimation of α only for temperate species and the

GammaG model. This suggests that the estimation methods are particularly prone to strong biases

when positive selection is particularly low.

Additionally, we tested the influence of the shape of the negative part of the DFE modeled with a

Gamma distribution. Using a shape parameter of 0.3  instead of 0.1 decreased the true value of α
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and lead to a less severe overestimation (Table 1). This is likely due to the fact that, as the shape

parameter approaches zero, the assumed DFE is closer and closer to the neutral model – i.e., with a

low prevalence of slightly deleterious mutations – so that dN/dS is less and less sensitive to Ne.

We tested the influence of the recombination rate by increasing it by a factor ten in the simulations

of stable Ne. It decreased the bias and reduced the variance of the estimations of α substantially for

the simulations using the DFE “C”, i.e. comprising a positive part in the DFE, but not for the ones

using DFE “A”, where the bias was already very low (Table 1).

Finally, we also tested the effect of the intensity of the fluctuations, decreasing the population size

to 1.000 individuals in the bottlenecks. As expected, the extent of the overestimation is stronger,

with estimations of α reaching a mean of 0.69 for temperate species.

Conclusion :

We showed that under plausible demographic scenarios involving fluctuations in population size,

current methods for inferring α can yield strong overestimates. This upward bias is exacerbated

when the true adaptive substitution rate is low, and when the negative DFE contains more slightly

deleterious mutations. We therefore call for caution when interpreting the results of such methods.

Methods relying on an explicitly model of adaptive evolution performed better in case of population

fluctuations and should probably be developed further in order to overcome this problem.
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Figure 1: Demographic and distribution of fitness effect (DFE) parameters used in the simulations.

Ne-high is set to 105 individuals, and Ne low is set to 104 individuals for the reference scenarios,

and 103 individuals for the “severe bottlenecks” scenarios.

Figure 2:  ωna, ωa and α estimates according to different models (implementation of Galtier in light

gray and implementation of Tataru in dark gray) for three main treatments: stable population size,

temperate species and alpine species with the DFE implementation without adaptive mutations (see

DFE implementation “A” in figure 1). “G” stands for Gamma, “GE” for GammaExpo and “GE*”

for GammaExpo*.

Table 1:  Statistic estimates according to different models for additional treatments with different

DFE implementations  (see  the  DFE descriptions  in  figure  1),  different  recombination  rate  and

severeness of bottlenecks.

Scenario true α αGammaG dN/dS πn/πs true ωa ωaGammaG true ωna ωna GammaG

Temperate

species

DFE C
0.58 

[0.52.0.66 ]

0.61

[0.40;0.77]

0.15

[0.12;0.18]

0.079 

[0.063;0.097]

0.085

[0.069;0.10]

0.090

[0.056;0.13]

0.062 

[0.046;0.081]

0.057

[0.038;0.079]

DFE B
0 

[0;0]

0.16

[-0.030;0.33]

0.34

[0.31;0.37]

0.34

[0.29;0.38]

0

[0;0]

0.054

[-0.0094;0.11]

0.34 

[0.31;0.37]

0.28 

[0.22;0.32]

DFE A

 Ne-low=1000

0

[0;0]

0.69

[0.53;0.97]

0.099

[0.082;0.12]

0.056

[0.044;0.067]

0

[0;0]

0.069

[0.046;0.096]

0.10

[0.082;0.12]

0.030

[0.0034;0.043]

Alpine

species

DFE C
0.83 

[0.79;0.87 ]

0.81 

[0.73;0.98]

0.27 

[0.25;0.30]

0.071

[0.055;0.084]

0.23 

[0.20;0.25]

0.22 

[0.12;0.28]

0.048

[0.034;0.059]

0.051

[0.0068;0.071]

DFE B
0 

[0;0]

0.084

[-0.074;0.24 ]

0.31

[0.28.0.34]

0.33

[0.30;0.36]

0 

[0;0]

0.027

[-0.022;0.075]

0.31 

[0.28;0.34]

0.28 

[0.24;0.32]

DFE A

 Ne-low=1000

0

[0;0]

0.48

[0.29;0.72]

0.067

[0.055;0.077]

0.054

[0.042;0.065]

0

[0;0]

0.032

[0.019;0.051]

0.067

[0.055;0.077]

0.035

[0.019;0.048]

Stable Ne

DFE C
0.73

[0.72;0.75]

0.65

[0.60;0.72]

0.23

[0.22;0.24]

0.10

[0.092;0.11]

0.17

[0.16;0.18]

0.15

[0.14;0.16]

0.062

[0.059;0.065]

0.080

[0.064;0.094]

DFE A

 higher recombination rate

0

[0;0]

0.0022

[-0.21;0.15]

0.034

[0.030;0.037]

0.056

[0.053;0.059]

0

[0;0]

0.00019

[-6.5e-3;5.5e-3]

0.034

[0.030;0.037]

0.034

[0.029;0.038]

DFE C

 higher recombination rate

0.90

[0.90;0.91]

0.87

[0.85;0.90]

0.41

[0.40;0.42]

0.069

[0.064;0.074]

0.37

[0.36;0.38]

0.36

[0.34;0.38]

0.040

[0.037;0.043]

0.051

[0.044;0.060]
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Table S1: Statistics for all models and all scenarios tested in the study.

Figure S1: Correlation between the estimates of the two implementation of Galtier 2016 and Tataru

et al. 2017 for the models GammaExpo and GammaExpo*.

Box S1: SLIM command lines for the main demographic scenarios (stable Ne, temperate species

and alpine species with a soft bottleneck) and DFE-A. All the simulations have been rescaled by a

factor ten after checking that it will not affect the result, for time saving considerations.
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Glacial 
period

Alpine
species

Temperate
species

Ne-high

   Ne-low

Sampling

440,000 20,000 80,000 11,000

Burnin
Inter-glacial 

period

Demographic scenarios :

DFE models :
 A                                                   B                                                     C

                    NeS                                                                     NeS                                                                       NeS

 

A : 75% of deleterious mutations (negative Gamma 
distribution with α=0,3 and μ=-2,5)
25 % of neutral mutation
B : 75% of deleterious mutations (negative Gamma 
distribution with α=0,1 and μ=-2,5)
25 % of neutral mutation
C : 74,85% of deleterious mutations (negative 
Gamma distribution, α=0,3 and μ=-2,5)
25 % of neutral mutations 
0,15 % of adaptive mutations

Ne-high

   Ne-low
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Scenario true α αGammaG dN/dS πn/πs true ωa ωaGammaG true ωna ωna GammaG

Temperate

species

DFE C
0.58 

[0.52.0.66 ]

0.61

[0.40;0.77]

0.15

[0.12;0.18]

0.079 

[0.063;0.097]

0.085

[0.069;0.10]

0.090

[0.056;0.13]

0.062 

[0.046;0.081]

0.057

[0.038;0.079]

DFE B
0 

[0;0]

0.16

[0.0;0.33]

0.34

[0.31;0.37]

0.34

[0.29;0.38]

0

[0;0]

0.055

[0.0;0.11]

0.34 

[0.31;0.37]

0.28 

[0.22;0.32]

DFE A

 Ne-low=1000

0

[0;0]

0.69

[0.53;0.97]

0.099

[0.082;0.12]

0.056

[0.044;0.067]

0

[0;0]

0.069

[0.046;0.096]

0.10

[0.082;0.12]

0.030

[0.0034;0.043]

Alpine

species

DFE C
0.83 

[0.79;0.87 ]

0.81 

[0.73;0.98]

