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A boat beneath a sunny sky
Lingering onwards dreamily
In an evening of July -

Children three that nestle near,
Eager eye and willing ear;
Pleased a simple tale to hear-

Long has paled that sunny sky;
Echoes fade and memories die;
Autumn frost has slain July.

[...]

In a Wonderland they lie,
Dreaming as the days go by,
Dreaming as the summers die;
Ever drifting down the stream -
Lingering in the golden gleam -

Life, what is it but a dream?

- Lewis Carroll, A Boat Beneath A Sunny Sky
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Abstract

As environmental change accelerates in the Anthropocene, a central challenge in
evolutionary biology is understanding how populations respond to novel and
rapidly changing conditions. Adaptation underpins whether species can persist and
diverge under increasingly variable selective pressures. While adaptive potential is
often inferred from phenotypic change or standing genetic variation, it remains
unclear what determines the evolutionary “fuel” that enables sustained response.
Using Arabidopsis species as model systems, this thesis examines the genetic basis
of adaptation and how variation is generated and structured across biological
scales, from life-history traits to gene expression and genomic interactions, with a
particular focus on how genetic architecture shapes the pace and predictability of

evolutionary change.

The first study shows that variation in heat-induced secondary dormancy in
Arabidopsis thaliana - an ecologically critical life-history trait - reflects local
adaptation to climatic gradients and mediates population persistence under
environmental uncertainty. In the second study, analyses of gene expression in
natural populations of Arabidopsis lyrata reveal that although heritable expression
variation is widespread, the amount of non-additive variance is substantial and
shaped by past selection and genomic features. Adaptive potential at the molecular
scale is therefore limited not by a lack of variation, but by functional and selective
constraints. Finally, analyses of Arabidopsis lyrata hybrid populations in the third
study demonstrate that genetic background can reshape the components of genetic
variance. As hybrid outcomes are often shaped by context-dependent epistasis, the
role of admixture in adaptation depends on the type of epistasis and how genetic

variance components are reorganised within the genetic architecture.
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Together, this thesis conceptualises adaptive potential as an emergent
population-level property arising from interactions among ecological traits, genetic
architecture, molecular regulation, and environmental context. Adaptive potential
depends not on the amount of variation present, but on its structure, heritability,

and exposure to selection across evolutionary timescales.
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Zusammenfassung

Mit der Beschleunigung von Umweltveranderungen im Anthropozan steht die
Evolutionsbiologie vor der =zentralen Herausforderung, zu verstehen, wie
Populationen auf neuartige und sich rasch verandernde Bedingungen reagieren. Die
adaptive Kapazitat entscheidet dartiiber, ob Arten unter zunehmend variablen
Selektionsdriicken bestehen oder divergieren konnen. Obwohl das adaptive
Potenzial haufig aus phanotypischen Veranderungen oder stehender genetischer
Variation abgeleitet wird, ist bislang unklar, welche evolutionaren Faktoren die
Maschinerie antreibt, die eine langfristige Anpassungsreaktion ermoglicht. In dieser
Dissertation werden Arabidopsis-Arten als Modellsysteme verwendet, um die
genetischen Grundlagen von Adaptation zu untersuchen. Im Fokus steht dabei, wie
genetische Variation auf wunterschiedlichen biologischen Ebenen - von
Lebenszyklusmerkmalen tiber Genexpression bis hin zu genomischen Interaktionen
- generiert und strukturiert wird. Besonderes Augenmerk gilt der Frage, wie die
genetische Architektur das Tempo und die Vorhersagbarkeit evolutionarer

Veranderungen beeinflusst.

Die erste Studie zeigt, dass die Variation in der durch Hitze induzierten,
sekundaren Dormanz in Arabidopsis thaliana - ein oOkologisch bedeutsames
lebensgeschichtliches Merkmal - lokale Anpassung entlang klimatischer Gradienten
widerspiegelt und zur Persistenz von Populationen unter Umweltunsicherheit
beitragt. In der zweiten Studie wird anhand von Genexpressionsdaten naturlicher
Populationen von Arabidopsis lyrata deutlich, dass die erbliche Variation in der
Expression weit verbreitet ist. Zugleich zeigt sich, dass ein erheblicher Anteil der
Varianz nicht-additiv ist und durch frithere Selektion sowie genomische
Eigenschaften gepragt wird. Das adaptive Potenzial auf molekularer Ebene wird

somit weniger durch fehlende Variation begrenzt als durch funktionelle und

10
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selektive Einschrankungen. Die dritte Studie untersucht schliefdlich Arabidopsis
lyrata Hybridpopulationen und zeigt, dass der genetische Hintergrund die
Komponenten der genetischen Varianz tiefgreifend neu gestalten kann. Da hybride
Ergebnisse haufig durch kontextabhangige Epistase bestimmt werden, hangt die
Rolle von genetischer Admixtur fir Anpassungsprozesse entscheidend davon ab,
wie die Komponenten der genetischen Varianz innerhalb der genetischen

Architektur reorganisiert werden.

Insgesamt konzeptualisiert meine Dissertation das adaptive Potenzial als eine
emergente Eigenschaft auf Populationsebene, die aus dem Zusammenspiel
okologischer Merkmale, genetischer Architektur, molekularer Regulation und des
Umweltkontexts hervorgeht. Adaptives Potenzial hangt dabei nicht von der blofSen
Menge vorhandener Variation ab, sondern von deren Struktur, Erblichkeit und

Exposition gegeniiber Selektion tiber evolutionare Zeitskalen hinweg.

11
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PART I - General Introduction

It may be said that natural selection is daily and hourly scrutinising, throughout the
world, every variation, even the slightest; rejecting that which is bad, preserving and

adding up all that is good.

- Charles Darwin, "On the Origin of Species" (1859)

22
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1 Concepts, Motivation, and Thesis Aims

1.1. Adaptation and Adaptive Potential

Understanding why organisms vary in their potential to cope with environmental
change has been one of the central questions in evolutionary biology. It is through
this lens that we can ask one of the most imperative yet unresolved questions in
biology: to what extent can organisms persist in the face of incremental and
unpredictable environmental change? In an era of rapid anthropogenic change,
predicting these dynamics has become both scientifically important and societally
necessary, informing conservation management, ecological forecasting, and
agricultural resilience. The capacity of populations to persist under such pressures
depends on their adaptive potential, or, in other words, their ability to respond to

selection and evolve.

Environmental change, such as fluctuating temperatures or drought, imposes
selective pressures on populations (Figure 1.1). Yet exposure to selection alone does
not guarantee adaptive response. Populations differ in their ability to translate
selective pressures into evolutionary change, depending on whether heritable
variation in fitness-related traits is available and expressed in ways that selection
can act upon. When these conditions are met, selection can favour phenotypes
with higher fitness under the new conditions, leading to shifts in phenotypic
distributions across generations. In population-genetic terms, such adaptive
change corresponds to shifts in allele frequencies driven by selection. Alleles that
confer higher fitness tend to increase in frequency over time; however, selection
acts on phenotypic variation - the observable differences among individuals - rather

than directly on genotypes. Different theoretical frameworks have come to bridge

23
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the gap by formalising the relationship between phenotypes and their underlying
genetic variation and by predicting evolutionary responses to selection. The
development of these concepts, from early evolutionary thought to modern
theories, reflects long-standing efforts to understand the conditions under which

adaptive evolution is possible.

s TeWUT~ e

Figure 1.1. Simplified example of adaptation. A population exhibiting phenotypic variation
experiences environmental change, such as fluctuations in climate, that imposes selective
pressures. The outcome of adaptation depends on the adaptive potential of the population,

which determines its capacity to respond to selection.

1.2. Historical Foundations of Adaptation

The modern view of adaptation has deep historical roots. The first idea of
adaptative potential in natural populations traces back to Charles Darwin in his On
the Origin of Species (Darwin et al., 1859). Darwin conceptualised adaptation as the
process by which individuals with traits better suited to their environment would
have higher survival and reproduction, passing those traits to future generations.
His theory was deeply ecological: he coined the term “economy of nature” to
describe the web of interactions shaping adaptation and grounded it in empirical
evidence from biogeography, morphology, and embryology. However, Darwin

lacked a formal theory of heredity, therefore, his ideas faced competition from

24
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alternative evolutionary theories. During what has been called the “eclipse of
Darwinism” (1880s-1930s), mechanisms such as Lamarckian inheritance,
orthogenesis, and mutationism were proposed as alternatives to Darwin’s natural
selection. While these frameworks sought to explain evolutionary change, none

offered the same explanatory power.

The rediscovery of Mendelian genetics at the turn of the 20th century set the stage
for reconciling heredity with evolution. This reconciliation culminated in the
Modern Synthesis (also known as neo-Darwinism) of the 1930s and 1940s, when
figures such as Ronald A. Fisher (Fisher, 1930), Sewall Wright (Wright, 1931) and
John. B. S. Haldane (Haldane, 1932) united Mendelian genetics with evolutionary
theory. Ronald A. Fisher, in particular, emphasised that adaptation is not natural
selection itself, but rather the movement of a population toward a phenotype that
best fits the contemporary environment. This distinction sharpened the concept of
adaptation and laid the groundwork for mathematical frameworks linking genetics
with evolutionary dynamics. Together with Wright and Haldane, Fisher established
the foundations of population genetics and quantitative genetics, which became
central pillars of the Modern Synthesis. Their contributions formalised the study of
allele frequency change and firmly re-established adaptation as a central principle

of biology. From the Modern Synthesis onward, two complementary traditions

crystallised (Figure 1.2).

Population genetics focuses on changes in allele frequencies driven by mutation,
migration, drift, recombination, and selection, describing the genetic composition
of populations and formalising adaptation as directional allele frequency change.
Quantitative genetics provides statistical tools for analysing continuous phenotypic
variation and predicting evolutionary responses by linking selection gradients to
genetic variances and covariances. Molecular genetics then adds mechanistic depth

by revealing how genes, physiology, and developmental pathways generate
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phenotypic variation. Evolutionary ecology complements these perspectives by
embedding genetic and phenotypic variation within ecological contexts, examining
how interactions with climate, resources, competitors, pathogens, and mutualists

shape selection across space and time.

Each of these fields illuminates distinct aspects of the adaptive process, yet their
historical separation has limited our understanding of how adaptation unfolds
across molecular, phenotypic, and ecological scales. Today, adaptation is recognised
as a unifying concept that spans genetics, ecology, and evolution. Researchers now
integrate ecological insight with genomic and phenotypic data to understand how
organisms adapt through changes in morphology, physiology, behaviour, and gene
regulation. Advances in genomic technologies now enable unprecedented
resolution, linking molecular variation to quantitative trait architecture and

situating both within ecological and evolutionary contexts.

The intersecting frameworks of population genetics, quantitative genetics,
genomics, and evolutionary ecology together provide a more complete view of
adaptation than any single approach alone. This thesis is situated at this
intersection, aiming to connect phenotypic variation, genetic architecture,
ecological interactions, and evolutionary outcomes. In doing so, it highlights not
only well-studied components of adaptation, but also neglected dimensions,
complex interactions, and cryptic sources of variation that may become relevant

under novel environmental conditions.
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Figure 1.2. Foundations of adaptation. (A) Response to selection. A simplified illustration of
directional selection acting on a quantitative trait. When individuals with the largest body
size are preferentially selected as parents (highlighted by the dashed box), the mean body
size of the population increases in the next generation—provided that the trait has
sufficient heritable genetic variation. (B) Integrated Synthesis. Conceptual overview of the
major intellectual frameworks that have shaped our understanding of adaptation.
Darwinism introduced the principles of heritable variation and natural selection. The
Modern Synthesis later unified Mendelian genetics with evolutionary theory through the
development of population genetics, mutationism, and quantitative genetics. The emerging
Integrated Synthesis builds on these foundations by incorporating new dimensions,
including evolvability, epigenetics, ecological context, and eco-evolutionary and
developmental processes, highlighting that adaptation arises from interactions across

multiple biological scales.
1.3. Levels of Biological Variation

1.3.1. Genetic variants and genetic variation

Building on the integrative perspective outlined above, it is necessary to define
more precisely the concepts that underpin the genetic basis of adaptation. Genetic
variants are the most fundamental unit of variation, referring to specific alterations

in the DNA sequence of a gene. These changes can be as small as a single nucleotide
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polymorphism (SNP), or as large as insertions and deletions (INDELs) or
duplications. SNPs are the most abundant genetic variation in eukaryotes and a key
tool in plant genetics. Their high density and stability make them powerful markers
for studying diversity, population structure, quantitative trait loci (QTL), and
adaptation (Brookes, 1999; Mammadov et al., 2012). Variants may be inherited, arise
de novo during gametogenesis, or occur somatically, and they represent the altered
forms of DNA sequence that can influence traits or contribute to disease
susceptibility. The collective presence of these variants across individuals
constitutes genetic variation, a broader concept referring to the total diversity of
DNA sequences within a population or species. Genetic variation provides the raw
material for natural selection and evolutionary change, arising from processes such
as mutation, recombination, fertilisation, and gene flow. Yet, genetic variation itself
is not visible to selection. Its evolutionary relevance emerges when it is expressed

as phenotypic variation.
1.3.2. From genotype to phenotype

Phenotypic variation arises through an organism’s development and physiology, and
natural selection “sees” this variation within its environmental context. When
phenotypic differences are underpinned by genetic variation, selection can shape
the genetic variation, which then contributes to heritable phenotypic variation,
eventually leading to evolutionary change (Figure 1.3). Population-level processes
such as mutation, genetic drift, and migration shape the reservoir of genetic
diversity that provides the raw material for selection. In other words, the
evolutionary trajectory is continually moulded by developmental processes,
population dynamics, and ecological context. Together, these factors generate and
shape the variation that natural selection acts upon, ultimately determining how

populations can adapt over time.
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Figure 1.3. Conceptual diagram of how evolutionary forces generate and shape variation.
(A) Variation-selection-outcome pathway. Illustration of the basic logic of evolution:
populations begin with phenotypic variation (differences in shape, size, or type), selection
filters individuals according to their fitness in a given environment, and the resulting
outcome reflects the subset of variants that persist and propagate. Only variation that is
heritable contributes to evolutionary change. (B) Interactions between evolutionary
forces. Genetic variation gives rise to phenotypic variation, which selection acts upon in an
environment-dependent manner. Selection can reduce variation by removing deleterious
alleles or shape it by favouring beneficial combinations, thereby influencing the
evolutionary trajectory of populations. Mutation introduces new genetic variation, while
genetic drift may reduce it through stochastic loss. Together, these forces determine how

adaptive potential is maintained and transformed through time.
1.3.3. Natural variation and standing genetic variation

At a broader level, natural variation encompasses all observable differences among
individuals and populations, spanning morphology, physiology, life history, and
phenology (Fusco & Minelli, 2010). While much of this variation has a genetic basis,
it also reflects environmental influences, developmental noise, and epigenetic
factors, making it a more inclusive term than genetic variation. Most natural
variation is polygenic, determined by polymorphisms across multiple loci
(Alonso-Blanco et al.,, 2009), although single-gene variants can also play a role
(Salomon et al., 2009). Importantly, natural variation is typically structured both
within and among populations. This population structure arises through geographic
isolation, barriers to gene flow, non-random mating, selection, or demographic

history, producing systematic differences in allele frequencies across
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subpopulations. As a result, populations are not panmictic but instead show varying
degrees of relatedness and heterozygosity. Population structure is a central
consideration in modern genomic analyses, since uncorrected allele frequency
differences can confound association studies, producing spurious signals of
adaptation or trait linkage. Within the broader pool of natural and genetic variation,
standing genetic variation refers specifically to the allelic diversity already present
in a population at a given time, prior to the onset of new selective pressures
(Barrett & Schluter, 2008). Unlike novel mutations, which arise sporadically and
may take time to contribute to adaptation, standing variation provides an
immediate substrate for selection. Populations with greater levels of standing
genetic variation can adapt more quickly and effectively, as they can draw upon
alleles already segregating at low frequencies (Chung et al., 2023; Hou et al., 2025;
Lai et al, 2019). This reservoir of diversity is therefore critical for evolutionary
resilience, enabling rapid responses to environmental change or biotic challenges.
Conversely, populations with reduced standing variation are more vulnerable to

ecological stress and extinction (Matuszewski et al., 2015).

1.4. Fitness and Quantitative Traits

The study of genetic variation gains its evolutionary significance only when linked
to fitness. Fitness is a central concept in evolutionary biology, in the simplest term,
it describes an organism’s success in surviving and reproducing relative to others in
a population (Orr, 2009). In plants, key fitness components include the ability to
withstand environmental stress and survive to reproductive maturity, fecundity as
reflected in the number of seeds produced, and growth traits such as biomass and
size, which affect both survival and reproductive output. Phenology is also a crucial
determinant of fitness, as the timing of life events such as germination and
flowering strongly shapes reproductive success under variable environmental

conditions (Anderson, 2016). New approaches such as high-throughput
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phenotyping, gene expression profiling, and machine learning, now provide
unprecedented opportunities to link genetic variability to these fitness-related

traits (Henry & Stinchcombe, 2025).

Many of the traits underlying fitness are quantitative traits - traits that vary
continuously across a range of values in a population, and are typically influenced
by multiple genes (polygenic) - each contributing a small additive effect to the
overall phenotype - as well as environmental factors (Caballero, 2020; Falconer &
Mackay, 2009). Because of this multilayered genetic and environmental influence,
these traits usually follow a normal distribution and have complex inheritance.
Unlike qualitative traits, which have distinct categories (e.g., flower color or pea
seed shape), quantitative traits show continuous variation, such as flowering time,
plant height, seed number in plants (Figure 1.4). Importantly, quantitative traits and
fitness traits often show genetic correlations: for example, larger plant size may be
genetically correlated with higher seed output, thereby enhancing reproductive
success. Such correlations can arise through pleiotropy, genetic linkage, or shared
physiological pathways, and they can themselves be targets of natural selection
(Dwivedi et al., 2021). Genomic approaches, including QTL mapping and association
studies, have been able to identify specific genomic regions contributing to
quantitative variation and its fitness consequences (Mauricio, 2001). Because of the
polygenic nature, quantitative traits often embody a vast pool of standing genetic
variation that serves as raw material for adaptation, and form the bridge between

molecular variation and evolutionary outcomes.
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Figure 1.4. Examples of discontinuous and continuous variation. Discontinuous traits,
such as wool colour in sheep or flower colour, fall into discrete categories with no
intermediates, producing distributions with separate classes. Continuous traits, such as
sheep body size or leaf length, vary gradually across a population, typically following a

distribution.

In general, traits can be broadly categorized by how closely they are genetically
correlated with fitness (Figure 1.5). Traits related to growth rate, seed development,
and stress tolerance often have very high correlations and are shaped by directional
selection, since increases in these traits usually enhance reproductive success.
Hypothetically, other traits such as flowering time and self-incompatibility might
be under stabilising selection, where intermediate values are favoured and both
extremes reduce fitness. Finally, traits that show little or no correlation with fitness
do not usually undergo selection and instead provide information about

demographic history and genetic drift.
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Figure 1.5. Genetic correlation with fitness and modes of selection. Traits closely
associated with fitness components (e.g., seed viability, rosette size) are often subject to
directional selection, shifting trait means across generations. Traits with intermediate
optima (e.g., self-incompatibility, flowering time) are typically influenced by stabilizing
selection, reducing phenotypic variance around the intermediate optimum. Traits with no
detectable effect on fitness evolve neutrally. Adapted from Caballero (2020), Figures 10.1
and 10.2.

1.5. The Model Systems: Arabidopsis thaliana and Arabidopsis lyrata

1.5.1. Arabidopsis thaliana

Arabidopsis thaliana is the most classic model species in plant biology due to its
rapid life cycle, compact genome (~125 Mb), and predominantly selfing mating
system (Kramer, 2015; Meinke et al., 1998). Extensive genomic resources, natural
accessions spanning diverse environments, and well-characterised life-history
traits make it ideal for studying natural variation and local adaptation (Woodward &

Bartel, 2018). The substantial standing genetic variation in A. thaliana has enabled

33



Go to Table of Contents

fine-scale mapping of the genetic basis of phenotypes such as flowering time,

growth rate, and seed dormancy (Alonso-Blanco & Koornneef, 2000).

1.5.2. Arabidopsis lyrata

A. lyrata (Figure 1.6) is a close relative of A. thaliana, but differs markedly in ecology,
life history, and mating system. It is an obligate outcrosser due to a functional
self-incompatibility system, resulting in high heterozygosity and pervasive
segregating variation (Jonsell et al., 1995; Kirkkiinen et al., 1999; Kusaba et al,,
2001; Li et al, 2023; Schierup, 2004). With a larger genome (~207 Mb) rich in
structural diversity (transposable element content and structural variation), A.
lyrata is particularly suited for quantitative genetic analyses that require controlled
crosses and decomposing variance components (de la Chaux et al., 2012; Hu et al.,
2011). Its perennial life history and adaptation to colder, circumpolar habitats also

provide ecological contrast to A. thaliana (Chang et al., 2016).

These properties have made A.lyrata well suited for many population genetics
studies (Clauss & Mitchell-Olds, 2006; Muller et al., 2008; Van Treuren et al., 1997
Wright et al, 2003), but also quantitative genetic analyses, as they require
generating breeding designs and rely on segregating variation at multiple loci to
dissect the genetic architecture of complex traits. Moreover, its close relationship
with A. thaliana (ca. 5 MYA, (Koch et al., 2000)) allows the rich genomic and
functional resources developed in A. thaliana to be leveraged in A. lyrata, further

enhancing its utility as a study system.

This thesis leverages both systems: A. thaliana for studying natural phenotypic
variation and climatic adaptation (Chapter 2), and A. lyrata for dissecting the
structure of genetic variance, including additive, dominance, and epistatic

components, in natural and hybrid populations (Chapter 3-4).
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Figure 1.6. Arabidopsis lyrata in its
natural habitat. Photographed at
Pfaffenhofen, Plech (49.62°N, 11.51°E) on
22" June 2023 by Dr. Tahir Ali.

1.6. Linking Genetic and Molecular Perspectives

Forecasting evolutionary responses to environmental change requires
understanding how variation at different biological scales contributes to
adaptation. Natural populations exhibit phenotypic divergence shaped by past
environments, often forming adaptive clines across geography and climate. Classic
studies showed concordance between environmental gradients and life-history
traits such as flowering time or dormancy (Gregor, 1938; Turesson, 1930), and more
recent analyses demonstrate that such clines can persist over millennia, reflecting
responses to historical climate cycles and postglacial range expansion (Perrier et
al,, 2025; Urquhart-Cronish et al., 2025). These patterns reveal how past selection
has shaped present-day phenotypic diversity, especially for traits governed by

complex genetic architectures and strong environmental interactions.

Seed dormancy in Arabidopsis thaliana exemplifies such a life-history trait.
Dormancy integrates ecological pressures, developmental pathways, and
genotype-environment interactions, and its natural variation has been repeatedly

linked to climatic adaptation (Debieu et al., 2013; Fournier-Level et al., 2011).
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Because dormancy mediates the timing of germination - an important
fitness-component - it provides insight into how populations historically
responded to environmental variation, and how these responses may predict their
capacity to cope with ongoing climatic shifts. Studying natural dormancy variation
therefore connects past adaptive trajectories with the future evolutionary potential

of populations.

However, understanding how organisms will respond to rapid and multivariate
environmental change requires going beyond life-history traits. Phenotypes like
dormancy are the outcome of many upstream molecular processes. Only few
individual molecular changes have predictable impacts on adaptive responses, and
it is often the amount and structure of standing genetic variation, not single loci,
that determine the potential for evolution under novel climates (Hancock et al,,
2025). Population genetic models show that adaptation may proceed via new
mutations (Smith & Haigh, 1974), standing variation (Hermisson & Pennings, 2005),
or polygenic shifts (Barghi et al., 2020; Pritchard et al., 2010). Yet these models
typically treat traits as single axes, while real adaptive challenges, such as climate
change, are multivariate, with selection acting on suites of interacting phenotypes

(Etterson & Shaw, 2001).

Transcriptional traits offer a complementary perspective: they operate on shorter
timescales, reflect immediate environmental responses, and constitute molecular
quantitative traits with complex, polygenic bases. Regulatory variation can generate
rapid phenotypic shifts and has been implicated in climatic adaptation across taxa,
often through environmentally robust cis-regulatory changes (Ballinger et al,,
2023). Moreover, gene expression traits capture the influence of pleiotropy and
epistasis, which theoretical work and empirical data reveal as critical determinants
of adaptive potential and evolutionary constraints (Frachon et al., 2017; @stman et

al,, 2012).
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By quantifying the genetic variance components, namely, additive, dominance, and
especially epistatic variance, underlying transcriptional traits in Arabidopsis lyrata, I
addressed how molecular architecture shapes short-term evolutionary
responsiveness. This is essential as the capacity of populations to adapt depends
not only on standing genetic variation but also on how that variation is partitioned
across genetic effects and how hybridisation, recombination, and gene flow

restructures this architecture.

Broadly speaking, adaptive evolution links three levels: sequence-level variation
(mutations, standing polymorphisms), molecular traits (gene expression, regulatory
architecture), and phenotypic traits (dormancy, phenology, life-history strategies).
By combining ecological, phenotypic, and molecular analyses across two
Arabidopsis species, this thesis bridges these levels to reveal how genetic diversity
translates into adaptive potential, across timescales ranging from historical climatic

adaptation to rapid, contemporary evolutionary change.

1.7. Thesis Structure and Aims

The overarching goal of this thesis is to understand the role of natural variation and
the evolutionary factors that determine the capacity of populations to adapt and
evolve. To address this, I integrate modern genomic, transcriptomic, and
phenotypic data with classical frameworks from quantitative genetics and

population genetics. The entire work is structured into four main parts (Figure 1.7).

Chapter 3
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Figure 1.7. Summary of the thesis
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Part I (Chapter 1) established the conceptual foundations, introducing key
definitions, historical context and the biological systems necessary to place the

studies in context.

The main part begins in Part II (Chapter 2-4) which presents the empirical and
theoretical studies: Chapter 2, at the most accessible level of adaptive potential:
phenotypic wvariation. 1 examined phenotypic and genetic variation in seed
dormancy across European A. thaliana accessions, testing whether heat-induced
secondary dormancy contributes to local adaptation. This study demonstrates how
phenotypic diversity, grounded in natural genetic variation, can contribute to
adaptive potential. Large parts of this chapter are adapted from Tran et al. (2025).
Building on this, Chapter 3 moves beyond phenotypes to the theoretical
foundations of adaptation, where the focus shifts to the structure of genetic
variance. Here [ investigated the evolution and heritability of transcriptional traits
in natural populations of A.lyrata, and connecting the past and future evolutionary
trajectories. Chapter 4 then extends this analysis to experimentally created hybrid
populations of A.lyrata spanning two generations. Here [ aimed to quantify how
admixture reshapes genetic variance and to estimate the contribution of

non-additive components, including dominance and epistasis, across generations.

Finally, Part III (Chapter 5) synthesises these findings, linking patterns of natural
variation, molecular architecture, and genetic variance structure to a general

framework of adaptive potential.

Together, these studies reveal how phenotypic diversity, standing genetic variation,
and the often-overlooked components of genetic architecture interact to
determine the evolutionary capacity of populations. By integrating perspectives
from quantitative genetics, population genomics, and evolutionary ecology, the

thesis provides new insights into the mechanisms that enable or constrain
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adaptation in changing environments: from traits to theory, from patterns to
mechanisms, and eventually from specific populations to general principles of

evolutionary capacity.

39



Go to Table of Contents

PART II - Natural Variation, Genetic

Variance & Adaptive Potential

Nature has introduced great variety into the landscape, but man has displayed a
passion for simplifying it. Thus he undoes the built-in checks and balances by which

nature holds the species within bounds.

- Rachel Carson, "Silent Spring" (1962)
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2

Natural Variation in Seed Dormancy Contributes to Local

Adaptation in Arabidopsis thaliana

2.1. Chapter Summary

This study characterises the natural variation of heat-induced secondary dormancy
in A. thaliana and its role in local adaptation using 361 Arabidopsis thaliana
accessions from across Europe. The results show how secondary dormancy varies
across populations and co-varies with climatic variables such as temperature and
precipitation, indicating its ecological relevance. Species distribution models
revealed that genotypes with high secondary dormancy would show greater
resilience to future climate changes. Moreover, secondary dormancy appears to be
part of a broader dormancy trait syndrome, aligning germination timing with
environmental conditions before and after dispersal. By linking natural variation in
secondary dormancy to both local adaptation and potential future resilience, this

work highlights its importance as a key axis of adaptive potential in A. thaliana.

2.2. Introduction

2.2.1. Germination timing and seed dormancy

Natural variation in life-history traits plays a central role in how plants persist and
adapt across heterogeneous environments. Among these traits, the timing of seed
germination is particularly critical, as it marks the first life-history transition and

determines the conditions under which seedling establishment, growth, and
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reproduction occur (Baskin & Baskin, 1997). Variation in germination timing is
largely regulated by seed dormancy, a mechanism that prevents germination under
unfavorable conditions (Chahtane et al., 2016; Lamont & Pausas, 2023). This natural
variation in dormancy enables populations to synchronise life cycles with local
environmental regimes, and thereby contributes to fitness differences within and
among populations (Burghardt et al., 2015; Donohue et al., 2010; Wagmann et al.,
2012). While environmental fluctuations such as shifts in rainfall or temperature can
disrupt these finely tuned responses, they also provide the selective context in
which variation in dormancy and germination timing evolves (Blackman, 2017,

Hamann et al,, 2021).

Dormancy can vary between populations of a species, as well as among different
species (Willis et al, 2014). Two main types of dormancy exist: primary and
secondary (Figure 2.1). Primary dormancy is established while the seed develops on
the mother plant; secondary dormancy is established after seed dispersal, upon
seed exposure to unfavorable conditions (Baskin & Baskin, 1997; Soltani et al.,
2019). This capacity to respond dynamically to environmental cues provides
additional flexibility beyond primary dormancy and can be particularly

advantageous in unpredictable climates.