0.27 

[0.25;0.30]

0.071

[0.055;0.084]

0.23 

[0.20;0.25]

0.22 

[0.12;0.28]

0.048

[0.034;0.059]

0.051

[0.0068;0.071]

DFE B
0 

[0;0]

0.092

[0.0;0.24]

0.31

[0.28.0.34]

0.33

[0.30;0.36]

0 

[0;0]

0.029

[0.0;0.075]

0.31 

[0.28;0.34]

0.28 

[0.24;0.32]

DFE A

 Ne-low=1000

0

[0;0]

0.48

[0.29;0.72]

0.067

[0.055;0.077]

0.054

[0.042;0.065]

0

[0;0]

0.032

[0.019;0.051]

0.067

[0.055;0.077]

0.035

[0.019;0.048]

Stable Ne

DFE C
0.73

[0.72;0.75]

0.65

[0.60;0.72]

0.23

[0.22;0.24]

0.10

[0.092;0.11]

0.17

[0.16;0.18]

0.15

[0.14;0.16]

0.062

[0.059;0.065]

0.080

[0.064;0.094]

DFE A

 higher recombination rate

0

[0;0]

0.04

[0.0;0.15]

0.034

[0.030;0.037]

0.056

[0.053;0.059]

0

[0;0]

0.0014

[0.0;5.5e-3]

0.034

[0.030;0.037]

0.034

[0.029;0.038]

DFE C

 higher recombination rate

0.90

[0.90;0.91]

0.87

[0.85;0.90]

0.41

[0.40;0.42]

0.069

[0.064;0.074]

0.37

[0.36;0.38]

0.36

[0.34;0.38]

0.040

[0.037;0.043]

0.051

[0.044;0.060]



Chapter 5: Impact of domestication on the Distribution of 
Fitness Effects in plant species and the cost of domestication 
hypothesis 
Contributors: Maeva Mollion, ARCAD consortium, Sylvain Glemin, Thomas Bataillon 
 
In this chapter, I summarize the last project I worked on during my thesis. Since this was the                  
last project, the manuscript has not yet been submitted and this chapter in itself can be                
considered a manuscript in preparation. 
In this project, I analyzed plant domestication data from the ARCAD project (Sarah et. al.,               
2017) that we obtained through a collaboration with Sylvain Glemin. We wanted to see if the                
hypothesis stating that domestication has a cost and entails an increase in the genetic load               
could be confirmed in a range of plant species since so far mostly annual crops have been                 
studied in this aspect (Gaut, 2015; Makino et al., 2018) even though some new studies begin                
to emerge, including a wider and more diverse range (Chen et al., 2017). We also wanted to                 
check if the hypothesis stating that annual plants would be more affected by domestication              
than perennial ones could be confirmed.  

Abstract 

 
Domestication offers an interesting setup to study adaptation and its genomic consequences.            
Plant domestication entails strong selection for a few specific traits but it is also believed to                
incur fairly intense genetic bottlenecks that in turn can bring a substantial load of slightly               
deleterious mutations (sometimes termed the cost of domestication). 
We analysed a set of 10 crops where 20 individuals, 10 from the wild relatives and 10 from                  
the domesticated gene pool, as well as two outgroups were re-sequenced using RNA-seq             
(ARCAD project, collaboration with Sylvain Glemin). 
We used a new method, polyDFE, to infer the distribution of fitness effects from              
polymorphism. This method allowed us to infer the proportion of several class of mutations              
(ranging from highly deleterious to highly adaptive) within each species, and thereby to             
quantify how domestication has changed the DFE of a plant species and to test the cost of                 
domestication hypothesis on a substantial plant dataset. 
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Cost of domestication 
Domestication is a particular case of genome evolution where there is a shift from natural               
selection in the wild, to human based selection with emphasis on selecting plants with              
phenotypes that are relevant to human exploitation.  
Typical selected traits include loss of dormancy, uniform seed germination and seed ripening,             
less shattering, increase in grain, fruit, or root size depending on the plant part exploited by                
humans, and resistance to stress.  
 
When those traits are selected, lack of recombination may induce neutral or potentially             
harmful mutations to sweep to fixation as well, creating a genetic load in domesticated              
species. This process is even more likely to occur as domestication is associated with strong               
bottlenecks reducing the effective population size Ne and genomic diversity, creating           
homogeneous populations. We expect a species / population evolving under a low effective             
population size to be less apt to remove harmful mutations. This genetic load associated with               
domestication is called the cost of domestication.  
A recent study by Makino et al. in 2018 showed that bottlenecks were more likely to be                 
responsible for this cost than selective sweeps. 
Domesticated species are therefore expected to have less efficient purifying selection and            
more nearly neutral mutations than their wild counterparts, and would be more susceptible to              
harbor deleterious mutations in their population. 
 
Evidences of diversity reduction and accumulation of deleterious mutations associated with           
domestication have already been found in rice, tomato, soybean, dogs and horses- the two              
latter studies even showing that there was an enrichment in mendelian disease genes near              
selective sweeps regions associated with domesticated genes (Schubert et al., 2014; Marsden            
et al., 2016; Makino et al., 2018). 
 
Most studies of the cost of plant domestication have been conducted on annual crop species,               
such as rice and wheat. However, it is possible that what was inferred on those species does                 
not apply to more diverse plant taxa, including perennial species or even simply non cereal               
crops and non model species. A larger scale study has been recently made by Chen et al. in                  
2017 where the focus was not on domestication. However, on the available data regarding              
this aspect, consisting in 9 plant species and one dog breed, they did not find a significant                 
impact of domestication on diversity or selection pattern measures.  
A large set of plant crops differing by their lifespan and mating system and including wild                
relatives was obtained in the ARCAD project and was available for our study. This allowed               
to test the cost of domestication hypothesis on a broad range of plant species and to adopt a                  
comparative approach where the effect of mating system and life span could be studied  
In this study, we tested whether the impact of domestication and its potential cost in a plant                 
species dataset is detectable using a new method for inferring the distribution of fitness              
effects (DFE) from polymorphism data, named polyDFE.  
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ARCAD project 
The ARCAD (Agropolis Resource Centre for Crop Conservation, Adaptation, and Diversity)           
project is aimed at developing a resource center for assessment and improved use of plant               
agrobiodiversity in Mediterranean and tropical regions. Research activities are conducted          
within three main projects: comparative population genomics in wild and crop plants,            
adaptation to climate change, and diversity and adaptive potential of cereals in Africa.  
To lead these studies, 26 plant reference transcriptomes were produced, among which 11             
were studied as a part of this article. These plants have contrasted life history traits regarding                
their life cycle (annual/perennials), modes of reproduction (outcrossers/selfers), or         
phylogenies (eucotyledons/monocotyledons). 
 

Formulation of Prior hypotheses  
We expect to see small traces of domestication on our dataset, which includes not only               
regions linked to domesticated genes where traces of sweeps can be found, but also the rest of                 
the genome which is not necessarily as heavily affected. We expect less traces than if we                
were to select domestication related regions only such as selective sweep regions or specific              
candidate genes that are known to be selected in the genome.  
We expect perennial species to harbor less traces of domestication and its cost than annual               
species (Gaut et al., 2015). These species usually have been domesticated more recently, have              
longer life cycles, and when domesticated, clonal propagation is used instead of reproduction             
leading to homogeneous populations. All these factors should make it so that within an              
individual, genetic diversity will not be affected as much by domestication as annual species              
because they encountered less bottlenecks.  
 