Variation in primary dormancy has been documented extensively in the model plant
A. thaliana (Bentsink et al.,, 2006; Debieu et al., 2013; Footitt et al., 2011, 2015;
Martel et al, 2018), but also within other species growing in a wide range of
climatic zones, such as in Korean milkweeds, Asclepias (Kaye et al., 2018) or among
species of the Fabaceae family (Wyse & Dickie, 2018). In A. thaliana, genetic
variation in primary dormancy contributes to local adaptation (Chiang et al., 2013,;
Kerdaffrec & Nordborg, 2017; Kronholm et al., 2012). The cline of genetic variation
for seed dormancy observed in A. thaliana follows the pattern observed across

plant species: higher levels of primary dormancy are observed in regions where the
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growing season is long, but summer can be very dry (Klupczynska & Pawlowski,

2021; Postma et al., 2015).

2.2.2. Heat-induced secondary dormancy

Studies in A. thaliana and other model species, such as oilseed rape and oats, have
shown that secondary dormancy can be induced after dispersal by even brief
exposures to extreme temperatures under both experimental and natural
conditions (Buijs, 2020; Footitt et al., 2011, 2015; Gulden et al., 2004; Malavert et
al., 2017; Martel et al, 2018; Necajeva et al., 2021; Pawlowski et al., 2020). For
example, late-summer heat delays germination in A. thaliana and modifies the
expression of genetic variation in flowering time and fitness (Schmitz et al., 2024).
Variation in secondary dormancy therefore represents a potentially adaptive trait
that could sustain population persistence under locally variable and unpredictable

environments.

Although cold-induced secondary dormancy has been better studied, for example,
in Butia odorata, Rosaceae, poplars, and conifers such as Pinus brutia and Alnus
glutinosa, (Klupczynska & Pawlowski, 2021; Schlindwein et al., 2019; Yamane et al.,
2021), heat-induced secondary dormancy remains less understood. Early studies
(Baskin & Baskin, 1997; Bouwmeester & Karssen, 1993) established its occurrence
in summer annuals, and subsequent work has documented it across diverse species,
including tropical (Comanthera bisulcata, Syngonanthus verticillatus) and
Mediterranean taxa (Cistus species) (Duarte & Garcia, 2015; Zomer et al., 2022). In
fire-prone ecosystems, variation in heat-induced dormancy may also be highly
relevant for biodiversity conservation (Cuena Lombrana et al., 2024). Taken
together, these findings highlight heat-induced secondary dormancy as an
important yet under-explored axis of natural variation, with potential significance

for adaptation across environments.
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Figure 2.1. Illustrations of different types of dormancy. (A) Germination in a viable seed:
after-ripening converts a dormant seed into a non-dormant state, allowing germination
under favourable conditions. (B) Primary dormancy: a dormant seed fails to germinate
even under favourable conditions until after-ripening occurs. (C) Secondary dormancy: a
non-dormant seed re-enters dormancy when exposed to unfavourable conditions,

preventing germination despite viability.

2.2.3. Molecular basis of seed dormancy

The molecular underpinnings of natural variation in seed dormancy are best
understood for primary dormancy, but much less so for secondary dormancy (Buijs,
2020; Gianinetti, 2023; Iwasaki et al., 2022). While both forms of dormancy differ in
the conditions under which they are induced, they may share overlapping

regulatory pathways.

The gene DELAY OF GERMINATION 1 (DOG]) is a well-established regulator of
natural variation in primary dormancy (Bentsink et al., 2006; Chiang et al., 2013).
DOGI conditions seed responsiveness to abscisic acid (ABA), a hormone central to
the suppression of germination (Iwasaki et al., 2022). Its activity decreases during

after-ripening, a process influenced by redox changes but still not fully understood
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(Née et al, 2017). Allelic variation at DOGI contributes to population-level
differences in dormancy: for instance, seeds that failed to re-enter dormancy after
prolonged cold exposure often carried weak or non-functional DOGI haplotypes
(Martinez-Berdeja et al., 2020). This also suggests that variation in secondary
dormancy may partly depend on residual levels of primary dormancy and thus be
influenced by the same pathway (Buijs, 2020; Coughlan et al., 2017). If so, genetic
variation in primary dormancy genes like DOGI may indirectly shape responses to
post-dispersal cues such as heat or cold. Clarifying the extent to which primary and
secondary dormancy share molecular regulators remains an open challenge, but
one that could reveal how natural variation in dormancy is partitioned across

environmental contexts.

2.2.4. Research questions
In this chapter, [ asked three main questions:

e What is the extent and pattern of natural variation in heat-induced
secondary dormancy across the species range?

e How does this variation contribute to local adaptation to environmental
change?

e What is the molecular basis underlying variation in secondary dormancy?

2.3. Data and Methodology

2.3.1. Seed material

The samples used in this study originated from a collection of 361 accessions across
Europe (Figure S2.1). Genotype and accession information was obtained from the
1001 genome database (1001genomes.org; (Alonso-Blanco et al., 2016)) as well as

from (Wieters et al., 2021) (Table S2.1). Seed material was amplified at University of
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Cologne: plants were grown in growth chambers (Dixell, Germany) under long day
condition 16:8 (hours) light: dark at 20°C (day): 18°C (night) (hereafter referred to as
“standard condition”). Plants were vernalised for 4-6 weeks, depending on their
genotype, to ensure the required vernalisation period was met. As a result, most
plants produced seeds around the same time, with a maximum difference of one
week. Mature dry seeds were harvested and packed in paper bags; these seeds were
stored at room temperature for approximately six months post-harvest and
subsequently transferred to 4°C for long-term storage. For each genotype, one seed

batch of around 1000 seeds was harvested.

2.3.2. Germination test

For each genotype, I performed dormancy experiments 6 months, one year, and
two years after harvesting, i.e. May 2022 - Trial 1, December 2022 - Trial 2, and
December 2023 - Trial 3. Producing and phenotyping multiple independent seed
batches for each genotype was beyond our logistical capacities. Each seed
dormancy measurement was thus performed using 50-200 seeds of a single seed
batch. This number of seeds allowed a robust estimation of germination rate
(especially when germination rate was low). While this experimental design limits
our ability to quantify the uncertainty around individual genotypic values, the size
of the total number of genotypes allows us to assess patterns of genetic covariation
in a statistically conservative manner. Due to practical limitations, the first Trial 1
used a set of 295 accessions; Trial 2 and the Trial 3, a set of 344 accessions. 50-200
seeds per genotype were sown on wet filter paper in 12-well plates in a randomized
design. There were three incubation treatments, namely, “control’ “primary
dormancy, and “secondary dormancy” (Figure 2.2). As a viability control, seeds were
pre-incubated at 4°C for three days and moved to standard condition. To assess
primary dormancy, I put seeds for germination without pre-treatment. To assess

secondary dormancy, seeds were pre-incubated at 4°C in the dark for three days to
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release primary dormancy, then exposed to 37°C for four days, and finally moved to
standard condition for germination. Germination rate was assessed after seven
days, with radicle protrusion serving as the criterion for germination. The number
of germinated and non-germinated seeds was recorded by carefully examining
radicle emergence under a stereomicroscope. Approximately 50-200 seeds were

placed in each well and carefully counted.
2.3.3. Bioclimatic data

Climatic  variables = were obtained from the WorldClim database
(worldclim.org /version2) using the worldclim_global function (R /geoData package,
(Hijmans et al., 2022)). Last Glacial Maximum data were obtained from Chelsa
database (chelsa-climate.org). Latitude and longitude data were used for merging
with the bioclimatic data. A resolution of 10-min was selected for this study.
Bioclimatic variables (BIO1 - BIO19) were derived from monthly temperature and
rainfall values representing annual trends, seasonality, and extreme environmental
factors (Fick & Hijmans, 2017). The interpretation of bioclimatic variables is
provided in Table S2.8. Future data were obtained similarly and will be clarified

more in the “Species Distribution Modelling” section below.
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Figure 2.2. Overview of the experimental design for studying primary and heat-induced
secondary dormancy. This schematic illustrates the three treatments used to assess
germination behaviour and seed dormancy: primary dormancy, secondary dormancy, and
control. For the control treatment, seeds were stratified at 4°C for three days to release any
dormancy before being exposed to germination conditions. In the primary dormancy
treatment, seeds were tested directly without any pre-treatment to assess the baseline
dormancy established during seed maturation. For the secondary dormancy treatment,
seeds underwent stratification at 4°C for three days to release dormancy, followed by a heat
stress of 37°C for four days to induce secondary dormancy. Approximately 50-100 seeds
were used per treatment in each genotype. Germinated and non-germinated seeds were
counted after a seven-day germination period under long-day conditions (16 hours light,
20°C). Germination rates, calculated based on the proportion of germinated seeds, were

used in subsequent analyses.
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2.3.4. Regression analysis

To determine which bioclimatic variables influenced the strength of secondary
dormancy, data were analysed using a generalised linear mixed model (GLMM) with
a binomial distribution and individual relatedness as random effect. Secondary
dormancy was modelled as a binomial response variable, defined by the number of
germinated seeds (successes) relative to the total number of seeds per replicate.
Thus, dormancy was analysed as a binary outcome (success/failure) at the seed
level using a logistic regression framework, with climatic variables included as

predictors.

In such a logistic regression model (binomial family with logit link function), the

probability of success ni for the outcome yi is defined as: logit(m;) = In[m;/(1- m)]

The linear predictor including fixed effects terms: n; = f, + f; * (treatment) + g, *

(bioclimatic variable) + p5 *(treatment)* (bioclimatic variable) + u;

where n; is germination rate; g, is the intercept; g, f, fs are coefficients for
treatments, bioclimatic variables, and their interactions, respectively; u; ~ N(0, o *K)
is the random effect, where K is the kinship matrix, accounting for population
structure. The kinship-correlated random effect was thereby controlling for
potential confounding effects on associations between phenotypes and explanatory

variables due to shared ancestry.

The model was fitted with the relmatGlmer function of package Ime4qtl (Ziyatdinov
et al,, 2018) using logit link function. The kinship matrix had to be converted to
positive definite matrix, using the nearPD function of the Matrix package (R Core
Team, 2021). The resulting model coefficients reflect the effect size of each

predictor on dormancy variation.

49



Go to Table of Contents

2.3.5. Species distribution modelling

Species distribution model (SDM) was used to compare past, present and future
habitat suitability of two ecotypic groups split around the median of corrected
secondary dormancy measured in trial 1 (i.e., the residuals of secondary dormancy
regressed on primary dormancy for the trial where secondary dormancy was the
strongest). The aim of the SDM analysis was to evaluate whether these two groups
had equal likelihood to find suitable habitats over time. Genotypes of the
strong-secondary-dormancy group had values above the trial 1 median, whereas
genotypes of the weak-secondary-dormancy group had values below the trial 1
median. I used the R/biomod2 package (Thuiller et al., 2009) with the parameters
explained in the following four steps. This procedure and the results are reported

according to the standard protocol proposed by (Zurell et al., 2020).

Step 1 - Overview: The spatial extent was limited from -10° to 50° for longitude and
from 35° to 70° for latitude. The biodiversity data type was set on presence-only,
with the locations of the samples marked as present. For predictor variables, I
selected bioclimatic factors that are significantly associated with dormancy. The

spatial resolution was set to 10-minute.

Step 2 - Data preparation: As only presence data were available, pseudo-absence
data needed to be created, because presence/absence data are required for most
SDM algorithms. To ensure these pseudo-absences were environmentally distinct
from presence locations, I used the Surface Range Envelope (SRE) strategy within
the biomod2 framework. This method excludes areas with environmental
conditions similar to those of the presence points, reducing the risk of
misclassifying potential presences. I generated three sets of pseudo-absences, with
the number of pseudo-absences equal to the number of presence points in each

replicate, following the recommendations of Barbet-Massin et al. (2012).
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For future data, I chose the representative concentration pathway (RCP) of 4.5 from
the Coupled Model Intercomparison Project Phase 5 (CMIP5). RCP 4.5 corresponds
to an intermediate scenario in which emissions peak at around 2040 and then
decline. RCP 4.5 - the most probable scenario given that no climate policies are
applied - considers non-renewable fuel availability. All bioclimatic variables were
tested for multi-collinearity. I tested all predictor variables for multicollinearity and
found that none were highly correlated (|r| < 0.7); thus, no variable re-selection or

dimensionality reduction (e.g., PCA) was required.

Step 3 - Model options: I tested different model algorithms, namely, Random Forest
(RF), Gradient Boosting Machine (GBM), Generalized Linear Model (GLM), and
Maxent. For calibration and evaluation, I implemented 3-fold cross-validation using
a random splitting approach, whereby 80% of the data were used for training and
20% for testing in each replicate. This corresponds to random k-fold
cross-validation, a standard method for evaluating model robustness when spatial
autocorrelation is not the primary focus. I adopted this approach as the primary
goal was to assess differences in habitat suitability between genotype groups.
Assuming these two groups have similar dispersal abilities, the limitation of SDM
applies equally to the two groups. I was aware of imperfect detection because the
data had sampling bias issues, that is, not all A. thaliana in the given geographical
range were sampled. The sampling of individuals in the Central European region
was less dense than that in Sweden and Spain. Cross-validation, which represents
the random effects of selecting data, can show the sensitivity of the models to the

input data. The evaluation metrics included TSS, ROC, and KAPPA scores.

Step 4 - Assessment and Prediction: The biomod2 package examines the importance
of each variable in the final model. Once the model is trained, a standard prediction
is made, one variable is randomised, and a new prediction is made. The correlation

score between the new prediction and standard prediction is given as an estimation
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of the variable importance in the model. The influence of each variable was
visualised by plotting response curves. The ensemble modelling option combines
individual models to build a meta-model. Models with TSS, ROC, and KAPPA lower
than 0.8 were excluded. I used binary projection using ROC and a so-called
weighted mean, which was done for all chosen models for each run, to project

current and future climate models.
2.3.6. Genome-wide association analysis

Variant calling was performed from raw sequence data for all 361 lines
simultaneously. Genomic data of 309 genotypes from the 1001Genome data set are
available on the European Nucleotide Archive (ENA), and data of 52 accessions were
obtained from Wieters et al. (2021) (Table S2.1 for accession information). The SRA
files were downloaded from ENA using prefetch and converted into FASTQ using
fastqg-dump (from sra toolkit, (SRA Toolkit Development Team, 2023)). Low-quality
signals were detected, and polyG and sequencing adapters were removed using
fastp (Chen et al., 2018). For this, the minimum read length was set to 50bp, the
minimum Phred quality score was 15, and the quality threshold was 40%. The
sequences were mapped to the reference genome (TAIR1O0, arabidopsis.org) using
bwa-mem (Li, 2013) and converted to bam files using samtools (Danecek et al.,
2021). The mapping quality was evaluated using multiqc (Ewels et al., 2016). Variant
calling was performed using bcftools mpileup and bcftools call (Danecek et al.,
2021; Li, 2011). The minimum mapping quality was set to 20, and the minimum base
quality was set to 30. SNP data were processed with bcftools v1.18, veftools v0.1.16,
and PLINK2 (Danecek et al., 2011, 2021; Purcell et al.,, 2007) for minor allele
frequency filtering (0.05), maximum missingness (0.95), minimum depth and
maximum depth (minDP = 10 and maxDP = 50), indels and low-quality calls (< 30),
and prune linkage disequilibrium (r > 0.1, scanning 50kb window, 10bp step size).

Genome-wide association analysis (GWAS) was conducted to identify genetic
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variants associated with secondary dormancy. Association analysis was performed
with GEMMA using PLINK files (Zhou & Stephens, 2012). Kinship matrix was
calculated using the KING algorithm of PLINK, and GWAS was performed using the
Mixed Linear Model (MLM) approach (-lmm 4). The -logl0 p-values of the model
were adjusted using Bonferroni correction at a significance level of 5%.
Chromosomal position and candidate genes were checked using the available
annotated genes in the TAIR database (arabidopsis.org). I controlled for population
structure using kinship matrix and added primary dormancy as a covariate to
control for seed age difference across the trials. I combined the p-values from the
different GWAS trials using Fisher's combined probability test, which provides a
robust approach for synthesizing results from multiple studies (Walsh & Lynch,
2018a). Fisher's method is based on the assumption that the p-values under the null
hypothesis are uniformly distributed between 0 and 1. The method transforms each
p-value using the natural logarithm and then sums these transformed values. It

computes a combined test statistic x* given by

K ==2YIn(p)

where p; represents the p-values from the individual trials. This test statistic
follows a chi-square distribution with 2k degrees of freedom, where k is the number
of studies combined. I used Python and libraries namely numpy (Harris et al.,

2020), scipy.stats (McKinney, 2010), and pandas (Virtanen et al., 2020).

2.4. Results

2.4.1. Secondary dormancy variation correlates with primary dormancy

To quantify genetic variation in heat-induced dormancy with latitude, I used seeds
collected from 361 European accessions of A. thaliana grown in a common garden.

Seed dormancy was measured in three trials, with seeds sampled from the same
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seed batch. The trials differed in the number of genotypes that were analyzed: 295,
361 and 344 genotypes, and seeds were six, twelve and twenty-four months
after-ripened in trials 1, 2, and 3, respectively. I implemented three treatment
groups for the germination tests: a germination test without any treatment to
assess primary dormancy; a germination test following exposure to 4°C to evaluate
seed viability, hereafter the control treatment; and a germination test after

sequential exposure to 4°C and 37°C to assess secondary dormancy (Figure 2.2).

Both the number of lines exhibiting secondary dormancy and the strength of this
dormancy decreased across the experiments (Figure 2.3). Seed viability remained
high after 12 months of storage, because the control germination rate approached
100% after cold treatment. This rate, however, dropped to 50% for seeds after 24
months of seed storage. Primary dormancy was progressively reduced from Trial 1
(6-month-old seeds) to Trial 2 (12 months old seeds) and almost completely lost in

Trial 3 (24-month-old seeds) (Figure 2.3).
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Figure 2.3. Germination rates across three treatments over three trials. Germination
rates were measured for primary dormancy (pdorm), secondary dormancy (sdorm), and
control treatments across three trials. Germination rates were measured for primary
dormancy (pdorm), secondary dormancy (sdorm), and control treatments across three
trials. The colour gradient represents the density of data points. (A) Trial 1: conducted in
May 2021 (6 months post-harvest). (B) Trial 2: conducted in December 2021. (C) Trial 3:
conducted in December 2022. The “sdorm” treatment represents germination rates
following a 3-day stratification at 4°C to release dormancy, followed by a 4-day treatment
at 37°C. The pdorm treatment tested germination rates without any pre-treatment,
whereas the control treatment involved seeds stratified for 3 days at 4°C to release
dormancy before testing germination. All germination tests were conducted under

long-day conditions at 20°C, and germination rates were recorded after 7 days.

Levels of seed secondary dormancy were consistently correlated across trials (p <
2.814e-09, Table S2.2). While primary dormancy was released by stratification prior
to heat exposure, secondary dormancy remained significantly correlated with
primary dormancy in all three trials (maximum p = 0.00135, Table S2.3). However,
the strength of this correlation declined over time (Trial 1: Spearman rho = 0.427,
Trial 3: Spearman rho = 0.172). Residual variation also increased across trials,

confirming the increasing divergence from primary dormancy signal (Figure S2.2).

55



Go to Table of Contents

2.4.2. Bioclimatic drivers of heat-induced secondary dormancy

Despite the variation in levels of dormancy observed across trials, secondary
dormancy decreased with increasing latitude in all three trials (Figure 2.4, Table
S2.4). This correlation may arise from the history of post-glaciation expansion in
the species, from the indirect correlation to primary dormancy, or from the specific
adaptation of secondary dormancy along climatic clines. To discriminate between
these hypotheses, 1 tested whether the geographic distribution of secondary
dormancy variation was significantly associated with climatic variables after
accounting for individual relatedness and both variance in primary dormancy and
variance in germination rate. Using publicly available global climate data with
10-minute resolution in longitudinal and latitudinal coordinates, I conducted a
generalized linear mixed model (GLMM) analysis to investigate the association

between 19 bioclimatic variables and germination outcome (Figure 2.5).
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Figure 2.4. Germination rates of heat-induced secondary dormancy treatment as a
function of latitude of origin. The secondary dormancy treatment represents germination
rates following a 3-day stratification at 4°C to release dormancy, followed by a 4-day
treatment at 37°C. Germination tests were conducted under long-day conditions at 20°C,
and germination rates were recorded after 7 days. The correlation between germination

rate and latitude of origin was assessed for three trials: (A) Trial 1, (B) Trial 2, and (C) Trial 3.
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Original values were used without any corrections or adjustments. Spearman’s rank
correlation coefficients (rho) and corresponding p-values were as follows: (A) rho = 0.386,
p = 6.823 x 10'%; (B) rho = 0.339, p = 2.986 x 10'%; and (C) rho = 0.278, p = 1.144 x 10™". Colour

density highlights regions with increasingly high concentration of values.

Genotypes exhibiting strong secondary dormancy tended to originate from
locations associated with increasing mean temperatures and decreasing rainfall
(mean temperature of driest quarter - BIO9 values). Summer precipitation (mean
precipitation of warmest quarter - BIO18 values) was negatively correlated with
secondary dormancy (minimum p < 2.2e-16, Table S2.5). Additionally, there was a
positive correlation between winter precipitation (mean precipitation of coldest
quarter - BIO19 values) and heat-induced secondary dormancy (maximum p =
3.55e-8, Table S2.5). Variation in secondary dormancy is further associated with
climatic fluctuations. Higher isothermality (BIO3) - indicative of greater diurnal
temperature variation relative to annual temperature range - was significantly
associated with increased levels of secondary dormancy (maximum p = 1.77e-6;
Table S2.5). Altogether, these results suggest that A. thaliana populations evolved
stronger heat-induced secondary dormancy in environments characterized by low
precipitation, high temperatures, and pronounced short-term temperature
fluctuations, conditions likely serving as ecological cues signaling germination
stress (Figure 2.5, Figure S2.3 Table S2.5). Since this correlation of phenotypic
variation with environmental parameters was significant after accounting for

population structure (see 2.3. Data and Methodology), it can be concluded that the

distribution of genetic variation for heat-induced secondary dormancy was shaped

by natural selection.
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Figure 2.5. Germination rate across three treatments correlated with four bioclimatic
variables (BIO3, BIO9, BIO18, and BIO19). The relationship between germination rates and
four bioclimatic predictors—BIO3 (isothermality), BIO9 (mean temperature of the driest
quarter), BIO18 (mean precipitation of the warmest quarter), and BIO19 (mean precipitation
of the coldest quarter) - across three trials: (A) Trial 1, (B) Trial 2, and (C) Trial 3. The
so-called corrected secondary dormancy treatment represents germination rates following
a 3-day stratification at 4°C to release dormancy, followed by a 4-day treatment at 37°C,
corrected for the residual effects of primary dormancy. The primary dormancy treatment
tested germination rates without any pre-treatment, and the control treatment involved
seeds stratified for 3 days at 4°C to release dormancy before testing germination. All
germination tests were conducted under long-day conditions at 20°C, and germination
rates were recorded after 7 days. The bioclimatic variables include BIO3, which is unitless;

BIO9, measured in degrees Celsius; and BIO18 and BIO19, measured in millimeters.

Primary dormancy variation was also associated with isothermality (BIO3), mean

temperature of driest quarter (BIO9), and summer precipitation (BIO18) in the first
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two trials (maximum p < 2.2e-16, Table S2.5), but not with winter precipitations
(BIO19) (maximum p = 0.16196, Table S2.5). In the third trial, only BIO19 was
associated with remaining primary dormancy variation (p = 0.00143, Table S2.5). As
primary dormancy decreased across trials, the slope of its correlation with
bioclimatic variables also decreased (Table S2.5, Figure 2.5). Interestingly, the slope
of the relationship between secondary dormancy and each of these four climatic
variables was always significantly stronger than the relationship with primary
dormancy, irrespective of the level of residual primary dormancy (Figure 2.5). The
shared association between secondary dormancy and primary dormancy with
temperature- and rainfall-related bioclimatic variables suggests that these traits
may constitute an adaptive dormancy syndrome that coordinates dormancy
responses to seasonal and climatic fluctuations. The sharper climatic clines of
secondary dormancy compared to primary dormancy suggest that secondary

dormancy is a better descriptor of local adaptation than primary dormancy.

2.4.3. Suitable habitats are predicted to increase for ecotypes with high secondary

dormancy

Since secondary dormancy levels displayed a pattern of local adaptation along
several bioclimatic gradients, we reasoned that the fitness of high vs. low secondary
dormancy ecotypes would depend on the relative size of their suitable habitat
(Banta et al., 2012; Ikeda et al., 2017). Using the four identified bioclimatic factors
shown above to drive local adaptation of secondary seed dormancy (BIO3, BIO9,
BIO18, BIO19), I quantified the amount of suitable habitat inferred by projecting
species distribution models for both ecotypic groups (Figure 2.6). I used current
data to determine the relationship of each ecotype with bio-climatic variables
drawing their respective niches. I then used past climate data from the Last Glacial

Maximum and future climate data based on RCP4.5 (see 2.3. Data and

Methodology).
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Among the different models, the best model performance was obtained with
Random Forest (ROC and TSS scores > 0.95; Figure S2.4). As anticipated, given its
strong influence on dormancy ecotypes, BIO9 determined about 40% of the
distribution of both strong- and weak-secondary dormancy ecotypes (Figure S2.5).
BIO9 is particularly influential because seeds experience both heat and drought
during this period, making the triggering of dormancy-related responses crucial for
seedling survival. Furthermore, BIO9 likely interacts with other predictors, such as
precipitation variables (e.g., BIO18 and BIO19), shaping the seasonal microclimatic
conditions that define the ecological niches in which dormancy strategies confer an

advantage.

Our model showed both the proportion of stable habitats for both ecotypic groups
from LGM to current time, as well as the change in habitat boundaries. Past and
predicted habitat range change depended on the secondary seed dormancy
strategy (Figure 2.6, LGM-Current: X-squared = 108.03, df = 2, p-value < 2.2e-16;
Current-2050: X-squared = 814.45, df = 2, p-value < 2.2e-16). Habitat suitability was
quantified by the amount of habitat, measured as pixel in the grid, that fits the
current distribution of the two secondary dormancy types. Habitat suitability
increased for strong dormancy ecotypes in northwestern and southern areas of
Europe such as in the Balkans and Spain, compared to weak secondary dormancy
(measured in pixels). In total, weak secondary dormancy genotypes appeared to
have benefitted from a larger habitat gain due to significant gains in central and
northeastern Europe. However, in the close future, only strong dormancy ecotypes
are predicted to maintain most of their current habitat, weak secondary dormancy
ecotypes, instead, are predicted to lose around half of their current habitat
(primarily in western and southern Europe) with only slight gains (in northeastern
Europe) (Figure 2.6, LGM - current: X-squared = 200.6, df = 2, p-value < 2.2e-16,
current - 2050: X-squared = 4484, df = 2, p-value < 2.2e-16). In summary, the climate
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projection, which here is based on an intermediate scenario with emission peak
around 2040, indicates that ecotypes with strong secondary dormancy should lose
less habitat than those with weak secondary dormancy. Strong secondary
dormancy ecotypes are therefore predicted to be more resilient to expected
environmental changes. Based on the size of predicted suitable habitats in changing
climatic conditions, high-secondary dormancy ecotypes are predicted to make up
an ever increasing fraction of the A. thaliana population. Assuming that high- and
low-dormancy ecotypes do not differ in their ability to migrate to new habitats,

these findings suggest that high-dormancy genotypes have a fitness advantage.

A B LGM-Current Current-Future
A
LGM - Current Current - Future S
«Q
65 4 65 3
7 A A | E
55 4™ ¥ » 551478 - 2
Strong . =4
dormancy A }{,\g(,\\ 45 K y
LAY By £
W '.,‘/i‘”“‘ W 1 '“wx
351 e il b 35 TR [ Loss
0 20 40 0 20 40 =
[ stable 2
=
65 - Gain o
65 o - 5
! e ; {p‘ D No data E
5510 . 551 i 2
Weak ¥ 3 g » .
dormanc YA & ..
Y s | gl 4 ¥
35 g x | 35 . .
0 20 40 0 20 40 Metrics Stable . Loss . Gain

Figure 2.6. Species distribution model (SDM) for strong and weak heat-induced
secondary dormancy genotypes. To construct the SDM, four bioclimatic variables were
used: temperature seasonality (BIO3), mean temperature of the driest quarter (BIO9),
precipitation of the warmest quarter (BIO18), and precipitation of the coldest quarter
(BIO19). Data from Trial 2, the most complete dataset, was used for the analysis. Genotypes
were divided into strong and weak secondary dormancy groups based the secondary
dormancy corrected for primary dormancy, so-called corrected secondary dormancy,

which represents germination rates following a 3-day stratification at 4°C to release
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dormancy, followed by a 4-day treatment at 37°C, corrected for the residual effects of
primary dormancy. The figure presents species range changes in three categories—loss
(orange), stable (blue), and gain (green)—alongside areas (gray) that have no data due to
insufficient number of data points in those regions (e.g., northeastern Europe). Results are
derived from an ensemble model, which combines the best-performing model based on
ROC metrics and calculates weighted means across three cross-validation runs. (A) Species
range changes for strong secondary dormancy genotypes (upper) and weak secondary
dormancy genotypes (lower) during two transitions: LGM to the present (left) and the
present to 2050 (right). (B) Pie charts depicting the proportion of habitat loss, stability, and
gain for each group during these transitions. Statistical analyses reveal significant
differences in range change patterns between strong and weak dormancy genotypes
(chi-squared test: LGM-current: X2 =200.66, df = 2, p < 2.2 x 10°%; current-future: X? = 4484,
df=2,p<22x10").

2.4.4. Genetic variants associated with the environment and secondary dormancy

To investigate the genetic basis of the dormancy variation revealed in our
experiment, [ performed genome-wide association studies (Figure 2.7). For primary
dormancy, there was a significant peak located only 14bp away from the region of
the DELAY OF GERMINATION 1 (DOGI) gene, which was not found to be associated
with secondary dormancy (Figure S2.6D; Table S2.6). In order to identify the
specific genetic basis of secondary dormancy, I accounted for variation in primary
dormancy in the model of genetic association. Several SNPs with significant
associations were identified, notably, on chromosomes 2, 3, and 4 (Figure S2.7,
Table S2.7), as annotated in Figure 2.7A. The location of these three associated SNPs
did not overlap with the genomic regions associated with primary dormancy
(Figure 2.7B). SNPs on chromosomes 2 and 4 did not fall close to any obvious

candidate gene for secondary dormancy, but they may represent novel loci, or the
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regulatory elements involved in dormancy-related pathways that have yet to be

characterised.
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Figure 2.7. GWAS results for heat-induced secondary dormancy and primary dormancy
SNP associations. (A) Manhattan plot illustrating the association of 1.2 million SNP markers
with heat-induced secondary dormancy, using primary dormancy as a covariate. In the
primary dormancy treatment, seeds were tested directly without any pre-treatment to
assess the baseline dormancy established during seed maturation. For the secondary
dormancy treatment, seeds underwent stratification at 4°C for three days to release
dormancy, followed by a heat stress of 37°C for four days to induce secondary dormancy.
The results are based on a combined p-value GWAS analysis of three trials, calculated using
Fisher's combined probability formula. The dashed horizontal line represents the
significance threshold after applying a 5% Bonferroni correction. Significant SNPs crossing
this threshold highlight genomic regions associated with secondary dormancy independent
of primary dormancy. (B) Overlay of two Manhattan plots to compare SNP associations for
heat-induced secondary dormancy without covariates (orange) and primary dormancy
(blue). SNPs uniquely associated with primary dormancy are highlighted in blue (unique
pdorm), and SNPs uniquely associated with secondary dormancy are highlighted in orange
(unique sdorm). Gray dots represent SNPs that do not meet the 5% Bonferroni correction

significance threshold for either dormancy trait.
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The SNPs on chromosome 3 were particularly intriguing, because they were located
approximately 100kb upstream and 60kb downstream of the DNAJ Homolog 3 gene,
(AT3G44110, AtJ3, or AtDjA3). Although several genes are present in this region, AtJ3
encodes for a heat-shock co-chaperone that is involved in the control of
germination in stressful conditions, making it a likely candidate (Barghetti et al.,
2017; Salas-Muinoz et al., 2016; Wu et al., 2019). Several elements indicate that the
absence of associated SNPs within and or close to the gene may be due to mapping
issues. The gene is surrounded by numerous repeats that perturb the quality of
mapping. In addition, in the Col-0 reference genome, substantial deletions in the

gene further complicate SNP detection within the gene body.

2.5. Discussion

In this study, it was shown that heat-induced secondary dormancy represents a
distinct but connected axis of natural variation in seed dormancy within A. thaliana.
While primary dormancy is well known to contribute to adaptation to local climates
(Chiang et al., 2013; Debieu et al., 2013; Kronholm et al., 2012), our results
demonstrate that secondary dormancy, too, covaries with climate and likely

contributes to the diversification of germination strategies across environments.

At the molecular level, our findings highlight both shared and unique pathways
underlying secondary dormancy. On the one hand, its dependence on residual
primary dormancy and its correlation with DOGI haplotypes confirm overlap with
established dormancy regulators (Coughlan et al., 2017; Martinez-Berdeja et al.,
2020). On the other hand, the identification of AtJ3 - a heat-shock chaperone
involved in stress responses - as a candidate locus suggests that secondary
dormancy also recruits pathways beyond the canonical dormancy network. This

combination of pleiotropic effects and independent regulators indicates that
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natural variation in secondary dormancy is shaped by both constraints and novel

opportunities for adaptation.

Ecologically, secondary dormancy variation tracks climatic variables such as
summer heat and precipitation, pointing to its adaptive relevance. Genotypes from
warmer, drought-prone regions exhibit stronger secondary dormancy, consistent
with the hypothesis that delaying germination under harsh conditions increases
survival (Springthorpe & Penfield, 2015). These associations persisted after
controlling for population structure, confirming that the observed covariation
reflects local adaptation rather than demographic history. Together with previous
work, our findings suggest that secondary dormancy forms part of an adaptive trait
syndrome with primary dormancy and life-history timing traits (Debieu et al., 2013;

Takou et al., 2019).

Finally, our exploratory distribution models illustrate how the climatic envelope
associated with secondary dormancy may have shifted in the past and may
continue to shift under future climate scenarios. While such projections cannot
capture the full evolutionary potential of the species, they emphasise that
secondary dormancy is likely to become increasingly important under intensifying
summer heat and drought (Exposito-Alonso et al., 2019). Future experimental tests
of fitness differences among genotypes with contrasting secondary dormancy

capacities will be essential to validate its adaptive role.

This study advances the understanding of natural variation in seed dormancy by
showing that heat-induced secondary dormancy is both genetically distinct and
ecologically significant. This dual role highlights secondary dormancy as a key but
previously underappreciated component of the adaptive variation that shapes

germination strategies in A. thaliana.
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2.6. Conclusion

This chapter sets out to investigate how natural variation in seed dormancy
contributes to adaptive potential in A. thaliana, focusing on three central questions.
Both primary and secondary dormancy exhibit adaptive clines along climatic
gradients, but secondary dormancy shows a stronger and more consistent signal,
suggesting it is a key axis of natural variation shaping germination strategies. Next,
by combining trait measurements with climatic associations and species
distribution models, it is shown that genotypes with stronger secondary dormancy
are favored in environments with harsh summers, and may be more resilient under
future climate change scenarios. The analyses further reveal that while secondary
dormancy shares regulatory pathways with primary dormancy, including
connections to DOG]I, it also involves distinct loci such as AtJ3. This highlights both
pleiotropic constraints and novel pathways that generate natural variation in

dormancy.

Building on these empirical insights, it is important to place such fitness-related
traits within a broader theoretical framework of quantitative genetics.
Understanding how these traits respond to selection requires evaluating how their
genetic variance contributes to heritability and long-term adaptive potential. By
connecting natural variation in phenotypes with the underlying variance
components, we can better assess not only its ecological relevance but also its

evolutionary capacity to fuel adaptation.
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common * common * unique

Figure S2.1. Geographic origin of European Arabidopsis thaliana accessions used in

this study. The map displays the geographic locations of Arabidopsis thaliana

accessions included in the study, shown separately for each trial. (A) Trial 1, (B) Trial 2,

and (C) Trial 3. Green round markers represent common genotypes that are present

across all three trials, while orange triangular markers indicate unique genotypes that

are specific to a single trial.
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Figure S2.2. Temporal dynamics of heat-induced secondary dormancy. (A) Distribution
of germination rates over time in response to the heat-induced secondary dormancy
treatment across three trials. The x-axis represents time points corresponding to the
three trials. Secondary dormancy treatment represents germination rates following a
3-day stratification at 4°C to release dormancy, followed by a 4-day treatment at 37°C.
(B) Residuals of the linear regression of secondary dormancy rank on primary dormancy
across the three trials. Primary dormancy tested germination rates without any
pre-treatment. The residuals represent the component of secondary dormancy not
explained by primary dormancy, highlighting the change in dormancy traits over time.
All germination tests were conducted under long-day conditions at 20°C, and

germination rates were recorded after 7 days.
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Figure S2.3. Bioclimatic variables as predictors of heat-induced secondary dormancy.
Odds ratios are derived from binomial models with a logit link function for the effect of
four bioclimatic variables - BIO3 (isothermality), BIO9 (mean temperature of the driest
quarter), BIO18 (mean precipitation of the warmest quarter), and BIO19 (mean
precipitation of the coldest quarter)—as predictors of secondary dormancy. Results are
displayed separately for three replicates: (A) Trial 1, (B) Trial 2, and (C) Trial 3. Secondary
dormancy (sdorm) was induced by a 4-day treatment at 37°C following a 3-day
stratification at 4°C to release dormancy. Primary dormancy (pdorm) seeds were tested
for germination without pre-treatment, and control seeds, used here as the reference
level, were stratified for 3 days at 4°C and tested for germination. The sdorm values
used in the models represent secondary dormancy corrected for primary dormancy
(residuals of the regression of secondary dormancy on primary dormancy). The models
assess the effect of each bioclimatic variable (bio) on germination outcomes under
long-day conditions at 20°C, with germination tested after 7 days. BIO3 = isothermality

(ratio; unitless); BIO9 = mean temperature of the driest quarter (°C); BIO18 = mean
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precipitation of the warmest quarter (mm); BIO19 = mean precipitation of the coldest

quarter (mm).
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Figure S2.4. Performance comparison of modelling approaches using ROC and TSS
metrics in predicting heat-induced secondary dormancy ecological niche.
Comparisons of the performance of four modeling approaches: gradient boosting
machine (GBM, blue), generalized linear model (GLM, red), maxnet (MAXNET, yellow),
and random forest (RF, green). The comparison is based on two evaluation metrics:
Receiver Operating Characteristic (ROC) and True Skill Statistic (TSS). The ROC metric
assesses the model’s ability to distinguish between classes, according to which a higher
value indicates improved ability to discriminate. TSS evaluates the model’s predictive
skill, balancing sensitivity and specificity. These metrics provide a comprehensive
evaluation of model performance across different approaches, facilitating the
identification of the best method for predicting secondary dormancy. The color coding
corresponds to the modeling approaches: blue for GBM, red for GLM, yellow for
MAXNET, and green for RF. Each point on the plot represents the performance of a

model under the respective metric.
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Figure S2.5. Importance of predictor variables in the species distribution model for
strong and weak heat-induced secondary dormancy ecotypes. The relative importance
of four bioclimatic variables in the species distribution model (SDM) used to predict the
habitat suitability for strong and weak secondary dormancy ecotypes of Arabidopsis
thaliana. The variables included in the model are isothermality (BIO3), mean
temperature of the driest quarter (BIO9), mean precipitation of the warmest quarter
(BIO18), and mean precipitation of the coldest quarter (BIO19). Trial 1 data were used for

this analysis.
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Figure S2.6. Manhattan plot displaying the association of 1.2M SNP markers with
primary dormancy across trials. This plot presents the genome-wide association
results for primary dormancy using 1.2 million SNP markers and three independent
replicates of European Arabidopsis thaliana genotypes. (A) Results for Trial 1 of 295
lines, (B) Trial 2 of 361 lines, and (C) Trial 3 of 344 lines. Population structure was
controlled for in the analysis using a kinship matrix between individuals. (D) The
combined results from all three trials were calculated using Fisher’s combined P-value
method. A significant peak on chromosome 5 in panel (D) is annotated, which is located

just 14 bp from the region of the DELAY OF GERMINATION 1 (DOGI) gene, a well-known
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regulator of seed dormancy. The dashed horizontal line indicates the significance

threshold after a 5% Bonferroni correction was applied.

Figure S2.7. Manhattan plot displaying the association of 1.2M SNP markers with
heat-induced secondary dormancy across trials. The genome-wide association results
for heat-induced secondary dormancy using 1.2 million SNP markers across three
independent replicates of European Arabidopsis thaliana genotypes. The analysis
includes 295 lines in Trial 1 (A), 361 lines in Trial 2 (B), and 344 lines in Trial 3 (C).
Primary dormancy was included as a covariate in the analysis, and population structure
was accounted for using a kinship matrix between individuals. The dashed horizontal
line represents the significance threshold after a 5% Bonferroni correction was applied.
Significant loci are highlighted and indicate genomic regions associated with
heat-induced secondary dormancy. So-called sdorm treatment represents germination
rates following a 3-day stratification at 4°C to release dormancy, followed by a 4-day
treatment at 37°C. The pdorm treatment tested germination rates without any
pre-treatment, and the control treatment involved seeds stratified for 3 days at 4°C to
release dormancy before testing germination. All germination tests were conducted

under long-day conditions at 20°C, and germination rates were recorded after 7 days.
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Table S2.1. Information of 361 studied Arabidopsis thaliana accessions. Table records
Genotype ID (GenotypelD) according to ENA database and Genotype Name
(GenotypeName) accordingly. Geographical origin (origin) and precise latitude and
longitude of the genotype are recorded, together with extra information such as

sequencer, collector, and CSS accession ID (AccessionlID).
Available as “Table S1” at https: //doi.org /10.6084 /m9.figshare.28409279.v1

Table S2.2. Spearman correlation coefficients for heat-induced secondary dormancy
across three trials. The Spearman correlation values quantifying the consistency of
heat-induced secondary dormancy measurements across three independent trials. The
secondary dormancy treatment represents germination rates following a 3-day
stratification at 4°C to release dormancy, followed by a 4-day treatment at 37°C. The
germination test was conducted under long-day conditions at 20°C, and germination rates
were recorded after 7 days. All germination tests were conducted under long-day
conditions at 20°C, and germination rates were recorded after 7 days. Trial 1 included 295
genotypes and was conducted in May 2022; Trial 2 comprised the full set of 361 genotypes
and was conducted in December 2022; Trial 3 included 344 genotypes and was conducted

in December 2023.

rho p value
Trial 1 vs Trial 2 0.494 <2.2e-16
Trial 2 vs Trial 3 0.409 3.661le-12
Trial 1 vs Trail 3 0.350 4.393e-09
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secondary dormancy of three trials. Secondary dormancy treatment represents

germination rates following a 3-day stratification at 4°C to release dormancy, followed by a

4-day treatment at 37°C. The primary dormancy treatment tested germination rates

without any pre-treatment. All germination tests were conducted under long-day

conditions at 20°C, and germination rates were recorded after 7 days. Trial 1is a set of 295

samples, Trial 2 has the complete set of 361 samples, and Trial 3 is a set of 344 samples.

Trial 1 was performed in May 2022, Trial 2 in December 2022, and Trial 3 in December

2023.
rho p value
Trial 1 0.427 <1.6e-14
Trial 2 0.204 < 8.98e-05
Trial 3 0.172 =0.00135

75



Go to Table of Contents

Table S2.4. Descriptive statistics of germination rates under heat-induced secondary
dormancy treatment across low- (<50°) and high-latitude (250°) regions in three trials.
We used 50°N as a threshold to separate northern and southern populations based on our
assumptions of the biogeographical transitions in Central and Northern Europe. Secondary
dormancy treatment represents germination rates following a 3-day stratification at 4°C to
release dormancy, followed by a 4-day treatment at 37°C. All germination tests were
conducted under long-day conditions at 20°C, and germination rates were recorded after 7
days. Trial 1is a set of 295 samples, Trial 2 has the complete set of 361 samples, and Trial 3
is a set of 344 samples. Trial 1 was performed in May 2022, Trial 2 in December 2022, and
Trial 3 in December 2023.

Low latitude High latitude
Trial 1 mean = 0.0511, var = 0.0278 mean = 0.1808, var = 0.0826
Trial 2 mean = 0.1999, var = 0.1012 mean = 0.4193, var = 0.152
Trial 3 mean = 0.2546, var = 0.0611 mean = 0.3871, var = 0.0502

Table S2.5. Regression results of heat-induced secondary dormancy with four bioclimatic
variables as predictors of genetic variation in germination after three treatments, across
three trials. The results of regression models that assess the influence of four bioclimatic
variables on secondary dormancy and its genetic variation. The models employed a
binomial likelihood with a logit link function. The bioclimatic variables included BIO3
(isothermality), BIO9 (mean temperature of the driest quarter), BIO18 (mean precipitation of
the warmest quarter), and BIO19 (mean precipitation of the coldest quarter). The analysis
was performed across three treatments: primary dormancy (pdorm), secondary dormancy
(sdorm), and control. Secondary dormancy was induced by a 4-day 37°C treatment

following a 3-day stratification at 4°C to release primary dormancy. Primary dormancy was
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tested without any pre-treatment, whereas control seeds were stratified at 4°C for 3 days
before germination testing. The sdorm value used in this model represents secondary
dormancy corrected for primary dormancy, calculated as the residual of the regression of
secondary dormancy on primary dormancy. All germination tests were conducted under
long-day conditions at 20°C, and germination rates were recorded after 7 days. Triallisa
set of 295 samples, Trial 2 has the complete set of 361 samples, and Trial 3 is a set of 344
samples. Trial 1 was performed in May 2022, Trial 2 in December 2022, and Trial 3 in
December 2023. (A), (B), and (C) represent models with the control group as the baseline for
Trial 1, Trial 2, and Trial 3, respectively; (D), (E), and (F) represent models in which primary

dormancy is used as the baseline, for Trial 1, Trial 2, and Trial 3, respectively.
Available as “Table S5” at https: //doi.org /10.6084 /m9.figshare.28409279.v1

Table S2.6. Genome-wide association results of primary dormancy across three trials and
shared genome-wide association peaks across three experimental trials. The primary
dormancy treatment tested germination rates without any pre-treatment. All germination
tests were conducted under long-day conditions at 20°C, and germination rates were
recorded after 7 days. (A) Trial 1is a set of 295 samples, (B) Trial 2 is the complete set of 361
samples, and (C) Trial 3 is a set of 344 samples. Trial 1 was performed in May 2022, Trial 2 in
December 2022, and Trial 3 in December 2023. (D) Shared genome-wide association peaks
of primary dormancy across all experimental trials, computed by Fisher’s combined

probability test.
Available as “Table S6” at https: //doi.org /10.6084 /m9.figshare.28409279.v1

Table S2.7. Genome-wide association results of heat-induced secondary dormancy across
three trials and shared genome-wide association peaks across three experimental trials.
The secondary dormancy represents germination rates following a 3-day stratification at
4°C to release dormancy, followed by a 4-day treatment at 37°C. All germination test s were
conducted under long-day conditions at 20°C, and germination rates were recorded after 7
days. (A) Trial 1is a set of 295 samples, (B) Trial 2 is the complete set of 361 samples, and (C)
Trial 3 is a set of 344 samples. Trial 1 was performed in May 2022, Trial 2 in December 2022,
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and Trial 3 in December 2023. (D) Shared genome-wide association peaks of heat-induced

secondary dormancy across all experimental trials, computed by Fisher's combined

probability test.

Available as “Table S7” at https: //doi.org /10.6084 /m9.figshare.28409279.v1

Table S2.8. Definitions of bioclimatic (BIO) variables used in the analysis and

interpretation of their values. Descriptions of the nineteen bioclimatic (BIO) variables

included in the generalized linear mixed model (GLMM). The ecological meaning of each

BIO variable is provided, along with guidance on interpreting their values—particularly

clarifying conditions represented by low and high values.

Bioclimatic variables

Definition

Interpretation

BIO1

Annual Mean Temperature

Mean of monthly
temperature averages

High: warmer overall
climate; Low: cooler

year-round

BIO2

Mean Diurnal Range

Mean of monthly (max temp

- min temp)

High: large day-night

temperature shifts

Temperature Seasonality

temperature x 100

BIO3 = (BIO2 / BIO7) x 100 High: more uniform temp
, across year (diurnal =
Isothermality .
seasonal); Low: high
seasonal contrast relative to
daily variation
BIO4 Standard deviation of High: large seasonal

variability; Low: stable

seasonal temps
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BIOS5 Highest monthly max High: hot extremes in
temperature summer
Max Temperature of
Warmest Month
BIO6 Lowest monthly min Low: cold winters
, temperature
Min Temperature of Coldest
Month
BIO7 = BIOS - BIO6 High: strong

Temperature Annual Range

summer-winter contrast;

Low: mild year-round

BIO8

Mean Temperature of
Wettest Quarter

Average temp during

3-month wettest period

Ecologically varies;
important for timing of

growth or dormancy

BIO9

Mean Temperature of Driest

Quarter

Average temp during

3-month driest period

High: warm/dry periods;
Low: cold /dry stress

BIO10

Mean Temp of Warmest

Quarter

Average temp during

warmest 3 months

High: hot growing seasons

BIO11

Mean Temp of Coldest

Quarter

Average temp during

coldest 3 months

Low: cold stress potential

BIO12

Annual Precipitation

Total yearly precipitation

High: wet climates; Low:

arid regions
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BIO13

Precipitation of Wettest

Total precipitation in the

wettest month

High: strong rainy season

Month
BIO14 Total precipitation in driest Low: drought severity
o : month
Precipitation of Driest
Month
BIO15 Coefficient of variation of High: unpredictable rain

Precipitation Seasonality

monthly precipitation

patterns

BIO16

Precipitation of Wettest
Quarter

Precipitation total in

wettest 3-month period

High: monsoon-heavy

systems

BIO17

Precipitation of Driest

Quarter

Precipitation total in driest

3-month period

Low: drought-prone periods

BIO18

Precipitation in the warmest

Low: hot/dry stress; High:

N 3 months wet growing season
Precipitation of Warmest
Quarter
BIO19 Precipitation in coldest 3 Low: potential for

Precipitation of Coldest

Quarter

months

overwintering stress
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3

Non-additive Genetic Variance in Gene Expression in

Natural Populations of Arabidopsis lyrata

3.1. Chapter Summary

Understanding the architecture of genetic variance is key to predicting how
populations adapt and evolve. Since populations cannot respond effectively to
natural selection if most of their genetic variance is non-additive, identifying the
evolutionary and genomic factors driving non-additive variance in natural
populations is critical. This chapter examines how genetic variance in gene
expression shapes adaptive potential at the molecular level in natural populations of
Arabidopsis lyrata. I quantified expression variance for over 26,000 genes and
showed that genetic variance components were unevenly distributed across the
genome and strongly structured by past selection and genomic context. Genes with
high non-additive variance were found to exhibit lower synonymous diversity,
reduced amino acid divergence, and stronger signatures of purifying selection
compared to genes with high additive variance. By integrating classical quantitative
genetics and modern molecular genetic data, this study provides a novel
perspective on the role of non-additive genetic variance in shaping transcriptomic
variation. Understanding these patterns will advance our knowledge of how genetic
variance components contribute to evolutionary trajectories and adaptation in

natural populations.
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3.2. Fundamental Concepts

3.2.1. Decomposition of genetic variance components

The genetics of a quantitative trait is understood through its variation, which is
measured as variance. The central idea in quantitative genetics is to partition the
total variance of phenotypic values into components attributable to different
causes. Classical quantitative genetics rests on the principle that, even without
identifying specific loci, one can infer inheritance patterns and evolutionary
potential by comparing phenotypic similarities among relatives and unrelated
individuals. Greater resemblance among close relatives indicates a genetic
contribution to trait variation. Most traits relevant to fitness are assumed to be
influenced by many loci of small effect, a framework known as the infinitesimal
model (Fisher, 1919), which has provided the foundation for predicting responses to

selection for more than a century.

At the core of this framework lies the decomposition of variance. Phenotypic
variance (Vp) can be partitioned into genetic and non-genetic components (Figure
3.1). Genetic variance (V) itself consists of additive (V,) and non-additive (Vy,)
components; the latter can be further partitioned into dominance (Vy), arising from

interactions between alleles at a locus, and epistasis (V)), arising from interactions

across loci (Figure 3.2; [3.1-3.3]).

First and foremost, it is important to distinguish between genetic effects and genetic
variance, a distinction often overlooked outside quantitative genetics. Effects
describe how alleles influence phenotype; variance reflects how much of the
phenotypic variation in a population is attributable to those effects, which depends
not only on the genetic architecture but also on allele frequencies. The same
genetic effect may contribute little or greatly to variance depending on how

common the allele is in the population (Huang & Mackay, 2016).
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Additive genetic variance is the component of genetic variance due to the additive
effects of the individuals bearing them. Provided that one can assume random
mating, additive variance is not difficult to measure directly on a given population.
It is the component transmitted predictably from parents to offspring which makes
it the key driver of heritable resemblance. By contrast, non-additive variance
cannot be predicted from the combined additive effects of the genotype’s collective
alleles; it arises when allele effects depend on genetic background. Dominance
variance reflects phenotypic outcomes that deviate from additive expectations at a
locus; for example, two populations of identical genotypic composition will exhibit
different genetic variances if they differ in the degree of dominance. Epistasis
variance arises due to epistatic interactions among alleles at different loci, in which
the expression of a genotype depends on the genotype at one or more other loci.
Because recombination breaks up such interactions, they are less reliably
transmitted across generations. For this reason, heritable variation in the context of

evolutionary response is usually equated with additive genetic variance.
Vp=Vg+ Vp=V,+Vu +Vp  [3.1]

H2=V, /Vs [3.2]

h?=V, /V, [3.3]

With V; being the total phenotypic variance, Vs being genetic variance component and Vi
being environmental variance. Vg is further partitioned into additive (V,) and

non-additive variance (Vy,) — consisting of dominance and epistasis deviations.

Therefore, most empirical studies focus on additive variance, while the remainder is
grouped as residual variance (Vy), largely attributed to environmental factors. The
proportion of phenotypic variance explained by additive variance is termed

narrow-sense heritability (h?) (Figure 3.2; [3.3]), which captures the efficiency of
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selection. A related measure, broad-sense heritability (H?) (Figure 3.2; [3.2]), reflects
the total genetic contribution, including dominance and epistasis. Broad-sense
heritability is often of theoretical interest and in selfing species (in plants), but not
for breeding regimes which require crossings, segregation, and combinations of
genotypes. In general, narrow-sense heritability is more widely used in breeding
programs, and equally relevant in natural populations where resemblance among
relatives determines the potential for selection to drive evolutionary change

(Falconer & Mackay, 2009).

Additive variance has thus remained the dominant focus in both evolutionary and
applied breeding studies, as it provides the best proxy for a population’s short-term
adaptive potential. However, non-additive variance is not merely “noise” Theory
and empirical evidence show that dominance and epistasis can shape trait
architecture, buffer phenotypes, and store cryptic genetic variation that may be
released under novel conditions (Paaby & Rockman, 2014). For example, during
population bottlenecks, genetic drift can disrupt allele combinations, converting
non-additive into additive variance. This process releases previously hidden
additive variation from dominance and epistatic interactions, potentially facilitating
evolutionary change despite reduced population size (Neiman & Linksvayer, 2006;

van Heerwaarden et al., 2008).
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Figure 3.1. Decomposition of phenotype into genetic and environmental components at
the individual and population level. (A) The phenotype of an individual is expressed as
the sum of the population mean, the genotypic value, and the environmental effect. (B) At
the population level, the same principle extends to variances: the total phenotypic
variance (Vp) can be partitioned into genetic variance (V) and environmental variance
(Vg). For simplicity, this equation assumes the covariance between genetics and

environment is zero.
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Figure 3.2. Decomposition of genotypic values into additive and non-additive
components across loci. (A) At a single locus, the genotypic value of an individual can be
partitioned into the average effect of alleles and a dominance deviation, illustrated on a
genotype-phenotype map. (B) Across multiple loci, the total genotypic value is the sum of
additive effects and non-additive contributions (dominance and epistasis). These variance
components, therefore, are dependent on the distribution of allele frequencies. (C) This
decomposition extends to genetic variance: the total genetic variance (V) can be
partitioned into additive variance (V,), and non-additive variance (Vy,), arising from

dominance and epistatic interactions
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3.2.2. Pedigree and animal model

Estimating quantitative genetic parameters in natural populations ultimately
requires statistical approaches that relate phenotypic resemblance among
individuals to their genetic relatedness. Figure 3.3 gave a simplified example of how
comparing the genetic makeup of the relatives can give information for the
estimation of different variance components. From a parent-offspring perspective,
they share half of additive variance and none of dominance variance. This can be
extrapolated to other kinds of relatives. Full-sibs, for example, share additionally
one fourth of dominance variance. Mathematically, combining different types of
relatives in a pedigree allows us to estimate different components of genetic
variance. For instance, excess similarity between full-sibs compared to half-sibs can
be used to estimate dominance variance, since half-sibs share a quarter of additive
variance but none of dominance variance. Similarly for excess similarity between
full-sibs compared to parent-offspring, as in addition to half of additive variance,
full-sibs also share one fourth of dominance variance. This picture will be fully

presented in Chapter 4 that takes into account also the epistatic components.

Early methods such as parent-offspring regressions and ANOVA-based designs
using full-sib or half-sib families are not practical in wild populations due to
unbalanced pedigrees and uncontrolled breeding structures (Falconer & Mackay,
2009; Walsh & Lynch, 2018b). The development of the animal model has
transformed this field. Originating in animal breeding (Henderson, 1953, 1976), it
has become the method of choice in evolutionary ecology because it efficiently
uses all available information in complex, natural pedigrees. Unlike traditional
methods, it can incorporate multiple types of relationships, tolerate missing data
(e.g. uncertain paternity, unmeasured phenotypes), and account for non-genetic

effects such as sex, age, or environment (Wilson et al., 2010).
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Figure 3.3. Inheritance of a two-locus trait, simplified to only additive and dominance

effects. Two individuals mate to produce an offspring, which inherits alleles Al and Bl from
the mother and alleles A4 and B3 from the father. The genotypic values of the mother and
of the offspring are presented. The dashed arrows indicate the shared effects. This shows
that only half the additive effects are shared between a parent and the offspring, and none
of the dominance effects. Also note that the additive effects of the offspring are inherited

from the two parents, while none of the dominance effects are inherited.

In practice, the animal model is a linear mixed-effects model. The phenotypic value
of an individual is expressed as the sum of the population mean, the additive
genetic contribution (breeding value), any non-additive genetic contribution (e.g.
dominance and/or epistasis), and a residual term (Figure 3.4). Each of these terms
is treated as a random effect with its own variance component, such that the total
phenotypic variance can be partitioned into additive, non-additive, and residual
components. Importantly, additive genetic values are not independent across
individuals but are correlated according to their relatedness, quantified by the
coefficient of coancestry. Similarly, non-additive values may be correlated through

shared genotype configurations, described by the coefficient of fraternity.
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As mentioned earlier, the knowledge of the pedigree is required so that relatedness
among individuals can be represented by the additive relationship matrix and any
additional, such as dominance matrix. These matrices define the expected
covariances in the respective values. This study made use of a pedigree of full-sibs
and half-sibs: additive variance (V,) can be estimated from half-sib families because
half-sibs share, on average, 25% of their genes by descent through a common
parent, and this covariance reflects only additive effects. By contrast, estimating
dominance variance (Vp) requires full-sib families, since siblings that share both
parents capture not only additive similarity but also additional covariance due to
interactions between alleles at the same locus. Thus, while half-sibs provide

information about V, alone, full-sibs are needed to disentangle V, and Vy,.