We compared genetic diversity (as measured by piS) of wild and cultivated counterparts as              
well as purifying selection (as measured by piN/piS), and we ran polyDFE to get an overview                
of selective pressures including purifying, neutral, and adaptive mutations.  
 
 

Methods 

The dataset 
The dataset consists of 10 contrasted diploid plant species spanning different angiosperms            
families, mating systems, and life cycles (Table 1). Each species has a cultivated and a wild                
taxon, with two close outgroups.  
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RNA-seq counts, polymorphism and divergence data were available for each wild and            
cultivated pairs for each plant species. 
 
Table 1: Overview of the species used in this study as found on the ARCAD project website                 
https://www.arcad-project.org/projects/comparative-population-genomics/objectives-and-gen
eral-methodology on the 17/01/2018 
Crop Family Domesticati

on 
Cultivated 
taxon 

Life span Mating 
system 

Life 
form 

Outgroups 

Banana Musaceae Old Musa 
acuminata 

perennial outcrossing herb M.balbisian, M.  
becarii 

Cocoa Malvaceae Old Theobroma 
cacao 

perennial mixed tree T. speciosa,  
Herrania nitida 

Coffee Rubiaceae recent Coffea 
canephora 

perennial outcrossing tree Empogona 
ruandensis, 
Bertiera laxa 

Einkorn 
wheat 

Poaceae Old Triticum 
monococcum 

Annual selfing herb Eremopyrum 
bonaepartis, 
Taeniatherum 
caput-medusae 

Grapevine Vitaceae Old Vitis vinifera  
ssp. sativa 

perennial outcrossing vine V. romaneti, V.   
riparia 

Pearl millet Poaceae Old Pennisetum 
glaucum 

Annual outcrossing herb P. polystachyion,  
P. alopecuroides 

Sorghum Poaceae Old Sorghum 
bicolor ssp  
bicolor 

Annual selfing herb S. 
brachypodium, 
Zea mays 

Tomato Solanaceae Old Solanum 
lycopersicum 

Annual selfing herb Capsicum 
annuum, 
Solanum 
melongena 

Yam Dioscoreacea
e 

Old Dioscorea 
rotundata 

perennial outcrossing herb D. trifida, D.   
alata 
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Olive tree Oleaceae Old Olea europea perennial outcrossing tree Phillyrea latifolia 

 
For the rest of the article, we will refer to the genus of a species instead of the complete focal                    
species name (for example, Olea for Olea europea).  
We note that for Dioscorea, three species were available but were at the same phylogenetic               
distance and two of those could potentially be the wild type. Therefore two set of files                
differing by which species is used as the wild type, Dioscorea1 and Dioscorea2, were              
available. 
Methods concerning obtention of the plant collection, RNA extraction, and assembly can be             
found in Sarah et al., 2017 whereas methods concerning SNP calling and obtention of              
population genetic measures are found in Gayral et al., 2013.  
 
We used only polarized SNPs as we wanted to obtain the unfolded SFS for each species. The 
number of contigs and SNPs used are in table 2. 
Dioscorea1, Dioscorea2, and Solanum have the least number of contigs used.  
 
Table 2: Number of contigs with polarized SNPs and number of SNPs per species 

Species # Contigs with polarized SNPs #SNPs 

Olea 8263 279516 

Coffea 7790 219630 

Dioscorea1 440 97003 

Dioscorea2 498 116747 

Musa 9197 426888 

Pennisetum 9619 350316 

Solanum 1403 119985 

Sorghum 3020 80594 

Theobroma 5997 108663 

Triticum 2573 48982 

Vitis 5130 110757 
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Measures of genomic diversity and purifying selection 
As we want to check if there is a diversity reduction and less efficiency of purifying selection                 
on cultivated genomes, we decided to first use commonly used measures which are             
respectively piS (synonymous genomic diversity) and piN/piS (ratio of non-synonymous          
genomic diversity on synonymous genomic diversity diversity) to check those hypotheses.           
The average number of synonymous and non-synonymous pairwise differences were          
obtained from the POPPHYL pipeline, as well as the number of synonymous and             
non-synonymous sites for every contig. We filtered contigs where we had at least 100 sites.  
piS was calculated as the average number of pairwise differences for synonymous sites             
divided by the number of synonymous sites, and piN, as the average number of pairwise               
differences for non-synonymous sites divided by the number of non-synonymous sites.  
 
We computed the piN/piS ratio as the mean(piN)/mean(piS) using the mean values of contigs              
for every species. We also computed log(piS+epspiS) and log(piN/(piS+eps) + epspiNS) for            
every contig, epspiS (resp. epspiNS) being respectively the minimum value of piS (resp.             
piN/piS) divided by 100. epspiS and epspiNS were added to avoid errors such as division by                
0 or log(0). 
 
Confidence intervals for each measure were obtained by bootstrapping the values with            
replacement and retrieving the 0.025 and 0.975 quantiles.  
 
 

Estimation of DFE  
 
The DFE was estimated using polyDFE.  
polyDFE is a new method developed by Tataru et al. (2017) that uses polymorphism and               
optionally divergence data to infer the full DFE, which may comprise beneficial mutations. It              
takes into account demography, as nuisance parameters, and ancestral error rates when            
building the derived SFS.  
For each species and subsets, we used homemade scripts to obtain wild and cultivated input               
files on which polyDFE could be run. 
We bootstrapped each of these input files 100 times to get an idea of the estimates variance                 
and draw more precise conclusions.  
Bootstraps were made by using a multinomial distribution for the SFS counts (we resampled              
exactly the total number of SNPs in each SFS and multinomial proportions fixed to the               
observed proportions in the original SFS data) , and we used a poisson distribution for the                
divergence counts.  
 
Two DFE models were fitted: one including potentially a proportion of beneficial mutations,             
and the second fixing this proportion to zero. We calculated AIC weights as in Posada and                
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Buckley, 2004 to adjust the inferred parameters. One reason to do so is to avoid having to do                  
a likelihood ratio test on each of the runs to decide of a model to use, and because if a model                     
includes positive selection where there is actually none or very little, the parameters             
estimation is biased. 
 
Using homemade scripts, we then used DFE parameters to infer a discretized DFE for wild               
and cultivated species. We binned the inferred DFE into categories reflecting the proportion             
of mutation that experience strong purifying selection (DFEHD: 4Nes<-10), moderate          
purifying selection (DFELD: -10< 4Nes<-1), effectively no selection (DFEN: -1<4Nes<1),          
and positive selection (DFEP: 4Nes>1). We obtained the proportions of mutations belonging            
to each of these categories for every bootstrap, which allowed us to have mean proportions               
and uncertainties for every DFE class of every species. 
 

Testing the impact of domestication on genomic diversity and selective pressures 
 
We computed a table summarizing all species informations concerning the DFE.  
The table contained the species name, whether the data came from domesticated species or              
not (Domesticated variable), if the species was perennial or annual (LifeSpan variable), if it              
was an outcrossing or a selfing species (MatingSys variable), and the densities of each              
discretized DFE categories. In order to have independent measures, only the means of             
bootstrap values were kept, leading to one measure per wild or cultivated species.  
We added to this table the mean of piS and of piN over all contigs for each wild or cultivated                    
species in the table for every species.  
We also created a table containing piS and piS/piN measures for every contig in every wild or                 
cultivated species (thus including the Domesticated variable), as well as the LifeSpan and the              
MatingSys variable. In this table, in order to be able to do what follows, values of piS and                  
piN were selected to be above 0.  
We had only one species, Theobroma cacao, having a mixed reproduction system, that we              
decided to exclude from both tables for the regression analyses. All species except one              
(Pennisetum) showed that oucrossers were perennials and selfing species, annuals. We           
decided therefore to only take one variable, MatingSys, instead of also looking at LifeSpan in               
our analyses. 
Regressions and ANOVA could then be made using the R functions lm and anova to measure                
the impact of domestication on piS, piN/piS, DFEHD and DFEN.  
 
The models tested were: 
 
log(piS)~Domesticated+MatingSys+Species 
log(piNS)~log(piS)+Species+MatingSys+Domesticated 
DFEHD~Domesticated+MatingSys+log(piS) 
DFEN~Domesticated+MatingSys+log(piS) 
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Results 

Impact of domestication on diversity and purifying selection 
 
Here we want to test the impact of domestication on patterns of diversity and selection in 
whole genomes. 
One known impact of domestication is a genomic diversity reduction. Here, we calculated 
and compared the reduction of synonymous diversity rate piS (synonymous diversity divided 
by number of synonymous sites) in cultivated species relative to wild species for every 
species. We expect a smaller piS in cultivated species. 
 
Table 3: piS comparison for wild and cultivated relatives in each species. Values in 
parenthesis indicates an approximate 95% confidence interval (obtained using the 2.5 and 
97.5% quantile values of bootstrap sampling distributions). Bold lines indicates that piS is 
higher in cultivated than in wild species and not following our hypothesis. Yellow 
background indicates annual species while the rest are perennials. 

Species piS Cultivated piS Wild 

Olea 0.0063 (0.0062-0.0064) 0.0069 (0.0068-0.0070) 

Coffea 0.0014 (0.0014-0.0015) 0.0046 (0.0045-0.0047) 

Dioscorea1 0.0031 (0.0030-0.0032) 0.0010 (0.0010-0.0011) 

Dioscorea2 0.0030 (0.0029-0.0031) 0.00094(0.00092-0.00097) 

Musa 0.0076 (0.0075-0.0077) 0.0083 (0.0082-0.0084) 

Theobroma 0.0033 (0.0032-0.0034) 0.0036 (0.0035-0.0036) 

Vitis 0.0067 (0.0066-0.0068) 0.0044 (0.0043-0.0045) 

Pennisetum 0.0039 (0.0038-0.0040) 0.0051 (0.0050-0.0052) 

Solanum 0.00115 (0.00112-0.00118) 0.00183 (0.00178-0.00188) 

Sorghum 0.0024 (0.0024-0.0025) 0.0018 (0.0017-0.0018) 

Triticum 0.0015 (0.0014-0.0017) 0.0017 (0.0017-0.0018) 
 
 
For seven species out of eleven, piS is higher in the wild relatives and the amount of 
reduction of piS in cultivated species is very variable (from 5.7% to 69%)(Table 3). In 
Dioscorea, Sorghum, and Vitis, wild species have a slightly lower diversity than cultivated 
ones (between 1.5 and 3.1% lower). While we observe  overall some diversity reduction, but 
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this can not be extended to every crop species. We note that the four outliers also have the 
lowest number of SNPs in our dataset.  
 
 
Another expectation is that domestication entails an extra genetic load, and we expect it 
might be  harder for cultivated crops to filter out deleterious (here non-synonymous) 
mutations.  
To get a first integrative index of the overall strength of purifying selection, we computed the 
average ratio of non-synonymous diversity rate on synonymous diversity rate piN/piS to 
check this hypothesis (Table 4). We expect the ratio to be higher in cultivated species. 
 
Table 4: Comparison of piN/piS between cultivated and wild relatives. Values in parenthesis 
indicates an approximate 95% confidence interval (obtained using the 2.5 and 97.5% quantile 
values of bootstrap sampling distributions). Bold lines indicates that piN/piS is lower in 
cultivated than in wild species and not following our hypothesis. Yellow background 
indicates annual species while the rest are perennials. 
 

Species piN/piS Cult piN/piS Wild 

Olea 0.24(0.23-0.24) 0.24(0.23-0.24) 

Coffea 0.28(0.27-0.28) 0.27(0.27-0.28) 

Dioscorea1 0.21(0.21-0.22) 0.23(0.23-0.24) 

Dioscorea2 0.22(0.21-0.23) 0.23(0.23-0.24) 

Musa 0.24(0.24-0.25) 0.24(0.23-0.24) 

Theobroma 0.27(0.27-0.28) 0.27(0.27-0.28) 

Vitis 0.20(0.19-0.20) 0.19(0.19-0.20) 

Pennisetum 0.23(0.22-0.24) 0.21(0.21-0.22) 

Solanum 0.24(0.23-0.25) 0.25(0.24-0.26) 

Sorghum 0.15(0.15-0.16) 0.15(0.14-0.16) 

Triticum 0.12(0.11-0.14) 0.12(0.11-0.13) 

 
The ratio is higher in cultivated relatives  (as expected under our a priori hypothesis) for 8 
species out of  11(Table 4). However, we also emphasize that the observed differences are 
realy small. Judging by these values we can not confirm a clear cost of domestication in 
every crop species using the piN/piS measure.  
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We then checked if piS, which is often used as a proxy for long term effective size ( but                   
mutation rate variations can occur and bias this proxy as in Chen et al., 2017) can explain                 
some of the observed piN/piS by using linear models regressions. According to previous             
studies and theories, piS can be used as a proxy for the efficient population size Ne, and the                  
bigger Ne, the more efficient its purifying selection (so the lower piN/piS).  
The regression log(piN/piS) ~ log(piS) + Species (1) showed that there was a significant 
negative correlation with piS, but this model had an adjusted R square of only 7%.  
 
We then used the two linear regressions model below (2) and (3) to evaluate the relative 
importance of domestication and other life history traits such as mating system that could 
explain piS and piN/piS variability. Since we know genomic diversity varies a lot between 
species, we decided to include the Species variable as a block. 
 
log(piS)~Species+Domesticated+MatingSys (2) 
 
For regression (2), all life history traits used had a significant impact on log(piS) and the 
regression explained 16% of log(piS) variability. Using an ANCOVA, we could see that 
Mating systems explained the most variability, followed by Species. Domestication was 
significant but explained a lower proportion of variability, and wild species had a slightly 
higher piS than cultivated species, which is what we expected. Selfing species tends to have a 
lower piS (see regression 4 in supplementary material).  
 
log(piNS)~log(piS)+Species+MatingSys+Domesticated (3), 
piNS being piN/piS. 
 

Regression (3) explained 7.3% of log(piN/piS) variability (see supplementary regression 6), 
so adding life history traits to the explanatory variables led only to a modest  increase in 
adjusted R squared.  
All variables significantly explain log(piN/piS). Species and mating systems explain most of 
the variation, followed by piS and then by domestication. Wild species had a higher piN/piS 
than cultivated ones, which is not what we expect, but the coefficient was rather small. It is 
consistent with what we observed in the tables 3 and 4: we can find effects of domestication 
to some extent but most species do not show a lot of contrasts between wild and 
domesticated, if not the inverse pattern in some cases. Selfers tend to have a lower piN/piS, 
as expected since selfers would have a lower Ne than outcrossers.  
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Figure 1: log(piN/piS) as a function of log(piS) when distinguishing species and whether it is 
the cultivated or the wild counterpart. 
 
When we take the mean of piS and mean(piN)/mean(piS) of all contigs per cultivated and 
wild species, the correlation between the logarithms of those two variables is not significant 
anymore.  
We see in figure 1 that there is even a small trend showing a slight increase in piN/piS as piS                    
increases.  
 