It is noteworthy that in practice, partitioning non-additive variance into dominance
(Vp) and epistasis (V)) is particularly challenging. For this reason, in this chapter, I
only use the dominance matrix despite referring to this component as Vy,. A
more detailed background and attempts on partitioning epistasis variance

component is provided in the Chapter 4.
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Figure 3.4. General formulation of the animal model. The phenotype of an individual (y;) is
expressed as the sum of the population mean (), the additive genetic value (a),
non-additive genetic value (d;), and a residual component (r;). Each term is assumed to
follow a normal distribution with mean 0 and variance corresponding to the relevant
variance component (V,, Vy,, Vi), such that total phenotypic variance is Vp. Across
individuals, additive effects are correlated according to their relatedness, quantified by the
coefficient of coancestry (¢;), while non-additive effects are linked by the coefficient of
fraternity (A;). By modelling these covariance structures, the animal model partitions

phenotypic variance into its genetic and environmental components.

3.2.3. On the nN/nS and Ka/Ks metrics

Quantitative and population genetics are deeply intertwined, as the analysis of
quantitative traits is always carried out in a population context (Caballero, 2020).
While quantitative genetics partitions phenotypic variance into its genetic and
environmental components, population genetics provides the framework for
understanding how evolutionary forces shape the underlying genetic variation.
Mutation, selection, drift, and gene flow act on allele frequencies, determining how
genetic diversity is structured across the genome and maintained through time.
This perspective has been essential for explaining molecular diversity, the
maintenance of polymorphism, and the probability of allele fixation or loss.
Ultimately, allele frequencies and their distribution across loci influence the genetic
variance in traits. Ronald A. Fisher’s Fundamental Theorem of Natural Selection
(Fisher, 1930) formalized this link by showing, in mathematical terms, that the rate
of increase in mean fitness under natural selection is proportional to the additive

genetic variance in fitness.

In population genetics, selection is often introduced with fundamental regimes -

positive selection, purifying selection, and balancing selection: Positive selection
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favors the spread of beneficial mutations, while balancing selection maintains
genetic diversity through mechanisms such as heterozygote advantage or
frequency dependence; by contrast, purifying selection - sometimes referred to as
negative selection - is the most pervasive form of selection in genomes, acting
consistently to eliminate deleterious mutations and preserve the integrity of
functional sequences (Wills, 2007). Because most new mutations are harmful rather
than advantageous, the evolutionary fate of much of the genome is shaped less by

adaptive innovation than by this constant pruning.

To connect these evolutionary principles to observable data, population genetics
makes use of measures of genetic diversity at the nucleotide level. A common
measure is nucleotide diversity (), which quantifies the average number of pairwise
differences among DNA sequences in a population (Kimura, 1968). This can be
calculated across all sites, or specifically on synonymous (nS) and non-synonymous
(mN) mutations. Synonymous changes typically do not alter amino acids and are
therefore often neutral, whereas non-synonymous changes modify protein
sequences and are more likely to disrupt function (Figure 3.5). The ratio of
non-synonymous to synonymous diversity (nN/nS) indicates the relative constraint
on protein-coding sequences: values much less than one reflect the pervasive
action of purifying selection, whereas values closer to or above one suggest

neutrality or positive selection.

At a broader timescale, divergence between species can be assessed using the
analogous comparison of substitution rates, with Ka representing non-synonymous
divergence and Ks representing synonymous divergence. In other words, the Ka/Ks
ratio compares the rate of nonsynonymous to synonymous substitutions per site
between orthologous coding sequences (Nei and Gojobori, 1986). Ka/Ks ratio is a
cornerstone measure in molecular evolution: a value much less than one again

signals purifying selection, while values above one indicate adaptive change.
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Because many mutations within populations remain polymorphic rather than fixed,
closely related or within-species Ka/Ks can be difficult to interpret. To address this
limitation, combining polymorphism (nN/nS) with divergence (Ka/Ks) can offer a
more powerful framework for distinguishing neutral from selective processes

across different evolutionary timescales.

PP . Gene X
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/ TTA T, T, T3 Ty Ts5 T
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S T + T3+ T,
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Figure 3.5. Illustration of the nN/nS ratio as a measure of selection on coding sequences.
(A) Nucleotide diversity () can be partitioned into nonsynonymous (nN) and synonymous
(nS) components depending on whether codon changes alter the encoded amino acid. For
example, the codon TCA (Serine) can mutate to TCG (synonymous, still Serine) or TTA
(nonsynonymous, Leucine). (B) Within a gene, n is estimated for each site, and averages
across nonsynonymous and synonymous sites yield nN and nS, respectively. Their ratio
(pN/pS) reflects the strength and direction of selection: values << 1 indicate purifying

selection, = 1 neutrality, and > 1 positive selection.

3.2.4. Allele frequencies

Because population genetics relies on statistical models that treat variation in terms
of expectations and uncertainty, genetic data are typically summarised into
population-level statistics rather than analysed site by site. One widely-used

statistic is the site frequency spectrum (SFS) (Fu, 1995). The SFS is essentially a
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histogram that records how many genetic variants occur at each possible allele
frequency in a sample (Figure 3.6). In diploid organisms, the number of possible
frequency categories equals twice the number of sampled individuals. For instance,
sequencing five diploid individuals yields ten possible allele-frequency bins. By
capturing the distribution of allele frequencies, the SFS provides a compact yet
powerful summary of genetic variation across the genome, and is widely used to

infer demographic history, mutation rates, and the action of natural selection.

The way an SFS is constructed depends on which allele is counted. If the
evolutionary history of the species is unclear, the minor allele frequency (MAF) is
typically used. At a biallelic SNP, the minor allele is the one occurring less often in
the sample. Using this allele produces a folded SFS, which avoids making
assumptions about ancestry. If ancestral states can be identified, one can
distinguish between ancestral and derived alleles. In that case, the SES is based on
the derived allele frequency, giving an unfolded SFS that more directly represents

the distribution of new mutations under coalescent theory.
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Figure 3.6. Illustration of site frequency spectrum (SFS) and the impact of demographic
history. (A) The ‘realistic’ one-dimensional SFS (1D-SFS) for a population typically shows an
exponential decline across allele frequency classes, with rare variants being the most
common. The first frequency classes are often called singletons (alleles observed once) and
doubletons (alleles observed twice). (B) Demographic processes distort this expected
distribution. Before a bottleneck, variants follow the exponential SFS shape; after a
bottleneck, the disproportionate loss of rare variants flattens the distribution. By contrast,
population growth promotes the retention or appearance of new mutations, generating an

excess of rare alleles relative to the ancestral expectation.
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3.2.5. Mutations and distribution of fitness effects

The works of Fisher, Wright, and Haldane have also established that the path to
evolution depends, to a large extent, on mutations; and the impact of new
mutations on evolution is not determined solely by their frequencies, but by how
they affect fitness once they arise (Charlesworth et al., 2017; Chen et al., 2022). The
effects of mutations can be broadly divided into three categories: harmful -
negative effect on survival and fecundity, neutral - no effect on fitness, and
advantageous - positive effect on adaptation and fitness. However, in reality,
mutations span a spectrum of selective effects from strongly deleterious, through
weakly deleterious, to neutral and to mildly or highly beneficial. In nature, most
mutations are either deleterious or effectively neutral, with strongly deleterious
variants quickly removed by purifying selection and strongly beneficial ones
extremely rare (Eyre-Walker & Keightley, 2007). Effectively neutral mutations
occupy the portion of the distribution where selective effects are so weak that they
are indistinguishable from strictly neutral variants in their evolutionary behaviour.
Their fate is therefore shaped by drift rather than deterministic selection (Ohta,
1992). Capturing this picture is the role of methods that compute the distribution of
fitness effects (DFE) of new mutations. DFE provides a framework for understanding
the nature of quantitative genetic variation and predicting evolutionary

consequences under different population dynamics.

Distribution of fitness effects (DFE) methods use polymorphism data within species,
they model the site frequency spectrum (SFS) at neutral versus selected sites (e.g.
synonymous vs. nonsynonymous) to infer the frequency distribution of selection
coefficients, spanning strongly deleterious to advantageous mutations Although
estimating the fraction of beneficial mutations remains difficult due to their rarity,

DFE-based methods manage to reflect the mutations currently segregating in
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populations and have been applied across plant and animal systems (Castellano et

al,, 2019; Chen et al., 2017; Galtier, 2016; Moutinho et al., 2020).

The fitness effect of a new mutation influences the frequency at which it is
expected to segregate in a population, which is affected by both demography and
selection. The fitness effect of a new mutation influences the frequency at which it
segregates in a population, a pattern shaped jointly by demography and selection.
Although synonymous mutations are often treated as approximately neutral, and
thus their SFS primarily reflects demographic history, selection on synonymous
sites can occur. In contrast, the SFS of non-synonymous mutations integrates both
demographic processes and purifying selection. By comparing these two SFS, it is
therefore possible to disentangle demographic effects from selection on

protein-changing sites.

The efficacy of selection acting on a mutation depends on the scaled selection
coefficient, NeS. When NeS >1, selection is efficient, whereas when NeS < 1, the
fate of mutations is dominated by genetic drift. Thus, in small populations many
weakly deleterious mutations behave as if they were neutral, a central idea of Ohta’s
nearly neutral theory of molecular evolution (Ohta, 1992). Although Ne sets the
baseline for how effectively selection can act, namely, larger populations can purge
deleterious mutations of smaller effect, differences in the distribution of fitness
effects (DFE) also influence selection efficacy. Species with similar Ne can
nevertheless differ in how efficiently they remove deleterious mutations or fix
beneficial ones if their DFEs differ in shape or scale (Boyko et al., 2008;
Eyre-Walker & Keightley, 2007).

The efficiency of selection acting on a mutation depends on the effective
population size. This provides population-scale selection coefficient NeS - the

product of effective population size Ne and selection coefficient s. If this product is
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much greater than one, selection is effective. If this product is much less than one,
the fate of mutations is largely subject to random genetic drift. Essentially, in small
populations, mutations are largely affected by drift and behave like neutral ones,
which is the premise of the nearly neutral theory of molecular evolution. Ne sets
the baseline for selection efficacy, in a way that higher Ne allows for effective
selection against deleterious mutations of smaller effect, compared to populations
with lower Ne. However, DFE modifies how selection acts on mutations: species
with the same Ne can still differ in how effectively they remove deleterious

mutations or fix beneficial ones.

The distribution of fitness effects (DFE) is most commonly modeled using a gamma
distribution (Figure 3.7). This distribution is described by a shape parameter (k) and
a scale parameter that together determine its mean. Importantly, the same mean
can produce very different distributions depending on the value of k. When k is
large, the gamma distribution becomes narrow and spike-like, reflecting a scenario
where most mutations have similar selection coefficients. By contrast, smaller
values of k yield broader, more skewed distributions, where most mutations have
small effects but a few contribute disproportionately large effects. In such cases,
the high kurtosis (peakedness) reflects that the variance is driven largely by these

rare, large-effect mutations (Eyre-Walker & Keightley, 2007).
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Frequency

Fitness

Figure 3.7 Gamma distribution is the most common distribution to model the
distribution of fitness effects. The distribution has two parameters, shape parameter k and
a parameter which determines the mean of the distribution. When k < 1, the distribution is
L-shaped, when k = 1, the distribution is close to a skew-normal distribution, and when k >
1, it resembles a normal distribution. Varying shape parameters can shape the probability
density of the distribution differently, given the same mean. The larger the k is, the more
“spiky” the distribution is, in which all mutations have the same strength of selection.

Adapted from Eyre-Walker and Keightley (2007).

3.3. Introduction

3.3.1. Genetic variance and its role in adaptive potential

The ability of natural populations to adapt to changing environments is governed by
genetic and phenotypic variation. Genetic variance, the foundation of evolutionary
processes, is shaped by complex allele interactions which determine the fraction of

genetic variance accessible to selection. Additive genetic variance is directly
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heritable and contributes to predictable evolutionary responses, whereas
non-additive genetic variance, arising from dominance and epistasis, is less easily
captured by selection (Fisher, 1919). The balance between these components is
critical in determining a population’s adaptive capacity, particularly under rapid

environmental change (Walsh & Lynch, 2018b).

Theoretical studies suggest that natural selection depletes additive genetic variance
over time, potentially increasing the proportion of non-additive variance (Turelli,
1988). However, empirical evidence remains inconsistent. Studies in maize (Zea
mays) have shown that non-additive variance significantly contributes to yield traits
(Yang et al, 2019), whereas in Drosophila serrata, non-additive variance was
unrelated to fitness components in wing traits (Sztepanacz & Blows, 2015).
Similarly, studies in plants have shown that additive and non-additive variance
components vary depending on trait types (Kumar et al., 2015; Seymour et al., 2016;

Xu, 2013).

Processes such as population bottlenecks, genetic drift, and admixture also shape
genetic variance by altering allele frequencies and inter-locus interactions.
Bottlenecks tend to increase the proportion of additive variance, as genetic
variation at interacting loci is lost (Waldmann, 2001; Willis & Orr, 1993). Admixture
introduces novel allele combinations, potentially enhancing both additive and
non-additive variance (Rieseberg et al., 1999; Vasseur et al., 2019). Additionally, the
genetic architecture of a trait, such as the number and effect sizes of loci involved,
can influence the amount of additive or non-additive variance (Méki-Tanila & Hill,

2014).

The impact of dominance variance on heritability estimates in wild populations
remains an area of debate. Class and Brommer (2020) investigated how ignoring
dominance variance affects estimates of additive variance and thus heritability in

blue tits (Cyanistes caeruleus). Their study found that dominance variance
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constituted a minor fraction of total genetic variance, leading to only a slight
overestimation of additive variance when dominance variance was excluded.
However, this overestimation became more pronounced when maternal effects
were also omitted, highlighting the importance of accounting for maternal

contributions in quantitative genetic analyses.

3.3.2. The dynamics of genetic variance

Selection alters genetic variance components through both short-term linkage
disequilibrium (LD) effects and long-term processes such as recombination and
mutation-selection balance. In the short term, selection reduces additive variance
due to LD, where favored allele combinations become non-randomly associated,
restricting independent segregation (Walsh & Lynch, 2018b). Over generations,
recombination breaks LD, allowing partial recovery of additive variance, while in
the long term, mutation-selection balance stabilizes genetic variance. In contrast,
dominance variance does not accumulate through LD in the same way, as it

depends on heterozygote effects rather than additive allele contributions.

Epistasis plays a key role in shaping the persistence or depletion of genetic variance
(Hemani et al, 2013). While additive-by-additive epistasis maintains genetic
variation by preserving polymorphism at interacting loci, it does not necessarily
maintain additive variance because the contributions of alleles depend on genetic
background rather than independent additive effects (Mackay, 2014). In contrast,
disruptive selection can amplify additive variance if epistatic interactions promote
genetic correlations between loci, increasing overall trait variance. Hence, the
Bulmer Equation predicts short-term declines in additive variance due to LD but
highlights the importance of recombination and epistasis in long-term variance
maintenance and evolutionary responses to selection (Bulmer, 1971). This is indeed
central to Wright’s Shifting Balance Theory, which proposes that populations can

evolve adaptive gene complexes - sets of alleles that work well together in a given
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genetic background but perform poorly when recombined with alleles from other
populations (Wright, 1948). Because of this, inter-population fitness reduces when
hybridization occurs, particularly when epistasis strongly influences allele effects -

this will be further explored in Chapter 4.

3.3.3. The evolutionary paradox of additive genetic variance maintenance

An ongoing question in evolutionary and quantitative genetics is the persistence
and loss of additive genetic variance over generations. The presence of
non-additive effects like epistasis and dominance can maintain or even increase
additive genetic variance under certain conditions. Epistasis, in particular, allows
deleterious mutations to persist and can convert non-additive variance into
additive variance, thereby sustaining genetic variation under selection (Hallander &

Waldmann, 2007).

Although this hypothesis of genetic variance components conversion was
supported by selection experiments in model organisms (e.g., Drosophila and E. coli)
(Carson & Wisotzkey, 1989; Lopez-Fanjul & Villaverde, 1989; Wiser et al., 2013),
theoretical models often predict a rapid decline in additive variance and simulation
studies could not support this mechanism (Duenk et al., 2020; Esfandyari et al.,
2017). Empirical studies also support that population bottlenecks can increase
additive genetic variance from non-additive sources, although this does not always
translate into stronger responses to selection (Jarvis et al., 2011; Neiman &
Linksvayer, 2006; van Heerwaarden et al., 2008). These dynamics also raise
concerns about the long-term stability of genomic prediction, the methodology
that uses genome-wide marker effects to predict phenotypes, because
allele-frequency shifts alter average quantitative trait loci (QTL) effects and hence
genomic relationships through time (Meuwissen et al., 2001). Despite efforts to

model genetic variance dynamics, the persistence of additive variance in real
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populations remains an unresolved evolutionary paradox, with important

consequences for breeding strategies and the reliability of genomic prediction.

Such discrepancy between simulations and real populations remains a critical gap
in our understanding, potentially indicating that existing models may have missed
key biological or evolutionary contexts. A more complete understanding of adaptive
potential, therefore, requires renewed attention to this neglected dimension of

quantitative genetics, the gap that will be explored in this thesis.

3.3.4. The evolutionary potential of gene expression

Traditional quantitative genetics has primarily relied on phenotypic data to
estimate genetic variance and predict evolutionary responses. While this approach
has been instrumental in understanding heritability, selection, and trait evolution, it
does not fully resolve many questions. Potential explanations may lie at the
molecular level, where gene expression variation and regulatory networks may
contribute to genetic variance in ways that traditional phenotype-based
approaches cannot fully capture. By integrating molecular quantitative genetics,
particularly through transcriptomics and regulatory variation, researchers can gain
deeper insights into how genetic variance is maintained, how selection acts on gene
expression, and how cryptic variation can be uncovered under novel environmental
conditions. Given that many adaptive traits are polygenic and regulated through
complex gene networks, studying transcriptional variation alongside traditional
phenotype-based models may reveal previously hidden sources of heritable
variation, ultimately refine evolutionary predictions and improve our understanding

of adaptive potential in changing environments.

Over the past 20 years, many studies have highlighted the importance of gene
regulatory networks and gene expression variation in understanding genetic

architecture of complex traits or their evolutionary potential (Ayroles et al., 2009;
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Ciliberti et al., 2007; Crombach & Hogeweg, 2008; Davidson & Erwin, 2010; Erwin
& Davidson, 2009; Groen et al., 2020; Kittelmann et al., 2018). On a large scale,
transcription is commonly used as a proxy for gene expression (Lockhart &
Winzeler, 2000; Schena et al., 1995; Leder et al, 2015). Although transcription is
only the first step in gene expression, even small variations in mRNA abundance can
significantly impact protein levels (Bar-Even et al., 2006; Ghazalpour et al., 2011,
Kern et al, 2005); studies show that variation in protein abundance can be
attributed to transcriptional differences, depending on taxa, cellular location, and
protein function (Greenbaum et al., 2003; Leder et al., 2015). It is noteworthy that
these estimates may be conservative because gene-regulatory processes often
saturate, meaning that linear variance-partitioning approaches can underestimate
the true influence of transcription on downstream protein levels (Cai & Des Marais,
2023). Therefore, transcription can nevertheless serve as a useful proxy for gene
expression, and transcriptional variation itself is likely a key driver of phenotypic

diversity and evolutionary change.

From a classical quantitative genetics perspective, transcriptional variation can be
treated as a phenotype and, like any phenotype, is influenced by both genetic and
environmental factors, with its standing variation shaped by natural selection. Gene
expression is generally considered to be highly polygenic and largely additive, with
many loci contributing small effects to transcript abundance (Gilad et al., 2008;
Hajheidari et al., 2025; Kim & Gibson, 2010) (Figure 3.8). To date, transcriptomic
data have been used predominantly in the context of expression quantitative trait
locus (€QTL) mapping, which has proven powerful for identifying genomic regions
associated with variation in gene expression in a wide range of systems, including
mice (Bao et al., 2006), yeast (Brem et al., 2002), Caenorhabditis elegans (Li et al.,
2006), and fish (Pritchard et al., 2017). However, beyond their use in eQTL mapping

and studies of plasticity, transcriptomic data also provide a powerful opportunity to
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quantify genetic variance components at the molecular level. By treating gene
expression as a quantitative trait, it becomes possible to partition transcriptional
variance into additive and non-additive components, thereby linking molecular
variation directly to quantitative genetic theory. Intriguingly, little study to date has
effectively bridged modern genetics with the classical fields to provide a
comprehensive explanation of adaptation at the molecular level. To my knowledge,
Leder et al. (2015) and Tsouris et al. (2024) were among the first to report the
relevance of non-additive genetic components to population-wide gene expression
variation. While quantitative genetics has long relied on phenotypic variance to
estimate genetic parameters, integrating molecular-level variation, such as
transcriptional regulation and gene expression networks, offers an unprecedented
opportunity to refine our understanding of how genetic variation is maintained and

how selection acts on regulatory mechanisms.

Figure 3.8. Variation in gene expression
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Moreover, a major missing link remains between heritability at phenotypic level and
at the molecular level. Traditionally, quantitative genetic studies have focused on
partitioning phenotypic variation into additive, dominance, and environmental

components; they often lack direct insight into how specific molecular processes
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drive these variance patterns. On the other hand, molecular studies provide rich
datasets on gene expression, regulatory elements, and sequence variation, yet they
frequently do not quantify how these contribute to heritable variation at the
population level. To obtain accurate estimates of genetic and environmental
variance, careful experimental design is required, and outcrossing species provide a
practical advantage because they permit the generation of controlled pedigrees or
replicate genotypes while maintaining genetic diversity. Understanding how
genetic variance at the transcriptional level translates into phenotypic variability is

critical for predicting adaptive potential in natural populations.

3.3.5. Research questions
In this chapter, [ asked three main questions:

e How heritable is transcriptional variation in natural populations of
Arabidopsis lyrata?

e What is the link between genetic variance components at the molecular level
co-vary and those observed at the phenotypic level?

e How has selection shaped transcriptional variation in Arabidopsis lyrata?

3.4. Data and Methodology

3.4.1. Plant material preparation

Nine plants from an Arabidopsis lyrata ssp. petraea population located in Germany
(PL; 49.65N, 11.45E) were crossed to obtain intra-population F1 offspring progenies.
For crossing, parental individuals were propagated clonally and vernalised for nine
weeks at 4°C and 12-hour daylength and subsequently transferred to the
greenhouse (16-hour daylight, 12°C) until they flowered. Each individual was then

crossed with two or more individuals (Figure 3.10). Most crosses were reciprocal -

105



Go to Table of Contents

each individual plant was used as both pollen receiver and donor - to be able to
control for maternal effects. Since the same plants were used for the reciprocal
crosses, the resulting seeds were considered full-siblings, and they were termed
“family”. All family members were half-siblings with the members of at least another

family that shared the same parent (Table S3.1).

Seeds obtained from each reciprocal cross were stratified on wet filter paper in the
dark at +4°C and kept under these conditions for 7 days. Subsequently, the seeds
were allowed to germinate at 20°C, 16 hrs of daylight. Once the cotyledons were
fully open, the plants were transferred to pots and placed in a walk-in growth
chamber (Dixel, Germany) set at 12°C, 16 hrs of day length. The light intensity was
adjusted via the light ratio of the LEDs (LED Modul III DR-B-W-FR lights by
dlicht®). The LEDs were set at 100% intensity of blue (440 nm), red (660 nm), and
white light with total measured intensity of 224 +/- 10 umol * sec-1 *m-2. During
both experiments, a light pulse of far red (750 nm) was implemented for 10 mins at
the end of the day. The above-ground leaf material of each individual was sampled
when the 20th leaf was visible on the rosette. This time point was chosen because
previous observations had shown that it is the stage at which plants grow

exponentially. All sampling was performed at 3 hours Zeitgeber time.
3.4.2. Phenotyping fitness-related traits

Rosette images were captured on the day of harvest at the 20th-leaf stage and
processed with PlantCV (Gehan et al., 2017) and OpenCV (Bradski, 2000) using a

custom Python script (see Code Availability) to calculate plant rosette area (Figure

3.9A). Following imaging, plants were moved to the common garden, two weeks
afterwards, they underwent a four-week vernalization at 4 °C before being returned
to growth conditions for flowering. Flowering time was recorded as the number of

days from the end of vernalization to the appearance of the first flower. Flower
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number was scored on three primary branches per plant and averaged. Leaf
thickness was measured on three mature, fully expanded young leaves per plant
using digital calipers and averaged. For leaf serration, individual leaves were
imaged, and serration was quantified as the ratio of leaf area to the area of the leaf’s
convex hull (calculated by PlantCV and OpenCV); a ratio near 1 indicates a simple

(non-serrated) leaf, with lower values reflecting increased serration (Figure 3.9B).

Original image =~=———>  Grey-scale ~——> Binary thresholding

setting scales (fe. pot diameter = gomm) conversion

Making D S Masking €———

measurements

B Leaf area
| Convex hull area
x = leaf area / convex hull area

. « xisclosertor.o  —> simpler leaf
Serrated leaf Simple leaf . P
- xis further from 1.0 —  more serrated leaf

Original image Masking for

measurements

Figure 3.9. Image-based quantification of rosette size and leaf serration using PlantCV.
(A) Workflow for measuring rosette size: original images were processed by greyscale
conversion, binary thresholding, and masking, followed by extraction of rosette area

measurements. (B) Workflow for quantifying leaf serration: leaf contours were extracted
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from images, and serration was quantified as the ratio of leaf area to convex hull area (x =
leaf area / convex hull area), where values closer to 1.0 indicate simpler leaves and lower

values indicate more serrated leaves.

3.4.3. RNA extractions and transcriptome sequencing

To quantify the relative importance of additive and non-additive variance in gene
expression, [ extracted RNA using the ReliaPrep™ RNA Miniprep Systems
(Promega). RNA quality and quantity was assessed with 4200 TapeStation Systems
(Agilent). At this stage, any RNA extract that showed signs of degradation was

discarded.

I obtained high-quality RNA samples for 186 individuals. RNA was sequenced on
lllumina HiSeq4000 at Azenta Life Sciences (Leipzig, Germany) following the
TruSeq protocol. Sequence reads were paired-end, 75bp-long, and stranded. They
yielded on average 80X coverage of the transcriptome of each sample. Sequence
quality was assessed with FastQC. Low-quality signals were detected and polyG and
sequencing adapters were removed using fastp (Chen et al., 2018). Transcriptome
mapping against the A. lyrata NT1 (Kolesnikova et al., 2023) reference genome was
performed with STAR v2.5.3 (Dobin et al., 2013) using standard settings plus a
cut-off for maximum INDEL length of 10 kbp. I calculated the gene counts per
individual using STAR v2.5.3 followed by normalisation with the median-of-ratios
method implemented in DESeq2. This approach accounts for differences in
sequencing depth and RNA composition across samples without relying on

transcript length.

3.4.4. Partitioning of gene expression variance into its components

The next step was to partition the expression variance of each gene into its genetic

and environmental components. For each gene, an animal model (Walsh & Lynch,
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2018b; Wilson et al., 2010) was fitted in R (R Core Team, 2021) using the brms
package (Burkner, 2017) which takes a Bayesian approach to fit generalised linear
mixed effect models. Random effects included the additive and dominance matrix,

which was calculated using the nadiv package in R (Wolak, 2012).

The additive relationship matrix (A) quantifies the probability that individuals share
an allele identical-by-descent (IBD). [ computed A using the Amat() function, which
implements Henderson’s tabular recursion to calculate pairwise additive
coefficients. Each entry A; equals 2f; , where f; is the coefficient of coancestry, and
diagonal elements are 1+F, , with F; the individual inbreeding coefficient.
Mixed-model software typically computes the inverse of A internally, so no
separate inversion step is required. The dominance relationship matrix (D) captures
the expected probability that two individuals share both alleles IBD at a locus, that
is, their similarity at the diploid genotype level. Whereas the additive matrix reflects
the sharing of single alleles, the dominance matrix represents sharing of whole
genotypes. I constructed D using the Dmat() function, which derives dominance
coefficients from the pedigree following the classical rules for diploid identity
relationships. Because animal-model fitting requires the inverse of D to assemble
the mixed-model equations, I then obtained the sparse inverse matrix using
Dinverse(). Thus, A was provided directly, whereas D was supplied in its inverse

form, as required for REML estimation of both additive and dominance genetic

variance components.

Additionally, the identity of the mother plant was included to control for effects of
the plant that the seeds matured on (maternal effect). The model formula was as

follows:

o= (i, )

W=B+ta; +di+my
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where:

y; is the observed gene expression (or phenotype) for individual i
o is the residual variance

J30 is the overall intercept

a,~-4(0, 0,2 A) is the additive genetic effect

d; ~.#(0, o D) is the non-additive genetic effect

m; ~.4(0, 5,° M) is the maternal genetic effect

The skew_normal() family was used to accommodate asymmetry in the phenotypic
distribution and specified 4 chains of 20000 iterations each (5000 warmup), with
threads=4, thin=10, and adapt_delta 0.99. For each gene, the additive (V,), maternal
(Vn), non-additive (Vy,), and residual (Vy) variance components were extracted from
the model. The sum of the four variances comprises the total phenotypic variance
(Vp), whereas the sum of the V, and Vy, represents the total genetic variance (V).
To compare the genetic composition of phenotypic variance across the genome, I
presented V,, V\,, Vy, and Vi as fractions of V,, unless stated otherwise. I also
computed the evolvability (e,) of each gene as the absolute value of additive
variance divided by the logl0 of squared mean normalised transcript count (Hansen

& Houle, 2008).

Randomisation analysis: To assess whether estimated variance components arose
from true biological signal or noise, I repeated the variance partitioning after
randomising individual identities in the gene expression table, while keeping the
pedigree and model structure unchanged. Variance components (additive,
non-additive, maternal, and residual) were then re-estimated for each gene using
the same animal model, filtering criteria, and inference pipeline as in the main

analysis.
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3.4.5. Gene ontology enrichment analyses and clustering of gene expression

Gene ontology enrichment analyses were performed in R with the topGO package
(Alexa et al., 2006; Subramanian et al., 2005), using as gene universe the list of
annotated orthologue genes in the A. thaliana genome and applying the test to
genes ranked by decreasing values of either V, or Vy,. Enrichment was assessed in
topGO using Fisher’s exact test with the ‘elim’ algorithm, against the universe of

annotated A. thaliana orthologues and genes ranked by decreasing V, or Vy,.

In order to test for potential clustering of the data and therefore
non-independence of the expression phenotypes, I first computed the pairwise
Spearman correlation coefficient between gene expressions across all the gene
pairs in the dataset. To cluster the genes, the pairwise p values were transformed to
pairwise Euclidean distance with the formula D = (1-p)/2. Hierarchical clustering
was done in R with the function hclust (stats package v4.2.0; (R Core Team, 2021)).
Potential clusters were identified by examining the within-group sum of squares for
clusters 1 to 300. Clusters were pruned to 25, 50, 100, and 200 clusters by R
function cuttree (stats package v4.2.0; (R Core Team, 2021)). The impact of
clustering on the genetic variances and gene properties was tested by correlating
the median V,, Vy,, or transcript length of each group of clustering genes with the

size of each cluster (i.e.. the number of genes within each cluster).

3.4.6. Linking genomic features to additive and non-additive variance

Another question was whether there are relationships between the components of
genetic variance and transcription factor (TF) binding sites and gene properties in
Allyrata. To identify genomic features predictive of genes with high non-additive
genetic variance (Vy,), | trained a gradient boosting classifier using genomic
annotations as input features. Putative binding sites were predicted from A.

thaliana using JASPAR2018 Bioconductor package (JASPAR 2020). I subsequently
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extracted counts of each TF binding site in the 1 kb upstream of each gene of A.
lyrata. 1 treated the count of each TF binding site per gene as a separate feature and
determined the total number of TF binding sites per gene, the number of exons, the
transcript length and gene length. Taken together, these descriptors of genomic
variation provided a total of 443 features in which one could assess the predictive
impact on the composition of variance (Table S3.3). A binary response variable was
formed by labelling genes previously categorized as high Vy, (based on their
variance decomposition profiles). The feature set was cleaned to remove missing
values, and class imbalance was addressed by randomly subsampling 1,300 genes
from the larger class (i.e., all genes that are not “high-V,,”) for 100 times, while
retaining all high-Vy, genes. Similarly, for “high-V,” genes, 2000 genes from the
larger class (i.e., all genes that are not “high-V,”) were subsampled. The balanced
datasets were used to train and evaluate the classifier across these 100
bootstrapped iterations. In each iteration, the data were split into training and test
sets (80/20), and a gradient boosting model was trained with 100 estimators and a

learning rate of 0.1.

3.4.7. Variant calling for population genetics analyses

Genetic variation data were analysed using 17 individuals from the Plech population
of Arabidopsis lyrata and 23 from Spiterstulen (Takou et al., 2021). These
populations are known for its high genetic diversity, making it a particularly
informative system for studying patterns of polymorphism and evolutionary
processes in natural populations. I mapped the sequencing reads to the NTI
reference genome from Kolesnikova et al. (2023) using Bowtie2 (Langmead &
Salzberg, 2012) and performed variant calling using GATK v4.6.1 (McKenna et al.,
2010). After variant calling, SNP data were subjected to a series of filtering steps.
First, I masked variants overlapping annotated repetitive elements, using the repeat

annotation (EDTA-based transposable element prediction) generated from the A.
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lyrata NT1 reference assembly as a mask file (Kolesnikova et al., 2023). This step
was performed with bedtools intersect (bedtools v2.31) (Quinlan & Hall, 2010)
ensuring that SNPs located in transposable elements or other low-complexity
regions were excluded. Next, I removed sites showing fixed heterozygosity, i.e.,
where all individuals were called as heterozygotes and no homozygotes were
present, as these are likely to reflect mapping artifacts or misalignments. To further
refine the dataset, I extracted site-level depth (DP) and quality (QUAL) statistics
using bcftools v1.18 (Danecek et al., 2021), providing an overview of sequencing
coverage and variant confidence. Finally, using VCFtools v0.1.16 (Danecek et al.,
2011), I applied variant-level filters: INDELs were removed, only biallelic SNPs were
retained, and thresholds were set to exclude sites with low quality (QUAL < 30),

insufficient read depth (DP < 10), or excessive missing data (>20% missing

genotypes).

This dataset then serves as the foundation for downstream analyses, such as site

frequency spectrum (SFS) estimation and demographic inference.

3.4.7. Ratio of nonsynonymous to synonymous polymorphisms

To investigate patterns of nucleotide diversity, 1 calculated the ratio of
nonsynonymous to synonymous diversity (7y/mg). The unfolded SFS was generated
using easySFS (Gutenkunst et al, 2009; Overcast, 2023). I used the
above-mentioned genetic variation of 17 individuals from the Plech (PL) population
of Arabidopsis lyrata, together with that of 23 individuals from the Spiterstulen (SP)
population of Arabidopsis lyrata (Takou et al.,, 2021). The variant calling result
containing both variant and non-variant sites was used to compute nucleotide
diversity (m) for all sites using pixy (Korunes & Samuk, 2021), a tool specifically
designed to account for invariant sites in diversity calculations. Next, I annotated all

the positions for O-fold (nonsynonymous) and 4-fold (synonymous) sites using
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degenotate (Harvardinformatics, 2024; Mirchandani et al., 2024). Subsequently, I
calculated mean my and mean ng for each gene, creating a final table of genes with
their respective my and mg values (Table S3.8). These genes were further
categorized into groups based on genetic variance components. For each group, I
performed 1000 bootstrap resampling iterations and calculated the mean my /7
ratio for each bootstrap, generating the distributions of bootstrapped ny/ng ratios

across groups.

3.4.8. Quantification of amino acid divergence

The Arabidopsis thaliana TAIR10 coding sequences (CDS) FASTA was retrieved from
the Joint Genome Institute’s Phytozome portal (released on 16 December 2023). For
Arabidopsis lyrata NT1, I downloaded the reference genome FASTA and
corresponding GTF annotation (Kolesnikova et al., 2023). The orthologs of
Arabidopsis lyrata NT1 and Arabidopsis thaliana TAIR 10 were also obtained from
Joint Genome Institute’s Phytozome portal (Arabidopsis lyrata v2.1). I used a custom
Python/GFFutils pipeline (see Code Availability) to extract and concatenate CDS
exon features for each transcript directly from the GFF3 and genome FASTA,
writing one CDS FASTA per transcript. I aligned each filtered CDS pair in codon
space via a two-step pipeline using MAFFT v7.480 (Katoh, 2002) and PAL2NAL
(Suyama et al., 2006). First, protein translations were aligned with MAFFT-auto.
Second, PAL2NAL vl14 was used to back-translate to a two-sequence codon
alignment in FASTA. Alignments were then filtered to retain only those with 100%
coverage i.e., CDS pairs whose codon alignments achieved 100% coverage (no
missing codons in either sequence). All other pairs were discarded prior to Ka/Ks
estimation. This step ensures that our Ka/Ks values are computed on fully
homologous, gap-free alignments and are not inflated by misaligned regions. This
choice is conservative and may exclude rapidly evolving or structurally complex

genes. However, it prioritises reliability of codon alignment and avoids artefactual
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inflation of Ka/Ks due to misalignment or incomplete CDS annotation. Because the
analyses compare relative patterns across gene sets rather than absolute rates, this
conservative filtering should not bias qualitative conclusions, but instead reduces

noise.

Pairwise nonsynonymous (Ka) and synonymous (Ks) substitution rates were
calculated on the codon alignments using KaKs_ Calculator v2.0 (Wang et al., 2010)
with the Yang-Nielsen (YNOO) method (Yang & Nielsen, 2000). In the end, I
obtained Ka/Ks estimates for 6,419 ortholog pairs. Of these, 3,453 showed Ka/Ks
significantly # 1 (p < 0.05, YNOO test) (Table S3.9). I then classified these 3453 into
groups based on the amount of genetic variance components. For each group, I
performed 1000 bootstrap replicates with replacement, recalculated the mean Ka
and mean Ks. For each group, I performed 1,000 bootstrap replicates with
replacement, recalculated the mean Ka and mean Ks, and computed the mean
Ka/Ks ratio. I then summarised each group by its original mean Ka, mean Ks, and

Ka/Ks ratio, along with the bootstrap distribution of these statistics (1,000 values).

3.4.9. Distribution of fitness effects across gene classes based on predominant

genetic variance components

To investigate the level of constraint of the groups of genes with different levels of
genetic variance in the PL and SP, the parental populations of our crosses, I
grouped the genes in four categories based on whether more than half of V, was
due to additive, non-additive or residual variance, grouping all other genes in an
intermediate group iVg, with intermediate fractions of all three variance
components. A fifth set of 4,000 random genes was further added as a control
group. The distribution of fitness effects in each group of genes (DFEs) was

assessed using a combination of general python functions, 6adi and fitdadi
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(Gutenkunst et al, 2009), following the exact procedure that was previously

reported in Takou et al. (2021), and for which a code is available.

In brief, synonymous variation was used to determine the best-fitting demographic
parameters to the parental population PL (or SP). The distribution of fitness effects
was then predicted given the simplified demographic model in each population and
for each group of genes. The simplified demographic model was inferred by
maximizing the composite likelihood of the folded SFS at 4-fold degenerate sites of
each gene group in PL (or in SP) using the “L-BFGS-B” method and basin-hopping
algorithm implemented in scipy (Virtanen et al., 2020). These models provided a
good fit of the predicted neutral SFS to the data of each gene set. After estimating
the demographic parameters, I proceeded to the second step of the analysis and
used the O-fold SFS of each gene set to fit their respective DFE by estimating the
shape and scale parameter of a gamma distribution of selection coefficients.
Analysis was performed assuming that deleterious variants were all co-dominant (h
= 0.5). For this, the 4-fold population-scaled mutation rate theta was estimated,
which reached 24,000 for PL. This rate was multiplied by 2.76 to get the 0-fold
mutation rate, that is, the non-synonymous mutation rate, for PL. Note that the
theta used for the SP population had to be constrained to theta PL x 0.90, to
account for the difference in number of sites retained in each population after all
filters for sequence quality. To estimate the DFE from the data collected for each
gene group, I used a Poisson model including the population scaled mutation rate,
theta, and compared the likelihood of the data along the parameter space. This
model fits a DFE that is unbiased by mutations possibly too rare to be observed in
the sample of genotypes used for computing the site frequency spectrum. Having
determined the demographic parameters of the two populations and the DFE of
each gene group, I proceeded to the third step of the analysis, which predicts the

properties of genetic variation of each gene set and allows us to visualize the fit of
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the DFE and demography to the data. These properties follow from the DFE and
demographic histories under the standard diffusion model. For this step, I
calculated the distribution of selection coefficients for variants in each count of the
SFS of each gene set. First, the expected SFS for each selection coefficient under
the demographic model using dadi functions was calculated. Then, I calculated the
expected distribution of s using the python function gamma.cdf with the shape and
scale parameter calculated for the joint estimate of the DFE of each gene set.
Finally, I inferred the distribution of selection coefficients in each count of the SFS
of each gene group by applying Bayes’ rule (Eyre-Walker & Keightley, 2007). The
confidence intervals for each group were based on values derived from 200
bootstraps obtained by resampling with replacement over genes. The statistical
significance of differences between the groups in the DFE distribution was
calculated by pairwise comparisons within each bin of the DFE (0-1, 1-10 and 1-inf).
This method assumes that allelic effects are purely additive. If in fact variants had
recessive effects on fitness, the method underestimates the magnitude of their
effect. It is important to note that this assumption should lead to a pattern opposite
to the one reported in this chapter, namely, variants in high-V, genes experienced
weaker selection than variants in high-Vy, genes. The results are therefore robust

to the assumption of additive allelic effects on fitness.

3.4.10. Expression quantitative trait loci study for identification of trans and cis

regulatory effects on gene expression

I performed expression quantitative trait locus (eQTL) mapping to identify cis- and
trans-regulatory effects on gene expression variation using the single nucleotide
polymorphism (SNPs) calls from 186 RNA-seq samples. SNPs calling was performed
using GATK v4.6.1 (McKenna et al, 2010). The analysis was performed with
QTLtools v1.3.1 (Delaneau et al., 2017), a software designed for efficient and robust

eQTL detection. Using bcftools v1.18 (Danecek et al., 2021), variants were filtered

117



Go to Table of Contents

based on the following thresholds: information depth (INFO/DP) greater than 30
but less than 60, a maximum missingness rate of 10% (max-missing = 0.9), and a
minor allele frequency (MAF) threshold of at least 0.05, all INDELs were removed
and no missing sites were allowed. I retained the top hits for each eQTL by applying
a false discovery rate (FDR) threshold of 0.05 for cis-eQTLs and a
Bonferroni-corrected p-value threshold of 0.05 for trans-eQTLs to control for
multiple testing. All necessary genome annotation information required for the

input in the eQTL analysis are arranged in Table S3.10.

3.4.11. Using machine learning approach to link variation in gene expression with

variation in phenotypes

To identify transcriptomic predictors of phenotypic variation, I implemented two
complementary machine learning approaches: an wunsupervised principal
component regression (PCR) framework and a supervised gradient boosting

classifier.

In the unsupervised analysis, I followed the procedure described by Henry &
Stinchcombe (2025). Firstly, gene expression counts (26,154 genes) were
standardized using a z-score transformation so that each gene contributed equally
to the analysis. A principal component analysis (PCA) was then performed on the
standardized expression matrix to reduce dimensionality, retaining components
that together explained 95% of the total variance. The principal component (PC)
scores were subsequently used as predictors of relative fitness, defined as
individual rosette size divided by the population mean. Each PC was first tested in a
univariate linear regression against relative fitness to obtain approximate
significance rankings, after which models were evaluated using repeated five-fold
cross-validation to estimate performance metrics including R?, RMSE, and MAE. R?

(coefficient of determination) measures the proportion of variance in relative
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fitness that is explained by the model; values closer to 1 indicate better explanatory
power. RMSE (root mean square error) quantifies the average magnitude of
prediction error on the original scale of relative fitness, with lower values indicating
more accurate predictions. MAE (mean absolute error) measures the average
absolute difference between predicted and observed values and is less sensitive to
large errors than RMSE. Together, these metrics provide complementary
assessments of how well the model captures variation in fitness and how accurately
it predicts unseen individuals. The optimal subset of PCs was selected as the
configuration yielding the highest cross-validated R2. Regression coefficients from
the final model were then back-transformed from PC space into the original gene
expression space using the PCA rotation matrix, yielding per-gene selection
gradients that represent the strength and direction of association between each
gene’s expression level and relative fitness. Genes were ranked according to the
absolute value of these gradients, and the top 300 genes were retained as those

most strongly associated with fitness variation.

For the supervised approach, I trained a Gradient Boosting Classifier (GBC) using
gene expression data as predictors and the binary phenotype (above vs. below
median rosette size) as the target variable. The data were split into 60% training
and 40% test sets and standardized prior to model fitting. The model was trained
using 100 estimators, a learning rate of 0.1, and a maximum tree depth of 3. Model
performance was evaluated on the held-out test set using overall accuracy and
class-specific metrics derived from the classification report. Gene-level feature
importance scores were extracted from the trained model and ranked in
descending order, with the top 300 genes selected as the most influential

predictors.
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3.5. Results

3.5.1. Predominance of non-additive genetic variance in gene expression

In total, 14 full- and half-sib families of the outcrossing plant species Arabidopsis
lyrata ssp. petraea were generated by crossing individuals of a population from
Plech, Germany (49.65N, 11.45E) (Mattila et al., 2017; Takou et al., 2021) (Table S3.1).
Leaf material was collected during the exponential rosette growth phase of the
plants and sequenced their transcriptome. Full- and half-sib relationships allow the
partitioning of the total phenotypic variance (V,) of gene expression into additive
variance (V,), non-additive (Vy,), maternal (Vy), and residual (Vi) components of
variance in the expression for each transcript in the genome (Figure 3.10A, Figure
S3.1). The main non-additive component is often termed dominance variance (Vy,)
in quantitative genetics studies, and although strictly defined for intra-locus
interactions, the use of the term typically also includes inter-locus allelic
interactions that give rise to epistatic genetic variance. Indeed, the statistical
variance due to intra- and inter-locus interactions, i.e. dominance and epistatic

variance, cannot easily be disentangled.

In 26,154 genes analyzed, 38% of genetic variance in gene expression was explained
by non-additive variance (Figure 3.10B). The maternal variance (V) was close to
zero for most transcripts (median = 0.018) (Figure S3.1). Hence, even when gene
expression variance is due largely to genetics, only a limited fraction of that genetic
variance is inherited additively. Although amounts of non-additive genetic variance
are rarely quantified in natural populations, the amount detected here is not
unexpected. Similar fractions of non-additive variance have been reported in
phenotypic traits (Crnokrak & Roff, 1995). In the current study, the amount of
non-additive variance was substantial, despite not being higher than additive

variance for most transcripts expressed in threespine stickleback (Leder et al.,
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2015). The 95% credible intervals for both V, and V,, excluded zero in all
transcripts, confirming that the levels of genetic variance reported here are
systematically non-zero and not sampling artifacts. I performed a genome-wide
trans-eQTL scan across all 26,154 transcripts and found no trans-acting hotspots,

indicating that each transcript’s expression behaved as an essentially independent

phenotype (Figure S3.2).
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Figure 3.10. A predominant fraction of genetic variance of gene expression is composed
of non-additive genetic variance. (A) Schematic representation of the full- and half-sib
structure used in the North Carolina II design. For illustration clarity, only a subset of
parental combinations is shown. To dissect the genetic architecture of gene expression,
this design was applied to generate 186 F1 individuals derived from reciprocal crosses
between nine natural Arabidopsis lyrata genotypes sampled in Plech (Germany). Each
genotype was reciprocally crossed with two other genotypes or more, producing a series of
full-sibs (two individuals share both parents) and half-sib families (two individuals only have
one common parent). (B) The relative fractions of additive and non-additive genetic
variance over total genetic variance (i.e., sum of additive and non-additive genetic variance)

for each of the 26,154 genes analysed. Average broad-sense heritability is 11%.

To assess whether the estimated variance components could arise as artefacts of
pedigree structure or sampling noise, I examined their behaviour under phenotype
randomisation (Figure S83.7). When individual identities were permuted while

keeping the pedigree constant, estimates of additive variance (V,) collapsed to
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values near zero, confirming that additive covariance in the real data reflects
genuine heritable structure rather than model artefacts. In contrast, estimates of
non-additive variance (Vy,) persisted under randomisation, indicating that
dominance-related variance is not eliminated by phenotype shuffling in the same

way as additive variance.

Unlike additive covariance, dominance covariance is strongly influenced by full-sib
relationships and finite sampling structure. When phenotypes are randomised,
individuals that are accidentally similar and also share dominance relationships can
generate spurious dominance covariance, inflating Vy, estimates under the null. As
a result, permutation provides a stringent test for V, but has limited power to fully
eliminate residual Vy, signal. Consequently, genome-wide levels of non-additive
variance are difficult to separate cleanly from random expectations on a per-gene
basis. However, this limitation does not imply that individual genes lack meaningful
non-additive variance; rather, it reflects that pedigree-based estimates of
dominance variance are intrinsically harder to distinguish from noise than additive

variance.

Despite this limitation, relative differences in Vy, between genes remained
informative. All variance components were estimated under the same model, using
identical pedigree structure and sampling design, such that any residual inflation
affects genes in a comparable manner. The downstream analyses focused on genes
enriched for comparatively high Vy, to test whether transcripts with elevated
non-additive genetic variation show consistent patterns in molecular evolution or
regulatory architecture, without requiring that absolute Vy, magnitudes be

estimated without error.
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3.5.2. Strength of purifying selection associates with inheritance of regulatory

variation

As the levels of non-additive genetic variance in gene expression were determined,
the next question was whether the predominant mode of expression inheritance
was associated with past selective pressures acting on the encoded proteins. The
expressed transcripts were partitioned into three non-overlapping sets based on
which genetic variance component (V,, Vya, Vi) was most strongly represented in
their expression: high-V,, high-Vy,, and high-V; genes. For each category, I selected
the 2,000 genes whose median value for the focal component exceeded the other
two. Genes without a dominant component were assigned to an intermediate group
(iVg), and an additional set of 4,000 transcripts was sampled at random to provide a
genomic baseline. These gene sets were mutually exclusive. I then estimated

amino-acid divergence between A. lyrata and A. thaliana for each group.

The five gene sets differed significantly in their rates of amino-acid evolution (Fig.
3.11A). High-V, genes exhibited the highest Ka/Ks, indicating comparatively weak
long-term purifying selection, whereas high-Vy, genes showed the lowest Ka/Ks,
indicative of strong constraint. High-V; genes also displayed low Ka/Ks values,
while iVg and random genes were intermediate. Because Ka/Ks reflects long-term
fixation patterns and can be influenced by heterogeneity in synonymous
divergence, I complemented the analysis with polymorphism-based inference of
the distribution of fitness effects (DFE) using demographic models previously

inferred for these populations (Takou et al., 2021).

The DFE analyses supported a clear contrast between high-V, and high-Vy, genes
(Fig. 3.11C). High-V, genes contained a significantly larger fraction of nearly neutral
mutations (0 < Nes < 1; p =1.2 x 10" and fewer strongly deleterious mutations (Nes

>10; p = 3.15 x 107*3) than high-V, genes, consistent with weaker purifying selection
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and in agreement with their elevated nN/nS values (Fig. 3.11B). High-Vy, genes, by
contrast, harboured the largest proportion of strongly deleterious sites, exhibited
the lowest Ka/Ks and nN/nS ratios, and showed reduced synonymous diversity (7S;
Fig. 3.11D). The iVg and random sets behaved similarly and served as baselines: iVg
genes displayed slightly relaxed constraint in the DFE (higher fractions of nearly
neutral variants) but otherwise resembled the genomic background in divergence
and polymorphism measures. High-V, genes, however, displayed a different
pattern. Although their Ka/Ks values were low, indicating strong long-term
constraint, these genes also exhibited the highest nN /xS ratios and a DFE enriched
for nearly neutral mutations. This High-V, gene set experienced elevated
synonymous divergence (Ks) but at the same time, low synonymous diversity (nS)
(Figure 3.11D,E). It is important to note that across High-V,, High-Vy,, and High-V;
gene sets, the fitted DFE models showed comparable correspondence between
observed and expected site frequency spectra (Figure S3.8); therefore, the different
behaviour of High-V; genes was unlikely due to the model adequacy. One
hypothesis for the observed combination in High-V; genes can be background
selection, which reduces local effective population size and the efficacy of selection

on mildly deleterious variants (Charlesworth et al., 1993).
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Figure 3.11. The strength of purifying selection at the amino-acid level is associated with

the predominant component of the variance in expression. Expressed transcripts were

partitioned into three non-overlapping sets called high-V,, high-Vy,, or high-V; genes.

Genes not strongly dominated by a single variance component were assigned to an

“intermediate” category (iVg). As a control a fourth set of 4000 genes sampled at random

(random) was included. (A) The rate of amino acid divergence Ka/Ks that evolved between

A. lyrata and A. thaliana across these groups of genes was estimated, and the mean and

variance of average Ka/Ks values based on 1000 bootstrap iterations were computed. (B)
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Estimates of the my/mg ratio for the five gene groups based on population genomics
datasets for Arabidopsis lyrata natural population and the mean and variance of average
ny/ T values based on 1000 bootstrap iterations. (C) Inferred distribution of fitness effects
of new mutations in the gene groups for each of three classes of deleterious fitness effect
N.s (nearly neutral, N.s<1, weakly deleterious 1<N.s<10, strongly deleterious N.s>10). (D)
Estimates of ng values for the five gene groups based on population genomics datasets for
Arabidopsis lyrata natural population and the mean and variance of average ng values based
on 1000 bootstrap iterations. (E) Ks values from the analysis of Ka/Ks in (A), and the mean

and variance of average Ks values based on 1000 bootstrap iterations were computed.

3.5.3. Gene architecture associates with the level of non-additive variance in

transcripts

In order to better understand whether genomic factors modulate the relative
fractions of non-additive and additive variance, I compiled a total of 443 descriptors
of genetic variation at each gene; these included the number of known
transcription-factor binding sites in the 1kb upstream the respective gene, the
length of the genes and of the transcripts, and the number of exons per gene. |
trained a gradient boosting classifier model to identify the genomic architecture
that best explains variation in the fraction of V, or Vy, in gene expression variance.
Because the gene groups were unbalanced (e.g., ca. 2,000 high-Vy, genes versus ca.
17,000 genes in “the rest” group), I randomly sampled 2,000 genes from “the rest"
group, repeated this process 200 times, and ran the model for each replicate. The
error bars represent variability across these bootstrapped replicates, providing a
robust estimate of model performance and feature importance despite the group

size disparity.

For wvariation in Vy, the model provided a good performance: 5-fold

cross-validation yielded a mean accuracy of 0.590 + 0.035 (range 0.540-0.636). On
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an independent test set, the model achieved 62.6 % accuracy, an AUC of 0.665, and
a log-loss of 0.657 (the confusion matrix is shown in Table S3.4). Specifically, the
total gene length (importance: 0.28); transcript length (importance: 0.11), and the
number of exons (importance: 0.025) were the three factors that best predicted
levels of non-additive variance. Since these significant descriptors tend to increase
the mutational target size of the transcript, it can be hypothesised that
non-additive variance is likely to be observed as the mutational target size

increases.

In addition, the transcription factor binding sites associated with high V, were
putative targets of AHLIZ2; this protein (AT1G63480), is a nuclear transcriptional
regulator that binds AT-rich DNA regions and likely modulates gene expression
through chromatin remodeling: its interaction with other transcription factors
potentially regulate plant growth and development (Zhao et al., 2013). The second
most significantly associated with high-Vy, values is a putative target of a DOF zinc
finger protein expressed in young rosettes (DOF 5.3); this protein (AT5G60200
TMOG6) was recently shown to drive the stem cell division that is necessary for
plants to thicken (Miyashima et al., 2019). This regulator was likely active in the
collected tissue samples, because plant material was sampled during the

exponential phase of rosette growth.

3.5.4. Non-additive variance increases with the size of the co-regulatory network

As the results indicated that larger mutational target sizes (longer transcripts and
more exon-intron boundaries) elevated non-additive variance, the next question is
how regulatory network complexity may contribute to the opportunities for the
inter-allelic interactions that give rise to non-additive variance. I defined
co-regulatory modules by cutting the transcript-coexpression tree into 25, 50, 100,

or 200 clusters, then asked how strongly non-additive variance (Vy,) is associated
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with gene length, exon count, and transcript length. At every clustering resolution,
genes in the high-Vy, group showed a markedly stronger Spearman p and
consistently significant p-values than those in high-V,. (Table S3.5, Figure S3.4).
These results suggested that transcripts embedded in larger, more complex
regulatory modules, and thus exposed to more inter-allelic interactions, tended to
harbor greater non-additive variance. Taken together, these findings showed that
both mutational target size and network complexity amplify opportunities for

non-additive genetic variance.

3.5.5. Trait- and transcriptome-level non-additive variance reflect fitness-linked

selection

Similar to transcriptomic level, in all five fitness-related traits, the 95% credible
intervals for both V, and Vy, also excluded zero. These five traits spanned a wider
range of non-additive variance (Vy,/Vg) than expected from the
transcriptome-wide background, from mostly additive control (leaf serration,
flowering time) through intermediate (leaf thickness, Vy,/Vs = 0.301) to strongly
non-additive control (rosette area, number of flowers) (Figure 3.12). While mean Vy,
/V did not significantly deviate from the that of transcriptome-wide (Vy,/V¢ =
0.403) (Monte Carlo test, 10,000 draws, p = 0.78, Figure S3.5), the variance among
the five traits (0.087) was an order of magnitude greater than the null variance
calculated from the transcriptome analysis (0.007), indicating that these traits
sampled a much broader distribution of the Vy,/V; landscape than expected by
chance. Thus, although their average non-additive variance mirrored the
transcriptome background, fitness-related traits occupied a more dispersed

distribution of the genetic-variance components than gene transcript levels.
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Figure 3.12. Non-additive variance in fitness-related traits is consistent with the
transcriptome-wide background. (A) The proportion of total genetic variance (V)
attributable to additive and non-additive components for five fitness-related
phenotypes: leaf serration, flowering time, leaf thickness, rosette area, and number of
flowers. (B) Histogram of the fraction of non-additive variance (Vy,/V;) across all 26,154
transcripts. The vertical dashed line marks the mean Vy, across genes, and the red tick

marks indicate each of the five phenotypes’ Vy, values, in the same order as in (A).

3.5.6. Gene ontology enrichments in genes with high non-additive variance

I further quantified the distribution of genes with high Vy, across gene ontology
(GO) categories of expressed genes. Among the top enriched GO terms for the
highest estimates of relative Vy,, I found several functions of interest, such as

YY1

“post-transcriptional gene silencing”, “epigenetic regulation of gene expression’,

“‘regulation of developmental process’, “vegetative to reproductive phase transition”
(Table S3.6). In addition, among the top GO categories, the most enriched among
genes with high V, were several functions linked to central metabolism such as
“‘quinone biosynthetic process”, "peroxisome organization”’, but I also detected
enrichments among genes involved in "epigenetic regulation of gene expression’,

and specifically to RNA-related functions, such as “RNA splicing” and “mRNA
processing” (Table S3.7).
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3.5.7. Predictive modeling to associate gene expression with rosette size

To evaluate whether transcriptomic variation reflects phenotypic differences in
plant performance, I applied both unsupervised and supervised machine-learning
approaches to identify genes whose expression covaries with rosette size during
exponential growth. The unsupervised principal component regression (PCR)
approach captured a moderate proportion of the variation in relative fitness.
Cross-validated evaluation of the optimal model yielded an R*of approximately 0.59,
with an RMSE of 0.29 and MAE of 0.23, indicating that multivariate patterns in gene
expression explain a measurable portion of the observed variation in rosette size. In
contrast, the supervised gradient boosting classifier, trained to distinguish
individuals with large versus small rosettes, achieved an overall accuracy of 0.49 on
the held-out test set (macro-precision = 0.50, recall = 0.50, F1 = 0.49), indicating

performance close to chance for binary classification.