Impact of domestication on DFE 
 
To examine how the DFE was affected by domestication, we computed for each category the               
ratio of proportions of mutations in each Nes category and we examined how that proportion               
varied from cultivated species to wild species (Figure 2, figure 3). 
We expected the relative proportion of mutations under strong purifying selection (Nes< -10)             
to be below 1, showing more purifying selection in wild than cultivated species, and the               
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proportion of nearly neutral mutations (-1<Nes<1) to be above 1, showing more nearly             
neutral mutations in cultivated species. 
In the graphs, these expectations translate into expecting that the purple boxplot            
(corresponding to wild species) would be above the green one (corresponding to cultivated             
species) for the first category (purifying selection), and the contrary for the third category              
(neutral mutations). 
 

 
Coffea Dioscorea1 

 
Dioscorea2 

 
Musa 
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Theobroma 

 
Vitis 

 

 
Figure 2: Inferred proportion of mutations in 4 Nes classes of the DFE for categories               
4Nes<-10, -10<4Nes<-1, -1<4Nes<1,4Nes>1 for every perennial species. In the legend, cult           
stands for cultivated. The boxplots represents the bootstrap distributions around inferred           
proportion for each DFE category, for cultivated (in green) and wild genepools (in purple).  
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Pennisetum Solanum 

 
Sorghum 

 
Triticum 

 
Figure 3: Inferred proportion of mutations in 4 Nes classes of the DFE for categories               
4Nes<-10, -10<4Nes<-1, -1<4Nes<1,4Nes>1 for every annual species. In the legend, cult           
stands for cultivated. The boxplots represents the bootstrap distributions around inferred           
proportion for each DFE category, for cultivated (in green) and wild genepools (in purple).  
 
 
Some species confirmed our a priori hypothesis that there is a higher proportion of mutations               
under purifying selection (Nes<-10 category) in wild species, and more effectively neutral            
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mutations (-1<Nes<1) in cultivated species. It is especially clear in the case of Musa and Olea                
for perennial species, and in all annual species. However, Coffea showed the inverse pattern,              
and Theobroma did not show much differences between wild and cultivated species. As for              
the other species, cultivated and wild species showed very close proportions of mutations for              
these two DFE classes.  
 
On the other DFE categories, when looking at Table 4, the proportion of mildly deleterious               
mutations (-10<Nes<-1) was generally higher for cultivated species. As for strongly           
beneficial mutations (Nes>1), the ratio varied a lot but was highest for Musa, Pennisetum,              
and Triticum. All the other species showed a smaller ratio, so less beneficial mutations in               
cultivated species than in wild.  
We pinpoint that Solanum showed very high ratios in the mildly deleterious and neutral              
categories, but that is because most of the density was found in the other categories, making                
the denominator a very small number. 
We also note that Coffea for example seems to show more purifying selection in cultivated               
species, whereas its cultivated version have a lower piN/piS and a higher density. But as the                
piN/piS ratio showed, there are not many visible and constant differences between wild and              
cultivated species in general.  
 
 
An increase in Ne is supposed to lead to an increase in the efficiency of purifying selection.                 
We checked this hypothesis by doing the following regressions: 
DFEHD~log(piS) +Species (4) 
DFEN~log(piS) + Species (5) 
Both regressions (4) and (5) explained respectively 69% and 53% of the response variables’              
variance. log(piS) and Species explained about the same amount of variability           
(Supplementary regressions 8 and 9). The regression coefficients were close to 0 and went              
into the opposite direction as we expected: an increase in piS leads to a decrease in the                 
proportion of mutations under purifying selection and an increase in the proportion of neutral              
mutations.  
 
We then used linear regressions (6) and (7) on a table gathering all the different species data,                 
as mentioned in Methods/polyDFE runs.  
 
DFEHD~Domesticated+LifeSpan+MatingSys+log(piS) + Species (6) 
DFEN~Domesticated+LifeSpan+MatingSys+log(piS) +Species (7) 
 
Regression (6) explained 68% of DFEHD variability, and regression (7) explained 58% of             
DFEN variability.  
 
Domestication does not seem to have a significant effect on the proportions of mutations              
belonging to DFE categories corresponding to purifying and neutral selection in the used             
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design, nor did mating system even if the latter explained more variability. Only log(piS)              
significantly explained variations. Looking at the Domestication and MatingSys coefficients          
(see Supplementary regressions 12 and 13), they are very close to zero, but domestication and               
selfing lead to a very slight decrease in DFEHD and a very slight increase in DFEN.  
 
 

 
Figure 4: Impact of domestication on DFEHD and DFEN. 
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Figure 5: Impact of mating system on DFEHD and DFEN.  
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Figure 6: Impact of piS on the proportions of mutations in the DFE classes DFEHD and                
DFEN. A linear model fit was added to the plot as a blue line. The dark grey area represents                   
the linear model standard error. 
 
 
If we go back to our prior hypotheses, we expected species with a higher piS to exhibit more                  
mutations in the DFEHD category and less in the DFEN. We also expected wild species to                
have a higher piS than cultivated species, more purifying selection and less nearly neutral              
mutations.  
When we focus on what happens within species, between cultivated and wild relatives, we              
can see that for 4 species out of 10, an increase in piS leads to a decrease in the proportion of                     
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mutations in the DFEHD class and an increase in the DFEN class which is the inverse of                 
what we expected. These species consists in two annual selfing species, Sorghum and             
Triticum, and two perennials outcrossing species, Coffea and Vitis. Among those, the most             
differences between wild and cultivated species occurs in the two annual species and in              
Coffea.  
We also expected that the proportion of mutations in DFEHD would be higher in wild               
species. That is not the case for 4 species out of 10, which are Dioscorea1, Dioscorea2,                
Coffea, and Vitis. Coffea exhibits the most differences.  
 

Conclusion 
 
We were able to assess the impact of domestication on genetic diversity as measured by piS,                
purifying selection as measured by piN/piS first and by DFEHD then, and to quantify the               
number of nearly neutral mutations segregating as measured by DFEN.  
We noticed that if some species did show signals in agreement with our expectations, for               
many species there were no big differences between wild and cultivated counterparts, and for              
some species, the trends were even marginally opposite to what we expected.  
 
When we looked at the impact of domestication on piS, by looking at the values in table 3,                  
we could see that diversity was reduced in seven species out of ten. The three exceptions                
included both outcrossing annuals and selfing perennials, showing that exceptions were not            
caused by the plants life span or mating systems. However two of them had a low number of                  
SNPs. 
A linear regression showed that piS was significantly affected by domestication and mating             
system. However, the differences between domesticated and wild species were very small.            
Most of piS variation was actually due to differences between species and mating systems. 
When we looked at piN/piS, there were not striking differences between domesticated and             
wild species. A regression showed a small, significant impact of domestication increasing            
piN/piS and more variation was explained by inter-species differences and mating systems,            
followed by piS. log(piN/piS) is also negatively correlated to log(piS), as expected when we              
take into account all contigs measures, but the correlation coefficient is very weak in this               
dataset. Selfers (which are also annual species) have a slightly lower piN/piS, as well as               
cultivated species which is the inverse of what we expected, even though the effect of               
domestication is small.  
 
When we looked at the DFE, we found that some species, notably annual species, did show a                 
reduction of the proportion of mutations under purifying selection and an increase in nearly              
neutral mutations in cultivated species, but this was not the case for all of them. Coffea                
showed the inverse pattern, and the others did not show strong differences between wild and               
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cultivated species. The low contrast between wild and domesticated species was already            
apparent in piN/piS ratio and confirmed by the DFE. 
We could also see in Figure 6 that wild species did not always show a higher piS, and that a                    
higher piS was not always correlated with more purifying selection and less nearly neutral              
mutations.  
By doing a simple regression on a linear model, domestication did not affect significantly              
purifying selection and nearly neutral proportions in the DFE, nor did mating systems.  
piS was the only variable explaining a significant proportion of variations in the DFE, but not                
in the way we expected. A higher genomic diversity was associated with a slightly reduced               
efficiency of purifying selection and more neutral mutations.  
 
We showed in this study, that included a range of diverse plant species, that if domestication                
can induce a genetic load in plants, it is not a conclusion that holds for every crop species and                   
that this genetic load does not lead to drastic differences between wild and cultivated species.               
There are big variations between species that we failed to fully explain using domestication              
and mating systems traits. Most variation is explained by genomic diversity that affects the              
mutation’s fitness effect by decreasing the efficiency of purifying selection in the dataset.  
 
However, as I mentioned, the dataset used contained not only contigs that are linked to               
domestication but also the rest of the genome, and that could blur the selection signals. This                
is why in the next few months, I intend to make subsets of relevance in the data in order to                    
assess more precisely the impact of domestication.  
I intend to make a subset containing contigs with a lower diversity in cultivated species, that                
could be regions where selective sweeps occurred, and where potential genetic load would be              
more likely to occur. I also intend to make a subset using SNPs that are specific to cultivated                  
species, and another with SNPs specific to wild species, where I expect to see differences due                
to domestication enhanced and more detectable. 
I also intend to look at the differentially expressed genes between cultivated and             
domesticated species, see if some gene ontologies (GO) functions related to domestication            
are enriched, and look at the DFE of those genes.  
I intend to make a subset containing GO categories that are linked to domestication. The list                
of GO I will look for is as follows: Reproduction (GO:0000003), seed dormancy             
(GO:0010162), seed development (GO:0048316), fruit development (GO:0010154),       
Response to biotic stimulus (GO:0009607), Response to abiotic stimulus (GO:0009628),          
Response to stress (GO:0006950), Immune response (GO:0006955), Regulation of flower          
development (GO:0009909), Entrainment of circadian clock (GO:0048573). 
The last subsets will contain the most expressed and potentially constrained contigs, and the              
least expressed ones, and it is expected that the most expressed contigs would show more               
purifying selection. 
 
I also intend to add to the existing DFE inferences (with and without positive selection)               
inferences including or not ancestral error to improve on the precision of the models.  
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Supplementary 
 
Regressions outputs as obtained in R:  
 
---------------------------------------------------------------------------------------------------------------- 
piSregs=lm(log(piS)~Species) (1) 
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) -8.41173    0.02343 -359.04   <2e-16 *** 
SpeciesPiDioscorea1 -0.62929    0.03447  -18.26   <2e-16 *** 
... 
 
Residual standard error: 4.157 on 283918 degrees of freedom 
Multiple R-squared:  0.1575, Adjusted R-squared:  0.1575  
F-statistic:  5897 on 9 and 283918 DF,  p-value: < 2.2e-16 
 
 
ANOVA-- 
 Df Sum Sq Mean Sq F value    Pr(>F)  
SpeciesPi 9 917173  101908  5896.5 < 2.2e-16 *** 
Residuals 283918 4906874      17  
 
 
---------------------------------------------------------------------------------------------------------------- 
piSregsM=lm(log(piS)~MatingSys+Species) (2)   
                                    Estimate Std. Error t value Pr(>|t|)  
(Intercept) -8.41173    0.02343 -359.04   <2e-16 *** 
MatingSysPiselfing -3.74025    0.04541  -82.37   <2e-16 *** 
SpeciesPiDioscorea1 -0.62929    0.03447  -18.26   <2e-16 *** 
... 
 
Residual standard error: 4.157 on 283918 degrees of freedom 
Multiple R-squared:  0.1575, Adjusted R-squared:  0.1575  
F-statistic:  5897 on 9 and 283918 DF,  p-value: < 2.2e-16 
 
 
ANOVA-- 
 Df Sum Sq Mean Sq F value    Pr(>F)  
MatingSysPi 1 480814  480814   27820 < 2.2e-16 *** 
SpeciesPi 8 436359   54545    3156 < 2.2e-16 *** 
Residuals 283918 4906874      17 
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---------------------------------------------------------------------------------------------------------------- 
piNSpiSreg=lm(log(piNS)~log(piS) + Species) (3) 
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) -4.773402   0.039037 -122.28   <2e-16 *** 
log(piS + epspiS) -0.223405   0.002593  -86.15   <2e-16 *** 
SpeciesPiDioscorea1 -0.667357   0.047656  -14.00   <2e-16 *** 
... 
 
Residual standard error: 5.744 on 283917 degrees of freedom 
Multiple R-squared:  0.06913, Adjusted R-squared:  0.06909  
F-statistic:  2108 on 10 and 283917 DF,  p-value: < 2.2e-16 
 
 
 
ANOVA --- 
 Df Sum Sq Mean Sq F value    Pr(>F)  
log(piS + epspiS) 1 43252   43252  1310.7 < 2.2e-16 *** 
SpeciesPi 9 652463   72496  2197.0 < 2.2e-16 *** 
Residuals 283917 9368798      33 
 
 
 
---------------------------------------------------------------------------------------------------------------- 
piSreg=lm(log(piS)~Domesticated+MatingSys+Species) (4) 
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) -8.77670    0.02460 -356.80   <2e-16 *** 
DomesticatedPiWild   0.72995    0.01554   46.96   <2e-16 *** 
MatingSysPiselfing -3.74025    0.04523  -82.69   <2e-16 *** 
SpeciesPiDioscorea1 -0.62929    0.03434  -18.33   <2e-16 *** 
… 
 
Residual standard error: 4.141 on 283917 degrees of freedom 
Multiple R-squared:  0.164, Adjusted R-squared:  0.1639  
F-statistic:  5569 on 10 and 283917 DF,  p-value: < 2.2e-16 
 
 
ANOVA --- 
 Df Sum Sq Mean Sq F value    Pr(>F)  
DomesticatedPi 1 37821   37821  2205.4 < 2.2e-16 *** 
MatingSysPi 1 480814  480814 28036.5 < 2.2e-16 *** 
SpeciesPi 8 436359   54545  3180.5 < 2.2e-16 *** 
Residuals 283917 4869053      17 
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---------------------------------------------------------------------------------------------------------------- 
piNSregM=lm(log(piNS)~log(piS)+MatingSys+Species) (5) 
 
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) -4.773402   0.039037 -122.28   <2e-16 *** 
log(piS + epspiS) -0.223405   0.002593  -86.15   <2e-16 *** 
MatingSysPiselfing -5.161881   0.063491  -81.30   <2e-16 *** 
SpeciesPiDioscorea1 -0.667357   0.047656  -14.00   <2e-16 *** 
... 
 