Given the limited predictive performance of the supervised classification approach,
the top 300 genes identified in the unsupervised principal component regression
were used for further downstream analysis. These genes exhibited significantly
higher additive genetic variance (V,) than non-additive variance (Vy,) (paired t-test,
p < 2.2e-16, Figure 3.13), suggesting that genes contributing most strongly to
expression-phenotype covariance exhibit a higher proportion of additive genetic

variance relative to non-additive variance.
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Figure 3.13. Comparison of additive and dominance variance components
among genes associated with rosette size identified by the unsupervised
principal component regression model. Boxplots show the distributions of V,/V
and Vy,/Vg where total genetic variance is defined as Vg = V, + Vy,. Points
represent individual genes. The difference between two components is

statistically significant (t-test, p-value < 2.2e-16)

3.6. Discussion

Delineating the genomic and evolutionary factors that increase the non-additive
components of genetic variance is crucial for understanding the adaptive potential
of a population. Non-additive variance, a statistical component of genetic variance,
contributes to similarity between siblings but is not inherited in their offspring and
thus cannot be selected for (Fisher, 1919). As such, the only way to quantify
non-additive variance is by applying quantitative genetics methods. Plants are
especially suited for dissecting genetic variance because both genetic crosses and

environmental variance can be completely controlled; reliable estimates of

131



Go to Table of Contents

non-additive components of variance depend on such control (Walsh & Lynch,
2018b; Yang et al.,, 2019). Here, the estimates of non-additive variance in the 26,154
gene transcripts revealed that non-additive variance forms a considerable fraction

of regulatory variation.

Gene regulation, which is central to the formation of phenotypes, is subject to
natural selection (Groen et al., 2020; Kremling et al., 2018) and thus ideal to test
whether the strength of selection shapes the amount of non-additive variance. The
current data showed that purifying selection that has operated over long
evolutionary time scales in the past, impact levels of non-additive variance today,
and thus the potential of a gene to adapt in the future. Genes whose genetic
variance at the transcript level is predominantly non-additive were significantly
more constrained than genes showing a large fraction of additive variance. Past
studies have been also exploring expression variation under different selection
regimes and evolutionary constraints (Fay & Wittkopp, 2008; Himala et al., 2020;
Romero et al., 2012), but only few recent work has begun to link the subject to
components of genetic variance (Leder et al., 2015; Tsouris et al., 2024). This
chapter’s results provide a complementary perspective by explicitly contrasting
genes enriched for additive versus non-additive variance. It was shown that genes
with high additive variance were under weaker purifying selection, whereas those
with high non-additive variance showed the strongest constraint. In other words,
as purifying selection intensified, the genetic architecture of expression shifted
from primarily additive variance toward non-additive variance. This pattern
suggests that inter-allelic interactions (dominance and epistasis) become
increasingly important for buffering and maintaining essential gene functions
under strong selective pressure - an insight not captured by studies that focus
solely on total genetic variance. The data further revealed an important additional

feature: the rate of synonymous divergence and polymorphism is significantly lower
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in genes with high non-additive variance compared to genes with high additive
variance, suggesting that variation in the mutation rate may also play a role on the

composition of genetic variance for gene expression.

Furthermore, 1 identified genomic features associated with the emergence of
non-additive variance in gene expression. Non-additive variance increased with
transcript length, consistent with a larger mutational target size facilitating the
accumulation of interaction-based effects. It was also observed that transcripts
embedded in larger co-expression networks tended to show higher non-additive
variance. This pattern does not necessarily imply stronger selective constraint on
these genes; rather, a larger regulatory neighbourhood provides more
opportunities for interactions among loci to generate non-additive expression
variance. Whether increased network connectivity also contributes to reduced
additive variance, for example, due to stronger constraints by natural selection on
central genes (Hahn & Kern, 2005), cannot be determined from the current data,
and both hypotheses remain plausible. More broadly, dominance variance may
emerge from the functional significance of genes and the optimal levels of gene
expression (Huber et al., 2018), and regulatory network complexity and functional
connectivity do not necessarily predict the mode of inheritance at the phenotypic

level.

To my knowledge, this study was the first to investigate how the proportions of
genetic variance observed at molecular level are translating into those measured at
phenotypic level and vice versa. It was found that, on average, fitness-related traits
did not exhibit higher non-additive variance than random genes; however, the
dispersion of non-additive variance across these traits was markedly greater than
expected by chance. This suggests that while not all fitness traits are enriched for
non-additive variance, a subset of them is, such as rosette size and flower number,

which are close proxies for fitness in our study. Studies on classical phenotypic and
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gene-expression traits alike have been exploring the maintenance of additive
variance in complex fitness- or adaptation-related traits (Hill et al., 2008; Merila &
Sheldon, 1999, 2000; Tsouris et al., 2024), and a recent work (Bonnet et al., 2022)
has shown that additive variance for fitness-related traits can persist even under

long-term selection.

This study’s results add nuance to this debate: although the mean additive variance
in fitness traits is not uniformly eroded, the elevated non-additive variance in key
traits could suggest a partial depletion of additive variance in both molecular and
higher-level phenotypes that are highly linked to fitness. Importantly, the
transcripts that predict variation in rosette size show a higher distribution of V,
than Vy,. This disconnection indicates that much of the transcriptional variation
underlying the phenotype does not translate directly into heritable (additive)
variance, highlighting a key feature of the genotype-phenotype map: non-additive
expression variance can buffer or mask molecular variation from contributing to
adaptive evolution. Consistent with this, genes with high V,, also tend to show
reduced genetic diversity, suggesting that strong purifying selection may constrain

the accumulation of additive genetic variance in these loci.

Together, these findings emphasise that the architecture of genetic variance at the
transcript level is shaped jointly by regulatory interactions and past selection.
Looking forward, epistatic processes, such as those modelled in Chapter 4, may
transform additive genetic inputs into predominantly non-additive transcript-level

variation.

3.7. Conclusion

Populations can only respond to selection in proportion to their additive genetic
variance, yet little is known about the evolutionary forces that shape the balance

between additive and non-additive components in natural systems. This study uses
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a quantitative genetic breeding design to disentangle additive and non-additive
components of expression variance in 26,154 gene transcripts of the outcrossing
plant Arabidopsis lyrata. First, the findings reveal the widespread role of dominance
and epistasis in shaping gene expression. Second, genes with high non-additive
variance were found to exhibit lower synonymous diversity, reduced amino acid
divergence, and stronger signatures of purifying selection compared to genes with
high additive variance. These results suggest that the balance between additive and

non-additive variance is itself influenced by natural selection.

Therefore, non-additive genetic variance is a pervasive and evolutionarily relevant
feature of transcriptional variation. Its association with specific regulatory
mechanisms and stronger purifying selection suggests that the balance between
additive and non-additive variance is not merely a statistical property of traits, but
itself an evolutionary outcome. Because only additive variance contributes directly
to the response to selection, understanding why some molecular traits accumulate
non-additive rather than additive variance is essential for determining whether
underlying molecular variation can translate into heritable phenotypic change. In
this sense, the distribution of variance components forms a critical part of the
genotype-phenotype map, shaping the extent to which regulatory variation can

generate or limit future evolutionary responses.
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Figure S3.1. The total phenotypic variance of each one of the 26,154 genes included in
the analysis was partitioned into non-additive, additive, maternal, and residual
components of variance. The genes were ordered by increasing values of the fraction of

total phenotypic variance in transcript level that was attributed to genetic variance (V).
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Figure S3.2. Scatterplot of cis- and trans-eQTL positions versus their associated gene
locations across the eight chromosomes of A. lyrata. Each point represents one
significant SNP-gene association, colored by regulatory mode (dark brown = cis, light
brown = trans). Diagonal clustering along the identity line indicates local (cis) effects,
whereas off-diagonal points reveal distant (trans) associations. The sparse distribution of
high-affinity hits outside the diagonal demonstrates that few large-effect loci account for

the observed variance in transcript expression.
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Figure S3.3. Architectural correlates of non-additive variance and evolvability. (A) Gene
length versus the proportion of expression variance attributable to non-additive genetic
effects (Vya), with Spearman’s p = 0.29 (p < 2.2 x 10*). (B) Transcript length versus the
proportion of expression variance attributable to non-additive genetic effects (Vy,), with
Spearman’s p = 0.24 (p < 2.2 x 10"). (C) Exon count per gene versus the proportion of
expression variance attributable to non-additive genetic effects (Vy,), with Spearman’s p =
0.29 (p < 2.2 x 10*). (D) Evolvability—defined as unstandardized additive genetic variance
(V,) divided by (log(mean expression))>—for four gene sets (high-V,, high-Vy,, iVg, high-V;,
and a set of 4000 genes randomly sampled from the four gene groups. All pairwise
differences among these distributions are significant by Tukey's HSD (p < 0.05). (E)
Gradient Boosting Machine classifier model shows that the level of non-additive variance
depends on gene architecture. Importance of genomic parameters and number of
transcription factor binding sites 1kb upstream each gene on the level of non-additive
variance in the respective gene. The twenty factors that explain the most variance are

shown. 5-fold cross-validation yielded a mean accuracy of 0.590 = 0.035 (range
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0.540-0.636). On an independent test set, the model achieved 62.6 % accuracy, an AUC of
0.665, and a log-loss of 0.657.
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Figure S3.4. Strength of association between genetic architecture non-additive
variance across co-regulatory module resolutions. I partitioned transcripts into
co-expression clusters at four resolutions (25, 50, 100, and 200 modules) and computed
Spearman’s rank correlation (p) between Vy, and three metrics of genetic architecture:
gene length, exon count, and transcript length. Within each panel, green bars show p for
the high-V, gene set and orange bars for the high-Vy, gene set; asterisks denote

correlations significant at p < 0.05.
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Figure S3.5. Null distribution of mean non-additive variance proportion (Vy,/V)
based on 10,000 random samples of 5 transcripts each, drawn from the
transcriptome-wide data. The histogram shows the distribution of mean Vy,/V; under
the null hypothesis that trait values reflect random gene behavior. The vertical cyan line
indicates the null mean (0.38), while the blue line marks the observed mean for five
fitness-related traits (0.403). Red rug ticks along the x-axis indicate individual trait
Vaa/ Vi values. The observed mean is not significantly different from the null expectation
(two-sided Monte Carlo p = 0.7766). The variance among the five traits is 0.087, and of
the null distribution is 0.007. The skewness of the distribution of five traits is 0.3067 and
of the null distribution is 0.2187.
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Figure S3.7. Partitioning of phenotypic variance for 26,154 genes under phenotype
randomisation. For each gene, total variance in transcript abundance was decomposed
into additive, non-additive, maternal, and residual components using the same animal
model as in the main analysis, but with phenotypes randomised across individuals while
preserving the pedigree structure. Genes are ordered by increasing proportion of total
phenotypic variance attributed to genetic variance (V). Additive genetic variance is

strongly reduced under randomisation.
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Figure S3.8. Model fit of the folded site frequency spectrum (SFS) for genes partitioned

by variance component category (High-V,, High-V,, and High-Vy;) in the distribution of
fitness effects (DFE) analysis, corresponding to Figure 3.11. Dashed lines show the

observed SFS; lines and points represent the expected SFS under alternative DFE models,

including gamma-distributed models inferred either jointly using both populations (SP

and PL; gamma both) or separately for each population (jamma only). The x-axis shows

the folded sample count, and the y-axis shows the number of sites per frequency class

(log scale).

Table S3.1. Information about the full sibling families used in the analysis. Each full

sibling family was generated based on the scheme presented in Figure 3.10. For each full

sibling family, the Plech (PL) sequence ID numbers, as described in Takou (2021) and

annotated in ENA archive repository, are provided (PRJEB49153). For each family, the

number of offspring used in the final analysis is shown.

Family Parent 1 Parent 2 Number of family members
1 80936 11a 12
2 10a 11a 1
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2 11a 10a 3
3 2a 11a 10
4 11a 9a 3
5 6a 80936 16
5 80936 6a 4
6 80936 la 3
7 4a 80936 2
7 80936 4a 27
8 10a 3a 1
9 3a 10a 19
9 la 3a 3
9 3a la 4
10 2a 3a 3
11 10a 6a 27
1 6a 10a 3
12 la 6a 1
12 6a la 27
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Table S3.2. Tukey’s HSD pairwise comparisons of Plech population across gene groups

within each fitness-effect class. For each fitness-effect category (“Nearly Neutral”, “Weakly

Deleterious”,

“Strongly Deleterious”), I

performed a one-way ANOVA on the

bootstrap-derived fractions and applied Tukey’s honestly-significant-difference test to all

pairwise group contrasts. Columns report the mean difference in fractions between the

two groups, the lower and upper bounds of the 95 % family-wise confidence interval

(“Conf.low” and “Conf.high”), and the Tukey-adjusted p-value.

Fitness
Groupl Group2 |Estimate | Conflow | Confhigh p.adj
Effect Class
High V, High Vy, [-0.0687 [-0.0947 -0.0426 1.2E-11
High V, High Vg -0.0968 |-0.1229 -0.0708 2.89E-13
High V, ivg 0.3228 0.2968 0.3489 2.42E-13
High V, Random ]0.1245 0.0985 0.1506 2.42E-13
High V, High V -0.0281 |-0.0541 -0.0022 .02
il igh Vy, igh Vg 0.028 0.05 0.00 0.0259
Neutral - -
High Vy, |[iVg 0.3915 0.3655 0.4174 2.42E-13
High Vy, [Random [0.1932 0.1673 0.2192 2.42E-13
High Vi ivg 0.4196 0.3937 0.4456 2.42E-13
High Vi Random 0.2214 0.1954 0.2473 2.42E-13
ivVg Random [-0.1983 -0.2242 -0.1723 2.42E-13
Weakly
High V, High Vy, [-0.0422 [-0.0537 -0.0308 2.9E-13
Deleterious
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HighV, [HighVy [-0.0576 [-0.0691 -0.0462 2.42E-13
HighV, [iVg 0.0890  [0.0775 0.1004 2.42E-13
HighV, [Random |0.0704 0.0590 0.0819 2.42E-13
High Vy, [HighVy [-0.0154 [-0.0268 -0.0040 0.00223

High V, |[iVg 0.1312 0.1198 0.1426 2.42E-13
High Vy, [Random |0.1127 0.1013 0.1241 2.42E-13
HighV; [iVg 0.1466 0.1352 0.1580 2.42E-13
HighV;  [Random [0.1280 0.1166 0.1395 2.42E-13
ivg Random |-0.0186 |-0.0300 -0.0071 9.54E-05
HighV, [High Vy, [0.1109 0.0735 0.1483 SRS

HighV, [HighV; ]0.1544 0.1170 0.1918 2.54E-13
HighV, |[iVg -0.4118  |-0.4492 -0.3744 2.42E-13
HighV, [Random [-0.1950 [-0.2324 -0.1576 2.42E-13

Strongly
Deleterious |High Vna [HighVy  10.0435 |0.0063 0.0808 0.0126

High Vy, |[iVg -0.5227 |-0.5599 -0.4854 2.42E-13
High Vy, [Random [-0.3059 [-0.3431 -0.2686 2.42E-13
HighV; [iVg -0.5662 |-0.6035 -0.5290 2.42E-13
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High Vy

Random

-0.3494

-0.3867

-0.3121

2.42E-13

iVg

Random

0.2168

0.1796

0.2541

2.42E-13

147



Go to Table of Contents

Table S3.3. Feature Importance for Predicting High Vy, from Gradient-Boosted Classifier.
Summary of the mean relative importance and its standard error for each genomic feature,
as estimated over 200 bootstrapped replicates (2,000 high-Vy, vs. 2,000 randomly sampled
“‘rest” genes per run). Importance scores reflect each feature’s contribution to the model’s
accuracy in classifying genes with high non-additive variance (Vy,). Higher values indicate
greater predictive power; standard errors quantify the variability of each importance score

across bootstrap iterations.
Available at 10.6084 /m9.figshare.29986699

Table S3.4. Confusion matrix for the held-out test set (n = 530) in Gradient-Boosting
Classifier model. The table shows counts of true negatives (TN), false positives (FP), false
negatives (FN), and true positives (TP) when classifying genes as high-VNA gene versus
“other” genes. Row totals indicate the number of actual negatives and positives; column
totals indicate the number of predicted negatives and positives. Class-level metrics for the
high-VNA class were precision = 0.620, recall = 0.684, and F: = 0.650. These results
demonstrate that our features carry genuine predictive signal and that the model is not

merely over-fitting to bootstrapped class sizes.

Predicted Negative Predicted Positive
Actual Negative TN =148 FP'=113
Actual Positive FN =85 TP =184
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Table S3.5. Correlation of non-additive and additive variance with genome architecture
traits and summary statistics of population genetics. For each correlation between the

fraction of variance and the genomic feature, the p value, Spearman’s p.

Cluster
) Feature Spearman’s p |p-value Group Significant
size

Transcript

0.3872 0.0558 High V, Not Significant
Length
Number of Exons |0.2463 0.2353 High V, Not Significant
Gene Length 0.2895 0.1605 High V, Not Significant

25

Transcript

0.3215 0.1172 High Vy, |Not Significant
Length
Number of Exons |0.2296 0.2696 High Vy, |Not Significant
Gene Length 0.3808 0.0613 High V, |Not Significant
Transcript

0.1155 0.4342 High V, Not Significant
Length
Number of Exons [0.1584 0.2823 High V, Not Significant
Gene Length 0.0939 0.5256 High V, Not Significant

50

Transcript

0.3463 0.0159 High Vy, |Significant
Length
Number of Exons [0.2312 0.1138 High V, |Not Significant
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Gene Length 0.3073 0.0336 High V, |Significant
Transcript

0.2169 0.0358 High V, Significant
Length
Number of Exons |0.2170 0.0357 High V, Significant
Gene Length 0.1183 0.2561 High V, Not Significant

100

Transcript

0.3278 0.0015 High Vy, |Significant
Length
Number of Exons |0.2719 0.0091 High Vy, |Significant
Gene Length 0.3409 0.0009 High Vy, |Significant
Transcript

0.2095 0.0044 High V, Significant
Length
Number of Exons [0.2256 0.0021 High V, Significant
Gene Length 0.1709 0.0207 High V, Significant

200

Transcript

0.3737 0.0000 High Vy, |Significant
Length
Number of Exons [0.1529 0.0446 High V, |Significant
Gene Length 0.3664 0.0000 High Vy, |Significant

Table S3.6. GO enrichment among genes with high non-additive variance (Vy,). For each

significant GO term (elim algorithm, Fisher’s exact test p < 0.05), the table lists the GO ID,
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term name, number of genes in the Vy, set annotated to the term, number expected by

chance, fold enrichment, and p-value.

Available at 10.6084 /m9.figshare.29986699
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Table S3.7. GO enrichment among genes with high additive variance (V,). For each
significant GO term (elim algorithm, Fisher’s exact test p < 0.05), the table lists the GO ID,
term name, number of genes in the V, set annotated to the term, number expected by

chance, fold enrichment, and p-value.
Available at 10.6084 /m9.figshare.29986699

Table S3.8. Nucleotide diversity of synonymous (nS) and non-synonymous (nN) variants
in 17 Arabidopsis lyrata individuals from the Plech population. Sequencing reads were
mapped to the NT1 reference genome with Bowtie2, and variants were called with GATK
v4.6.1. Nucleotide diversity (i) was estimated using pixy from variant and invariant sites,
with 0-fold (nonsynonymous) and 4-fold (synonymous) sites annotated by degenotate.
Mean nN and nS were calculated per gene, and nN/ratios were summarized across gene

groups defined by genetic variance components using 1000 bootstrap replicates.
Available at 10.6084 /m9.figshare.29458916

Table S3.9. Pairwise Ka/Ks analysis of A. thaliana (TAIR10) and A. lyrata (NT1) coding
sequences. CDS were extracted from reference annotations and aligned in codon space
using MAFFT + PAL2NAL. Ka and Ks were estimated with KaKs_Calculator v2.0 (YNOO
method) after quality filtering, yielding 6419 ortholog pairs. Genes were grouped by
functional or expression categories, and 1000 bootstrap replicates were performed per

group to calculate mean Ka/Ks ratios with confidence estimates.
Available at 10.6084 /m9.figshare.29459012

Table S3.10. Gene annotation table for the Arabidopsis lyrata NT1 reference genome. The
table lists all annotated genes together with their chromosome assignment, genomic start

and end coordinates, and strand orientation (+/-).
Available at 10.6084 /m9.figshare.30870323

Table S3.11. Normalised gene expression matrix for F. intra-population individuals. Rows

correspond to annotated genes and columns to individual samples; values represent
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normalised expression levels wused as input for downstream statistical and

variance-component analyses. For more details, refer to section 3.4.3.

Available at 10.6084 /m9.figshare.29986699

Table S3.12. Phenotypic trait data for F1 intra-population individuals. List of sample
identifiers together with measurements of rosette size (millimeter), leaf serration (no unit),
leaf thickness (millimeter), flowering time (days), and number of flowers (count), and was

used for downstream quantitative genetic analyses. For more details, refer to section 3.4.2.

Available at 10.6084 /m9.figshare.29986699
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4

Dominance and Epistasis Variance Components in Hybrid

Populations of Arabidopsis lyrata

4.1. Chapter Summary

This chapter extends the analysis of genetic variance in Chapter 3 to a hybrid
population derived from crosses between genetically diverged lineages of
Arabidopsis lyrata. Using experimental hybrids generated by crossing previously
characterised German and Norwegian lines, [ quantified genetic variance
components and assessed how admixture reshapes the genetic architecture of gene
expression traits. Empirical variance-component estimates showed that additive
genetic variance increases from F: to F: consistent with recombination restoring
homozygous and recombinant genotypes absent from the F: generation. Theoretical
models demonstrated that epistasis does not generate this effect but modulates its
magnitude, amplifying or attenuating the F.-F: contrast depending on its direction.
Together, these results show that the evolutionary consequences of hybridisation

depend on how recombination interacts with underlying genetic architecture.

All mathematical modelling and the methodology thereof were performed in

collaboration with Josselin Clo, as stated in the Author Contributions.
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4.2. Fundamental Concepts

4.2.1. Understanding epistatic variance

To sum up, earlier in Chapter 3 (Figure 3.1 - 3.3), we learned that the phenotypic
value of an individual can be represented as the population mean plus the sum of
additive effects contributed by all alleles in that individual's genome. However,
there is no biological guarantee that allelic effects at the same locus combine purely
additively. To account for deviations from additivity within a locus, a dominance
deviation term is introduced, which captures non-additive interactions between

alleles at the same locus.

A similar logic applies to interactions among alleles at different loci. In this case, we
include an epistatic term, representing pairwise (or higher-order) deviations from
the additive prediction due to interactions across loci. For simplicity, Figure 4.1
illustrates a trait influenced by two bi-allelic loci. In such a two-locus system, we
can partition the epistatic variance into three categories: additive-by-additive (AA)
effects, additive-by-dominance (AD) effects - interactions between a single allele at
one locus and the pair of alleles at another - and dominance-by-dominance (DD)
effects, which involve all four alleles across the two loci. This logic can be extended
to additional loci, giving rise to higher-order terms such as AAA effects for

three-way interactions, and so forth.

Genotype
AiA2BIB2
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genotypic value of the individual
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Figure 4.1. Partitioning of genetic effects including epistasis. Statistical genetics model
for a trait determined by two loci: the phenotypic value of an individual can be expressed
as the sum of the population mean, additive, dominance, plus epistatic deviations and
environmental effects. Epistasis captures deviations from the additive prediction that
arise from interactions among alleles at different loci. In this two-locus example, three
types of epistatic effects are represented: additive-by-additive  (AA),
additive-by-dominance (AD), and dominance-by-dominance (DD) interactions. The
expanded expression below illustrates how each component can be decomposed into the

contributions of specific alleles (o), and dominance deviations (8) at locus A and locus B.

(Adapted from Hansen et al, 2023. under CC BY-NC license. Legend text was reworded)

4.2.2. The inheritance of epistatic variance

Statistical components of genetic variance differ in how they are transmitted across
generations. In an offspring, all additive deviations are inherited from its parents,
but only half of the additive-by-additive (AA) epistatic deviations and none of the
dominance deviations are passed on. This is because an individual can never inherit
both alleles at a locus from the same parent; therefore, its dominance deviations
are unique unless alleles are identical by descent. Such non-inherited deviations
arise through recombination, continuously reshuffling genotypes and generating
new combinations of alleles each generation. Although selection acts on all
components of genetic variance, only selection acting on additive variance leads to
a predictable, heritable response. Some epistatic deviations can also contribute to
selection response when they generate additive effects in the next generation, but
these contributions are transient and unpredictable, as recombination can readily

break down the interacting allelic combinations that underlie them.
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Earlier it was explained how pedigrees can give information for the estimation of
different variance components. Here, the picture is fully presented in Figure 4.2, in
which we can see that in case of parent-offspring, they share half of additive
variance, zero of dominance variance, and a quarter of additive-by-additive
variance. This can be extrapolated to other kinds of relatives. Full-sibs, for example,
share additionally one fourth of dominance variance. Combining different types of
relatives in a pedigree allows us to disentangle different components of genetic
variance, as applied in Chapter 3. For instance, excess similarity between full-sibs
compared to half-sibs can be used to estimate dominance variance, since half-sibs
share a quarter of additive variance but none of dominance variance, and one

sixteenth of additive-by-additive variance.

In the short term, the rate of evolutionary change is primarily determined by the
amount of additive genetic variance available for selection. In the long term,
however, evolution depends on the generation of new variation through mutation,
the reshuffling of alleles by recombination and segregation, and processes such as
genetic drift, effective population size, gene flow, and the structure of epistatic and

dominance interactions that constrain or facilitate adaptive change.

Zmother = Z + Ga1 + Qap + U1 + G + S a2 + Ipme
+ Q0py gy + 0O po} + (0 H a2y + AOa1 a2 + COA1A282 + @Oa1B1B2 + AOpapB2 + OO A281B2

1 1
v

I _
3 Zchild = Z + Oaq + Opq + Oy + Qg3+ Sar0 + Fpi
+ Q01 + Alp1p3 + Ollaspy + 0pap3 + AOA1A4B1 + ¥0A14483 + AOA1B1B3 + A0aap13 + O0A14481B3

157



Go to Table of Contents

Figure 4.2. Inheritance of a two-locus trait. Two individuals mate to produce an
offspring, which inherits the alleles Al and Bl from the mother,and the alleles A4 and B3
from the father. The full genotypic values of the mother and the offspring are spelled out.
The dashed arrows indicate the shared effects. These are two additive effects, aAl and
aBl, and one epistatic effect, aaA1B1. This shows that half the additive effects and one
quarter of the AA epistatic effects are shared between a parent and the offspring. Also
note that all the additive effects of the offspring are inherited from the two parents,
while none of the dominance effects and only fractions of the epistatic effects are

inherited.

(Original figure and legend text from the source. Reproduced from Hansen et al (2023)
under CC BY-NC license.)

4.2.3. Disentangling epistasis

Epistasis is challenging to disentangle statistically because interactions among loci
modify the apparent additive and dominance effects estimated at each locus. Even
in a simple two-locus model, as shown by Table 3.6 in Caballero (2020), the
expression for the genotypic value of each genotype involves products of allele
frequencies and interaction terms. This means that the additive, dominance, and
epistasis variances are not independent: changes in allele frequencies or linkage
disequilibrium continually redistribute variance among them. As a result, what is
expressed as an epistatic effect in one population may appear as additive or

dominance variance in another, depending on genetic background.

An epistatic factor (k) is often used to quantify the direction and strength of these
interactions. When k > 1, the combined effect of alleles at two loci exceeds the
additive expectation—referred to as synergistic or positive epistasis. Conversely, k <

1 indicates antagonistic or negative epistasis, where combined effects are weaker
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than expected. This simple formulation highlights how epistasis can either amplify
or buffer genetic effects, altering both the magnitude and the sign of variance
components. Because recombination and allele frequency changes can transform
these relationships over time, partitioning variance into additive, dominance, and

epistatic components is inherently population-specific and dynamic.

Hence, while this chapter outlined the theoretical basis of epistasis and its
contribution to genetic variance, the manifestation of these effects strongly
depends on the population context in which alleles interact. Hybrid populations
provide a natural testbed for this theory. When previously isolated lineages
interbreed, recombination reshuffles alleles into new combinations, often
disrupting co-adapted complexes and revealing hidden epistatic effects. At the
same time, hybridisation alters the balance between additive and dominance
variance through changes in heterozygosity. Therefore, understanding how
variance components behave in natural and hybrid populations allows us to link the
statistical framework of genetic variance to its evolutionary consequences under

hybridisation.

4.3. Introduction

4.3.1. The evolutionary role of hybridisation

Hybrid populations play a central role in evolutionary genetics because admixture
introduces novel allele combinations and increases heterozygosity, generating
genetic interactions absent in parental lineages (Vasseur et al., 2019). This process
can reveal cryptic genetic variation - phenotypically silent in parental populations
but expressed in hybrid backgrounds (Gibson & Dworkin, 2004; Rieseberg et al,,
1999). Through enhanced heterozygosity and novel epistatic interactions,

hybridisation contributes to both additive and non-additive variance, thereby
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expanding phenotypic variability and providing raw material for selection (Barton,
2001). Increased heterozygosity can also buffer populations against inbreeding and
drift, enhancing fitness under fluctuating environments (Grueber et al.,, 2008;
Zhang et al., 2020). Hybridisation, however, can be a double-edged sword. While it
can generate heterosis and expand adaptive potential, it can also expose
Dobzhansky-Muller incompatibilities, which are themselves manifestations of
negative epistasis between divergent alleles (Dobzhansky, 1936; Johnson, 2002;
Muller, 1942; Wright, 1982). Such incompatibilities contribute to segregational load
and may reduce fitness in hybrid populations (Abbott et al., 2013). Thus, the
evolutionary consequences of hybridization depend on how epistatic interactions
among loci alter the partitioning of genetic variance into additive and dominance
components. Understanding this balance between variance enhancement via novel
epistatic combinations and fitness costs arising from incompatible interactions is
crucial for predicting the long-term trajectories of hybrid populations in adaptation

and speciation.

4.3.2. Genetic variance components in hybrid populations

Genetic divergence between parental populations alters the balance between
additive and dominance variance in hybrids. Moderate divergence often maximizes
heterosis, as both general combining ability (GCA, additive effects) and specific
combining ability (SCA, dominance interactions) contribute meaningfully to hybrid
performance (Lariépe et al., 2017; Sprague & Tatum, 1942). However, as divergence
increases further, dominance variance declines because beneficial dominance
interactions become rare (Reif et al., 2007). This shifts the genetic basis of hybrid
performance toward additive variance, making GCA more predictive but weakening
heterosis over successive generations. Excessive divergence therefore constrains
long-term hybrid performance by depleting dominance variance and limiting the

exploitation of hybrid vigour (Utami et al., 2025).
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Inter-population crosses typically increase heterozygosity relative to
intra-population crosses, but the fitness consequences are highly
context-dependent. In some cases, heterozygosity restores variation and enhances
fitness (Luijten et al., 2002). In other cases, increased heterozygosity may reduce
fitness, for instance, Physa acuta exhibited after inter-population crosses (Escobar
et al, 2008). These findings demonstrate that heterozygosity alone does not
guarantee heterosis; outcomes depend on the evolutionary history and genetic
architecture of the populations. Hybrid vigour is most likely at intermediate
divergence, where heterozygosity enhances adaptive potential without triggering

incompatibilities (Wei & Zhang, 2018).

Non-additive genetic interactions further shape divergence outcomes by altering
genetic correlations across populations. Because dominance and, especially,
epistasis cause allele effects to depend on the genetic background, their average
effects change as allele frequencies diverge among isolated populations. As a result,
allele effects become less predictable and less portable across populations, leading
to reduced genetic correlations. Theory predicts that the magnitude of this decay
depends on both the extent of allele-frequency divergence and the ratio of epistatic
to additive variance in the ancestral population, with higher epistatic variance
generating greater differences in allele effects across populations. In the absence of
epistasis, genetic correlations between populations are expected to remain close to
one, whereas epistatic interactions cause these correlations to fall below one as
genetic backgrounds diverge (Duenk et al., 2020). Consistent with this prediction,
stronger non-additive effects have been shown to correspond to weaker genetic
correlations between populations, limiting the accuracy of genomic prediction - a
method that relies on stable marker-trait associations across genetic backgrounds
(Duenk et al., 2020). Empirical studies further support these expectations: hybrid

crosses in Tribolium castaneum exhibit reduced fitness due to additive-by-additive
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epistasis (Drury & Wade, 2011), while incompatibilities observed in Drosophila and
microbial endosymbioses reveal that alleles beneficial in one genetic background
can become deleterious in another (Brucker & Bordenstein, 2013; Mack &
Nachman, 2017; Walter et al., 2020). Together, these findings illustrate how
epistasis simultaneously drives the decay of genetic correlations, limits the
transferability of trait predictions across populations, and contributes to

reproductive isolation via Dobzhansky-Muller incompatibilities.
4.3.3. Quantifying epistasis variance from hybrid generations

Having established how hybridization reshapes additive and dominance variance, I
next examine the contribution of epistatic interactions. Decomposing phenotypic
variance remains the classical approach for quantifying epistasis within and among
populations. In the context of our F.-F. crosses, this decomposition allows
estimation of how much of the total variance arises from pairwise or higher-order

genetic interactions. Beyond estimating the magnitude of epistatic variance

Positive (or synergistic) epistasis occurs when the combined effect of alleles
exceeds the additive expectation (captured by the epistatic factor k > 1, see “epistatic
factor” in Section 4.2.3). Such interactions can increase the overall phenotypic
variance and temporarily accelerate the response to selection. In hybrid
populations, synergistic epistasis may underlie transgressive segregation -
offspring that outperform both parents by expressing extreme phenotypes not
present in either lineage (Lotsy, 1916; Rieseberg et al., 1999). Negative (or
antagonistic) epistasis (epistatic factor k < 1) arises when allelic combinations
diminish each other’s effects. This interaction reduces phenotypic variance and can
buffer deleterious mutations, maintaining stability of traits across environments. In
hybrids, antagonistic epistasis can also generate Dobzhansky-Muller

incompatibilities, where otherwise benign alleles reduce fitness when combined.
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Because F: hybrids carry new combinations of divergent alleles, heterozygosity
often increases dominance variance and can expose hidden epistatic effects.
Recombination in F: progeny then reshuffles these interactions, sometimes leading
to segregation variance or heterozygosity excess. Quantifying how heterozygosity
contributes to non-additive variance helps separate dominance from true epistatic

components.

It is important to note that apparent increases in additive variance across hybrid
generations are sometimes interpreted as evidence for enhanced evolvability.
However, as shown in the two-locus model (Section 4.2.2), epistasis can feed into
the additive component: recombination converts part of epistasis (V)) into additive
variance (V,). Thus, what seems to be an increase in heritable additive variance may
simply reflect the re-expression of underlying epistatic interactions rather than a
genuine, long-term gain in evolutionary potential. In other words, while epistasis
can transiently increase phenotypic variance and accelerate early responses to
selection, these effects do not necessarily translate into sustained additive variance

acCross generations.

4.3.4. Research questions

Although these principles outline how dominance, epistasis, and heterozygosity can
shape hybrid phenotypes, their relative contributions in natural systems remain
difficult to quantify. In particular, we still lack empirical assessments of how genetic
variance components - additive, dominance, and epistatic variance - change when
previously isolated lineages are brought together, and whether such changes
persist across generations. Hybridisation in Arabidopsis lyrata provides an ideal
framework to address these gaps: crosses between genetically differentiated
populations generate diverse combinations of alleles and reveal the extent to which

non-additive interactions reconfigure the genetic architecture of traits. By
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comparing natural and hybrid populations, and by following hybrids across
successive generations, we can directly test how the balance of genetic variance
components is reshaped and whether observed increases in non-additive variance

arise from true epistatic interactions or from transient effects of heterozygosity.
In this chapter, I address three questions:

e How do genetic variance components differ between natural populations and

hybrid populations of Arabidopsis lyrata?

e How do genetic variance components change across two successive hybrid

generations?

e To what extent are changes in the non-additive genetic variance component

across generations attributable to epistasis?
4.4. Data and Methodology

4.4.1. Plant material preparation

Nine plants from an Arabidopsis lyrata ssp. petraea population located in Germany
(PL; 49.65N, 11.45E), were crossed with six plants from an Arabidopsis lyrata ssp.
petraea located in Norway (SP; 61.41N, 8.25E) to obtain inter-population F1 offspring
progenies. These F1 individuals were chosen at random to generate
inter-population F2 offspring progenies. For crossing, parental individuals were
propagated clonally and vernalized for nine weeks at 4°C and 12-hour daylength and
subsequently transferred to the greenhouse (16-hour daylight, 12°C) until they
flowered. Each individual was then crossed with two or more individuals from the
other population (Figure 3.10A). Most crosses were reciprocal - each individual
plant was used as both pollen receiver and donor - to be able to control for

maternal effects. Since the same plants were used for the reciprocal crosses, the
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resulting seeds are considered full-siblings, and they are termed “family”. All family
members are half-siblings with the members of at least another family that share

the same parent (Table S4.1, Table S4.2).
4.4.2. Phenotyping and gene expression variance analysis

Phenotyping of five fitness-related traits, namely, rosette area, leaf serration, leaf

thickness, flowering time, and the number of flowers, were done exactly as

described in 3.4.2. Phenotyping fitness-related traits.

RNA extractions and quality control were performed as described in 3.4.3. RNA

extractions and transcriptome sequencing. High-quality RNA samples for 125 F1 and
225 F2 individuals were obtained. RNA was sequenced on Illumina HiSeq4000 at

Novogene (Munich, Germany) following the TruSeq protocol. The specifics of the

sequencing and the downstream analysis of the transcriptome was as described in

3.4.3. RNA extractions and transcriptome sequencing.

The partitioning of gene expression variance was then performed using animal

models as described in 3.4.4. Partitioning of gene expression variance into its

components. The two generations F1 and F2 were run in separate models.

4.4.3. Downstream analyses

Unless specified otherwise, all downstream analyses, such as variant calling and

eQTL, were performed as described in 3.4.

4.4.4. Modelling genetic variance using F, and F, inter-population crosses

4.4.4.1. Demographic scenario and crossing design

To examine how hybridisation and recombination change additive genetic variance

(V,) under alternative genetic architectures, two parental populations (Pop 1 and
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Pop 2) were modelled. These two populations diverged independently but were
otherwise identical (same demography and genetic parameters). The populations
differed only in allele frequencies at one locus (single-locus model) or two loci

(two-locus models).

At each bi-allelic locus, both populations retain a shared ancestral allele associated
with the local adaptive background (denoted A at locus 1 and B at locus 2). Each
population also carries a derived allele unique to that population (denoted A, in Pop

1and A, in Pop 2 at locus 1; similarly, B, and B, at locus 2).
For locus 1, the ancestral allele frequencies are

pl-1=Pr(Ain Pop 1)
p1-2 = Pr(A in Pop 2),

and derived allele frequencies are

ql-1=1-pl-1
ql-2=1-pl-2

(Analogous notation is used for locus 2)

Hybrid generations were produced by a controlled crossing design: F: individuals
were generated exclusively by between-population crosses (Pop 1 x Pop 2), implying
an excess of heterozygotes relative to panmixia. F: individuals were generated by
random mating among F: individuals, restoring Hardy-Weinberg proportions (and,

in the two-locus models, restoring linkage equilibrium through recombination).

All calculations assumed neutrality during the formation of F: and F: (no mutation,
selection, or drift), so allele frequencies are conserved across generations, while

genotype frequencies differ due to the crossing design (Gallais, 2003).
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4.4.4.2. Single-locus model without epistasis (baseline)
Genotype frequencies in F:

At locus 1, four genotypes occur in F: because each parent contributes alleles from

different populations:

Gaa With F(AA) = pi1.pis

G with F(AA)) = pio.qiy
Garp With F(AAy) = p11qi-2
Gane With F(AA2) = q114Gi2

From these, the allele frequencies in F. are:

fa = F(AA) + 0.5*F(AA,)) + 0.5*F(AA,) = priprot 0.5(Pro-Gry + PraGiz) = 1 = (G + Q1) /2
)cmF1 = 0.5*F(AA;) + 0.5*F(AA;) = 0.5(P1-2q11 + G11G1-2) = 0.5(q1-1)
fAzFl = OS*F(AAz) + OS*F(AlAz) = 0.5(p1_1q1_2 + q1_1q1_2) = 0'5(q1—2)

This design yields excess heterozygosity in F: because within-population matings
are absent, so genotype frequencies deviate from panmictic expectations even

when allele frequencies are fixed.
Genotype frequencies in F: (panmixia restored)

F: is formed by random mating among F: individuals, so genotype frequencies follow

Hardy-Weinberg proportions using the F: allele frequencies:

Gaa With F(AA) = (f,")2 = (2 - qu1 - qr0)? /4

Guu With F(AA)) = 2f,"fs" = - 0.5 12 + ¢4 (1 - 0.5¢;.,)
G With F(AA) = 2f,"f,,"™" = (1 - 0.5¢11) q12 = 0.5 G142
Gae With F(AA,) = 2f4"fr0" = 0.5 G11 - G1oa

167



Go to Table of Contents

Under neutrality, allele frequencies are conserved:

fAFZ _ fAFl
fA1F2 _ fAlFl
fAZFZ _ fAZFl

Genotypic values, average allele effects, and V,

Genotypic values at locus 1 were assigned as:

Gz = 2,

Average allele effects (Cheverud & Routman, 1995; Falconer & Mackay, 2009) were

computed using the F: allele frequencies:

Olp =fAF1- a +fAlFl . d +fA2F1- d,
Opg = fAFl- d, +fAlF1 - +fA2F1- ds

ap = fa dp+ fu L dy  fr @,
Additive (breeding) values for each genotype were:

AAA = ZQ,A
Appr = 0yt 0y

Appz = 0t 0y
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Apiaz = Ot O
Apn = 200y

Apono = 201,

Additive variance in each generation was calculated as the variance of A weighted

by genotype frequencies:

Vaert = (PrrPr2-Ann® + Pro Qi Aani® + Pra-Qio-Aan2® + Qrr-Qr2-Aaian?) = (Pra-Pra-Aaat Prz-Grr-Aan
+ PrrGro-Aase T Qr1-Qr-2-Aaiaz)?

Vicrz = (2 = Qi1 = §12)?/4)-Aaa® + (- 0.5 @1 * iy (1 = 0.5¢39))-Auai® + (1 - 0.5G1) G1o = 0.5
Gr®)-Bane® + (0.5 G - Gra)-Aaine® + (025 Gus®)-Api® + (0.25 q1p?)-Anano®) = (((2 - Qs -
G1-2)°/4)-Aan + (= 0.5 qus® + Guy (1 = 0.5G15))-Apar + (1 = 0.5¢349) G1o = 0.5 G14?)-Apao + (0.5 sy
- Gi-2)-Aaraz T (0.25 G142)-Apiar + (0.25 q192).-Aponz )?

Numerical exploration of parameter space

Because compact closed-form comparisons across all allele-frequency
combinations are unwieldy, we evaluated V,(F;) and V,(F,) numerically on grids of

ancestral allele frequencies (p1-1,p1-2). The generational change is summarised as
AVA=VA(F2)_VA(F1)

and visualised AV, as heatmaps. Two dominance regimes were considered: pure
additivity (h=0.5), and partial recessivity (h=0.25). As the full (pl-1,p1-2) space
includes extreme, limiting cases, the heatmaps are interpreted as showing the
range of possible outcomes, not their expected frequency in nature (Clo et al.,

2020).

This single-locus model provides the baseline expectation that V, can differ
between F: and F: purely because genotype frequencies differ under the crossing

design, even when allele frequencies are conserved.
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4.4.4.3. Two-locus model with directional epistasis

To extend the baseline to a multilocus context, two loci were considered (locus I:
A/A, /Ay locus 2: B/B,/B,). Without epistasis, the two-locus genotypic value equals

the sum of single-locus contributions:

G(A—genotype, B-genotype) = GA—genotype + GB—genotype

Hybrid generations were produced with the same F.—F: crossing design. In the
parental populations, loci were assumed independent (no linkage disequilibrium), so
two-locus genotype frequencies were obtained by products of the corresponding
single-locus genotype frequencies. In F.; random mating among F: restores
Hardy-Weinberg proportions at each locus and generates new multilocus
combinations through recombination. Additive values and V, were computed using
the same average-effects decomposition as in the single-locus model, now applied
to the two-locus genotype set. This additive two-locus model isolates the effect of
recombination across loci on V,, providing the reference against which epistatic
scenarios are compared (Lande & Porcher, 2015; Abu Awad & Roze, 2018; Clo et al.,
2020).

We then introduced epistasis following the variance-decomposition framework of
Cheverud & Routman (1995). Each locus carried three alleles (shared ancestral allele
plus two population-specific derived alleles), yielding nine possible allele
combinations across loci. Epistatic deviations were assigned only to novel allele
combinations created by hybridisation, specifically interactions between A;-B, and

A,-B,, which do not occur within either parental population.

Two-locus genotypic values were decomposed into (i) single-locus components, (ii)
non-epistatic predicted values, and (iii) epistatic deviations. Epistatic effects scaled

with allele copy number: each copy of an interacting allele contributed a
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proportional +5% modification to the relevant genotypic value (e.g., genotypes
carrying two copies at both loci could experience up to a 20% modification under
the same sign of interaction). Following Cheverud & Routman (1995), marginal
single-locus values were defined as the sum of the single-locus genotypic value and
its mean epistatic effect; these marginal values were then used to compute additive

values and V, analogously to the non-epistatic model.

Two directional epistasis scenarios were evaluated: Positive directional epistasis,
where epistatic interactions increase genotypic values on average (Carter et al.,
2005; Hansen, 2015; Le Rouzic et al., 2024). Negative directional epistasis, where
epistatic interactions decrease genotypic values on average (Carter et al., 2005).
For each scenario, AV,=V,(F,)-V,(F,) was computed across the same (pl-1,p1-2) grids.
For comparability with the additive two-locus heatmaps, we assumed equal allele

frequencies at the second locus when generating the visualisations.
4.5. Results

4.5.1. Strong correlation of non-additive variance between natural and hybrid

populations
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Figure 4.3. Correlation of non-additive genetic variance (Vy,) over total phenotypic
variance between intra- and inter-population crosses in the F: generation. Each point
represents a gene for which V,, was estimated independently within (F: intra) and
between (F: inter) natural populations. (A) Comparison of Vy, estimates (Kendall's © = 0.74,
p < 2.2 x 10*). The solid line represents the fitted regression line. As the data are highly
skewed and show substantial dispersion and heteroscedasticity, (B) rank-rank

comparison is also presented.

To assess whether non-additive variance reflects intrinsic gene properties or arises
primarily from specific genetic combinations, I first compared gene-wise estimates
of non-additive variance (Vy,) between intra-population and inter-population F:
crosses. Gene-wise rankings were highly conserved between inter- and
intra-population F1 crosses (Kendall's © = 0.74, p < 2.2 x 10, Fig. 4.3A). Since the
estimates of non-additive variance were highly skewed, resulting in a diffuse raw
scatter, rank-based comparisons were also presented (Fig. 4.3B). The high
correspondence indicates that the magnitude of non-additive effects is not highly
sensitive to the particular genetic backgrounds being combined. In this sense, the
stability of Vy, across crosses is consistent with evolutionary constraint, insofar as
the same genes repeatedly express strong non-additive effects despite changes in
allele combinations and heterozygosity. In other words, genes showing strong
intra-population non-additivity tend to maintain similar patterns when combined
across populations, although part of the correspondence could also arise from
similar allele-frequency patterns across populations, which influence the statistical

expression of dominance and epistasis.
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4.5.2. An increase of additive variance from F, to F, - empirical motivation for

exploring epistasis

Across the transcriptome, a tendency for additive genetic variance to increase from
the F: to the F: generation was observed (Figure 4.4A; histogram of Alog(V,/V)).
Although individual genes vary in magnitude and direction, about 75% of all genes
are centred below zero, indicating that recombination and segregation in the F:
consistently expose additional additive variance relative to the structured
heterozygous genotypes present in the F. This pattern matches theoretical
expectations for hybrid populations under simple additive models, where new

homozygous combinations and recombinant haplotypes reappear only in the F-.

2000
1500

1000

Frequency

500

log Va/Vg (F1) - log Va/Vg (F2)

-4 -2 0 2 -2 0 2
log Va/Vg (F1) - log Va/Vg (F2) log Mean gene expression (F1) - log Mean gene expression (F2)

Figure 4.4. Changes in additive genetic variance and gene expression across F: and F-
generations of inter-population crosses. (A) Histogram of genome-wide differences in
additive-variance proportion between the F. and F. generations, expressed as
log(V,/Ve)F; — log(V,/Ve)F,. Each bar represents a gene for which additive (V,) and total
genetic variance (V;) were estimated from transcriptomic data. The distribution is
centred below zero, indicating that for the majority of genes, additive variance increases
after recombination and segregation in the F. (B) Relationship between difference in

gene expression and difference in V, of each gene from F: to F.. Each point represents a
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gene, difference in V, (log scale) is plotted against mean expression in F: and mean
expression in F: (log scale). The differences in additive-variance proportion are

statistically not associated with shifts in mean expression between F: and F.

However, the magnitude of the increase, together with the presence of genes
showing substantial F. > F. shifts, raised the question of whether epistatic
interactions could contribute to or amplify this pattern. Because F: individuals only
express dominance-by-dominance interactions, whereas the F: generation reveals
the full spectrum of epistasis (additive x additive, additive x dominance, dominance
x dominance), the transition from F. to F. provides an ideal context in which

directional epistasis could shape the amount of additive variance recovered.

This empirical motivation led us to develop the two complementary models
presented here: first, a baseline additive model without epistasis, and second, an
extended model incorporating positive or negative directional epistatic effects
following Cheverud & Routman (1995). These models allow us to test whether the
observed genome-wide increase in V, from F. to F: is consistent with purely
additive expectations, or whether epistasis provides a mechanistic explanation for
cases where the increase is unexpectedly strong, or, conversely, for genes where V,
decreases in the F.. The theoretical predictions match these possibilities: positive
epistasis amplifies the F: increase in V,, whereas negative epistasis can reverse the

pattern and make the F: more variable than the F-.

To assess whether genes showing a decrease in additive variance from F: to F: also
exhibit signatures consistent with negative epistasis at the level of mean
expression, I examined the relationship between mean gene expression in the two

generations (Figure 4.4B). When mean expression in F: was regressed against mean
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expression in F., mean expression levels of the F.i-F: relationship did not differ

significantly whether additive variance increased or decreased from F: to F.

4.5.3. Additive model as baseline theoretical expectation

To determine whether the genome-wide increase in additive variance from F: to F:
necessarily requires epistatic interactions, we first examined a baseline theoretical
expectation under a single-locus model without epistasis. This model isolates the
effects of allele-frequency divergence and hybrid crossing design on additive

variance, independent of multi-locus recombination or gene-gene interactions.

Across nearly the entire allele-frequency space, the model predicts higher additive
variance in F. than in F. (Figure 4.5). This pattern arises because obligate
between-population mating in F. eliminates homozygous derived genotypes,
whereas recombination and segregation in F: restore these genotypes and increase
additive diversity. Increasing dominance reduces the magnitude of the difference
but does not alter its direction. These results demonstrate that the empirical F: > F:
increase in additive variance can arise under purely additive genetic architectures

and therefore does not, by itself, imply epistatic interactions.

While this model explains the general tendency for additive variance to increase
from F. to F-, it does not account for cases in which the increase is unusually large
or, conversely, where additive variance decreases in F.. We therefore next examined

how directional epistasis modifies this baseline expectation.
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Difference of additive variance (F1-F2) - additivity Difference of additive variance (F1-F2) - dominance

Figure 4.5. Heatmap of the ratio of additive genetic variance between F. and F:
populations under a single-locus model without epistasis, as a function of ancestral
allele frequencies in the two parental populations. Axes show the frequencies of the
ancestral allele A at locus 1in the two parental populations (p1-1in population 1 and p1-2
in population 2), with derived alleles (A: and A:) segregating at complementary
frequencies. (A) Purely additive genetic effects. (B) Partial recessivity (h=0.25). Across
most of the parameter space, additive variance is higher in F: than in F,, reflecting the
re-emergence of homozygous derived genotypes and the restoration of panmixia

following recombination.

4.5.4. Additive variance in the presence of epistasis

A B

Difference of additive variance (F1-F2) - positive epistasis Difference of additive variance (F1-F2) - negative epistasis

Figure 4.6. Heatmaps of the difference in additive genetic variance between F; and F,
hybrid populations (AV, = V,(F,) - V,(F,)) under two-locus models with epistasis. Colour

intensity indicates both the magnitude and direction of the difference, with negative values
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(red) corresponding to higher additive variance in F. and positive values (green)
corresponding to higher additive variance in F.. Axes show the frequencies of the ancestral
allele A at locus 1 in the two parental populations (pl-1 in population 1 and pl-2 in
population 2), with derived alleles (A: and A.) segregating at complementary frequencies. (A)

Positive directional epistasis. (B) Negative directional epistasis.

As illustrated in Figure 4.6, the simulation results are consistent with the
theoretical expectations outlined above. Positive directional epistasis - defined as
epistatic interactions that increase genotypic values on average - tends to increase
the additive variance of quantitative traits (Carter et al., 2005; Hansen, 2015; Le
Rouzic et al, 2024). In the F. population, only dominance-by-dominance
interactions are expressed, whereas the F. population allows the full spectrum of
epistatic  interactions to be realised, including additive-by-additive,

additive-by-dominance, and dominance-by-dominance effects.

Under positive directional epistasis, this expanded set of interactions in F. leads to
an amplification of the additive-variance difference between F. and F. while
preserving the qualitative pattern observed under purely additive models (Figure
4.6A). In contrast, negative directional epistasis, where epistatic interactions reduce
genotypic values on average, tends to decrease additive variance (Carter et al.,
2005). Because epistatic interactions are more frequently expressed in the F:
population, negative epistasis disproportionately reduces genetic diversity in F-
relative to Fi. Under these conditions, the F: population can exhibit higher additive
variance than the F,, a reversal of the baseline expectation that is unlikely to occur
in the absence of epistasis (Figure 4.6B). These simulation results confirm that the
direction of epistatic interactions critically determines whether recombination

amplifies or attenuates additive genetic variance in hybrid populations.
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4.6. Discussion

Understanding how hybridisation reshapes the genetic architecture of traits
requires disentangling the relative contributions of additive, dominance, and
epistatic interactions. The results presented here demonstrate three main insights.
First, non-additive variance is conserved across genetic backgrounds. Second,
while additive expectations explain the general tendency for additive variance to
increase from F: to F:, they do not account for the magnitude and heterogeneity of
this increase across genes. Third, the sign of directional epistasis fundamentally
determines whether recombination elevates or depresses additive variance in
hybrid populations. Together, these findings elucidate when hybridisation enhances

evolutionary potential and when it uncovers hidden constraints.

First, the strong correlation in non-additive variance between natural populations
and F: hybrids suggests that dominance and epistatic components often reflect
inherent properties of gene-regulatory systems, rather than interactions that arise
solely from allele combinations unique to hybrid backgrounds. This interpretation
builds on earlier theoretical work showing that while inter-population crosses
increase the frequency of heterozygous genotypes and thereby enhance the
detectability of non-additive variance, they nevertheless reveal patterns that are
strongly correlated with those expected from intra-population crosses (Clo &
Opedal, 2021; Takou et al., 2022). Here, by directly quantifying non-additive
variance in both intra- and inter-population contexts, we provide empirical support
for this prediction. The persistence of gene-specific non-additive variance across
these backgrounds indicates that regulatory dominance and epistasis are not
merely artefacts of crossing design, but reflect stable, system-level properties of
gene-regulatory networks. Regulatory robustness and molecular buffering have
been reported across a wide range of systems (Félix & Barkoulas, 2015; Garfield et

al., 2013; Gibson & Dworkin, 2004; Macneil & Walhout, 2011; Payne & Wagner,
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2014), and such robustness implies that non-additive variance can shape
evolutionary trajectories even in the absence of demographic perturbations such as
bottlenecks, which are traditionally assumed to convert non-additive variance into
additive variance via changes in allele frequencies and genetic background. Instead,
the persistence of non-additive effects across genetic backgrounds suggests that
gene-regulatory networks encode predictable interaction structures that

recombination or selection may amplify, suppress, or redistribute.

Second, the genome-wide increase in additive variance from F: to F: mirrors the
classical expectation that recombination restores homozygous genotypes absent
from the F. (Abu Awad & Roze, 2018; Clo et al., 2020; Lande & Porcher, 2015).
However, the increase for many genes may point to additional mechanisms.
Recombination not only reshuffles additive effects but can also unmask cryptic
epistatic interactions that were buffered in the F.. In doing so, recombination can
redistribute genetic variance into additive components without necessarily
changing mean expression. This process aligns with long-standing theory showing
that epistatic variance can be transformed into additive variance when genetic
backgrounds change (Cheverud & Routman, 1995). Hybridisation provides a natural
setting for such unmasking. In F: individuals, many translational and regulatory
perturbations are masked due to heterozygosity and network robustness
mechanisms, such as compensatory regulation or chaperone activity, that conceal
genetic perturbations (Gibson & Dworkin, 2004; Rieseberg et al., 1999). As
recombination disrupts combinations of alleles and regulatory interactions in the
F., the buffering capacity diminishes, revealing interactions that manifest as

increased additive variance.

Third, the theoretical models underscore that the sign of epistasis fundamentally
changes the expected relationship between F: and F: variance. Under no epistasis,

F. populations nearly always display increased additive variance due to the return of
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recombinant and homozygous genotypes. Under negative epistasis, recombination
introduces allele combinations that reduce trait values, making F: less variable than
F: in parts of parameter space. This phenomenon is consistent with the role of
antagonistic epistasis in generating Dobzhansky-Muller incompatibilities (Bateson,
1909; Dobzhansky, 1937; Muller, 1942) and hybrid breakdown observed in both
plants and animals (Brucker & Bordenstein, 2013; Mack & Nachman, 2017; Walter
et al, 2020). Furthermore, in the present data, eQTL mapping (Figure S4.2)
indicates that expression variation is shaped by a highly distributed regulatory
architecture, with abundant trans-acting associations but no evidence for a small
number of major-effect regulatory loci. Rather than being driven by discrete trans
hotspots, regulatory divergence appears polygenic, involving many loci of modest
effect. This pattern may be less consistent with a model dominated by a small
number of large-effect Dobzhansky-Muller incompatibilities, but is compatible
with the hypothesis that recombination in the F: generation exposes numerous
weak interaction effects across the genome. Studies have shown that when
regulatory interactions are synergistic or aligned with selection, recombination can
generate novel expression profiles, transgressive phenotypes, and enhanced
adaptive potential, as documented in diverse hybrid systems (Lippman & Zamir,
2007; Grant & Grant, 2019; Patton et al., 2022; Rieseberg et al., 1999). Conversely,
when regulatory interactions are antagonistic or misaligned with the fitness
landscape, the same polygenic architecture can reduce additive variance, constrain
evolvability, and contribute to hybrid breakdown or outbreeding depression
without producing discrete, catastrophic failure points (Abbott et al., 2013; Drury &
Wade, 2011; Rahnamae et al., 2025). Thus, whether hybridisation can either enhance
or restrict evolutionary potential depends on the direction and context of

gene-gene interactions.
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Importantly, the empirical allele-frequency structure of the system constrains
which theoretical regimes are most relevant. In the empirical data, ancestral and
derived alleles segregate at broadly similar frequencies across parental populations,
placing the empirical system close to the diagonal of the theoretical parameter
space explored in Figures 4.5 and 4.6, where ancestral allele frequencies in the two
parental populations are similar. In this region, additive-only models already
predict a consistent excess of additive variance in F: relative to Fi, while strong

reversals driven by negative epistasis are expected to be rare and localised.