Residual standard error: 5.744 on 283917 degrees of freedom 
Multiple R-squared:  0.06913, Adjusted R-squared:  0.06909  
F-statistic:  2108 on 10 and 283917 DF,  p-value: < 2.2e-16 
 
 
 
 
ANOVA --- 
 Df Sum Sq Mean Sq  F value    Pr(>F)  
log(piS + epspiS) 1 43252   43252  1310.74 < 2.2e-16 *** 
MatingSysPi 1 395223  395223 11977.06 < 2.2e-16 *** 
SpeciesPi 8 257240   32155   974.44 < 2.2e-16 *** 
Residuals 283917 9368798      33  
 
  
 
 
---------------------------------------------------------------------------------------------------------------- 
piNSreg=lm(log(piNS)~log(piS)+Domesticated+MatingSys+Species) (6) 
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) -5.233739   0.040970 -127.75   <2e-16 *** 
log(piS + epspiS) -0.231660   0.002597  -89.19   <2e-16 *** 
DomesticatedPiWild   0.781794   0.021595   36.20   <2e-16 *** 
MatingSysPiselfing -5.192757   0.063351  -81.97   <2e-16 *** 
SpeciesPiDioscorea1 -0.672552   0.047546  -14.14   <2e-16 *** 
... 
 
Residual standard error: 5.731 on 283916 degrees of freedom 
Multiple R-squared:  0.0734, Adjusted R-squared:  0.07337  
F-statistic:  2045 on 11 and 283916 DF,  p-value: < 2.2e-16 
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ANOVA --- 
 Df Sum Sq Mean Sq  F value    Pr(>F)  
log(piS + epspiS) 1 43252   43252  1316.78 < 2.2e-16 *** 
DomesticatedPi 1 32610   32610   992.80 < 2.2e-16 *** 
MatingSysPi 1 400985  400985 12207.71 < 2.2e-16 *** 
SpeciesPi 8 261918   32740   996.74 < 2.2e-16 *** 
Residuals 283916 9325749      33  
 
---------------------------------------------------------------------------------------------------------------- 
piNSpiSDFEreg=lm(log(piNS)~log(piS)+Species) (7) 
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) -1.47500    0.10600 -13.916 2.16e-07 *** 
SpeciesDioscorea1 -0.21873    0.02750  -7.955 2.31e-05 ***... 
log(piS)  -0.03362    0.01767  -1.903  0.08947 .  
 
Residual standard error: 0.02668 on 9 degrees of freedom 
Multiple R-squared:  0.9939, Adjusted R-squared:  0.9871  
 
ANOVA---- 
 
 Df Sum Sq  Mean Sq  F value   Pr(>F)  
Species  9 1.03984 0.115537 162.3019 7.16e-09 *** 
log(piS) 1 0.00258 0.002578   3.6211  0.08947 .  
Residuals 9 0.00641 0.000712  
 
 
####################################################################### 
---------------------------------------------------------------------------------------------------------------- 
purifregB=lm(DFEHD~log(piS)+Species) (8) 
  
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) 0.749604   0.131451   5.703 0.000293 *** 
log(piS)  -0.009391   0.021910  -0.429 0.678270  
SpeciesDioscorea1 0.122717   0.034099   3.599 0.005759 ** ... 
 
Residual standard error: 0.03309 on 9 degrees of freedom 
Multiple R-squared:  0.8551, Adjusted R-squared:  0.6941  
F-statistic: 5.311 on 10 and 9 DF,  p-value: 0.009655 
 
ANOVA --- 
 Df Sum Sq   Mean Sq F value    Pr(>F)  
log(piS) 1 0.0288387 0.0288387 26.3405 0.0006177 *** 

101 



Species  9 0.0293109 0.0032568  2.9746 0.0600204 .  
Residuals 9 0.0098536 0.0010948  
 
 
---------------------------------------------------------------------------------------------------------------- 
neutralregB=lm(DFEN~log(piS)+Species) (9) 
 
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) 0.1437570  0.1402755   1.025   0.3322  
log(piS)  -0.0007812  0.0233806  -0.033   0.9741  
SpeciesDioscorea1  -0.1109842  0.0363882  -3.050   0.0138 *... 
 
Residual standard error: 0.03531 on 9 degrees of freedom 
Multiple R-squared:  0.7814, Adjusted R-squared:  0.5386  
F-statistic: 3.218 on 10 and 9 DF,  p-value: 0.04653 
 
ANOVA --- 
 Df Sum Sq   Mean Sq F value   Pr(>F)  
log(piS) 1 0.019285 0.0192851 15.4680 0.003443 ** 
Species  9 0.020834 0.0023148  1.8567 0.185140  
Residuals 9 0.011221 0.0012468  
 
---------------------------------------------------------------------------------------------------------------- 
purifregBM=lm(DFEHD~log(piS)+MatingSys+Species) (10) 
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) 0.749604   0.131451   5.703 0.000293 *** 
log(piS) -0.009391   0.021910  -0.429 0.678270  
MatingSysselfing 0.067818   0.034127   1.987 0.078148 .  
SpeciesDioscorea1 0.122717   0.034099   3.599 0.005759 ** ...  
 
Residual standard error: 0.03309 on 9 degrees of freedom 
Multiple R-squared:  0.8551, Adjusted R-squared:  0.6941  
F-statistic: 5.311 on 10 and 9 DF,  p-value: 0.009655 
 
ANOVA --- 
 Df Sum Sq   Mean Sq F value    Pr(>F)  
log(piS) 1 0.0288387 0.0288387 26.3405 0.0006177 *** 
MatingSys 1 0.0000025 0.0000025  0.0023 0.9630146  
Species 8 0.0293084 0.0036635  3.3462 0.0453098 *  
Residuals 9 0.0098536 0.0010948  
---------------------------------------------------------------------------------------------------------------- 
neutralregBM=lm(DFEN~log(piS)+MatingSys+Species) (11) 
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 Estimate Std. Error t value Pr(>|t|)  
(Intercept) 0.1437570  0.1402755   1.025   0.3322  
log(piS) -0.0007812  0.0233806  -0.033   0.9741  
MatingSysselfing -0.0729224  0.0364182  -2.002   0.0763 . 
SpeciesDioscorea1 -0.1109842  0.0363882  -3.050   0.0138 *... 
 
Residual standard error: 0.03531 on 9 degrees of freedom 
Multiple R-squared:  0.7814, Adjusted R-squared:  0.5386  
F-statistic: 3.218 on 10 and 9 DF,  p-value: 0.04653 
 
ANOVA--- 
 Df Sum Sq   Mean Sq F value   Pr(>F)  
log(piS) 1 0.0192851 0.0192851 15.4680 0.003443 ** 
MatingSys 1 0.0003327 0.0003327  0.2668 0.617918  
Species 8 0.0205009 0.0025626  2.0554 0.151911  
Residuals 9 0.0112210 0.0012468  
 
  
---------------------------------------------------------------------------------------------------------------- 
purifreg=lm(DFEHD~log(piS)+MatingSys+Domesticated+Species) (12) 
 Estimate Std. Error t value Pr(>|t|)  
(Intercept) 0.754616   0.132685   5.687 0.000461 *** 
log(piS) -0.007372   0.022205  -0.332 0.748411  
MatingSysselfing 0.068587   0.034429   1.992 0.081499 .  
DomesticatedWild 0.013813   0.014997   0.921 0.383969  
SpeciesDioscorea1 0.123476   0.034400   3.589 0.007090 ** ... 
 
Residual standard error: 0.03337 on 8 degrees of freedom 
Multiple R-squared:  0.869, Adjusted R-squared:  0.6889  
F-statistic: 4.824 on 11 and 8 DF,  p-value: 0.01707 
 
ANOVA--- 
 Df Sum Sq   Mean Sq F value    Pr(>F)  
log(piS) 1 0.0288387 0.0288387 25.8965 0.0009427 *** 
MatingSys 1 0.0000025 0.0000025  0.0022 0.9634538  
Domesticated 1 0.0005753 0.0005753  0.5166 0.4927328  
Species 8 0.0296777 0.0037097  3.3312 0.0542485 .  
Residuals 8 0.0089089 0.0011136 
 
---------------------------------------------------------------------------------------------------------------- 
neutralreg=lm(DFEN~log(piS)+MatingSys+Domesticated+Species) (13) 

103 



 Estimate Std. Error t value Pr(>|t|)  
(Intercept) 0.135977   0.132951   1.023   0.3363  
log(piS) -0.003915   0.022250  -0.176   0.8647  
MatingSysselfing -0.074117   0.034498  -2.148   0.0639 . 
DomesticatedWild -0.021442   0.015027  -1.427   0.1915  
SpeciesDioscorea1 -0.112163   0.034469  -3.254   0.0116 *... 
 