Lastly, the interplay between epistasis and robustness can provide an additional
interpretive framework. Genetic networks can maintain stable outputs despite
underlying genetic variation, through redundancy, compensatory regulation, or
protein-folding chaperones, which enables mutational robustness and
accumulation of cryptic variation (Gibson & Dworkin, 2004). Hybridisation
interacts with this robustness in two ways: (1) F. often benefits from
heterozygosity-based buffering, as deleterious alleles are masked by alternative
alleles and regulatory compensation stabilises expression outputs (Schneemann et
al, 2022); (2) recombination in the F: disrupts these buffering mechanisms,
exposing hidden interactions. Whether this exposure increases or decreases
additive variance depends on the sign of epistasis, explaining why some F: lineages
exhibit inflated additive variance while others show contraction. Thus, the
empirical and modelling results converge on a common interpretation: the F: can
represent a buffered genetic background, whereas the F: can reflect a de-buffered

state, in which cryptic epistasis becomes phenotypically visible.
4.7. Conclusion
This chapter examines how hybridisation reshapes the structure of genetic variance

by integrating empirical analyses of gene expression with theoretical models of
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increasing genetic complexity. By first comparing variance components within and
between natural populations, it is shown that non-additive variance is a stable,
gene-specific feature of the transcriptome that persists across genetic
backgrounds. This conservation indicates that dominance and epistatic effects
largely reflect intrinsic properties of gene-regulatory networks, rather than
interactions that arise solely as artefacts of hybrid crossing designs. Extending this
framework to hybrid generations, a genome-wide increase in additive genetic
variance from F. to F: is observed. This pattern is consistent with classical
expectations that recombination and segregation restore homozygous and

recombinant genotypes absent from the obligately heterozygous F. generation.

The magnitude and heterogeneity of the Fi-F: contrast across genes motivated the
development of explicit theoretical models to assess whether additive architectures
alone are sufficient to account for the observed variation. The modelling results
show that recombination establishes a robust baseline expectation of higher
additive variance in F. populations, even in the absence of epistasis. Directional
epistatic interactions do not generate this baseline effect, but instead modulate its
magnitude, either amplifying or attenuating the F.-F: difference depending on their
sign. Integrating these theoretical predictions with the empirical allele-frequency
structure of the system indicates that the observed genome-wide patterns
primarily reflect the reorganisation of standing genetic variation, with epistatic
interactions shaping variance at specific loci rather than driving uniform shifts

across the transcriptome.
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4.8. Supplementary Materials
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Figure S4.1. The total phenotypic variance of F, and F, inter-population of each gene
was partitioned into non-additive, additive, maternal, and residual components of
variance. (A) The total phenotypic variance of each of the 25,769 genes in F, included in
the analysis. (B) The total phenotypic variance of each of the 25,781 genes in F, included in
the analysis. The genes were ordered by increasing values of the fraction of total

phenotypic variance in transcript level that was attributed to genetic variance (V).
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Figure S4.2. Genome-wide distribution of cis- and trans-eQTL in the hybrid population.
Each point represents a significant association between a genetic variant (x-axis; SNP
position) and a gene expression trait (y-axis; gene position), plotted across the eight major
scaffolds of the Arabidopsis lyrata genome. Points along the diagonal correspond to local
(cis) associations, defined here as variants located within +5 kb of the target gene.
Off-diagonal points represent trans-acting associations, where variants map to genomic
regions distant from the regulated gene. Trans-acting associations were detected, these
were broadly dispersed across the genome rather than concentrated at a small number of
loci. No clear trans-eQTL hotspots or individual variants influencing large numbers of
genes were observed. Instead, expression variation appears to be shaped by many loci of

modest effect, consistent with a polygenic regulatory architecture.

Table S4.1. Information about the inter-population F1 families used in the analysis. Each
full-sibling family was generated based on the scheme presented in Figure 3.10. For each
full sibling family, the Plech (PL) and Spiterstulen (SP) sequence ID numbers, as described in
Takou et al. (2021) and annotated in ENA archive repository, are provided (PRJEB49153). The

number of offspring used in the final analysis is shown.
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Family Parent 1 Parent 2 Number of family members
2 11a 70536 4
3 70536 80936 32
4 10a 70536 19
5 6a 70536 15
6 la 70538 22
7 2a 70539 1

10 la 70537 3
12 70539 80936 14
13 10a 70539 14
14 la 70539 1

Table S4.2. Information about the inter-population F2 families used in the analysis. Each

full-sibling family was generated based on the scheme presented in Figure 3.10.

A. For each full sibling family, the parents ID from inter-population F1 individuals were
provided. The origin of these parents can be found in Table S4.2.B. The number of

offspring used in the final analysis is shown.

Family Parent 1 Parent 2 Number of family members
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15 531 538 60
16 447 490 6
17 471 519 14
18 482 540 10
19 490 528 24
20 406 449 14
21 520 544 7
2 482 541 11
23 531 547 11
24 403 453 16
25 495 522 12
26 442 529 10
27 403 515 4
28 529 536 5
29 484 515 3
30 470 505 2
31 425 515 7
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33

442

462

34

449

497

B. Origin of the F1 individuals used to generate F2 generation as shown in Table S4.2 A. For

each F1 parent, the Plech (PL) and Spiterstulen (SP) sequence ID numbers, as described in

Takou et al. (2021) and annotated in ENA archive repository, are provided (PRJEB49153).

F2 parentID F1 parent 1 F1 parent 2
531 la 70537
447 10a 70536
47 70539 80936
482 70536 80936
490 la 70538
406 70536 80936
520 la 70538
403 1la 70536
495 la 70537
442 10a 70536
529 2a 70539
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484 6a 70536
470 70539 80936
425 70536 80936
449 10a 70536
538 6a 70536
519 la 70538
540 la 70538
528 70536 80936
544 10a 70539
541 la 70538
547 la 70539
453 6a 70536
522 6a 70536
515 10a 70539
536 10a 70536
505 10a 70539
462 la 70537
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497 70539 80936

Table S4.3. Normalised gene expression matrix for F, inter-population individuals. Rows
correspond to annotated genes and columns to individual samples; values represent
normalised expression levels used as input for downstream statistical and

variance-component analyses. For more details, refer to section 3.4.3.
Available at 10.6084 /m9.figshare.29986699

Table S4.4. Normalised gene expression matrix for F, inter-population individuals. Rows
correspond to annotated genes and columns to individual samples; values represent
normalised expression levels used as input for downstream statistical and

variance-component analyses. For more details, refer to section 3.4.3.
Available at 10.6084 /m9.figshare.29986699

Table S4.5. Phenotypic trait data for F1 inter-population individuals. List of sample
identifiers together with measurements of rosette size (millimeter), leaf serration (no unit),
leaf thickness (millimeter), flowering time (days), and number of flowers (count), and was

used for downstream quantitative genetic analyses. For more details, refer to section 3.4.2.
Available at 10.6084 /m9.figshare.29986699

Table S4.6. Phenotypic trait data for F2 inter-population individuals. List of sample
identifiers together with measurements of rosette size (millimeter), leaf serration (no unit),
leaf thickness (millimeter), flowering time (days), and number of flowers (count), and was

used for downstream quantitative genetic analyses. For more details, refer to section 3.4.2.

Available at 10.6084 /m9.figshare.29986699
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PART III -

Synthesis and General Discussion

For Darwinian biology the organism is the nexus of the internal and external forces. It
is only through natural selection of internally produced variations, which happen to
match by chance the externally generated environmental demands, that what is

outside and what is inside confront each other.

- Richard C. Lewontin (2009), Biology Under the Influence: Dialectical Essays on
Ecology, Agriculture, and Health.
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5 Understanding Adaptation and Adaptive Potential

5.1. Adaptive Potential

Accelerating environmental change in the Anthropocene is imposing
unprecedented selective pressures on natural populations. As interest grows in
interventions designed to promote adaptive responses, empirical data and
evolutionary models provide essential tools for predicting population responses to
future environments, identifying drivers of rapid adaptation, and evaluating the
consequences of management strategies. At the beginning of this thesis, I therefore
asked a fundamental question: what determines the adaptive potential of natural
populations? This question lies at the core of evolutionary biology, because
understanding whether populations can persist and diversify under environmental
change requires identifying both the sources of variation and the constraints that

shape evolutionary responses (Olson-Manning et al., 2012).

Adaptive potential has traditionally been inferred from phenotypic responses to
selection. Within the quantitative genetics framework, adaptation can be described
as directional change in trait means driven by additive genetic variance and
covariance in traits related to fitness (Lai et al.,, 2024; Shaw & Shaw, 2014). This
framework has been highly successful in explaining short-term evolutionary
responses and population tracking of environmental gradients. However,
phenotypic evolution is ultimately underpinned by molecular architecture. Genes
operate within complex regulatory networks and gene expression patterns,
interactions, and inheritance determine how genetic variation is translated into
phenotypic variation. With the advent of transcriptomic data and genome-wide

quantitative approaches, it has become possible to partition molecular traits into
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additive, dominance, and epistatic components, revealing constraints and

capacities that are not apparent from phenotypes alone.

Populations do not adapt simply because they possess genes or traits in isolation,
but because interacting layers of genetic architecture, gene expression, ecological
traits, and environmental context jointly shape the flow of heritable variation across
generations. At molecular level, adaptation is shaped by how genomic and
regulatory variation modulates gene expression, facilitating population persistence
and adaptive divergence (Hamaila et al., 2022; Pavey et al., 2010). Moreover,
environmental exposure can generate heritable phenotypic and gene expression
variation across generations, indicating that the environment can actively
contribute to the generation of heritable variation rather than solely filtering
existing genetic diversity (Lin et al., 2024). Through these interactions, ecological
and evolutionary processes become tightly coupled: trait changes influence
demography and environments which in turn reshape selection on genetic and

regulatory architectures (Yamamichi, 2022) (Figure 5.1).
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Adaptive potential can thus be viewed as an emergent property of populations that
can be inferred from phenotypic variation, genetic diversity, or molecular
polymorphism, but is not fully captured by any single level alone. Addressing this
multi-layered concept requires integrating complementary perspectives, which
together structure this thesis. First, [ investigated the genetic basis and adaptive
significance of secondary dormancy in Arabidopsis thaliana and its interaction with
primary dormancy across climatic gradients. Second, I examined how additive and
non-additive components of genetic variance shape gene expression in natural
populations of Arabidopsis lyrata, and what these patterns imply for evolutionary
potential. Third, 1 explored how hybridisation redistributes additive and
non-additive genetic variance and how these changes influence adaptive capacity

in recombinant populations.

Although these chapters span different levels of biological organisation, from
ecological traits to transcriptional regulation and genetic interaction architecture,
they converge on a single question: how does variation become available, expressed,
and evolutionarily relevant? The central message of this thesis is to consolidate that
adaptive potential resides not simply in the amount of genetic variance present, but in
how biological systems generate, filter, buffer, and expose that variation across

environments and evolutionary timescales.

5.1.1. Persistence and adaptive divergence

The first component of this thesis addresses how trait variation can predict
adaptive potential from an ecological perspective. Natural populations of Arabidopsis
thaliana show structured variation along the latitudinal cline in both primary and
secondary dormancy, reflecting adaptation to the local climates. Populations from
harsher or more unpredictable environments tended to exhibit stronger or more

secondary dormancy responses, illustrating ecological filtering imposed by
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temperature regimes, precipitation, and seasonal predictability. Because dormancy
directly governs germination timing, survival, and reproductive success, its
variation provides a forward-looking measure of adaptive potential. Populations with
more responsive dormancy strategies were better positioned to persist under
shifting climatic regimes. Importantly, the genetic basis of dormancy can interact
with environmental cues and hormonal pathways, embedding adaptive potential
within a dynamic interplay between plasticity, local adaptation, and environmental

responsiveness.

It is crucial to distinguish persistence from adaptive divergence. When populations
encounter novel or stressful environments, phenotypic plasticity can rapidly shift
physiology, behaviour, or life-history timing to maintain fitness, allowing
populations to persist long enough for selection on genetic variants to occur (e.g.
Baldwin effect or plasticity-mediated persistence) (Hendry, 2016; Morris, 2014;
Westneat et al., 2019). However, such plastic responses do not, in themselves,
generate lasting evolutionary change. When environmental differences are
removed, for example, plastic phenotypic differences can disappear, revealing little
or no underlying genetic divergence (Hodgins-Davis & Townsend, 2009).
Dormancy illustrates this distinction particularly clearly. As a large-effect,
switch-like life-history trait, dormancy can generate rapid population-level shifts
by altering the timing of life-history transitions rather than spatial distributions. By
altering exposure to selection, effective generation time, and demographic
dynamics, dormancy can strongly influence population persistence. As a classic
bet-hedging strategy, it maximises long-term fitness by reducing temporal variance
in reproductive success, even if mean fitness within a given season is reduced
(Bruijning et al., 2020). Because dormancy can operate through phenotypic
plasticity, these ecologically consequential responses may occur with little

immediate genetic change. Whether such responses translate into long-term
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adaptive divergence depends on the presence of heritable variation in dormancy
traits, or in the parameters governing their reaction norms (Joschinski & Bonte,
2020; Simons, 2011). Plasticity may therefore either buffer populations from
selection, slowing divergence, or facilitate evolution when plastic responses align

with underlying additive genetic variance (Fitzpatrick, 2012; Radersma et al., 2020).

Together, these insights underscore a broader principle: ecologically important
variation may drive rapid responses and enhance persistence, but long-term
adaptive divergence requires heritable variation that selection can act upon
consistently, and coupling to other traits relevant for local fitness. Understanding
such distinction has been a central aim of genetics; and over the past century,
quantitative genetic approaches have provided the primary framework for
disentangling heritable and environmental contributions to trait variation, both in
applied contexts such as breeding and in theoretical studies of evolutionary

potential.

5.1.2. Constraints and potentials

The second component of this thesis moves to the molecular level, examining how
gene expression varies and is inherited across natural populations of Arabidopsis
lyrata. Here, the focus shifts from the mere existence of variation to its evolutionary
usability. Gene expression represents a key intermediate phenotype linking genetic
variation to organismal function, and treating expression levels as quantitative
traits extends the classical Fisherian framework into the molecular domain. Rather
than focusing on gene expression per se, this perspective uses expression as a
system for dissecting the sources, constraints, and evolutionary accessibility of

additive and non-additive genetic variance.

Empirical evidence from gene expression showed that the balance between additive

and non-additive variance reflected both the functional importance of genes and
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their evolutionary history. Genes with elevated non-heritable expression variance
were highly interconnected, long, or involved in core cellular and regulatory
processes; and they were subject to strong purifying selection acting to constrain
changes in protein sequence. Supporting this view, it has been shown that essential
genes evolve more slowly at the protein level than non-essential genes in bacteria
models (Jordan et al., 2002) and in Arabidopsis system (Lloyd et al., 2015). It is
interesting to note that such reduced evolutionary rate of essential plant genes can
be largely due to stronger constraint (subject to purifying selection) rather than
differences in the underlying mutation rates (Monroe et al, 2022). These
observations together indicate that functional constraint and regulatory
architecture shape how variation is expressed, transmitted, and exposed to
selection. Hence, having an abundant amount of variation does not necessarily

translate into evolutionary accessibility.

The next question is: how do additive and non-additive components of genetic
variance arise, persist, and change across evolutionary time? From a theoretical
perspective, adaptive divergence provides one mechanism by which genetic
variance can be restructured. As populations diverge under different selective
regimes, genetic backgrounds become more homogeneous within populations but
differentiated between them. During this process, epistatic and dominance effects
can be transiently converted into additive variance, temporarily increasing
heritability and facilitating short-term adaptive responses, consistent with Fisher’s
infinitesimal model. In this sense, adaptive divergence can be viewed as a process
that both reveals and consumes additive genetic variance. Because selection acts
most efficiently on additive effects, alleles contributing additively to fitness are
more likely to fix during adaptation, whereas non-additive effects remain
context-dependent and transient; however, after population admixed, continued

selection can erode additive variance as favourable alleles approach fixation (Liu et
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al, 2020) (Figure 5.2). This cycle of asymmetry can serve as one mechanistic
explanation for a long-standing puzzle: why additive genetic variance in polygenic
traits does not decrease despite the ubiquity of epistatic interactions observed in

functional studies (Merild & Sheldon, 1999; Liu et al., 2020; Sackton & Hartl, 2016).

birth of Va by

S recombination ) )
Starting population —— Adaptive divergence » Population admixture
A :

Vna

Va i
| erosion of Va
VA by fixation Va

fixation of favourable alleles

Figure 5.2. Conceptual schematic illustrating a birth-death cycle of additive genetic
variance across evolutionary time. Adaptive divergence in isolated populations can lead
to positive selection acting on different loci in different environments. During this phase,
alleles with additive effects are more likely to fix, whereas non-additive effects remain
largely hidden. When diverged populations subsequently admix, recombination can
expose these previously fixed differences as additive genetic variance in the hybrid
population, resulting in an increase in additive variance (V,). Over time, continued
selection erodes V, as favourable alleles approach fixation, consistent with Fisher’s

fundamental theorem. Redrawn from Liu et al. (2020), legend text was reworded.

Finally, the relative contributions of additive and non-additive genetic variance to
adaptive potential have been debated for more than a century. Although
non-additive variation can contribute to adaptation under different scenarios
(Carroll et al., 2003), it is often context-dependent and less predictably transmitted
across generations, and adaptive evolution preferentially fixes the variation that

responds predictably to selection. However, continued selection may deplete
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additive variance at times, leaving behind constrained, buffered architectures
dominated by non-additive effects. Hence, to this end, it is safe to say that
non-additive variance should not be dismissed as mere statistical noise. To my
understanding, loci that strongly influence core traits are subject to higher
functional constraints. As a result, mutations affecting these loci are efficiently
removed by purifying selection, limiting the accumulation of additive genetic
variance. Thus, systems under strong functional constraint evolve robustness
through purifying selection, whereas peripheral components retain greater
evolvability. Therefore, the evolutionary significance of non-additive variance lies
primarily in how it reflects underlying constraints and latent potential rather than in

its direct contribution to adaptive trajectories.

5.1.3. The landscape under novel genomic contexts

While the dynamics described above can be inferred from theory and patterns of
molecular constraint, they can become more evident when genetic backgrounds
are actively reshuffled. The third component of this thesis therefore examines gene
expression variance under hybridisation, a context in which novel combinations of

alleles can expose previously hidden components of genetic architecture.

Transcriptomic analyses of F: and F: hybrids revealed substantial dominance and
epistatic variance across genes. The empirical increase in additive variance from F:
in the current data supported a long-standing theoretical view that recombination
converts epistatic variance into additive variance (Goodnight, 1995; Neiman &
Linksvayer, 2006). At the same time, the strong correspondence in non-additive
expression variance between parental populations and hybrids indicated that such
effects are intrinsic features of regulatory architecture rather than transient

by-products of admixture.
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More broadly, hybridisation can reshape genetic variance by combining divergent
alleles from distinct parental backgrounds, generating phenotypic novelty and
exposing cryptic genetic effects that were previously buffered within parental
populations (Paaby & Rockman, 2014). For example, in Triticum dicoccoides, F:
hybrids showed no fitness change relative to parents when both parents originated
from core populations, and consistently higher fitness than the peripheral parent in
core-periphery crosses, with fitness remaining stable across F: and F: generations
(Volis et al., 2016). However, such restructuring does not always increase fitness or
evolvability. Much of the resulting variation remains context-dependent, and
epistatic interactions lacking directional effects contribute little to long-term
adaptive change. Whether hybridisation enhances or constrains adaptive potential
therefore depends critically on the underlying regulatory networks and on the
nature of epistasis: positive epistasis can expand phenotypic space and generate
transgressive phenotypes, whereas negative epistasis can constrain variation and

contribute to canalisation (Carter et al., 2005; Hansen et al., 2023).

With respect to gene expression variation, hybridisation highlights the extent to
which gene expression is shaped by non-additive regulatory interactions. When
regulatory elements that have co-evolved within populations are combined across
divergent genetic backgrounds, expression outcomes often depend on specific
cis-trans combinations rather than allele dosage, producing discrete or highly
variable expression states rather than intermediate phenotypes (Moran et al., 2021).
While such restructuring can generate striking phenotypic diversity, it may not
reliably increase additive genetic variance or evolvability, because expression
outcomes remain context-dependent and poorly heritable. It therefore remains a
question whether hybridisation simply reshuffle genetic variance or actually restore
the conditions required for sustained adaptive divergence. In this sense, the study

revolves back to a broader synthesis message: while recombination can reveal

199



Go to Table of Contents

hidden variation and generate short-term phenotypic novelty, long-term adaptive
divergence depends on the directionally responsive variation, not on the mere

reshuffling of genetic variation through hybrid recombination.
5.2. Going Forward

5.2.1. Adaptive potential across biological levels

In this thesis, we have seen how different classes of biological variation contribute
to adaptation: Life-history trait variation is shaped primarily by environmental
filtering, expression variation by regulatory architecture, and hybrid variation by
epistatic interactions and recombination. Across systems, adaptive potential
emerges not from the quantity of variation alone, but from how that variation is
structured, filtered, and transmitted across generations. Several questions remain
unresolved and motivate future research; they will be essential for understanding

not only how populations adapt, but also when and why adaptation fails.

First, under what ecological and genetic conditions plastic responses align with
additive genetic variance, enabling short-term flexibility to translate into long-term
adaptive change; and how epistasis and regulatory architecture interact to
modulate adaptive potential across different environmental and demographic
contexts. From my point of view, it is useful to link genetic variation and genetic
architecture explicitly to adaptive dynamics in changing environments over time,
moving beyond static theoretical expectations toward context-dependent and
mechanistic views of evolutionary potential (Bomblies & Peichel, 2022; Shaw &
Shaw, 2014). As it has long been established, Mendelian and Fisherian models do not
represent competing explanations, but sequential phases along a shared adaptive
trajectory: rapid initial responses driven by large-effect or plastic mechanisms give
way to slower or constrained evolution governed by polygenic architecture. As

populations approach fitness optima, the contribution of large-effect alleles to
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adaptation diminishes and evolutionary change becomes increasingly polygenic,
dominated by many small-effect variants (Hollinger et al., 2019). This transition
constrains the role of large-effect variants in core traits, favouring infinitesimal
dynamics in which adaptation proceeds through subtle, distributed

allele-frequency changes (Parsons & Ralph, 2024; Thornton, 2019).

Secondly, when genomic admixture promotes sustained evolutionary change, and
when it merely exposes transient or context-dependent variation without
long-term adaptive consequence. Genomic features such as reduced recombination
near selected loci or dominance effects described by Haldane’s sieve can further
limit the fixation of beneficial alleles, constraining adaptive responses even when

genetic variation is abundant (Haldane, 1927; Hvala et al., 2018).

Finally, an unresolved question is under what conditions robustness facilitates
adaptive evolution, and when it instead constrains evolutionary trajectories by
buffering variation from selection. Robustness operates across biological levels:
dormancy buffers populations against environmental uncertainty, gene regulatory
networks buffer transcriptional noise, and hybrid genotypes buffer
incompatibilities between divergent genomes. Such buffering permits the
accumulation of cryptic genetic variation, which can be released when buffering
breaks down under strong environmental stress, in later hybrid generations, or in
different regulatory contexts. Interestingly, Deshpande and Fronhofer (2022)
showed that the genetic architecture of key traits shapes both the speed and
predictability of adaptation during range expansion: gene-regulatory networks with
reduced robustness and increased sensitivity to mutation accelerate local

adaptation, but at the cost of less predictable evolutionary outcomes.
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5.2.3. Predictability and uncertainty

A long-standing question in evolutionary biology is whether limits to prediction
arise primarily from methodological constraints or from intrinsic unpredictability in
natural systems (Matsuno, 1992; Nosil et al., 2020). The results of this thesis
suggest that evolutionary change is only partially predictable, not simply because of
stochasticity, but because adaptive outcomes emerge from interacting sources of
constraint, plasticity, and historical contingency. At the ecological level, dormancy
variation shows relatively predictable associations with climatic gradients. At the
molecular level, inheritance of gene expression is partly predictable due to
functional constraint and stabilising selection, yet remains influenced by stochastic
and context-dependent effects. In contrast, hybridisation outcomes are often
highly unpredictable, dominated by complex epistatic interactions that resist

reliable forecasting.

These patterns point to a deeper limitation on predictability that goes beyond noise
or incomplete information. They echo a biological analogue of the Heisenberg
uncertainty principle in physics, which formalises how measurement and system
dynamics are intrinsically coupled (Heisenberg, 1927): the more precisely one aspect
of change 1is characterised, the less predictable others become. In evolutionary
systems, variation and selection are likewise intertwined, and variation must not be
treated as a pre-existing input on which selection subsequently acts, because the
generation of variation and the action of selection are inseparable and ongoing.
Variability is continuously generated within organisms and populations whose
genetic and regulatory architectures have themselves been shaped by prior
selection. In other words, variability is a common denominator of both evolutionary
change and the selective processes acting upon it. Furthermore, as traits and
regulatory systems become increasingly canalised through selection, their

responses to perturbation become more robust but less flexible, enhancing
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short-term stability at the cost of long-term predictability; contexts that expose
hidden or cryptic variation, such as environmental stress or hybridisation, may
greatly increase observable variability while simultaneously reducing heritability
and evolutionary predictability. In this sense, increasing precision in one dimension
of evolutionary description, for example, understanding functional constraint or
short-term robustness, often comes at the cost of predictability in another, such as

long-term adaptive trajectories.

From this perspective, unpredictability in evolution does not necessarily represent
a failure of evolutionary theory or methodology, but a property of the system itself.
Natural selection operates as an opportunistic, historically contingent process
carried by organisms as organised, dynamic units. In doing so, selection not only
filters existing variation but feeds back on the evolutionary “engine” that produces
future variation, altering the space of future evolutionary possibilities. Evolution
therefore cannot be fully anticipated by extrapolating from current patterns alone,
because the mechanisms generating variation are themselves evolving. This is why
evolutionary outcomes are often well-defined in retrospect but fundamentally

open-ended in prospect.

Looking forward, key challenges lie not in eliminating uncertainty, but in
understanding it. This includes identifying when and under which conditions
variation becomes evolutionarily effective; and elucidating the balance between
predictability and contingency in genetic architecture and regulatory networks
across evolutionary timescales. Addressing such questions will be helpful for
refining theoretical models and guiding empirical investigations of when and how

variation translates into evolutionary potential.
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5.3. Conclusion and Take-home Message

This thesis shows that adaptive potential is not a fixed property of genomes or
populations, but an emergent outcome of how variation is generated, structured,
and filtered across biological scales. Across ecological, molecular, and genomic
levels, adaptation reflects the interaction between environmental context, genetic

architecture, and evolutionary constraint.

First, ecological traits such as dormancy illustrate how selection acts on life-history
strategies that cope with environmental uncertainty. These traits can mediate
persistence under variable conditions and also contribute to local adaptation and
species range change in the future. Second, analyses of gene expression variation
suggest that much of the molecular variation observed in natural populations is not
directly available for adaptation; and show how genetic variance components were
constrained by past selection and associated with genomic features. Third, the
hybridisation study reveals how genetic background reshapes variance.
Recombination can expose epistatic interactions and generate novel phenotypes,
but whether hybridisation enhances or constrains adaptation depends on the type
of epistasis and how genetic variance components are reorganised within the

genetic architecture.

Together, these results support the viewpoint that adaptation is a non-linear,
scale-dependent process, and that adaptive potential is not determined by the
amount of variation present, but by how variation is structured, transmitted, and

exposed to selection.

In the end, the central message of this thesis echoes back to Lewontin’s insight:

the question was never really, How much genetic variation is there...? but rather,

What is the nature of genetic variation for fitness in a population?” (Lewontin, 1974)
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Data Availability

Chapter 2:

e The raw data of germination tests are available on Figshare at

https: //doi.org /10.6084 /m9.figshare.28218308.v1.

e Genomic data of 309 genotypes from the 1001Genome data set are available
on the European Nucleotide Archive (ENA; https: //www.ebi.ac.uk /ena),
under the project number PRINA273563
(https: //www.ebi.ac.uk /ena/browser/view/PRINA273563) , and data of 52

accessions were obtained from Wieters et al. (2021). note that the accession
ID we see in 1001genome database is called "sample_alias" in ENA, and the

SRR number is “run_accession”.
Chapter 3 and Chapter 4:
e All RNAseq and whole-genome data will be shortly published in ENA.

e All phenotypic data and gene count tables are available on Figshare at

10.6084 /m9.figshare.29986699

e All parental Plech and Spiterstulen sequence data are available at either NCBI

Short Read Archive (SRA; https:/www.ncbi.nlm.nih.gov/sra) or at the

European Nucleotide Archive (ENA; https://www.ebi.ac.uk/ena) with
accession codes: SAMNO06141173-SAMNO06141198 (SRA; (Mattila et al., 2017)),
SRP144592 (SRA; (Hamili et al., 2018)), PRIEB34247 (ENA; (Marburger et al,,
2019)), and PRIEB33206 (ENA).
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Code Availability

Chapter 2: https: //github.com /tntranloc /Athaliana seed secondary dormanc

Chapter 3 and Chapter 4:

https: //github.com /tntranloc /Alvrata RNA QuantitativeGenetics
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