Residual standard error: 0.03344 on 8 degrees of freedom 
Multiple R-squared:  0.8258, Adjusted R-squared:  0.5862  
F-statistic: 3.447 on 11 and 8 DF,  p-value: 0.04492 
 
ANOVA--- 
 Df Sum Sq   Mean Sq F value   Pr(>F)  
log(piS) 1 0.0192851 0.0192851 17.2484 0.003195 ** 
MatingSys 1 0.0003327 0.0003327  0.2975 0.600302  
Domesticated 1 0.0017061 0.0017061  1.5259 0.251770  
Species 8 0.0210711 0.0026339  2.3557 0.123457  
Residuals 8 0.0089447 0.0011181  
 
---------------------------------------------------------------------------------------------------------------- 
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Final conclusions and perspectives 
 
The studies presented in this thesis illustrate how to use both local (ie at specific loci/regions)                
and global approaches to test hypotheses relative to evolution and adaptation, using either             
simulated or real data.  
The analysis we did on Thymus vulgaris maintenance of gynodioecy enabled us to unravel a               
new example of a gynodioecious species in which balancing selection is likely not the main               
cause for this sexual dimorphism. Most of the studies using Tajima’s D to test the hypothesis                
formulated by Delph and Kelly in 2014 reported balancing selection maintenance. However,            
since it has been proven that several CMS genes appear in this thyme metapopulation, the               
selective sweep hypothesis is to be explored more in detail. A possibility for selective sweep               
gynodioecy and coexistence of several CMS might be that CMS types are derived from one               
another. It would be in any way very useful to be able to sequence those CMS genes to                  
elaborate on this possible explanation. This study was one of the first using genomic data on                
Thymus vulgaris plants.  
The gene expression differential analysis on the same population between P and NP ecotypes              
enabled us to find candidate genes possibly involved in the maintenance of P and NP               
ecotypes related to freezing. Gene ontology retrieval showed that most of those genes had              
functions related to cell wall. A logical follow-up of these findings would be to pinpoint the                
found genes and use, for example, silencing techniques to see if they do confer a higher                
tolerance to freezing or drought. However, no clear cut conclusion could be made about one               
type of selection regime explaining the maintenance of NP and P climatic ecotypes. If we               
look at candidate genes individually, gamma terpinene synthase to some extent present a             
structure between P and NP chemotypes, but no clear-cut traces of selection. As for the other                
candidate genes, the statistics summarizing patterns indicative of natural selection or of            
structure are evenly spread and we can not draw conclusions on selection patterns. 
Another interesting perspective would be to test an hypothesis from Gouyon et. al (1986) that               
linked gynodioecy with chemotype polymorphism, stating that P chemotypes grow in more            
stable environment and NP ones, and tend to be hermaphrodite since there is no need for                
colonisation of new soils. It could be interesting to check if indeed NP plants tends to harbour                 
more male-steriles than P.  
 
The second part of this thesis consisted in studies aiming to test the accuracy of the new                 
method polyDFE and to apply it to real data. Simulations performed under different scenarios              
showed that polyDFE performed at least as well as existing methods (dfe-alpha and DoFE),              
and that it was indeed possible to infer the DFE when using only polymorphism data thus                
getting rid of the inherent assumption that Ne was shared between ingroup and outgroup.              
Simulations showed that polyDFE capacity to infer the proportion of adaptive substitutions            α  
was better than dfe-alpha if no positive selection was present, even if it tends overestimate               
this quantity, and that better estimates were obtained as  increased.α   
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The project in Montpellier, where we simulated populations experiencing a succession of            
bottlenecks representing the glacial-interglacial cycles showed that polyDFE performed as          
well as DoFE. Both methods showed that tends to be overestimated in all cases.       α        
Simulations showed that if a species encountered a series of bottlenecks but spends more time               
at a higher Ne, then it harboured more beneficial mutations than if the species spends more                
time at low Ne. This result was retrieved by the two programs. However, differences in the                
intensity of bottlenecks showed an impact on real data as more beneficial mutations were              
found in the lowest intensity case, but were not reflected by the two programs inferences.  
We then used polyDFE on real data. A first test was performed on a set of metazoan data                  
coming from Montpellier, on which we retrieved the same results as in Galtier, 2016 study,               
which are that humans and apes had the smallest proportion of adaptive substitutions whereas              
for all others, it was above 50%.  
A second analysis was performed on a set of plant domestication data from a collaboration               
with Sylvain Glemin. The goal was to see the impact of domestication on selective pressures               
in crop species compared to their wild relatives using polyDFE. A known hypothesis is that               
domestication, due to the associated bottlenecks and genomic diversity reduction, increases           
the genetic load, reducing the efficiency of purifying selection. Using simple measures of             
diversity, we could see that genomic diversity was indeed negatively correlated with the             
amount of non synonymous mutations. We saw a small reduction in genomic diversity for              
most species, but non-synonymous mutations varied a lot and could be higher in             
domesticated and in wild species depending of the observed species. These two measures             
were usually very close between domesticated and wild species. A regression showed a             
small, but significant effect of domestication on those two measures where wild species had a               
very slightly lower piS and less non-synonymous mutations than cultivated species. Mating            
systems which in our data was correlated with lifespan also had a very small effect, with                
annual selfers showing a little less non-synonymous mutations than perennial outcrossers. 
Using polyDFE, we could see that most of the variation in the proportion of mutations under                
purifying selection and in the proportion of neutral mutations was not explained significantly             
by domestication or mating systems, but rather by genomic diversity (as measured by piS).              
More precisely, contrary to what has been found in previous studies, genomic diversity in our               
dataset is associated with a reduction of the efficiency of purifying selection.  
There are still analyses I want to do on this dataset that weren’t ready at the time where I                   
handed my thesis. I want to pinpoint more precisely potential targets of selection for              
domestication, as well as selective sweep regions in order to assess, as we did for the full                 
dataset, the impact of domestication on the DFE and the potential genetic load. Other results               
will be available at the time of the defense.  
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Abbreviations 
ARCAD Agropolis Resource Centre for Crop Conservation, Adaptation, and        
Diversity)  
DE Differentially Expressed 
DFE Distribution of Fitness Effects 
DFEHD Distribution of Fitness Effects: Highly Deleterious mutations 
DFELD Distribution of Fitness Effects: Mildly/Lowly Deleterious mutations 
DFEN Distribution of Fitness Effects: Neutral mutations 
DFEP Distribution of Fitness Effects: Beneficial/Positive mutations 
GO Gene Ontology 
LD Linkage Disequilibrium 
MK test McDonald and Kreitman’s test 
Ne Effective Population Size 
Pi Genetic diversity 
piN Non synonymous genetic diversity 
piS Synonymous genetic diversity 
PRF Poisson Random Field 
SFS Site Frequency Spectrum 
SNP Single Nucleotide Polymorphism 
TD Tajima’s D 
WF Wright-Fisher 
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